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ABSTRACT
Peptide self-assembly is a complex dynamic process, and characterizing and predicting aggregate

stability and transitions remain significant challenges often limited by traditional coarse-grained or
binary metrics. We address this by representing the peptide system as a dynamic weighted graph
where nodes are peptides and edges quantify inter-peptide noncovalent contacts, weighted by type
(hydrophobic, aromatic, hydrogen bonds). We analyze the temporal evolution of this network using
graph theoretical metrics. Using molecular dynamics simulations of KYFIL pentapeptides, we stud-
ied aggregate behavior from 100 ns onwards by constructing dynamic weighted and binary graphs
and calculating metrics including weighted graph Laplacian spectral properties (Fiedler value), global
properties (density, connected components, largest connected component or LCC size). We correlated
these graph metrics with LCC physical properties such as radius of gyration and packing score, and
compared results to binary graph analysis. Our analysis reveals significant dynamic fluctuations in
aggregate structure and size. Weighted graph metrics, particularly the LCC Fiedler value and density,
demonstrate greater sensitivity to interaction strengths compared to their binary counterparts. Both
weighted and binary graph metrics correlate significantly with LCC physical properties, indicating
that the network structure effectively captures aggregate compactness. System-level analysis confirms
the presence of multiple dynamic clusters. A combined graph-based order parameter for the LCC was
developed, showing potential for tracking aggregate state transitions. This dynamic weighted graph
analysis provides a robust quantitative framework for characterizing peptide aggregates and identifies
promising metrics that can serve as sensitive indicators and potential predictive order parameters for
aggregate stability and fragmentation.

Keywords: Molecular physics, Chemical kinetics, Chemical reaction network models, Computational
methods, Theoretical techniques

1. INTRODUCTION
Peptide self-assembly, the spontaneous association of

peptides into ordered supramolecular structures, is a
ubiquitous phenomenon central to numerous biological
processes and holds immense promise for applications
in biotechnology and materials science. Driven by a
complex interplay of noncovalent forces, including hy-
drophobic interactions, aromatic π − π stacking, and
hydrogen bonding, peptides can form diverse aggregates
ranging from transient clusters to highly ordered amy-
loid fibrils. A deep understanding of the mechanisms
governing peptide assembly pathways, as well as the fac-
tors determining the stability and dynamic behavior of
the resulting aggregates, is essential for both rational
design in nanotechnology and therapeutic intervention
in protein misfolding diseases.

Despite significant progress facilitated by experimen-
tal techniques and molecular simulations, quantita-
tively characterizing and predicting the stability and
dynamic transitions within peptide aggregates remains
a formidable challenge. Existing analytical methods of-
ten rely on simplified representations, such as coarse-
grained models that abstract away atomic details, or
utilize binary metrics that merely indicate the presence
or absence of an interaction without accounting for its
type or strength. These approaches struggle to capture
the dynamic, multi-scale nature of the assembly process
and the nuanced contributions of different noncovalent
forces. Consequently, they may overlook subtle struc-
tural rearrangements and interaction network reconfig-
urations that are critical determinants of aggregate sta-
bility, growth, fragmentation, or dissolution. There is
a clear need for a more sensitive, quantitative frame-
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work that can effectively probe the dynamic network of
specific inter-peptide interactions.

To address these limitations, we propose a novel ap-
proach that represents the peptide self-assembly system
as a dynamic weighted graph. In this framework, each
peptide molecule is treated as a node, and the interac-
tions between peptides are represented by edges. Cru-
cially, these edges are weighted based on a quantita-
tive measure of the inter-peptide noncovalent contacts.
Specifically, the weight of an edge between two pep-
tides is a function of the number and type of contacts
they share, such as hydrophobic, aromatic, and hydro-
gen bonds, allowing us to differentiate the contributions
of various interaction types and their collective strength.
By constructing these graphs dynamically from molec-
ular dynamics simulation trajectories, our method cap-
tures the temporal evolution of the peptide interaction
network, providing a rich description of the system’s
state over time.

We leverage tools from graph theory to analyze the
structural and connectivity properties of this dynamic
weighted network (Yang & Yu 2023; Strey et al. 2024).
We focus on key graph metrics, including global prop-
erties such as graph density, the number of connected
components, and the size of the largest connected com-
ponent (LCC), which provide insights into the overall
aggregation state and compactness (Yang & Yu 2023;
Strey et al. 2024). Furthermore, we analyze spectral
properties derived from the weighted Graph Laplacian,
such as the Fiedler value (weighted algebraic connec-
tivity), which is sensitive to the connectivity and po-
tential for fragmentation within the network (Pavlou
et al. 2023; Strey et al. 2024). We hypothesize that
these dynamic weighted graph properties serve as pow-
erful quantitative descriptors intimately linked to the
physical state and stability of the peptide aggregate.

To validate our approach and demonstrate its utility,
we apply this dynamic weighted graph analysis to molec-
ular dynamics simulations of KYFIL pentapeptides, a
well-studied self-assembling system. We analyze a sub-
stantial portion of the simulation trajectory, focusing
on the later stages where aggregates are formed and
undergo dynamic fluctuations. We calculate the time
evolution of the proposed weighted graph metrics and
systematically correlate them with physical properties of
the peptide aggregate, such as the radius of gyration and
a derived packing score for the LCC, to confirm that the
network structure effectively captures the aggregate’s
physical state. We also perform a comparative analy-
sis using binary contact graphs to quantitatively assess
the added sensitivity and information content provided
by incorporating interaction weights. Through this com-

prehensive analysis, we aim to identify specific weighted
graph metrics that serve as robust indicators of aggre-
gate structural states and hold potential as predictive
order parameters for tracking dynamic transitions like
fragmentation or changes in compactness. This work
establishes a rigorous quantitative framework for char-
acterizing peptide aggregates based on their dynamic
weighted network properties, offering enhanced insights
into the complex interplay of forces governing their be-
havior and stability.

2. METHODS
The objective of this study is to quantitatively char-

acterize the dynamic behavior and stability of peptide
aggregates formed during self-assembly using a novel dy-
namic weighted graph analysis approach. This method-
ology leverages molecular dynamics simulation data to
construct and analyze time-evolving peptide interaction
networks, correlating network properties with physical
characteristics of the aggregates. The analysis focuses
on the later stages of assembly, from 100 ns onwards,
where distinct aggregates have formed and undergo dy-
namic fluctuations.

2.1. Molecular Dynamics Simulation Data
The analysis is based on a pre-existing molecular dy-

namics simulation trajectory of 30 KYFIL pentapep-
tides in explicit solvent. The simulation data comprises
a topology file (stripped.parm7) and a trajectory file
(stripped.nc). The simulation has a total duration ex-
ceeding 100 ns.

The trajectory contains atomic coordinates saved at
regular time intervals, providing a detailed record of the
system’s temporal evolution. For this study, we specifi-
cally analyzed the trajectory segment starting from 100
ns until the end of the simulation. This period was
chosen to focus on the dynamic behavior and stability
of established aggregates rather than initial assembly
events. The simulation universe was loaded and pro-
cessed using the MDAnalysis library, allowing access to
atomic coordinates, topology information, and simula-
tion parameters such as the time step. Each of the 30
peptide molecules, composed of the residues Lys-Tyr-
Phe-Ile-Leu, was identified and treated as a distinct en-
tity for network analysis. For subsequent contact calcu-
lations, the heavy atoms (non-hydrogen atoms) of each
peptide were selected.

2.2. Peptide Representation and Contact Definition
In our graph-based framework, each peptide molecule

is represented as a node. Edges between nodes sig-
nify noncovalent interactions between the correspond-
ing peptides. To capture the nuanced nature of peptide
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interactions, we defined several distinct types of nonco-
valent contacts based on inter-atomic distances between
heavy atoms of different peptides. These contact types
are:

2.2.1. Hydrophobic Contacts

Hydrophobic contacts were defined based on proxim-
ity between heavy atoms belonging to the sidechains of
hydrophobic and aromatic residues: Isoleucine (ILE),
Leucine (LEU), Phenylalanine (PHE), and the aromatic
part of Tyrosine (TYR).

Specifically, heavy atoms involved are ILE (CG1,
CG2, CD1), LEU (CG, CD1, CD2), PHE (CG, CD1,
CD2, CE1, CE2, CZ), and TYR (CG, CD1, CD2, CE1,
CE2, CZ). A hydrophobic contact was registered be-
tween two peptides if any heavy atom from the defined
hydrophobic/aromatic list in one peptide was within a
cutoff distance of 5.0 Å of any such atom in the other
peptide.

2.2.2. Aromatic Contacts (π-π stacking)

Aromatic interactions, indicative of π-π stacking, were
defined based on proximity between heavy atoms within
the aromatic rings of Phenylalanine (PHE) and Tyrosine
(TYR) (Das et al. 2020; Bensberg et al. 2025).

The heavy atoms considered are PHE (CG, CD1,
CD2, CE1, CE2, CZ) and TYR (CG, CD1, CD2, CE1,
CE2, CZ). Aromatic contact was defined to exist if any
heavy atom within the aromatic ring of a PHE or TYR
residue in one peptide was within 5.0 Å of any heavy
atom within the aromatic ring of a PHE or TYR residue
in another peptide.

While more sophisticated definitions involving ring
centroids and normal vectors exist, this simpler heavy-
atom proximity criterion was adopted for computational
efficiency across the large trajectory dataset.

2.2.3. Hydrogen Bonds

Inter-peptide hydrogen bonds were identified based
on proximity between potential heavy atom donors and
acceptors. Potential heavy atom donors include the
backbone nitrogen (N), the Lysine sidechain nitrogen
(NZ), and the Tyrosine hydroxyl oxygen (OH). Poten-
tial heavy atom acceptors include the backbone oxygen
(O) and the Tyrosine hydroxyl oxygen (OH).

A hydrogen bond was considered to be present if the
distance between a potential heavy atom donor on one
peptide and a potential heavy atom acceptor on another
peptide was within 3.5 Å (Modirrousta-Galian & Mad-
dalena 2021). This definition uses the heavy atom dis-
tance as a proxy for a hydrogen bond, simplifying the
calculation by not requiring explicit hydrogen atom po-
sitions or angle criteria.

For each pair of peptides and for each frame of the sim-
ulation trajectory, the number of contacts of each type
(hydrophobic, aromatic, hydrogen bond) was calculated
based on these criteria.

2.3. Dynamic Weighted Graph Construction
For each simulation frame t within the analysis win-

dow (100 ns onwards), a weighted adjacency matrix
Aw(t) of size Np×Np was constructed, where Np = 30 is
the number of peptides (Silva et al. 2019; Jagvaral et al.
2022).

The element Aw(t)ij represents the weighted strength
of interaction between peptide i and peptide j at time t.
This weight was calculated as a linear combination of the
counts of the different contact types between peptides i

and j (Silva et al. 2019).

Aw(t)ij = wH×CH(t)ij+wA×CA(t)ij+wHB×CHB(t)ij

where CH(t)ij , CA(t)ij , and CHB(t)ij are the counts
of hydrophobic, aromatic, and hydrogen bond contacts
between peptides i and j at time t, respectively. The
weighting factors wH , wA, and wHB were set to 1.0,
1.5, and 2.0, respectively. These weights were chosen
to reflect the potential relative importance or strength
of these interaction types, with aromatic and hydrogen
bonds potentially contributing more specifically to or-
dered structures compared to generic hydrophobic con-
tacts.

The matrix Aw(t) is symmetric (Aw(t)ij = Aw(t)ji) as
interactions are reciprocal. This process was performed
independently for each frame in the analysis window,
resulting in a time series of weighted adjacency matrices
{Aw(t)}.

For comparative analysis, binary adjacency matrices
Ab(t) were also constructed (Shrivastava & Li 2014;
George et al. 2019). In the binary graph, an edge exists
between peptide i and peptide j if the total weighted in-
teraction Aw(t)ij is greater than zero. Thus, Ab(t)ij = 1

if Aw(t)ij > 0, and Ab(t)ij = 0 otherwise (George et al.
2019).

2.4. Graph Theoretical Analysis
A suite of graph theoretical metrics was calculated for

each frame’s weighted adjacency matrix Aw(t) to char-
acterize the dynamic interaction network (Pavlou et al.
2023; Yang & Yu 2023). These metrics were chosen to
probe different aspects of network structure, connectiv-
ity, and potential stability.

2.4.1. Weighted Graph Laplacian and Spectral Properties

The weighted Graph Laplacian matrix Lw(t) was com-
puted for each frame as Lw(t) = Dw(t)−Aw(t) (Granziol
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et al. 2019), where Dw(t) is the weighted degree ma-
trix. Dw(t) is a diagonal matrix where the diagonal
element Dw(t)ii is the weighted degree of node i, calcu-
lated as the sum of weights of all edges incident to node
i: Dw(t)ii =

∑Np

j=1 Aw(t)ij (Druskin et al. 2021).
The eigenvalues of the weighted Laplacian Lw(t) were

computed (Drábek et al. 2018). The eigenvalues are
non-negative and can be ordered as 0 = λ0 ≤ λ1 ≤
λ2 ≤ · · · ≤ λNp−1. The second smallest eigenvalue, λ1,
is known as the Fiedler value or algebraic connectivity.
For a connected graph, λ1 > 0, and its magnitude is
related to how well the graph is connected; a larger λ1

indicates stronger connectivity and greater resistance to
fragmentation. For a disconnected graph, λ1 = 0. The
Fiedler value provides a spectral measure sensitive to the
overall connectivity and bottleneck structures within the
weighted network.

2.4.2. Global Graph Properties

Several global properties were calculated for the
weighted graph (Sun et al. 2024):

• Weighted Graph Density: Defined as the sum
of all edge weights divided by the maximum pos-
sible sum of weights if every pair of distinct nodes
was connected with a weight of 1.0 (or scaled ap-
propriately). More simply, it is calculated as the
sum of all entries in Aw(t) (excluding the diago-
nal) divided by Np(Np−1). It provides a measure
of the overall interaction strength normalized by
system size.

• Number of Connected Components (Ncc):
Calculated by treating any edge with a weight
greater than zero as a connection. This metric in-
dicates the number of distinct aggregates or clus-
ters present in the system.

• Size of the Largest Connected Component
(Slcc): The number of nodes (peptides) in the
largest cluster. This metric provides a measure
of the extent of aggregation.

These metrics were also calculated for the binary graphs
Ab(t) for comparison (Čokina et al. 2021; Shan et al.
2025).

2.4.3. Largest Connected Component (LCC) Analysis

For frames where a single large aggregate (LCC)
was present (Slcc > 1), a subgraph corresponding to
the LCC was extracted (Whang et al. 2015; Parroni
et al. 2020). Graph theoretical metrics, including the
weighted Fiedler value and weighted density, were cal-
culated specifically for this LCC subgraph. This allowed

us to probe the internal connectivity and structure of the
main aggregate.

2.5. Correlation with Aggregate Physical Properties
To validate that the network structure captured by

graph metrics is indeed reflective of the physical state of
the peptide aggregate, we calculated physical properties
of the LCC and correlated them with the corresponding
graph metrics of the LCC subgraph.

2.5.1. Radius of Gyration (Rg)

For each frame, the peptides belonging to the LCC
were identified. The radius of gyration (Rg) of the LCC
was calculated using the coordinates of the heavy atoms
of all peptides within the LCC. Rg is a standard measure
of the compactness of a molecular aggregate.

2.5.2. LCC Packing Score

A simple packing score for the LCC was defined as the
ratio of its size (Slcc) to the cube of its radius of gyration
(R3

g): Packing Score = Slcc/R
3
g. This metric provides a

measure of how densely the peptides are packed within
the LCC, accounting for both size and spatial extent.
The time evolution of this packing score was calculated.

Pearson correlation coefficients were computed be-
tween the time series of the LCC packing score and the
time series of LCC graph metrics (e.g., LCC weighted
Fiedler value, LCC weighted density) to assess the de-
gree to which network properties reflect physical com-
pactness (Nandi et al. 2023; Krishna & Rao 2024).

2.6. Order Parameter Development
Based on the analysis of individual metrics and their

correlation with physical properties, we explored the de-
velopment of a combined graph-based order parameter
to provide a more stable and potentially predictive mea-
sure of aggregate state and transitions.

A candidate order parameter for the LCC was pro-
posed as a product of key LCC graph metrics:

OPLCC(t) = Slcc(t)× λ1,LCC(t)× DensityLCC(t)

where λ1,LCC(t) is the weighted Fiedler value of the LCC
subgraph and DensityLCC(t) is the weighted density of
the LCC subgraph at time t (Whang et al. 2015).

Components were normalized if necessary to ensure
they contribute appropriately to the combined param-
eter. The temporal evolution of this combined order
parameter was analyzed and compared to the dynamics
of individual metrics and physical properties.

2.7. Computational Implementation
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The entire analysis pipeline, from loading simulation
data and calculating contacts to constructing graphs
and computing metrics, was implemented using Python
3. Key libraries utilized include MDAnalysis for trajec-
tory handling and atom selections (Reuter & Köfinger
2018), numpy for numerical operations, scipy for eigen-
value decomposition and graph algorithms (like con-
nected components), and h5py for efficient storage of
time-series data such as adjacency matrices.

The computationally intensive steps involving per-
frame contact calculations and graph metric computa-
tions were parallelized across multiple CPU cores using
Python’s multiprocessing module to enhance perfor-
mance. The analysis was executed on a computing clus-
ter utilizing 128 CPUs.

The time series of weighted adjacency matrices (Gilpin
2024; García et al. 2024), binary adjacency matrices
(Gilpin 2024), and all calculated graph theoretical met-
rics (García et al. 2024; Strey et al. 2024) and physical
properties (Strey et al. 2024) were stored in HDF5 files
for subsequent analysis and visualization.

2.8. Comparison with Binary Graph Analysis
To quantitatively assess the added value of incorpo-

rating interaction weights, a parallel analysis was con-
ducted using binary graphs Ab(t). For each frame,
standard binary graph metrics, including binary Fiedler
value, binary density, number of connected compo-
nents, and size of the largest connected component,
were calculated. The temporal profiles and correlation
strengths of these binary metrics were compared directly
against their weighted counterparts to highlight differ-
ences in sensitivity to structural fluctuations and corre-
lation with physical aggregate properties.

3. RESULTS
The self-assembly process of 30 KYFIL pentapeptides

was investigated over a 1335.42 ns simulation window,
spanning from 100 ns to the end of the 1435.42 ns trajec-
tory, comprising 66771 frames. This analysis employed a
dynamic graph-theoretical approach, representing pep-
tides as nodes and inter-peptide noncovalent contacts
as edges. We constructed both weighted graphs, where
edge weights reflect the type and count of hydropho-
bic, aromatic, and hydrogen bond contacts with spe-
cific weighting factors (1.0, 1.5, 2.0), and binary graphs,
where edges simply indicate the presence of any contact.

3.1. Overall aggregation dynamics and system-level
connectivity

The overall state of aggregation was initially charac-
terized by the number of connected components (Ncc)

and the size of the largest connected component (Slcc).
For both weighted and binary graph representations, the
connectivity definition used for component analysis is bi-
nary (an edge weight > 0 constitutes a connection), thus
these metrics are identical for both representations.

Over the analyzed trajectory segment, the system typ-
ically existed as multiple distinct aggregates, as indi-
cated by an average Ncc of 15.2 (standard deviation
2.28), ranging from 8 to 24 components. Correspond-
ingly, the Slcc, representing the size of the primary ag-
gregate, averaged 10.67 peptides (standard deviation
3.076), varying between 2 and 19 peptides out of the
total 30. The temporal evolution of Ncc and Slcc is
shown in the top panels of Figure 1, revealing signifi-
cant dynamic fluctuations reflecting ongoing processes
of aggregate formation, growth, fragmentation, and dis-
solution within the simulation window. These fluctu-
ations highlight the transient nature of the aggregates
and the challenge in capturing their state with simple
size or count metrics alone. The frequency distribution
of the weighted Slcc is presented in Figure 2, showing
that LCC sizes between 10 and 12.5 peptides were the
most frequently observed.

Figure 1. Time evolution of graph-theoretical metrics char-
acterizing peptide aggregation from molecular dynamics sim-
ulations. Top panels show the number of connected com-
ponents (Ncc) and size of the largest connected compo-
nent (Slcc) for weighted and binary graph representations,
highlighting dynamic fluctuations in the overall aggregation
state. Bottom panels compare average degree (Left) and av-
erage clustering coefficient (Right) between weighted and bi-
nary graphs, demonstrating the differing sensitivity of these
metrics to interaction strength.

System-level connectivity was further probed by the
Fiedler value (λ1) of the entire 30-node graph. As il-
lustrated in Figure 3 and Figure 4, the binary system
Fiedler value was consistently 0.0 across all analyzed
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Figure 2. Histogram showing the frequency distribution of
the metric labeled ”Weighted Size of LCC (Peptides)”. This
distribution characterizes the range and prevalence of val-
ues for this largest connected component property observed
during the simulation trajectory. The peak between 10 and
12.5 indicates the most frequently occurring values for this
metric.

frames, confirming that the system, based on simple con-
tact presence, always comprises multiple disconnected
components, consistent with the average Ncc > 1. The
weighted system Fiedler value was also found to be ex-
tremely close to zero (mean -5.205e-06, standard devi-
ation 2.82e-06), further indicating that even when con-
sidering the collective strength of interactions, the en-
tire system of 30 peptides rarely forms a single, robustly
connected network. This is clearly visible in the time
series plots shown in Figure 5 (top panel) and Figure
6. This underscores the importance of focusing analysis
on the properties of the largest connected component,
which represents the main aggregate.

The system-wide densities, reflecting the overall inter-
action level across all possible peptide pairs (Np(Np −
1)/2), were relatively low. The weighted system density
averaged 1.234 (std: 0.3281), while the binary system
density averaged 0.07402 (std: 0.02169). These values
are significantly lower than the densities observed within
the LCC (discussed below), confirming that interactions
are concentrated within specific aggregates rather than
distributed uniformly across the system.

3.2. Characterization of the largest connected
component (LCC)

Given its prominence as the main aggregate, the LCC
was analyzed in detail using both physical and graph-
theoretical metrics.

3.2.1. Physical properties of the LCC

The physical dimensions and compactness of the LCC
were quantified by its radius of gyration (Rg) and a de-
rived packing score (Slcc/R

3
g). The distribution of the

Figure 3. Distribution of the system Fiedler value for
weighted (W) and binary (B) graphs. The binary value is
consistently 0, and the weighted value is near 0, illustrating
that the overall system of 30 peptides remains largely dis-
connected throughout the trajectory.

Figure 4. Distribution of the weighted Fiedler value for the
entire system of 30 KYFIL peptides. The histogram shows
that the system Fiedler value is predominantly very close
to zero, indicating that the full system graph is typically
disconnected or only weakly connected across the trajectory.

LCC Rg is shown in Figure 7, averaging 13.28 Å (stan-
dard deviation 1.539 Å), with values ranging from 7.466
Å to 21.21 Å.

The packing score averaged 0.004531 peptides/Å3

(standard deviation 0.0009041 peptides/Å3), ranging
from 0.000955 to 0.007483 peptides/Å3. The distribu-
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Figure 5. Time evolution of the Fiedler value for the en-
tire system and the Largest Connected Component (LCC)
using weighted (top) and binary (bottom) graph representa-
tions from 100 ns. System Fiedler values remain near zero,
indicating the overall system is disconnected. LCC Fiedler
values fluctuate significantly, showing dynamic changes in
internal connectivity. Weighted LCC values exhibit larger
magnitude and variability, reflecting sensitivity to interac-
tion strengths within the aggregate.

Figure 6. System Fiedler value over time. The Fiedler
value measures the algebraic connectivity of the entire sys-
tem graph of 30 peptides. The time series for both weighted
(blue) and binary (orange, dashed) graph representations are
shown. Both values remain close to zero throughout the tra-
jectory, indicating that the system of 30 peptides exists pre-
dominantly as multiple disconnected aggregates.

tion of the LCC packing score is summarized by the
boxplot in Figure 8 and the histogram in Figure 9.

The temporal profile of the packing score is shown
in Figure 10, illustrating considerable fluctuations that
reflect dynamic changes in the LCC’s size, shape, and
internal arrangement over time. Smaller Rg values and
higher packing scores correspond to more compact ag-
gregates.

3.2.2. Graph-theoretical signatures of the LCC

Figure 7. Distribution of the Largest Connected Compo-
nent (LCC) Radius of Gyration (Å) from molecular dynamics
simulations. The histogram shows the frequency distribution
of LCC compactness over the trajectory, revealing its range
and most probable values.

The internal connectivity and structural robustness of
the LCC were characterized using its Fiedler value (λ1)
and density, calculated for the subgraph corresponding
to the LCC. The temporal evolution of the LCC Fiedler
value is shown in Figure 5 (bottom panels). The distri-
bution of the weighted LCC Fiedler value is shown in
Figure 11, averaging 11.37 (std: 7.398), while the distri-
bution of the binary LCC Fiedler value is shown in Fig-
ure 12, averaging 1.262 (std: 0.6399). The significantly
larger magnitude and higher variability of the weighted
Fiedler value compared to its binary counterpart demon-
strate its greater sensitivity to the nuances of interac-
tion strengths within the LCC. A higher Fiedler value
indicates a more strongly connected LCC that is more
resistant to fragmentation. Both metrics exhibited sub-
stantial temporal fluctuations, mirroring the dynamic
nature of the LCC’s internal structure and stability.

The weighted LCC density averaged 8.039 (std: 2.88),
and the binary LCC density averaged 0.4959 (std:
0.1113). The boxplot comparison in Figure 13 shows
that the weighted density, representing the sum of edge
weights normalized by the maximum possible sum, is
substantially higher than the binary density, which is
simply the ratio of existing edges to possible edges. Sim-
ilar to the Fiedler value, the weighted density shows
greater absolute magnitude and variability, reflecting
its sensitivity to the total interaction strength within
the LCC. Temporal fluctuations in LCC density (not
shown) indicate periods of increased or decreased inter-
nal cohesion.

3.3. Correlation between graph structure and physical
properties of the LCC



8

Figure 8. Distribution of the Largest Connected Compo-
nent (LCC) packing score. The packing score, defined as
Slcc/Rg3LCC , quantifies the compactness of the LCC. The
boxplot summarizes the distribution of this metric over the
simulation trajectory, illustrating the dynamic fluctuations
in LCC density.

To assess whether the graph-theoretical metrics cap-
ture meaningful physical characteristics of the LCC,
Pearson correlation coefficients were computed between
the time series of LCC graph metrics and its physical
properties (Rg and packing score).

Both weighted and binary LCC Fiedler values showed
moderate negative correlations with Rg (r = −0.556

for weighted, r = −0.594 for binary, p < 0.001). This
indicates that LCCs with stronger algebraic connectiv-
ity, and thus greater robustness against fragmentation,
tend to be more physically compact (smaller Rg), as
illustrated for the binary Fiedler value in Figure 14.

LCC densities also correlated negatively with Rg. The
weighted density showed r = −0.697 (p < 0.001),
while the binary density exhibited a strong correlation
of r = −0.858 (p < 0.001), as shown in Figure 15. This
confirms that denser LCCs are more compact. Interest-
ingly, the binary density showed a stronger correlation

Figure 9. Histogram showing the distribution of the
largest connected component (LCC) packing score, defined
as LCC size divided by the cube of its radius of gyration
(Slcc/Rg3LCC). This metric quantifies the physical compact-
ness of the LCC over the simulation trajectory, revealing a
distribution centered around 0.0045 peptides/Å3.

Figure 10. Temporal evolution of the Largest Connected
Component (LCC) packing score. The fluctuations indicate
dynamic changes in the compactness of the LCC aggregate
over time.

with Rg than the weighted density, suggesting that for
overall physical compactness, the topological structure
of the network (how many connections exist relative to
possibilities) might be a more dominant factor than the
aggregate strength of interactions as defined by our cur-
rent weighting scheme.

The size of the LCC (Slcc) showed a strong positive
correlation with Rg (r = 0.788, p < 0.001), which is ex-
pected as larger aggregates generally occupy more space,
as depicted in Figure 16.

Regarding the LCC packing score, both Fiedler values
correlated positively: weighted r = 0.631 (p < 0.001)
and binary r = 0.687 (p < 0.001). This indicates that
more robustly connected LCCs tend to be better packed,
as shown for the binary Fiedler value in Figure 17.

The LCC densities also correlated positively with the
packing score, though less strongly than the Fiedler
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Figure 11. Histogram showing the distribution of the
weighted Fiedler value for the Largest Connected Compo-
nent (LCC). This metric quantifies the LCC’s internal ro-
bustness based on weighted inter-peptide interactions. The
broad distribution (log scale frequency) highlights the dy-
namic variability in aggregate stability observed during the
simulation trajectory.

Figure 12. Distribution of the binary Fiedler value for the
Largest Connected Component (LCC) of KYFIL peptide ag-
gregates from molecular dynamics simulations (100-1435.42
ns). The log-scale histogram illustrates the frequency of ob-
served binary Fiedler values, which quantify the LCC’s al-
gebraic connectivity. The distribution shows that the LCC
frequently samples states with lower binary Fiedler values,
indicating dynamic fluctuations in its internal robustness.

values: weighted r = 0.229 (p < 0.001) and binary
r = 0.376 (p < 0.001). The correlation between Slcc

and packing score was weak (r = 0.144, p < 0.001), sug-
gesting that merely increasing the number of peptides in
the LCC does not guarantee improved packing efficiency
by this metric. These correlations demonstrate that
graph-theoretical properties derived from both weighted
and binary representations are effective in capturing key
physical attributes of the LCC, such as compactness and
packing efficiency.

Figure 13. Boxplot comparison of the distributions of
LCC internal density calculated using weighted (W) and bi-
nary (B) graph representations. The weighted density dis-
tribution is significantly broader and centered at a higher
value than the binary density, reflecting its sensitivity to the
strength and type of inter-peptide interactions. This high-
lights how weighted metrics capture a wider range of connec-
tivity states within the largest aggregate compared to simple
binary presence of contacts.

Figure 14. Scatter plot showing the relationship between
the binary graph representation of the largest connected
component (LCC) Fiedler value and its radius of gyration.
Data from molecular dynamics simulations indicate a nega-
tive correlation (Pearson r = -0.594), suggesting that more
robustly connected LCCs are generally more compact.
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Figure 15. Scatter plot showing the relationship between
the binary density of the Largest Connected Component
(LCC) and its radius of gyration (Rg) over the molecular
dynamics trajectory. A strong negative correlation (Pearson
r = -0.858) is observed, indicating that LCCs with higher
binary connectivity density tend to be more compact.

Figure 16. Scatter plot of LCC size (SLCC) versus LCC
radius of gyration (Rg). A strong positive correlation (r =
0.788, p < 0.001) is observed, indicating that larger LCCs
typically have a larger physical extent.

3.4. Comparative sensitivity of weighted vs. binary
metrics

A direct comparison between weighted and binary
graph metrics revealed key differences in their sensitivity
to the underlying molecular interactions. Weighted met-
rics, such as weighted LCC Fiedler value and weighted
LCC density, consistently showed larger absolute values
and greater standard deviations over time compared to
their binary counterparts (e.g., see distributions in Fig-

Figure 17. Scatter plot showing the relationship between
the binary largest connected component (LCC) Fiedler value
and the LCC packing score. A positive correlation (Pearson
r = 0.687, p < 0.001) indicates that LCCs with higher alge-
braic connectivity tend to be more efficiently packed.

ures 13, 11, 12). This heightened variability reflects their
sensitivity to the continuous changes in the number and
types of specific noncovalent contacts within the aggre-
gate, as opposed to binary metrics which only register
the presence or absence of any contact. This is also
evident in other metrics like the average betweenness
centrality (Figure 18), where the weighted metric shows
larger fluctuations. This supports our hypothesis that
incorporating interaction strengths provides a more nu-
anced view of the dynamic interaction network.

Figure 18. Temporal evolution of the average betweenness
centrality of peptide aggregates, calculated using dynamic
graph theory for both weighted (blue) and binary (orange)
graph representations. The plot shows significant fluctua-
tions over time, reflecting the dynamic nature of the aggre-
gation process, and highlights the differences captured by the
weighted and binary metrics.

However, while weighted metrics are more sensitive to
interaction details, binary metrics, particularly binary
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density, showed stronger correlations with the LCC ra-
dius of gyration (Figure 15). This suggests that for a
macroscopic property like overall compactness, the topo-
logical structure of the network (how many connections
exist relative to possibilities) might be a more dominant
factor than the precise strength of each connection, un-
der the current weighting scheme. Conversely, for the
packing score, Fiedler values (both weighted and binary,
Figure 17) showed stronger correlations than densities,
indicating that network robustness against fragmenta-
tion is a better indicator of efficient internal packing
than simple connection count or sum of weights.

3.5. Combined graph-based order parameter for LCC
state

To provide a more integrated measure of the
LCC’s state, a combined graph-based order parame-
ter (OPLCC) was developed as the product of LCC size
(Slcc), LCC Fiedler value, and LCC density.

The weighted combined order parameter
(w_OP_LCC_combined) averaged 975.2 (std: 814.7),
while the binary version (b_OP_LCC_combined) av-
eraged 6.619 (std: 3.912). The distribution comparison
in Figure 19 shows that the weighted version exhibits
a significantly larger magnitude and dynamic range,
reflecting the combined sensitivity of its weighted com-
ponents. The temporal evolution of the binary and
weighted combined parameters are shown in Figure
20 and Figure 21, respectively, illustrating substantial
fluctuations that track major changes in the LCC’s size,
connectivity, and density.

The w_OP_LCC_combined appears to capture a
wider spectrum of LCC states due to its incorpora-
tion of interaction strengths, potentially offering a more
stable and informative descriptor of aggregate stability
and transitions compared to individual metrics like Slcc

alone.

3.6. Potential as indicators of aggregate stability
The dynamic graph analysis provides a quantitative

framework for characterizing the fluctuating states of
peptide aggregates. Metrics like the LCC Fiedler value,
which quantifies resistance to fragmentation, and the
combined order parameter, which integrates multiple
structural aspects, are promising candidates for serv-
ing as indicators of aggregate stability. The observed
correlations between these graph metrics and physical
properties like compactness validate their relevance to
the physical state of the aggregate. While this study
focused on characterization, the identification of sensi-
tive metrics like the weighted LCC Fiedler value and
the combined order parameter lays the groundwork for

Figure 19. Distribution of the combined LCC order param-
eter for weighted (W) and binary (B) graph representations.
The combined order parameter is defined as the product of
LCC size, Fiedler value, and internal density. The weighted
parameter shows a significantly larger range and higher val-
ues, reflecting its sensitivity to the strength of inter-peptide
interactions within the aggregate.

Figure 20. Time series of the binary combined order pa-
rameter for the largest connected component (LCC). This
metric, calculated as the product of LCC size, binary Fiedler
value, and binary density, illustrates the dynamic nature of
the aggregate’s state, reflecting fluctuations in its size, inter-
nal connectivity, and compactness over the simulation tra-
jectory.

future studies aimed at predicting aggregate fragmenta-
tion or identifying long-lived states based on the tem-
poral evolution of these graph properties. The distinct
sensitivity profiles of weighted and binary metrics sug-
gest that a combined approach or a careful selection of
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Figure 21. Temporal evolution of the weighted combined
largest connected component (LCC) order parameter. This
metric, which combines LCC size, weighted Fiedler value,
and weighted density, exhibits significant dynamic fluctua-
tions and a large range, reflecting the complex and changing
state and internal stability of the primary aggregate over
time.

metrics based on the specific question (e.g., overall com-
pactness vs. internal interaction strength) is beneficial.

4. CONCLUSIONS
In this study, we addressed the challenge of quantita-

tively characterizing the complex, dynamic behavior and
stability of peptide aggregates by introducing a novel
approach based on dynamic weighted graph analysis.
Representing peptides as nodes and their noncovalent
interactions as weighted edges allowed us to capture the
temporal evolution of the peptide assembly system as a
dynamic network, incorporating the differential contri-
butions of hydrophobic, aromatic, and hydrogen bond
contacts.

Our analysis of molecular dynamics simulations of
KYFIL pentapeptides revealed that the system exists
as multiple dynamic aggregates, necessitating a focus
on the properties of the largest connected component
(LCC). By calculating graph theoretical metrics for the
LCC subgraph, we demonstrated that both weighted

and binary network properties provide valuable insights
into aggregate structure. Key weighted metrics, such
as the LCC Fiedler value and LCC density, exhibited
greater sensitivity to the details of inter-peptide interac-
tion strengths and types compared to their binary coun-
terparts, reflecting the nuances of the dynamic contact
network.

Crucially, we found significant correlations between
these graph metrics and physical properties of the LCC,
including its radius of gyration and packing score. These
correlations validate that the network structure effec-
tively captures the physical state and compactness of
the aggregate. Specifically, higher LCC Fiedler values
and higher LCC densities were associated with more
compact and better-packed aggregates. While weighted
metrics provided enhanced sensitivity to interaction de-
tails, binary density showed a strong correlation with
overall compactness (Rg), suggesting that the topologi-
cal pattern of connectivity is also a significant factor.

The dynamic weighted graph framework offers a ro-
bust quantitative means to monitor the fluctuating
state of peptide aggregates over time. Metrics like the
weighted LCC Fiedler value, which reflects connectivity
robustness, and the proposed combined graph-based or-
der parameter show promise as sensitive indicators of ag-
gregate stability and potential transitions, such as frag-
mentation or changes in compactness.

In summary, this work establishes a rigorous, quanti-
tative framework for characterizing peptide aggregates
based on their dynamic weighted network properties. It
highlights the value of incorporating interaction types
and strengths into network analysis and identifies spe-
cific graph metrics that serve as powerful descriptors
of aggregate structure and stability. These findings lay
a strong foundation for future efforts aimed at develop-
ing predictive models for peptide self-assembly pathways
and aggregate fate based on their dynamic network sig-
natures.
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