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Modelling the Role of Interaction Heterogeneity in the Gelation of 
Micron-Scale Colloidal Systems 

Po-Ting Wu, Ying-Shuo Peng, John C. Crocker and Talid Sinno* 

Micron-scale colloids functionalized with supramolecular moieties represent a versatile platform for self-assembly. Single-

stranded DNA functionalization, in particular, has been shown to be a highly tunable approach for inducing short-ranged 

attractive interparticle interactions that can be used to drive self-assembly into a wide range of crystalline structures. 

Recently, it has been noted that variability in the extent of surface functionalization across a population of colloids results 

in ‘interaction heterogeneity’, or IH, in which the binding strength between a pair of colloids varies according to the density 

of DNA strands on their surfaces. We have shown in previous work that IH strongly impacts colloidal crystal nucleation and 

growth but its impact on gelation further away from equilibrium conditions remains underexplored. In this study, we employ 

molecular simulations to systematically investigate the role of IH in colloidal gelation driven by thermal quenches. We 

consider four types of IH distributions: monodisperse (no IH), Gaussian, bidisperse, and uniform distributions, and analyze 

their effects on gel structure and gelation dynamics. Our results show that while IH minimally impacts macroscopic gel 

structure, it profoundly alters the local gel environment, as revealed by coordination number (CN) distributions. Principal 

component analysis of CN moments highlights distinct structural trends arising from the presence of IH, underscoring the 

sensitivity of local gel structure to IH. We also show that IH leads to a sequential aggregation of strong and weak binders, 

where strong binders first form a gel ‘backbone’ and weak binders subsequently decorate it. These findings highlight IH as a 

key parameter for modulating gel microstructure without significantly perturbing macroscopic organization. 

 

1. Introduction 

Micron-scale, short-ranged attractive colloids represent a 

broad class of self-assembling particle systems and are 

important constituents in various natural and engineered 

products, such as food,1,2 cosmetics,3 and protein therapeutics.4 

However, naturally derived colloidal formulations typically 

consist of particles with significant variability in size, shape, and 

poorly defined interactions, limiting their suitability for 

fundamental studies. To address these limitations, engineered 

model systems based on synthetic spherical colloids with well-

characterized interparticle interactions have been developed. 

These systems have enabled detailed studies of diverse self-

assembly phenomena, such as nucleation and growth 

processes,5,6 crystallization,7–12 gelation,13–16 and even glass 

formation.16,17 A widely-studied engineered example in this 

class is the DNA-functionalized, microscale colloidal 

particle.5,11,12,18 Here, plastic spheres with diameters typically 

ranging from ~200 nm to about a micron, are grafted with 

polymer brushes terminated with single-stranded DNA 

oligomers. The DNA oligomers are sequenced so that strands on 

neighbouring particles in solution are driven to reversibly 

hybridize at a certain temperature, producing an effective 

interparticle interaction that qualitatively resembles a simple 

pairwise interatomic potential, e.g., a Lennard-Jones or Morse 

function. A key advantage of the DNA-functionalized particle 

system is the high degree of specificity of DNA hybridization, 

enabling complex multicomponent, self-assembly processes 

with precisely tuneable interparticle attraction.19–24  

A large number of experimental and theoretical studies 

have provided substantial mechanistic insight into DNA-

mediated colloidal assembly, with much of the emphasis being 

placed on the formation of complex, ordered 

assemblies.6,11,12,18,25–37 Yet some uncertainties remain, largely 

due to inherent ‘real world’ complexities. Among these is the 

role of hydrodynamic interactions between micron-scale 

particles during self-assembly, which can impact both crystal 

and amorphous assembly outcomes.38–44 More recently, we 

have uncovered another such factor that can significantly 

impact the self-assembly behaviour of DNA-functionalized 

particles, namely interaction heterogeneity (IH). Unlike atoms, 

a population of colloids may exhibit variability in particle 

attributes, such as size or shape, resulting in heterogeneity in 

the interparticle interactions. While size, and to a lesser extent, 

shape polydispersity have been addressed in prior studies,45–50 

the DNA-functionalized colloidal system may also exhibit 
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interaction heterogeneity as a consequence of the DNA grafting 

process itself. Specifically, it is known that different grafting 

methods can lead to different amounts of variability in the DNA 

coverage across a population of particles. Because the strength 

of the attraction between a pair of particles is directly governed 

by the number of DNA duplex bridges formed, this variability 

results in a variability, or heterogeneity, in the interparticle 

interactions. This type of population heterogeneity is 

fundamentally distinct from single-particle heterogeneity, e.g., 

due to patchiness in the grafting density over a single particle’s 

surface. The latter type of heterogeneity has been addressed 

previously in the self-assembly literature, most notably in the 

context of mimicking directional bonding.51,52 While we cannot 

exclude the possibility of natural patchiness in experimentally 

realized DNA-grafted particles, here we assume that each 

particle is uniformly coated with DNA strands.    

Our previous studies demonstrated the potential of IH as a 

tuneable control parameter for colloidal self-assembly.53,54 

Using simulations we showed that unimodal IH modified 

crystallization dynamics by spreading out the nucleation 

process as temperature was lowered and attractive forces 

between particles increased. This ‘spreading out’ effect results 

from a stratification and sorting of the particle population 

according to binding strength and was found to enhance 

crystallization robustness by suppressing gelation under 

strongly driven conditions. Moreover, the effect of IH was found 

to be modulated by the width of its distribution, i.e., more 

heterogeneity led to increased crystallization robustness.53 This 

is a useful result given that crystallization of micron-scale DNA-

functionalized particles is often restricted to a very narrow 

temperature range due to the high temperature sensitivity of 

DNA duplex formation.11,12,19 We have also shown that IH is 

important even under strictly equilibrium conditions. 

Specifically, unimodal IH shifts the fluid-side of the fluid-crystal 

coexistence boundary to lower volume fractions, thereby 

expanding the phase coexistence region in which crystallization 

occurs. These results were broadly consistent across different 

IH distributions, suggesting that intentionally engineered IH 

distributions could be used to optimize crystallization. 

In the present study, we analyse the impact of IH on gelation 

of DNA-functionalized micron-scale particles. While colloidal 

gelation has received far less attention than crystallization, 

colloidal gels also offer the potential for creating assemblies 

with useful properties, such as structural coloration.55–57  

Gelation is notoriously hard to control because it is generally 

operational under highly non-equilibrium conditions. The 

mechanism of gelation in short-ranged attractive colloidal 

systems is multifactorial in nature and has been discussed in 

detail in a recent review by Royall et al.58 In a pioneering study, 

Lu et al.14 demonstrated experimentally that gelation in these 

systems is often initiated with a phase separation in the form of 

liquid-gas spinodal decomposition. The liquid regions of high 

particle density subsequently become kinetically arrested, 

forming a gel phase. Nonetheless, certain systems, such as the 

patchy colloid system studied by Bianchi et al.,59 have been 

shown to lead to gelation in the absence of spinodal 

decomposition. Moreover, other driving forces such as 

gravitational settling can also provide the necessary 

densification for gelation to proceed.60 Recent work has also 

emphasized the emergence of percolation, mechanical rigidity, 

and aging across the gel phase as necessary elements of 

gelation.61–63 Depending on the depth of the quench used to 

drive gelation, the arrested gel may be locally crystalline or fully 

amorphous, but precise control of gel structure is otherwise 

very hard to achieve. Moreover, the potential role of IH in 

gelation is also far from obvious because the highly non-

equilibrium conditions and rapid kinetic arrest may prevent the 

particle sorting that lies at the heart of its ability to impact self-

assembly. 

Numerous prior computational studies have investigated 

the role of quenching rate and/or particle volume fraction on 

gel structure64–66 and mechanical response.63,67,68 Here, we 

investigate how gelation structure is specifically impacted by a 

combination of the IH distribution and the applied thermal 

quenching profile. We systematically explore the influence of 

different types of IH distributions on gel structure, including 

monodisperse (no IH), Gaussian, uniform, and bidisperse 

distributions. The results show that although IH minimally 

impacts macroscopic gel structure (e.g., as determined by the 

static structure factor), the local gel environment, as measured 

by the distribution of particle coordination number, is found to 

be sensitive to IH. Most notably, the gel configurations obtained 

with IH are found to be otherwise inaccessible. Collectively, our 

findings confirm the relevance of IH in the setting of gelation 

and provide a practical potential pathway for realizing designer 

colloidal gel structures. 

2. Methods 

2.1. Simulation methodology 

We employ standard techniques for simulating gelation in 

attractive particle systems whereby the attraction between 

particles is gradually increased in time to drive gelation.63,64,69 

All gelation simulations were performed using Langevin 

dynamics implemented in the LAMMPS70 software package. 

Each simulation consisted of 4000 particles in a cubic domain 

with periodic boundary conditions and evolved in the NVT 

ensemble using a Langevin thermostat at a solvent viscosity of 

1 cP. Selected cases were repeated with larger systems 

containing 16 000 particles to assess any finite size effects. 

The pairwise interaction potential used to evaluate particle 

forces is based on a validated coarse-grained model for DNA-

functionalized colloids developed by Rogers and Crocker.19 The 

interaction between DNA-functionalized colloids is derived 

from the summation of attractive and repulsive contributions. 

The attractive potential is derived from the bridging dynamics 

of DNA strands with complementary end sequences on the 

interacting colloids, while the hybridization entropy and 

enthalpy are derived from a nearest-neighbour model.71 The 

repulsive interaction is calculated by the entropy loss due to 

DNA strand confinement from adjacent colloids.  

All parameters for the interparticle potential were fixed at 

the same values used in our previous study of IH-mediated 
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crystallization.54 Briefly, all DNA strands are assumed to be 40 

nm in length, explicitly represented by 8 segments each with a 

Kuhn length of 5 nm. The enthalpy and entropy of hybridization 

between individual strands were fixed at −47.8 𝑘𝑐𝑎𝑙 ⋅ 𝑚𝑜𝑙−1 

and −0.1395 𝑘𝑐𝑎𝑙 ⋅ 𝑚𝑜𝑙−1𝐾−1 , respectively. A reference 

potential, 𝑈𝑟𝑒𝑓(𝑟) was defined based on a colloid diameter of 1 

𝜇𝑚 and a DNA strand areal density of 1592 𝑠𝑡𝑟𝑎𝑛𝑑𝑠 ⋅ 𝜇𝑚−2, or 

5000 strands per particle. In addition to these parameters, the 

DNA potentials are sensitively dependent on temperature, 

which was used to fix the depth of the attractive well, 𝑈 ≡

min
𝑟

𝑈𝑟𝑒𝑓(𝑟) . A series of potentials with well depths ranging 

from 𝑈 = 0  to 𝑈 = −15 𝑘𝐵𝑇  at intervals of 0.1 𝑘𝐵𝑇  were 

precomputed and used to implement thermal quenches; see 

Fig. S1. Note that these well depths correspond to a small, 

implied temperature range of about 15 𝐾  centered around 

300 𝐾 . Consequently, the actual simulation temperature 

employed in the NVT Langevin dynamics simulations was held 

fixed at 305 𝐾  for all simulations since particle diffusivity 

changes little over this temperature range.  

Interaction heterogeneity was modelled by assigning a 

binding modulator, 𝑏𝑖, to each particle 𝑖 to scale the interaction 

potential, so that the interaction potential between any two 

particles, 𝑖 and 𝑗, is given by 

𝑈𝑖𝑗(𝑟) = 𝑏𝑖𝑏𝑗𝑈𝑟𝑒𝑓(𝑟), (1) 

where 𝑈𝑟𝑒𝑓(𝑟) represents the reference DNA potential energy 

function, which was taken as the mean of the IH distribution. In 

other words, a given IH distribution is encoded entirely by the 

distribution of the binding modulator, for a given 𝑈𝑟𝑒𝑓(𝑟). Four 

different types of IH distributions were investigated, including 

monodisperse (no IH), Gaussian, bidisperse, and uniform 

distributions (see Fig. 1). To ensure consistency across different 

types of IH, the IH distribution was normalized such that the 

average squared binding modulator was unity, i.e. 〈𝑏〉2 = 1 . 

This normalization implies that the average interaction strength 

of the system corresponds to the average binding strength of 

two randomly selected particles. The IH distributions were 

specified as follows: the Gaussian distribution was fixed with 

unit mean and a standard deviation, 𝜎𝐼𝐻 = 0.15. The bidisperse 

distribution contains two species, strong and weak, with distinct 

binding modulators, 𝑏𝑠  and 𝑏𝑤 , respectively. The ratio of 

binding modulators between the two species was used to 

represent bidisperse distribution, i.e. 𝑏𝑠 𝑤⁄ = 𝑏𝑠 𝑏𝑤⁄ . In this 

study, we fixed 𝑏𝑠 𝑤⁄ = 1.50  for all simulations. Finally, the 

uniform distribution was defined with a unit mean and range 

[1 − Δ𝑏, 1 + Δ𝑏], where Δ𝑏 assumed values of 0.1, 0.3, or 0.5.  

Linear quench protocols, characterized by a constant rate of 

increase of the well-depth of the reference potential, 𝑑𝑈 𝑑𝑡⁄ , 

were applied for all finite quench rate simulations. Due to 

technical constraints in LAMMPS, a stepwise approximation of 

the linear quench protocol was implemented with discrete 

steps in interaction strength of magnitude Δ𝑈 = 0.1 𝑘𝐵𝑇. This 

interval size was determined to be functionally equivalent to a 

continuous quench over the quenching rates used in this study. 

Each quench simulation was first equilibrated with a purely 

repulsive potential, i.e., 𝑈 = 0 , followed by incremental 

increases of the well depth as described above, each 

maintained for a duration specified by the imposed quenching 

rate. A simulation was terminated when the system 

configuration became obviously kinetically arrested. Step 

quench simulations, equivalent to an infinitely fast quench, 

were implemented by a reference attractive interaction 

strength fixed at 𝑈 = −15 𝑘𝐵𝑇  and held for 50 seconds 

following equilibration. To suppress crystallization in all 

simulations, particle size polydispersity was introduced in the 

form of a Gaussian distribution with unit mean and standard 

deviation of 0.05, independent of the IH distribution. The 

interparticle pair potential was accordingly shifted based on the 

sum of particle radii to reflect the effect of size polydispersity. 

Note that polydispersity in size would, in practice, result in an 

additional source of IH because of corresponding changes in 

particle curvature. We do not consider this source of IH here 

and instead focus solely on “direct” IH due to variations in 

grafting density across the particle population. In principle, a 

larger database of precomputed interaction potentials could be 

generated that accounts for both sources of IH but this would 

not qualitatively alter the conclusions of the present study. A 

summary of all quench simulations included in this study are 

listed in Table 1 and Table 2. 

2.2. Structural analysis methods 

We employed several different order parameters and 

functions to assess the impact of quench rate and IH on gel 

outcomes. Below, we briefly summarize the various measures; 

many of these are standardized and implemented in LAMMPS 

and other software packages. 

Coordination number (CN) distribution: 

Particle coordination number distributions were computed 

from particle configurations at each time point. Neighbours 

were identified for each particle as those within a cutoff 

distance defined as the sum of the particle radii plus a shell 

thickness of 0.04 𝜇𝑚 . The CN distribution represents the 

fraction of particles corresponding to each CN. Due to size 

Fig. 1 Examples of different IH distributions. (a) Monodisperse i.e. no IH. (b) Gaussian 

distribution with unit mean and standard deviation 𝜎𝐼𝐻 . (c) Bidisperse distribution. 

Ratio of strong and weak binding modulator, 𝑏𝑠 𝑤⁄ , is independently fixed with 

composition. (d) Uniform distribution with half range Δ𝑏. 
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polydispersity, CN as high as 13 may occasionally occur using a 

fixed cutoff radius 

 

Radial distribution function: 

The radial distribution function, 𝑔(𝑟), was calculated using 

the Python package Freud.72,73 To obtain 𝑔(𝑟) , distances 

between particle pairs were histogrammed and normalized by 

the average number density, further adjusted by the volume of 

spherical shells at each radial bin, i.e.,  

𝑔(𝑟) =
1

4𝜋𝑟2𝜌𝑁
⟨∑ ∑ 𝛿(𝑟 − |𝒓𝑖 − 𝒓𝑗|)

𝑁

𝑗≠𝑖

𝑁

𝑖=1

⟩ , (2) 

where 𝜌 is the number density, 𝑁 is total number of particles, 

|𝒓𝑖 − 𝒓𝑗| is the distance between particles 𝑖 and 𝑗, 𝛿 is the Dirac 

delta function, and 〈. 〉 denotes ensemble average. Here, 𝑔(𝑟) 

was computed over a distance range from 0 to 6 𝜇𝑚, using a bin 

width of 0.1 𝜇𝑚. 

 

Static structure factor: 

The static structure factor, 𝑆(𝑘), was calculated using the 

Python package Freud.72–74 𝑆(𝑘) quantified spatial correlations 

among particles in reciprocal (Fourier) space, typically obtained 

by evaluating the ensemble average of the Fourier transform of 

particle density fluctuations. 𝑆(𝑘) is defined by  

𝑆(𝒌) =
1

𝑁
⟨∑ ∑ 𝑒𝑖𝒌⋅(𝒓𝑖−𝒓𝑗)

𝑁

𝑗=1

𝑁

𝑖=1

⟩ , (3) 

where 𝒌  is the wavevector, (𝒓𝑖 − 𝒓𝑗)  is the displacement 

vector between particles 𝑖  and 𝑗 , and 〈. 〉  denotes ensemble 

average. Isotropic averaging was performed over all 

wavevectors sharing the same magnitude, i.e., 𝑘 = |𝒌|. In this 

study, 𝑆(𝑘) was calculated at discrete wavevector magnitudes 

defined as 𝑘 = 2𝜋𝑛/𝐿, where 𝐿 is the edge length of the cubic 

simulation box, and integer values 𝑛 ranging from 1 to 40. 

 

Fractal dimension: 

The fractal dimension of gels were calculated using the box-

counting method.75,76 In this approach, the simulation box is 

divided into smaller cubes of varying side length, 𝑠. For each 

cube size, the number of cubes containing portions of the gel 

structure, denoted as 𝑁𝑐(𝑠) , is counted and the fractal 

dimension, 𝑑𝑓 , is given by  

𝑑𝑓 = 𝑙𝑖𝑚
𝑠→0

𝑙𝑜𝑔 𝑁𝑐(𝑠)

𝑙𝑜𝑔(1 𝑠⁄ )
. (4)

In practice, 𝑑𝑓  is determined by fitting the linear region of a plot 

of 𝑙𝑜𝑔 𝑁𝑐(𝑠)  versus 𝑙𝑜𝑔(1 𝑠⁄ ) , thereby characterizing the 

scaling behaviour and self-similarity of the gel structure across 

different length scales. Cube lengths within the range of 1.2 to 

2 𝜇𝑚 were specifically used for this linear fit. 

 

Topological cluster classification (TCC): 

Topological cluster classification (TCC) was performed using 

the software package developed by Royall and coworkers.77–79 

Briefly, TCC is used to quantify local structure in the gel by 

identifying bonded particle networks and classifying their 

topology into a library of well-defined motifs. Here, the bond 

network was constructed using a cutoff radius of 1.19 μm. The 

TCC algorithm first identifies all 3-, 4-, and 5-membered 

shortest-path rings; these are subsequently used as the basis for 

identifying more complex topological motifs and larger clusters. 

To avoid double-counting, the fraction of particles associated 

with each cluster size accounts only for the largest identified 

topological cluster to which a particle belongs.  

 

Principal component analysis (PCA): 

PCA was applied to the histogrammed properties of the final 

gel configurations using the Scikit-learn package in Python.80 

PCA is a statistical technique that reduces the dimensionality of  

Table 1 Simulations with no IH and Gaussian distributions included in this study. 𝑑𝑈 𝑑𝑡⁄  is in unit of 𝑘𝐵𝑇𝑠−1. Circles: 4000 particles. Triangles: 16 000 particles. 

𝑑𝑈

𝑑𝑡
 

𝜙 = 0.20 𝜙 = 0.30 

No IH 
Gaussian, 

𝜎𝐼𝐻 = 0.15 
No IH 

Gaussian, 
𝜎𝐼𝐻 = 0.15 

-0.005 O O O O 

-0.001 O O O O 

-0.020 O, ▲ O, ▲ O O 

-0.050 O O O O 

-0.200 O O O O 

-0.500 O O O O 

-2.000 O, ▲ O, ▲ O O 

-5.000 O O O O 

Step O, ▲ O   
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Table 2 Simulations with bidisperse and uniform distributions included in this study. 𝑑𝑈 𝑑𝑡⁄  is in unit of 𝑘𝐵𝑇𝑠−1. Circles: 4000 particles. Triangles: 16 000 particles. 

𝑑𝑈

𝑑𝑡
 

𝜙 = 0.20 

Bidisperse, 𝑏𝑠/𝑤 = 1.50 Uniform 

𝑝(𝑏𝑠) = 0.20 𝑝(𝑏𝑠) = 0.50 𝑝(𝑏𝑠) = 0.80 Δ𝑏 = 0.10 Δ𝑏 = 0.30 Δ𝑏 = 0.50 

-0.020 O O, ▲ O O O O 

-0.200 O O O O O O 

-2.000 O O, ▲ O O O O 

Step O O O   O 

multivariate data by transforming the original variables into a 

new set of orthogonal axes, or principal components (PCs), 

which are ranked according to the amount of variance they 

capture from the input data. The PCA procedure used in this 

study included several steps. First, the raw data were organized 

into a matrix 𝑿  with dimensions (𝑛 × 𝑝) , where 𝑛  is the 

number of IH cases, and 𝑝 is the number of histogrammed bins 

of a specific property. To ensure all features contribute equally, 

each column of 𝑿  was normalized to zero mean and unit 

standard deviation, i.e., 

𝑋̃𝑖𝑗 =
𝑋𝑖𝑗 − 𝜇𝑗

𝜎𝑗
, (5) 

where 𝑋𝑖𝑗  is the original data for the 𝑖𝑡ℎ  IH cases and 𝑗𝑡ℎ  bin, 𝜇𝑗  

and 𝜎𝑗  are the mean and standard deviation of the 𝑗𝑡ℎ  column, 

and 𝑋𝑖𝑗  is the normalized 𝑋𝑖𝑗 . Next, the covariance matrix 𝑪 

was computed as  

𝑪 =
1

𝑛
(𝑿̃)

𝑇
𝑿̃ , (6) 

yielding eigenvalues 𝜆𝑘  and eigenvectors 𝒖𝑘 , satisfying the 

relation  

𝑪𝒖𝑘 = 𝜆𝑘𝒖𝑘 , (7) 

where 𝑘 = 1, 2, 3, … , 𝑝 . The eigenvectors 𝒖𝑘  represent 

principal directions in feature space, while the eigenvalues 𝜆𝑘   

measure the variance along each corresponding principal 

component. To quantify the relative importance of each 

principal component, the eigenvalues were normalized by their 

sum, providing the fraction of total variance explained (FVE), 

i.e., 

𝐹𝑉𝐸(𝑃𝐶𝑘) =
𝜆𝑘

∑ 𝜆𝑗
𝑝
𝑗=1

 . (8) 

3. Results and discussion 

3.1. Influence of quench rate on gel structure without IH 

The influence of quench rate on monodisperse (no IH) 

systems was investigated first to provide a baseline. Shown in 

Fig. 2(a) are the kinetically arrested configurations at varying 

quench rates at a fixed volume fraction, 𝜙 = 0.20. Visually, the 

structures transition from open, dendritic networks at high 

quench rates to more compact clusters as the quench rate 

decreases. The impact of quench rate on gel coordination 

number (CN) distribution is shown in Fig. 2(b). As expected, the 

distributions shift towards higher average CN at lower quench 

rates because slower quenching provides sufficient time for 

particles to settle into energetically favourable configurations 

before becoming kinetically arrested. While all the distributions 

remain unimodal across the cooling rates considered here, 

closer inspection reveals a transition in the coordination 

number distributions at a cooling rate of approximately of 

𝑑𝑈 𝑑𝑡⁄ = −0.020 𝑘𝐵𝑇𝑠−1  (green curve in Fig. 2(b)). Faster 

quench rates generally produce distributions peaked at a 

coordination number of 6, while slower quenches result in a 

peak located between 7 and 8.  

To understand the transition in peak coordination number 

and obtain a quantitative measure of “fast” versus “slow” 

thermal quenching, we evaluated the quench rate in the 

context of particle sorting during gelation. The sorting length, 𝐿, 

was determined through a scaling analysis that compares the 

particle diffusion timescale, 𝜏𝐷 = 𝐿2/𝐷 , with the gelation 

timescale, 

𝜏𝐺 =
Δ𝑈

|𝑑𝑈 𝑑𝑡⁄ |
, (9) 

where 𝐷 is defined as the particle diffusivity at a given volume 

fraction, and Δ𝑈 is the interaction strength range over which 

gelation occurs. Equating the two timescales gives an 

approximate sorting length of 

𝐿~√𝐷
Δ𝑈

|𝑑𝑈 𝑑𝑡⁄ |
. (10) 

Assuming particle binding becomes essentially irreversible 

for |𝑈| > 5 𝑘𝐵𝑇  and that particle sorting does not become 

significant until |𝑈|~3 𝑘𝐵𝑇, suggests that the relevant interval 

for particle sorting during a quench is about Δ𝑈~2 𝑘𝐵𝑇  in 

width; see Fig. S2. Given a particle diffusivity at 𝜙 = 0.20  of 

approximately 0.30 𝜇𝑚2𝑠−1, the sorting length is estimated to 

be 𝐿 ≈ 5.5 𝜇𝑚 at a quench rate of 𝑑𝑈 𝑑𝑡⁄ = −0.020 𝑘𝐵𝑇𝑠−1, 

or about five particle diameters. The impact of the sorting 
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length was assessed by comparing it to the particle mean free 

path, 𝐿𝑀𝐹𝑃 , which is defined as 81 

𝐿𝑀𝐹𝑃 =
𝑣𝑝

√2𝑅𝑝
2𝜙

, (11) 

where 𝑣𝑝  is the single particle volume and 𝑅𝑝  is the particle 

diameter. Note that the expression in eq. (11) is derived by 

assuming particles are spatially well mixed and interact purely 

entropically, i.e., via hard-sphere interactions. In the quench 

simulations, 𝐿𝑀𝐹𝑃  therefore represents the average distance 

that a particle travels before colliding with other particles. For 

𝜙 = 0.20  and 𝑅𝑝 = 1 𝜇𝑚 , 𝐿𝑀𝐹𝑃  is estimated to be 1.85 𝜇𝑚 . 

Consequently, the ratio between sorting length 𝐿  and 𝐿𝑀𝐹𝑃 

represents the average number of collision events (through 

which sorting occurs) experienced by each particle during 

gelation. On this basis, we identify 𝐿~3𝐿𝑀𝐹𝑃  as the threshold 

for a “slow quench”, corresponding to a quench rate of -0.02 

𝑘𝐵𝑇𝑠−1 , (Fig. 2(c)). This estimate is fully consistent with the 

observed transition in the coordination number peak observed 

in Fig. 2(b). 

3.2. Influence of IH on macroscopic gel structure 

We begin our analysis of IH impact on gelation by 

considering various types of IH distributions at a fixed quench 

Fig. 2 (a) Final gel configurations obtained at different quench rates (in units of 𝑘𝐵𝑇𝑠−1) without IH at 𝜙 = 0.20. (b) CN distributions at different quench rates (unit: 𝑘𝐵𝑇𝑠−1) with 

no IH at 𝜙 = 0.20. (c) Sorting length and the corresponding multiples of mean free path (see text) as a function of quench rate. Orange dash line: 𝐿 𝐿𝑀𝐹𝑃⁄ = 1. Green dash line: 

𝐿 𝐿𝑀𝐹𝑃⁄ = 3. 

Fig. 3 Final colloidal gel configurations obtained at 𝑑𝑈 𝑑𝑡⁄ = −0.020 𝑘𝐵𝑇𝑠−1 and 𝜙 = 0.20 with various IH distributions. The upper and lower rows show identical configurations 

with different colour schemes. (Upper row: particles shown single colour. Lower row: particles coloured by binding modulators. Green arrows: local regions enriched with strong-

binding species.) 
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rate of -0.020 𝑘𝐵𝑇𝑠−1, which as described in the prior section, 

corresponds to a sorting radius of about five particle diameters. 

Shown in Fig. 3 are the final, kinetically arrested configurations 

obtained with different IH distributions. The upper row displays 

the gel structures with uniform particle colouring, revealing no 

apparent differences in gel structure produced by the various IH 

types. The lower row shows particles coloured by their binding 

modulator values: red represents strong binders (𝑏 > 1), blue 

represents weak binders (𝑏 < 1), and white corresponds to 𝑏 =

1. Compared to the monodisperse case (no IH), configurations 

incorporating IH exhibit localized regions enriched with strong 

binders (indicated by green arrows). These local aggregations 

suggest that the presence of IH may influence the gelation 

process by promoting spatial heterogeneity in particle binding, 

potentially altering the resulting gel structure in subtle ways 

that are not immediately apparent by visual inspection. 

The potential impact of IH on macroscopic gel structure was 

probed further using the radial distribution function, 𝑔(𝑟), and 

structure factor, 𝑆(𝑘), as shown in Fig. 4 for the same quench 

rate of 𝑑𝑈 𝑑𝑡⁄  =  −0.020 𝑘𝐵𝑇𝑠−1 . Neither 𝑔(𝑟)  nor 𝑆(𝑘) 

show significant impact arising from IH. However, gels without 

IH exhibit subtly elevated 𝑆(𝑘) values within the intermediate 

range ( 𝑘 ≈ 2 − 4 ), suggesting slightly higher structural 

correlations at length scales corresponding to roughly 2-3 

particle diameters. In contrast, at even lower 𝑘 values (𝑘 < 1), 

gels with bidisperse and uniform IH distributions show slightly 

higher  𝑆(𝑘)  values compared to gels without IH, reflecting 

enhanced aggregation over larger length scales due to IH. 

Overall, the differences in 𝑆(𝑘)  between systems with and 

Fig. 5 CN distributions with various IH distributions at 𝜙 = 0.20 under (a) step quench 

and (b) slow quench at 𝑑𝑈 𝑑𝑡⁄ = −0.020 𝑘𝐵𝑇𝑠−1 and 𝜙 = 0.20. 

Fig. 4 Structural analysis of colloidal gels formed with various IH distributions using (a) 

radial distribution function, 𝑔(𝑟) , and (b) structure factor, 𝑆(𝑘)  at 𝑑𝑈 𝑑𝑡⁄ =

−0.02 𝑘𝐵𝑇𝑠−1 and 𝜙 = 0.20. (c) Fractal dimension, 𝑑𝑓, as a function of quench rate at 

𝜙 = 0.20. Squares correspond to data from larger systems (16 000 particles). Data from 

step quenches are plotted at a quench rate value of 𝑑𝑈 𝑑𝑡⁄ = −10.0 𝑘𝐵𝑇𝑠−1  and 

denoted by the arrow. 
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without IH are subtle, suggesting a lack of significant large-scale 

structural distinctions with IH.  

Another metric commonly used to characterize gel 

structures in the literature is the fractal dimension, 𝑑𝑓 . The 

fractal dimension characterizes the spatial complexity and self-

similar arrangement of colloidal gel networks. Higher 𝑑𝑓  values 

indicate denser and more compact structures, while lower 𝑑𝑓  

values correspond to more open, porous morphologies. 

Typically, diffusion-limited cluster aggregation (DLCA), 

governed by rapid and irreversible particle binding limited only 

by diffusion, yields lower fractal dimensions in the range 𝑑𝑓 ≈

1.7 − 1.9 . In contrast, reaction-limited cluster aggregation 

(RLCA), characterized by slower binding kinetics that allow 

extensive structural rearrangement, produces gels with higher 

fractal dimensions around 𝑑𝑓 ≈ 2.0 − 2.2 .82–88 Shown in Fig. 

4(c) are the fractal dimensions 𝑑𝑓  as a function of quench rate 

for various IH distributions. The value of 𝑑𝑓  increases from 

approximately 1.8 to 2.3 as the quench rate becomes slower, 

indicating a transition of the gel structure from DLCA to RLCA. 

At lower quench rates, the fractal dimensions across different 

IH conditions exhibit minor differences. While at intermediate 

quench rates gels formed in systems with IH appear to lead to 

higher 𝑑𝑓 , results from larger system simulations containing 16 

000 particles (denoted by square symbols) suggest that this is 

likely due to statistical noise or systematic finite size effects. 

3.3. Influence of IH on local gel structure 

Next, the effect of IH on the local gel structure as 

represented by the coordination number (CN) distribution was 

investigated. In Fig. 5(a), the CN distribution is shown for a step 

quench, where the impact of IH is expected to be negligible and 

indeed no effect is observed. Interestingly, however, for a slow 

quench rate of 𝑑𝑈 𝑑𝑡⁄ = −0.020 𝑘𝐵𝑇𝑠−1, the influence of IH 

on CN distribution is quite pronounced; see Fig. 5(b). In the 

absence of IH, the CN distribution is a unimodal peak, a feature 

that persists across all quenching rates as shown previously in 

Fig. 2(b). The imposition of Gaussian IH broadens and flattens 

the distribution, forming a plateau between CN=4 and CN=8. 

Even more notable is the effect of bidisperse IH here fixed at 

𝑝(𝑏𝑠) = 0.50, representing equal fractions of weak and strong 

binders, which generates a distinct bimodal CN distribution. 

Finally, uniform IH produces a CN distribution also exhibiting 

two peaks but somewhat broader than those resulting from 

bidisperse IH. All three IH distributions lead to higher fractions 

of particles at the extremes of the CN distribution compared to 

the monodisperse reference case. Notably, IH minimally 

impacts the average CN of the final structures across different 

quench rates, as shown in Fig. 6. Select CN distributions were 

also examined for finite size effects using additional simulations 

with 16 000 particles; as shown in Fig. S3, the results are 

insensitive to size.  

The local configurational impact of IH was investigated 

further with TCC analysis. The results of the TCC analysis are 

Fig. 7 Grouped cluster size distribution (see text) by topological cluster classification (TCC) with various IH distributions at 𝜙 = 0.20 under (a) step quench and (b) slow quench at 

𝑑𝑈 𝑑𝑡⁄ = −0.020 𝑘𝐵𝑇𝑠−1 and 𝜙 = 0.20. For particles identified in multiple topological clusters, only the largest cluster size is counted. 

Fig. 6 Average CN as a function of quench rate for different IH conditions at 𝜙 = 0.20. 

Data at 𝑑𝑈 𝑑𝑡⁄ = −10 𝑘𝐵𝑇𝑠−1 correspond to step quench results.

Page 8 of 15Soft Matter

S
of

tM
at

te
r

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

4 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/5
/2

02
6 

12
:0

4:
48

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
DOI: 10.1039/D6SM00117C

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6sm00117c


Journal Name  ARTICLE 

This journal is © The Royal Society of Chemistry 20xx J. Name., 2013, 00, 1-3 | 9  

Please do not adjust margins 

Please do not adjust margins 

shown in Fig. 7 for the same selected cases shown previously in 

Fig. 5. Note that the data in Fig. 7 has been grouped so that only 

cluster size, and not cluster geometry, is shown; the raw data 

which resolves distinct cluster geometries is shown in Fig. S4. 

Also note that each particle is only assigned to the largest 

cluster that it belongs to. Generally, IH is seen to induce a shift 

to larger TCC cluster sizes (~10-13) relative to the no IH case, 

which is relatively enriched in intermediate sizes (~5-8). This 

broad trend suggests that IH promotes further aggregation and 

consolidation of intermediate motifs into larger, more compact 

structures. Among the different types of IH, the uniform case (U) 

appears to be most effective at converting intermediate clusters 

to larger motifs (~10-11), although interestingly, the Gaussian 

case (G) results in the highest number of size 13 clusters. This is 

notable because size 13 clusters may represent highly 

coordinated, low energy local packings. Overall, we find that 

interaction heterogeneity shifts the gel structure from 

intermediate-sized motifs toward larger, more compact 

topological clusters, with uniform distributions promoting 

general densification and Gaussian heterogeneity selectively 

stabilizing highly coordinated (size 13) structures. This suggests 

that IH enables continued structural evolution within the 

arrested gel. 

PCA was performed to further analyse and classify gelation 

outcomes based on CN distributions. We applied PCA on the 

first through tenth moments of the CN distributions, according 

to the methodology outlined in Section 2.2. As shown in Fig. 8, 

the fraction of total variance explained (FVE) captured by the 

first two PCs is over 99%, indicating that the first two PCs 

successfully capture the characteristics of CN distributions. A 

two-dimensional projection of the gelation outcome data in the 

space defined by the first two principal components is shown in 

Fig. 9. The effects of quench rate and IH in the PCA space are 

both evident and distinguishable. The impact of quench rate is 

most easily discerned by considering the homogeneous cases 

with no IH, as represented by the filled symbols and the black 

dashed line. As the quench rate is decreased, the data is 

observed to shift in a straight line in the 𝑃𝐶1 + 𝑃𝐶2 direction.  

Note that the homogeneous data includes contributions from 

gelation runs at two volume fractions, 𝜙 = 0.2  (circles) and 

𝜙 = 0.3  (squares). While there is a modest shift in the PCA 

space due to changes in the volume fraction, the overall trends 

are consistent. While not a primary focus of the present 

analysis, the effect of volume fraction on IH-mediated gelation 

is expected to be multifactorial. First and most obviously, 

particle diffusivity in the fluid generally decreases with 

increased volume fraction, leading to a decrease in the sorting 

distance available to the gel phase. On the other hand, 

increasing the volume fraction also implies that additional 

particles would be available for sorting for a given distance. 

Finally, the overall time available for sorting during the gelation 

process is itself a function of overall volume fraction.   

The impact of IH is also well delineated in the (𝑃𝐶1, 𝑃𝐶2) 

space (open symbols represent cases with IH). At a given 

quench rate, IH drives the data along the 𝑃𝐶1 − 𝑃𝐶2 direction, 

perpendicularly to the quench rate trendline as shown by the 

colored solid lines in Fig. 9. The excursions in (𝑃𝐶1, 𝑃𝐶2) space 

due to IH are consistent across quench rates as evidenced by 

the fact that the linear guides are roughly parallel. However, as 

expected, the impact of IH is limited at high quench rates due 

Fig. 8 Fraction of variance explained (FVE) by each principal component. 

Fig. 9 Two-dimensional projection resulting from PCA applied to statistical moments of the CN distributions. Symbols indicate distinct IH conditions and particle volume fractions 

(𝜙), while colors represent varying quench rates. Solid and dash lines are trendlines with the effect of quench rate and IH, respectively, as guide to the eye.
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to short sorting length scales. Notably, all the locations 

corresponding to various types and extents of IH are 

inaccessible in homogeneous systems, confirming the notion 

that IH may provide a tuneable parameter for creating new gel 

structures. Finally, we note that PCA of selected Steinhardt 

structural order parameter distributions fail to capture the 

effect of IH and/or quench rate; see Fig. S5. 

3.4 Influence of IH on gelation dynamics 

Finally, we study the impact of IH on gelation dynamics using 

CN as a metric to quantify the evolution of gel structure as a 

function of time. Shown in Fig. 10 is the evolution of the average 

CN as a function of interaction strength at a fixed quench rate 

of 𝑑𝑈 𝑑𝑡⁄ = −0.020 𝑘𝐵𝑇𝑠−1  under different IH conditions. In 

general, IH is seen to broaden the gelation process—the 

average CN begins to increase at lower interaction strengths 

and reaches its final value at a higher interaction strength. 

Recall from Fig. 6 that the final value of the average CN is 

relatively unaffected by IH so the impact of IH is limited to the 

transient evolution of average CN. The observed effect can be 

broadly attributed to early aggregation driven by strong binders 

followed by late attachment of weak binders; together these 

extend the duration of the overall gelation process. 

Shown in Fig. 11 are example particle configurations during 

the gelation process under different IH conditions. Particles 

with 𝐶𝑁 ≥ 6  and their neighbours are identified as solid-like 

and coloured by their binding modulators. The remaining 

particles are identified as fluid-like and represented by smaller 

yellow spheres. Without IH, the gelation process occurs 

Fig. 10 Evolution of the average CN during gelation as a function of reference 

potential well-depth, 𝑈, at quench rate of 𝑑𝑈 𝑑𝑡⁄ = −0.020 𝑘𝐵𝑇𝑠−1and 𝜙 = 0.20 

for various IH types.  

Fig. 11 Configurations at selected 𝑈 (in units of 𝑘𝐵𝑇) during quenching at a rate of 𝑑𝑈 𝑑𝑡⁄ = −0.020 𝑘𝐵𝑇𝑠−1 under varying IH conditions. Potential nuclei (CN≥6) and their bound 

particles are coloured with binding modulator 𝑏. Particles in No IH case are distinctly colored in purple. Fluid particles are depicted as smaller yellow spheres. (Parameters for 

different IH types: Gaussian: 𝜎𝐼𝐻 = 0.15; Bidisperse: 𝑏𝑠/𝑤 = 1.50 and 𝑝(𝑏𝑠) = 0.50; Uniform: Δ𝑏 = 0.50.) 
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between interaction strengths 𝑈 = −3.5 𝑘𝐵𝑇  and 𝑈 =

−6 𝑘𝐵𝑇 , resulting in complete particle aggregation by 𝑈 =

−6 𝑘𝐵𝑇 . Conversely, systems with IH exhibit a broader 

interaction strength range for gelation process, reflecting more 

gradual gelation behaviour, similar to our previous findings in 

the case of crystal nucleation.53 

The bidisperse IH case is particularly useful for additional 

analysis of the impact of IH on gelation. The bidisperse 

configuration at 𝑈 = −3.5 𝑘𝐵𝑇  in Fig. 11 shows that gelled 

particles are almost entirely composed of strong binders 

despite the system containing equal proportions of strong and 

weak binders. Only later configurations ( 𝑈 = −6.0 𝑘𝐵𝑇  and 

later) include a significant number of weak binders in the gel 

phase. Although somewhat different in terms of the overall 

interaction matrix across particle types, this sequential gelation 

behaviour is qualitatively similar to that reported 

experimentally in Ref. 15 . A quantitative representation of the 

sequential gelation effect is shown in Fig. 12, which shows the 

initial increase in average 𝐶𝑁  for strong binders at 

approximately 𝑈~ − 3.0 𝑘𝐵𝑇  (dotted line), followed by 

subsequent increase in average 𝐶𝑁  for the weak binders 

(dashed line) at 𝑈~ − 5.0 𝑘𝐵𝑇. While strong binders continue 

to increase their average CN during weak binder aggregation, 

the rate at which they do so is much lower than the initial burst. 

The difference in final average 𝐶𝑁  between strong and weak 

binders is significant—strong binders reach an average 𝐶𝑁~9, 

while weak binders achieve a much lower average 𝐶𝑁~4.5. The 

total system average CN (solid line) therefore exhibits a distinct 

two-step behaviour, plateauing at an intermediate average 

𝐶𝑁~6.5 . For the same system parameters reported in the 

caption of Fig. 12, representative gel configurations at two 

points, 𝑈 = −5 𝑘𝐵𝑇 and 𝑈 = −12 𝑘𝐵𝑇, during the quench are 

shown in Fig. 13. Here, the first column shows the overall 

process in which all particles are visible, while the second and 

third columns show only the strong (red) and weak (blue) 

binders, respectively. The entire gelation process is shown in an 

animation in Movie S1 (SI). 

Fig. 12 Average CN as a function of average interaction strength for a quench rate of 

𝑑𝑈 𝑑𝑡⁄ = −0.020 𝑘𝐵𝑇𝑠−1 and 𝜙 = 0.20 with bidisperse IH (𝑏𝑠/𝑤 = 1.50 and 𝑝(𝑏𝑠) =

0.50). Solid line – all particles, dash line – weak particles, and dotted line – strong 

particles. 

Fig. 13 Configurations of gel structures for bidisperse IH with 𝑏𝑠 𝑤⁄ = 1.50 and 𝑝(𝑏𝑠) = 0.50, shown at (a-c) 𝑈 = −5𝑘𝐵𝑇 and (d-f) 𝑈 = −12𝑘𝐵𝑇 (final structure). Panels show (a, d) 

all particles, (b, e) strong-binding species only, and (c, f) weak-binding species only. (Red: strong-binding species. Blue: weak-binding species.) An animation of the complete gelation 

process is provided in Movie S1. 

Page 11 of 15 Soft Matter

S
of

tM
at

te
r

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

4 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/5
/2

02
6 

12
:0

4:
48

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
DOI: 10.1039/D6SM00117C

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6sm00117c


ARTICLE Journal Name 

12 | J. Name., 2012, 00, 1-3 This journal is © The Royal Society of Chemistry 20xx 

Please do not adjust margins 

Please do not adjust margins 

4. Conclusions 

Unlike colloidal crystal nucleation and growth which tends 

to occur under weakly non-equilibrium conditions, gelation is 

most often a highly non-equilibrium process that is rather 

difficult to control. The most common control parameter is 

often the rate at which the driving force for aggregation is 

increased, usually imposed by temperature or concentration 

change, or by the modulation of an external field. While this can 

alter some broad structural features of the resulting gel, it is still 

rather limited. For example, faster thermal quenches typically 

reduce the gelation time and lead to less compact, more 

branched gel structures but the distribution of particle 

coordination remains relatively unchanged. 

In this study, we identify and explore interaction 

heterogeneity (IH) as a new modality for controlling gelation in 

addition to thermal quench rates. We systematically 

investigated the influence of IH on colloidal gelation, focusing 

on the combined effects of varying quench rates and several 

types of IH distributions, including monodisperse (no IH), 

Gaussian, bidisperse, and uniform distributions. 

At the overall system level, the gel structure was found to 

be only weakly influenced by IH. Analyses of the radial 

distribution function, 𝑔(𝑟) , and static structure factor, 𝑆(𝑘) , 

show subtle differences with the presence of IH, indicating 

minor changes in large-scale structural organization. Although 

fractal dimension measurements at intermediate quench rates 

suggest a potential influence of IH, this trend diminished in 

larger systems, indicating that the effect may not be robust.  

In contrast, IH exhibits a profound impact on local gel 

structure. Broadly speaking, these effects originate from the 

tendency of IH to spread out the aggregation process in time, 

analogously to our previously reported observations of IH-

mediated colloidal crystallization. More specifically for gelation, 

coordination number distributions are significantly altered by 

the specific type of IH under slow quench conditions. Most 

visibly, certain types of IH were found to generate bimodal 

coordination number distributions, which are otherwise 

inaccessible in monodisperse systems. Principal component 

analysis of coordination number distribution moments 

effectively distinguish structural outcomes due to quench rate 

variation and IH, underscoring the unique role IH plays in 

determining gelation pathways. Topological cluster 

classification (TCC) analysis further supports this picture, 

showing that IH enhances the formation of connected motifs in 

the gel phase. TCC also confirms that the specific type of IH is 

important in establishing the resulting particle network.   

Finally, dynamical analysis of the impact of IH on gelation 

using the relatively simple bidisperse IH system shows that 

gelation is discretized into two sub-processes by IH—strong 

binders aggregate first to form a gel backbone, followed by 

decoration of the backbone with weak binders. Importantly, 

strong and weak binders exhibit markedly different 

coordination number environments, suggesting a pathway for 

assembling gels with tailored properties. 

A potential application of using IH as a control parameter for 

colloidal gels is the fabrication of amorphous photonic crystals 

(APCs), which exhibit short-ranged order structure while 

maintaining macroscopic disorder. Unlike photonic crystals, 

APCs function as isotropic optical media, meaning that their 

photonic band gaps are independent of direction.89,90 Our 

findings suggest that IH can be exploited to sequentially control 

the gelation process by the distinct behaviours among species 

with different binding modulators. A potential pathway to APC 

formation involves initiating local assembly through the early 

nucleation of strong binding species, resulting in short-ranged 

order domains. Subsequently, weak binding species can fill the 

voids between these small clusters, forming a disordered 

macroscopic gel structure. At least in concept, therefore, IH may 

offer a promising strategy to direct colloidal gelation toward 

structures characteristic of APCs.  

Overall, our work demonstrates that IH modulates the 

sequence and kinetics of particle binding during gelation, 

enabling control over local structural features without 

significantly altering macroscopic organization. These insights 

suggest IH as a key design parameter for tuning the structure 

and functionality of colloidal gels, particularly for applications in 

isotropic photonic materials. Establishing detailed quantitative 

connections to experiment with particle-resolved techniques, 

such as 3D confocal microscopy, along with reliable measures 

of IH, will be required to confirm the mechanistic predictions of 

this work and enable systematic design of gelation protocols for 

desired optical responses. 
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Data availability
Raw data for this article, consisting of particle coordinates and binding modulators for the various runs 
described in this study, are available at Scholarly Commons at 
[https://repository.upenn.edu/handle/20.500.14332/13].
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