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Synopsis

Proteins, through their activity and interactions, are the predominant class of
molecules enabling the functioning of the living cell. They are linear polymers of amino
acids that fold based on covalent and non-covalent interactions (Anfinsen 1973). The
amino acids in proteins form local structural and chemical neighbourhoods responsible

for stabilising the proteins and the myriad of functions they execute.

Analysing these local neighbourhoods should help us understand various aspects of
proteins such as their stability, functionality, and structural similarity. To this end, we
have formulated an approach to arrange the three-dimensional data that describes
these neighbourhoods as a tree database. This database clusters and superimposes
the local neighbourhoods from a database of protein structures based only on their
spatial similarity. Moreover, the data is indexed in the process, i.e., arranged to make

for efficient search, even for large databases.

We make use of this tree to create a topology-independent (sequence and sequence-
order independent) structural database search program that is methodologically
analogous to BLAST (Altschul et al. 1990). Our method mines structural data in a
superior manner than state-of-the-art methods such as FoldSeek (van Kempen et al.
2024) or TM-Align (Zhang and Skolnick 2005). We demonstrate this by an example
query consisting of pockets of discontiguous small peptide fragments involved in
binding phosphoinositide. We retrieve multiple high-quality structural matches using
such queries, while FoldSeek and TM-align return zero matches. We can achieve this

because our method only evaluates the similarity in the spatial arrangement of atoms.

One of the applications of the tree database described above is to engineer proteins
where we attempt to engineer new functions into existing proteins. We aim to achieve
this by creating a program that transfers the local chemical and structural
neighbourhoods responsible for the function via predicting mutations. Our program
first checks if the structural motifs required for the function exist in the query protein.
It then tries to reproduce the chemical environment (interaction and catalytic residues)
required for the function. Using the green fluorescence function from Green
fluorescent protein (Shimomura, Johnson, and Saiga 1962) as our function of interest,
we searched the 200199 structures from the Protein Data Bank (Berman et al. 2002)

and found 12573 hits. Each of these outputs consists of a mutational library, where a

9



subset of the mutation would make the protein fluorescent. We filtered and selected
three out of the 12573 hits for experiments based on size, number of mutations and
MD simulations. The experiments on two of the tree hits show no fluorescence; the

experiments on the third protein are underway.

During the process of protein engineering, we have also developed a dynamic
programming approach to predict the optimal set of overhangs for efficient and
accurate DNA assembly by the Golden Gate approach (Engler, Kandzia, and
Marillonnet 2008; Pryor et al. 2020). The Golden Gate approach assembles DNA
fragments in an order specified by four base pair overhangs. However, all overhangs
are not equally efficient nor accurate (fidelity) (Potapov et al. 2018). Thus, predicting
high efficiency and high fidelity overhangs (fragmentation sites) in a DNA sequence is
crucial for creating large mutational libraries. Our method simultaneously optimises
number of fragments and the fragmentation sites for with that for both efficiency and
fidelity of assembly. We then benchmarked our method against NEB SplitSet (Pryor
et al. 2022), a popular method to predict overhangs which only optimises fidelity. Our
method outperforms SplitSet when only optimising fidelity. We match SplitSet on
fidelity and outperforms SplitSet on efficiency when optimising both fidelity and

efficiency.

In another study, we analysed the physical chemistry of biomolecular association
reactions in situations where reactants in the system share such local environments
involved in the interactions. We specifically explored cases where one such reactant
has comparatively weaker binding strength. The strength of molecular interactions is
characterised by their dissociation constants (Kp). Only high-affinity interactions
(Kn=1e-8 M) are extensively investigated and support binary on/off switches.
However, such analyses have discounted the presence of low-affinity binders
(Kp>1e-5M) in the cellular environment that might share similar local environments
with a high-affinity interactor. We assess the potential influence of such low-affinity
binders on high-affinity interactions. By employing Gillespie stochastic simulations and
continuous methods, we demonstrate that the presence of low-affinity binders can
alter the kinetics and the steady state of high-affinity interactions. We refer to this effect
as ‘herd regulation’ and have evaluated its possible impact in two different contexts,
including sex determination in Drosophila melanogaster and modelling signalling

systems that employ molecular thresholds. We have also suggested experiments to

10



validate herd regulation in vitro. We speculate that low-affinity binders are prevalent in
biological contexts where the outcomes depend on molecular thresholds impacting

homoeostatic regulation.
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Thesis organisation

Chapter 1: Overview

This chapter provides a synopsis of the entire thesis and a thesis organisation.
Chapter 2: Tree data structure to index local similarities of 3D coordinates

In this chapter, we discovered a tree data structure that clusters, superimposes, and
indexes discontinuous local structural motifs. In addition, we describe a program that
we created that uses the tree to efficiently search large structural databases based on

cartesian coordinates of a query protein or a discontinuous fragment of a protein.

Chapter 3: Engineering functional chemical neighbourhoods into existing

protein structures

In this chapter, we have created a program that grafts the function of one protein to
another. This program was used to search the PDB database using the green
fluorescence of GFP to predict 12573 mutational libraries. We are testing these

libraries experimentally.
Chapter 4: Overhang Optimizer for Golden Gate Assembly (OOGGA)

This chapter describes a dynamic programming algorithm that we discovered that
predicts the optimal set of overhangs for Golden Gate assembly. We outperformed the
current state-of-the-art method NEB SplitSet in terms of both accuracy and efficiency

of assembly.

Chapter 5: High-affinity biomolecular interactions are modulated by low-affinity

binders

In this chapter, we model the effect of low-affinity binders (Kp > 10-°) on high-affinity
biomolecular interaction. We found that low-affinity binders likely play crucial roles in
biological systems. We then use these models to mechanistically explain sex

determination in Drosophila melanogaster and binary switches in biological systems.
Chapter 6: Conclusions and Future Perspectives

This concluding chapter discusses the future perspectives of the various studies listed
in the thesis.
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Chapter 2: Tree data structure to index local similarities of
3D coordinates.
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Introduction

Biological systems rely on complex molecular pathways to carry out various functions.
Most of these functions are executed by proteins. Proteins are polymers of amino
acids that fold on themselves based on various non-covalent interactions to form
specific structures (Anfinsen 1973). This process of protein folding creates a three-
dimensional shape called a protein structure. This process of folding also brings
various amino acids in proximity that are far away in their sequential order (amino acid

sequence).

Many of these three-dimensional ‘neighbourhoods’ are responsible for various
functions of proteins. Such neighbourhoods can be represented as collections of
residues and can be considered as ‘structural motifs’. Such a neighbourhood that
binds to a phosphoinositide is shown in Figure 2.1 (orange residues). Another protein
that shares such structural motifs might share its phosphoinositide binding function.
Searching a sequence database is irrational due to the discontinuous nature of the

motif. Such applications require searching for structural motifs.

Existing structure search approaches such as TM-align and FoldSeek are designed to
search larger protein structures (van Kempen et al. 2024; Zhang and Skolnick 2005).
However, they fail to search for small discontiguous structural motifs similar to those
shown in Figure 2.1. Exhaustive superimposition of the query to all neighbourhoods in
a database is one approach to solve this problem. However, such operations are
computationally prohibitive as they involve many pairwise superimpositions. CLICK
solves this with a heuristic approach that searches a database primarily based on 3D
coordinates by starting with small three-membered neighbourhoods and iteratively
expanding to 7 members (M N Nguyen, Tan, and Madhusudhan 2011). However,
CLICK can only perform pairwise superimpositions, and database searches remain
computationally expensive. In this chapter, we suggest a solution to this problem by
formulating a method to cluster, index and superimpose three dimensional

coordinates.
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NALRRDPNLPVHIRGWLHKQDSSGLRLWKRRWFVLSGHCLF
YYKDSREESVLGSVLLPSYNIRPDGPGAPRGRRFTFTAEHP
GMRTYVLAADTLEDLRGWLRALGRASRAEGDDYGQPRSPAR

PDB:1upr

Figure 2.1: Structure of pleckstrin homology domain (PDB id 1UPR) bound to phosphoinositide. The
structure of the protein-ligand complex is represented in ribbons (protein) and ball and stick
(Phosphoinositide ligand). The single-letter amino acid sequence of the protein is shown on the right
side. The residues that interact with the phosphoinositide molecule are shown in orange in both the
structure and the sequence.

Pairwise alignment of proteins is analogous to sequence pairwise alignment programs
like the Needleman-Wunsch algorithm (Needleman and Wunsch 1970). Sequence
database search algorithms such as BLAST can query millions of sequences in
minutes. (Altschul et al. 1990). The speed of these algorithms can be attributed to
various methods to index sequences, such as tries and suffix trees (De La Briandais
1959). An analogous approach to index for 3-dimensional data does not exist. This
chapter describes a tree data structure to cluster and index 3D coordinates that is

similar in functionality to a prefix tree.
Methods

Dataset curation

Protein structures in PDB format were downloaded from the RCSB Protein Data Bank
(Berman et al. 2000). Lists of non-redundant chains from this dataset were obtained
from PISCES webserver (Wang and Dunbrack 2003). We used three levels of non-
redundancy: 15%, 30%, and 90% sequence identities. The parameters are shown in
Table 2.1

Table 2.1: Parameters used to generate different subsets of PDB.

17



Maximum | Minimum | Minimum | Maximum | R-value | Date of Total
sequence | resolution | length length cutoff retrieval | number
identity of
chains
15 25A 40 10000 0.3 14/03/2022 | 3988
30 2.5A 40 10000 0.3 14/03/2022 | 12079
90 25A 40 10000 0.3 14/03/2022 | 28745

Cliques: Group of associated atoms

Proteins are first deconvoluted into structural motifs called cliques. A clique is defined

for each atom as its nearest N neighbours. The atom around which a clique is defined

is called its central atom. The following steps are used to generate cliques from a PDB

file.

1) PDB files from the curated datasets are parsed into coordinates, atom names,

residue names, residue numbers, etc.

2) The coordinates are filtered for a set of atom types specific to the application.

3) A KD-tree is constructed from the coordinates using the KD-Tree module from

SciPy (Virtanen et al. 2020). The ‘query’ function was used to find the nearest

N neighbours for each coordinate. (The value of N is specified in respective

sections)

4) This set of coordinates, along with its atom type, forms a clique.

An illustration of this process is shown in Figure 2.2. A part of the structure with PDB

ID 1tig is first deconstructed into a set of C* atoms. Cliques of atoms were then

generated and are represented by red, blue, and yellow circles.
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PDB:1tig C* Atoms Overlapping Cliques

Figure 1.2: Example of formation of 5-membered cliques consisting of C* atoms. The structure of a
section of translational initiation factor IF3 is shown in blue ribbon diagram. The €% atoms are shown in
sphere representation. The red, blue and yellow coloured circles show three overlapping cliques
containing five C* atoms each.

In our study, we have used C® and Cfatoms to form cliques. However, other
combinations of atoms, including virtual coordinates (such as side chain centroid)
representing interactions, can be used as long as they are specified using Cartesian

coordinates assigned a type.

Hierarchical arrangement of structural motifs forms a tree

The tree we describe here is similar in arrangement to a sequence prefix tree. (De La
Briandais 1959). The tree starts at the root and branches at points called nodes. Each
node stores a structural motif. In the case of a structure motif, the prefix is a smaller
motif containing one less atom. Based on this, nodes branch into child nodes
representing distinct positions of the additional atom. This is similar to how nodes in a
prefix tree branch into child nodes based on additional characters. The following

sections explain various aspects and operations of the tree in more detail.

Attributes of the tree

The tree consists of nodes representing a category of cliques demarcated by its 3D
shape. Each node can branch into multiple other nodes called child nodes. The
category represented by the parent node is smaller by one atom, and the child node
is one atom larger. The number of atoms represented by a node is called the level of
the node. The set of coordinates that represent the node is its node clique. Since

nodes represent all cliques that fall in the category, every node represents the subset
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of cliques of its parent node and the superset of the child nodes. The information

contained in the tree is stored in the following tables.

1) cords: Stores information of all the coordinates from the database.

2) clique: Stores a set of coordinate |IDs that are part of the clique.

3) nodes: Information about nodes, i.e., its parent, children, level, and the number
of cliques in this category.

4) node_cliques: Similar to the clique table (point 2), but stores cliques that
describe the structural category that the node represents.

5) node_cords: Stores the coordinates that are part of node cliques.

6) membership: Stores the mapping between nodes and cliques. It also stores the
order of coordinate IDs that match the node_clique (order of equivalences).

7) info_id: Stores parameters and inputs used for creating the tree.
Superimposing two cliques

Consider two cliques, A and B, consisting of atoms A4,...4,,...Ay and B,...B,...By.
Superimposition aims to find pairs of atoms (of the same type) between A and B such
that the Euclidean distance between all the pairs is below a cutoff (SO,;). This implies
that 100% of atoms are overlapping within S0,. Let the set of such pairwise
equivalences be ¢. Since the difference between one node and its parent node is
always one, at every level, we must only check if the additional atom superimposes
with the existing superimposition. For this, one of the following three methods is used
to evaluate the similarity of a clique to that of a node clique (clique representation of a

node) depending on the level of the node.

At level 1, only one coordinate needs to be superimposed. For this, the atom type of

the central atom is matched to the central atom of the node clique, i.e.
type(A,) = type(B;)
Note that this criterion is evaluated in all cases, even when the level is >1.

Atlevel 2, it is implied that the pair of central atoms (4, B, ), are already superimposed.
We now need to find out which pairs (4,, B,) for x,y € [2,N] has the least difference

in Euclidian distance (d) to the central atoms, i.e.

argmin(Ax’By)|d(A1,Ax) — d(Bl,By)|
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At levels (1) greater than two, [ — 1 pairs are already superimposed, and we only must
find the I*" pair. The previously superimposed atoms, along with each possible pair
are fitted using the least square fit in 3 dimensions. (Kearsley 1989), which analytically
provides a rotation and translation matrix that orthogonally transforms B to A such that
the root mean square deviation (RMSD) is minimised. The pair with the lowest RMSD

and 100% overlap is selected.

argmin,, g y RMSD (e + (A, By)) where SO (& + (Ay, B,)) = 100

s0(E) = 20 Y (L if b < 0,

|E| 0 otherwise
(a,b) EE

Indexing cliques in a tree (insertion)

The tree is initiated with a ‘root’ node. Consider two cliques A and B to be indexed in
the tree. We start by indexing A. Since there are no nodes in the tree, the central atom
of A forms the first node (Figure 2.3). However, each node needs at least two cliques
to infer structural similarity. Since there is only one clique (4), we create a temporary
‘hanging node’. This is shown under the column ‘tmp’ in the nodes table of Figure 2.3.
The node clique of the temporary node contains all the coordinates in the clique. This
is because we do not know which atom matches the next clique. We also cannot create

any additional nodes for the same reason.
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Root (@)

. Membership
1 Node id | Cligue id | Permutation
[ ]
' 3
Aq
[ ]
on ®
As
A,
Nodes Node cliques
Node id tmp | Parent | Children | level N Node id | coordinates
1 T 0 1 0 1 A1,A2,A3,A4 A5

Figure 2.2: Formation of the first node as a temporary node from the clique A. The top left shows a
representation of clique A in solid circles. The central group is highlighted in red. A representation of
the tree with one node is shown at the top centre. Tables titted Membership, Nodes and Node cliques
store information that describes the node. The membership table is empty in this case, as there is
only one clique.

We now start the process of indexing clique B. We start at the root and reach node 1
(Figure 2.4). We check for similarities between cliques B and node 1 at level 1. They
are similar in this example; consequently, node 1 has two matching cliques. Based on

this similarity, we do the following

1) We change node 1 from temporary to permanent.

2) We modify the node clique to now contain only A, (the matching coordinate).

3) We make two entries in the membership table storing the atom(s) that
superimpose at the level from clique A and B.

4) We increment the number of cliques that match the node (population) (N).
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Root (@)

. Membership
1 Node id | Clique id | Permutation
1 1 A1
v
g O 2 1 2 B1
A; B,
e o
A1 B1 O
[ ] B,
. A3 O o
A, Ag B; B,
A1 type = B1 type
Nodes Node cliques
Node id tmp | Parent Children | level N Node id | coordinates
1 F 0 2 1 2 1 Al
2 T 1 2 0 2 A1,A2,A3 A4 A5

Figure 2.3: Conversion of node 1 and formation of node 2. The top left shows a representation of cliques
A in solid circles and B in empty circles. The central groups are highlighted in red. A representation of
the tree with node 1 and its child node 2 (a temporary node) is shown at the top centre. Tables titled
Membership, Nodes and Node cliques store information that describes the node.

Since there are unindexed atoms in A (4,), we have created a new hanging node
(node 2) containing the remaining atoms (Figure 2.4Figure 2.3). This process is

repeated till all the atoms in A and B are exhausted or till hanging nodes are formed.

However, there can be a state in which adding new pairs leads to non-superimposable
structures. An example of such a case manifesting in A and B is shown in Figure
2.5Figure 2.4. The superimposition of A, to Bs leads to Euclidian distances between
the pairs of atoms between A and B that violate SO,. In such cases A, and Bs are used
to create two separate temporary nodes (5 and 6) branching from node 4 (Figure
2.5Figure 2.4). This represents the divergence of the shape of the structural motifs

beyond four atoms.

In addition, notice that at node 3, A; superimposes with B, (Figure 2.5Figure 2.4, table
Membership). Please note that the clusters obtained from the tree are independent of
the residues' position on the sequence, making them topology-independent. This is

because the superimpositions only depend on the coordinates of the atom and its type.

The node clique coordinates are derived from the first clique that creates the node. In

our example, nodes 1-5 are derived from clique A and node 6 is derived from clique B.
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Figure 2.4: Superimpositions are obtained until all atoms stop overlapping. Clique A is represented with
solid circles and clique B with empty circles with the central groups highlighted in red. The top left shows
cutoff breaking superimposition of all five atoms between the clique. The bottom left shows the optimal
superimposition of A and B when only four atoms are superimposed, the red boxes show the
equivalences used for superimposition. The representation of the complete tree formed from both
cliques is shown at the top centre. Tables titled Membership, Nodes and Node cliques store information
that describes the node.

Pseudocode that described the process of indexing

def index_clique(node,clique)
level = get_node_level(node) # read from table
children = get_children(node) # read child nodes from table
best_child, best_atom_order = ¢’, ¢’
best_rmsd = inf
for child in children:
child_clique = get_node_clique(child) # read from table
atom_order,rmsd = superimpose_cliques(clique,child_clique,level):
if rmsd < best_rmsd
best_child, best_atom_order = child,atom_order
if best_child: # if there is a matching node
if is_node_hanging(best_child) # read from table
convert_node(best_child,best_atom_order)
add_to_tables(clique,best_child,best_atom_order)
fit_node(best_child,clique)
else:
hang_the_child(clique) #create a child node, which is a temporary hanging node

index_clique(root,clique) # starting the search recursion
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This process can be repeated using millions of cliques derived from the curated

databases to form larger trees.

Querying a tree with a clique (search)

An existing tree can be queried with a query clique.

A pseudo-code that explains the algorithm for doing the same is provided below.

def fit_node(node,query_clique)

level = get_node_level(node) # read from table

children = get_children(node) # read child nodes from table

fitting_childen = []

for child in children:

child_clique = get_node_clique(child) # read from table

if superimpose_cliques(query_clique,child_clique,level):

fitting_childen.append(child)
for child in fitting_childen:

fit_node(child,query_clique)

fit_node(root,query_clique) # starting the search recursion

An example of this process using the tree made in the previous section and a query

clique Q is shown in Figure 2.6Figure 2.5. The query superimposes with the node

cliques of nodes 1-4 but fails to fit to either node 5 or 6. Since we know how cliques

A and B map to nodes 1-4, and we can infer the mapping(equivalences) of the query

Q to cliques A and B directly from the ‘Membership’ table and can form multiple

structure alignments of the cliques.
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Figure 2.5: Querying tree with clique Q. Clique A is represented using solid black spheres; the crossed-
out spheres show the query clique Q. The central atom of the clique is represented with a red highlight.
Top left represents the superimposition of the query clique to clique A which represents nodes 1-5. The
red box shows the atoms that superimpose to the tree. The bottom left shows the equivalence derived
from the membership table for query clique Q to clique Q and B based on the superimposition to the
tree. The bottom right shows the superimposition of the clique Q on A and B forming a multiple-structure
alignment of cliques.

Thus, the tree enables us to match a query clique to all similar structural
motifs/neighbourhoods from the indexed database simply by matching it to a node in

the tree.

Implementation of the tree

The algorithms to index and search the tree are implemented in python3 along with
numpy, scipy, numba packages (Harris et al. 2020; Lam, Pitrou, and Seibert 2015;
Virtanen et al. 2020). The tables that form the tree data structure are implemented as
part of a MariaDB SQL database. Our implementation takes approximately 20 minutes,
1 hour and 3 hours to index the NR15, NR30 and NR90 databases, respectively.
Searching the tree with a clique takes approximately 100 milliseconds. Python scripts
for the same can be made available on demand. Please note that this method is

actively being developed.

Proteins Coordinate Basic Local Alignment Search Tool (ProCoBLAST)

Our protein structure database search approach is analogous to BLAST (Altschul et

al. 1990). We first deconvolute a query into cliques (similar to sequence words in
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BLAST) (Figure 2.7Figure 2.6 Step 1). We then query the cliques to a tree made with
similar types of cliques of the same atom types and sizes (Figure 2.7 Step 2). This
process identifies nodes from the tree that are similar to the query cliques. Since each
node represents a collection of similar cliques from a database, we now have

equivalences that map the query clique to various structures in the database.

Root(9)

& 0 S
A s

B

&

&

A
5 6

Expand fits by Multiple
finding more structure
overlapping atoms alignments

Make cliques Search tree for
from query matching nodes

Figure 2.6: ProCoBLAST workflow. Step 1: Cliques are made from the query structure. Step 2:
Structurally matching nodes are identified from the tree. Step 3: The matching cliques are expanded to
identify larger sections of the match. Step 4: Report multiple structure alignments after rank ordering
the hits.

We then quantify the percentage of atoms in the query with a unique counterpart in
the database structure. To do this, we compute the superset of unique mappings based
on all clique matches. A tentative query coverage in percentage is computed from this
mapping. A cutoff is then used to filter structures from that database where a significant
portion does not match. Here, we assume that the similarity of the superset implies
the similarity of subsets (or at least a large percentage). This process ensures that
only significant matches of structural motifs are used for further processing (analogous

to BLAST), saving computing time.

Each of the shortlisted structures is first superimposed using every identified clique
equivalences independently (Figure 2.7 Step 3). The set of equivalence in each case
is then expanded (see next section) based on the overlapping atoms to identify hits
from the database. A non-redundant list of equivalences is reported after culling all the
equivalences obtained from each matching clique. TM-scores (Zhang and Skolnick
2004), GDT scores (Zemla 2003), RMSD, percentage coverage of query and template,
and structure overlap is calculated for each hit. A double sort of coverage of the query
and RMSD is used to rank order the hits. Query superimposed on the database
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structure and vice versa are reported in PDB format (Berman et al. 2000) along with
fles containing a list of equivalent atoms and various matrices of

superimposition(Figure 2.7 Step 4).
Algorithm to expand equivalences

Let us consider the case where a clique @ from the query structure S, maps to a clique
A structure Sy from the database based on the initial equivalence ¢;. Let the set of
all coordinates in S, be C, and that in Sy be Cpp. The method aims to obtain a final
set of equivalence ¢ by adding additional superimposition pairs of atoms from ¢, and
Cpp. We iteratively add pairs of overlapping atoms until the superimposition breaks a

GDT or structure overlap (SO) cutoff to achieve this.
The following pseudocode describes our approach

# set a temporary equivalence as initial equivalence
Sf = &
N, = |£f|
gdty = r‘ange(doverlap,ve)'@--r’)
while True:
# superimpose the atoms of the database structure to the query

Cpp—q = superimpose(Cy,Cpp, &)

SO = strucutre_overlap(Cb,CDB*Q,dmwrmp) # compute structure
overlap

GDT = GDT(Cq,Cpp-g, gdty)

if GDT < GDT_cutoff or SO < SO_cutoff or if N, == |&|: # if the

fit violates cutoffs stop iteration
break
g = find_more_overlapping_atoms(Cy, Cpp-qg, doveriap)

Ng = |8f|

Here, superimpositions are obtained using Kearsley’s 3D least square fit method
(Kearsley 1989), S0, is the lower limit of Euclidean distance for two atoms to be
considered overlapping. dgyerqp iS User-definable, a value in the range 1.5-3A is
suitable for searches based on % and C# atoms. SO_cutoff is set at 100%.

GDT _cutoff is user-defined, and values range between 0%-100%.
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Results

Optimization of parameters

The Euclidian distance cutoff (S04), which is used to calculate the overlap between
the atoms, and the total number of atoms (N) in a clique are optimised in this section.
Databases were made for the NR15 subset of PDB at various distance cutoffs for
cliques nearest 20 C€* and C*f atoms. One hundred most populous nodes were
identified for each level above level 3 (the level after which the cutoff is required). All
the nodes are selected if the number of nodes at the level is below 100. All the
members of the node were then superimposed to the node representative. The Root
Mean Square Fluctuation (RMSF) was calculated for each atom in the node
representative, considering the superimposed member cliques as their alternate
positions. The RMSF values for all such positions for every one of 100 nodes is plotted

using box plots in Figure 2.8 across SO, values from 0.5A to 3A at intervals of 0.25A.

As expected, we see that the lower the cutoff, the lower the RMSF. Interestingly, level
3 has low RMSF regardless of the S0,. We speculate that this is because 3-membered
superimpositions formed at level 3 almost exclusively consist of a €% and C* pair,
which is covalently bonded, and another C* or Cffrom the nearest residue. The
superimpositions of the bonded pair are not dependent on SO, as the bond length is
invariant. In addition, the position of the nearest residue is also restricted by the
Ramachandran Map (Ramachandran, Ramakrishnan, and Sasisekharan 1963;
Ramakrishnan and Ramachandran 1965). This data was then evaluated to find the
maximum value for SO, that satisfies the condition that the 99" and 99.99" percentiles
(different levels of permissiveness) of the RMSF distribution are below 0.5A and 0.7A.
This value was computed at each level, providing efficient values for SO, at different

levels (Figure 2.8 bottom right plot).
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Figure 2.8: RMSF of coordinates of nodes at different levels and different SO,. For panels A-K, the x-
axis shows the level and the y-axis shows RMSF after superimpositions (except the bottom right where
is SO;shown). RMSF values are plotted as box plots with outliers shown in circles. The means of the
distributions are shown with orange lines. Line traces in panel L show the optimal S0, at different levels
of permissiveness.

To optimise N, we evaluated the number of nodes (including temporary hanging
nodes) at each level at different SO, (Figure 2.8). An increase in the number of nodes
implies the identification of new structural motifs by the tree. A decrease in the number
of nodes means that the majority of the child nodes are hanging nodes, demarcating
the end of structural similarity among the motifs. The number of nodes peaks between
9-13, a narrow range considering the change in SO, (Figure 2.9 A-K). After level 12,
we see a decline in the number of nodes in all SO,. This implies that the structural
information in €% and Cfcliques saturate at level 12 or lower. Thus, we have set the
cutoff of the number of levels in a clique to be 12. Note that even though the maximum
level of a tree is set at 12, the cliques used to make the tree consist of 20 atoms. Thus,

the tree selects the best-fitting 12 atoms from a superset of 20 for each clique.
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Figure 2.7: Panels show the number of nodes at different SO, cutoff. The number of nodes are shown

on the y-axis, and corresponding levels are shown in the x-axis. Blue traces show the number of

regular nodes, and the red ones show the number of hanging nodes.
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The predicted S0, for various percentiles of RMSF along with cutoff obtained from the
CLICK algorithm (M. N. Nguyen, Tan, and Madhusudhan 2011) and the number of
nodes at different SO,; were used to generate a set of tight cutoffs (Table 2.2) and a
set of weak cutoffs (Table 2.3).

Table 2.2: Stringent SO, cutoffs determined for each level

Tight cutoffs
level | SO, (R)
2 0.25
3-5 05

5-8 1

9-13  1.25
>13 15

Table 2.3: Permissive S0, cutoffs determined for each level

Weak cutoffs
level S0, (R)
2 0.75
3-8 1.0
9-13 1.25
>13 1.5

Now that we have discussed how the cutoffs were optimised, we now explore how

trees were created from various subsets of the PDB.

Trees made from non-redundant subsets of PDB

Three non-redundant subsets of PDB chains were obtained from PISCES the
webserver (Wang and Dunbrack 2003). Each of these structures was deconvoluted
into cliques consisting of the nearest 19 C* and CP atoms for each atom in the
structure, forming 20 membered cliques. Two trees were created for each of these
subsets corresponding to the tight and permissive cutoffs, forming a total of six trees.

These trees were limited to 12 levels (the largest indexed motifs are of size 12),
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implying that the best-fitting 12 atoms from the 20 in a clique were selected to form the

motifs.

To evaluate the level of structural homogeneity within nodes of the tree, we selected
the top hundred nodes (based on population) from levels 3-12 and superimposed 1000
members based on the equivalences listed in the tree. The RMSF of each atomic
position was evaluated by considering member cliques as alternate positions (Similar
to the previous section). We observe that the RMSF values consistently lie in the range
0-0.3 A with very small error bars (Figure 2.10 A-F). Even outliers are within 1 A (the
size of a hydrogen atom). These observations combined imply very high structural
homogeneity within the structural motifs encoded by the nodes in the trees.
Interestingly, noticeable differences can be observed between the tight and permissive
(weak) cutoffs (Figure 2.10 A, C and E vs B, D and F).
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Figure 2.8: RMSF of superimposed coordinates vs Level. Panels show box plots of RMSF in the
coordinates of the top 100 nodes of trees constructed from various databases (redundancy levels of
databases indicated in panel titles). The orange line shows the mean, the edges of the boxes show the
interquartile ranges, and the whiskers show 1.5 times the interquartile range. Axis of the graphs in panes
A, C, E, and G are the same scale as that of Figure 2.8 to compare the difference in RMSF before and
after optimisation of the parameters. Y axes of panes B, D, F, and H are adjusted to show the difference
between the box plots.

In addition, we have also evaluated the number of nodes at different levels to check if
the tree has enough levels to capture the structural information in the database
efficiently. We see that the number of nodes plateaus at levels 10-11 for all the
databases (Figure 2.11 A-F). The total number of nodes increases with database size,

suggesting that all motifs are not captured within NR15 and NR30 subsets and that a
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more extensive database encounters more unique motifs (Figure 2.11 each row

represents a database).

There is a noticeable decrease in the number of hanging (temporary) nodes between
levels 8 and 9 (Figure 2.11 A-F). This can be explained by the fact that SO, cutoff
increases (becomes more permissive) between levels 8 and 9 (Tables 2.2 and 2.3).
Surprisingly, the dip in the number of hanging nodes is not reflected in the number of
true nodes. This implies that there is scope for more permissive cutoffs without
affecting the clustering efficiently. Thus, a finer optimisation of SO; would result in more

efficient trees.
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Figure 2.9: Number of nodes vs levels. Panels show the number of nodes on the y-axis and the number
of nodes on the x-axis for trees constructed from various databases (indicated in the title). The blue
trace shows the number of nodes, whereas the orange trace is the number of hanging nodes. The y-
axis values are multiples of 1 million.
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Visual representation of structural motifs encoded by nodes

In this section, we aim at visualising the nodes and their relation in the tree. We do this
by outputting each member of a node in a clique as a PDB format file (Berman et al.
2000). The file contains each clique as a separate model, with the first model being
the node representative. These PDB files can then be visualised in UCSF ChimeraX
(Pettersen et al. 2021).

We have selected node 2 and its top 2 children and grandchildren from the tree
constructed using the weak cutoffs from NR30 for representative purposes. One
hundred cliques from each node were visualised in ChimeraX, and the representations
are arranged in their respective hierarchical order in Figure 2.12. The colours of the
atoms denote equivalent locations, and the atom type is denoted as text. The atoms
have very close grouping in space to such an extent that nodes 2, 4 and 5 appear as
a single point. The three-dimensional distributions formed by the members of a node
can be observed in nodes 22 and 16375 (Figure 2.12). Progressing from a lower to a
higher level entails the addition of extra atoms. This process is represented with atom
colours in Figure 2.12. Notice that the position of this additional atom between two

children of a node is distinct and represents different structural motifs.

@CA
/ Node 2\
@cB
P ®ca
Node 4

Noded g

A
ocs \
®cA @®ca @cA

CA @ 9ce & @cA
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@ca

)CA
Node 41 Node 42 Node 22 Node 16375

Figure 2.10: Visual representation of nodes and their hierarchy in the tree. Nodes from a tree, made
from NR30 subset of PDB using permissive cut-offs Coloured spheres represent atoms with colours
representing equivalent positions. There are 100 atoms plotted in each position. Grey dotted lines
demarcated different nodes. Blue arrows show the relation between a parent and child node.

Now that we have established how trees are constructed let us look at some of the
tree's applications.
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Proteins Coordinate Basic Local Alignment Search Tool (ProCoBLAST)

Any comprehensive comparison of two proteins requires the comparison of their 3D
structures. Since protein structures are experimentally solved with differing reference
frames, such comparisons require superimposition of the protein structures. This
process involves finding a rotation and translation that transforms the coordinates of
one protein such that a subset (or all) of the atoms overlaps. Such rotation and
translation can be quickly deduced analytically if the pairs of overlapping atoms

(equivalences) are already known (Kabsch 1976; Kearsley 1989; Theobald 2005).

Structural comparison of sequentially related proteins is easy as the equivalences can
be obtained using a sequence alignment. The latest method that uses such an
approach is FoldSeek (van Kempen et al. 2024). This approach converts the sequence
of amino acids into a sequence of ‘structural alphabets’ encoded by a neural network.
Such a sequence database is then indexed, enabling fast searches for structurally and
sequentially similar proteins. However, two structures having similar three-dimensional
shapes do not necessarily have a similar sequence or even arrangement (or order) of
secondary structures. Take the example of structures with PDB IDs 1tig and 1xxa
(parts of which are shown in Figure 2.13) that are similar in three dimensions.
However, notice that the connections between the secondary structure and the
orientation of the middle  strand are different. Nevertheless, many of their €% atoms
superimpose due to their structural similarity. Sequence-dependent approaches

cannot capture such similarities.

Sequence-independent (topology-independent) structure alignments require first
finding the equivalences between two structures. There are many approaches that
tackle this problem. A popular approach is TM-align, which uses the similarity of
secondary structures or threading to align two structures. However, this approach
implies that only the main chain of the structures can be superimposed. In many
situations, other atoms, such as hydrogen bond donors and acceptors, must also be
superimposed to study DNA-protein interactions (Nair and Madhusudhan 2022). In
such cases, an algorithm called CLICK can select the atoms used in superimposition
(Nguyen et al. 2017; M. N. Nguyen et al. 2011). CLICK first finds all pairs of three-
membered ‘cliques’ (see Chapter 1 methods section) of atoms that superimpose within

a Root Mean Square Deviation (RMSD) cutoff. Then, it iteratively adds atoms that are
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in the vicinity of the three-membered clique to generate larger superimpositions. This
is done till seven members are identified. This seven-membered superimposition is
used to superimpose the two structures using which other overlapping atoms based
on overlap are identified, generating the set of equivalent atoms. This approach has
had various applications, including drug discovery, analysis of DNA-protein interaction
and protein-protein interactions (Nair and Madhusudhan 2022; Nguyen et al. 2019;
Sen et al. 2019; Sen and Madhusudhan 2022). However, searching a database with

this approach is inefficient as it requires individual pairwise comparisons.

PDB:1xxa

C* Atoms

Figure 2.11: Topology independent structure alignment. Partial structures of 3-isolorpymlalate
dehydrogenase and translation initiation factor 3 are shown in red and blue, respectively. The C* atoms
of each structure are shown in ball representation. The superimposition with the least square fit
(minimum RMSD) is shown in the top right corner for C* atoms in ball representation and in ribbon in
the bottom right corner

In this section, we describe a method, called ProCoBLAST, that provides the
functionality of CLICK in the context of an efficient database search. CLICK uses
pairwise similarity between cliques of atoms between two structures for their
superimposition (M. N. Nguyen et al. 2011). We used ProCoBLAST to search NR30
databases using trees generated using tight cutoffs (Chapter 1). Example searches

based on €% and C# atoms were performed for structures of green fluorescent protein
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GFP (PDB ID: 1ema) (Shimomura, Johnson, and Saiga 1962) and topoisomerase
inhibitor CcdB (PDB ID: 3vub) (Miki, Yoshioka, and Horiuchi 1984), and the results

were sorted based on query coverage and RMSD.

A
Rank 1, PDB id: 6L27 Rank 2, PDB id: 4ZBL Rank 3, PDB id: 6M9Z
RMSD: 0.4 A, coverage: 96% RMSD: 0.7 A, coverage: 51%  RMSD: 0.8 A, coverage: 43%
Mutant green fluorescent Fluorescent protein Fluorescent protein lanFP6G
protein mKillerOrange
D

Rank 4, PDB id: 3FID Rank 5, PDB id: 6TZK Rank 6, PDB id: 3SLT
RMSD: 0.8 A, coverage: 25% RMSD: 0.8 A coverage: 23%  RMSD: 0.8 A, coverage: 23%
Lipid A deacylase Cellulose synthase Autotransporter EspP

outermembrane channel BcsC

Figure 2.12: Top 6 hits of ProCoBLAST using Green Fluorescent Protein (PDB ID 1ema) as the query.
Panels show the superimposition of GFP (shown in green) and matches from the NR30 database
(shown in blue). Rank of the superimposition, PDB IDs, RMSD, query coverage and the name of the
proteins are shown as captions.

The top six matches on searching the NR30 database with GFP are shown in Figure
2.14. The top three matches are all fluorescent proteins (Figure 2.14 A-C). The rest of
the three proteins are all membrane-embedded B-barrels with various functions. These
proteins are not evolutionarily related. These structures are superimposed in a
topology-independent manner by ProCoBLAST with the partial matches of the B-
strands. (Figure 2.14 D-F).
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The superimpositions of CcdB show a more diverse set of matches. Again, the match
with rank 1 is structurally very similar to Ccdb (Figure 2.15 A) (MazF mRNA interfering
proteins). Ranks 2, 4, 5 and 6 superimposed to the SH3-like domain of CcdB with
varying levels of coverage (Figure 2.15 B, D, E and F). Rank 3, however, is

superimposed by the alpha helix and a significant portion of the nearby B-strands.

The searches used a conservative distance cutoff of 1.5 A to compute overlaps. This
means that the superimpositions shown in Figure 2.14 and Figure 2.15 are performed
such that no two matching atoms (equivalences) are farther than 1.5 A. This also gives
us RMSDs (Figure 2.14 and Figure 2.15) that are below 1 A. A more permissive cutoff
will increase the query coverage while sacrificing the fit quality. These searches were
conducted over the entire database of 12079 structures in approximately 10 minutes.
A search of the NR9O database (taking a similar amount of time) was also conducted,

and most of the top-ranking matches were structures of close relatives of the query.

A
Rank 1, PDB id: 5DLO Rank 2, PDB id: 1W4S
RMSD: 0.6 A, coverage: 60% RMSD: 0.8 A, coverage: 35% RMSD: 0.8 A, coverage: 31%
MazF mRNA interferase Proximal BAH domain of Benzoylformate
polybromo Decarboxylase
D E F

Rank 4, PDB id: 6XVM Rank 5, PDB id: 5C6S Rank 6, PDB id: 3M9Q
RMSD: 0.7 A, coverage: 30% RMSD: 088 A, coverage: 30% RMSD: 0.6 A, coverage: 29%
c-Src SH3 domain Bromodomain and PHD Male specific lethal 3
Finger Containing 1, PWWP chromodomain

domain

Figure 2.13: Top 6 hits of ProCoBLAST using Topoisomerase inhibitor CcdB (PDB ID 3vub) as the
query. Panels show the superimpositions of CcdB (shown in green) and the matches from the NR30
database (shown in blue). Rank of the superimposition, PDB IDs, RMSD, query coverage and the name
of the proteins are shown as captions.
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These examples demonstrate the topology-independent superimposition capabilities
of our approach. However, these results can also be obtained via TM-align, and a
subset of the hits can also be obtained from FoldSeek. CLICK, however, identifies a
similar but not identical set of matches (Table 2.4). This is likely due to differences in
superimposition parameters. All top six matches for 1EMA (Figure 2.14) are identified
by CLICK. In addition, CLICK also identified matches that are not in the top list in
ProCoBLAST. This is due to the tighter cutoffs of ProCoBLAST, which is optimised to
sacrifice global similarity for better RMSD for local fit. In the case of 3VUB (Figure
2.15), only 5DLO, 6XVM and 3M9Q were superimposed by CLICK. This can be

explained by the smaller size of 3VUB, which benefits from the tighter cutoffs. T

The superimposition of NR30 with click took 4 hrs compared to 20 minutes using
identical hardware. CLICK in general identified more matches at poorer RMSD values.
ProCoBLAST on the other hand was set to output top 100 matches, most of which
falls in the range of 0.5-1 A.

Table 2.4: Statistics of CLICK vs ProCoBLAST

1EMA 3vuB
CLICK ProCoBLAST CLICK ProCoBLAST
RMS Average Average Average Average
Numb Numb Numb Numb
D (A) number of number of number of number of
er of . er of . er of . er of .
superimpos superimpos superimpos superimpos
hits P P hits P P hits P P hits P P
ed atoms ed atoms ed atoms ed atoms
0-0.5 0 - 1 414 0 - 0
0.5-1 5 92.2 98 80.2 4 10.8 100 48.78
1-1.5 8 15.25 1 73 5 14.5 0
1.5-2 13 107.07 0 - 16 40.5 0

Superimposition of small fragments of proteins

Three-dimensional superimposition of a binding pocket to an uncharacterised protein
would help annotate functions. For the function of small molecule binding, this process
would require a program that superimposes a small pocket made up of discontiguous
fragments. We have created a database of such pockets involved in phosphoinositide
binding identified in the PDB database (List of PDBs used are shown in Appendix
Section 6). We then constructed trees from this set of pockets to create a database of

phosphoinositide binding pockets. As a test case, this database was with the
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phosphoinositide binding proteins with PDB ID 1h6h. The superimpositions of the
output of such queries show substantial overlap between the cyclohexane ring of the
phosphoinositide molecules from different structures (Figure 2.16). The protein binding
pockets show various conformations but nevertheless superimpose at conserved
residue positions, which are presumably important for phosphoinositide binding
(Figure 2.16).

Figure 2.14: Superimposition of phosphoinositide binding pockets. The ribbon representation shows the
proteins part. Ball and stick representation shows the phosphoinositide. Green shows the pocket
binding pocket in PDB ID 1ocu. Blue shows the pocket binding pocket in PDB ID 7blg. Red shows the
pocket binding pocket in PDB ID 6koj. Grey shows the pocket binding pocket in PDB ID 2rak.

Note that searching any of the fragments shown in in Figure 2.16Figure 2.14 using
both TM-align and FoldSeek outputs no results. This is because both TM-align and
FoldSeek deduce features (secondary structures and alphabets) based on the input.
These features are then used to search the database and they fail when these features

cannot be deduced, as in our example of very short discontinuous fragments that form
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the pockets. Our method, however, does not have this limitation, as all searches are

performed directly using only atomic coordinates.

Discussion

In this chapter, we have described a tree data structure that can be used to index and
cluster contiguous and noncontiguous structural motifs purely based on three-
dimensional coordinates. We have described how to create structural motifs called
cliques. We then explained in depth how to index and search the tree. We also
described the process of optimising various cutoffs for the tree. We have created trees
from various subsets of PDB at two different permissiveness levels of the cutoffs. We
have also seen example representations of nodes of these trees showing the structural
motifs that cluster in 3 dimensional space. Searching a tree with a query clique maps
a query clique to a lineage of nodes. Since each node in the tree represents a group
of structurally similar cliques from the database, this search inherently maps the query
clique to all similar cliques from the database. Such mapping can have various

applications.

We explored one such application to make a database search variant of CLICK where
the tree can accelerate the pairwise mapping of the clique between a query structure
and all the structures in a database. We have seen some examples of this application,
including a case where our method identifies structural matches even when both TM-

align and FoldSeek fail.

Another application of the tree is the identification of structural templates/scaffolds for

protein engineering; we describe such an approach in detail in chapter 3.

Our method is unique in its ability to identify repeating non-contiguous three-
dimensional motifs in large datasets. In addition, these motifs are conveniently
arranged in a hierarchical manner to enable efficient searching. The location of such
motifs across the dataset is also recorded in the process, forming an index of spatial
local neighborhoods. We are actively developing and studying this method and its

various applications.
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Introduction

Proteins are polymers of twenty different amino acids that fold upon themselves to
form a specific 3-dimensional structure (Anfinsen 1973). The structure of a protein
determines its function (Mannige 2014). This is because the folding process brings
various types of amino acids in the polypeptide chain in proximity to form active sites.
Designing new proteins is essential to creating synthetic biology tools for multiple
applications. This process of protein design aims to find the best sequence for a given

structure, inverse-folding.
Protein design

Modern computational design methods generally follow two steps. The first step
involves obtaining a peptide backbone for given inputs, and the second step involves
finding the best set of side chains to fit the backbone. The process of obtaining a
peptide backbone follows two predominant approaches. The first method is
assembling fragments of the backbone found in the PDB structure. This process is
based on the fact that nature uses different combinations of the same structural motifs
to create various structures. These fragments are identified from RCSB PDB and
stored in a database. For example, Baker and coworkers, in their design software
Rosetta, uses fragment from this database to construct protein backbones that fit the
input topology (Bowers, Strauss, and Baker 2000; Kuhiman et al. 2003). In SEWING,
Kuhlman and coworkers used continuous and discontinuous substructures assembled
based on N and C terminal similarity (Jacobs et al. 2016). Fleishman and co-workers
used fragments from aligned structures of antibodies to design backbone templates
for new antibodies (Lapidoth et al. 2015).

The second step of finding the best sequence for the backbone template usually
involves searching a rotamer space using an appropriate search algorithm and an
energy function. Rotamers are low energy conformations of amino acid sidechains
observed in the PDB (Dunbrack 2002; Ponder and Richards 1987). The lowest energy
combination of such rotamers can be found using stochastic algorithms like simulated
annealing using Monte Carlo sampling, e.g. Rosetta by Baker and coworkers (Bowers
et al. 2000; Kuhiman et al. 2003; Kuhiman and Baker 2000; Kuhlman and Bradley
2019). Or deterministic algorithms like dead-end elimination, e.g. DEEPer by Donald
and coworkers (Desmet et al. 1992; Hallen, Keedy, and Donald 2013). Stochastic
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algorithms are much faster than deterministic algorithms, but their results may not give
the global minimum. An energy function is used to evaluate the stability of each
sequence at each step of the design process. They are usually a combination of
knowledge-based and molecular mechanics energy terms. They tend to vary
significantly from method to method and between designs (Boas and Harbury 2007).
One method that eliminates the need for rotamers is dTERMen by Grigoryan and
coworkers. They identified structural motifs called TERMS. They also calculated the
amino acid propensity for each residue position for these motifs. Using these
propensities and motifs, they redesigned the mCherry surface and found that the
redesigned protein has native-like properties (Mackenzie, Zhou, and Grigoryan 2016;
Zhou, Panaitiu, and Grigoryan 2020). Application of attention and diffusion neural
networks for protein structures have resulted in programs like ProteinMPNN and
RFdiffusion, which have enhanced the processes of protein design significantly by

improving both accuracy and accessibility (Dauparas et al. 2022; Watson et al. 2023).

Conventional protein design methods focus on generating a sequence for a given
structure. Even though there has been considerable progress in the stability and
complexity of designed proteins, de-novo design of proteins with a function reliably is
still difficult. This is because proteins undergo conformational changes to perform their
functions. But, designed proteins are usually hyper-stable (Dou et al. 2018; Kuhlman
et al. 2003; Polizzi and DeGrado 2020; Xu et al. 2020) and cannot do this. The design
of functional proteins usually involves engineering an existing de-novo-designed
scaffold to introduce functional sites (Yeh et al. 2023). In this chapter, we aim to create
such a method that transfers the functional site of one protein into another scaffold.
We use this process to optimise a sequence after introducing a GFP chromophore
forming neighbourhood into a non-fluorescent structure. Although this is not the first
attempt at designing a fluorescent protein (Dou et al., 2018), it is the first attempt where

the chromophore self-cyclizes within the protein.
Green fluorescent protein

Shimomura and co-workers first isolated green fluorescent protein (GFP) and aequorin
from Aequorea victoria in 1962. (Shimomura, Johnson, and Saiga 1962). In Aequorea
victoria, GFP seems responsible for converting the blue chemiluminescence from the
Ca?* sensor aequorin into green emission. The wild-type GFP is a 238-residue-long
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single chain that is stable and resistant to proteolysis. Its two absorption maxima are
395 nm and 475 nm, with absorption at 395nm, giving an emission peak of 508 nm
with a quantum yield of 0.72-0.85 (Heim, Prasher, and Tsien 1994; Ormé et al. 1996).
Today, GFP and its various mutants are commonly used as a biomarker to tag proteins

in vivo.

The first structure of GFP was solved by Ormé and co-workers in 1996 (PDB
ID:1EMA). It consists of an 11-stranded beta-sheet (each strand approximately 9 to 13
residues long) surrounding a central alpha-helix (Figure 3.1). The p-
hydroxybenzylideneimidazolidinone chromophore is formed from the amino acids
S/T65-Y66-G67 in the central alpha helix. It is present roughly at the centre of the
protein and is completely protected from the bulk solvent (Ormo et al. 1996) (Figure
3.1). The basis of the formation of the chromophore and its fluorescence is described

in the following section.

- ? SER 205
THR 203

N
-
. v

W\/’_ﬂ'“ \
Y
A7 HIS 148
CRO

Hydrogen bonds
/ ARG 96

>

11 beta strands + Tripeptide CRO/GYS formed by
PDB id: 1EMA TYG(65-67)

Figure 3.15: GFP and the neighbourhood of its chromophore. Panel on the left shows the structure of
GFP (PDB ID 1EMA). The ball and stick structure behind the beta-sheet is the chromophore. Panel on
the right shows a schematic showing the chromophore's first and second coordination spheres (Ormd
et al.,1996).

The chromophore formation in GPF is an auto-catalytic main-chain cyclisation process
followed by the oxidation of S/T65-Y66-G67 residues, which results in the formation
of the chromophore p-hydroxybenzylideneimidazolidinone as part of the polypeptide
chain. A key study that deduced the mechanism of GFP chromophore formation was
published by Elizabeth Getzoff and co-workers in 2003 (Barondeau et al. 2003). Here,
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the authors used structures of the pre-cyclised intermediate and the final chromophore
to explain the mechanism of chromophore formation. They propose a conjugation
trapping mechanism for the cyclisation and further oxidation of the chromophore
facilitated by dehydration. They identified R96, E222 and T62 (Figure 3.1) as crucial
residues for this reaction. They also suggest that the architectural distortion at the
tripeptide contributes more to the formation as it is thought to avoid the energy cost of
breaking the main-chain hydrogen bonds in the alpha helix, and it also brings the
G67(N67) and S/T65(C65) together. Chemically synthesised chromophore in solution
in non-fluorescent, as is denatured GFP (fluorescence recovers on refolding) (Niwa et
al. 1996; Ward and Bokman 1982). This is because cis-trans isomerisation dissipates
the excitation energy if the protein fold does not restrict the chromophore (Niwa et al.
1996; Romei and Boxer 2019). The residues at closer proximity to the chromophore
are crucial in this and are R96, E222, T203, H148, S205 and Q94 (Romei and Boxer
2019) (Figure 3.1).

In this study, we aim to graft the function of GFP into another protein by replicating the
local functional environment of GFP. We identify structural motifs that match the
conformation of the chromophore forming residues in structures of GFP with pre-
cyclised intermediates of the chromophore. In principle, we can use the tree described
in Chapter 2 for a fast database search for this application. However, we did not use
the tree here as it was conceptualised and developed before the work described in
this chapter. Future attempts and improvements of the study in this chapter would

include the use of the tree.
Methods

Protein function grafting by replication of local structure and environment

Our approach is broadly divided into three steps (Figure 3.2). The first step is
searching the PDB database (Berman et al. 2000) for a structure motif. In the case of
GFP, this consists of the finding motifs that are structurally similar to the three
contiguous residues that cyclise to form the chromophore (Figure 3.2). The second
step involves analysing the residues around the identified structural motifs to check if
either those residues or their mutants can form the required chemical environments
(Figure 3.2). For GFP, the chemical environment refers to the catalytic residues that

help in cyclisation and the interactions that lock the chromophore in its isomeric state.
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This process can be expected to generate many hits. The third step involved using

various methods to filter and rank order these hits (Figure 3.2).
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Figure 3.16: Function grafting workflow. The three distinct steps of POGGERS are shown under their
corresponding titles. The structures shown in green are GFP (PDB ID 1ema), and blue is the tripeptide
mutant (PDB ID 1qyo) in green ball and stick representation is the chromophore of GFP (labelled as

CRO). Residues shown in pink show alternate conformations of the rotamers.
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Search of structural motifs

The chromophore in GFP cannot be used as a reference for a structural motif search
because of its cyclised nature. Thus, we have used a TYG to GGG mutant of GFP
(PDB ID 1qyo) where the tripeptide forming the main chain is crystallised in the
uncyclised state as a reference structure. Please note that the GGG tripeptide also
forms a cyclic structure but has a longer cyclisation time (Barondeau et al. 2003). The
superimposition of the tripeptide TYG (from PDB ID 1ema) and GGG (from PDB ID
1qyo) is shown in Figure 3.2 (left panel).

We use two approaches to search for the contiguous chromophore forming tripeptide.
The first approach computes the phi and psi torsion angles of the tripeptide obtained
from the GGG motif. We then compare these torsion angles to the torsion angles of
all the query structures from the PDB database using a root mean square of the
difference between the corresponding torsion angles. We quantified this RMSD of all
tripeptide motifs in PDB compared to that of GGG. The distribution of RMSD shows
how close the structural motifs in the PDB are to that of the GGG tripeptide. There are
two distinct peaks in this distribution: alpha helices and beta sheets (Figure 3.3 A). The
number of queries that satisfy a given cutoff is shown in Figure 3.3 B. This curve is
essentially an integral of the distribution shown in Figure 3.3 A. The curve shows a
sharp increase in between 0-50°. The trend of the curve between 0-20° shows a
logarithmic rise in the number of hits with an increase in RMSD cutoff (Figure 3.3 C).

A cutoff of 10° was selected based on these results.

Using a cutoff of 20° and 15° resulted in the selection of alpha helical motifs, which is
energetically unfavourable, as the chromophore formation process would need to
break hydrogen bonds. The cutoff of 10° was found to reliably avoid selection of alpha

helical motifs during the search of structural motifs.
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Figure 17.3: Optimisation of RMSD of phi and psi angles. Panel A shows the distribution of RMSD
values for all PDB structures, number of matching tripeptides in y axis, RMSD (°) in x axis. Panel B
shows the number of queries that satisfy different RMSD cutoff. Number of matching tripeptides in y
axis and RMSD shown in the x-axis. Panel C is an enlarged part of panel B where the x-axis is 0-20°.

The second approach superimposed the main-chain atoms using Kearsley’s algorithm
(Kearsley 1989) to find the RMSD of the superimposition of the atoms. The structural
motifs that superimpose with an RMSD lower than 0.2 A were selected. Both
processes provide a list of tripeptides that are structurally similar to the GGG tripeptide.

Identification of interacting residues

The query is first superimposed to the 1gyo based on the previously identified
structural match. 1qgyo, in turn, is already superimposed to 1ema based on sequence

similarity. Thus, the chromophore from 1ema can now be superimposed on the query.
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Residues within 6 A Euclidean distance around the chromophore were selected as
candidates for mutation. All rotamers (including mutants) with matching phi and psi
angles and a probability greater than 0.001 were superimposed via the main-chain
atoms for each of these residues. These rotamers were obtained from the Dunbrack
rotamer library (Shapovalov and Dunbrack 2011). Hydrogen bonds, Tr-stacking,
cation-11, and salt bridge interactions made by the chromophore with the rotamers and
the original candidate residues were identified. Rotamers and template residues that
satisfy the interactions and catalytic residues observed in GFP structures were
identified. The rotamers that clash with the chromophore or any main chain atoms
were removed from this list. This list was then ranked by scoring the entries according

to the following preference

1) The original candidate's residue
e Score=2
2) Arotamer of the original residue’s type
e Score = 1 + probability of occurrence of the rotamer from the rotamer
table.
3) A mutant rotamer

e Score = Probability of occurrence of the rotamer from the rotamer table.

A wild-type residue that can satisfy an interaction in its native conformation is most
preferred, and it receives the maximum score of 2. This is because we do not have to
make a mutation, and the residue does not have to move to make the required
interaction. However, in most cases, the wildtype residue will have to change its side
chain orientation to make our required interaction. This, however, carries the risk of
disrupting existing interactions by the residue and is thus scored as 1 + the probability
of occurrence of the rotamer according to the rotamer table (Shapovalov and
Dunbrack 2011). This allows us to rank order these entries according to the rank of
the rotamer in the rotamer table, but keep the scores below that of the previous case.
But we still prefer this over mutating a residue, and thus a value of 1 is assigned, which
ensures the score is in the range (1,2). Finally, if we cannot make an interaction with
either the wildtype residues or any of their rotamers, we suggest a mutation that would
provide the required interaction. This is scored the lowest as mutations carry the risk
of destabilisation of the protein and thus the score is in the range (0,1). This scoring

ensures that mutations are only selected if wildtype residues that can form the
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interaction are not present. In addition, even within the set of wildtype residues, the

ones that can form the required interactions in their native conformation are preferred.

Combinations of mutations were selected from this ranked list so that each interaction
could be satisfied by a unique, non-clashing residue. These combinations were scored
as a sum of rotamer scores, called combination scores. The combination scores were
then used to rank the combinations of mutations. These combinations and the
mutations to incorporate the TYG tripeptide at the structural match should add the

function of fluorescence to the query protein.

Computation of torsion angles

Consider four points a,b,c and d. Let the torsion angle formed by these angles be 6.

R
Ui =d—bh
Ty =b-¢

.
Ti=¢—d

_ -1 U
Hmagnltude = Cos (In—{lln—z’l)

= X

sS= v, N,
9 = { Hmagnitude' s<0
_Bmagnituder s>0

Identification of interactions and clashes

We identify hydrogen bonds, t-stacking, cation-1r, and salt bridges. The following

methods were used to identify these interactions.

e Hydrogen bonds:
o Donors and acceptor atoms in between 2.5 Aand 3.5 A
o Donor acceptor antecedent angle in range 90°-180°

e Tr-stacking
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A 1 system is calculated, consisting of the centroid of the ring's atoms
and the plane in which any three of the ring atoms occupy. The atoms
used for different residues (including chromophore) are listed in
Appendix section 4.
Parallel stacking
= Distance between centroids of 11 systems in the range 3.5 A and
4.5 A
= Angle between perpendiculars of the 1T planes in range 0°-30°
Perpendicular stacking
= Distance between centroids of T systems in the range 4.5 A and
55A

= Angle between perpendiculars of the 11 planes in range 60°-90°

e Cation-r

o

(@]

o

T systems calculated using the same process as Tr-stacking
Angle between the perpendicular of the 1 plane and the vector between
the centroids of the 1T system and the cation < 30°

Distance between centroids of T system and the cation atom < 5 A.

e Salt bridges

o

respectively.

Maximum distance = 3 A between a donor and an acceptor atom, AND

not a hydrogen bond

The list of donor and acceptor atoms, the list of atoms that form 1 systems and the list

of charged atoms for each residue are listed in the Appendix sections 3, 4 and 5,

A clash is detected if two atoms are less than 2.5 A apart.

Generating output structures

The corresponding rotamers were placed at the identified positions of mutations.
MODELLER (Sali and Blundell 1993) was used to generate energy-minimised models.

The chromophore was misformed after minimisation and was replaced after this step.
Molecular dynamics simulations

Molecular dynamics simulations were performed using GROMACS 2021 (Abraham et
al. 2015; Pronk et al. 2013). The input files were generated using CharmmGUI
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webserver using charmm36m forcefield (Brooks et al. 2009; Huang et al. 2017; Jo et

al. 2008). The simulations were performed for 100 ns.

GROMACS command trjconv was used to correct for periodic boundary conditions
and then superimpose the molecules over each other. The same program was used
to convert the compressed trajectories to an ensemble of PDB format. Hydrogen

bonds were then quantified for each frame in the trajectory.

Preparing DH10B competent cells for heat shock (Chemically competent cells)

Prerequisites:

1. Glycerol stocks of DH10B
LB media (50 ml + 3 ml)
0.1M CacClI? (chilled) (60 ml)
0.1M CaCl2+15%qglycerol (300-500 pl)
Sterile microcentrifuge tubes
250 ml conical flask
Falcon tubes to grow 3 ml cultures
Shaker incubator at 37C
Centrifuge for 3000G spin at 4 °C
10.-80 °C storage

11.Laminar flow hood

© 0 N o o b~ w0 DN

1. Pipette 10 pl of glycerol stock to 3 ml LB media and grow overnight.

2. Inoculate 50 ml of LB media (in a 250 ml flask, for aeration) with 50 ul(1%) of
the previously grown 3 ml culture.

3. Incubate on a shaker for 1.5-2hrs at 37 °C till cells are visible against light
while swirling the flask.

4. Transfer into culture into 50 ml falcon.

All subsequent steps are to be performed on ice.

5. Centrifuge at 3000G for 10 mins at 4 °C and discard media.
6. Resuspend the pellet in 20 ml chilled 0.1M CaCl-.

7. Incubate onice for 15 mins.

59



8. Centrifuge at 3000G for 10 mins at 4 °C and discard supernatant.

9. Wash pellet with 20 ml of 0.1M CaCl..

10. Centrifuge at 3000G for 10 mins at 4 °C and discard supernatant.

11.Wash pellet with 20 ml of 0.1M CaCl..

12.Centrifuge at 3000G for 10 mins at 4 °C and discard supernatant.
13.Resuspend the pellet in 300-500 pl of 0.1M CaCl2+15% glycerol.

14. Aliguot 20-50 pl to pre-chilled microcentrifuge tubes, depending on the pellet

size.

15.Freeze and store at -80 °C.

Misc info:

50 ml LB culture gives ~15 vials (30 pl each) of competent cells.

Preparing DH10B competent cells for Electroporation (Electro competent cells)

Prerequisites

1. 6 ml LB media.

2. 500 ml LB media.

3. 200 ml of autoclaved MilliQ water (deionised water).
4. 1.5 ml tubes.

5. 50 ml flacons for spin and wash steps.

6. 10% autoclaved glycerol.

7

. Laminar flow hood
Steps

1. Grow 6 ml of primary culture overnight.

2. Transfer this to 500 ml LB media.

3. Incubate on a shaker for 1.5-2 hrs at 37 °C till cells are visible against light
while swirling the flask.

All subsequent steps are to be performed on ice.

4. Place the flask in ice for 15 mins

5. Pellet with 6000G for 15 mins at 4 °C.
6. Wash with 100mI MilliQ.

7. Pellet with 6000G for 15 mins at 4 °C.
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8. Wash with 50ml MilliQ.

9. Pellet with 6000G for 15 mins at 4 °C.

10.Wash with 2ml MilliQ.

11.Pellet with 6000G for 15 mins at 4 °C.
12.Resuspend pellet in 10% glycerol final vol = 1.6 mi
13. Aliquote 50 pl, flash freeze and store at -80°C.

Misc info:

The pellet should be white after washing. Yellow implies impurities from LB media that

can lead to arcing in the electroporator.

Transformation of DH10B by heat shock

Prerequisites

Ice

DH10B chemical competent cells
Plasmid

Heating block/ water bath at 42 °C
Incubator at 37 °C

LA (or appropriate) selection plates with antibiotics corresponding to the

ZER U T

plasmid.
7. 1 ml LB media per transformation.
8. Glass Lrod, 100 % ethanol and lighter for platting and sterilisation (Tips or glass

beads can also be used).
Steps

Thaw chemically-competent cells on ice.

Add a few nanograms of plasmid to competent cells.

Tap 10 times and mix.

Incubate on ice for 15 mins without any disruption.

Keep at 42 °C for 1min 30 sec and then immediately back to ice (heat shock).
Add 1 ml LB media to the competent cells and incubate at 37 °C for 45 mins.

Pellet the cells by spinning at 4000G for 5 mins.

© N o gk wbd-=

Discard the media by tipping the tubes.
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9.

Resuspend the cells in the remaining media.

10.Plate the cells in appropriate selection plates corresponding to the plasmid.

11.

Grow the plates for 15 hours.

Transformation of DH10B by electroporation

Prerequisites

1.
2.
3
4.
5
6

Ice

DH10B electrocompetent cells

. Plasmid

Electroporation machine and matching cuvettes.

. Incubator at 37°C

. LA (or appropriate) selection plates with antibiotics corresponding to the

plasmid.

7. LB media
8. MilliQ water

9. GlassLrod, 100 % ethanol and lighter for platting and sterilisation (Tips or glass

Steps

beads can also be used).

. Thaw electrocompetent cells on ice.

2. Cool the cuvette by placing it on ice.

3. Dilute the competent cells inside the cuvette using Milli-Q water till the solution

becomes transparent.

4. Add a few nanograms of plasmid to the cuvette.

5. Tap 10 times and mix.

6. Electroporate with the electroporator with 2kV voltages with other conditions

based on cuvette type.

7. Add 1:1 LB media to the competent cells and incubate at 37 °C for 45 mins.

8. Plate 100 ul of the culture in appropriate selection plates corresponding to the

plasmid.

Grow the plates for 15 hours.
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Optimization of induction of protein expression from pCA24N

pCA24N is an expression vector with the expression of the protein being regulated by
a lac-T5 fusion promoter. This promoter is not leaky and is inducible by Isopropyl 3-D-
1-thiogalactopyranoside (IPTG), which targets the lac operon on the plasmid. A very
high concentration of IPTG (1 mM) is commonly used for protein expression in media
for protein purification. However, this concentration is unsuitable for our application
since we aim to check the colonies' phenotype in LB agar plates. The minimal
concentration of IPTG that can induce protein expression is ideal for preventing
additional stress on growing cells. We used three concentrations of IPTG, 0.1mM,
0.01mM and 0.001mM, to find a concentration that induces FolA-GFP fusion proteins
from pCA24n. We found that 0.1 mM IPTG could reliably induce the expression
(Figure 3.4). The expression was strong enough that the green fluorescence was

noticeable even by the eye.

0.001 mM IPTG R LAl NPTl 0.01 mM IPTG

0.1 mM IPTG

Figure 3.18: Optimisation of IPTG concentrations. The figure shows three plates with three different
concentrations of IPTG, labelled in white next to the plates.
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Results

Analysis of interactions of chromophores in the PDB

We could identify 418 structures of GFP and its mutants and variants in the PDB.
Among them, only 319 contained the GFP chromophore (identified by residue codes
CRO and GYS). Among these, only 312 structures contained the coordinates of the
chromophores. A subset of these structures was selected with a resolution lower than
1.5 A. This set contained 66 entries. A comprehensive list of such structures is shown
in Appendix sections 1 and 2. The residue numbers in these structures did not match
and had to be aligned and renumbered using the salign function of MODELLER
(Madhusudhan et al. 2009; Webb and Sali 2016). The mapping of critical residue in

PDB ID 1ema to the new numbering system is shown in Table 3.1.

Table 3.1: Mapping of numbers from 1ema to the renumbered residues

Number in 1ema | Unified number for all structures

ARG 96 ARG 101
GLN 94 GLN 99
HIS 148 HIS 154
THR 203 THR 222
GLU 222 THR 241
VAL 61 VAL 68

We analysed the average frequency of interactions made by the interaction moieties
in the chromophores in these 66 structures (Table 3.2). The average frequencies of
cation 11 and 1T stacking interaction are very low compared to hydrogen bonds. Salt
bridge interactions were not found in the 66 structures. Based on this analysis, we
have concluded that only hydrogen bonding is essential for the GFP chromophore. A
shorter list with residue numbers corresponding to 1ema and with a ball and stick
representation of the chromophore is shown in Figure 3.5. Both the hydrogen bonding
nitrogen atoms, N1 and N2 have a frequency of hydrogen bonds significantly lower
than one. This implies that interactions made by N1 and N2 are not consistent across
multiple structures and are not crucial for fluorescence. Moreover, the oxygen atoms
OH, OG, 02 and O3 require 2, 2, 2 and 1 hydrogen bonds, respectively, totalling seven

interactions.
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Table 3.2: Hydrogen bonds between chromophore and residues in its neighbourhood. The table shows
the average frequency of hydrogen bonds for each hydrogen bonding atom in the chromophore. This
is further detained in sub-tables showing the residue numbers contributing to this value, its fractional
contribution, residue types found at those positions, and the atom with which the residues make the
hydrogen bonds. Similar tables are also shown for salt bridges and cation 1T interactions

HYDROGEN BONDS

Hydrogen bonds for N1 atom

Frequency Per Structure = 0.770

Residue id Frequency Frequency Per | Residue Name Atom
Structure

AG8 44 0.721 VAL,SER O

B68 2 0.033 VAL @)

A152 1 0.016 VAL @)

Hydrogen bonds for OG1 atom

Frequency Per Structure = 2.246

Residue id Frequency Frequency Per Residue Name Atom
Structure

A241 47 0.770 GLN,GLU OE2,0E1,NE2

A68 44 0.721 THR,VAL,SER @]

WATER 34 0.557 DOD,HOH @)

AT71 4 0.066 PHE O,N

A241 47 0.770 GLN,GLU OE2,0E1,NE2

AG8 44 0.721 THR,VAL,SER 0]

WATER 34 0.557 DOD,HOH O

AT71 4 0.066 PHE O,N

A48 2 0.033 HIS,GLN NE2

B68 2 0.033 VAL @]

B241 2 0.033 GLU OE1

A152 1 0.016 VAL @]

A238 1 0.016 GLN NE2

Hydrogen bonds for OH atom

Frequency Per Structure = 3.984

Residue id Frequency Frequency Per Residue Name Atom
Structure

WATER 128 2.098 DOD,HOH @]

A222 56 0.918 THR 0OG1

A154 38 0.623 HIS ND1,NE2

A153 11 0.180 SER oG
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B222 4 0.066 THR OG1

A150 2 0.033 TYR OH

B154 2 0.033 HIS ND1

A152 2 0.033 SER oG

Hydrogen bonds for O2 atom

Frequency Per Structure = 2.000

Residue id Frequency Frequency Per Residue Name Atom
Structure

A101 57 0.934 ARG NH1,NH2

A99 50 0.820 GLN NE2

WATER 5 0.082 HOH @)

A74 4 0.066 ARG,GLN,LYS NZ,NH1,NE2

B99 2 0.033 GLN NE2

B101 2 0.033 ARG NH2

A196 1 0.016 GLN NE2

A198 1 0.016 ARG NH2

Hydrogen bonds for O3 atom

Frequency Per Structure = 2.000

Residue id Frequency Frequency Per | Residue Name Atom
Structure

WATER 91 1.492 DOD,HOH 0]

A126 11 0.180 ASN ND2

A99 2 0.033 TRP NE1

A115 1 0.016 GLN NE2

B126 1 0.016 ASN ND2

Hydrogen bonds for N2 atom

Frequency Per Structure = 2.000

Residue id Frequency Frequency Per | Residue Name Atom
Structure

WATER 28 0.459 DOD,HOH @]

PI STACKING INTERACTIONS

Pi stacking interactions for atoms CB2, CE1, CE2, CD1, CD2, CZ

Frequency Per Structure = 0.131

Residue id Frequency Frequency Per | Residue Name Atoms

Structure
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A154 3 0.049 HIS CG,NE2,CE1,CD2,ND1
A222 2 0.033 TYR CG,CE1,CE2,CD1,CD2,CZ
A243 2 0.033 HIS CG,NE2,CE1,CD2,ND1
A218 1 0.016 HIS CG,NE2,CE1,CD2,ND1

Pi stacking interactions for atoms CB2, CE1, CE2, CD1, CD2,C

Frequency Per Structure = 0.016

Residue id Frequency Frequency Per | Residue Name Atoms

Structure
A 218 1 0.016 HIS CG, NE2, CE1, CD2, ND1
CATION PI

Pi stacking interactions for atoms CB2, CE1, CE2, CD1, CD2, CZ

Frequency Per Structure = 0.016

Residue id Frequency Frequency Per | Residue Name | Atoms
Structure
A243 1 0.016 HIS NE2
OH
02
Res No. v R ' 02
Total 3.984 Res No. v R
WATER | 2.098 03 Total 2.000
OH
203 0918 THR N2 96 0.934 ARG
148 0623 HIS 94 0.820 GLN
N1
147 0.180 SER
OG
9 3
N2 Res N 7 R
0G1 N1 e 1?7
Res No. v R 1.738
Res No. v R Res No. v R Total
T | 0.459 WATER 1.492
ot Total | 2.246 Total | 0.770
WATER | 0.459 121 0.180 | ASN
222 0.770 GLN, GLU 61 0754 | VAL,
SER
61 0.721 THR, VAL, SER
WATER 0.557

Figure 3.19: Hydrogen bonding interactions made by hydrogen bond donors and acceptors of GFP
chromophore (shown in ball and stick representation.). V is the average frequency of hydrogen bonds.
R is the residues that make the hydrogen bonds.
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Analysis of catalytic residues for chromophore formation

Elizebeth Getzoff and coworkers solved structures of GFP (S65T variant with
enhanced fluorescence) in various stages of cyclisation to deduce the mechanism of
chromophore formation. The structures of these mutants are described in Table 3.3.
The key catalytic residue is arginine 96. The mutants of R96 take 3 months to cyclise
at 37°C. Another critical residue is glutamate 222. Note that both these residues form
consistent hydrogen bonds in Table 3.2 and Figure 3.5. We incorporate the catalytic
residues in our program by restricting the necessary hydrogen bonds identified in the

previous section to be from either of these residues.

The chromophore formation also requires a favourable main chain conformation for
the TYG tripeptide. This initial conformation of the main chain can be observed as
uncyclised TYG motif in the Getzoff mutant 1QXT and 1QY3, and uncyclised mutated
motif GGG in 1QYO (see Table 3.3). The structures 1QXT and 1QY3, however, have
an environment mutation of R96A (R96 is essential for efficient cyclisation) that forms
an empty space occupied by Y66, a conformation that is otherwise not available in the
wildtype. In these structures, the main chain conformation of Y66 is different from that
of its corresponding atoms in the cyclised chromophore. We found that the atoms (all
main chain) of the GGG motif in 1QYO match the corresponding positions of the
chromophore. In addition, the conformation of the key residues (listed above) in
chromophore formation and stabilisation is conserved in 1QYO. Thus, we selected the
backbone motif of 1QYO as our template for identifying engineering candidate

structures.

Table 3.3: State of GFP chromophore in various chromophore formation mutants (Barondeau et al.
2003)

Chromophore

PDB Mutation
State

Comments

TYG tripeptide in precyclised state. It has
1QXT | R96A Precyclised a different sidechain orientation from the
AlphaFold structure of the wild type.

Variant of the same mutant as 1QXT.
Have similar sidechain positions to 1QXT

A cyclised version of 1QXT and 1QY3. It’s
almost to WT, except for the missing R96.

1QY3 | R96A Precyclised

1QYF | R96A Cyclised
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Chromophore maturation was achieved by
incubation for 3 months at 37°C.

Anaerobic precyclised structure with GGG

T65G, : in place of TYG. The catalytic residues
1QYO Y66G Precyclised are not changed. RMSD of the backbone
is 0.5 A to that of 1QXT
T65G Cyclised GGG that forms a five-
1QYQ Y66G’ Cyclized membered ring in place of the

chromophore.

Search of RCSB PDB

We used our method to search 200199 structures from RCSB PDB. We found 12573
proteins that can be fluorescent upon mutation. Of these, 12513 were non-NMR
structures. From this, 26 proteins were selected manually based on the size of the
proteins, the number of interactions satisfied by native residues, changes in the
number of atoms before and after mutation and repetition of related structures in the

dataset.
We picked the following proteins from this list based on the following properties:

1. A combination of the number of native interactions, chain length and difference
in number of atoms. We picked proteins with less than 200 amino acids, which
only require two mutations in addition to the tripeptide, and the total change in
the number of atoms is less than 5. We found the following structures.

o 5 structures of cellular retinol-binding proteins
= 1CBR, 1CBS, 2FR3, 2G79, 50GB

o 4 structures of carbohydrate-binding proteins
= 2Y6G, 2Y6H, 2Y6J, 2Y6L

o 4 structures from other proteins with only one hit each
= 3K2Y, 3N2E, 4C8T, 7CG9

2. By protein size. We picked proteins with less than 90 amino acids. We found
the following structures.

o 3 structures from the SH3 domain
= 1ZX6, 5NXJ, 6CQ7

o 3 structures of MDM2 bound to inhibitors.
= 40GV, 6GGN, 7NUS
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o 4 structures from other proteins with only one hit each.
= 5J8Y, 6NZU, 6PSD, 6VYN
3. Less than one mutation (excluding tripeptide) and less than 300 amino acids in
length
o 1LM7, 3N2E and 7CG9

We further reduced the number of candidates by checking if the introduced mutations
reduced the number of interactions compared to the wild-type query protein. The hits
that satisfy this criterion are shown in Figure 3.6.

25 1

20 1

15 1

10 -

Number of mutations

o_
Vol NNy
gt orvel 006‘ ,32: VY qof\' M
SIS 404 00@0 AL

PDB ids

Figure 3.20: Number of combinations of mutations in different hits that do not reduce the number of
interactions. -axis shows the PDB IDs of the hits and an identifier that specifies the structural match. Y-
axis shows the number of combinations of mutations corresponding to the structure match that do not
reduce the number of interactions in the proteins.

These structures were manually inspected along with their wildtypes to create
candidates of different failure levels. These candidates were also categorised based

on their sequence similarity.

1. Low risk
o Carbohydrate-binding proteins
= 2YG6L, 2Y6G, 2Y6H (apo)
= Around five native interactions
o 1LM7, Intermediate filament binding fragment of desmoplakin
= 7 native interactions
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But no hit on homologs
Possibility of disulphide bond (no disulphide in structure)

o Retinol binding proteins:

2. Medium risk

1CBR, 2G79, 50GB, 2FR3, 50GB, 1CBS

Multiple structural matches

Around five native interactions

Buried chromophore

Positive gain in number of interactions (8 in some cases)

Apo structures cannot form

o MDM 2

6GGN (lower resolution at 2.0 A), 40GV
3 structures from two groups have structure match at the same
position.

0-2 native contacts

o SH3 domains

3. High risk
o 3K2Y

6CQ7

Multiple structural matches at the same site from different
proteins

But only one PDB does not lose interaction

2-3 native contacts

5 native interactions
SH3 domain
Different structure match from other SH3 hits

CB clash with chromophore.

Molecular dynamic simulations of mutant models

The models of mutants of the selected hits were further analysed using molecular

dynamic (MD) simulations. The trajectories of MD simulations were analysed to check

if the chromophore forms the predicted hydrogen bonds. We analysed the number of

interactions the chromophore forms at each simulation frame. These trajectories of

this number are then plotted vs simulation time for analysis.
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It is necessary to have a control to compare the trajectories as different parameters in
molecular dynamics simulations can have differing outcomes, particularly with special
residues like the chromophore. For this purpose, we use trajectories obtained from
GFP (PDB ID 1ema) (Figure 3.7). The trajectories of three replicates conclusively
show that the interactions made by OH and O2 atoms are paramount. The interactions
by these atoms are seldom broken (red and green traces in Figure 3.7 A, B and C).
Interactions by O3 were surprisingly rarely observed. We then conducted an identical
analysis for one representative for each family we identified. The model of a mutation
combination was used for this purpose. These are 2y6h for carbohydrate-binding
protein, 1Im7 the intermediate filament binding fragment of desmoplakin, 6ggm for
MDM2, 6¢q7 for SH3 domain and 3k2y an uncharacterised protein. Retinol-binding
proteins were excluded from our analysis as they could not be parametrised using the

same approach.

Our analysis shows that only 1iIm7 and 3k2y show consistent hydrogen bonds by OH
and O2 the chromophore (Figure 3.9 and Figure 3.12). In contrast, 2y6h, 6ggm and
6¢q7 show a minimal number of hydrogen bonds, which are unfortunately inconsistent
(Figure 3.8, Figure 3.10 and Figure 3.11). For this reason, we have selected 1Im7 and
3k2y for our experimental validation. In addition to these two, we have added retinol-

binding proteins to this list due to its many recurring hits.
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Figure 3.21: Trajectories of the number of interactions by each hydrogen bonding oxygen bonding
atoms in the chromophore for GFP (PDB ID 1EMA). Panels A, B and C show three different replicates.
Blue, orange, green and red show the trajectories for OG1, O3, O2 and OH respectively.
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Figure 3.22: Trajectories of number of interactions by each hydrogen bonding oxygen bonding atoms
in the chromophore for carbohydrate binding proteins with PDB ID 2y6h, mutated based on its mutation
combination 4. Panels A, B and C show three different replicates. Blue, orange, green and red show
the trajectories for OG1, O3, O2 and OH respectively.
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Figure 3.23: Trajectories of the number of interactions by each hydrogen bonding oxygen bonding
atoms in the chromophore for intermediate filament binding fragment of desmoplakin with PDB ID 1Im7,
mutated based on its structural match 2 and mutation combination 1. Panels A, B and C show three
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different replicates. Blue, orange, green and red show the trajectories for OG1, O3, O2 and OH
respectively.
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Figure 3.24: Trajectories of the number of interactions by each hydrogen bonding oxygen bonding
atoms in the chromophore for MDM2 protein with PDB ID 6ggn, mutated based on its structural match
1 and mutation combination 6. Panels A, B and C show three different replicates. Blue, orange, green
and red show the trajectories for OG1, O3, O2 and OH respectively.
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Figure 3.25: Trajectories of the number of interactions by each hydrogen bonding oxygen bonding
atoms in the chromophore for SH3 domain protein with PDB ID 6¢cq7, mutated based on its structural
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match 1 and mutation combination 3. Panels A, B and C show three different replicates. Blue, orange,
green and red show the trajectories for OG1, O3, O2 and OH respectively
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Figure 3.26: Trajectories of the number of interactions by each hydrogen bonding oxygen bonding
atoms in the chromophore for the uncharacterised protein with PDB ID 3k2y, mutated based on its
structural match 1 and mutation combination 1. Panels A, B and C show three different replicates. Blue,
orange, green and red show the trajectories for OG1, 03, O2 and OH respectively.
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Generating sequences for mutational libraries from combinations of mutations

Our program generates 25 combinations of mutations (as described in the section

‘Identification of interacting residues’) for each hit. A practical number of 25 was

chosen due to storage limitations. Each combination has 8 output files. Thus 12573

identified structures generate in excess (some structures have multiple hits) of

2,514,600 files (12573*25*8). In addition, lower ranking combinations would require

each larger number of lower ranking mutations, increasing the risk of destabilisation

(see section ‘Identification of interacting residues’). The combinations for 1Im7, 1cbs

and 3k2y are shown in Tables 3.4, 3.5 and 3.6, respectively.

Table 3.4: List of fluorescence-inducing mutations for 1im7.

Unique
Key

Combination
id

Number of
interactions
by native
residue

Mutations

1LM7-2-1

GLU(A2293)GLU, LEU(A2329)LEU; ILE(A2301)ILE,
LEU(A2310)LEU; ARG(A2214)ARG,
THR(A2337)THR; GLY(A2338)GLY

1LM7-2-2

GLU(A2293)ASP, LEU(A2329)LEU; ILE(A2301)ILE,
LEU(A2310)LEU; ARG(A2214)ARG,
THR(A2337)THR; GLY(A2338)GLY

1LM7-2-3

GLU(A2293)GLU, LEU(A2329)LEU; ILE(A2301)ILE,
LEU(A2310)LEU; ARG(A2214)ARG,
THR(A2337)THR; TYR(A2339)GLN

1LM7-2-4

GLU(A2293)GLU, LEU(A2329)LEU; ILE(A2301)ILE,
LEU(A2310)LEU; PRO(A2311)ARG,
THR(A2337)THR; GLY(A2338)GLY

1LM7-2-5

GLU(A2293)GLU, LEU(A2329)LEU;
LEU(A2310)LEU, ALA(A2315)ASP;
ARG(A2214)ARG, THR(A2337)THR;
GLY(A2338)GLY

1LM7-2-6

GLU(A2293)ASN, LEU(A2329)LEU; ILE(A2301)ILE,
LEU(A2310)LEU; ARG(A2214)ARG,
THR(A2337)THR; GLY(A2338)GLY

1LM7-2-7

GLU(A2293)ASP, LEU(A2329)LEU; ILE(A2301)ILE,
LEU(A2310)LEU; ARG(A2214)ARG,
THR(A2337)THR; TYR(A2339)GLN

1LM7-2-8

GLU(A2293)ASP, LEU(A2329)LEU; ILE(A2301)ILE,
LEU(A2310)LEU; PRO(A2311)ARG,
THR(A2337)THR; GLY(A2338)GLY
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GLU(A2293)ASP, LEU(A2329)LEU; LEU(A2310)LEU,
ALA(A2315)ASP; ARG(A2214)ARG,

1LM7-2-9 9 5 | THR(A2337)THR; GLY(A2338)GLY
GLU(A2293)GLU, LEU(A2329)LEU; ILE(A2301)ILE,

1LM7-2- LEU(A2310)LEU; ARG(A2214)ARG,

10 10 6 | THR(A2337)SER; GLY(A2338)GLY
GLU(A2293)GLU, LEU(A2329)LEU; ILE(A2301)ILE,

1LM7-2- LEU(A2310)LEU; ARG(A2214)ARG,

11 11 6 | THR(A2337)THR; TYR(A2339)TRP
GLU(A2293)GLU, LEU(A2329)LEU; ILE(A2301)ILE,

1LM7-2- LEU(A2310)LEU; PRO(A2311)ARG,

12 12 5 | THR(A2337)THR; TYR(A2339)GLN
GLU(A2293)GLU, LEU(A2329)LEU; ILE(A2301)ILE,

1LM7-2- ALA(A2315)ASP; ARG(A2214)ARG,

13 13 6 | THR(A2337)THR; GLY(A2338)GLY

GLU(A2293)GLU, LEU(A2329)LEU;
LEU(A2310)LEU, ALA(A2315)ASP;
1LM7-2- ARG(A2214)ARG, THR(A2337)THR;
14 14 5 | TYR(A2339)GLN

GLU(A2293)GLU, LEU(A2329)LEU;
LEU(A2310)LEU, ALA(A2315)ASP;

1LM7-2- PRO(A2311)ARG, THR(A2337)THR;
15 15 5 | GLY(A2338)GLY
GLU(A2293)ASN, LEU(A2329)LEU; ILE(A2301)ILE,
1LM7-2- LEU(A2310)LEU; ARG(A2214)ARG,
16 16 5 | THR(A2337)THR; TYR(A2339)GLN
GLU(A2293)ASN, LEU(A2329)LEU; ILE(A2301)ILE,
1LM7-2- LEU(A2310)LEU; PRO(A2311)ARG,
17 17 5 | THR(A2337)THR; GLY(A2338)GLY

GLU(A2293)ASN, LEU(A2329)LEU;
LEU(A2310)LEU, ALA(A2315)ASP;

1LM7-2- ARG(A2214)ARG, THR(A2337)THR;

18 18 5 | GLY(A2338)GLY
GLU(A2293)ASP, LEU(A2329)LEU; ILE(A2301)ILE,

1LM7-2- LEU(A2310)LEU; ARG(A2214)ARG,

19 19 5 | THR(A2337)SER; GLY(A2338)GLY
GLU(A2293)ASP, LEU(A2329)LEU; ILE(A2301)ILE,

1LM7-2- LEU(A2310)LEU; ARG(A2214)ARG,

20 20 5 | THR(A2337)THR; TYR(A2339)TRP
GLU(A2293)ASP, LEU(A2329)LEU; ILE(A2301)ILE,

1LM7-2- LEU(A2310)LEU; PRO(A2311)ARG,

21 21 4 | THR(A2337)THR; TYR(A2339)GLN
GLU(A2293)ASP, LEU(A2329)LEU; ILE(A2301)ILE,

1LM7-2- ALA(A2315)ASP; ARG(A2214)ARG,

22 22 5 | THR(A2337)THR; GLY(A2338)GLY
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GLU(A2293)ASP, LEU(A2329)LEU; LEU(A2310)LEU,

1LM7-2- ALA(A2315)ASP; ARG(A2214)ARG,

23 23 4 | THR(A2337)THR; TYR(A2339)GLN
GLU(A2293)ASP, LEU(A2329)LEU; LEU(A2310)LEU,

1LM7-2- ALA(A2315)ASP; PRO(A2311)ARG,

24 24 4 | THR(A2337)THR; GLY(A2338)GLY
GLU(A2293)GLU, LEU(A2329)LEU; ILE(A2301)ILE,

1LM7-2- LEU(A2310)LEU; ARG(A2214)ARG,

25 25 6 | THR(A2337)CYS; GLY(A2338)GLY

Table 3.5: List of fluorescence-inducing mutations for 1cbs.

Unique
Key

Combination
id

Number of
interactions
by native
residue

Mutations

1CBS-1-1

ALA(A
VAL(A
SER(A

32)ALA, THR(A
76)VAL; PHE(A
12)ARG

56)THR; ARG(A 59)ARG,
15)ARG, ARG(A 132)ARG;

1CBS-1-2

ALA(A
VAL(A
SER(A

32)ALA, THR(A
76)VAL; PHE(A
12)ARG

56)GLU; ARG(A 59)ARG,
15)ARG, ARG(A 132)ARG;

1CBS-1-3

ALA(A
VAL(A

32)ALA, THR(A
76)VAL; PHE(A

ILE(A 9)ARG

56)THR; ARG(A 59)ARG,
15)ARG, ARG(A 132)ARG;

1CBS-1-4

ALA(A
GLY(A
SER(A

32)ALA, THR(A
78)TYR; PHE(A
12)ARG

56)THR; VAL(A 76)VAL,
15)ARG, ARG(A 132)ARG;

1CBS-1-5

ALA(A
VAL(A

32)ALA, THR(A
76)VAL; PHE(A

ILE(A 9)ARG

56)GLU; ARG(A 59)ARG,
15)ARG, ARG(A 132)ARG;

1CBS-1-6

ALA(A
GLY(A
SER(A

32)ALA, THR(A
78)TYR; PHE(A
12)ARG

56)GLU; VAL(A 76)VAL,
15)ARG, ARG(A 132)ARG;

1CBS-1-7

ALA(A
VAL(A
SER(A

32)ALA, THR(A

56)THR; ARG(A 59)ARG,

76)VAL; ILE(A 9)ARG, ARG(A 132)ARG;

12)ARG

1CBS-1-8

ALA(A
VAL(A

32)ALA, THR(A

56)THR; ARG(A 59)ARG,

76)VAL; SER(A 12)ARG, ARG(A 132)ARG;
ILE(A 9)ARG

1CBS-1-9

ALA(A
VAL(A

32)ALA, THR(A
76)VAL; PHE(A

ILE(A 9)TYR

56)THR; ARG(A 59)ARG,
15)ARG, ARG(A 132)ARG;

1CBS-1-10

10

ALA(A
GLY(A
SER(A

32)ALA, THR(A
78)TYR; PHE(A
12)ARG

56)THR; ARG(A 59)ARG,
15)ARG, ARG(A 132)ARG;
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1CBS-1-11

11

ALA(A 32)ALA, THR(A 56)THR; VAL(A 76)VAL,

GLY(A

78)TYR; PHE(A

ILE(A 9)ARG

15)ARG, ARG(A 132)ARG;

1CBS-1-12

12

ALA(A
VAL(A
SER(A

32)ALA, VAL(A
76)VAL; PHE(A
12)ARG

58)ASP; ARG(A 59)ARG,
15)ARG, ARG(A 132)ARG;

1CBS-1-13

13

ALA(A
VAL(A
SER(A

32)ALA, THR(A

56)GLU; ARG(A 59)ARG,

76)VAL; ILE(A 9)ARG, ARG(A 132)ARG;

12)ARG

1CBS-1-14

14

ALA(A
VAL(A

32)ALA, THR(A
76)VAL; SER(A

ILE(A 9)ARG

56)GLU; ARG(A 59)ARG,
12)ARG, ARG(A 132)ARG;

1CBS-1-15

15

ALA(A
VAL(A

32)ALA, THR(A
76)VAL; PHE(A

ILE(A 9)TYR

56)GLU; ARG(A 59)ARG,
15)ARG, ARG(A 132)ARG;

1CBS-1-16

16

ALA(A
GLY(A
SER(A

32)ALA, THR(A
78)TYR; PHE(A
12)ARG

56)GLU; ARG(A 59)ARG,
15)ARG, ARG(A 132)ARG;

1CBS-1-17

17

ALA(A
GLY(A

32)ALA, THR(A
78)TYR; PHE(A

ILE(A 9)ARG

56)GLU; VAL(A 76)VAL,
15)ARG, ARG(A 132)ARG;

1CBS-1-18

18

ALA(A
VAL(A
SER(A

32)ALA, THR(A
76)VAL; PHE(A
12)ARG

56)SER; ARG(A 59)ARG,
15)ARG, ARG(A 132)ARG;

1CBS-1-19

19

ALA(A
VAL(A

32)ALA, THR(A
76)VAL; SER(A

ILE(A 9)TYR

56)THR; ARG(A 59)ARG,
12)ARG, ARG(A 132)ARG;

1CBS-1-20

20

ALA(A
GLY(A

32)ALA, THR(A
78)TYR; PHE(A

ILE(A 9)ARG

56)THR; ARG(A 59)ARG,
15)ARG, ARG(A 132)ARG;

1CBS-1-21

21

ALA(A
VAL(A
SER(A

32)ALA, THR(A
76)VAL; PHE(A
12)ARG

56)THR; ARG(A 59)GLU,
15)ARG, ARG(A 132)ARG;

1CBS-1-22

22

ALA(A
GLY(A
SER(A

32)ALA, THR(A

56)THR; VAL(A 76)VAL,

78)TYR; ILE(A 9)ARG, ARG(A 132)ARG;

12)ARG

1CBS-1-23

23

ALA(A
GLY(A

32)ALA, THR(A

56)THR; VAL(A 76)VAL,

78)TYR; SER(A 12)ARG, ARG(A 132)ARG;
ILE(A 9)ARG

1CBS-1-24

24

ALA(A
GLY(A

32)ALA, THR(A
78)TYR; PHE(A

ILE(A 9)TYR

56)THR; VAL(A 76)VAL,
15)ARG, ARG(A 132)ARG;

1CBS-1-25

25

ALA(A
VAL(A

32)ALA, VAL(A
76)VAL; PHE(A

ILE(A 9)ARG

58)ASP; ARG(A 59)ARG,
15)ARG, ARG(A 132)ARG;
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Table 3.6: List of fluorescence-inducing mutations for 3k2y.

Number of
interactions

Unique Combination | by native
Key id residue Mutations

ILE(C 22)ILE, ALA(C 58)HIS; GLU(C 16)GLU, LEU(C

60)LEU; LEU(C 88)ARG, GLN(C 90)GLN; ARG(C
3K2Y-1-1 1 5 | 30)ARG

ILE(C 22)ILE, ALA(C 58)HIS; GLU(C 16)GLU, LEU(C

60)LEU; LEU(C 88)ARG, GLN(C 90)CYS; ARG(C
3K2Y-1-2 2 4 | 30)ARG

ILE(C 22)ILE, ALA(C 58)TRP; GLU(C 16)GLU,

LEU(C 60)LEU; LEU(C 88)ARG, GLN(C 90)GLN;
3K2Y-1-3 3 5 | ARG(C 30)ARG

ILE(C 22)ILE, THR(C 54)GLU; GLU(C 16)GLU,

LEU(C 60)LEU; LEU(C 88)ARG, GLN(C 90)GLN;
3K2Y-1-4 4 5 | ARG(C 30)ARG

ILE(C 22)ILE, ALA(C 58)HIS; GLU(C 16)GLU, LEU(C

60)LEU; LEU(C 88)ARG, GLN(C 90)ARG; ARG(C
3K2Y-1-5 5 4 | 30)ARG

ILE(C 22)ILE, ALA(C 58)TRP; GLU(C 16)GLU,

LEU(C 60)LEU; LEU(C 88)ARG, GLN(C 90)CYS;
3K2Y-1-6 6 4 | ARG(C 30)ARG

ILE(C 22)ILE, THR(C 54)GLU; GLU(C 16)GLU,

LEU(C 60)LEU; LEU(C 88)ARG, GLN(C 90)CYS;
3K2Y-1-7 7 4 | ARG(C 30)ARG

ILE(C 22)ILE, ALA(C 58)HIS; GLU(C 16)GLU, LEU(C

60)LEU; LEU(C 88)ARG, GLN(C 90)ASN; ARG(C
3K2Y-1-8 8 4 | 30)ARG

ILE(C 22)ILE, ALA(C 58)HIS; LEU(C 60)LEU, GLY(C

61)HIS; LEU(C 88)ARG, GLN(C 90)GLN; ARG(C
3K2Y-1-9 9 4 | 30)ARG

ILE(C 22)ILE, ALA(C 58)TRP; GLU(C 16)GLU,
3K2Y-1- LEU(C 60)LEU; LEU(C 88)ARG, GLN(C 90)ARG;
10 10 4 | ARG(C 30)ARG

ILE(C 22)ILE, LEU(C 60)GLU; GLU(C 16)GLU,
3K2Y-1- GLY(C 61)HIS; LEU(C 88)ARG, GLN(C 90)GLN;
11 11 4 | ARG(C 30)ARG

ILE(C 22)ILE, THR(C 54)GLU; GLU(C 16)GLU,
3K2Y-1- LEU(C 60)LEU; LEU(C 88)ARG, GLN(C 90)ARG;
12 12 4 | ARG(C 30)ARG

ILE(C 22)ILE, ALA(C 58)ASN; GLU(C 16)GLU,
3K2Y-1- LEU(C 60)LEU; LEU(C 88)ARG, GLN(C 90)GLN;
13 13 5 | ARG(C 30)ARG
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ILE(C 22)ILE, ALA(C 58)HIS; GLU(C 16)GLU, LEU(C

3K2Y-1- 60)LEU; LEU(C 88)ARG, GLN(C 90)LYS; ARG(C
14 14 30)ARG

ILE(C 22)ILE, ALA(C 58)HIS; GLU(C 16)GLU, GLY(C
3K2Y-1- 61)HIS; LEU(C 88)ARG, GLN(C 90)GLN; ARG(C
15 15 30)ARG

ILE(C 22)ILE, ALA(C 58)HIS; LEU(C 60)LEU, GLY(C
3K2Y-1- 61)HIS; LEU(C 88)ARG, GLN(C 90)CYS; ARG(C
16 16 30)ARG

ILE(C 22)ILE, ALA(C 58)TRP; GLU(C 16)GLU,
3K2Y-1- LEU(C 60)LEU; LEU(C 88)ARG, GLN(C 90)ASN;
17 17 ARG(C 30)ARG

ILE(C 22)ILE, ALA(C 58)TRP; LEU(C 60)LEU, GLY(C
3K2Y-1- 61)HIS; LEU(C 88)ARG, GLN(C 90)GLN; ARG(C
18 18 30)ARG

ILE(C 22)ILE, LEU(C 60)GLU; GLU(C 16)GLU,
3K2Y-1- GLY(C 61)HIS; LEU(C 88)ARG, GLN(C 90)CYS;
19 19 ARG(C 30)ARG

ILE(C 22)ILE, THR(C 54)GLU; GLU(C 16)GLU,
3K2Y-1- LEU(C 60)LEU; LEU(C 88)ARG, GLN(C 90)ASN;
20 20 ARG(C 30)ARG

ILE(C 22)ILE, THR(C 54)GLU; LEU(C 60)LEU,
3K2Y-1- GLY(C 61)HIS; LEU(C 88)ARG, GLN(C 90)GLN;
21 21 ARG(C 30)ARG

ILE(C 22)ILE, ALA(C 58)ASN; GLU(C 16)GLU,
3K2Y-1- LEU(C 60)LEU; LEU(C 88)ARG, GLN(C 90)CYS;
22 22 ARG(C 30)ARG

ILE(C 22)ILE, ALA(C 58)HIS; GLU(C 16)GLU, GLY(C
3K2Y-1- 61)HIS; LEU(C 88)ARG, GLN(C 90)CYS; ARG(C
23 23 30)ARG

ILE(C 22)ILE, ALA(C 58)HIS; LEU(C 60)LEU, GLY(C
3K2Y-1- 61)ASP; LEU(C 88)ARG, GLN(C 90)GLN; ARG(C
24 24 30)ARG

ILE(C 22)ILE, ALA(C 58)HIS; LEU(C 60)LEU, GLY(C
3K2Y-1- 61)HIS; LEU(C 88)ARG, GLN(C 90)ARG; ARG(C
25 25 30)ARG

If our program has perfect accuracy, generating any of the 75 mutants in Tables 3.4,

3.5 and 3.6 should result in a fluorescent protein. However, since that is unlikely, we

aim to create a mutational library that samples all the mutations and their combinations

predicted in the tables. For this purpose, we generate a new DNA sequence that

combines all the amino acid mutations using degeneracy code. This is because the

degeneracy codes (Table 3.7) can be used to synthesise DNA containing combinations
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specified by the degeneracy. These predicted DNA sequences for 1cbs and 3k2y are

shown in Table 3.8.

Notice that in top-ranking hits for 1Im7, all seven interactions can be satisfied by the

native residues, and only the chromophore-forming tripeptide needs to be introduced.

Thus, 1lm7 rank one was cloned manually.

Table 3.7: IUPAC codes for degenerate nucleotides

IUPAC code Bases

R

AorG

CorT

GorC

AorT

GorT

AorC

CorGorT

AorGorT

AorCorT

AorCorG

zl <l |0 W =z X 5| 0 <

AorTorGorC

Table 3.8:

Sequences containing positions with degeneracy.

PDB
ID

Predicted degenerate DNA sequence with mutations encoded by degenerate
sequence

1cbs

TATGCCCAACTTCTCTGGCAACTGGAAAHDCATCCGAMGCGAAAACY
KCGAGGAATTGCTCAAAGTGCTGGGGGTGAATGTGATGCTGAGGAAG
ATTGCTGTGGCTACCTACGGTAAGCCAGCAGTGGAGATCAAACAGGA
GGGAGACACTTTCTACATCAAAACCTCCDMAACCGWTRRAACCACAG
AGATTAACTTCAAGGTTGGGGAGGAGTTTGAGGAGCAGACTGTGGAT
KRCAGGCCCTGTAAGAGCCTGGTGAAATGGGAGAGTGAGAATAAAAT
GGTCTGTGAGCAGAAGCTCCTGAAGGGAGAGGGCCCCAAGACCTCG
TGGACCAGAGAACTGACCAACGATGGGGAACTGATCCTGACCATGAC
GGCGGATGACGTTGTGTGCACCAGGGTTTCCGTCCGAAAGTAA

3k2y

ATGACAGGCGATGCAGCCGTCGCATTGGATACAGTCACGGTCGTTGG
CGAACGGTATGTCGATGATATTGTGGCAACGTACGGTACGCTCAGAG
TGGGTATGGCGGTGTTGCTCCAGCGAGAAAGTGGCAATCAATACGAT
GATAATGCCATCTCAGTGTGGRMATTGCAACATNVSAAGSWGSRCTA
CATTGCCCGGTATCAGAACCAGCCGTACGCGACACTGATGGATCAGG
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GGCAACGATTGTATGGCATCGTGACGGTACGTGATHRMCAAAAACAG
CATCTTGAATTGATGCTATGGCGG

Generating fragments for DNA synthesis

We need to fragment the sequences from Table 3.8 into smaller sections as the
accurate synthesis of oligonucleotides is limited by length (120 bases as specified by
Sigma Aldrich). We then use Golden Gate assembly (Engler, Kandzia, and Marillonnet
2008) to assemble these to generate full-length sequences. Golden gate assembly
relies on unique complementary four-base pair overhangs that form after digestion of
type lls endonucleases. Although any four-base pair can be used for this purpose, all
‘4mers’ do not have the same ligation efficiency due to mild sequence preferences of
DNA ligases and non-Watson Crick base pairing. The efficiency and fidelity of all
‘4mers’ have previously been determined, and based on this data, a program called
SplitSet was developed to identify ideal break sites (Potapov, Ong, Kucera, et al. 2018;
Potapov, Ong, Langhorst, et al. 2018; Pryor et al. 2020, 2022). SplitSet has various
shortcomings that make it unsuitable for our work, and we address them with our
method, Overhang Optimiser for Golden Gate Assembly (OOGGA) (Chapter 4). We
used OOGGA to fragment the DNA sequences from Table 3.8 to generate the
sequences shown in Table 3.9 and Table 3.10 for 1cbs and 3k2y, respectively. Note
that these sequences also contain the adapter sequences for golden gate assembly.

These fragments were purchased as oligonucleotides from Sigma Aldrich.

Table 3.9: Oligonucleotides predicted by OOGGA for golden gate assembly for 1cbs.

Oligos | Oligo | Oligo sequence 5' - 3'

Names | length

F1F 84 | GGCTACGGTCTCCTATGCCCAACTTCTCTGGCAACTGGAAAHDCATCCGAM
GCGAAAACYKCGAGGAATTGGGAGACCGTAGCC

F1R 84 | GGCTACGGTCTCCCAATTCCTCGMRGTTTTCGCKTCGGATGHDTTTCCAGTT
GCCAGAGAAGTTGGGCATAGGAGACCGTAGCC

F2F 95 | GGCTACGGTCTCCATTGCTCAAAGTGCTGGGGGTGAATGTGATGCTGAGGA
AGATTGCTGTGGCTACCTACGGTAAGCCAGCGGAGACCGTAGCC

F2R 95 | GGCTACGGTCTCCGCTGGCTTACCGTAGGTAGCCACAGCAATCTTCCTCAGC
ATCACATTCACCCCCAGCACTTTGAGCAATGGAGACCGTAGCC
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F3F 73 | GGCTACGGTCTCCCAGCAGTGGAGATCAAACAGGAGGGAGACACTTTCTAC
ATCAAAACCGGAGACCGTAGCC

F3R 73 | GGCTACGGTCTCCGGTTTTGATGTAGAAAGTGTCTCCCTCCTGTTTGATCTCC
ACTGCTGGGAGACCGTAGCC

FAF 92 | GGCTACGGTCTCCAACCTCCDMAACCGWTRRAACCACAGAGATTAACTTCA
AGGTTGGGGAGGAGTTTGAGGAGCAGACGGAGACCGTAGCC

FAR 92 | GGCTACGGTCTCCGTCTGCTCCTCAAACTCCTCCCCAACCTTGAAGTTAATCT
CTGTGGTTYYAWCGGTTKHGGAGGTTGGAGACCGTAGCC

F5F 96 | GGCTACGGTCTCCAGACTGTGGATKRCAGGCCCTGTAAGAGCCTGGTGAAA
TGGGAGAGTGAGAATAAAATGGTCTGTGAGCAGGAGACCGTAGCC

F5R 96 | GGCTACGGTCTCCTGCTCACAGACCATTTTATTCTCACTCTCCCATTTCACCAG
GCTCTTACAGGGCCTGYMATCCACAGTCTGGAGACCGTAGCC

Table 3.10: Oligonucleotides predicted by OOGGA for golden gate assembly for 3k2y.

Oligos | Oligo | Oligo sequence 5' - 3'

Names | length

F1F 104 | GGCTACGGTCTCCTATGACAGGCGATGCAGCCGTCGCATTGGATACAGTCA
CGGTCGTTGGCGAACGGTATGTCGATGATATTGTGGCAACGGAGACCGTAG
cC

F1R 104 | GGCTACGGTCTCCGTTGCCACAATATCATCGACATACCGTTCGCCAACGACC
GTGACTGTATCCAATGCGACGGCTGCATCGCCTGTCATAGGAGACCGTAGC
C

F2F 94 | GGCTACGGTCTCCCAACGTACGGTACGCTCAGAGTGGGTATGGCGGTGTTG
CTCCAGCGAGAAAGTGGCAATCAATACGATGGAGACCGTAGCC

F2R 94 | GGCTACGGTCTCCATCGTATTGATTGCCACTTTCTCGCTGGAGCAACACCGC
CATACCCACTCTGAGCGTACCGTACGTTGGGAGACCGTAGCC

F3F 112 | GGCTACGGTCTCCCGATGATAATGCCATCTCAGTGTGGRMATTGCAACATN

VSAAGSWGSRCTACATTGCCCGGTATCAGAACCAGCCGTACGCGACACGGA
GACCGTAGCC
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F3R 112 | GGCTACGGTCTCCGTGTCGCGTACGGCTGGTTCTGATACCGGGCAATGTAG
YSCWSCTTSBNATGTTGCAATKYCCACACTGAGATGGCATTATCATCGGGAG
ACCGTAGCC

FAF 119 | GGCTACGGTCTCCACACTGATGGATCAGGGGCAACGATTGTATGGCATCGT
GACGGTACGTGATHRMCAAAAACAGCATCTTGAATTGATGCTATGGCGGTA
GCATGGAGACCGTAGCC

FAR 119 | GGCTACGGTCTCCATGCTACCGCCATAGCATCAATTCAAGATGCTGTTTTTGK
YDATCACGTACCGTCACGATGCCATACAATCGTTGCCCCTGATCCATCAGTGT
GGAGACCGTAGCC

Library preparation by Golden Gate assembly

Golden gate assembly was performed using the Bsal golden gate assembly kit from
New England Biolabs (NEB) using the protocol specified by the manufacturer. The
fragments were introduced into the empty linearised vector pCA24n. 10 ul of the
reaction was transformed using the heat shock method into LA Plates with
chloramphenicol and 0.1 mM IPTG to select the transformants and to induce the
expression, respectively. The plates were grown for 15 hours, and the colonies were

imaged in an Invitrogen iBright 1500 with automatic exposure.

Our negative control is the empty vector, and our positive control is pPCA24nFolA-GFP,
which produces the fusion proteins containing GFP when induced with IPTG. The
comparison between the FolA-GFP and negative control is shown in Figure 3.13,
panel A. Notice that the negative control is almost invisible. The green colour is from
the low intensity of auto-fluorescence from the plate and colonies. All colonies from
both the mutant libraries show fluorescence levels close to the negative control auto-
fluorescent (Figure 3.13 B). The colonies in the libraries and empty vector in Figure
3.13 panel B appear to show similar fluorescence in comparison to panel A. This is
because the iBright 1500 used to image the plates automatically adjusts its sensitivity
to the highest level, which in the case of panel B was autofluorescence. Thus, the
panels in Figure 3.13 must be compared based on the corresponding negative
controls. This experiment was repeated two additional times and was also separately
repeated using electrocompetent cells, yielding similar results. The cells from the

library were also analysed by flow cytometry but yielded negative results.
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Empty vector 1 pCA24N FolA GFP Empty vector 1 1cbs Mutant library 3k27 Mutant library

Figure 3.27: Expression of mutant libraries. Panel A show a positive control for fluorescence with FolA
GFP construct. Panel B shows the two mutant libraries in comparison to the negative control.

Cloning top ranking mutants

We have also generated clones for mutants of the top 3 ranks for 1cbs and 3k2y. The
DNA sequences were purchased as gene fragments from GeneScript via the local
intermediary CellBioasis. These sequences are shown in Table 3.11. The gene
fragments were inserted into pCA24N vector. The transformed colonies were isolated

and streaked.

None of the clones showed a higher level of fluorescence that the negative control
(Figure 3.14).

Table 3.11: Sequence for gene order for top 3 ranking combinations from Tables 3.5
and 3.6.

Name length | sequence

RBP_rank1l 447 | GGCTACGGTCTCCTATGCCCAACTTCTCTGGCAACTGGAAAATCATCCG
AAAAGAAAACTTCGAGGAATTGCTCAAAGTGCTGGGGGTGAATGTGA
TGCTGAGGAAGATTGCTGTGGCTACCTATGGCAAGCCAGCAGTGGAG
ATCAAACAGGAGGGAGACACTTTCTACATCAAAACCTCCACCACCGTG
CGCACCACAGAGATTAACTTCAAGGTTGGGGAGGAGTTTGAGGAGCA
GACTGTGGATGGGAGGCCCTGTAAGAGCCTGGTGAAATGGGAGAGTG
AGAATAAAATGGTCTGTGAGCAGAAGCTCCTGAAGGGAGAGGGCCCC
AAGACCTCGTGGACCAGAGAACTGACCAACGATGGGGAACTGATCCT
GACCATGACGGCGGATGACGTTGTGTGCACCAGGGTTTCCGTCCGAAA
GTAGCATGGAGACCGTAGCC
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RBP_rank2

447

GGCTACGGTCTCCTATGCCCAACTTCTCTGGCAACTGGAAAATCATCCG
AAAAGAAAACTTCGAGGAATTGCTCAAAGTGCTGGGGGTGAATGTGA
TGCTGAGGAAGATTGCTGTGGCTACCTATGGCAAGCCAGCAGTGGAG
ATCAAACAGGAGGGAGACACTTTCTACATCAAAACCTCCGAAACCGTG
CGCACCACAGAGATTAACTTCAAGGTTGGGGAGGAGTTTGAGGAGCA
GACTGTGGATGGGAGGCCCTGTAAGAGCCTGGTGAAATGGGAGAGTG
AGAATAAAATGGTCTGTGAGCAGAAGCTCCTGAAGGGAGAGGGCCCC
AAGACCTCGTGGACCAGAGAACTGACCAACGATGGGGAACTGATCCT
GACCATGACGGCGGATGACGTTGTGTGCACCAGGGTTTCCGTCCGAAA
GTAGCATGGAGACCGTAGCC

RBP_rank3

447

GGCTACGGTCTCCTATGCCCAACTTCTCTGGCAACTGGAAAATCATCCG
AAAAGAAAACTTCGAGGAATTGCTCAAAGTGCTGGGGGTGAATGTGA
TGCTGAGGAAGATTGCTGTGGCTACCTATGGCCGTCCAGCAGTGGAGA
TCAAACAGGAGGGAGACACTTTCTACATCAAAACCTCCACCACCGTGC
GCACCACAGAGATTAACTTCAAGGTTGGGGAGGAGTTTGAGGAGCAG
ACTGTGGATGGGAGGCCCTGTAAGAGCCTGGTGAAATGGGAGAGTGA
GAATAAAATGGTCTGTGAGCAGAAGCTCCTGAAGGGAGAGGGCCCCA
AGACCTCGTGGACCAGAGAACTGACCAACGATGGGGAACTGATCCTG
ACCATGACGGCGGATGACGTTGTGTGCACCAGGGTTTCCGTCCGAAAG
TAGCATGGAGACCGTAGCC

3K2Y_rank1l

339

GGCTACGGTCTCCTATGACAGGCGATGCAGCCGTCGCATTGGATACAG
TCACGGTCGTTGGCGAACGGTATGTCGATGATATTGTGGCAACCTATG
GCACGCTCAGAGTGGGTATGGCGGTGTTGCTCCAGCGAGAAAGTGGC
AATCAATACGATGATAATGCCATCTCAGTGTGGACGTTGCAACATCATA
AGTTAGGCTACATTGCCCGGTATCAGAACCAGCCGTACGCGACACTGA
TGGATCAGGGGCAACGATTGTATGGCATCGTGACGGTACGTGATCAG
CAAAAACAGCATCTTGAATTGATGCTATGGCGGTAGCATGGAGACCGT
AGCC

3K2Y_rank2

339

GGCTACGGTCTCCTATGACAGGCGATGCAGCCGTCGCATTGGATACAG
TCACGGTCGTTGGCGAACGGTATGTCGATGATATTGTGGCAACCTATG
GCACGCTCAGAGTGGGTATGGCGGTGTTGCTCCAGCGAGAAAGTGGC
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AATCAATACGATGATAATGCCATCTCAGTGTGGACGTTGCAACATCATA
AGTTAGGCTACATTGCCCGGTATCAGAACCAGCCGTACGCGACACTGA

TGGATCAGGGGCAACGATTGTATGGCATCGTGACGGTACGTGATTGCC
AAAAACAGCATCTTGAATTGATGCTATGGCGGTAGCATGGAGACCGTA
GCC

3K2Y_rank3 339 | GGCTACGGTCTCCTATGACAGGCGATGCAGCCGTCGCATTGGATACAG
TCACGGTCGTTGGCGAACGGTATGTCGATGATATTGTGGCAACCTATG
GCACGCTCAGAGTGGGTATGGCGGTGTTGCTCCAGCGAGAAAGTGGC
AATCAATACGATGATAATGCCATCTCAGTGTGGACGTTGCAACATTGG
AAGTTAGGCTACATTGCCCGGTATCAGAACCAGCCGTACGCGACACTG
ATGGATCAGGGGCAACGATTGTATGGCATCGTGACGGTACGTGATCA
GCAAAAACAGCATCTTGAATTGATGCTATGGCGGTAGCATGGAGACCG
TAGCC

1cbs rank 1 1cbs rank 2 1cbs rank 3

N
N

No induction 0.1mM IPTG No induction 0.1mM IPTG No induction 0.1mM IPTG

3k2y rank 1 3k2y rank 2 3k2y rank 3

0.1mM IPTG No induction No induction 0.1mM IPTG 0.1mM IPTG No induction

Figure 3.28: Panels show green fluorescence signal in streaks of bacteria expressing the protein
encoded by the mutant sequences mentioned in the rows of Table 3.11. Each Panel also contains a
negative control where there is no induction of the promoter.

Discussion
Proteins are the tools that biological systems evolved to execute various functions.
Our aim in this project is to repurpose these tools for various industrial, medical, and

scientific applications. To this end, we have described a method to transfer the function

of one protein into another. We aim to achieve this solely by transferring the chemical
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and structural features responsible for the function. We have predicted mutations in
12513 proteins that can make those proteins fluorescent. We have hand-selected 26
proteins from this set and reduced it to 3 proteins, through MD simulations and
clustering based on similarity. We experimentally tested two of the three proteins and
found them to be nonfluorescent, suggesting our method's failure. We are in the

process of testing 1lm7, the third protein.
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Chapter 4: Overhang Optimizer for Golden Gate Assembly
(OOGGA)
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Introduction

Golden gate cloning is a molecular cloning method used to assemble multiple
fragments of DNA in a specific orientation (Engler, Kandzia, and Marillonnet 2008).
This is achieved using type lIs restriction enzymes such as Bsal and BsmBI. These
restriction enzymes recognize specific 6 nucleotide sequence motifs, and cut the DNA
at 1/5 sites downstream, creating a 4 base pair overhang at non-specific sites. These
sites can be chosen such that DNA fragments share complementary overhangs that
lead to assemblies facilitated by Watson-Crick base pairing. The nicks in these
assemblies are ligated by DNA ligases (for example T4 and T7) present in the reaction
to create progressively larger segments of DNA. This method is capable of accurately
assembling more than 50 fragments of DNA (Pryor et al. 2020, 2022).

The accuracy of this method depends on sequence complementarity conferred by
Watson-Crick base pairing. But there are exceptions to this rule that lead to
mismatches, contributing to errors in assembly. Moreover, DNA ligases have
sequence preferences that determine the efficiency and accuracy of ligation (Bilotti et
al. 2022). The ligation efficiency for all 256 X 256 pairwise combinations of four base
pair overhangs has been determined by single molecule sequencing (Potapov,
Jennifer L Ong, et al. 2018; Potapov, Jennifer L. Ong, et al. 2018). Selecting high-
ranking overhangs from these data (in terms of efficiency and fidelity) is necessary for
robust experimental designs. Manual selection of these overhangs can get

cumbersome and error-prone.

The tool, NEBridge SplitSet® (SplitSet) uses data from Potatov et. al. to predict
fragments of a DNA sequence with high-fidelity overhangs based on the number of
required fragments. SplitSet Monte Carlo search approach which identifies a high-
fidelity set of overhangs from a large number of possible combinations (10" for 10
overhangs) (Pryor et al. 2020). However, Monte Carlo is not deterministic and does
not guarantee the best set of overhangs and the results from Monte Carlo simulations
also differ from one run to another. Moreover, the method, while optimizing for fidelity,
ignores the efficiency of ligation which is critical for applications like mutational
screening, where the resulting larger populations are helpful and sometimes

necessary.
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Here we report a program called Overhang Optimizer for Golden Gate Assembly
(OOGGA). This program uses dynamic programming to find the fragments of a given
DNA sequence with the best set of overhangs, given the range of fragment length (the
required number of fragments can also be provided). The efficiency and fidelity
matrices, derived from the single molecule sequencing data generated by Potapov et
al, are optimized in the process. We compare 5 fragments predicted for DNA
sequences by both OOGGA and SplitSet. Compared to SplitSet, OOGGA predicts
fragments with higher fidelity overhangs. Moreover, OOGGA can also optimize the

efficiency of the overhangs.
Methods

Obtaining scores of efficiencies and fidelity for overhangs

Metrics that quantify the efficiency and the fidelity of an overhang were calculated from
the single molecule sequencing data generated by Potapov et al. The probability of an
overhang undergoing ligation with its Watson-Crick counterpart (called match,
whereas mismatch is anything other than Watson-Crick ligations) is considered as the

metric for evaluating the fidelity (equation 1).

noverhang
— match
Pfid (overhang) - overhang+ overhang (1)
match Mmismatch

Here n is the number of reads obtained by Potapov et al. The value of the number of
matching reads of an overhang divided by the value of the largest matching read
among all the overhangs is considered as the metric of efficiency (equation 2). Note

that this value ranges between 0-1 (equation 3).

overhang

P.sr(overhang) = Minatch )

i
nmatch)

i€all overhangs
Pesr(overhang) € [0,1] (3)

Overhang Optimizer for Golden Gate Assembly (OOGGA)

OOGGA employs dynamic programming to optimize overhang positions and the
number of fragments for the golden gate assembly of a DNA sequence. The input to

the program is the DNA sequence of interest and the size range of the fragments. The
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dynamic programming algorithm finds the combination of fragments that would

maximise the probability of efficient and accurate assembly.

This is achieved by aligning overhang positions to the fragments while optimizing the

net efficiency and fidelity of the assembly.

First, the number of fragments (K) is determined. If the number is not provided by the

user, equation 4 is used to calculate the maximum possible number of fragments.

K=— (4)

lenmqin

Where Nis the number of base pairs in the DNA sequence and K is rounded up to the
higher integer. len,,;, is the minimum length of the fragment (similarly len,,,, is the
maximum length of the fragment). After this, four matrices with A’columns and N rows
are created, indexed by 7and jrespectively. These are S, Pes; Praand T which store
the total score, the efficiency score, the fidelity score, and the trace respectively. The

following recursive algorithm is used to populate these matrices.
Initiation
S0, jstare) =1
Peff(oijstart) =1
Pfid(o'jstart) =1
T(0,jstare) =0

Jstare 1S the position of the first fragment. This is by default set as 0. Assigning
probabilities to multiple start sites can also optimise starting site fragments. Here S,
Petr, Psioand T are matrices with A columns and N rows. S stores the total score (see
‘Iteration’ section to see how score is computed) corresponding to the fragmentation
at a given DNA position. Pef and Prig store the efficiency and fidelity that is used to
compute the score. T stores the previous fragmentation site based on which the

current fragmentation site is computed.
Iteration
Pseudocode for computing S, Pes, Piacand T

fori <= K
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forj € [lenpin X i,len,qy X i]
Jinax = argmax(f(j=1),j7" € [lenp X (i — 1), lenypay X (i —
D] AND lenym < j— j=1 < lenpay)
Where,

FGY) = (Pepp(i = 15571) x Pogr(j9)) " x (Priali = 1,5 x

Pra()) "
Using j:.L update the matrices
S(i, ) = f (k)
Perr (i) = Pepp(i = 1 jmax) X Pers(i')
Pria(i,)) = Prig(i— 1)) % Pria(Gh)
T(@,J) = jrax
Termination
When i > K
Here, werr and wiig are weights for efficiency and fidelity respectively.
Traceback

The top n_trace of the score of any overhang that can be part of the final fragment is

selected as the starting point of the traceback.

(ioptrJope) = argmax(S(i,j),j € [N — lenmqy, N1, i € [i,K])

If the number of required fragments (K) is specified by the user, the following equation

is used.

(ioptrjopt) = argmax(S(K,j),j € [N — lenpay, N11)
Time complexity

The number of total calculations is the following.

Negie = N X K X (1 + lenfprgg + 2 X lengqq ... (K — 1) X lenfmg)

K
Negie = N X K X (1 + P X lenfrag)

Where leng,,, is the maximum length of the fragment.
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Thus, time complexity = 0 (N X K X (1 + g X lenfrag))

Predicted efficiency and fidelity values
For a set of overhangs called Overhangs, the net efficiency is computed as
r= [ Pp®
L € Overhangs

Predicted efficiency in percentage is computed by multiplying P;2; with 100. This
represents the percentage efficiency w. r. t. the best overhang identified by Potapov et

al.

Similarly, the net fidelity (probability of assembly without mismatch) is computed as

Prig = 1_[ Priq (i)

i € Overhangs

Predicted fidelity in percentage is computed by multiplying P}{’Cf with 100. This
represents the percentage of the population of the correct molecule from the set of all

assembled molecules.

Results

Example
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Figure 4.29: lllustration of OOGGA algorithm processing an example DNA sequence of length 35 for
fragments of length range 10-13.

Consider a DNA sequence of length 35. The aim is to make K fragments between the
range 10-13 and thus, in this case, K= 4. The fragments are indexed with 7 and DNA
positions that form overhangs are indexed with /. The calculation starts at /= 0. Here
5(0,0) is set as 1 to denote the starting site. Note that multiple start sites can be set by

adding probabilities to different j positions.

At i=1, only j in the range 10-13 are evaluated (f(j*~!) from section 2.2.2) (dotted
grey lines in figure 4.1) as the rest of the positions do not qualify the fragment length
criterion. The ji=! which gives the highest value is picked as the trace (solid black and
red arrows in Figure 4.1). For 7 = 2, the range of j evaluated is 20-26 (size range
multiplied by 7) as this range describes the shortest and largest fragments possible in
relation to /-7. Similarly, the evaluation proceeds as per section 2.2.2 until 7> K(section
2.2.3).

The traceback starts by evaluating all j;j positions that fall within the allowed fragment
range. Assume that $5(3.31) has the highest score in the example. The traceback
follows the traces set during the evaluation stage starting from (3,31) until 7= 0 (in this
example (0,0) (solid red arrows in figure 4.1). The positions of overhangs identified are

10, 20 and 31 creating 4 fragments. Please note that the highest S(i;) may not have
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the highest i Thus, the algorithm can predict the optimal combination of overhangs
and the number of fragments given only the DNA sequence and the size range of

fragments.

Comparison of fidelity of overhangs predicted by OOGGA and SplitSet

We compared the fidelity of overhangs from the fragments predicted by OOGGA and
SplitSet. To do this we used three gene sequences 1) retinol binding protein 2) protein
Ip_0118 from Lactobacillus plantarum and 3) desmoplakin. The DNA sequences of
these genes can be found in the attached supplementary file sequences.fasta. SplitSet
results were obtained from the web server after setting the required number of
fragments as 5 (all other parameters were kept at their default set values). OOGGA
results were obtained with wesset as 0 to optimize only the fidelity, and thus have a
direct comparison with SplitSet. The number of fragments was set at 5 and the
maximum and minimum fragment length was set as 20-150 for sequence 1, 20-100
for sequence 2 and 2000-3000 for sequence 3. The efficiency and fidelity values were

calculated as shown in the methods section ‘Predicted efficiency and fidelity values’.

OOGGA predicts fragments with overhangs with higher or matching fidelities
compared to SplitSet (Table 4.1) in all scenarios. This demonstrates the advantage of
dynamic programming optimization by OOGGA, which guarantees the best solution
over the stochastic search of SplitSet. However, since neither methods optimize for
the efficiency of ligation of the overhang, the efficiencies of the predicted overhangs
predicted by both methods are poor (Table 4.2).

Table 4.1: The predicted fidelity of overhangs predicted by SplitSet compared to OOGGA for the 3 DNA

sequences. Fidelity is represented as % of correct assemblies. wer = 0 and wra = 1 for OOGGA.
SplitSet values were obtained from its web server. Bold values show higher/matching values.

% correct assemblies (wes= 0)
Sequence 1 Sequence 2 Sequence 3
SplitSet | OOGGA | SplitSet | OOGGA | SplitSet | OOGGA
Overhang 1 96 100 98 99 91 100
Overhang 2 99 99 97 99 92 99
Overhang 3 98 99 90 100 98 100
Overhang 4 99 99 96 99 99 99
Net fidelity 92 98 82 98 82 98

Table 4.2: The predicted efficiency of overhangs predicted by SplitSet compared to OOGGA for three
DNA sequences. Efficiency is represented in % w. r. t. the most efficient overhang. wer =0 and waas =
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1 for OOGGA. SplitSet values were obtained from its web server. Bold values show higher/matching
values.

% Efficiency w.r.t. most efficient overhang (wes= 0)
Sequence 1 Sequence 2 Sequence 3

SplitSet | OOGGA | SplitSet | OOGGA | SplitSet | OOGGA
Overhang 1 77 70 31 82 81 70
Overhang 2 89 65 81 65 81 65
Overhang 3 85 66 57 70 85 30
Overhang 4 38 62 77 65 82 61
Net
Efficiency 22 18 11 24 46 8

To check if OOGGA can predict overhangs that have both high efficiency and fidelity

we set weras 1.
OOGGA predicts overhangs with high fidelity and efficiency

We predicted overhangs with OOGGA for the three DNA sequences while setting wes
as 1 and wrqas 1 (equal preference to both efficiency and fidelity). With these weights,
OOGGA Should optimize for overhangs with both high fidelity and efficiency. Other
parameters used were the same as in section 3.2. SplitSet data used is the same as

in section 3.2.

When werr was set as 1, OOGGA outperformed SplitSet in all efficiency-related
scenarios (Table 4.3). However, this is expected as SplitSet does not optimize for
efficiency. On evaluating the fidelity of the predicted overhangs, OOGGA predicts
better overhangs for sequences 2 and 3 but falls behind SplitSet for sequence 1 (Table
4.4). However, it should be noted that the overhangs that OOGGA predicts are
optimized for both efficiency and fidelity, compared to SplitSet which only optimizes for
fidelity.

% Efficiency w.r.t. most efficient overhang
Sequence 1 Sequence 2 Sequence 3

SplitSet | OOGGA | SplitSet | OOGGA | SplitSet | OOGGA
Overhang 1 77 95 31 90 81 100
Overhang 2 89 100 81 99 81 95
Overhang 3 85 90 57 100 85 93
Overhang 4 38 99 77 94 82 92
Net
efficiency 22 84 11 85 46 82
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Table 4.3: The predicted efficiency of overhangs predicted by SplitSet compared to OOGGA for the 3
DNA sequences. Efficiency is represented in % w. r. t. the most efficient overhang. wer = wss = 1 for
OOGGA. SplitSet values were obtained from its web server. Bold values show higher/matching values.

% correct assemblies
Sequence 1 Sequence 2 Sequence 3
SplitSet | OOGGA | SplitSet | OOGGA | SplitSet | OOGGA
Overhang 1 96 95 98 99 91 95
Overhang 2 99 95 97 93 92 95
Overhang 3 98 96 90 95 98 99
Overhang 4 99 93 96 95 99 98
Net fidelity 92 80 82 83 82 88

Table 4.4: The predicted fidelity of overhangs predicted by SplitSet compared to OOGGA for the 3 DNA
sequences. Fidelity is represented as % of correct assemblies. wer = wrs = 1 for OOGGA. Splitset
values were obtained from its web server. Bold values show higher/matching values.

Thus, OOGGA predicts high-efficiency overhangs with fidelities comparable to
SplitSet.

Discussion

We have created a dynamic programming algorithm that predicts fragments with
optimal overhangs for Golden Gate assembly (OOGGA). We compared it against
NEBridge SplitSet® which is the state-of-the-art method of predicting fragments for

Golden gate assembly.

OOGGA outperforms or matches SplitSet in all scenarios on a direct comparison
where both programs only optimize for fidelity. This is expected because OOGGA is a
dynamic programming optimization algorithm while SplitSet is a stochastic search
method, and the first guarantees the optimal solution. Moreover, OOGGA can predict
overhangs with comparable accuracies to SplitSet even while optimizing for efficiency

of ligation of overhangs (SplitSet does not optimize efficiency).

The difference in fidelity between OOGGA and SplitSet for each fragment is small
enough that sequence upstream of the cleavage site can affect the outcome. However,
on an average, the errors caused by the effect of the upstream site is equal on both
OOGGA fragments and SplitSet fragments as they both used the same experimental
data (Potapov, Jennifer L Ong, et al. 2018; Potapov, Jennifer L. Ong, et al. 2018) to
predict fidelity. Since OOGGA is a dynamic programing predictor, it mathematically
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assures the best outcome (global minima) based on the provided data, which is not
true for SplitSet. Thus, predictions from OOGGA will theoretically always (even if the

difference is marginal) be better than SplitSet.

One might ask whether there is a need for such rigorous optimization. The following

two paragraphs answer this question with answers distinct from academic curiosity.

Overhangs with high ligation efficiency would presumably reduce incubation times by
an insignificant amount for day-to-day cloning. However, it is an important metric while
designing overhangs for library preparations where higher efficiency implies a larger
sample of the population. Thus, the overhangs generated by SplitSet are unsuitable
for applications in large library preparations and OOGGA must be used for these

applications as it predicts high efficiency and high-fidelity overhangs.

It is common to use fragments generated for golden gate assembly as part of modular
systems. While optimizing for fidelity SplitSet only considers the mismatches between
the predicted overhangs from the same sequence. Thus, these overhangs can have
high error rates when combined with another system of fragments with a different set
of overhangs. OOGGA avoids this by computing its fidelity score as the probability of
an overhang of binding to only its Watson Crick match, mismatches with all overhangs
are considered in doing this. Thus, the fidelity of the overhangs predicted by OOGGA
is more universal compared to those predicted by SplitSet. Thus, overhangs of the
fragments predicted by OOGGA are better in both the accuracy and efficiency of

assembly.

These advantages of OOGGA can be experimentally verified by assembling two sets
of fragments of a plasmid predicted by OOGGA and SplitSet separately, followed by
counting the number of colonies after transformation (metric of efficiency) and
selection by the corresponding antibiotic. Sequencing the plasmids isolated from the
colonies can provide the rate of erroneous assembly (metric of fidelity). We are

currently pursuing such an experiment.

OOGGA also supports the processing of DNA sequences with non-ATGC bases (eg.
degeneracy codes), though the overhangs containing these bases are not considered
for output. There can also be the exclusion of specific positions near these bases so

that the overhangs are not predicted near them.
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Note that the time complexity (section 2.3) and memory requirements of OOGGA,
being a dynamic programming approach will be inferior compared to that of the
SplitSet Monte Carlo method. However, designing fragments for golden gate assembly
is not a time-sensitive event. The fidelity and efficiency of the fragments take priority

over the increase in compute time and memory requirements.

Our results show that OOGGA is a better method compared to SplitSet to generate
fragments for golden gate assembly. Our method predicts more accurate overhangs
compared to SplitSet while also optimizing for efficiency and thus should be used for

predicting overhangs for golden gate assembly instead of SplitSet.
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Abstract

The strength of molecular interactions is characterized by their dissociation constants
(Ko). Only high-affinity interactions (Ko<10-8M) are extensively investigated and
support binary on/off switches. However, such analyses have discounted the presence
of low-affinity binders (Ko > 10-5 M) in the cellular environment. We assess the potential
influence of low-affinity binders on high-affinity interactions. By employing Gillespie
stochastic simulations and continuous methods, we demonstrate that the presence of
low-affinity binders can alter the kinetics and the steady state of high-affinity
interactions. We refer to this effect as ‘herd regulation’ and have evaluated its possible
impact in two different contexts including sex determination in Drosophila
melanogaster and in signalling systems that employ molecular thresholds. We have
also suggested experiments to validate herd regulation in vitro. We speculate that low-
affinity binders are prevalent in biological contexts where the outcomes depend on

molecular thresholds impacting homoeostatic regulation.

1 Introduction

Key to all biological processes are biomolecular interactions. Networks of these
interactions are organised into pathways, that in many instances, intersect (Huh et al.,
2003; Kanehisa et al., 2022). These pathways usually consist of tight binding
interactions. In a cellular context, these interactions do not occur in isolation but in the
presence of a plethora of other molecules and pathways. This, in turn, ensures that
biomolecules can promiscuously interact with multiple partners with varying degrees
of affinity. It stands to reason that some of these interactions and their interaction

strengths have evolved to be integral parts of signalling pathways.

In this study, we have analysed the influence of specific but low affinity binders on tight
binding high affinity interactions. The strengths of these interactions are reported in
terms of their dissociation constants, Kp. Kp is the equilibrium constant of the reverse
reaction given by the ratio of the reverse and forward rate constants. Typically,
members of a pathway would interact with their partners, with Kp values in the range
of 10°M to 10-'* M (Hu, 2017; Perkins et al., 2010), with lower values corresponding
to stronger binding. However, the cellular environment consists of a variety of
interactors with variable affinities. In addition to its specific high affinity binding

partner(s), a biomolecule could encounter a cohort of other binders with Kp values >
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10 M present in the vicinity. Many of these lower affinity interactions could be
energetically favourable (negative AG) and thus are competent to sequester the

reactants from the high affinity reaction.

Studies of biological processes usually focus almost exclusively on the important tight
binding interactions. This is in part because these canonical interactions are
considered to be central to cellular processes. Moreover, experimental techniques
mostly detect strong interactors (Galaway and Wright, 2020; Jiang and Barclay, 2009;
Li et al., 2014). Here, we have examined how these high affinity (tight binding)
interactions could be altered and/or modulated in the presence of several specific low
affinity binders. For this study, low affinity interactors were conservatively considered
to have Kp values of 2 to 5 orders of magnitude less favourable than their stronger
counterparts. We also vary the concentration of the low affinity binders to be in the
range of 1X to 10X to that of the tight binding partners. This is a conservative estimate
as the cellular milieu may contain a higher concentration of the low affinity binding

partners, mechanisms for local enrichment of binding partners notwithstanding.

Using these values of binding strengths and relative concentrations, we investigated
the combined effect of such weak binding partners on the kinetics and equilibrium of
a tight binding interaction. We computed these effects using Gillespie stochastic
simulations (Gillespie, 1977, 2013) and also replicated them with a system of

differential equations. For instance, consider the following interaction.
A+ B = AB

Here, the reactants A and B interact tightly to form the product AB. Let A; and B;
represent the cohort of specific low affinity binders of B and A respectively. We have
studied how the kinetics and steady-state changes with varying levels and binding
affinities of A; and B; in the cases where — i) there are low affinity binders for either A
or B, ii) both reactants have low affinity binders, and iii) there are low affinity binders
to A and B and the A/’s and B/'s can interact with each other. We have coined the term
herd regulation to represent the model of low-affinity binders interfering with high
affinity interactions. Intuitively, this would be possible when the low-affinity interactions

are in sizeable quantities (herds).

In a cellular context, such interactions should be prevalent as the low affinity binders

are likely widespread. Their presence could modulate molecular interactions and
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hence biological activities. Here, we have modelled the process of sex determination
in Drosophila melanogaster and signalling thresholds of biomolecular processes, two

processes whose outcomes are dependent on thresholds.

Sex-lethal (Sx/), a master-switch gene, which determines the female identity, is turned
on by the doubling of the X chromosome signal in females (Cline and Meyer, 1996).
Analysis of mutations in X-chromosome-linked activators has confirmed that activation
of early embryonic promoter of Sx/ (Sx/-Pe) is critical in females and thus, underlies
the binary fate choice. By contrast, strong repressors capable of affecting sex
determination i.e. sex-specific identity and/or viability, have not been identified
(Mahadeveraju et al., 2020; Salz and Erickson, 2010). Loss of function mutations in
such repressors would result in anomalous activation of Sx/-Pe in males, which in turn,
can induce male-to-female transformation or lethality. Here, we hypothesise that such
repressors are a set of low affinity binders. A single mutation, typically isolated during
genetic screens, however, would not elicit strong phenotypic consequences (e.g. sex-
specific lethality) used as a conventional and stringent criteria for selection. To
examine the possible impact of such repressors, we have modelled this system
considering A as the switch gene, B as the X chromosome signal and A; and B, as
repressors. We demonstrate that our simulation strategy yields outputs that are

consistent with previously reported experimental findings.

Successful activation of biological signalling pathways often requires signal strength
to attain or surpass a defined threshold value. Such systems involve the conversion
of a linear change in the signal, to a binary on/off state. Morphogen gradients leading
to cellular patterning in a variety of developmental contexts constitute one such
example (Wartlick et al., 2009). Although such cases are prevalent in biological
systems, precise molecular mechanisms underlying these decisions are not always
fully understood. Previous modelling attempts at elucidating the mechanisms have
employed models that depend on cellular compartments and/or promiscuous binders
(lyeret al., 2022). In this study, we provide a simple yet broadly applicable mechanism

that explains such thresholds using low affinity binders.
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2 Results

2.1 The effect of low affinity competitors on strong interactions.

2.1.1 Only one of the strong interactors has competition.

To start with, we examined the effect of low affinity interactors on one of the
components of a tight binding complex, i.e., the effect of B; on the formation of the
complex AB (see equations E1 and E2). The outcome of these reactions is intuitive
but serves the crucial purpose of creating a control case for subsequent sections. AB
(dissociation constant Kp = 10® M) is 3 orders of magnitude stronger than AB;
(dissociation constant Kp i = 10> M). We have monitored the effect of two parameters,
initial levels of the low affinity interactors, Biop, and their binding affinities, Kp .. We
analysed the kinetics and steady states of these reactions using the Gillespie

stochastic simulation algorithm (Gillespie, 2013).

First, we studied the effect of Bjolevels. The simulation was set up with 500 copies of
A and B and with Kp = 108 M. Kinetics of reactions with different levels of Bjo, ranging
from 0 to 10000 were analyzed at Kp ;= 10 M. At the beginning of the reaction the
entities A, B and B; are present as free monomers. Almost instantaneously, all the
monomers of A are bound to either B or B;, proportional to their relative abundance.
As expected, the larger the value of Bio, the longer the system takes to equilibrate
(figure 1A). This is because the forward rate constants of the formation of AB and AB;
are assumed to be equivalent. Consequently, the levels of AB; may be transiently
higher than that of AB (see figure A6 panel A for the case where the reverse rate
constant is equal). AB; levels decrease while AB levels increase since AB; are more
likely to dissociate than AB. (Figure 1A). As a result, the average time taken (from 50
replicates) for the formation of AB (90% of the maximum possible level, rise time)

increases with rising levels of Bjo (figure 1B).

We also examined the effect of variation in the dissociation constants of low-affinity
interactors, on the formation of AB. This was done by varying Kp jfrom 104 M to 106
M while maintaining a Bio level of 5000. Again, as expected, decreasing Kp ;
(increasing the binding strength of the low affinity binder) decreases the rise time of
AB (figure 1C). When Kp ; is greater than 10* M, the formation of AB complex
breaches the 90% level almost instantaneously. At the other extreme, when Kp  is
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smaller than 10 M (getting closer to Kb), intuitively, the rise time of the AB complex

tends to infinity (figure 1D).

To calculate the amount of AB found at equilibrium, we have analysed the steady state
levels of the AB complex at 625 individual combinations of 25 Bjo levels ranging from
0 to 9600 and 25 Kp jvalues ranging from 103 M to 108 M, each replicated 25 times.
We observed that AB is the major product as long as Kp jis greater than 107 (figure
1E). However, Bj levels start to affect the amount of AB formed beyond 5000
molecules. Interestingly, variance in the outcome of the reaction also increases with
increasing Bjo and increasing Kp i (figure 1F). This is quite counterintuitive as one
would expect the variance from Gillespie stochastic simulations to decrease with an
increase in the size of the system. The two regions in figure 1F with low variance are
either dominated by AB or AB; and the ‘twilight zone’ where both complexes are found

in comparable amounts has high variations.
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Figure 1: The dependence of complex formation on the starting levels and dissociation constants of
the low affinity binder B;. The kinetics of AB (blue lines) and AB;(red lines) formation at different Bj, and
Kp i (panels A and C respectively). The effect of By and Kp ; on the number of AB at steady state
(average of 25 replicates per box in panel E) with the standard deviations in panel C. The time taken
for AB to reach 450 molecules (90% of the maximum possible value of 500) at different Bjp and Kp ;
levels (panels B and D respectively). Panels A and C show single trajectories taken from friplicate
simulations. The lines in panels B and D are averages over 50 replicates with individual data points
shown as scatter plots. The parameters used are shown above the figures.
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Since low affinity interactors acting on one component of the high affinity interaction
can significantly impact the rate of high affinity interaction, we sought to assess the

effect of low affinity interactors on both the high affinity binders.

2.1.2 Both strong interactors face competition.

In addition to low affinity interactors of A (B;j), we now also consider the presence of
interactors of B (A)) in the reaction. A; interacts with B and forms the complex AB (see
equations E1, E2 and E3). The dissociation constants of AB; and A;B are both
described by a single term, Kp j, as we consider them to be equivalent. For this reason,
all the results only describe/show AB;, while the equivalent AB is not shown. As in the
previous section, the binding affinity of the tight binder (Kp) is 3 orders of magnitude
stronger than Kp ;. We analyzed the effect of varying the starting levels of B;and A, as
well as their binding affinities Kp i on AB formation using Gillespie stochastic

simulations.

We first examined the effect of starting levels of B;and A;on AB formation. Simulations
were set up with 500 copies of A and B and with Kp = 108 M. The kinetics of reactions
with different levels of Ajp and Bjo, ranging from 0 to 10000 were analyzed at Kp ;= 10
5 M. We observed that the presence of low affinity binders increases the rise time of
AB (figure 2A). The time taken for AB to equilibrate is an order of magnitude higher
than what we noticed when only B; was present in the system (figures 1A and 2A).
Also, the rise time increases exponentially with increasing values of Aip and Bjo (figure
2B). These results suggest a non-linear effect arising from the addition of one more

low affinity binder.

We then investigated the effect of Kp ; on AB formation at values ranging from 104 M
to 106 M. Decreasing Kp j increases the time taken for AB to equilibrate (figure 2C).
Surprisingly, at Kp i = 10¢ M (two orders of magnitude weaker than AB), the reaction
seems to prefer the formation of the low affinity complex (figure 2C). We also found
that the rise time exponentially increases with decreasing dissociation constant (figure
2D).

To investigate this further, we analysed the steady state of these reactions using 625
different combinations of 25 Ajp and Bijolevels ranging from 0 to 9600 and 25 Kp ;values
ranging from 103 M to 10 M. AB is not the major product if the number of Ajp and Bjo
are both above 3000 and Kp jis below 10 M (figure 2E). This is despite a Kp of 108
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M and with 500 copies of both A and B. The variability in outcome for reactions within
this range is also low. Remarkably, the variability in AB levels at steady state is
comparatively higher betwixt the areas that completely prefer AB or AB; (figure 2F).
Thus, the simultaneous presence of the weak binders, Ao and Bjo, in the system, has
a greater impact on the formation of AB, than when only one weak binder is present.
This enhancement is sufficient to allow the weaker complex to become the major
product. Note that adding Aito the system does not increase the concentration of one
binder as B; and A; binds specifically to A and B, albeit with low affinity. Henceforth, we

refer to this effect of weak binders as herd regulation.

A Products vs time B Time for AB to reach 450 vs Bjg and A D Time for AB to reach 450 vs Kp
Ko = 107®M, Kp; = 107°M, Ag and By = 500 Ko = 107®M, Kp; = 107°M, A and By = 500 Kp = 1078M, Ap and Bg = 500, Bjp and A = 5000
700 ApiBig =0 Ap/Big = 5000 Ag/By = 10000
----- AB —-AB — AB 10°
eo0d e AB, —.- AB, — AB 104

IS
=}
k=3
"
=)

™

1074

w
=3
S

Number of molecules

Time for AB to reach 450(s)

Time for AB to reach 450(s}

=
=y
i

"] 250 500 750 1000 1250 1500 1750 2000 o 500 1000 1500 2000 2500 107* 10732

Time(s) By and Ay Ko
c Products vs time E ber of A d F dard devi f A d
Kp = 1078M, Ay = 500 , Bg — 500, By = 5000, Ag = 5000 Number of AB at steady state 500 Standard deviation of AB at steady state
e ! ! Ehidl i Kp = 107%M, Ag = 500, Bq = 500 Kp = 1073M, Ag = 500, By = 500 12
700 Koy = 10M Kp, = 10-°M Kp, = 10-°M 1.0e-08 1.0e-08 o
B et wo | 2322 2
2 T AR T AR T AR 1.6-07 16e-07 |
= 4.0e-07 4.0e-07 8
S 500
E 1.0e-06 300 | 10e0
2 - ' 2.5¢-06 o' 2.5e-06
£ 400 ot - TR : . 6
5 o S Tt Sl TR | M 6 36 06 | 0o ¥ 6.3006
5 1.6¢-05 1.6e-05 o -
£ 4.0e-05 4.0e-05 -4
3 1.0e-04 1.0e-04
2.5e-04 - 100 2.5e-04 _s
6.3e-04 6.32-04
[=g=-Relslel=NslcNols =N =] 0000000000
Sobo0D0O0SSS oSS =0 S coocooSooSoO =0
7 P CLIRSRRINSER SIFRRSERINEER
o 250 500 750 1000 1250 1500 1750 2000 Number of By and Aj Number of B,y and Ay

Time(s)

Figure 2: The dependence of complex formation on the starting number and dissociation constant of
low affinity binders B; and A;. The kinetics of AB (blue lines) and AB;(red lines) formation at different
starting levels and dissociation constants of B; and A; (panels A and C respectively). The effect of
different starting levels and dissociation constants of B;and A; on the AB levels at steady state (average
of 25 replicates per box in panel E and the standard deviations in panel F). The time taken for AB to
reach 450 (90% of the maximum possible value of 500, black dotted line in panels A and C) at different
starting levels and dissociation constants of B; and A; (panels B and D respectively). Panels Aand C
represent single trajectories taken from triplicate simulations. The lines in panels B and D are averages
over 50 replicates. The parameters used are shown above the figures.

The presence of monomeric A; and B, in the system is likely responsible for the sharp
decline in AB formation. This is because monomeric A and B formed by the

dissociation of AB;or A;B have a higher chance of interacting with B;and A, respectively
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than with another tight binding monomer. To assess if this is true, we have analyzed
the outcome when free A; and B; can interact with one another to produce AB;, a

system with minimal amount of monomeric A; and Bi.

2.1.3 Interaction amongst the low affinity competitors decreases herd
regulation.

We investigated the effect of low affinity interactors A; and B; when they can bind to
each other to give rise to the reaction product A;B; (E4). The dissociation constant of
AiBiis denoted by Kp coss. We set the dissociation constant for ABjand AiB as 105 M,
a value at which herd regulation favours the low affinity products (figure 2C). We
simulated the effect of cross reaction between A; and B; on the kinetics of this system

using Gillespie stochastic simulations.

We found that decreasing Kb cross (increasing cross reaction strength) increases the
rate of AB formation (figure 3A). This is intuitive as it decreases the net concentration
of low affinity monomers present. But it is noteworthy that in this section we are
expanding on a particular case from the previous section where the low affinity binders
were dominant even with 2 orders of magnitude weaker binding affinity. Also, note that
even with a strong cross-reaction (compared to Kp ;) the system prefers weak binding
complexes. Also, the time taken for AB to reach 90% saturation decreases with
decreasing Kb cross (figure 3B). Thus, stronger A;B; interactions favour more active
product formation by sequestering the monomeric A;and B; as AB;, allowing the lower
probability dissociation reactions to occur and leading to the formation of the tight

binding complex.
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Figure 3: The effect of cross-reaction between low affinity inhibitors on herd regulation using Gillespie
stochastic simulations. The kinetics of AB (blue) and AB;(Red) complexes at cross-reaction dissociation
constants (Kp cross) 10*M and 10-M (panel A). Panel B shows the effect of Kp coss On the time taken
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for AB to reach 450 (90% of the maximum possible value of 500, black dotted line in panel A. One of 3
replicates are plotted in panel A. The plot in Panel B shows averages of 50 replicates (shown as scatter).
Starting values of A, B =500, Kp = 108M and Kp ; = 10-°M. Parameters shown above the figures.

Since we established that low affinity binders can affect the kinetics and equilibrium of
tight binding interactions we now aim to formulate a general model that describes this

effect (herd regulation).

2.1.4 General model for describing herd regulation with multiple interactors
In this section, we have formulated a general model that describes the kinetics and

equilibrium of a herd regulated system based on sets of ordinary differential equations.

Consider the N bimolecular association reactions simultaneously happening in the

same reaction volume.
anA, + b,B, = c,C,

Here a, b and c are the stoichiometric coefficients of A, B and C respectively. And n

denotes the individual reaction involved in the process. Foreveryn € 1,2... N

The net rate of formation of complexes for these reactions is defined as the sum of
forward and reverse rates at any given time point. The following set of equations
defined the rates of formation of each complex.

d[Cr]

7 = kforwardn [An]an [Bn] bn — kreversen [Cn] n

Here [A,], [B.] and [C,] represent the concentration of the respective entities at a
given point in time and, kforwara, 8Nd Kyeverse, represent the forward and reverse (on

and off) rate constants for a reaction.

The rate of change of the complex is 0 at equilibrium and K}, is the ratio of the reverse
and forward rate constants. Thus, the above equation simplifies to the following set of

equations that describe the system at equilibrium.

an bn
[C, ] = [An]*"[Bn]"™ (E5)

KDCn

The equilibrium states can be determined by solving the above set of equations.

121



The states of 4, and B,, at any given time can be defined in terms of their initial
concentrations, the concentration of complexes that they are part of at a given time

and their stoichiometry.

] = [An] = D 22 (G, = €

LESy

b
[Bal = [Bag] = ) 2(Ciy = €
i€Sp L
Here S, is the set of complexes that consume A, and Sj is the set of complexes that
consume By. The concentration terms with subscript O are the initial concentrations of

the respective entities.

This model can be used to generate equations that describe specific cases of herd
regulation. For example, the following set of equations describes the system of

reactions used in the study i.e. E1, E2, E3 and E4 (methods section 4.1).

2 = oy ((ADBD — k4 [4B] (E6)
2280 = jy ((AD([Bi]) — k—2[AB}] (E7)
28 = ky((ADBD) — k_3[4:8] (E8)
2P = ey ([AD (B — kalA;B] (E9)

dt

The equilibrium states can be deduced by solving,

[4B] = 2 (E10)
Dap

[AB;] = 1% (E11)
Dap

[A;B] = 242 (E12)
Dy;B

[A;B;] = 2 (E13)
Da.B

Since the reactants are shared by the reactions A, B, A;and B; are affected by multiple

reactions and can be expressed as shown below.
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[A] = [Ao] — ([AB] = [ABo] + [AB;] — [AB;])
[B] = [Bo] — ([4;B] — [4;Bo] + [AB] — [ABo])
[4i] = [Aio] = ([AiB] — [AiBo] + [A;B;] — [AiBio])
[B:] = [Bio] — ([AB;] — [ABio] + [A;B;] — [AiBio])
Here the concentrations with a subscript of 0 imply the initial concentration

Using equations E6-E13 we computed the trajectories and equilibrium states for herd
regulation with i) only B;in section 9.4.1, ii) with Biand A in section 9.4.2 and iii) where
Bi and A; cross-react in section 9.4.3. The results from this continuous model closely

match the results obtained from Gillespie stochastic simulations.

Note that the equilibrium state only depends on the dissociation constant and is
completely independent of the forward and reverse rate constants. Thus, our
assumption of diffusion-limited forward rate constant being equal for all reactions only
affects the results describing the kinetics of herd regulation. The concentrations of the
complexes approach that of the equilibrium values regardless of the combinations of
rate constants used. This is demonstrated in section 9.6 where we have studied the
trajectories for the formation of AB and AB; when we fix the reverse rate constant to
10-3s1. These trajectories lack the initial transient peak for AB, but still converge to the

same values as corresponding trajectories with a fixed forward rate constant.

In the last four sections, we have explored the effect of low-affinity interactors on tight
binders and formulated a general model that describes herd regulation. In the next two
sections, we have examined the effect of herd regulation in deterministic biological

contexts and have explored its potential impact on binary outcomes.

2.2 Herd regulation in biological processes.

Here we will illustrate how herd regulation could affect biological processes. In the first
case, we will look at sex determination in Drosophila melanogaster where a two-fold
increase in X chromosome-linked signal generates a binary response during the
activation of the Sx/ gene which determines the female identity. The second example
is an illustration of a biological system of receptor and ligand that depend on threshold

value determinants.
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2.2.1 Example 1: Low affinity binders are responsible for the absence of Sx/
activation in Drosophila melanogaster males

Sexual identity in Drosophila melanogaster depends on the female-specific activation
of the binary switch gene Sex-lethal (Sxl) before cellularization at cycle 14 (Cline,
1984). Sx| activation, in turn, is regulated by the SxlI establishment promoter Sx/-Pe.
This process is dependent on X-linked signal elements (XSEs) and autosomal
repressors. As females have two X chromosomes, they are able to produce twice the
amount of XSEs as compared to males and can specifically activate Sx/-Pe. By
contrast, Sx/-Pe remains off in males who only have one X chromosome. (In insects,
the Y chromosome does not contribute to male determination unlike in mammals.).
The molecular identities of XSEs are well known (Cline, 1988; Cline and Meyer, 1996;
Erickson and Cline, 1993, 1991; Kappes et al., 2011; Keyes et al., 1992; Salz and
Erickson, 2010). However, the precise mechanism underlying how the doubling of XSE
induces the activation of Sx/-Pe remains unknown (Deshpande et al., 1995). Of note,
no direct repressor that binds to Sx/-Pe during early nuclear cycles has been identified,
thus far. Moreover, mutations in deadpan (dpn) and groucho (gro), two known negative
regulators of Sx/-Pe, display relatively modest phenotypes (Chen and Courey, 2000;
Lu et al., 2008; Mahadeveraju et al., 2020; Paroush et al., 1994; Younger-Shepherd et
al., 1992).

Here we test the model that multiple low-affinity binders, capable of interfering with the
interaction between activators and Sx/-Pe, function as regulators of Sx/. As the
repression depends on several low affinity binders, it is relatively straightforward to
explain why the forward genetic screens were unable to identify corresponding
mutants. Single mutations typically isolated in the genetic screens will not display the

requisite phenotype.
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Figure 4. Components of our model of Sx/-Pe regulation. The blue objects represent XSEs while the
red objects represent the low affinity repressors. The brown boxes represent protein binding sites on
SxlI-Pe. The arrow depicts the transcription start site.

Our model posits that sex determination involves one tight binding complex, AB,
regulated by weaker complexes AB; (refer to section 2.1.1, equations E1 and E2, and
figure 4). Here, the DNA binding sites in Sx/-Pe and XSEs constitute tight binders (A
and B) and form the activating complex (AB). We assume that binding of the low affinity
repressors inhibits the promoter from binding to the activator, directly or indirectly. Low
affinity interactors (B)) are repressors of Sx/-Pe that form the repression complex (AB)).
We assumed that there are 50 binding sites in Sx/-Pe (Jinks et al., 2003), 200 XSE
activators and 1000 low affinity repressors. The dissociation constant (Kp) of the active
complex is 108 M. The repression complex has a 100 fold lower dissociation constant
(Kb i) of 10°M. Here again, we considered identical forward reaction rates, whereas
the reverse reaction rates are determined by the dissociation constant. Both XSEs and
repressors compete for DNA binding sites in Sx/-Pe. We consider Sx/-Pe to be
engaged in active transcription when 90% (45) of the binding sites are occupied by
XSEs. Note that the values that we have used are estimations due to unavailability of

biochemical characterization to obtain such values.

We used Gillespie stochastic simulations to study the kinetics of this system. We
calculated the amount of XSEs and repressors bound to Sx/-Pe binding sites after 100
units of simulation time at different starting levels of XSEs and repressors. The
simulation time scales are relative to the rate constants and may not correspond

numerically to biological times.
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We first assessed the activity of Sx/-Pe at different starting values of XSEs and
repressors. As expected, the promoter is predominantly occupied by the repressors
when activator levels are low. Increasing XSE levels elevates the number of activating
complexes (figure 5A). Subsequently, we examined the effect of changing repressor
levels on Sx/-Pe activity. Increasing the starting levels of repressors decreases the
number of activator-bound Sx/-Pe sites. The binding sites are occupied by an equal
number of activators and repressors when the starting levels of repressors are twice
that of the starting levels of XSEs. This is despite a 100-fold difference in binding
affinities (figure 5B).

Next, we focused on the time taken for the activation of Sx/-Pe, both in males and
females. In wild-type Drosophila melanogaster embryos, activation of SxI-Pe results
in female fate whereas it remains off in males. Furthermore, this is a time-sensitive
process as Sx/-Pe is active only between nuclear cycles 11-14 and the sex of the
embryo is determined by early cellularization. (This is a narrow time window spanning
just three nuclear cycles and takes about 30 minutes or ~2000 seconds.). For this, we
analyzed the ratio of time taken for Sx/-Pe activation in male nuclei and female nuclei
in Drosophila embryos where sex determination occurs autonomously. The
calculations accounted for the fact that the XSE levels in females are twice that in
males. We found that this ratio is in a narrow range between 2 to 3 even when activator
levels are varied between 200-1000 (figure 5C). Thus, activation of Sx/-Pe in males
takes approximately twice as long as compared to females. We arbitrarily selected a
test case where the starting level of XSE was 200 (for males) to study the time
dependence of sex determination. We analyzed this over a population of 10,000 male
and female simulations, each corresponding to a single nucleus. The time distributions
in males and females for Sx/-Pe activation show two distinct peaks corresponding to
the two sexes, with males (on average) taking appreciably more time for activation
than females (figure 5D). Note that Sxl activation occurs over a range of time.
Importantly, this pattern of nearly non-overlapping distributions indicates that within a
given time interval, Sx/-Pe is activated only in females. There is however a small
overlap between the male and female distributions (purple region in Figure 5D). This
indicates that in a small subset of male nuclei, Sx/-Pe is turned on and vice versa in
females. If the cellularization event occurs between the two peaks (green dotted line

in Figure 5D), our model can temporally distinguish male and female Sx/-Pe activation.

126



Thus, our simulations suggest that the time constraint imposed upon the activation of
SxI-Pe is significantly responsible for its female-specific activation. Furthermore, in the
absence of such constraints, SxI-Pe can be active even in male embryos, which has
been demonstrated to lead to detrimental consequences (Cline and Meyer, 1996).
Altogether, our analysis recapitulates both the sex-specificity and the temporal
dynamics of Sx/-Pe activation. Increasing amounts of low affinity repressors increase
the time taken for activation for both males and females. The effect of 1000 (half),
4000 (double) and zero low-affinity repressor on sex determination is shown in figure
A2.
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Figure 5: Model of sex determination with one set of low affinity binders. The amount of activating and
repressing complexes formed when time = 100 units, at different starting values of XSEs and repressors
(Panels A and B respectively). The ratio of time taken by males vs females to activate Sx/-Pe (XSEs
occupy 90% of all available Sx/-Pe binding sites) (Panel C). Panel D shows the distribution of time taken
for male and female cells to activate across a population of 10000 cells. The simulations were replicated
50 times for each data point in panels A and B (individual data points shown as scatter of the same
colour), and 10000 for panel C.

2.2.2 Example 2: Signaling thresholds in biological systems can be explained
by herd regulation

In general, molecular thresholds are crucial in several biological signalling events
ranging from cell fate determination in early development to neuronal action potentials.
Without such thresholds, signals resulting from stochastic noise (inherent to crowded
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cellular environments) would be able to aberrantly activate (or repress) biological
processes. In this section, we describe a general molecular mechanism of how herd

regulation can be instrumental in establishing such thresholds in biological systems.

Consider the example where receptor A is activated by binding a signalling molecule
B to form the receptor-signal complex AB. The system also contains low affinity
binders for the receptor and signalling molecule (Bi and A; respectively) as we have
explored in the previous sections. The receptor-signal complex is assumed to have a
dissociation constant of 108 M whereas both the low affinity complexes have a
dissociation constant of 10 M. We modelled the kinetics of this system using the
Gillespie stochastic simulation with 50 receptors and 500 signalling molecules. This is
in keeping with the observation that signalling molecules are usually in excess
compared to the number of receptors (Cima, 1994). The system also contained 500
copies of each of the two low affinity binders. We monitored the levels of the receptor-
signal complex (amount of AB formed) after 10000 units of simulation time, starting
with different levels of the signal (B). The time of 10000 units was chosen to represent
a phase of the reaction that is significantly distant from the fast-starting kinetics (see
Figure A1A for a comparison of different time cutoffs). We simulated this system at

different starting receptor levels and at levels of the low affinity receptors.

We observed a sigmoidal-like relationship between the number of receptor-signal
complexes and the starting levels of the signal. When the number of signaling
molecules in the system is below a threshold the rate of increase of the number of
receptor-signal complexes is gradual. As soon as the number of signaling molecules
exceeds the threshold the number of receptor-signal complexes increases sharply
(sigmoid-like). Increasing the levels of the receptor molecule does not alter the
threshold but only increases the final levels of the active receptor (figure 6A).
Interestingly, we see that the threshold value is regulated by the number of low affinity
receptors in the system (figure 6B). Whereas, varying the levels of low affinity
signalling molecules does not affect the threshold (figure A1C). Nevertheless, the
probability of collisions that lead to the tight binding complexes should approach zero
on either increasing the low affinity signals or low affinity receptors. Without low affinity
binders the relation between Bp and AB is linear until A is exhausted (figure A1D).
Thus, the signal threshold is dependent on the level of low affinity receptors in the

system, whereas the amplitude of the signal is determined by the number of receptors.
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A Receptor signal complex at different starting receptor levels B Receptor signal complex at different low affinity receptor levels
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Figure 6: Modelling signalling thresholds in biological systems. All traces (averages of 50 replicates,
individual data points shown as scatter) show the relationship between the active receptor and the
number of signal molecules and low affinity complexes at different starting levels of the signal. Panel A
shows this relation at three different starting receptor levels. Panel B shows this relation at different
starting levels of the low affinity receptor. Plots are averages of 50 replicates and the scatter of the same
colours shows the individual data points.

lyer et al. (2022) analyzed the specification of different cell types under the influence
of the Wingless morphogen gradient. They proposed that cellular
compartmentalization and receptor promiscuity were critical to elicit a specific
response to confer unique cell type identities. Interestingly, this was experimentally
verified using the modulators of Wingless activity, Dally and Dally like (B;) which
compete with Frizzled-2 (B) receptor for Wingless (A) binding. The herd regulation
model supports and extends these observations by providing straightforward
mechanistic explanation for the observed phenomena. We also suggest the presence
of undocumented low affinity binders of Frizzled-2 (A). In general, our model could be
applied to a number of such biological systems where the outcome is contingent upon

molecular thresholds.

In this section, we have investigated two biological scenarios where herd regulation
might play a role. In the next section, we provide the design of an experiment which

can validate the general concept of herd regulation.

2.3 Experiment to validate herd regulation based on DNA-DNA interaction

Our model of herd regulation holds for all types of molecular associations such as
protein-protein, protein-DNA, DNA-DNA interactions etc. The binding affinity between
single-stranded DNAs can be designed based on complementarity and melting
temperature. Here we present the results of herd regulation in DNA-DNA interactions.

In this example, each of A, B, Ai and B; are single-stranded DNA (Figure 7). The
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sequences are such that the binding affinities are in the order, AB > AB;,~= AiB > ABi.
Also, the sequences are designed to minimize self-complementarity and binding
affinity of AA; and BB.,.

The binding affinities between the species are controlled by mismatches between the
sequences i) At the experimental temperature, the AG of binding of each combination
corresponded to the binding energy. ii) Hybridization of ssDNA from two different
species results in a unique restriction site (i.e. this location in the sequence has

mismatches in all other combinations)

Let the unique restriction sites in AB, AB, AB; and AiBibe, RE1, RE2, RE3 and RE4
respectively. Before hybridisation, each of the ssDNA (easily procured as
oligonucleotides) is converted into circular ssDNA using a ssDNA ligase. These
circular ssDNA which correspond to A, B, Aiand B, are incubated together at the
experimental temperature till equilibrium. After this, the reaction is quickly cooled to a
temperature well below the lowest melting temperature to avoid any deviations from
equilibrium. This should result in a mix of AB, AiB, ABi and AiB; products. To measure
the concentrations of each product, four equivalent aliquots are made from this
reaction mixture. To measure the amount of AB, the enzymes RE2, RE3 and RE4 are
added to one of the aliquots to linearise double-stranded DNA corresponding to AB,
AB;and A;Bi. The linear dsDNA is then removed by digestion using exonucleases. This
is repeated for the other 3 products by using the enzyme combinations; RE1, RE3 and
RE4 for AiB; RE1, RE2 and RE4 for AB;and RE1, RE2 and RES3 for AiBi. The products
of this step contain the circular dsDNA of only one complex. DNA purification removes
protein and buffer remains from enzyme reactions. The concentration of DNA is then
measured using UV spectrophotometry at 260nm wavelength or by realtime PCR

experiments.

This experimental method allows us to measure the steady state of the system after
manipulating the concentrations and binding affinities of each of the reactants
individually. Different reactions with different combinations of binding affinities and
concentrations can be set up such that our results from steady-state (figures 1E, 2E

and 6) can be replicated.
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Figure 7: Schematic of the experiment to validate the effect of herd regulation. DNA strands are
coloured blue, red, black, and green for A, B, Aiand B,. red and black squares and circles represent
different restriction sites and corresponding restriction enzymes. Different steps of the reaction are
shown in the left-hand side.
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3 Discussion

Molecular investigations of biological processes almost always focus on interactions
that are high affinity and specific. Seldom, if at all, is any importance given to
interactions of low affinity/specificity. In part, this could be due to our inability to detect

such interactions. In this study, we examine how the presence of low affinity interactors
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modulates the association of high affinity interactors. We term such modulation of tight

binding events by low affinity interactors as ‘herd regulation’.

To illustrate herd regulation, we have considered a simple system of two interactors
(A and B) that come together to form a dimeric complex (AB). The kinetics of AB
formation was modulated in the background of low affinity interactors to both A and B
(Bi and A, respectively). In this case, we found that the rise time of the AB complex
increases with changes in the levels of the low affinity interactors. Surprisingly, we find
situations where AB is not the dominant product of the reaction, despite Kp of AB
several orders of magnitude higher. Aj and B; when acting alone, without the presence
of the other (section 2.1.1), are weak binders and offer weak competition. Only when
acting in consort (section 2.1,2) do they become potent competitors. This can be
explained by the lack of monomeric A and B in the system, as all available A and B
are consumed by the formation of AB, AiB and AB,. This is the case since A and B
contribute to the formation of two complexes each, whereas A; and B; are a part of only
one complex each. Thus, the products of the dissociation of AiB or AB; have a higher
probability of encountering A; or B compared to A or B. This study effectively predicts
the ranges of both the concentrations and dissociation constants at which herd
regulation would be effective. In general, herd regulation is affected by the quantity of
the low affinity binders as well as their respective binding efficacies (quality).
Interestingly, our data argues that the quality is more impactful than the quantity. We
successfully reproduce all of these results almost exactly using a separate continuous

method.

In our simulations, we have demonstrated herd regulation of a binary interaction of A
and B (giving AB) with interference from low affinity competitors A; and B;. In the
crowded cellular environment, reactions could be more complex, involving multiple
reactants with varying stoichiometry. It is thus relatively straightforward to imagine that
herd regulation would impact such complex interactions more than it does the simple
AB system. The other important aspect here is that the low affinity competitors could
be multiple species. For instance, the interactor A could have many homologous or
structurally analogous molecules in the cell, all of which could collectively constitute
the A;. Given the sizes and abundances of protein families, and the comparatively low

number of folds, our estimates of the levels of the low affinity competitors are
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conservative. Please note that similar arguments would also hold for herd regulation

involving different types of molecules such as DNA, RNA etc.

Unlike our simulations, in a cell all the potential interactors may not coexist or be active
at the same time. It is conceivable that before one of the strong binding interactors is
introduced into the system, the other binding partner and the low affinity interactors
are already present. Such a situation would only magnify the effects we have
discussed above. i.e., the relative rates of reactions could be slower than what we
have simulated, and the time taken to equilibrate the system would be longer. For
instance, during sex determination in Drosophila, the DNA binding sites in Sx/-Pe exist
in the cell even when the XSEs are absent. In this situation, it is reasonable to assume
that these DNA binding sites are bound to a cohort of low affinity repressors. The XSEs
produced during early development (nuclear division cycles 7-13) will have to displace

the low affinity binders for the DNA binding site to activate SxI.

In our computations that study kinetics, we have assumed that the forward rate
constants (krmara OF k) for the high and low affinity interactors are the same. This is
not an unusual circumstance in biological processes. For instance, proteins that
recognize specific sequences of DNA initially bind non-specifically and diffuse along
the DNA to its cognate binding site (Kim and Larson, 2007; Shimamoto, 1999; Wang
et al., 2006). Even, non-specifically binding proteins would also have a similar rate of
association with the DNA as specific binders (Cima, 1994; Schreiber et al., 2009). The
rates of dissociation, however, are vastly different and determine the binding affinities.
A similar argument can be made regarding protein-protein (or protein-peptide) and
protein-RNA interactions, especially if the binding was predominantly due to
complementarity in electrostatics. In the studies of equilibrium/steady state this
assumption of comparable forward rate constants is not required. This is because the
equilibrium state is only dependent on the dissociation constant and starting

concentrations of the reactants.

It should be noted that the herd regulation model presented in this study is basic. We
built such a model to set up a platform where one could build in additional constraints
for future investigations. Such future directions include: i) The effect of herd regulation
on oligomerization and/or polymerization reactions; ii) Our models demonstrate

regulation when there is a fixed quantity of the reactants. A more realistic model would
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also incorporate rates of their production and degradation; iii) Modeling interactions
where there are transition states and more involved kinetics. iv) Proving herd
regulation experimentally would constitute a significant challenge as low affinity
interactors are mostly undetected. We have addressed this by suggesting an in vitro
experiment involving circular single stranded DNA. We believe that these experiments
could validate the findings reported in results section 2.1. We also have a suggestion
for in vivo investigation (see below). The present study lays down the basis to

investigate such questions, which is otherwise beyond the scope of this study.

We have illustrated herd regulation in biological context with two examples and also
suggest one ‘in vitro’ experimental stratergy to verify the model. In one example, we
use protein-protein interactions akin to signal-receptor activation and in the other, we
use DNA-protein interactions to illustrate sex determination in Drosophila

melanogaster.

In the example of signalling, we resort to our simple AB model (A = receptor, B = signal
or a ligand). The signal (B) can bind its cognate receptor A or any of the low affinity
competitive/homologous receptors A;.. Once B is at a level (threshold) where it has
saturated all the A and A/’s the kinetics is only dependent on the level of B; (low affinity
competing signals). Thus, exhaustion of A;switches the system, from herd regulation
influencing both the tight binders, to one where it affects only a single tight binder.
Thus, the threshold is primarily dependent on the amount of Aj, the low affinity receptor,
present in the system. This formulation also helps explain earlier observations and
computations where the presence of promiscuous receptors (A/) determines cell fate
in Drosophila melanogaster development (lyer et al., 2023). Note that our model is
significantly simpler than the model proposed by lyer et al which required invoking
compartments and significantly more rate equations to explain this phenomenon. We
can explain this with three simple equations (E9, E10 and E11) (section 2.1.4 and
appendix section 9.4). This also simplifies the evolution and design of molecular
switches. Consider A, B, Aiand B; where A and B interact strongly whereas A; and B;
are homologs of A and B which have partially similar binding sites and thus interact
with A and B and with each other. This system will become a molecular switch if there
are mutations (engineered or evolved) in the binding interface such that ABiis not

formed (see sections 2.1.2 and 2.1.3).
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In the example of sex determination, we analysed a binary switch gene, Sx/, whose
activity confers female identity. Sx/ activity is primarily affected by the presence of X-
linked signalling elements (XSEs) and autosomal repressors. XSEs are derived from
the X chromosome. Thus, females with two X chromosomes activate Sx/-Pe while the
SxI-Pe of males remains inactive. Sex determination is dependent on the activity of
SxI-Pe at the end of the syncytial blastoderm stage of embryogenesis (NC10-13). We
have modelled sex determination considering the binding sites in Sx/-Pe as A, XSEs
as B and the autosomal repressors as low affinity interactors, Bi. Note that many of
the Sx/-Pe binding sites are concentrated within 400 base pairs in the promoter. (Estes
et al., 1995). We found that the presence of low affinity binders temporally resolves
SxI-Pe activation between males and females. XX and XY genotypes would determine
female and male states respectively as long as the cellularization occurs at a time
point between male and female activation. The primary factor that allows for this
temporal decision is the amount of XSEs, the cell cycle at which cellularization
happens and the amount of low affinity autosomal repressors present in the system.
Among these, the amount of XSEs and timing of cellularization has been
experimentally perturbed. Mutations in XSE genes are detrimental to females (Cline
and Meyer, 1996). Delayed cellularization generates embryos with more Sx/-Pe
activation and vice versa (Erickson and Quintero, 2007). It would be interesting to see
the effect of perturbing the low affinity binder levels in vivo, although this would require
the identification of multiple low affinity binders which would need to be mutated
simultaneously. Hypothetically, changing the level of the low affinity repressors (herd
regulators) could affect the male-female ratio in a population (see figure A3 for
distributions of Sx/-Pe activation at different low affinity repressor levels). Since the
sex determination decision is made individually in each nucleus in an autonomous
manner, this effect should manifest as a mosaic phenotype as those shown in
(Erickson and Quintero, 2007). The presence of such repressors is our prediction. The
role of deadpan (dpn) and groucho (gro) as weak negative regulators is already
reported (Chen and Courey, 2000; Lu et al., 2008; Mahadeveraju et al., 2020; Paroush
et al., 1994; Younger-Shepherd et al., 1992). However, gro does not bind DNA directly
and needs to be recruited to the promoter and neither deadpan nor gro active in all
the cells (sex determination decision happens in all the cells). We speculate that the

unknown entities responsible for the recruitment of gro along with other yet unknown
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entities have a combined ‘herd’ repressive effect on the promoter. Our model of sex

determination can be validated only after these low affinity repressors are identified.

It will be important to consider these data in a broader, more general context. Even a
cursory examination should reveal that binary decisions constitute important
cornerstones of biological systems both at the ‘micro’ and ‘macro’ levels. It is
noteworthy that many of the early foundational discoveries, especially in the field of
developmental genetics were aimed at uncovering the presence of a single master
determinant that functions as a molecular switch. (Sxl is just one such example of the
several well documented ‘master switch genes’). As the proper execution of the
downstream molecular processes is critically dependent on the early choice, these
binary switches have proven to be highly effective means to regulate major outcomes
of a variety of determinative events. Notwithstanding the benefits however, one ought
to consider a few important caveats that are readily overlooked while considering
biological relevance and regulation of binary mechanisms that underlie fate
determination. The genetic and biochemical strategies aimed at the identification and
characterization of canonical bio-switches (and their regulatory components)
invariably rely on phenotypes that are extreme. For instance, the genetic screens that
identified regulators of sex determination relied on either male or female specific
lethality. (The nomenclature of the relevant mutations daughterless, sisterless a, b etc.
effectively underscores this feature). As the detection of relevant mutations relied on
highly penetrant sex-specific lethality, a number of potentially interesting albeit weak
mutations were likely dismissed. Their detection is only possible upon simultaneous
deletion or addition of multiple weak affinity factors as approximated in our

computational approach.

We have also observed an overlap in the distribution of time taken for male and female
Sxl activation. This suggests that binary switch systems are not strictly binary. Their
outcome is actually two states that in many cases can have small (but not
insignificant), overlaps. This becomes especially important in the case of cell
autonomous determinative events. For instance, the sex of every single cell in a
Drosophila embryo is independently determined by the total concentration of X-
chromosomal elements. As a result, gynandromorphs consist of cells of both sexual
identity and, on rare occasions can survive even up to adulthood. While every instance

does not result in a dramatic and demonstrable outcome such as this, it is conceivable
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that several cells of the ‘wrong sex’ may be determined in an organism and are
eventually eliminated (or rendered ineffective) without any detectable consequence.
Analogous scenarios can be envisaged in other biological contexts i.e., a few haltere-
like cells could co-exist in wings or some neurons may exhibit partial epithelial traits.
Such heterogeneity has been well documented in primordial germ cells in blastoderm

stage Drosophila embryos while its relevance remains to be determined.

Canonical models suggest that both the initiation and maintenance of the binary switch
genes follow a stereotypical path toward a unified outcome. Altogether, while binary
decisions may lead to invariable and robust outcomes at a macro- or organismal level,
cellular heterogeneity likely exists at a micro- or cellular level. Mechanisms ought to
be in place that do not allow such variability to exceed permissible limits leading to
detrimental biological consequences. Importantly, the tolerable threshold may differ
vastly depending on the cellular or organismal contexts. The mechanistic
underpinnings and biological relevance of such mechanisms need closer scrutiny and
careful consideration as these represent molecular hurdles that are likely essential

components of homeostatic mechanisms.
4 Materials and Methods

4.1 Reactions
Consider the following reaction,
A+ B = AB (E1)

Consider the following reactions happening in proximity to E1,

A + B, = AB, (E2)
A+ B = AB (E3)

Here A, B, Ai and B, each represent ensembles of biomolecules. The Interactions
between any pair of A and B have high affinity whereas the interaction between A; and
Bi, have low affinity. Note that although these interactions are low affinity, they are

specific.
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4.2 Gillespie stochastic simulations

Differential equations can describe the progression of reactions deterministically. But
they assume that the reaction volume is infinitely large, and the stochastic behaviour
of molecules is cancelled out. This also means that the concentration terms are
continuous. But a cell is a small system with relatively few molecules. In such a system
the concentration is no longer continuous, and randomness could often play an
important role. We use the direct method of the Gillespie stochastic simulation
algorithm (Gillespie, 2013, 1977) to simulate such a system. This is a numerical
method for simulating the temporal evolution of systems of chemical reactions with
randomness. It involves iteratively sampling reaction events and updating the state of
the system based on the chosen reaction and the current state of the system. And thus
can be used to study the behaviour of complex chemical systems over time, including

the effects of noise and uncertainty on the system's dynamics.

We implemented the Gillespie algorithm, in python3. First, the initial state of the system
is set, including the number and types of reactants and the reaction rates for each
chemical reaction. Then, for each possible reaction, the propensity, a measure of the
likelihood that the reaction will occur in the next time step, is calculated based on the
reaction rate and the current state of the system. A random number generator is used
to choose one of the possible reaction events based on the propensities calculated.
The state of the system is then updated by adding or subtracting reactants as
appropriate. The simulation time is advanced by a time step calculated based on the
inverse of the sum of propensity and a random number. The process is repeated until
the system reaches a) a pre-specified time b) a specified number of iterations ¢) when

a product crosses a pre-specified level, or d) steady state (described in section 4.2.2).

4.3.1 Parameters used to generate the results
Section 2.1.1: Ao =500, Bo = 500, Kp =108 M and Co = 10-°M and Ny = 1000. Bjp and

Kp iwere varied in the section.

Section 2.1.2: Ao =500, Bp =500, Kp =10 M and Co = 10*M and No = 1000. Ajo, Bio
and Kp jwere varied in the section. Note that in all the cases Ao = Bjo and their binding

affinities were also kept the same and represented by the common term Kp |.

Section 2.1.3: Ao = 500, Bo = 500, Aip = 5000, Bio = 5000, Kp = 108 M, Kp ;= 10° M

and Co = 10°M and Np = 1000. Kp cross Was varied in the analysis.
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Section 2.2.1: Ag = 50, By = 200, Bjp = 2000 and Kp = 108 M, Kp ;=10 M and Cy =

10°M and Ny = 1000. Bjp and Bipo were varied in the section.

Section 2.2.2: Ap =50, and Kp =10 M, Kp j= 10° M and Co = 10M and Ny = 100..
Ao, Bo and Bjp were varied in the section. The simulations were carried out till the

simulation time of 10000 units.
Also, see section 4.3.3 and appendix 9.3 for the justification for the values provided.

4.3.2 Steady state calculations
For reactions with only B; present, steady-state was assumed to have been reached
when the average fluctuation over 1000 steps for every reactant and product is less

than 1 (molecule or molecular complex). This was evaluated in intervals of 100 steps.

For reactions with both B; and A, steady-state was assumed to have been reached
when the average fluctuation of over 1,000,000 steps for every reactant and product
is less than 1 (molecule or molecular complex). This was evaluated in intervals of
100,000 steps.

4.3.3 Calculation of propensities

The propensities were calculated using the following equations

ke = 105 M~ 1s7!

0
pr=—Xk
f N, f
pr = ki

Where kr and k; are the forward and reverse rate constant respectively. kris diffusion
controlled and set at 10° M-'s™! (Schlosshauer and Baker, 2002).pr and p: are the
forward and reverse propensities used in the Gillespie stochastic simulations. Co and
No are used to scale the second-order forward rate constant (k7)) based on

concentration.

For sections 2.1 and 2.2.1, Co = 10°M and Ny = 1000. For section 2.2.2 Cop = 10°M
and No= 100 (Traces for other values of Co can be found in figure A1B) (justifications

for the values are provided in appendix section 9.3).
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4.4 Parameters for generating results from differential equations

The parameters used are the same as those described in 4.3.1, except that the
number of molecules were converted into concertation using the following formula
based on effective concentrations of the number of particles in the Gillespie

simulations, calculated as follows.

C
ef fective concentration = N—O X number of particles
0

Initial concentration of Ai is set to O for calculations in sections 9.4.1. The Kbcross for

the dissociation of AiBi is set to infinity in all sections except section 9.4.3.

Trajectories were calculated by Runge-Kutta 4th Order numerical integration. The
equilibrium states were calculated by solving equations E10, E11 and E12 for AB, AB,
and AB. The system of equations was solved by sympy module in python3. Real

solutions that satisfy stoichiometry are selected.

4.5 Data availability

All scripts/programs used in this study along with the data they have produced can be

accessed at

http://sites.iiserpune.ac.in/~madhusudhan/Herd_regulation/figures.tar.gz
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9 Appendix

9.1 Effect of changing levels of low affinity signaling molecules on the threshold.

A Receptor signal complex at different low affinity receptor levels B Receptor signal complex at different low affinity receptor levels
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Figure A1: Dependence of receptor activation in varying levels of decoy signalling molecules in panel
A, different Co values in panel B and different time cutoffs used for sampling in panel C. Panel D shows
a control case of herd regulation when there is no low-affinity binder present. The difference in the scale
of x-axis was required show show the the results between 0-50. In the range of A, B and C this plot
would be a flat line with saturated AB . The parameters used were the same as that in Figure 5.
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9.2 Male and female SxlI-Pe activation at different starting level of low affinity

repressors
A Distribution of SxI-Pe activation time B Distribution of SxI-Pe activation time
Binding sites = 50, Low affinity repressors = 1000 Binding sites = 50, Low affinity repressors = 4000
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Figure A2: Effect of low affinity repressors on male and female activation times. Panel A shows male
and female activation when the starting levels of low affinity repressors are 1000 (half that of figure 5D).
Panel B shows the effect of 4000 (double that of figure 5D) low affinity repressors on male and female
activation. Please not the variation in scales of x axis.Panel C shows male and female activation when
there are no low affinity binders present. Parameters are shown in the top of the plots.

9.3 Local concentrations of reactants.

Here we are addressing the physiological relevance of the concentrations of
interactors used in the study. To do this, we estimate the volume that contains a single

interactor. This in turn gives us the distance that separates two interactors.

The average volume (m3) occupied by one interactor is calculated from the
concentration as

Ny

— % %1073
Co X 6.022¢23

Volume =

Where Ny is the number of interactors and Cp is the concentration. 6.022e23 is

Avogadro’s number and 10-3 is the conversion factor from dm?3 to m3,
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Assuming that the volume containing the interactor is spherical

4
Volume = §7rr3

Where r is the radius of the sphere. The average distance (d) that separates two

interactors is 2r

33
d=2X% 4—><Volume

T
In this study, we have considered reactant concentrations ranging from 10-°M to 10
3M. We have also worked with the number of interactors in the range from (of the order
of ) 100 — 1000. Substituting these values in the equation above gives us interactor
distance ranging from 68.2nm to 682 nm. Considering that the sizes of these
interactors are of the order of a few nm and also that cellular and sub-cellular
compartments are micrometre scale objects (Maul and Deaven, 1977), the
concentrations do not represent overly crowded or unphysical scenarios. In fact, in
several instances, the concentrations of cellular interactors are shown to be much

higher than our somewhat conservative estimates.

Regulatory processes in biological systems usually occur under conditions of local
enrichment, e.g. localization in subcellular compartments (Roth et al., 1989), nuclear
speckles (Chen and Belmont, 2019) and lipid rafts in the cell membrane (Simons and
Ehehalt, 2002). Such local enrichments have been shown to increase effective
concentrations by as much as 5 orders of magnitude (Abrami and van Der Goot, 1999).

In comparison, the values of concentrations used in this study are conservative.
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9.4 Kinetics and steady state of herd regulation can be replicated by differential

equations

9.4.1 Only Bi affect the formation of AB
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Figure A3: Panel A shows the effect of different concentrations of B0 on AB formation. Panel B shows
the concentrations of AB at different levels of Kp ; and Bi0. Panel C shows the effect of Kp j on AB
formation. The concentration scales is noted in the top left corner of the plot
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9.4.1 Bi and A, affect the formation of AB
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Figure A4: Panel A shows the effect of different concentrations of B0 on AB formation. Panel B shows
the concentrations of AB at different levels of Kp ; and Bi0. Panel C shows the effect of Kp ; on AB
formation. Parameters used are shown above the graph. The concentration scales is noted in the top
left corner of the plot

9.4.3 Effect of cross reaction between B; and A; on the formation of AB
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Figure A5: Figure shows the effect of cross reaction on AB formation.

147



9.5 Effect of herd regulation in higher order when reverser rate constants are

fixed

A Products vs time (fixed k,} B Products vs time (fixed k)
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Figure A7: Trajectories with fixed reverse rate constant. The reverser rate constant for all the reactions
in this plot are set to 103 s'. The equivalent trajectories of reactions show in figure A3 A and C are
shown in panels A and B and A4 A and C are shown in panels C and D. The parameters used to plot
the graphs are mentioned in the in the respective graphs.
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Proteins and their interactions execute most functions in biological systems. This

thesis examined three aspects of proteins.

Tree based clustering of local neighbourhoods

We aimed to analyse the structure of proteins by studying their local structural
neighbourhoods (Chapter 1). We formulated a new approach to store the structural
information about these local neighbourhoods, which clusters and superimposes them
based on their structural similarity and, in the process, arranges the clusters in a
hierarchical order. This hierarchical order in the form of a tree enables a fast search of
such databases. We then used these databases to create a method to search large
protein databases in a topology-independent manner to identify partial structural
matches. The capabilities of our approach are more significant than the state-of-the-
art methods like TM-align and FoldSeek proteins (van Kempen et al. 2024; Zhang and
Skolnick 2005) and faster than CLICK, which has similar capabilities (Nguyen and
Madhusudhan 2011).

The tree arrangement has a multitude of applications. Nodes in the tree represent
similar structural motifs. The similar structural motifs could be interpreted as alternate
locations of atoms in a structural motif. These alternate locations can be sampled to
infer the dynamics of the clique from a static structure without expensive MD

simulations.

Structural motifs have previously been used in various protein design and engineering
applications (Jacobs et al. 2016; Kuhlman et al. 2003; Zhou, Panaitiu, and Grigoryan
2020). Recent approaches using attention and graph neural networks resulted in
significant headways in accurate protein design (Dauparas et al. 2022; Hayes et al.
2024; Watson et al. 2023). However, these methods train on whole proteins, which
might cause biases in the training as structural motifs repeat in different ratios. Our
approach clusters local neighbourhoods. The cluster representation forms a non-

redundant training dataset for better versions of these neural networks.

The clusters in the tree are formed and represented using the first instance of the
structural motif encountered. This implies that the tree depends on the order in which
structural information is indexed. Moreover, this also leads to the formation of duplicate
nodes if the first motif (the representative) is an outlier, especially in cases with tight

cutoffs. To overcome this, the centroid of nodes in the trees can be calculated to form
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‘virtual’ representative motifs after eliminating outliers using Mahalanobis distance.
The duplicate can be removed after this step by comparing it with child nodes. The
membership of the tree can be removed after this step to create a ‘skeleton tree’. A
database can now be indexed into this ‘skeleton tree’ instead of creating a new tree
from scratch. Moreover, the pattern in which a structure fills the skeleton tree can be

used to infer structural information about the structure.

Highly populated nodes with more members should be more thermodynamically stable
than sparsely populated nodes, assuming the database was created from a complete
structural database. Cliques from models of mutants of proteins can be queried to
determine their structural stability. A clique in a protein can also be swapped to a clique

from a more stable node to increase the protein's overall thermodynamic stability.

Our program can also be used to identify multiple structure alignments. These
alignments can be further processed to identify more extensive ‘domain-like’ features
in super-cliques protein structures. The amino acid positions in these super-cliques
can be limited in sequence space. The amino acid of one position would also be
dependent on other positions. This provides sequence-structure mapping and
information about the coevolution of amino acids from topology-independent structural
motifs. The analysis of sequence to structures maps, as well as the coevolution of
amino acids from multiple sequence alignments by neural networks, is attributed to
the success of programs like AlphaFold (Abramson et al. 2024; Jumper et al. 2021).
The sequence mappings derived from our structure alignments would provide more

extensive and higher-quality data for similar endeavours in the future.

It is important to note that each step in our method is human interpretable as every
superimposition performed to arrive at the result can be individually visualised. This
contrasts with FoldSeek, which uses a neural network to encode structural motifs as

sequences, making interpreting the process near impossible.

The tree data structure as we describe here only requires the cartesian coordinates
and a type for indexing and searching. This means that any structural data can be
indexed, be it biomolecules like DNA, and RNA; larger coarse-grained assemblies like
chromosome coordinates, cyro-EM maps; various chemical entities like drugs and
small molecule ligands; non-biological data like stars in a galaxy, buildings in a city,

topography, shape of objects in X-ray scans; etc. Moreover, our approach for three-
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dimensional coordinates can also be expanded to N dimensions to cluster and index

N-dimensional data.

One of the applications of the tree database described in this chapter is to engineer
proteins. Please note that the results presented in this part of the thesis were done
prior to the development of the tree. Though the tree database would have been

handy, the protein engineering described in the next section, was done without it.

Engineering proteins based on local neighbourhoods

In Chapter 2, we use our understanding of analysing local neighbourhoods to add new
functionalities to a protein. For this purpose, we selected the function of green
fluorescence from Green fluorescent protein. We identified similar structural motifs as
the GFP chromophore forming residues. We then checked if the residues (or their
mutants) around the structural motifs can recapitulate the interaction and catalytic sites
found in the GFP. We selected three proteins to test experimentally from the structures
that fall in this category. We used Golden Gate assembly to generate our mutational
libraries. To help with this process, we created Overhang Optimizer for Golden Gate
Assembly (OOGGA, Chapter 3). Evaluation of two of the three structures resulted in

no fluorescence. We are in the process of testing the last proteins.

We could search structural motifs using the tree approach, providing a more robust
search method. Our original approach did not use the tree as it was conceptualised

after starting the experiments.

As a sperate project, recent advances in computational protein design using neural
networks (Dauparas et al. 2022; Watson et al. 2023) can be used to generate de novo

designs that are fluorescent.

Effect of low affinity binders in biomolecular interactions

Chapter 4 is distinct from the others as it analyses the interaction between proteins.
Here, we speculated that low-affinity binding that is seldom analysed or reported
(KD >10-6 M) could affect tight binding biomolecular interaction. We analysed the
kinetics and steady states of such systems and found that low-affinity interactions can
affect both the kinetics and steady states of biomolecular interaction. We coined the
term ‘herd regulation’ for this process. We have then successfully modelled sex

determination in Drosophila melanogaster using the effect of herd regulation on
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kinetics. We also created the simplest system that forms a binary switch (Mukundan,
Deshpande, and Madhusudhan 2024).

We have limited ourselves to the simplest case of herd regulation. Future studies can
also explore different/higher order stoichiometries. In addition, many herd-regulated
systems can be assembled to create larger functional systems for synthetic biology

applications.

In this study, we establish the importance of weak binders in biological systems.
Experiments and simulations exploring biological pathways in the future should

account for the effect of such weak binders.
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1. GFP PDB IDs

1B9C,1C4F,1EMA,1EMB,1EMC,1EME,1EMG,1EML,1EMM,1HCJ,1HUY,1JBY,1JBZ,
1JC0,1JC1,1KP5,1Q4A,1Q4B,1Q4C,1Q4D,1Q4E,1Q73,1QYF,1RMM,1RMO,1RMP,
1W7S,AW7T,1W7U,1YFP,2AH8,2AHA,2AWK,2AWL,2AWM,2B3P,2B3Q,2DUI,2GX2,
2H50,2H5P,2H5R,2H6V,2H9W,2HJO,2HPW,2HQZ,2HRS,2024,2029,202B,20KW,
20KY,2Q6P,2QLE,2QU1,2QZ0,2RH7,2WUR,2Y0G,2206,2207,3CB9,3CBE,3CD1,3
CD9,3ED8,3EK4,3EK7,3EK8,3EKH,3EKJ,3EVP,3EVR,3EVU,3EVV,3G9A,3GJ1,3GJ
2,3K1K,3LVA,3LVC,3LVD,30G0,3P28,35G2,3SG3,3SG4,35G5,35G6,3SG7,3U8P,3
UFZ,3UG0,3WLC,3WLD,4EUL,4HE4,41K1,41K3,41K4,41K5,41K8,41K9,4J8A,4KA9,4K
AG,4KEX,4KF5,4KW4,4KW8,4KW9,41.12,41.13,4L11,4LQT,4LQU,4LW5,4N3D,40GS
,40RN,4P1Q,4P7H,4PA0,4PFE,4W69,4W6A,4W6B,4W6C,4W6D,4W6F,4W6G,4W6
H,4W61,4W6J,4W6K,4W6L,4W6M,4W6N,4W60,4W6P,4W6R,4W6S,4W6T,4W6U,4
W72,4W73,4W74,4W75,4W76,4W77,4W7A,4W7C,4W7D,4WT7E,4W7F,4W7R,4W7X
4XBIl,4XGY,4XL5,4X0OV,4X0OW,4XVP,4ZF3,5AQB,5BT0,5BTT,5DPG,5DPH,5DPI,5D
PJ,5DY6,5EHU,5F9G,5HZ0,5HZS,5HZT,5HZU,5J3N,5JZK,5JZL ,5LEL,5LEM,5MAS,
5MA4,5MA5,5MAG6,5MA8,5MA9,5MAD,5MAK,5MFC,5MSE,5N90,5NHN,5NI3,5WTS
,6B7R,6B7T,6DGV,6DQ0,6DQ1,6EFR,6FLL,6FWW,6HUT,6IR6,6IR7,61TC,6JGH,6J
Gl,6JGJ,6KKZ,6KL0,6KL1,6KRG,6L26,6L27,6LNP,6LR7,6M63,6MB2,6MZ3,6NHV,6
OFK,60FN,60FO,6PER,6QUH,6QUI,6QUJ,6567,6UHJ,6UHK,6UHL,6UHM,6UHN,6
UHO,6UHP,6UHQ,6UHR,6URU,6WV3,6WV4,6WV5,6WV6,6WV7,6WV8,6WV9,6WV
A,6WVB,6WVD,6WVE,6 WVF,6WVG,6WVH,6WVI,6XU4,6XZF,6YLP,6YLQ,7A7K,7A
7L, 7ATM,7A7N,7A7O,7TA7TP,7TATQ,7TATR,7TA7S,TATT,7ATU,7TATV,7TATW,7ATX,TATY,
7TA7Z,7A80,7A81,7A82,7A83,7A84,7A85,7A86,7A87,7A88,7A89,7A8A,7A8B,7A8C,7
A8D,7A8E,7A8F, 7A8G,7A8H,7A8I1,7A8J,7A8K,7A8L,7A8M,7A8N,7A80,7C03,7CD7,
7CD8,7E53,7E9Y,7KM4,7LG4,7PCA,7PCZ,7S7T,7S7U

2. GFP PDB IDs (resolution < 1.5 A)

1JBZ,1Q4A,1Q4B,1Q4E,1QYF,2AWK,2B3P,2DUI,2H50,2H5P,2H6V,2HJO,2HQZ,2H
RS,2024,2Q70,2RH7,2WUR,2Y0G,2206,3CB9,3CBE,3CD1,3CD9,3EVP,3LVA,3LV

C,4EUL,4J8A,4KAG,4L11,4LQT,4N3D,4P1Q,4XGY,4X0V,4X0OW,5AQB,5DPH,5EHU,
5MA4,5NI13,6FWW,6HUT,6IR7,6JGH,6JGI,6JGJ,6KKZ,6KL0,6KL1,6KRG,6L26,6L27,
6MZ3,60FK,6QUH,6UHJ,7A7L,7ATN,7A7P,7ATW,7ATY,7TA7Z,7PCA,7TPCZ
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3. Donor and acceptor list of finding hydrogen bonds

Format <Residue name> <Main chain or side chain> <Donor or
acceptor> <Atom id> <Antecedent atom id>

ALA
ALA

ARG
ARG
ARG
ARG
ARG

ASN
ASN
ASN
ASN

ASX
ASX
ASX
ASX

ASP
ASP
ASP
ASP

CYS
CYS
CYS

CSS
CSS

GLN
GLN
GLN
GLN

GLX
GLX
GLX
GLX

GLU
GLU
GLU
GLU

MC
MC

MC
SC
SC
SC
MC

MC
SC
SC
MC

MC
SC
SC
MC

MC
SC
SC
MC

MC
SC
MC

MC
MC

MC
SC
SC
MC

MC
SC
SC
MC

MC
SC
SC
MC

DONOR N H
ACCEPTOR O C
DONOR N H
DONOR NE HE
DONOR NH1 HH1
DONOR NH2 HH2
ACCEPTOR O C
DONOR N H
DONOR ND2 HD2
ACCEPTOR OD1 CG
ACCEPTOR O C
DONOR N H
DONOR ND2 HD2
ACCEPTOR OD1 CG
ACCEPTOR O C
DONOR N H
ACCEPTOR OD1 CG
ACCEPTOR 0OD2 CG
ACCEPTOR O C
DONOR N H
DONOR SG HG
ACCEPTOR O C
DONOR N H
ACCEPTOR O C
DONOR N H
DONOR NE2 HEZ2
ACCEPTOR OE1l CD
ACCEPTOR O C
DONOR N H
DONOR NE2 HE2
ACCEPTOR OE1l CD
ACCEPTOR O C
DONOR N H
ACCEPTOR OE1l CD
ACCEPTOR OE2 CD
ACCEPTOR O C

158



GLY
GLY

UNK
UNK

HIS
HIS
HIS
HIS

HSE
HSE
HSE
HSE

HSP
HSP
HSP
HSP

ILE
ILE

LEU
LEU

LYS
LYS
LYS

MET
MET

PHE
PHE

PRO

SER
SER
SER
SER

THR
THR
THR
THR

MC
MC

MC
MC

MC
SC
SC
MC

MC
SC
SC
MC

MC
SC
SC
MC

MC
MC

MC
MC

MC
SC
MC

MC
MC

MC
MC

MC

MC
SC
SC
MC

MC
SC
SC
MC

DONOR
ACCEPTOR

DONOR
ACCEPTOR

DONOR
DONOR
ACCEPTOR
ACCEPTOR

DONOR
DONOR
ACCEPTOR
ACCEPTOR

DONOR
DONOR
DONOR
ACCEPTOR

DONOR
ACCEPTOR

DONOR
ACCEPTOR

DONOR
DONOR
ACCEPTOR

DONOR
ACCEPTOR

DONOR
ACCEPTOR

ACCEPTOR

DONOR
DONOR
ACCEPTOR
ACCEPTOR

DONOR
DONOR
ACCEPTOR
ACCEPTOR

oz

o=z

ND1
NE2

NE2
ND1

ND1
NE2

oz

oz

oz

N
0G
0G
o

N
0G1l
oGl
o

N I

N T

HD1
CD2

HE2
CG

HD1
HD2

N T

N T

[@l==

H
HG1
CB
C
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TRP MC DONOR N H
TRP SC DONOR NE1 HE1
TRP MC ACCEPTOR O C

TYR MC DONOR N H
TYR SC DONOR OH HH
TYR SC ACCEPTOR OH CZ
TYR MC ACCEPTOR O C

VAL MC DONOR N H
VAL MC ACCEPTOR O C

CRO MC DONOR 0Gl HG1
CRO SC ACCEPTOR 0G1l CB1
CRO SC ACCEPTOR N2 (1
GYS MC ACCEPTOR N3 (2
CRO SC ACCEPTOR 03 (3
CRO SC ACCEPTOR 02 (2
CRO SC DONOR OH HH
CRO SC ACCEPTOR OH CZ
CRO MC ACCEPTOR O C

GYS MC DONOR 0Gl HG1
GYS SC ACCEPTOR 0Gl CB1
GYS SC ACCEPTOR N2 (1
GYS MC ACCEPTOR N3 (2
GYS SC ACCEPTOR 03 (3
GYS SC ACCEPTOR 02 (2
GYS SC DONOR OH HH
GYS SC ACCEPTOR OH CZ
GYS SC ACCEPTOR OH CZ
GYS MC ACCEPTOR O C

HOH MC ACCEPTOR O 0]
HOH MC DONOR 0] 0]

DOD MC ACCEPTOR O (0]
DOD MC DONOR (0] 0]
4. Description of rings of residues

Format <Res_name> <space separated 1list of atoms of a ring in
order of preference for calculating plane>

TYR CG CE1 CE2 CD1 CD2 CZ

TRP CG NE1 CD1 CD2 CE2
TRP CD2 CzZ2 CzZ3 CE3 CE2 CH2

HIS CG NE2 CE1l CD2 ND1
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HSE CG NE2 CE1l CD2 ND1
HSP CG NE2 CE1l CD2 ND1
PHE CG CE1 CE2 CD1 CD2 Cz

CRO CA3 CA2 N2 C1 C2
CRO CB2 CE1 CE2 CD1 CD2 Cz

GYS CA3 CA2 N2 C1 C2
GYS CB2 CE1 CE2 CD1 CD2 Cz
5. Description of charges of residues

Format <Res_name> <anion or cation> <atom_name> <space separated
atoms_in_resonance>
atoms_in_resonance are atoms across which charge is delocalised
and space separated

ARG CAT NE NH1 NH2
ARG CAT NH1 NH2 NE
ARG CAT NH2 NH1 NE

ASP ANI OD1 OD2
ASP ANI OD2 OD1

GLU ANI OE1l OE2
GLU ANI OE2 OE1l

HIS CAT ND1 NE2
HIS CAT NE2 ND1

HSE CAT ND1 NE2

HSP CAT ND1 NE2
HSP CAT NEZ2 ND1

HSD CAT NEZ2 ND1

LYS CAT NZ

6. List of PIP binding proteins

No of
structu | PDB ids
res

Residue
name
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IPD

4PT

XJ7

P10

2Y5

I3P

IBS
EUJ
5P5

PTS5

T7X

PI1B
B7N
Pl
DB4
52N
J40
IP9
PIK

41P

12

13

87

40

(A)@@I—‘HI\)O?CDD\)

N
(o]

1IMA,7J3S7,7JS5,20RK,6LFJ,1AWB,1LBX,4RW3,5J16,1G
OH,5F24,3IKP

7Y1S,6FJC,1W1G,2Z0P,3W68

TMZ9,7L2H,7L2U,7MZA,7TMZE,7L2S,7L23,7TMZB,7L2R, 7L
2P,8FXG,7MZ6,7L2T

8T10,7B2L,8ED8,2H3V,5L0H,70OVR,6W7E,8E4L,8IAB,8T
47,6CDS,7TU9,8DDU,6UP7,8CRR,8CRQ,6XIT,8J02,8JR
U,5L0G,8W4U,1HFA,6153,7V07,7V19,6DMU,7SKU,4KFM
,6XEU,8CTE,5L08,8IAD,6VMO0,5L0C,8U2Z,815M,8E4Q,3
SPH,8T3R,8DDS,50N7,8T44,3SYA,6M84,7T6M,6CS9,7T
6Q,6HUG,4CQK,5L0D,7XNL,8CT3,8T45,8J01,6HUP,8E4
M,3SPI,6HUO,8T3U,6PW4,6HUK,8E40,6 XEV,8I5N,3SP
G,8FFO,6UBS,8JRV,6VM2,4PR9,8ED9,7QNE,8U30,5VY
P,8DDT,8DDV,3SYQ,6MFS,6HUJ,6PW5,6E7Y,7XNN,4N
S0,7UZ3,8E4N,5KUM,8DDX

8T30,70H6,4PH7,70H7,70H4,70H5,6R0J,6ROI,7PEM

6CV8,4WU2,5368,8T8Y,3T8S,4NP9,404D,3C5N,80BB,5
W2H,5XA1,1N4K,5367,2P0D,723J,3UJ0,1W2C,8EAR,1D
JIX,7F1X,5HJQ,7IXA,3VOH,5W21,4QJ4,8QBF,1GC6,4QJ5
,7/T3U,5GUG,100N,1NU2,1HOA,80QBD,1BTN,1MAI,3W9
F,2A98,5X10,1U29

117E
7M5V,7SQ7,7M5Y,6NQ0,6NQ2,7SQ9,7M5X,8PVR,6C9A
3RGQ

8X91,8WE6,7X1J,6V01,8TI2,8EPL,7BYN,7VFW,8ZLE,7V
FV,7MIY,7VFS,8JINI,5EGI,3GPE,8X90,7X1l1,7BYL,7MIX,8
TI11,7BYM,7VFU,8X93,8WE9,8WES,7VNP,5EIK

7A24,7ZKP,8CMO,6Y79,7BGI,7AQQ,6RFQ,8K66,7P1K,8
K69,7ARB,6RFR,7071,7A23,7BLZ,7LP9,7LPC,5HYM,7A
R8,7AR7,706Y

7BLQ,10CU,1H6H,2RAK,1ZSQ,7BLO
3B7N,4J7Q,6SLD,3B7Z,7WVT,7WWG

3Q19,1GZQ

AMXP

4CML
8FYT,7E2Y,8FYE,8FYL,8FY8,7E2Z,8FYX,7E2X,8JT6
7A17,3MDB,80X9,3LJU,80X8,80X7
4QK4,6PW4,6PW5

303L,1FHX,1U27,1BWN,2UZS,4WTY,1W1D,4WU3,2R0
D,6U3G,6BBP,2LKO,1B55,6BBQ,7KJZ,1H10,1FAO,5D3Y
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ITP
I3S
T7/M

PIE

21P
YBG
85R
0J1
LIP
LPY
PIF
3PT
PI1Z
PBU
81J
WES
IEP
KXP
HZ7
3PI
810
6ES
ElJ
KYG
135
P3H
9Y5
PWE

P P P P RPN PP RPNMNNWEPRPROONNNDWERERDMDNDNDNPRN

,6U3E,1W2D,2R09,1UNQ,5D3X,8TUA,1UPR,1FGY,7SD

D,4KAX,3AIM
4AVX,1JOC,1HYI
2P0H,122P
8PJK,3SPW,8PKM

2XSV,2XSR,8DV4,6GY0O,8DV3,1KB9,1UW5,80XC,2XSU

6LUM
119Z,7KIR

7LQY

8T3M,7X2U

7IM7,7IM6
4XF6,3C4V,1IMB,6WMV

4XPJ

4INQ,7DEI,3MTC

4FYG,3W67

4QJR,4RWV
40VV,2K41,5C79,2H3Q,6FID,2H3Z,3W68
8T10,8TOE,8TOY,8T3L,8GF8,8GF9
7TKHT

6WSC,5ZM8,5ZM6

6NR2,6NR3

6E7P,6E7Z

1ZVR

7VKT

5IRZ

7SHE,7SHF

6NR7

6KOJ

6SL5

50MH

BWHG
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