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Abstract

Bacterial lectins are nonenzymatic, sugar-binding proteins involved in the forma-
tion of biofilms and the onset of virulence. The weakness of individual sugar-lectin
interactions is compensated by the potentially large number of simultaneous copies of
such contacts, resulting in high overall sugar-lectin affinities and marked specificities.
Therapeutic compounds functionalized with sugar residues can only compete with host
glycans for the binding to lectins if they are able to take profit of this multivalent binding
mechanism. Glycopeptide dendrimers, featuring tree-like topologies with sugar moieties
at their leaves, have already shown great promise in this regard. However, optimizing
the dendrimers’ aminoacid sequence is necessary to match the dynamics of the lectin
active sites with that of the multivalent ligands. This work combines long-timescale,

coarse-grained simulations of dendrimers and lectins with a reasoned exploration of the
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dendrimer sequence space, in an attempt to suggest sequences that could maximize
multivalent binding to the galactose-specific bacterial lectin LecA. These candidates
are validated by simulations of mixed dendrimer/lectin solutions, and the effects of
the dendrimers on lectin dynamics are discussed. This approach is an attractive first
step in the conception of therapeutic compounds based on the dendrimer scaffold, and
contributes to the understanding of the various classes of multivalency which underpin

the ubiquitous ‘sugar code’.

Introduction

Carbohydrates play a prominent role in the mediation of biological processes, notably via the
recognition of lectins by cellular glycans. This recognition process, dubbed the ‘sugar code’,!
remains the subject of active investigation, with fields of relevance ranging from oncology,?
through biosensors® and synthetic supramolecular chemistry,* to bionergy production® and
infectiology.%7 Lectins feature a wide array of binding site topologies that can bind sugar
moieties, albeit with affinities that are generally weak. Despite this, a very strong specificity
for certain cellular glycans can be achieved.! This apparent contradiction can be resolved by
introducing the concept of multivalency, in which multiple simultaneous weak interactions
between carbohydrates and their receptors contribute to an overall strong affinity that can be
fine-tuned through its individual components.®® Consequently, the conception of synthetic
scaffolds bearing multiple covalently-bound carbohydrates as a means of taking advantage of
the multivalency effect in the recognition and binding of lectins has been an ongoing research
goal over the past decade. 015

Dendrimers are molecules which feature a tree-like topology, with branches splitting
off a trunk and then subdividing again following a regular pattern. The structural and
dynamical properties of the branch termini, where functionalization usually takes place,
depend on the chemical nature of the branches and the interactions between them, making

dendrimers particulary versatile scaffolds in numerous molecular recognition applications —



among which lectin/glycan recognition for which they have been used for several years.14!5

Peptidic dendrimers, inspired by the antimicrobial peptides which are a part of the defense
mechanisms of most multicellular organisms,'® have the advantage of being very convenient
to synthetize; as an added bonus, their compact yet flexible molten-globule structure makes
them very resilient to proteolysis, !” facilitating their delivery. As potential antibiotic agents,
they have already shown promising effects against the the human opportunistic bacterium
Pseudomonas aeruginosa: nonfunctionalized, amphiphilic dendrimers have proven able to

18,19

disrupt the bacterial membrane, whereas glycoconjugated peptidic dendrimers targeting

bacterial lectins have been shown to hinder bacterial adhesion to human cells and biofilm
formation, limiting the onset of virulence and resistance to antibiotics. !5:20:2!

Bacterial lectins such as the galactose-specific LecA and the fucose-specific LecB play a
role in the specific recognition of host cells, the attachment to target cells, and the trigger-
ing of virulence.?>?3 As tetramers, they feature four sugar-binding sites. Designing peptidic
dendrimer glycoconjugates in which the spacing between sugar moieties coincides with the
intra- and/or inter-tetramer binding site distances would, in theory, allow to maximize the
impact of multivalency on the recognition and binding process and ensure optimal competi-
tion with the binding of host glycans, enhancing the therapeutic efficiency of the compounds.
A thorough and systematic optimization of the aminoacid sequence of the dendrimer ‘arms’
to achieve this goal is therefore highly desirable, but also very difficult due to the unfavorable
sequence combinatorics involved. In silico studies, which are in principle well suited to the
cost-effective preliminary screening of a large number of candidates, also stumble on this
difficulty: flexible molecular constructs such as peptide dendrimers have extensive confor-
mational spaces that are very difficult to fully characterize at an acceptable computational
cost. As such, theoretical studies on the matter have mostly been used either as a posteri-
ori validation of experimental results,?’ or to explore the effects of limited variations upon
24-26

sequences gleaned from databases.

Coarse-grained models (in which atoms making up standalone chemical functions are



grouped into beads) can be used to simulate much longer timescales than their all-atom
counterparts for the same computational cost; this is not only due to the straightforward
reduction in the dimensionality of the problem, but also to an effective kinetic speedup as-
sociated with the ‘smoothing out’ of local features on the energy landscape brought about
by coarse-graining.?” This study applies the MARTINI?*% coarse-grained model (which
has been successfully applied to unstructured antimicrobial peptides in the past3°3?) and
long-timescale molecular dynamics simulations to the systematic exploration of aminoacid
sequence effects on the dynamics of octavalent peptide dendrimers functionalized with galac-
tose, as well as their ability to bind the galactose-specific lectin LecA. The sequence-to-
dynamics relationship thus inferred is then used to suggest potential candidates in which
the recognition and binding of LecA would benefit the most from multivalency. Finally, the

best and worst candidates are simulated in the presence of LecA tetramers to evaluate the

validity of these predictions.

Methods

Root mean-square deviation calculations

Due to the topology of the peptide dendrimers considered (see Figure 1), aminoacid chains
branching from the same parent residue are chemically equivalent, and their numbering in
the structure can be freely swapped. This has to be taken into account when computing
the root mean-square deviation®® (RMSD) between two dendrimer structures: both the pre-
liminary least-square alignment procedure (used to remove the effects of rigid-body rotation
and translation) and actual deviation calculation require a mapping of atoms between both
structures, which for such dendrimers is not unique. The ability to swap equivalent branches
results in two possible numberings per branching point. The dendrimers studied herein have
seven branching points, for a total of 27 = 128 possible equivalent numberings. The RMSD

between two structures can thus be computed as the minimum of the set of RMSDs ob-



tained between structure 1 and the 128 equivalent numberings of structure 2. A tool for
the automatic generation of all possible mappings between structures and calculation of the

corresponding RMSDs has been designed for this study.

Statistical tools

The Kolmogorov-Smirnov (KS) distance3?

was used to quantify the similarity between distri-
butions of structural values (RMSD, inter-sugar distances...) obtained from the simulation
of the different dendrimer compounds. The clustering of dendrimers was performed using the
affinity propagation method.?> The method iteratively computes the pairwise responsibility
(i, ) and availability a(i, j) between pairs of samples (i, j) taken from a dataset. Responsi-
bility is the accumulated evidence that sample j should be an exemplar for sample i (in other
words, that sample j should be the representative structure of a cluster containing both itself

and sample 7); availability is the accumulated evidence that sample i should choose sample

7 as its exemplar, when compared to sample j’s exemplarity for all other samples:

r(i,j) = s(i,j) — max[a(i, k) + s(i, k) Vk # j]
(1)

a(ZL]) = min[()? T(.]?.]) + Zk,kg{{i,j} T(kaj)]

s(i,7) is the similarity between samples ¢ and j, which was taken as the opposite value
of the KS distance between the corresponding distributions. The system of equations (1) is
iterated to convergence. The affinity propagation method was chosen because of its ability
to take the similarities between samples, rather than the samples themselves, as input; this is
very convenient when clustering complex objects (such as distributions) using nonstandard
metrics. As an additional benefit, affinity propagation does not require the number of clusters
to be specified by the user, a source of bias found in most other clustering techniques.
However, on complex datasets, the method has a tendency to generate many clusters. To

alleviate this behavior, affinity propagation was performed hierarchically on the datasets:



the exemplars generated at generation n were used as the input set for generation n — 1; in
this scheme, the generation n-exemplars are children of the generation n — 1l-exemplars to
whose cluster they belong. The process was repeated until further clustering did not result
in a simplification of the dataset. This hierarchical approach retains the advantage of not
having to choose the number of clusters, yet provides different levels of classification that
facilitate the understanding of the structure of the underlying dataset by the human mind.

Sequence logos are a widely used representation of multiple sequence alignments of pro-
teins or nucleic acids.®® A logo consists of a stack of symbols per position in the sequence;
the height of each character in the stack relates to the frequency of the corresponding
aminoacid /nucleobase at the position, while the total height of the stack denotes sequence
conservation. The latter is expressed as the difference between the maximum Shannon en-

tropy Smae and the entropy in the observed character distribution at the considered position

Sobs:

N
Rseq = Smax - Sobs = lOgQ N — <_ an 10g2 pn) (2)
n=1

where p,, is the frequency of symbol n at the location, and N is the number of possible

distinct symbols.

Computational details

All coarse-grained MD simulations were performed using version 2.2 of the MARTINI force
field 282 inside GROMACS?®73® versions 4.6.5 and 5.1. The parameters for the branching
lysines were derived from those of the standard aminoacid,?® replacing the final Qd-type
grain by a P1-type particle which was bound to the backbone grain of the next aminoacid
(bond equilibrium length 0.35 nm, bond force constant 1250 kJ mol™* nm™?; angle equilibrium
value 124°, angle force constant 20 kJ mol™ rad?). These parameters were chosen to provide

the best match with the corresponding all-atom model on a set of distance distributions (see



Supporting Information Figure S1 for details). The parameters for the terminal galactose
residues were taken from Lopez and coworkers’ extension of MARTINI to carbohydrates.?’
The sugars were covalently bound to the backbone bead of the corresponding N-terminal

2, angle

residue (bond equilibrium length 0.35 nm, bond force constant 1250 kJ mol™! nm-
to sugar bead 1: equilibrium value 127°, force constant 20 kJ mol! rad? ; angle to sugar
bead 2: equilibrium value 149°, force constant: 25 kJ mol? rad?; angle to sugar bead 3:
equilibrium value 123°, force constant: 25 kJ mol! rad?). The dendrimers were treated
as extended regions (coils) within the MARTINI framework, and as such did not feature
secondary structure restraining potentials.

The dendrimers were minimized in vacuo, placed in a truncated octahedral box of MAR-
TINT water beads (in which one bead replaces 4 actual water molecules®®) extending at
least 14 A from the solute in all directions. Interestingly, while the simple MARTINI water
model cannot account for the possible mediation of contacts by single water molecules or the
directionality of hydrogen bonding patterns, the bundling of water molecules inside a bead
has been shown to have little overall effect on the physical and thermodynamical aspects of
the interaction of water with most solutes.?® The solvated system was then minimized to
convergence and equilibrated at 300 K with fixed backbone beads for 5 ns. Production simu-
lations without restraints were then performed for 5 ys. All molecular dynamics simulations
used a timestep of 20 fs. Conditions of constant temperature (300 K) and pressure (1 bar)
were maintained using velocity-rescaling (7 = 1.0 ps) and Parrinello-Rahman algorithms
(1 =12 ps, B = 1.8 x 107° bar™!), respectively, applied separately to solute and solvent.
Coulomb interactions extended to 12 A, with the forces decaying smoothly from 0 A. Van
der Waals interactions extended to 12 A, with the forces decaying smoothly from 9 A.

The structure of the LecA tetramer was taken from the work of Novoa and coworkers?
(PDB Id. 4CP9), converted to a coarse-grain representation using Martinize, and minimized
in vacuo. As is usual for globular proteins in MARTINI, the secondary structure of each of

the monomers was preserved by employing an additional elastic network model connecting



the backbone beads of aminoacids distant of less than 9 A and separated by at least 3 se-
quence positions (force constant 500 kJ mol~! nm™2). Spurious LecA tetramer dissociation
events, although rarely observed, could have a negative impact on the efficiency of confor-
mational sampling; to prevent them, the disposition of the LecA units inside a tetramer was
constrained using harmonic potentials between the centers of masses of the units (500 kJ
mol™! nm~2). Similarly, rare exchanges of the Ca*" ion at each monomer’s binding site
were seen to occur, over timescales compatible with the ion’s experimental binding affin-
ity;! to prevent such ‘blue moon’ events from tainting the sampling of galactose recognition
and binding events, the ions were restrained relative to the backbone beads of active site
aminoacids Tyr36 and Thr104 with a 500 kJ mol~! nm~2 harmonic potential. Five copies of
the minimized LecA tetramer were inserted, at random positions and orientations, inside an
octahedral box which was then filled with MARTINI water beads. Minimization and equili-
bration were performed as previously described, upon which 2 ys of unrestrained production
simulation were begun. This was repeated for three distinct starting conditions (different
random arrangements of the five tetramers), yielding 6 us of total simulation time. In all
cases, the equilibrated box had a typical volume of around 6000 nm?, corresponding to an
approximate LecA concentration of 1.4 mM, and comprised approximately 48000 beads.
The simulation of the LecA /dendrimer mixtures were carried out similarly, by randomly
introducing five copies of the relevant dendrimer and five LecA tetramers into the simulation
cell. Three distinct starting conditions were thus generated, in which (to ensure generality)
the absence of initial dendrimer-lectin contacts was checked. The protocols and simulation
lenghts were the same as for the LecAjs system; the approximate volume of the equilibrated
box, the number of particles, and the concentrations of LecA and dendrimers were also
very similar to their values for LecAs. For each dendrimer, an additional set of three 2-
us simulations from distinct starting conditions was generated to verify the convergence of

active site distance distributions (see Results for details).



Miscellaneous

All statistical analyses were performed using Scientific Python? and Scikit-learn.*3 All
molecular graphics were produced using VMD.** Sequence logos were generated using the
WebLogo Python APL# Trees were represented using the ETE toolkit.%6 All other plots

and figures were generated using Matplotlib. 47

Results

The functionalized peptide dendrimers under study possess a branching, tree-like topology
with 8 ‘leaf’ nodes, each of which bears a galactose moiety (see Figure 1). Suitably function-
alized, branching peptide dendrimers of this nature have been shown to be highly effective
in the recognition and binding of both the galactose-specific LecA?! and the fucose-specific
LecB lectins.*® The particular framework selected for this study was chosen to be a good
representative of this class: the octavalent scaffold can potentially maximize multivalent ef-
fects, and the use of a common-length spacer between any two branching points allows a
consistent comparison of sequence effects as a function of residue depth. The framework
consists of chains of homogeneous sequences: at any given depth in the tree, only one sort of
aminoacid is found. There are 11 such levels, three of which correspond to branching lysine
residues that cannot be replaced by another aminoacid because they effectively implement
the tree topology. Consequently, 8 levels remain for the variation of the dendrimer aminoacid
sequence.

The number of possible sequences, in the order of 25 billions (208), precludes an exhaustive
study even at the coarse-grained level. The number of aminoacid types employed to generate
the dendrimer sequences has thus been reduced to five, representative of the major classes:
small hydrophobic (alanine, A), large hydrophobic (methionine, M), polar neutral (serine,
S), positively charged (arginine, R), negatively charged (aspartate, D). Proline (P), whose

unique conformational rigidity makes it stand out from the group of hydrophobic aminoacids



with which it is usually bundled, was verified to be reasonably represented by alanine for this
study (see below and Supporting Information Figure S5). Although volume and chemical
character are not independent variables, this subset of aminoacids has also been chosen as
reasonably representative of the entire set of aminoacid volumes in solution®® (75.1 4+ 21.8
vs 85.1 & 24.0 mL mol ).

To further simplify the combinatorics of the problem, it is possible to vary the sequence
inside a sliding window rather than on a per-residue basis; the number of possible sequences
is thus reduced from N to (L — W + 1) x N" where N is the number of possible residue
types per position, L is the number of positions at which the sequence is varied and W is the
width of the sliding window. Longer windows are more costly, but offer a better description
of the collective effects between neighboring residues. The dendrimers under study consist
of branching lysines separating spans of two aminoacids; the lysine residues act as buffers
between the dipeptides on either side, interfering with the propagation of correlated infor-
mation between them. Consequently, using a window length of two in these systems was
deemed a good tradeoff between computational cost and the inclusion of collective effects (a
hypothesis that will be verified further down); it reduced from ~ 391000 to 175 the number
of sequences to be considered, allowing for adequately long simulation times on each. The se-
quence variations were performed upon a dendrimer of sequence HoN-TH (K)IK(K)FL(K)PK-
Gal (from trunk to leaves, with branching lysines between parentheses), a variant of which
has been experimentally shown to be a good binder of the lectin LecB (25 nM binding
affinity);*® although the system-wide sequence exploration subsequently performed renders
this choice somewhat irrelevant, it is justified by the similarities between LecA and LecB
(charged active sites, comparable shortest intra-tetramer active site distances). The solu-
bility of dendrimers in water, essential to their drugability, is theoretically favored by the
presence of polar and charged aminoacids; however, the high number of galactose moieites
per dendrimer and their location at the extremities of flexible chains, combined with the

very high solubility of galactose (~4 mol L), allow for a hydrophilic external shell that
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can potentially shield hydrophobic aminoacids from water, akin to the hydrophobic collapse
observed in protein folding. As such, solubility issues at millimolar or lower concentrations
are not expected regardless of sequence. Indeed, similar glycopeptide dendrimers have been
shown to be water-soluble at such concentrations during isothermal titration calorimetry
experiments. 2126

The 175 possible sequences have been constructed and simulated in explicit solvent for
5 us. Quantifying differences between peptide structures is traditionally performed by com-
puting the root mean-square deviation (RMSD) of the backbone atoms, after removal of
rigid-body rotation and translation effects via least-square fitting; this approach has already
been applied to peptidic dendrimers of varying sequences.? The methodology was adapted to
the symmetric topology of the current dendrimers (see Methods for details). The ‘central’
structure of each dendrimer (whose RMSD to the average structure over the entire simu-
lation is minimal) was extracted, and a square, symmetric, rank-175 similarity matrix was
built from the RMSD values between the central structures of all possible dendrimer pairs.
This matrix was used as input to the affinity propagation clustering method (see Methods
for details), which grouped the 175 dendrimers into six unevenly populated clusters. To
visualize the properties of the clusters thus obtained, statistics of hydropathy indices® (a
well-adopted indication of an aminoacid’s polarity), volumes and sequence positions were
performed over each of them. The volume and hydropathy values for each dendrimer were
taken as the sum of the corresponding values for the two aminoacids forming the mutation
window; the sequence position was taken to be the index of the aminoacid within the window
that is closest to the dendrimer trunk (Figure 2).

As can be seen, the clusters show no clear discrimination of dendrimers based on position,
hydropathy or volume. All clusters contain dendrimers mutated on at least six of the seven
possible positions with residues of all sizes and hydropathy; only a limited specificity for small
and hydrophobic residues can be observed in cluster number 5 of population 18. This is in

part due to the fact that the RMSD is a very degenerate measure of structural differences: two
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structures with equal RMSD to a third are not necessarily similar, especially if the common
RMSD is large; the RMSD is more sensitive to minute differences between structures than
to very large ones. However, clustering based on this measure still makes a degree of sense
since pairwise RMSDs inside each cluster are expected to be small if the number of clusters
is sufficiently large (in the present case, the mean intracluster RMSD was found equal to
2.1 A, which is indeed small compared to the mean intercluster RMSD of 6.4 A). So one
has to conclude that mutations in the dendrimer sequence have little impact on the mean
structure. The other structural measure usually employed in such cases, the macromolecular
radius of gyration, was also verified to feature a relative insensitivity to aminoacid nature
(data not shown).

The average backbone structures of the dendrimer representative of each of the six clus-
ters, aligned along their inertial axes, are presented on Figure 3. The figure also provides, for
each cluster, the moment along each of the three inertial axes. As can be seen, the average
structures of the dendrimers are quite diverse, ranging from extended (purple structure - RR
mutation on the last branch) to compact (orange structure — AA mutation on the middle
branch), and from highly isotropic (red structure — AS mutation on the last middle-branch
and first last-branch residues) to highly anisotropic (purple structure). The existence of this
structural diversity shows that the sequence of the dendrimer chains does have an impact on
the systems’ behavior, but that the static picture provided by the use of degenerate struc-
tural measures (RMSD, radii of gyration) on time-averaged structures is not suitable to its
elucidation. There is a clear need to take into account the dynamics of the dendrimers in the
classification mechanism (different dendrimer sequences could be characterized by different
dynamics around similar average structures), and to optimize the dynamics-activity rela-
tionship using statistics over structural measures that relate as closely as possible to lectin
recognition.

To this end, I have focused on the distribution of distances between sugar ‘leaves’ over

time, as revealed by the 5 us of MD simulation of each dendrimer sequence. This measure
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of the dendrimers’ dynamical behavior does not suffer from the issues mentioned above,
and is critically related to the ability of the dendrimers to multivalently bind LecA (see
Supporting Information Figure S2 for examples of such distributions). A similarity matrix
between all possible pairs of distributions was calculated based on the Kolmogorov-Smirnov
distance (see Methods for details). As before, this matrix was subjected to clustering using
affinity propagation; this yielded 28 distinct clusters — a testimony to the complexity of the
underlying dataset. To facilitate the understanding of these results, a hierarchical approach
was employed to generate larger ‘parent’ clusters. To visualize the nature of the clusters in
the resulting ‘tree’, statistics of hydropathy indices, volumes and sequence positions were
performed over each of them as previously described. Figure 4 represents the cluster tree,
decorated with these per-cluster statistics.

Unlike before, there is now a clear influence of the position at which the sequence is
varied on the constitution of the clusters; the impact of position on the overall dynamics of
the systems appears much larger than that of the chemical nature or size of the aminoacids
introduced. Three of the six first-generation clusters are exclusively composed of dendrimers
mutated on the last branch; the fourth cluster mixes in a limited contribution of the second
aminoacid of the middle branch. The two remaining clusters, much larger in population
(28 and 124 members vs. a total of 23 for the previously mentioned four clusters), are
mostly composed of dendrimers mutated on (respectively) the second and third, or the
first and second, branches. The first-generation clusters composed of last-branch mutants
show a limited, but apparent, discrimination between aminoacid polarities and sizes: the
RR mutation of the last branch is alone in its cluster; the remainder of the hydrophilic
combinations are divided into two clusters (size 3, small aminoacids, and size 6, larger ones);
hydrophobic combinations of all sizes are bundled into the fourth cluster of population 13,
for which discrimination over aminoacid sizes only occurs at generation 2. On the other
hand, the two large first-generation clusters consisting of first to third-branch mutants do

not give rise, at the second generation, to a marked separation based on size or hydropathy;
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the corresponding second-generation clusters are complex mixtures of dendrimer sequences,
most of which are difficult to describe in simple terms. To summarize, the position of the
mutation on the chains is the most important parameter to take into account when optimizing
dendrimer sequences, followed by polarity, then by size; in practice, the last two properties
only seem to matter for last-branch mutants. Interestingly, the dependence of structure and
dynamics upon the polarity of the dendrimer arm aminoacids is strikingly more complex
than the expected simple preference of polar (resp. hydrophobic) sequences for extended
(resp. compact) conformations.

We now focus on collective effects on the dendrimer dynamics induced by the mutation
of neighboring residues. Considering the fact that the aminoacid sequence was varied inside
a sliding window of length 2, there are 10 instances of dendrimers having a given mutation at
a given position (5 possible neighbors on either side), except for the first and final positions
which, having only one neighbor, are represented by 5 instances only. To evaluate the
importance of neighbor effects for a given mutation at a given position, the average and
standard deviation of the set of dissimilarities between all possible pairs of instances (the
‘signal’) were compared to the same statistical measures on the set of dissimilarities between
each instance and all other sequences in the dataset (the ‘background’). A signal that
is lower than the background means that neighbor effects are not important; conversely,
similar values of signal and background hint at sizeable neighbor effects. The left panel of
Figure 5 shows that, for the dendrimers under study, three domains can be distinguished.
From positions 1 to 7, the average signal is clearly lower than the background and its spread is
much reduced, meaning that it is probably safe to consider point mutations on an individual
basis; on the other hand, at positions 8 and 10, neighbor effects seem important and varying
the sequence over two or more positions at a time is mandatory; finally, neighbor effects
abate again on average at position 11, although the spread in values remains high. The
nature of the aminoacid, on the other hand, does not seem to consistently affect neighbor

effects: aminoacid types for which neighbor mutations resulted in dissimilar sugar distance

14



distributions were found to differ depending on their positions. Just like for the clustering
discussed above, the position in the dendrimer sequence has the greatest impact on collective
sequence effects. To check whether this effect is directional, the right panel of Figure 5
shows the mean and standard deviation of the dissimilarities of sugar distance distributions
generated when changing the left (trunk-side) or right (leaf-side) neighbor of an aminoacid
at a given position. The trunkward (left) part of the sequence, up to the end of the first
branch (position 5), does not show significantly different right-side and left-side correlations.
When moving toward the leaves however, the average KS distance between distributions for
right-side mutations becomes markedly higher than for left-side ones.

While it may indeed seem natural that the dynamics of the sugar residues is most in-
fluenced by the close-lying (leafward) aminoacids, it is quite remarkable that the nature
of ‘parent’ branches in the dendrimer topology seems to have little effect on the behavior
of their ‘children’; even though the flow of correlation is expected to be directed from the
dendrimer core to the branches.

The ability for a dendrimer of given sequence to multivalently bind LecA is very likely
to depend on the extent of the overlap between its distribution of sugar distances and the
distribution of LecA active site distances. To obtain the latter, five LecA tetramers were
simulated at the coarse-grained level, in a solvent box corresponding to a concentration of
1.4 mM, for a total of 6 us, and all possible distances between active site pairs were computed
(a total of 190 per time step). As before, the overlaps between this distribution and each
of the dendrimer sugar distance datasets were computed using the KS distance. The 20%
of sequences with the best overlaps were used as input to the calculation of the per-position
Shannon entropy; the resulting logo, appearing on Figure 6, shows the aminoacid preference
at each position in the dendrimer sequence with respect to the multivalent binding of LecA
(insofar as the hypothesis that the overlap of distance distributions between receptors and
ligands correlates with multivalency is correct).

The sequence logo comforts the previous finding that the last branch aminoacids play a

15



crucial role in dendrimer dynamics; there is an almost equally high specificity for serine or
alanine at the corresponding positions. However, the sequence of the first branch also appears
important, with a marked preference for aspartate at position 4 and its absence at position
5 (along with methionine at both). The dendrimer trunk features a marked preference for
arginine at position 1. The rest of the sequence is not as constrained, but displays an overall
preference for either serine or alanine. To check whether the bundling of proline within the
group of hydrophobic aminoacids despite its unique conformational rigidity is reasonable,
proline was added to the previous set of 5 aminoacids for the generation of all possible
sequences of the last dendrimer branch (in which sequence effects have just been shown to be
the strongest). The resulting sequence logo, shown on Supporting Information Figure S5,
shows that while the presence of a proline residue at the most leafward position is indeed
favorable, it isn’t more so than alanine: for the binding to LecA, the hydrophobic character
of proline appears to prevail over its peculiar dynamical characteristics. As an aside, the
fact that several experimentally validated dendrimers also feature leafward prolines?!48:51
provides additional evidence of the predictive power of the model employed in this work.
To check whether the sugar distance properties inferred from simulations on a set of
dendrimers mutated inside a two-aminoacid sliding window (effectively neglecting correla-
tions between second-neighbors and beyond) could be used to predict the entire dendrimer
sequence, the sequences with the best and worst overlaps with the distribution of LecA
active sites (as predicted from the sequence logo on Figure 6) were simulated under the
same conditions as previously. The best sequence was RSKDAKASKSA. Due to multiple
aminoacids with zero occurence at positions 5 and 11, several choices are possible for the
worst sequence; ADKMMKMDKMM was chosen here. With a KS distance of 0.16 to the
distribution of LecA binding site distances, the best sequence was indeed found to be better
than any other of the 175 previously simulated sequences, while the worst sequence (with a
KS distance of 0.32) was found to be worse than 98.9% of the sequence set (the histogram

of KS distances to the LecA active site distance distribution for all dendrimer sequences
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under study can be found on Figure S3, Supporting Information). While this does not
constitute proof that the best sequence is indeed the very best (which would require the
entire set of 5% sequences to be simulated), it provides convincing evidence that potential
collective effects do not reach far enough along the sequence, or are not important enough,
to nullify the previously made hypothesis of the additivity of two-aminoacid spans.

Finally, to check if the overlap of distance distributions between receptors and ligands
can be considered a good measure of multivalency, and to evaluate the effect of the den-
drimers on the dynamics of LecA tetramers, I have simulated the best and worst dendrimer
sequences in the presence of LecA (5 LecA tetramers and 5 dendrimer copies, see Methods
for details) — possibly the most realistic simulation of multivalent lectin binding to date,
albeit tempered by the simplicity of the coarse-grained model used and the relatively high
LecA concentration chosen to reduce computational costs. First, the effect of the dendrimers
on the distribution of distances between active sites on different LecA tetramers was mon-
itored (Figure 7); due to the rigidity of the LecA tetramer assembly, intra-tetramer active
site distances are the same in all cases and were disregarded). The distribution of distances
observed in the absence of dendrimers is not very strongly affected by the addition of the best
dendrimer candidate: apart from the apparition of small peaks from 40 to 70 A, the overall
distribution remains mostly devoid of salient features (narrow, well-defined peaks). The dis-
tributions are characteristic of systems with high mobility, where multiple interactions occur
on comparatively short timescales (Figure 8 shows the structure of a typical multivalent
complex encountered during the simulation). On the other hand, the addition of the worst
dendrimer candidate to a solution of LecA tetramers profoundly affects the distribution of
active site distances, which now features well-defined peaks corresponding to long-lasting
aggregates. The mobility of the LecA tetramers relative to one another has been reduced by
the addition of the dendrimer, which brings about a structuration of the system. This is not
incompatible with multivalency — actually, long-lasting LecA-tetramer aggregates could con-

ceivably facilitate the simultaneous binding of dendrimers to multiple tetramers. Conversely,
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a high mobility and interactions over smaller timescales certainly promotes multivalency via
facilitated diffusion. The satisfactory convergence of the distributions with respect to simu-
lation lengths was checked by running, for both dendrimers, an additional 6 us of simulation
from independent starting conditions and comparing the resulting distributions to the ones
discussed here (see Supporting Information Figure S4).

To examine in more detail the occurrence of multivalent dendrimer-lectin interactions
in both cases, the number of lectin active sites within a certain distance of all dendrimer
sugar moieties was computed over the trajectories and plotted on Figure 9. For the best
dendrimer candidate, a rapid onset of potential multivalency can be seen: there is a nonzero
(if small) probability that all five simulated LecA tetramers are within distances as small
as 7.5 to 10 A of a galactose, and this probability increases linearly with distance. On the
other hand, for the worst dendrimer a negligible probability of encountering four or five
LecA tetramers is still observed even at distances as large as 22.5 to 25 A; conversely, due to
the greater ordering of LecA tetramers, the overall probability of encountering any number
of LecA tetramers is consistently larger than for the best dendrimer candidate at distances

larger than 5 A.

Discussion

Simulating multivalent lectin recognition and binding n silico is a difficult task. Dendrimers
are flexible molecules with large conformational spaces; encounters between dendrimers and
lectins are diffusive in nature and as such, occur over long timescales; the relative weak-
ness of dendrimer-lectin interactions makes it difficult to distinguish relevant binding modes
from random encounter complexes (which could also be yet unidentified, alternate binding
sites, contributing to the complexity of the sugar code which is, at the time being, still
largely beyond our grasp'). As such, previous studies have often simulated dendrimers and

lectins on their own, or focused on intra-tetramer (chelation) multivalency. Only very re-
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cently have all-atom simulations of inter-LecA multivalency been published,®! although the
timescales involved (on the order of 10 ns) preclude any major structural rearrangements
or the possibility of observing multiple unbinding and rebinding events. By using a coarse-
grain model which has been thoroughly validated both on protein and carbohydrates, this
study trades the precise, physics-based description of atomic interactions against the possi-
bility of reaching meaningful timescales on large systems containing both partners and their
aqueous environment (due in part to accelerated kinetics), and considering sequence effects
over a relatively large set of dendrimer sequences. Despite this, numerous limitations still
remain. For instance, the concentration of lectins and dendrimers employed were deliber-
ately overestimated compared to their typical experimental values, to limit the dimension
of the simulation cells and facilitate encounters; this particularly applies to the dendrimers,
some of which have shown lectin-binding activity at stoichiometries as low as 1:20000 in
experiments!®? Other potential issues are linked to the MARTINI framework: the relative
over-attractiveness of protein-protein interactions in MARTINI®® could overemphasize the
statistical relevance of long-lived aggregates observed in, e.g., the ‘worst’ dendrimer candi-
date; the conformational space of unstructured peptides may not be as faithfully rendered
in MARTINI as in an all-atom model, despite a growing corpus of successful applications of
MARTINI to unstructured antimicrobial peptides.3° 32 Considering that these issues should
equally affect all dendrimer sequences, which can still be compared on a relative (if not
absolute) basis, the tradeoff was deemed worthy of being adopted.

The first interesting point raised by this work is the non-trivial effect of the dendrimer
aminoacid sequence on the dynamical properties of the dendrimers — whether isolated or in
solution with LecA. In agreement with previous atomistic simulations,?* isolated dendrimers
adopt different structure types (globular, extended...), but with little apparent correlation
between sequence and structure. Sequence matters somewhat more for the dynamics of the
dendrimers; however, the choice of residues seems more important close to the galactose

substituents than close to the dendrimer stem, where different sequences can yield indis-
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tinguishable dynamics. As a consequence, the sequences providing comparable distance
distributions of galactose residues and LecA active sites only show a rather weak specificity
for apolar aminoacids toward the end of the dendrimer arms. This is reminiscent of ex-
perimental observations about the recognition of LecB by comparable peptide dendrimers,
in which the degree of multivalency of the dendrimers was found to have more effect than
the dendrimer sequence: despite an apparent preference for positively charged aminoacids,
hydrophobic and anionic sequences with comparable binding avidities were identified.*® Con-
sidering these points, it is all the more interesting that the multivalent binding of dendrimer
ligand functions to LecA active sites in a mixed dendrimer/lectin solution shows a marked
sequence effect on the two cases studied here. In any case, the traditional structure-activity
relationship paradigm which has been a staple of in silico drug design for many years®*
should be replaced, for the dendrimers under study but also for other conformationnally
flexible and /or multivalent drugs, by the concept of dynamics-activity realtionship, in which
molecular dynamics methods will naturally play a prominent role.

Multivalent binding comes in several flavors.!® The most straightforward, chelation, is
achieved by simultaneously binding two or more binding sites on the same receptor with as
many groups on the same ligand. A LecA tetramer features 4 binding sites, roughly arranged
at the vertices of a rectangle. The small side of this rectangle measures 26 A, which is close to
the upper limit of distances observed between dendrimer galactose moieties in the simulations
performed herein (see Supporting information, Figure S2). Consequently, while this
mode of multivalency cannot be ruled out in these particular systems, it is entropically
disfavored. Although the sequence has an impact on the extension of the galactose distance
distribution to larger values (for instance, arginine residues at the end of the arms promote
extended conformations), this impact is too limited to provide room for improvement without
modifying the dendrimer topology. This conclusion is in line with experimental findings on
the binding of LecA and LecB by similar multivalent scaffolds;!® however, it has very recently

been experimentally demonstrated that 4-generation peptidic dendrimer scaffolds (featuring

20



4 levels of branching and 16 sugar moieties), which could in theory span larger extents of
space than the 3-generation dendrimers discussed here, showed in fact reduced multivalent
potency.®® Although the sterical clashes between lectin tetramers around each dendrimer,
which the authors hold responsible for this phenomenon, is not due to chelation multivalency
only, there appears to be little point in seeking to lengthen the dendrimer ‘arms’.

Another multivalent mode, dubbed clustering, involves several receptors coming in close
vicinity and being subsequently bound by a single, multivalent ligand. This is likely what
happens with the worst dendrimer candidate: it is able to modify the dynamics of the LecA
tetramers, bringing them together to form long-lasting structural aggregates which it could
then, in theory, multivalently bind. From the resuts presented herein, this approach seems
only moderately effective: despite promising contact probabilities, the number of simula-
neously contacted LecA tetramers appears limited to two at relevant distances. However, it
has to be reminded that the so-called ‘worst’ dendrimer has not been optimized to achieve
clustering multivalency: it was chosen within the pool of possible dendrimer sequences to
maximize the difference between the distribution of galactose distances and the distribution
of active sites in a solution of LecA tetramers. The modifications that the dendrimer triggers
in the latter were not expected; consequently, other dendrimer sequences might have an even
more pronounced effect, which could result in a more effective clustering-type multivalency.
The effect of the dendrimer on the dynamics of LecA is in line with the experimental finding
that even a moderate dendrimer stoechiometry can significantly impact the global organi-
zation of lectins, while higher concentrations have an even more pronounced effect.?® The
dendrimer acts as a tensioactive molecule, decreasing lectin-lectin interactions and creating
new structures by intercalating between lectins. It has recently been suggested that, for the
inhibition of P. aeruginosa biofilms, the capacity of a dendrimer to aggregate lectins might be
more important than its capacity to bind individual lectins strongly.®! Considering the size
of the (LecAy)s-(dendrimer); system and the timescales involved, optimizing the dendrimer

sequence to this effect using MD simulations will be very costly, even at the coarse-grain
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level.

The last instance of multivalent binding mechanisms is called statistical rebinding: a
high concentration and/or high mobility of receptors and ligands allows multiple, short-
lived interactions between both species, in which contacts that break are quickly replaced
by other equivalent ones. From the results presented above, the best dendrimer candidate
optimizes this multivalent mechanism, by mimicking the distribution of LecA active site
distances without affecting it. Dendrimers with high multivalency are particularly suited
to this purpose; indeed, a sharp drop in effeciency was experimentally observed when going
from octavalent to tetravalent or trivalent dendrimers of the same sequence in the case of
LecB binding (with the latter not being significantly more active than fucose itself).*® The
importance of multivalency was similarly demonstrated on LecA.*® Moreover, the statistical
rebinding mechanism explains the broad distributions of the number of effective partners
in LecA /dendrimer complexes that have been observed both experimentally®” and in the
simulations presented here. As for clustering multivalency, there is no guarantee that the
‘best” dendrimer suggested in this work has the optimal sequence to maximize statistical
rebinding; however, it does seem a good tradeoff between high LecA mobility and relevant
interaction lifetimes.

In fact, much like the ‘worst’ dendrimer candidate profoundly modifies the dynamics of a
solution of LecA tetramers, transient interactions between both species (at the active sites or
otherwise) have a good chance of affecting the distribution of dendrimer galactose distances.
As such, searching for the optimal sequence on the basis of the distance distributions of the
isolated dendrimers will only reveal part of the global picture. Since the ‘best’ dendrimer
candidate was shown not to affect the dynamics of the lectin active sites, a model akin to
the kinetic model of protein-protein association can be considered:®® the formation of the
precomplex (a structure in which ligand and receptor are aligned and primed for binding, but
still do not form strong interactions) is the obligatory prerequisite to the binding process,

while noncognate contacts from random encounters between partners quickly dissociate. In
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this model, the dynamic features of the precomplex can reasonably be approximated from
the dynamics of the isolated partners. This has been verified for the ‘best’ dendrimer candi-
date, in which 92% of noncognate contacts (defined as distances smaller than 10 A between
any atoms of the partners belonging neither to the galactose residues nor to the lectin active
site aminoacids) last less than 200 ps, versus more than 5 ns for 73% of cognate contacts.
Additionally, this model is even more likely to hold true at lower dendrimer concentrations;
it might not, however, apply to dendrimers which have a strong impact on lectin dynamics.
So while the dynamics of the isolated dendrimers definitely are a relevant indicator of multi-
valency (as the prediction of leafward prolines by the model, in agreement with experiments,
indicates), it is only one part of a more complex equation. Unfortunately, the simulation of
lectin-dendrimer mixtures over relevant timescales is much too costly to allow the screening
of a large number of possible dendrimer sequences; in fact, the nature, occurence and impact
of dendrimer-LecA interactions are likely to depend on the absolute and relative concen-
trations of both species which, as previously mentioned, have to be overestimated to bring
down computational costs to acceptable levels.

Lectin-based design, which focuses on the structural and dynamical properties of lectins
as the basis for the conception of potent ligands, has been the driving force behind the
vast majority of studies in the field (including the present one).'? However, the profound
impact of the dendrimer sequence on the dynamics of LecA tetramers, revealed in this
work, calls for a re-evaluation of this traditional assumption, toward a more ‘ligand-centric’
approach in which the ligands and lectins, rather than the lectins alone, are considered
simultaneously from the start. This approach involves very large systems over extensive
timeframes, pushing the boundaries of coarse-graining techniques and providing incentive
for the development of robust methods combining a simplified representation of the systems

with enhanced conformational sampling techniques.
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Figure 1: 2D sketch of the multivalent glycoconjugated peptide dendrimers under study.
The lysine residues which implement branching via side-chain isopeptide bonds are framed.
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Figure 2: Properties of the clusters inferred from the RMSD matrix between the average
structures of the dendrimers. Each row (except the last) represents a cluster, characterized
by (i) its member count (white numbers on left panel), (ii) statistics over mutation positions
(left panel, pie chart using the position of the mutated aminoacid closest to the dendrimer
trunk and the color code given on the last line, left panel), (iii) hydropathy indices (center
panel, red bars, sum of values over the two mutated aminoacids) and (iv) volume (right
panel, green bars, sum of values over the two mutated aminoacids). The hydropathy and
volume bar plots on the last line correspond to the entire population of 175 dendrimers.
Hydropathy values are binned from -9.0 (left bar, light red) to 3.8 (right bar, dark red) in
steps of ~ 1.4; volumes are binned from 106.4 mL mol~! (left bar, light green) to 208.2 mL
mol™! (right bar, dark green) in steps of ~ 11.4mL mol~!.
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Figure 3: Top panel: superposition of the representative structures of the clusters (as back-
bone bead surfaces, with one color per cluster). The structures are aligned along their inertial
axes (first axis I;: horizontal; second axis Io: vertical; third axis I3: perpendicular to the fig-
ure plane). Bottom panels: moments along each inertial axis for each cluster representative
(colors match the top panel structures).
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Figure 4: Hierarchical clutering of dendrimer sequences with respect to the distributions of
inter-sugar distances over time. The filiation of clusters is represented as a tree, from center
(parents) toward periphery (children). Each cluster is described by its member count and
statistics over mutation positions (pie chart, using the position of the mutated aminoacid
closest to the dendrimer trunk), hydropathy index (red bars, sum of values over the two mu-
tated aminoacids) and volume (green bars, sum of values over the two mutated aminoacids).
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KS distance

Figure 5: Left panel: mean and standard deviation of KS distances between sugar distance
distributions for (i) pairs of dendrimers bearing a specific residue at a specific location (solid
black line/circles) and (ii) a dendrimer bearing a specific residue at a specific location and
any other dendrimer (dotted red line/squares). Right panel: Mean and standard deviation of
KS distances between sugar distance distributions for pairs of dendrimers mutated at a given
position which have been simultaneously mutated (i) on the left (trunkward) side (red), (ii)

on the right (leafward) side (blue), (iii) on either side (black).
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Figure 6: Putative dendrimer sequence preferences for the multivalent binding of LecA. The
height of each letter is proportional to its statistical relevance in the set of sequences for
which the overlap of ligand and receptor distance distributions is optimal. The sequence is
ordered from trunk (left) to leaves (right).
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Figure 7: Distribution of distances between active sites on distinct LecA tetramers: in
the absence of dendrimers (top); in the presence of the best (middle) and worst (bottom)
dendrimer candidates.
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Figure 8: Coarse-grained structural representation of the ’best’ galactopeptide dendrimer
(white sticks: peptidic arms; blue triangles: galactose) multivalently bound to three LecA
tetramers (yellow /red surface), extracted from the corresponding molecular dynamics simu-
lation. LecA active sites can be spotted by their Ca®" ions (green spheres).
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Figure 9: Probability of simultaneously finding one to five LecA tetramers active sites within
a given distance of a dendrimer galactose, for the best (top) and worst (bottom) dendrimer
candidates in solution with LecA.
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