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disLocate: tools to rapidly quantify 
local intermolecular structure to 
assess two-dimensional order in 
self-assembled systems
Matt Bumstead, Kunyu Liang, Gregory Hanta, Lok Shu Hui & Ayse Turak  

Order classification is particularly important in photonics, optoelectronics, nanotechnology, biology, 
and biomedicine, as self-assembled and living systems tend to be ordered well but not perfectly. 
Engineering sets of experimental protocols that can accurately reproduce specific desired patterns can 
be a challenge when (dis)ordered outcomes look visually similar. Robust comparisons between similar 
samples, especially with limited data sets, need a finely tuned ensemble of accurate analysis tools. Here 
we introduce our numerical Mathematica package disLocate, a suite of tools to rapidly quantify the 
spatial structure of a two-dimensional dispersion of objects. The full range of tools available in disLocate 
give different insights into the quality and type of order present in a given dispersion, accessing the 
translational, orientational and entropic order. The utility of this package allows for researchers to 
extract the variation and confidence range within finite sets of data (single images) using different 
structure metrics to quantify local variation in disorder. Containing all metrics within one package 
allows for researchers to easily and rapidly extract many different parameters simultaneously, allowing 
robust conclusions to be drawn on the order of a given system. Quantifying the experimental trends 
which produce desired morphologies enables engineering of novel methods to direct self-assembly.

Structural order drives properties
Order is particularly important in a wide variety of fields ranging from optics and nanotechnology to biology 
and biomedicine. Self-assembled nanoscale systems with low interaction, such as colloids, tend to long range, yet 
not perfect, order due to the competition between kinetic and thermodynamic driving forces1. The same is true 
in nature, as living systems tend to be ordered well but not perfectly2. Such deviations from perfect order have 
widespread implications including enhanced optical transmission using quasi-periodic3 or slightly disordered4 
arrays of holes; controlled plasmonic response using disorder in two-dimensional arrays of nanoparticles;5 or 
two-colour bands produced by weevils on their wings from a quasi- rather than perfectly ordered photonic crys-
tal6. Understanding and harnessing such effects relies on the accurate quantitative description of the extent of 
order in a given spatial arrangement.

The texturing of surfaces with two-dimensional dispersions of nanoscale objects (e.g. nanoparticles, micelles, 
quantum dots) is a particularly effective design strategy for controlling surface properties. The number, availabil-
ity and spatial arrangement of such objects has been used to control metamaterial polarizatability7, cell growth 
and apopotis8, plasmonic enhancement5, cell spreading and locomotion9,10, transparent oxide surface work func-
tion11, photovoltaic conversion efficiency12, cell attachment on a variety of substrates13–15, and templated nanowire 
growth16.

The ability to describe quantitatively the relative structure and ordering is highly valuable particularly to those 
who rely on image analysis from microscopy or other visual techniques to understand and probe experimental 
systems. Without tools to quantify these dispersions, observers typically rely on qualitative comparisons to draw 
comparisons. However, precise quantitative descriptions of the local and global arrangement are critical to con-
sistently reproducing the desired spatial patterns to reproduce particular surface properties. As an example, Fig. 1 
shows a set of AFM images of polystyrene-block-poly-2-vinylpyridine (PS-b-P2VP) diblock copolymer micelles 
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distributed on a Si wafer surface with three different deposition approaches. Such micelle nanoreactors are typi-
cally used to form two dimensional arrays of a variety of nanoparticle materials17–20 to tune surface properties. It 
is relatively easy for observers to identify that these patterns are not in a perfectly hexagonal arrangement (highly 
ordered) nor are they arranged with complete randomness. The distributions of particle spacing appear to land 
somewhere between these two extremes.

Variations in preparation methods have an influence on the density or relative spatial distribution of such 
objects (see for example refs21–23.). Techniques such as varying the deposition spin speed are known to have this 
effect with diblock copolymer micelles21,23. In such experiments, the observable outcomes can look visually sim-
ilar, as suggested by the inset Fourier transforms in Fig. 1 for these three micrographs. However, most observers 
can also perceive some intuitive difference in order2 among the three images, even if it is not immediately appar-
ent what those differences are.

Assessing these differences requires an accurate and unbiased detection of the structural features of the 
objects. A common practice in image analysis is to make decisions on the relative order through a combination 
of user choice and computationally driven filtering, with an image analysis program such as ImageJ24. However, 
human observers often perceive order from randomness, a psychological phenomena called apophenia. Even 
when order does exist, human perception has difficulty in distinguishing between relatively similar ordering2. 
In order to overcome this limitation, convenient computational techniques can be used to automate research. 
Allowing the computer to make value judgments about experimental observations is a powerful way to save 
time while producing a reliable and constantly unbiased analysis. However, though computational approaches 
are efficient in selecting an easily measurable global mean or expectation value, the effect of variances or local 
descriptions still rely largely on human interpretation25.

Self-assembling molecular or nanoparticle systems always contain a certain amount of variation, from una-
voidable measurement errors or imperceptible variations in variables at the macroscale that have visible ramifi-
cations at the micro or nanoscale. In general, rather than a perfect crystal, many self-assembling and biological 
systems have a polycrystalline structure – areas of high order, separated by defects and localized disorder, analo-
gous to grain boundaries in an atomic crystal– or mesophases such as liquid crystals or plastic-crystalline systems 
where some of the degrees of freedom are lost26–29. Thus their quantification poses an issue: distinguishing any 
real trends can be challenging if there are limitations on sample preparation or replication due to the high cost of 
materials, limited quantities, or long processing times. To optimize protocols and recipes, researchers require a 
reliable quantitative metric to confirm the effects of changing experimental methods. Justification for a particular 
recipe relies on understanding how likely a system is to produce a given outcome reproducibly and how much 
those outcomes vary naturally. The quantitative classification of naturally occurring limits thereby provides a 
road-map to reproducibly produce a desired result.

In this contribution, we outline a series of tools and metrics that can be used for a fine grained understand-
ing of both global and local spatial order patterns, within the package disLocate (Detecting Intermolecular 
Structure Located at particle positions). This provides a convenient tool, using a variety of numerical techniques, 
for researchers to quantify the relative disorder of a point pattern of objects and engineer desired outcomes to a 
higher degree of specificity. This approach goes beyond common techniques by providing access to a combination 
of structural metrics which estimate the amount of intermolecular order, and also introduces a way in which local 
fluctuations of disorder can be used as confidence range to rank protocols and experimental interventions against 
each other.

To outline the utility of these tools, we use an illustrative fictitious goal for spatial organization: to determine 
if it is possible to direct the self-assembly of our diblock copolymer micelles from solution shown in Fig. 1 into a 
polycrystalline hexagonal periodic arrangement with internal spacing of two micelle diameters between particles 

Figure 1. Atomic force micrographs of diblock copolymer reverse micelles (PS-b-P2VP) with varying spin-
coating spin-speed (a) 2000 rpm, (b) 6000 rpm, and (c) 8000 rpm, showing varying spatial order. AFM images 
are inset with Fourier transforms of the micelle centers, showing similar planar topographies.
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using the spin coating speed. In this example, to showcase the power of such an approach for limited data sets, 
we use the realistic scenario where AFM micrographs from three experiments of varying spin speed are available. 
This leaves the next possible experiment within three choices to achieve our goal: 1) decrease the spin speed below 
2000 rpm, 2) refine the spin speed between 2000 and 8000 rpm or 3) increase the spin speed above 8000 rpm. 
Each of the tools available in the package will be used consecutively on the point patterns extracted from the 
experimental data, described in relation to a conclusion based solely on observation, contrasted against an inter-
pretation based on the numerical metrics. Using the full range of information available in disLocate, we are able 
to distinguish between the three images with a degree of specificity that allows us to determine if it is feasible to 
reach our fictitious goal with this experimental procedure.

Based on the procedure described in the following sections, we were able to use disLocate to identify that 
increasing speed will increase the intermolecular spacing at the expense of the angular periodicity, and that an 
intermediate speed may be sufficient for our purposes. The full range of tools available in disLocate gave different 
insights into the quality and type of order present in the various samples. Using disLocate for spatial analysis 
would also allow us to quickly change experimental tactics if necessary (such as modifying solvents, temperature, 
or polymer) by providing an accurate trend with a limited amount of data.

Brief overview of “disLocate”. The disLocate package was developed to provide a series of automated 
tools to quantify the varying degrees of order that can exist within a given spatial distribution pattern. Though 
highly ordered patterns are relatively easy to classify, disordered or nearly ordered states as exist in a variety of 
biological and nanoscale systems are much more difficult to distinguish effectively.

Additionally, the trend in nanoscale research is for higher resolution images of smaller surface features. This 
limits the number of objects observed, which truncates the information each image has and decreases the effec-
tiveness of a statistical approach. The resulting loss of information from limited long range order curtails the use 
of standard numerical techniques. It is possible for researchers to misclassify and assign a false positive to the 
reproducibility of their experiments by simply adapting generally used metrics designed for systems of many 
objects. This issue can be avoided by adopting a new set of techniques which consist of structural metrics that 
can distinguish local differences in the observable structural order rather than solely relying on global averages of 
samples (though those are also available directly from the package if so desired).

Order on the local scale can be sub-categorized into three distinct types:

•	 Translational order occurs when every particle in the system has an exact position that repeats at a specific 
distance, defined by a specific translation period.

•	 Entropic order is the amount of free volume (sections unoccupied by particle mass) encompassed by the sys-
tem, where highly ordered systems have the lowest possible free volume (maximum density).

•	 Angular order relies on relative arc-separation of the “bonds” between a particle and its neighbours.

The expectation value for complete periodicity occurs when neighbours for any given particle have the same 
arc symmetry as well as being equidistant, with maximized covering area due to the equivalent position of each 
particle relative to all others. If any one of these types of order are not met, the system can be considered in a 
mesophase28, such as that observed for plastic crystals (limited orientational or rotational order, but long range 
translational order)30 or liquid crystals (limited translational order but long range angular order)31.

Figure 2. (left) Self-assembled morphologies land somewhere between highly ordered systems (top) and ones 
with very low density (bottom). Two key factors in classifying disorder are simultaneously in competition 
with each other: limitations on perception misguides observers into seeing patterns in randomness while 
the imprecise ability to distinguish between similar patterns misses subtle differences. To remove unwanted 
bias, numerical order metrics are utilized to characterize the morphology located at particle positions: pair 
correlation function (a and d), Voronoi tessellations (b and e), and the bond order parameter (c and f).
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Each of these types of order requires a different tool to extract the desired information, as shown schematically 
in Fig. 2. Positional order can be described probxabilistically using the pair correlation function32 (Fig. 2(a) and 
(d)). This tool counts the number of objects within a small shell at a distance away from a central particle and 
averaged over all particles in the system. Local free volume and the complementary metric, covering area33, can be 
calculated by partitioning the substrate into a Voronoi tessellation around each individual particle (Fig. 2(b) and 
(e))34. This routine draws a perpendicular line at the midpoint along the line-of-sight vector connecting nearest 
neighbours around every particle. Angular order can be calculated by using the bond order parameter35, which 
compares the angle between the central particle and its closest neighbours against a specified symmetry basis 
vectors (Fig. 2(c) and (f)). All of these methods have been widely used to characterize disorder, identify polycrys-
talline and disordered sections, and extract the probability of intermolecular spacings36,37.

For comprehensive analysis, all of these techniques are bundled together as a set of tools in a freely distrib-
utable Mathematica package (disLocate.m) (available in the Supporting Information) to build sets of hierarchal 
metrics that can distinguish morphological subtleties. Table 1 outlines specific physical parameters that describe 
types of structural order within planar morphologies that can be analyzed with this package. The main thread that 
ties these tools together is the partitioning of space into local Voronoi tessellations around each particle as a basis 
for critical decision making on the extent of order. The variation in each of the above metrics can be provided 
by the information contained within the Voronoi polygons unique to each particle. This provides the statistical 
basis for quantifying different dispersions with a confidence range that may be unaccessible due to the limited 
numbers of prepared samples. Though AFM micrographs are used in the following sections to illustrate the power 
of disLocate in classifying spatial organization, our package relies solely on the point pattern generated by the 
centroids of the particles. As such, it provides a valuable tool for quantitative microscopy across any length scale 
as shown by the representative SEM, AFM and optical micrographs in Figs S1–S3 in the Supporting Information.

Figure 3. Pair correlation functions of centroids obtained from AFM images of diblock copolymer reverse 
micelles (PS-b-P2VP). (a) Measurements of objects shows that the peak positions are misaligned. This implies 
the average spacing between micelles changes with spin speed. (b) Normalizing the distance to the average 
spacing (2rhex) of a hexagonal lattice with the same number density (located at particle positions) collapses 
the distributions into a shared spatial reference frame where peak positions can easily be compared. (c) The 
differences in g(r) is shown as red thatched sections on an overlay of both functions from 2000 rpm micelle 
distributions and the matched hexatic lattice. The widths of these peaks correspond to the average mean 
displacement each particle has relative to this expected spacing. The inset above (b) and (c) shows the difference 
spectrum, which is the subtraction between a pair correlation function and the hexatic lattice.
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Table 1. Summary of physical observables and the tool within disLocate that has the ability quantify them. The 
global observable refers to an invariant between different observers, either by simplicity of counting or common 
routines. The mean local reference utilizes the internal properties of the single data set to determine an expected 
mean for the physical properties. The variations are products of defining these metrics as localized parameters. 
It should be noted that confidence in specific metrics can be enhanced by capturing the structural variation 
from another one of the analysis tools, since the variation will have a correlated influence between these through 
the Voronoi partitions.
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Results
It is harder to distinguish differences in positional order when experiments have similar density.  
When defining order, the most common feature that humans quantify is the positional structure – i.e. the relative 
distances between objects arranged in a particular pattern. Variations in density are typically the first noticeable 
feature observed between sets, before confirmation with counting of each individual object. Standard analytics 
such as number count (N), mean radius <r>, and the covering area (φ) are global structure metrics that describe 
the density of a morphology on a surface. Table SI (Supporting information) outlines the calculated global val-
ues for the micelle system extracted from the micrographs using the image analysis software ImageJ. Using this 
information, it is clear that the number count and covering density decrease with spin speed, but that is all the 
information we can extract. To extract the positional and symmetry data, a standard approach is to take the fast 
fourier transform (FFT) of the image38,39. However, systems where these features are similar, such as the micellar 
systems in Fig. 1, require other tools to describe the varying types of order.

The positional structure of a dispersion describes how the number density of objects behaves as a function 
of relative distances. One of the key measures is the average internal spacing between the centroids of objects. 
If the objects are evenly spaced out at specific distances by lateral translations of a repeated unit (unit cell), the 
periodic order can be easily understood and quickly recognized by observers. For two dimensional systems, these 
translations are limited to one of five Bravais lattices. For our fictitious goal to quantify and objectively distinguish 
the ideal experimental condition, the aim is to form a hexagonal (triangular) disperse lattice. In such a hexagonal 
lattice, the distances between the object centres are all of the same length, separated by an angle of 2π/6, such that 
a single object is surrounded by six equidistant neighbours. If the objects are touching (i.e. in a closed-packed 
array) the distance to finding another object is easily determined as twice the radius of the particle. This distance 
sets the minimum separation between spherical objects. As the objects are not exactly touching in our desired 
arrangement, the centre to centre distance can instead be described by an effective radius (rhex), half the distance 
between the object centres.

If the objects are arranged in a predictable lattice pattern (such as Fig. 2(i)), the local density is identical to 
the global average density of particles, and is correlated to this radius. However, if there is no correlation between 
positional arrangement and density (as in Fig. 2(ii)), the pattern corresponds to a condition of complete spatial 
randomness. In such a condition, the position of each object is unrelated to any of the neighbour positions, sug-
gesting no interactions between objects. The mean density does not correlate to any important structural feature, 
and as the pattern is arbitrary, there is no expectation that any experimental intervention will be able to reliably 
reproduce the observed pattern.

In between these two extremes, the spatially disordered systems can be characterized by internal distances 
between particles which vary slightly throughout the system. This implies that the density changes at a localized 
scale while retaining the average global density.

The pair correlation function g(r) describes the radially averaged density as a global function of positional dis-
tance away from every particle (see Fig. 2(a) and (d) and Methods 4.4). In a perfect hexagonal lattice, this would 

Figure 4. Angular classification of coordination neighbours within micelle configurations observed by AFM. 
Coordination numbers are calculated using the Voronoi tessellations (top panels left), given in a histogram 
of the probabilities for each coordination number (bottom panels). Particles are translated to have a common 
origin so as to build a planar probability map of first neighbour (entropic force map) in relation to the particle 
center (top panels right). Particles are then separated by their coordination number and remapped to observe 
correlation between the expected angular symmetry (shown on the far left) and the rotational order of 
neighbours (middle panels). Bond-structures are rotated to have a common orientation (y-axis) so as to show 
disordered states as blurred rings at the bottom (negative y-axis) and ordered states as sharp bright spots. 
Experimental spin speeds (a) 2000 rpm (b) 6000 rpm (c) 8000 rpm.
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result in delta functions with no positional variation at radial distances where neighbours are located on the unit 
lattice with known values40 (see Fig. 3(a)).

One way of quantifying the inter-object spacing is to use the maximum of the first peak of the pair correla-
tion function, which are plotted in Fig. 3(a). These values are outlined in Table SII (Supporting Information) 
which shows a trend of increasing spacing as the spin speed is increased, as expected. To determine if our goal 
of increasing the mean spacing has been met, we require an accurate and reproducible value for this inter-object 
spacing. Instead of relying only on a single global value of probable spacing from the g(r), we also implement a set 
of routines that can extract the mean local spacing from the Voronoi tesselations. Voronoi tessellations partition 
the space into sections that encompass the centroids of the objects in the system. This produces localized parti-
tions that express the maximum space each particle can potentially posses. Each individual particle will produce a 
unique tessellation that corresponds directly to the relative position of its neighbours, which can give information 
on localized preferential structural order (see also section 3.2).

This method can be used to extract the mean expected spacing 〈 〉r2 hex
vor  using the local density without measur-

ing any distances between particles. The area of the Voronoi cells can additionally be used to directly calculate the 
effective radius 2rhex that a hexagonal lattice would have to possess to have the same local Voronoi area.

This approach based on local Voronoi areas also provides a statistical distribution in the local density from 
which the variance in localized translational disorder can be extracted. We designate the intermolecular variance 
using the density located at particle positions as the lattice disorder parameter (Δr). This variance information is 
generally difficult to extract directly from the g(r).

As seen in Table SII (Supporting information), the mean expected localized spacing, 〈 〉r2 hex
vor  is larger than the 

globally derived spacing from the effective radius or the g(r). This is a direct result of global edge artifacts. As the 
particles in the image represent a subunit of a larger surface, the particles on the edge have neighbours outside the 
image that should contribute to the calculation of density. With an unknown local area outside of edge of the 
image, including edge particles results in an artificially lower total particle number and density, due to the 
increased ratio between the number of particles and the observed area. The Voronoi tessellation reduces the error 
associated with particles on the image edge, by allowing for the removal of such edge particles, to more accurately 
define the intermolecular area located at particle positions.

Using this refined effective intermolecular spacing, we observe that increasing the spin speed to 6000 rpm 
achieves a value ~100 nm (see Supporting Information Table SII). As each micelle has an approximate diameter 
of 50 nm (Supporting Information Table SII), this spacing corresponds to our goal of achieving a sparse lattice of 
approximately two micelle diameters.

Having established that increasing the spin speed beyond 6000 rpm is effective in increasing the spacing, 
which was relatively easy to determine using only the global metrics from the pair correlation function, one now 
needs to establish how well the translational order was preserved under those same conditions.

One key metric for order comes from the pair correlation function: the extent or degree of order can be 
inferred from the number of peaks that appear — each peak corresponds to another further neighbour at the 
expected location. High probability of finding neighbours where the lattice translations would predict them to be, 
as shown by peaks in the g(r), is suggestive of order. A delta function at five times the effective radius, for example, 
would suggest that the order is preserved at long range. As can be seen in the rest of Fig. 3(a), none of the g(r) 
distributions for the micelles systems under different experimental conditions conform to a perfectly ordered 
hexagonal lattice at the bottom (calculated using the number density of the 2000 rpm micelle image). As the den-
sity for each image is slightly different, it is difficult to directly compare how the pair correlation functions differ, 
to judge changes to the ordering from the change to the spin speed.

To accurately determine the degree of order, it is necessary to separate the information regarding relative 
spacing of particles from their probability for translational disorder. By normalizing the real-space distances to 
the intermolecular effective radius (the first nearest neighbour effective radius expectation value), it is possible 
to evenly quantify the deviation in positional order amongst samples. Figure 3(b) outlines this normalization 
process, such that all functions now share the first maximum peak at the same distance. The package automati-
cally extracts the residual difference spectrum, Δg(r)41, (Fig. 3(b) top panel), which allows researchers to quickly 
determine the relative amount of positional fluctuation of particles relative to any reference data set. Areas above 
the curve indicate more probability for particles to be at this normalized distance compared to the reference. The 
maximum Δg(r) difference between the reference lattice occurs when the data has complete spatial randomness 
(i.e. no spatial correlation) and is minimized when the data exactly matches the reference.

As the Bravais lattices are strictly defined by exact spatial translations in two dimensions, deviations necessar-
ily mean that positional order is lost. However, with only slight disorder, the global features of near order are 
easily recognizable to most human viewers. It is common for researchers to use the spatial order classifications of 
“quasi-hexagonal”42 and “hexatic”43,44 to define systems that are close to hexagonal, often using spatial symmetry 
to define such a system (see section 3.3). In the pair correlation function, slight deviations of the particles in the 
vicinity of the global lattice positions will not change the mean particle spacings, and hence the neighbour peak 
positions; however, each of these peaks do experience a broadening of the peak widths to account for how the 
small fluctuations increase the chance for neighbours to be found at a different distance (see supporting informa-
tion Fig. S4). The approach to determining the 〈 〉r2 hex

vor  intermolecular spacing provides a powerful tool to under-
stand this behaviour. With the local Voronoi areas, a statistical distribution in the local density is found for which 
the variance in localized translational disorder can be extracted. We propose, therefore, that the pair correlation 
function can also be used to quantitatively distinguish differences between patterns by systematic normalization 
to a new lattice: the “hexatic” lattice.

Using our tool set, a “hexatic” lattice is determined through an ensemble average of a hexagonal lattice which 
has been modified by randomly displacing the particles from their center with a mean distance relative to a 
normal probability distribution. This approach can be applied to any Bravais lattice or in fact any distribution 
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of points. The lattice disorder parameter (Δr) directly relates the random intermolecular displacement to the 
expected lattice spacing.

A larger value of Δr between one sample relative to another indicates more translational disorder (i.e. less 
positional correlation) by having higher spreads in the intermolecular distances. This way it provides a model 
to use the local density for quantifying random displacements located at particle positions. For the series of 
micelles deposited at different spin speeds, the lattice disorder parameter (Δr) (supporting information Table SII) 
increases with greater spin coating speed, suggesting that peaks are broadening in the pair correlation function, 
as is observed.

A single overlay comparison between a simulated hexatic lattice with the disorder parameter and an exper-
imental micelle g(r) is shown in Fig. 3(c) with the distances normalized by the expected hexagonal spacing. 
To quantify differences in disorder outside the first neighbours, the g(r) functions are also normalized by their 
maximum value (i.e. highest probability is at first neighbour diameter). The Δg(r), pair correlation difference 
spectrum, again gives a snapshot view of how the experimental data deviates from the reference spectrum, in this 
case the slightly disordered hexatic lattice.

Hexagonal ordering has a unique feature in the g(r) that corresponds to a splitting of the second shell of 
neighbours into two peaks, seen in Fig. 3 for both the hexagonal and hexatic lattices. If the second neighbour 
peaks overlap almost completely, and there are peaks in the pair correlation function centred around 1.75 and 2 
normalized diameters, the system is much more likely to have long-range global hexagonal periodic order. This 
feature can be used as a quick test to determine if a pattern is likely to be hexatic, rather than possess another 
type of order (see Fig. S5 for examples of the expected pair correlation functions for various lattices). However, 
this examination is not definitive, as defects, polycrystallinity and disorder can also lead to splitting in the pair 
correlation function peaks45–47. Figure 3(c) suggests that the 2000 rpm micelle data has hexatic order as indicated 
by large overlap between functions at both the second neighbour expected hexagonal spacings. The splitting of 
the second order peak exists, though the fitting is not as good for the peak centred around 2 normalized diame-
ters, suggesting some sections that may have other spatial symmetries (square lattice, twinning defects, etc)45–47. 
The appearance of a peak close to that expected for the third nearest neighbour is also suggestive of global hex-
agonality, but the deviations between the experimental data and the hexatic lattice grow more pronounced as 
the distances increase, suggesting a large number of defects and grain boundaries. In data sets of limited par-
ticles, the pair correlation begins to fail at long distances, due to the missing information of particles who have 
intermolecular distances which lie outside the image. The region between the first and second neighbour shells 
(cross-hatched area in Fig. 3(c)) also suggests that the micelles have more disorder than a pure hexatic lattice at 
these distances. Overall, the comparison to the hexatic lattice for the micelle data does suggest that there is a high 
degree of “hexatic” character for 2000 rpm spin speed, at least to the level of the second nearest neighbour shell, 
but with some defects.

For spin speed as a parameter, the local fluctuations in spatial positions increase as the hexagonal lattice spac-
ing increases, leading to less “hexatic” character. The “hexatic” lattice defined by the lattice disorder parameter for 
the other spin speeds is given in supporting information Fig. S6. With such a large Δr for 8000 rpm, the hexatic 
peaks broaden to the extent that there is almost an equal likelihood of finding a particle at any distance, similar 
to a liquid or glass. This is also supported by the average mean square displacement from the difference spectra, 
Δrms which increases as the hexagonal lattice spacing increases, due to the relative broadening of all the g(r) peaks 
(Δg(r) spectrum in Fig. 3(b)). This behaviour suggests that the spin-speed has multiple effects on the spatial 
order: the higher centripetal forces with increasing spin speed increases the intermolecular spacing while also 
increasing the amount of fluctuation between neighbours distances. This might suggest that the positional order 
is somewhat sacrificed when increasing the spacing using this approach. This is most evident for the highest spin 
speeds, which achieves the goal of increasing the spacing to twice the micelle radius, but appears to completely 
lose most of the positional hexagonal order. Lower spin speeds, however, retain a hexatic formation while increas-
ing the spacing by a lower amount. Using a combined method of implying both local and global density metrics, it 
is possible to amplify the key influence that experimental variation has on intermolecular spacing.

Extracting entropic force information by grouping particles with similar local bond structures.  
As described in section 3.1, the translational separation within point patterns is relatively easily recognized by 
both human and algorithmic observers if the metric is relaxed enough to allow for some small fluctuations. 
The variance in positional order is particularly helpful in determining the usefulness of particular experimental 
interventions. The lattice disorder parameter, however, only gives a global metric relating to the deviations from 
a perfect lattice. It does not reveal if the deviations are uniformly dispersed, if these systems are polycrystalline – 
systems with areas of local order separated by defects – or if they exist in a mesophase, where some type of order 
(translational, entropic, or angular) is not satisfied28,48. Though spatial disorder is fairly intuitive to classify, distin-
guishing between systems consisting of other types of order can be challenging for researchers.

The entropic order is related to the unoccupied areas in a given dispersion, that is, the available free volume. 
Necessarily, when the free volume is in the lowest possible state (i.e. maximum density), the system is in a highly 
ordered state. The drive to minimize the free volume, the entropic order, can therefore be harnessed to drive 
self-assembly, as has been observed recently for a variety of systems29,48–52.

Particularly, in anisotropic systems (i.e. with non-spherical shapes48,51,53 or asymmetrically functionalized 
coated spheres52,54), there is a driving force that aligns faceted or functionalized particles so as to maximize the 
system entropy by minimizing the free volume50,53. The so called directional entropic force51,55 drives systems to 
complex structures. The anisotropic probability distribution describing the likely positions of neighbouring par-
ticles arising from this force is analogous to that observed for chemical valence states53.

In chemical systems, the valence defines the coordination number of an object: i.e. the number of neigh-
bours to which the object is bonded. In the absence of bonds, as in our micelle systems, the entropic force yields 
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a similar “coordination number” defined through the number of nearest neighbours. The drive to maximize 
local entropy is therefore related to the number of nearest neighbours, even for systems without any intrinsic 
anisotropy.

Observers have a hard time distinguishing the extent to which the free volume is minimized in a particular 
system. Due to the various neighbour definitions that exist56, defining the neighbours correctly also poses chal-
lenges. The selection of neighbours is truly a binary selection criteria: it either fits the definition and is counted 
as a neighbour or it is rejected from analysis. Utilizing numerical methods allows for a more refined and accurate 
detection of neighbours than achievable by an observer alone. However, subtle differences in particle positions 
(i.e. numerical accuracy) can lead to the computer providing a neighbour list that may differ from ones provided 
by the qualitative decisions of an observer, leading to large differences in the classification of structures.

To achieve consistency in algorithmic classification, methodological numerical consistency should be 
favoured across comparators rather than variable definitions57 that can change depending on the sample. In our 
package, Voronoi tessellations are chosen as a robust method to calculate neighbours due to their invariability 
with respect to particle size and shape. Such an approach yields an unbiased definition for the coordination 
number for each object when the distance between particles is much larger than its size (low density)56. The coor-
dination number is defined through the number of Voronoi cell facets which contain the particle (see Fig. 2(b) 
and (e)). By partitioning each particle, Voronoi tessellations can be used to accurately calculate the entropic order 
through the minimization of the free volume around each particle.

Fig. 4 outlines probability histograms for local coordination numbers for each spin speed of our micelle sys-
tem, defined for ease of identification at the far left-hand side. Above (left hand side for each panel), the Voronoi 
tessellations for each image used to generate the histograms are shown. They are overlaid on a representation of 
the particle centroids, plotted using a colour scheme that highlights the positional arrangement of particles with 
similar coordination number.

For our micelle systems, which have roughly hexagonal symmetry arrangements, the coordination number 
for each particle is expected to be six (6) indicated in gray. All three systems show regions with the gray Voronoi 
cells of high hexagonal entropic order, within a larger area that is not globally perfectly hexagonal, (as already 
seen from the pair correlation analysis from section 3.1). With defects or local disorder, the steric frustration at 
the boundaries between large hexagonal sections will form pairs of Voronoi cells with alternating 5 and 7 sides. 
These are the so called “disclination” defects58, where the local number of neighbours is violated. In an analogy 
with dislocations, which is a defect in positional order, a collection of such defects can define “grain bounda-
ries” or areas of higher local free volume, between entropically ordered sections of the spatial distribution59 (see 
Fig. 5(b)). Further frustration of the free volume minimization can result in even further deviations from the ideal 
coordination number, with 4 or even 8 neighbour particles suggesting large entropic disorder.

The coordination histograms from Fig. 4 indicates that the lowest spin speed (2000 rpm) results in relatively 
more six neighbour particles than at higher spin speeds, supporting the finding from the positional order that the 
system is basically hexatic. Using the coordination number frequency alone, however, suggests that the higher 
spin speeds are basically indistinguishable since the probability between having six neighbours and either 5 or 7 
neighbours are similar.

The first neighbour maps (top right hand side) in Fig. 4 show how likely it is for the configuration to have 
particles with neighbours in a specific arc symmetry. This bond order52 or entropic valence48 diagram is a similar 
representation to a 2D pair correlation function31 and has been used to measure disordered magnetic moments60.

To build such a map, all particles are moved to a common origin, bringing with them the relative struc-
ture of neighbouring entropic “bonds” i.e. the coordination number and arc-separation angle for each particle. 
Each neighbour contributes a set of points to build up a probability distribution in space. The rigid objects that 
describe the entropic distributions are then rotated to have a common orientation. The position and angle of each 

Figure 5. (a) Simulated micelles in a confined square boundary. (b) Voronoi tessellation of the micelle 
centroids coloured by the number of shared facets. An observer may expect particles in the center to have 4 
neighbours, but this is not the case for the coordination number. (c) Voronoi tessellations coloured by the 
normalized bond order parameter for the type of symmetry (above). Whiter areas indicate particles that have 
high angular order in that symmetry basis. Particles with 5 and 7 neighbours highlight the grain boundaries and 
dislocation lines in their respective symmetry basis. The square configurations are not detected in the Voronoi 
tessellation as having 4 neighbours; however, they can be seen within the bond order with symmetry = 4.
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neighbour is then plotted as a probability map, outlining the areas of preferred relative positions. The number of 
points each particle contributes is equal to its local coordination number. Regions of bright spots indicate higher 
chances of neighbours being at these positions.

Using the probability maps in Fig. 4 (top-right panel), it is now clear that the highest spin speeds lead to an 
isotropic distribution of particles, with the probability spread with little trends in angular order. On the other 
hand, the samples prepared with 2000 rpm and 6000 rpm spin-speeds are in a hexatic state as shown by the evenly 
spaced intensity of points around the particle at angles of 2π/6.

The highest density entropic order is found if each neighbour is spaced evenly at angles of θ π= 2 /  (also 
known as the angular order, described in more detail in section 3.3). In such cases, the coordination number, , 
defines an expected arc-periodicity for neighbours, and can be used to determine the angular symmetry of the 
system.

This angular map can be further broken down by isolating subsets of particles based on their coordination 
number and grouping them together for analysis of the relative structure of set numbers of neighbours. This can 
allow for a high level comparison between the specific angular ordering that happens at the local particle level. 
This is particularly useful for the 5- and 7-fold disclination defects to indicate if there is some correlation between 
defects, through their angular distribution. Using this approach, therefore, exposes the hidden rotational symme-
try of defects. These subset entropic valence maps are shown for the 5-, 6- and 7-neighbour angular distributions 
in the middle panels of Fig. 4. The common origin is coloured to identify the expected coordination number, 
using the colour scheme from the Voronoi tessellations.

For both the lowest and highest spin speeds, the five fold defects have no clear separation of intensity at the 
expected angles, suggesting that they are randomly distributed over the surface. However, at the intermediate 
spin speeds, some symmetry can be observed for the five fold defects. This suggests that the defects are clustered 
together, leaving large areas of entropic hexagonal order in the system.

Using this entropic order analysis based on the coordination number and entropic valence maps, the various 
structures can be classified as follows: the low spin speeds yield a mesophase structure of high hexatic order, 
with random defects. The intermediate spin speed results in a “polycrystalline” system, with defects segregated 
to “grain boundaries” between regions of higher order. The Voronoi tessellation diagram indicates that there is 
one large hexagonal region, surrounded on three sides by areas of higher free volume. Higher speeds ultimately 
prevent the formation of even those regions, with random defects distributed randomly over the surface.

By using the Voronoi tessellations and entropic valence maps, it is clear that lower speeds are more favourable 
to extracting a mesophase hexatic system, where entropic order is preserved even though translational order 
is lost, as we desired in our fictitious goal. By segregating the ensemble into portions using the coordination 
number, the amount and distribution of defects can be extracted to separate specific local information from the 
ensemble average.

Detecting angular symmetry using the localized bond order. As discussed above, the highest den-
sity entropic order is found if each neighbour is spaced evenly at angles of θ π= 2 / , where  is the entropically or 
enthalpically derived coordination number. Angular orientation order describes the likelihood of finding an 
object at a given angular arc-separation between neighbouring particles, most commonly thought of as the sym-
metry state of a system.

Symmetry can be understood in the context of periodical translational order, where objects are separated by 
fixed distances, in a given direction. The Bravais lattices are defined by type, number and direction of the allowa-
ble translations defining the symmetry space group (i.e. in a square lattice, objects can have a neighbour above, 
below, to the left or to the right, yielding four-fold symmetric allowable translations). Similar to the description of 
entropic order, the coordination number or number of nearest neighbours, , drives the angular order, and this 
was taken advantage of in the previous section to describe the correlation of defects. Unlike for entropic order, 
which was related to the minimization of free space, the angular order relaxes the condition of maximal density; 
however, it imposes the condition that each neighbour is spaced evenly at angles of θ π= 2 / .

Humans are particularly adept at recognizing symmetry, as it is the basis of human pattern recognition61,62. If 
there are only a few particles or the positions have not deviated too far from the expected lattice positions, observ-
ers can usually extrapolate and distinguish if there is a different local symmetry at a given point (see Fig. 2(c and f). 
This perception and correct classification is highly dependent on a robust and consistent definition of the coordi-
nation number. However, as described in section 3.2, algorithms are sometimes limited in their ability to distin-
guish neighbours by interpolating localized periodicity in the same way an observer might. Simultaneously, 
observers may introduce bias by selecting or rejecting improper neighbours though inconsistency. Unwanted bias 
by either approach can be introduced using only bond-network neighbour descriptions, such as the Delaunay 
neighbour definition for the coordination number56. To overcome this problem, the bond order parameter 



q  can 
be utilized together with the coordination neighbours to explicitly differentiate particles which have the 
arc-symmetry we wish to tailor experiments toward. Specifically, we use the Voronoi-weighted Minkowski defini-
tion of the bond order parameter56, which reduces the influence from neighbours that have metastable edges.

Defining the bond order in this way provides a benefit for researchers who are exploring particle arrays that 
have ordering arc-symmetries other than that for = 4 (i.e. square lattices) and = 6 (i.e hexagonal lattice). Sections 
of particles with local 5-fold symmetry have been observed along disordered edges of self-assembled 
hard-spheres63,64. Also, planar arrays of colloidal particles subjected to quasiperiodic light fields of 5-fold arrange-
ment of lasers have been shown to direct the self organization into quasicrystalline colloids65,66. These are disper-
sions of particles where the mix of multiple odd-integer symmetries of the lattices form complex structures that 
could easily be mis-classified by observers. In the next example, we emphasize a model system with two types of 
order to highlight the utility of using the bond order in disLocate to explore these hidden symmetries as  is varied. 
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This is done to precisely outline this complex behaviour, since in disordered material the effects are much more 
difficult to resolve.

In Fig. 5(a), we present a simulated configuration of (N = 256) micelle particles under square confinement41. 
This type of self-assembly causes internal frustration of the particles and leads to a different ordering in the 
center than that around the wall67. Hexagonal ordering can be observed at the walls while the square configura-
tion imposed by steric frustration is in the center. As before, Voronoi tessellation of the centroids was taken and 
plotted using the colour scheme that highlights the coordination number (Fig. 5b). The majority of the system 
turns gray (6 neighbours) while disclination lines of alternating green/orange (5 and 7 neighbours respectively), 
separate the ordered “grains”, originating at the corners. The steric frustration from interacting neighbours at 
arc-angles different than the expected 2π/6 results in the local defects with 5 and 7-fold rotational symmetry. One 
thing that clearly stands out is the lack of Voronoi cells with 4 sides (dark blue) at the center. One consequence 
of using the coordination number definition for neighbours is that it may incorrectly over-count due to the met-
astable square Voronoi cell68. In this case, subjective classification of local symmetry due to steric frustration is 
quickly seen while the numerical definition inaccurately identifies false neighbours using the expected particle 
spacings.

Figure 5(c) shows an overlay of the bond order parameter in symmetry basis = 4, 5, 6, 7. These values are 
normalized by the expectation value for the given symmetry (see last entry of supporting information Table SIII) 
onto the same Voronoi tessellation shown in the coordination map in Fig. 5(b). Here, the dark shade represents 
bond order parameters that are heavily deviated away from the expected value while lighter and whiter sections 
are ones where they are closer to expectation values in that symmetry basis. Separating the rotational symmetries 
allows for an observer to judge the reliability of the internal structure as described by metrics using the coordina-
tion definition of neighbours. The expectation values for the hexagonal and square lattices are given in Table SIII 
(Supporting information).

In general, 6-fold bond order values (q6) are reported in research without consideration for other symmetry 
values, as close packing of circles yields a hexagonal configuration. Looking only at q6 in Fig. 5, most of the system 
is closer to white, suggesting that the system is relatively hexagonal as expected. The mean bond order parameter 
value in Table SIII (Supporting information) also gives a similar indication – that the system is mostly hexago-
nally ordered, with some disorder. One consequence with using only q6, however, is that disordered sections can 
take on values similar to that of the square pattern in the center, making it difficult to classify if there is angular 
ordering other than the 6-fold – all are just deviations from the expected value of q6 for a hexagonal lattice. 
Table SIII (Supporting information) shows how different symmetry operations can take on non-zero values even 
for perfect lattices. Using the Voronoi tesselation coloured by 4-fold bond order values, q4, the 4-fold square con-
figuration in the center can be isolated, as shown in the left-most panel of Fig. 5c.

Disordered systems have variations in all their intermolecular structures. There will be high probability for 
particles with coordination other than six, dispersed throughout the sample. Disordered states should produce 
bond order values that converge towards a similar value in all symmetry basis. Table SIII (Supporting informa-
tion) lists the values for a simulated dispersion of (N = 5000) pseudo-random point-particles to show the possible 
values when examining the fully disordered system. When dealing with disordered states with partial internal 
ordering, however, there can be correlations or distributions that are not captured solely by the single mean 
value (see Fig. 4). Experimentally, 5-fold localized structures have been observed to have correlations in partially 
disordered systems where 6-fold symmetry is expected69. The exploration of multiple different symmetry types 
can reveal information often missed by either observers and/or computers70 (also see section 3.2). In Fig. 5c, the 
5-fold pentagonal configurations, q5 matches almost exactly to the calculated 5 sided Voronoi cells. The 7-fold 
bond order parameter similarly targets the cells with coordination number of 7. The combination of 5 and 7-fold 
bond orders highlight the disordered boundaries that separate the square and hexagonal crystallites from each 
other, targeting the transition between highly ordered hexagonal and square states.

With that general framework, we can apply the same approach to the experimental micelle spin-speed series 
data. Supporting information Table SIII reports the mean values for the normalized bond orders for the three 
experimental data sets. For any given data set, the values do not seem very different from the randomly gener-
ated pattern. However, the trend in changing bond order parameters as the spin speed increases does give some 
insights into the angular ordering behaviour.

Using only q4 and q6, as would be a common approach in the literature, suggests that low spin-speed produces 
relatively hexagonal packings with some low probability for square packing. By increasing this speed, the limited 
data set would suggest that the system transitions from hexagonal into a square lattice (as determined by the 
decrease in q6 and increase in q4). However, it is clear that q5 and q7 also increase with increasing spin speed. In 
general, if there is an increase in order or the transition from one type of order to another, higher ordered states 
will converge to the expected value for the maximum symmetry while decreasing all others. On the other hand, 
the bond order values converge towards a similar value in all symmetry bases for disordered states, due to the 
broken local symmetry. This would also appear as an isotropic distribution of intensity in the entropic force map 
(see top panels of Fig. 4) for disordered systems; for ordered systems, the new symmetry state would emerge in 
the probability map (i.e. a square pattern would emerge if there were a transition from hexagonal to square). 
Therefore, from the trend of all four parameters, it can be concluded that increasing speeds cause a loss of hexag-
onal order in favour of more localized disorder, supporting the conclusions using the previous tools.

For the experimental data, the Voronoi maps coloured with the localized bond order (see supporting infor-
mation Fig. S7) reflect the trends already identified – lowest spin speeds result in the largest regions of hexagonal 
order; as spin speed increases the disorder becomes randomized. The q7 map, which is more useful in highlighting 
grain boundaries, gives a little more insight compared to the entropic analysis alone – the random defects at the 
lowest spin speed are actually more like a “grain boundary’ separating two large hexagonal regions.
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By using the Voronoi tessellations and the bond order parameter, it is again clear that lower speeds are more 
favourable to extracting a mesophase hexatic system, where angular symmetry is preserved, as we desired in 
our fictitious goal. By examining the ensemble with both global and local bond order parameters of various 
arc-symmetry, the nature of the defects at lower speeds can be determined to be analogous to “grain boundaries” 
separating regions of higher order; at high speeds, due to the random distribution of defects, these dispersions are 
closer to complete spatial randomness.

Concluding remarks on combining numerical methods and visualizations. Structural character-
ization is a key aspect of reproducible experiments which allows for critical insight into the external factors 
which drive self-assembly. Robust comparisons between similar samples, especially with limited data sets, need 
a finely tuned ensemble of accurate analysis tools. We have combined a range of tools as a freely distributable 
Mathematica package (disLocate.m) which can be applied to any data set that contains spatial information.

Using the full range of tools available in disLocate, we examined as a representative example of AFM images 
of polystyrene-block-poly-2-vinylpyridine (PS-b-P2VP) diblock copolymer micelles distributed on a Si wafer 
surface with three different deposition approaches. From an analysis of the structures, we are able to distinguish 
them with a high degree of specificity, from a variety of perspectives. To illustrate the power of the tools in allow-
ing a user to come to critical decisions about experimental protocols based on limited information, we estab-
lished a fictitious goal: can the spin speed alone be used to increase the internal spacing of two micelle diameters 
between particles, while maintaining mostly hexagonal angular order, separated by limited regions of disorder 
or defects, making the surface polycrystalline. Based on our analysis of all the global mean and local variance 
information on the structure of each data set, it is clear that further experiments with varying spin speeds would 
not lead to our desired outcome, due to the conflicting influences on the various types of order in the micellar 
system. The slower spin speeds encourage the formation of a nearly hexagonal order, with some contained defects, 
but brings the particles closer together to increase the entropic order. Higher spin speeds are able to increase 
the spacing, but at the expense of angular order, resulting in a system that appears almost like complete spatial 
randomness. An intermediate spin speed seems to fulfill most of the requirements set out. Even though there are 
similar numbers of defects as at higher speeds, there are still regions of high hexatic order. However, this num-
ber of defects may be too high, as the hexagonal regions are about the same size as the disordered regions. Each 
piece of information gained by the tools gave different insight into the type and quality of the order. Based on the 
analysis provided by disLocate, we were able to narrow our the choices for next methodological improvement 
depending on the desired importance of each ordering. If hexagonal dispersions are highly desired, then slower 
spin speeds are needed. If the priority is for larger intermolecular spacing, then higher speeds are necessary. To 
achieve different types of ordering with a density that was observed, then other factors may need to accompany 
the refinement in spin speeds (like temperature, or solvents) when it is set between these two ranges. By identify-
ing that increasing speed will increase the intermolecular spacing at the expense of the angular periodicity, using 
disLocate for spatial analysis allows us to quickly change experimental tactics by providing an accurate trend with 
a limited amount of data.

Though we used AFM micrographs as the basis for extracting the spatial organization, our package relies 
solely on the x-y coordinates of the centroids of the particles. As such a point pattern can be derived from any 
image, disLocate provides a valuable tool for quantitative microscopy across any length scale. Using the tools 
in the disLocate package, different structure metrics of single image patterns can be compared to quantify local 
variation in disorder through a variety of methods. Though researchers may use one or some of the tools outlined 
in this contribution, the complete package allows one to easily and rapidly extract all of the different parameters 
in Table 1 to make robust conclusions on the order of a given system. Each state variable can be defined either as 
a single global description or as a local average value with uncertainties determined using internal variation as 
suits the intended purpose. We strove to remove unintentional user-introduced bias by advocating and imple-
menting metrics based on the local variation in Voronoi tessellations as a way to promote consistency within the 
numerical analysis and interpretation of state variables between experimental setups. Using this package, which is 
freely available online, researchers can quickly and easily quantify the experimental trends which produce desired 
morphologies and engineer novel methods which can direct self-assembly.

Methods
Software Availability. The code included with this manuscript is written as a (*.m) Mathematica Package. It 
currently supports Version 10 and above. Some highly optimized functions may require a local C compiler (such 
as Visual Studio, Clang, etc) for execution at full speed. Calling the package may cause a warning to appear, but 
these functions will still run without the compiler. The package uses as inputs x-y coordinates for the centroids of 
any point pattern of objects. The data formats that are compatible with our package are.csv (comma separated val-
ues),.xls (excel spreadsheet files), and.dat (arbitrary tabular data). The user manual is included with the package.

Data Availability. The raw AFM data that was used in this manuscript is bundled as example data inside the 
dislocate.zip file in Supporting Information. It also includes the xy positions extracted from imageJ and the height 
profiles from post-processing.

Experimental details. Polystyrene-block-poly-2-vinylpyridine (PS-b-P2VP) diblock co- polymer (Polymer 
source, P1330-S2VP) was dissolved in o-xylene (CALEDON) to form core-corona reverse micelles and kept 
under vigorous stirring for 18 h. Dynamic spin-coating (Speciality Coating Systems, SCS G3) at 2000, 6000 and 
8000 rpm was used to produce a 2D monolayer array on 1 cm Si(100) substrates with native oxide, diced from 6” 
wafers. The substrates were cleaned with acetone and ethanol in an ultrasonic bath, rinsed with deionized water, 
and dried in an N2 stream. Images of the micelle dispersions were analyzed using atomic force microscopy (AFM) 
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in air in tapping mode with a phase locked loop (PLL) dynamic measurement board (Asylum). The non-contact 
silicon tips were OTESPA (Asylum) with a resonance frequency of 300 kHz, a force constant of 26 N/m and a tip 
radius of curvature <7 nm. The AFM images were processed with WSxM (NanoTec).

Pair Correlation Function. The pair correlation function is a tool to analyze positional order. It is calculated 
using the probability of all distances between particles internal to the system. Every particle has a list of distances 
from its centre to its sequential nearest neighbouring shells. An initial central particle a is chosen as the origin. 
A circular shell of width dr expands from the center to a radius distance r. Any particles inside a circular shell of 
width Δr are counted together and binned to produce the neighbour probability nn(r) as a function of distance, 
weighted by the particle density, ρ.

π ρ
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r r
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As such, this function is sometimes described as the “radial distribution function” since it counts the distribu-
tion of neighbours over the radial spatial dimension. With this definition, information on angular orientation is 
lost in favour of positional probability.

The pair correlation function is not very well defined when samples consist of less than a few hundred par-
ticles. The micelle samples analyzed here are these kind of systems. To overcome these challenges, we have 
implemented a bootstrap technique to generate similar artificial systems with slight deviations. Each micelle 
configuration was subjected to the same procedure used to define the hexatic lattice, where the particles are ran-
domly displaced around their centres by a fixed standard deviation. This value is associated with the experimental 
error, where particle centres are uncertain to within one pixel. Ensembles can be generated from randomly dis-
placing the particles by the experimental error. For the micelle case, this ensemble was generated with 1000 inde-
pendently shaken patterns with a Gaussian probability distribution using variance of half the experimental pixel 
size width (2.44 nm/pixel). This technique produces data that is analogous to multiple observations of the same 
area over different time periods. This allows for the smoothing of sharp features in the g(r) which are artifacts of 
the finite number of intermolecular distances. Slight variations in each observation will produce a set of particle 
coordinates that are not exactly identical. This is a key aspect in removing spurious peaks in the pair correlation 
function caused by finite data sets. These ensembles are solved together in a global average g(r), the small dis-
placements allow particles to hop between bins which smooths the probability distribution.

Hexatic Lattice. Density is correlated to the average intermolecular spacing between the centroids of par-
ticles. Generating a proper periodic point pattern for an accurate comparison reference depends on a few key 
components. One is the number of particles (N) inside the window and the other is the area encompassed by that 
window (Abox). This number of particles per area defines the intensity, λ = (N)/(Abox), and can be used to calculate 
the average spacing between neighbouring particles in the hexagonal state.

The goal is to generate a hexagonal or close to hexagonal pattern with the same intensity as the target pattern 
as a basis for a comparison of the order of the target pattern. The total area of all the Voronoi cells must equal the 
total area from which the number of particles has been observed 
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As the particles are represented purely by their centroids, the distance between two objects of any size and 
shape can be represented as close-packed (touching) circles with diameter (2rhex) which can be solved geometri-
cally for the hexagonal lattice spacing. This equation is derived by solving for the apothem of a hexagon with area 
equal to the local Voronoi cell r(2 (2/( (3) )) )hex

1/2 1/2= λ . Each cell is defined, therefore, by a circular particle of 
radius rhex that would produce a Voronoi cell with exactly similar area to the one solved at the particle location. In 
other words, the local hexagonal radius at location i is a function of local Voronoi area (Avor) only:
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The resulting variation in local Voronoi volumes translates into a distribution of possible rhex sizes, which can 
be estimated with a mean and variance. This mean is the effective distance where intermolecular interactions and 
density are equalized. The variation in this effective distance represents the relative positional agitation of each 
particle at their location (i.e. the entropic portion of random local movements). The uncertainty in mean inter-
molecular distance (Δr) can be calculated using a method of error propagation, using the Voronoi cell areas as the 
independent variable in the lattice spacing function (rhex) and the standard deviation (Δur).
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The result can be modeled as a system where particles have a global mean spacing (2rhex) but also fluctuate 
around the center (r0 = 0) with a mean square displacement proportional to the local density variation.
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Bond Order Parameter. The bond order parameter uses the angles between neighbours to calculate a met-
ric that describes their arc distribution relative to a central particle. A reference frame needs to be chosen to 
properly assign angles and typically the horizontal (x)-axis is a common choice. Rotational symmetry can be 
exploited to define the bond order parameter in terms of any arbitrary axis using spherical harmonic functions. 
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Consider a particle a which has a set of nearest neighbours nn = (b, c, d, …) containing an neighbours . Each 
neighbour is at an angle θa nn( )

 relative to the reference frame vector and the neighbour vector.
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Y m is spherical harmonic function with degree  and order m.
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In the case of neighbours being defined using Voronoi coordination, the value of nn is replaced by a weight-
ing function, determined by the length of the Voronoi facet (pa) passing through its bond vector connecting 
the central particle to its neighbour. This is then divided by the total sum of Voronoi facets from neighbours56.
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This indicates that the weighted probabilities remains at unity when summed over all neighbour particles, 
The configuration average is the mean value of each local bond order associated with the particles in the 
system.

∑〈 〉 =
 

q
N

q i1 ( )
(7)i

N

The normalized bond order is solved by dividing the mean bond order by the bond order associated with the 
highest neighbour configuration symmetry 



qsym which has  neighbours with arc separation angle θ π= ( 2 / ).

References
 1. Boles, M. A., Engel, M. & Talapin, D. V. Self-Assembly of Colloidal Nanocrystals: From Intricate Structures to Functional Materials. 

Chemical Reviews 116, 11220–11289, https://doi.org/10.1021/acs.chemrev.6b00196 (2016).
 2. Protonotarios, E. D., Baum, B., Johnston, A., Hunter, G. L. & Griffin, L. D. An absolute interval scale of order for point patterns. J. R. 

Soc., Interface 11, 20140342, https://doi.org/10.1098/rsif.2014.0342 (2014).
 3. Ebbesen, T. W., Lezec, H. J., Ghaemi, H. F., Thio, T. & Wolff, P. A. Extraordinary optical transmission through sub-wavelength hole 

arrays. Nature 391, 667–669, https://doi.org/10.1038/35570 (1998).
 4. Quint, S. B. & Pacholski, C. Getting real: Influence of structural disorder on the performance of plasmonic hole array sensors 

fabricated by a bottom-up approach. Journal of Materials Chemistry C 2, 7632–7638, https://doi.org/10.1039/C4TC01244E (2014).
 5. Auguié, B. & Barnes, W. L. Diffractive coupling in gold nanoparticle arrays and the effect of disorder. Opt. Lett., OL 34, 401–403, 

https://doi.org/10.1364/OL.34.000401 (2009).
 6. Pouya, C., Stavenga, D. G. & Vukusic, P. Discovery of ordered and quasi-ordered photonic crystal structures in the scales of the 

beetle Eupholus magnificus. Opt. Express, OE 19, 11355–11364, https://doi.org/10.1364/OE.19.011355 (2011).
 7. Albooyeh, M. et al. Resonant metasurfaces at oblique incidence: Interplay of order and disorder. Scientific Reports 4, 4484, https://

doi.org/10.1038/srep04484 (2014).
 8. Chen, C. S., Mrksich, M., Huang, S., Whitesides, G. M. & Ingber, D. E. Geometric Control of Cell Life and Death. Science 276, 

1425–1428, https://doi.org/10.1126/science.276.5317.1425 (1997).
 9. Cavalcanti-Adam, E. A. et al. Cell Spreading and Focal Adhesion Dynamics Are Regulated by Spacing of Integrin Ligands. 

Biophysical Journal 92, 2964–2974, https://doi.org/10.1529/biophysj.106.089730 (2007).
 10. Lehnert, D. et al. Cell behaviour on micropatterned substrata: Limits of extracellular matrix geometry for spreading and adhesion. 

Journal of Cell Science 117, 41–52, https://doi.org/10.1242/jcs.00836 (2004).
 11. Ow-Yang, C. et al. Work function tuning of tin-doped indium oxide electrodes with solution-processed lithium fluoride. Thin Solid 

Films 559, 58–63, https://doi.org/10.1016/j.tsf.2013.11.035 (2014).
 12. Turak, A., Aytun, T. & Ow-Yang, C. W. Solution processed LiF anode modification for polymer solar cells. Applied Physics Letters 

100, 253303, https://doi.org/10.1063/1.4729932 (2012).
 13. Kruss, S. et al. Stimulation of Cell Adhesion at Nanostructured Teflon Interfaces. Adv. Mater. 22, 5499–5506, https://doi.org/10.1002/

adma.201003055 (2010).
 14. Graeter, S. V. et al. Mimicking Cellular Environments by Nanostructured Soft Interfaces. Nano Lett. 7, 1413–1418, https://doi.

org/10.1021/nl070098g (2007).
 15. Selhuber, C., Blümmel, J., Czerwinski, F. & Spatz, J. P. Tuning Surface Energies with Nanopatterned Substrates. Nano Lett. 6, 

267–270, https://doi.org/10.1021/nl052256e (2006).
 16. Mbenkum, B. N., Barrena, E., Kelsch, M. & Dosch, H. Selective Growth of Organic 1-D Structures on Au Nanoparticle Arrays. Nano 

Lett. 6, 2852–2855, https://doi.org/10.1021/nl062057a (2006).
 17. Kästle, G. et al. Micellar Nanoreactors—Preparation and Characterization of Hexagonally Ordered Arrays of Metallic Nanodots. 

Advanced Functional Materials 13, 853–861, https://doi.org/10.1002/adfm.200304332 (2003).
 18. Pileni, M. P. Reverse micelles as microreactors. J. Phys. Chem. 97, 6961–6973, https://doi.org/10.1021/j100129a008 (1993).
 19. Spatz, J. P. et al. Ordered Deposition of Inorganic Clusters from Micellar Block Copolymer Films. Langmuir 16, 407–415, https://doi.

org/10.1021/la990070n (2000).
 20. Yu, H. & Turak, A. Nanoreactors or nanoscale stablizers: Routes for solution processed indium tin oxide nanoparticles by reverse 

micelle deposition. Canadian Journal of Physics 92, 797–801, https://doi.org/10.1139/cjp-2013-0549 (2014).
 21. Gu, X., Gunkel, I. & Russell, T. P. Pattern transfer using block copolymers. Phil. Trans. R. Soc. A 371, 20120306, https://doi.

org/10.1098/rsta.2012.0306 (2013).
 22. Hur, J. & Won, Y.-Y. Fabrication of high-quality non-close-packed 2D colloid crystals by template-guided Langmuir–Blodgett 

particle deposition. Soft Matter 4, 1261–1269, https://doi.org/10.1039/B716218A (2008).
 23. Krishnamoorthy, S., Pugin, R., Brugger, J., Heinzelmann, H. & Hinderling, C. Tuning the Dimensions and Periodicities of 

Nanostructures Starting from the Same Polystyrene-block-poly(2-vinylpyridine) Diblock Copolymer. Adv. Funct. Mater. 16, 
1469–1475, https://doi.org/10.1002/adfm.200500524 (2006).

http://dx.doi.org/10.1021/acs.chemrev.6b00196
http://dx.doi.org/10.1098/rsif.2014.0342
http://dx.doi.org/10.1038/35570
http://dx.doi.org/10.1039/C4TC01244E
http://dx.doi.org/10.1364/OL.34.000401
http://dx.doi.org/10.1364/OE.19.011355
http://dx.doi.org/10.1038/srep04484
http://dx.doi.org/10.1038/srep04484
http://dx.doi.org/10.1126/science.276.5317.1425
http://dx.doi.org/10.1529/biophysj.106.089730
http://dx.doi.org/10.1242/jcs.00836
http://dx.doi.org/10.1016/j.tsf.2013.11.035
http://dx.doi.org/10.1063/1.4729932
http://dx.doi.org/10.1002/adma.201003055
http://dx.doi.org/10.1002/adma.201003055
http://dx.doi.org/10.1021/nl070098g
http://dx.doi.org/10.1021/nl070098g
http://dx.doi.org/10.1021/nl052256e
http://dx.doi.org/10.1021/nl062057a
http://dx.doi.org/10.1002/adfm.200304332
http://dx.doi.org/10.1021/j100129a008
http://dx.doi.org/10.1021/la990070n
http://dx.doi.org/10.1021/la990070n
http://dx.doi.org/10.1139/cjp-2013-0549
http://dx.doi.org/10.1098/rsta.2012.0306
http://dx.doi.org/10.1098/rsta.2012.0306
http://dx.doi.org/10.1039/B716218A
http://dx.doi.org/10.1002/adfm.200500524


www.nature.com/scientificreports/

1 4Scientific REPORTS | (2018) 8:1554 | DOI:10.1038/s41598-017-18894-7

 24. Schneider, C. A., Rasband, W. S. & Eliceiri, K. W. NIH Image to ImageJ: 25 years of image analysis. Nat. Methods 9, 671–675, https://
doi.org/10.1038/nmeth.2089 (2012).

 25. Stein, H. S., Jiao, S. & Ludwig, A. Expediting Combinatorial Data Set Analysis by Combining Human and Algorithmic Analysis. ACS 
Comb. Sci. 19, 1–8, https://doi.org/10.1021/acscombsci.6b00151 (2017).

 26. Burda, C., Chen, X., Narayanan, R. & El-Sayed, M. A. Chemistry and Properties of Nanocrystals of Different Shapes. Chem. Rev. 105, 
1025–1102, https://doi.org/10.1021/cr030063a (2005).

 27. Frenkel, D. Soft condensed matter. Physica A: Statistical Mechanics and its Applications 313, 1–31, https://doi.org/10.1016/S0378-
4371(02)01032-4 (2002).

 28. Agarwal, U. & Escobedo, F. A. Mesophase behaviour of polyhedral particles. Nat Mater 10, 230–235, https://doi.org/10.1038/
nmat2959 (2011).

 29. Thapar, V., Hanrath, T. & Escobedo, F. A. Entropic self-assembly of freely rotating polyhedral particles confined to a flat interface. 
Soft Matter 11, 1481–1491, https://doi.org/10.1039/C4SM02641A (2015).

 30. Timmermans, J. Plastic crystals: A historical review. Journal of Physics and Chemistry of Solids 18, 1–8, https://doi.org/10.1016/0022-
3697(61)90076-2 (1961).

 31. Bernard, E. P. & Krauth, W. Two-Step Melting in Two Dimensions: First-Order Liquid-Hexatic Transition. Physical Review Letters 
107, 155704, https://doi.org/10.1103/PhysRevLett.107.155704 (2011).

 32. Kirkwood, J. G. & Boggs, E. M. The Radial Distribution Function in Liquids. J. Chem. Phys. 10, 394–402, https://doi.
org/10.1063/1.1723737 (1942).

 33. Williamson, J. J. & Evans, R. M. L. Measuring local volume fraction, long-wavelength correlations, and fractionation in a phase-
separating polydisperse fluid. J. Chem. Phys. 141, 164901, https://doi.org/10.1063/1.4897560 (2014).

 34. Okabe, A., Boots, B., Sugihara, K. & Chiu, S. Spatial Tessellations: Concepts and Applications of Voronoi Diagrams. Wiley Series in 
Probability and Statistics (Wiley, Hoboken, NJ, USA, 2000).

 35. Steinhardt, P. J., Nelson, D. R. & Ronchetti, M. Bond-orientational order in liquids and glasses. Phys Rev B 28, 784–805, https://doi.
org/10.1103/PhysRevB.28.784 (1983).

 36. Rankin, D. W. H., Mitzel, N. & Morrison, C. Structural Methods in Molecular Inorganic Chemistry (Wiley, Chichester, West Sussex, 
United Kingdom, 2013).

 37. Ladd, M. & Palmer, R. Structure Determination by X-Ray Crystallography (Springer US, Boston, MA, 2013).
 38. Magonov, S. N. & Whangbo, M.-H. Surface Analysis with STM and AFM: Experimental and Theoretical Aspects of Image Analysis 

(John Wiley & Sons, 2008). Google-Books-ID: nheUWMPiB5wC.
 39. Bharati, M. H., Liu, J. J. & MacGregor, J. F. Image texture analysis: Methods and comparisons. Chemometrics and Intelligent 

Laboratory Systems 72, 57–71, https://doi.org/10.1016/j.chemolab.2004.02.005 (2004).
 40. Ebert, F., Keim, P. & Maret, G. Local crystalline order in a 2D colloidal glass former. Eur. Phys. J. E 26, 161–168, https://doi.

org/10.1140/epje/i2007-10270-8 (2008).
 41. Bumstead, M., Arnold, B. & Turak, A. Reproducing morphologies of disorderly self-assembling planar molecules with static and 

dynamic simulation methods by matching density. Physica A: Statistical Mechanics and its Applications 471, 301–314, https://doi.
org/10.1016/j.physa.2016.12.075 (2017).

 42. Gonzalo-Juan, I. et al. Dipole moment-tuned packing of TiO2 nanocrystals into monolayer films by electrophoretic deposition. 
Appl. Phys. Lett. 105, 113108, https://doi.org/10.1063/1.4896133 (2014).

 43. Nelson, D. R. Reentrant melting in solid films with quenched random impurities. Phys. Rev. B 27, 2902–2914, https://doi.
org/10.1103/PhysRevB.27.2902 (1983).

 44. Halperin, B. I. & Nelson, D. R. Theory of Two-Dimensional Melting. Phys. Rev. Lett. 41, 121–124, https://doi.org/10.1103/
PhysRevLett.41.121 (1978).

 45. Egami, T. & Poon, S. J. Atomic structure of quasicrystals. Materials Science and Engineering 99, 323–329, https://doi.org/10.1016/0025-
5416(88)90350-3 (1988).

 46. Barnard, A. S. Modelling of nanoparticles: Approaches to morphology and evolution. Rep. Prog. Phys. 73, 086502, https://doi.
org/10.1088/0034-4885/73/8/086502 (2010).

 47. Zhang, K., Li, H., Li, L. & Bian, X. F. Why does the second peak of pair correlation functions split in quasi-two-dimensional 
disordered films? Applied Physics Letters 102, 071907, https://doi.org/10.1063/1.4793187 (2013).

 48. van Anders, G., Klotsa, D., Karas, A. S., Dodd, P. M. & Glotzer, S. C. Digital Alchemy for Materials Design: Colloids and Beyond. 
ACS Nano 9, 9542–9553, https://doi.org/10.1021/acsnano.5b04181 (2015).

 49. Young, K. L. et al. A Directional Entropic Force Approach to Assemble Anisotropic Nanoparticles into Superlattices. Angew. Chem. 
Int. Ed. 52, 13980–13984, https://doi.org/10.1002/anie.201306009 (2013).

 50. Agarwal, U. & Escobedo, F. A. Effect of quenched size polydispersity on the ordering transitions of hard polyhedral particles. The 
Journal of Chemical Physics 137, 024905, https://doi.org/10.1063/1.4734021 (2012).

 51. Damasceno, P. F., Engel, M. & Glotzer, S. C. Crystalline Assemblies and Densest Packings of a Family of Truncated Tetrahedra and 
the Role of Directional Entropic Forces. ACS Nano 6, 609–614, https://doi.org/10.1021/nn204012y (2012).

 52. Damasceno, P. F., Engel, M. & Glotzer, S. C. Predictive Self-Assembly of Polyhedra into Complex Structures. Science 337, 453–457, 
https://doi.org/10.1126/science.1220869 (2012).

 53. van Anders, G., Ahmed, N. K., Smith, R., Engel, M. & Glotzer, S. C. Entropically Patchy Particles: Engineering Valence through 
Shape Entropy. ACS Nano 8, 931–940, https://doi.org/10.1021/nn4057353 (2014).

 54. Cayre, O., Paunov, V. N. & Velev, O. D. Fabrication of asymmetrically coated colloid particles by microcontact printing techniques. 
J. Mater. Chem. 13, 2445–2450, https://doi.org/10.1039/B308817K (2003).

 55. van Anders, G., Klotsa, D., Ahmed, N. K., Engel, M. & Glotzer, S. C. Understanding shape entropy through local dense packing. 
Proc. Natl. Acad. Sci. USA 111, E4812–E4821, https://doi.org/10.1073/pnas.1418159111 (2014).

 56. Mickel, W., Kapfer, S. C., Schröder-Turk, G. E. & Mecke, K. Shortcomings of the bond orientational order parameters for the analysis 
of disordered particulate matter. The Journal of Chemical Physics 138, 044501, https://doi.org/10.1063/1.4774084 (2013).

 57. Higham, J. & Henchman, R. H. Locally adaptive method to define coordination shell. J. Chem. Phys. 145, 084108, https://doi.
org/10.1063/1.4961439 (2016).

 58. Murayama, M., Howe, J. M., Hidaka, H. & Takaki, S. Atomic-Level Observation of Disclination Dipoles in Mechanically Milled, 
Nanocrystalline Fe. Science 295, 2433–2435, https://doi.org/10.1126/science.1067430 (2002).

 59. Barón, M. Definitions of basic terms relating to low-molar-mass and polymer liquid crystals (IUPAC Recommendations 2001). Pure 
Appl. Chem., PAC 73, 845–895, https://doi.org/10.1351/pac200173050845 (2001).

 60. Beleggia, M. & Frandsen, C. Measuring magnetic correlations in nanoparticle assemblies. Journal of Physics: Conference Series 521, 
012009, https://doi.org/10.1088/1742-6596/521/1/012009 (2014).

 61. van der Helm, P. A. & Leeuwenberg, E. L. J. Goodness of visual regularities: A nontransformational approach. Psychological Review 
103, 429–456, https://doi.org/10.1037/0033-295X.103.3.429 (1996).

 62. Wagemans, J. Characteristics and models of human symmetry detection. Trends in Cognitive Sciences 1, 346–352, https://doi.
org/10.1016/S1364-6613(97)01105-4 (1997).

 63. Karayiannis, N. C., Malshe, R., de Pablo, J. J. & Laso, M. Fivefold symmetry as an inhibitor to hard-sphere crystallization. Phys. Rev. 
E 83, 061505, https://doi.org/10.1103/PhysRevE.83.061505 (2011).

http://dx.doi.org/10.1038/nmeth.2089
http://dx.doi.org/10.1038/nmeth.2089
http://dx.doi.org/10.1021/acscombsci.6b00151
http://dx.doi.org/10.1021/cr030063a
http://dx.doi.org/10.1016/S0378-4371(02)01032-4
http://dx.doi.org/10.1016/S0378-4371(02)01032-4
http://dx.doi.org/10.1038/nmat2959
http://dx.doi.org/10.1038/nmat2959
http://dx.doi.org/10.1039/C4SM02641A
http://dx.doi.org/10.1016/0022-3697(61)90076-2
http://dx.doi.org/10.1016/0022-3697(61)90076-2
http://dx.doi.org/10.1103/PhysRevLett.107.155704
http://dx.doi.org/10.1063/1.1723737
http://dx.doi.org/10.1063/1.1723737
http://dx.doi.org/10.1063/1.4897560
http://dx.doi.org/10.1103/PhysRevB.28.784
http://dx.doi.org/10.1103/PhysRevB.28.784
http://dx.doi.org/10.1016/j.chemolab.2004.02.005
http://dx.doi.org/10.1140/epje/i2007-10270-8
http://dx.doi.org/10.1140/epje/i2007-10270-8
http://dx.doi.org/10.1016/j.physa.2016.12.075
http://dx.doi.org/10.1016/j.physa.2016.12.075
http://dx.doi.org/10.1063/1.4896133
http://dx.doi.org/10.1103/PhysRevB.27.2902
http://dx.doi.org/10.1103/PhysRevB.27.2902
http://dx.doi.org/10.1103/PhysRevLett.41.121
http://dx.doi.org/10.1103/PhysRevLett.41.121
http://dx.doi.org/10.1016/0025-5416(88)90350-3
http://dx.doi.org/10.1016/0025-5416(88)90350-3
http://dx.doi.org/10.1088/0034-4885/73/8/086502
http://dx.doi.org/10.1088/0034-4885/73/8/086502
http://dx.doi.org/10.1063/1.4793187
http://dx.doi.org/10.1021/acsnano.5b04181
http://dx.doi.org/10.1002/anie.201306009
http://dx.doi.org/10.1063/1.4734021
http://dx.doi.org/10.1021/nn204012y
http://dx.doi.org/10.1126/science.1220869
http://dx.doi.org/10.1021/nn4057353
http://dx.doi.org/10.1039/B308817K
http://dx.doi.org/10.1073/pnas.1418159111
http://dx.doi.org/10.1063/1.4774084
http://dx.doi.org/10.1063/1.4961439
http://dx.doi.org/10.1063/1.4961439
http://dx.doi.org/10.1126/science.1067430
http://dx.doi.org/10.1351/pac200173050845
http://dx.doi.org/10.1088/1742-6596/521/1/012009
http://dx.doi.org/10.1037/0033-295X.103.3.429
http://dx.doi.org/10.1016/S1364-6613(97)01105-4
http://dx.doi.org/10.1016/S1364-6613(97)01105-4
http://dx.doi.org/10.1103/PhysRevE.83.061505


www.nature.com/scientificreports/

1 5Scientific REPORTS | (2018) 8:1554 | DOI:10.1038/s41598-017-18894-7

 64. Karayiannis, N. C., Malshe, R., Kröger, M., de Pablo, J. J. & Laso, M. Evolution of fivefold local symmetry during crystal nucleation 
and growth in dense hard-sphere packings. Soft Matter 8, 844–858, https://doi.org/10.1039/C1SM06540H (2012).

 65. Mikhael, J. et al. Proliferation of anomalous symmetries in colloidal monolayers subjected to quasiperiodic light fields. Proc. Natl. 
Acad. Sci. USA 107, 7214–7218, https://doi.org/10.1073/pnas.0913051107 (2010).

 66. Mikhael, J., Gera, G., Bohlein, T. & Bechinger, C. Phase behavior of colloidal monolayers in quasiperiodic light fields. Soft Matter 7, 
1352–1357, https://doi.org/10.1039/C0SM00486C (2011).

 67. Daz Ortiz, A., Arnold, B., Bumstead, M. & Turak, A. Steric self-assembly of laterally confined organic semiconductor molecule 
analogues. Physical Chemistry Chemical Physics 16, 20228, https://doi.org/10.1039/C4CP02331E (2014).

 68. McDonald, M. J., Yethiraj, A. & Beaulieu, L. Y. A method to characterize structure and symmetry in low-resolution images of 
colloidal thin films. Meas. Sci. Technol. 23, 045606, https://doi.org/10.1088/0957-0233/23/4/045606 (2012).

 69. Wochner, P. et al. X-ray cross correlation analysis uncovers hidden local symmetries in disordered matter. Proc. Natl. Acad. Sci. USA 
106, 11511–11514, https://doi.org/10.1073/pnas.0905337106 (2009).

 70. Cliffe, M. J. & Goodwin, A. L. Quantification of local geometry and local symmetry in models of disordered materials. Phys. Status 
Solidi B 250, 949–956, https://doi.org/10.1002/pssb.201248553 (2013).

Acknowledgements
The authors would like to thank the staff at Compute Canada in helping with and providing the computational 
resources that were essential to this study. This work was made possible by the facilities of the Shared Hierarchical 
Academic Research Computing Network (SHARCNET: www.sharcnet.ca) and Compute/Calcul Canada. The 
authors also thank A. Diaz-Ortiz for helpful discussions and suggestions and E. Cranston for access to the AFM 
for measurements. This research was supported by 436100–2013 RGPIN, 384889-2010 CREAT, and ER15-11-123.

Author Contributions
M.B. wrote the disLocate package and performed all the analysis. K.L., G.H., L.S.H. produced the samples and 
images used. A.T. and M.B. conceived the project and wrote the paper. All authors reviewed the manuscript.

Additional Information
Supplementary information accompanies this paper at https://doi.org/10.1038/s41598-017-18894-7.
Competing Interests: The authors declare that they have no competing interests.
Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2018

http://dx.doi.org/10.1039/C1SM06540H
http://dx.doi.org/10.1073/pnas.0913051107
http://dx.doi.org/10.1039/C0SM00486C
http://dx.doi.org/10.1039/C4CP02331E
http://dx.doi.org/10.1088/0957-0233/23/4/045606
http://dx.doi.org/10.1073/pnas.0905337106
http://dx.doi.org/10.1002/pssb.201248553
http://www.sharcnet.ca
http://dx.doi.org/10.1038/s41598-017-18894-7
http://creativecommons.org/licenses/by/4.0/

	disLocate: tools to rapidly quantify local intermolecular structure to assess two-dimensional order in self-assembled syste ...
	Structural order drives properties
	Brief overview of “disLocate”. 

	Results
	It is harder to distinguish differences in positional order when experiments have similar density. 
	Extracting entropic force information by grouping particles with similar local bond structures. 
	Detecting angular symmetry using the localized bond order. 
	Concluding remarks on combining numerical methods and visualizations. 

	Methods
	Software Availability. 
	Data Availability. 
	Experimental details. 
	Pair Correlation Function. 
	Hexatic Lattice. 
	Bond Order Parameter. 

	Acknowledgements
	Figure 1 Atomic force micrographs of diblock copolymer reverse micelles (PS-b-P2VP) with varying spin-coating spin-speed (a) 2000 rpm, (b) 6000 rpm, and (c) 8000 rpm, showing varying spatial order.
	Figure 2 (left) Self-assembled morphologies land somewhere between highly ordered systems (top) and ones with very low density (bottom).
	Figure 3 Pair correlation functions of centroids obtained from AFM images of diblock copolymer reverse micelles (PS-b-P2VP).
	Figure 4 Angular classification of coordination neighbours within micelle configurations observed by AFM.
	Figure 5 (a) Simulated micelles in a confined square boundary.
	Table 1 Summary of physical observables and the tool within disLocate that has the ability quantify them.




