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We developed a computational imaging approach that describes 
the three-dimensional spatial organization of endomembranes 
from micromanipulation-normalized mammalian cells with 
probabilistic density maps. Applied to several well-known 
marker proteins, this approach revealed the average steady-
state organization of early endosomes, multivesicular bodies 
or lysosomes, endoplasmic reticulum exit sites, the Golgi 
apparatus and Golgi-derived transport carriers in crossbow-
shaped cells. The steady-state organization of each tested 
endomembranous population was well-defined, unique and 
in some cases depended on the cellular adhesion geometry. 
Density maps of all endomembrane populations became stable 
when pooling several tens of cells only and were reproducible 
in independent experiments, allowing construction of a 
standardized cell model. We detected subtle changes in 
steady-state organization induced by disruption of the cellular 
cytoskeleton, with statistical significance observed for just  
20 cells. Thus, combining micropatterning with construction  
of endomembrane density maps allows the systematic study  
of intracellular trafficking determinants.

The intracellular membrane system of eukaryotic cells comprises a 
variety of endomembranes including nuclear envelope, endoplas-
mic reticulum, Golgi apparatus, endosomes and tubular-vesicular 
transport carriers, connected by multiple routes. Many studies 
have highlighted the complexity of transport pathways that permit 
constant exchange between intracellular compartments. To tackle 
this complexity, it is crucial to develop quantitative methods to 
better understand topological relationships between membrane 
trafficking compartments.

Although the organization of the intracellular membrane 
system is not known, it is intimately linked to cell cytoskeleton 
architecture1. Membranous transport carriers shuttling between 
compartments move along microtubules or are tethered and dis-
placed on actin networks via molecular motors2–4. One difficulty 
in studying endomembrane organization is that the connection 
between transport and cytoskeleton goes both ways: transport 
events also strongly influence cell cytoskeleton architecture.  
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For instance, during cell migration, precise delivery of proteins and 
lipids to the leading edge helps to induce reorganization of corti-
cal actin and reorientation of the microtubule network along the 
migration axis5,6. Also, endosomes and the Golgi apparatus have 
the capacity to respectively nucleate actin and microtubules7–10. 
The consequence of this interdependence is that cell morphology 
varies over time; cells are moving and constantly disassemble 
and reassemble their cytoskeleton. Furthermore, cells grown in 
culture often display strong morphological cell-to-cell variation 
in a given population11,12. Population size, local cell density 
and position in a cellular islet have all been shown to determine 
cellular morphology and responsiveness13. The resulting hetero
geneity limits the systematic study of the global organization of 
trafficking endomembranes. Unlike the compact Golgi apparatus 
in mammalian cells and the endocytic recycling compartment, 
endosomes and various transport carriers are spatially dispersed 
and difficult to quantify. The large number of structures belong-
ing to endomembranous populations (such as early endosomes) 
makes studying their organization challenging.

To avoid the limitations of classical approaches that use uncon-
strained, dynamic cell shapes, we used microfabricated pat-
terns, which enforce cells to take a certain shape and prevent 
their migration14. Micropatterns allow for control of organelle 
organization15,16, and we ascertained a normal cell cycle and thus 
functional integrity. These patterned cells allowed us to construct 
quantitative maps of the spatial organization of intracellular mem-
branous compartments and to detect subtle changes in endomem-
brane organization induced by cytoskeleton disruption.

RESULTS
Construction of probabilistic endomembrane maps
We grew telomerase-immortalized human RPE-1 cells on 
crossbow-shaped patterns, which biased the internal cellular 
organization along an anterior-posterior polar axis16. Vinculin-
containing focal adhesion sites form along the adhesive edges of 
the ‘bow’, and stress fibers are enriched at nonadhesive areas of the 
‘string’16 (Supplementary Fig. 1a). We grew cells on patterns for 
3 h before fixing them and immunodetecting endomembranes by 
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marker proteins and fluorophore-coupled 
antibodies; alternatively, we constructed 
stable cell lines expressing EGFP-tagged 
marker proteins that we directly analyzed 
after fixing the cells. We acquired three-
dimensional (3D) image stacks of several 
tens of cells (Supplementary Table 1) and 
deconvolved them (Fig. 1a). We extracted 
positional information of fluorescently 
labeled endomembranes from each single 
cell by segmentation analysis using multi-
dimensional image analysis17 and aligned 
coordinates using characteristic landmarks 
of micropatterns. To examine the average steady-state spatial 
organization of each endomembrane population, we calculated 
its probability density throughout the cell using a kernel density 
estimator available for the R software. Briefly, Gaussian functions 
(kernels) with mean zero and an optimized variance were centered 
at each of the data points and summed, revealing the underlying 
density throughout the cell. Typically, we used several thousand 
coordinates to calculate the density function (Supplementary 
Table 1). To visualize the result, we calculated equally spaced prob-
ability contours18,19. Contours represent the smallest area in which 
a given percentage of endomembranes are found: for example, the 
50% probability contour defines the smallest area in which 50% 
of endomembranes are located. As several equally dense yet sepa-
rated regions can appear in the cell, a given probability contour 
can be located in several different places in the cell.

First, we analyzed the spatial distribution of CD63 using 35 
crossbow-shaped cells (Fig. 1b,c). CD63 is a transmembrane 
protein and a well-established marker protein of multivesicular 
bodies or lysosomes20. We first ignored the height coordinate and 
considered the density in two dimensions, which revealed well-
defined organization (Fig. 1d); CD63 predominantly localized to 

a region close to the bow-shaped attachment zone of the cross-
bow pattern (Supplementary Fig. 1a). However, as cells grown 
on flat surfaces are thicker at the center than at the periphery, 
two-dimensional (2D) density estimation tends to exaggerate the 
density at the cell center. To remove this bias, we calculated prob-
ability contours in three dimensions (Fig. 1e). Consistent with the 
2D map, immunodetected CD63-positive endosomes occupied a 
volume close to the adhesion region of the crossbow pattern.

To estimate the reliability of density maps, we computed the 
statistical error of the CD63 density estimation as a function of 
the number of cells analyzed. We defined the statistical error as 
the estimated mean integrated squared error (MISE) and calcu-
lated it in two and three dimensions for up to 181 cells containing 
on average 300 endomembranes per cell (Fig. 1f). For less than  
20 cells, the box plots of estimated MISEs showed a large variability 
in both two and three dimensions, with drastic improvement in 
estimated MISE when adding data for each subsequent cell. The 
estimated MISE only marginally diminished for 20–50 cells and 
virtually did not change thereafter. This demonstrated that using 
density estimation with micropatterned cells is robust with only 
several tens of cells.
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Figure 1 | Analysis of CD63-positive endo
membranes from 35 cells on crossbow-shaped 
patterns. (a) Outline of experimental procedure. 
(b) Maximum intensity projection of the 
deconvolved fluorescence of CD63-positive 
endomembranes (white) and the fluorescently 
marked crossbow pattern (red). (c) Schematic 
representation of the segmentation and alignment 
procedure using the fluorescently marked 
crossbow pattern. (d) The 2D density estimation 
map with the indicated percentile probability 
contours representing the smallest regions in 
which the corresponding percentage of CD63-
positive endomembranes were found. (e) The 3D 
density estimation map. For ease of visualization, 
the height (z axis) has been stretched fivefold.  
(f) Estimated MISE for 2D and 3D density 
estimation as a function of the number of  
CD63-positive cells analyzed. (g) Overlap of 
the 50% contour of the 2D estimation for five 
independent experiments. Each color represents 
an independent experiment using n cells.  
The outer gray outline represents spread of 
crossbow-shaped cells. (h) Overlap of the 50% 
contour of the 3D estimation for five independent 
experiments; color-code for independent 
experiments as in g. Scale bars, 10 μm.
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Next, to compare density maps across experiments, we plotted 
the 50% density contour of CD63 for five independent experi-
ments in two and three dimensions (Fig. 1g,h). Both 2D and 3D 
density maps of CD63 were highly reproducible, indicating well-
defined organization of endomembranes.

Validation of the density estimation method
To validate the method’s ability to reveal endomembranous archi-
tecture, we analyzed compact cellular structures whose organi-
zation is easily recognized. We applied density estimation to the 
Golgi apparatus and the centrosome using the markers GM130 
(a Golgi matrix protein) and γ-tubulin, respectively. The centro-
some is not an endomembranous structure, but as its coordinates 
can be determined in each cell, the average spatial distribution in 
two and three dimensions can be calculated using density estima-
tion. Average 2D organization of the Golgi and the centrosome 
in crossbow-shaped RPE-1 cells has been previously reported16.  
In that work, the average intensity of each pixel had been calculated 
over stacks of multiple 2D images of independent cells using the 
same given marker proteins16. We used 69 cells to estimate the 
2D density map of GM130-positive membranes and γ-tubulin, 
which revealed a Golgi and centrosome organization that was very 
similar to that previously described16 (Supplementary Fig. 2a–c), 
validating our approach.

Our density approach enabled analysis of structures of differ-
ent intensities, including non-homogenous populations, demon-
strating its advantage in comparison to common intensity-based 
approaches. Moreover, with our approach, there was no loss of 
image sharpness that is a consequence of intensity averaging. 

Lastly, in comparison to previous work16, 
our 3D analysis provided additional spatial 
information about the 3D organization of 
the Golgi and the centrosome in standard-
ized micropatterned cells (Supplementary 
Fig. 2d–f). This opens the way to future 
studies on Golgi-centrosome organization 
in 3D cellular model systems.

Density maps reveal steady-state 
endomembrane organization
To establish the global subcellular endo
membrane organization in crossbow-
polarized cells, we applied density 
estimation to several marker proteins, 

which have been well-characterized as membrane-associated 
proteins of their respective endomembrane compartments. We 
considered Rab5, a small GTPase that specifically localizes to 
early endosomes21, Sec13, which marks endoplasmic reticulum 
exit sites22, and Rab6-positive structures. Rab6 is found on the 
trans-Golgi network as well as on transport carriers for either 
secretion or retrograde transport23–25.

The 2D and 3D density estimates for each labeled compartment 
were highly reproducible (Supplementary Fig. 3) and differed from 
each other (Fig. 2). Rab5-associated signals were evenly distributed 
without preference for adhesive or nonadhesive regions (Fig. 2d,g). 
As the cell is thickest in the center, both the fluorescence projection 
and our 2D maps overestimate the concentration of Rab5-positive 
structures in the cell center; 3D estimation removed this bias, 
showing the inherent advantage of such an approach. In 2D and 3D 
density representations, Sec13 was highly concentrated around the 
nucleus (Fig. 2e,h), in agreement with the fact that the endoplasmic 
reticulum extends from the nuclear envelope and surrounds the 
Golgi. Density estimation of all Rab6-positive structures revealed 
central density corresponding to the Golgi and peripheral density 
owing to transport carriers (Fig. 2f,i). Whereas the Golgi density 
was similar to the GM130 map (Supplementary Fig. 4m–o), the 
density for Rab6-positive transport carriers was almost entirely 
found at adhesive areas of the crossbow pattern. In particular, trans-
port carriers concentrated at the three corner points corresponding 
to main adhesion sites of actin stress fibers16. We also applied den-
sity mapping to HeLa and MDCK cells (Supplementary Fig. 5) and 
found that the organization of all marker proteins was similar to that 
in RPE-1 cells but cell type–specific features such as the shape of the 
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Rab6-positive endomembranes on crossbow-
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projection of the deconvolved fluorescence  
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nucleus were apparent, which was the case 
for Sec13 (Supplementary Fig. 5g–l).

To visualize densities of all analyzed 
endomembranes in one standardized cell 
(Fig. 3), we defined the ‘characteristic 
territory’ and ‘characteristic volume’ 
representing the 50% contours of the 2D 
and 3D density estimates, respectively, 
and calculated them for each marker. We 
superposed CD63-positive multivesicu-
lar bodies with Rab5-positive early endo-
somes to compare different endosomal 
populations (Fig. 3a,d,g), and Sec13-
marked endoplasmic reticulum exit sites 
with Rab6-positive Golgi membranes and transport carriers 
to visualize the spatial relationship between the endoplasmic 
reticulum, the Golgi apparatus and Golgi-derived transport 
carriers (Fig. 3b,e,h). We also combined all marker protein 
maps (Fig. 3c,f,i), which showed that different endomembra-
nous subpopulations occupied specific regions of a standard-
ized cell. The statistical error for all marker proteins reached 
asymptotic behavior before data for all cells were included 
(Fig. 3j), suggesting that in all cases the density estimation rep-
resented the underlying endomembranous organization with 
high fidelity. As density maps of all endomembrane populations 
did not drastically change upon addition of the data for the last 
analyzed cells and were reproducible in independent experi-
ments, construction of a standardized cell model required only 
several tens of cells.

Endomembranous organization in circular cells
On crossbow-shaped patterns, organization of CD63 and 
Rab6-positive transport carriers depended strongly on the 
adhesion geometry (Figs. 1 and 2c,f,i). In particular, Rab6-
positive transport carriers were not dense at nonadhering 
edges (Fig. 2c,f,i). We investigated how organization of these 
endomembranes was affected by changing the geometry of the 
pattern to a ring-shaped pattern with a continuous adhesive 
edge (Supplementary Fig. 1b). As this pattern is symmetric 
in all directions, we used the center of the pattern as the 

only alignment reference. CD63 as well as Rab6 (Fig. 4a–j) 
had a continuous round organization as a consequence of the 
imposed round attachment region of the pattern. As with the 
crossbow pattern, the CD63 steady-state distribution was 
interior to that of Rab6-positive transport carriers (Fig. 4k,l 
and Supplementary Fig. 4a–c). This indicates that CD63 
and Rab6-positive endomembranous organization was partly  
adhesion-dependent but that the intrinsic relationship between 
endomembranes was to some extent conserved.

Remodeling of organization upon cytoskeletal disruption
To test the method’s potential to detect changes in steady-state 
subcellular organization, we monitored Rab6-positive struc-
tures upon depolymerization of the cytoskeleton (Fig. 5 and 
Supplementary Videos 1–3). Rab6-positive transport carriers 
move along microtubules from the Golgi to the cell periph-
ery17,24,25 where some of them interact with cortical proteins 
and subsequently fuse with the plasma membrane24. We treated 
cells with nocodazole (Fig. 5f–j) or cytochalasin D (Fig. 5k–o), 
which respectively disrupt microtubules or actin filaments.  
We applied the drugs at concentrations that did not alter cell shape. 
As expected, treatment with nocodazole fragmented the Golgi 
and redistributed Rab6-positive transport carriers from the cell 
periphery to the cell center (Fig. 5f–j). Actin disruption removed 
transport carriers from the most peripheral sites of cell adhe-
sion, without strongly affecting global organization (Fig. 5k–o).  
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This was consistent with classical analyses under which actin 
disruption was previously reported not to influence intracellular 
movement of Rab6-positive transport carriers24.

We adapted and implemented a recently described statistical 
test26 to quantitatively evaluate the significance of the observed dif-
ference. Essentially, the test compares a distance function between 
pairs of points from different experimental conditions with a dis-
tance function between pairs of points from the same experimental 
condition. We calculated the test statistic between untreated cells 
and either 50 cytochalasin D–treated cells with 13,755 structures 
or 47 nocodazole-treated cells with 10,941 structures. This gave a  
P value of 0 for both the cytochalasin D and nocodazole treatments, 
detecting differences between treated and untreated cells at all usual 
confidence levels (0.05, 0.01 and 0.001). Indeed, we obtained an 
average P value of less than 0.004 when analyzing data for only 
20 cytochalasin D–treated cells or five nocodazole-treated cells 
(Fig. 5p). Control experiments using untreated cells in the place of 
the test set showed that the average P value remained around 0.5, as 
would be expected if the approximated null distribution was close 
to the true null distribution. Thus, changes in intracellular distribu-
tion of Rab6-positive transport carriers owing to microtubule and 
actin disruption were significant (P = 0 when analyzing all avail-
able cells), showing the power of our density-based standardized  

cell approach. In particular, unlike with previous classical analyses, 
we observed a statistically significant (P = 0) change in intracellu-
lar distribution of Rab6-positive transport carriers resulting from 
actin disruption.

We comprehensively benchmarked the statistical method on 
these two datasets, as well as the dataset for CD63-positive endo-
somes (Supplementary Fig. 6). We measured the performance of 
the statistical test when varying both the number of treated cells 
used and variance parameter σ2. For 100 random trials, for all 
of σ2 = 50, 200 and 800, we obtained an average P < 0.004 for all 
three datasets with only 20 treated cells (Supplementary Fig. 6). 
Thus, significant morphological alterations could be consistently 
detected with as few as 20 cells.

To determine the advantage of cellular standardization by micro-
patterning, we performed the same statistical test on nonpatterned 
cells (Fig. 5q). For strong phenotypes, such as Golgi dispersion 
after nocodazole treatment, we could detect significant (P < 0.001) 
differences, although data for eight times more cells were needed. 
In contrast, subtle differences, such as those seen upon treatment 
with cytochalasin D, were not detectable in unconstrained cells. 
Therefore, micropatterning in combination with computational 
analysis is a powerful tool to detect subtle changes in steady-state 
endomembranous organization.
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DISCUSSION
Many studies have found alterations in the cellular architecture 
during physiological and pathological processes27. But the com-
plex topology of endomembranes hinders precise quantification 
of their organization and alterations in pathological situations 
such as cancer.

Our results with micromanipulation-normalized cells favor the 
hypothesis that cellular trafficking components are highly organ-
ized and become visibly polarized once cells are immobilized and 
forced to take a reproducible shape by an imposed geometry. This 
is consistent with previous studies in the model system of polar-
ized MDCK cells, which revealed several spatially distinct bio-
synthetic and recycling compartments28, and with the fact that 
intracellular compartments show a high degree of organization 

in a variety of tissues of living organisms1. Our approach revealed 
that endomembrane organization is dependent on the adhesion 
geometry of the extracellular matrix that is known to be important 
in the establishment of cell polarity, instrumental for normal cell 
function and tissue homeostasis. Unlike studies in MDCK cells, 
which do not allow changes in the adhesion geometry, our setup 
allows the investigation of mechanisms that position endomem-
branes in response to polarity clues.

Our approach provides a powerful way to visualize endomem-
braneous alterations. The density estimation obtained for cells 
with disrupted actin showed retraction of transport carriers 
from peripheral adhesive areas, indicating that Rab6A-positive 
secretory vesicles were entrapped at the edge of the cell by actin 
filaments. This is consistent with actin filaments being known to 
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Figure 5 | Changes of Rab6-positive endomembranes 
upon cytoskeletal disruption. (a–o) Maximum 
intensity projection of the deconvolved fluorescence 
of Rab6-positive endomembranes without treatment 
(control) (a), upon nocodazole treatment (NZ; f) 
and cytochalasin D treatment (CD; k). For each of 
these datasets, we plotted a 2D density estimation 
(b,g,l). The probability contours represent the 
smallest regions in which 10% (red) to 90% (yellow) 
of endomembranes are found. Then, we plotted 
the 50% characteristic territory (c,h,m) and 50% 
characteristic volume (d,i,n) for these data alone or 
in combinations for comparison, as indicated. Top 
views of the characteristic volumes in d, i and n are 
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be ordered close to the cell surface and to spread out transport 
carriers29. Previously, alterations in intracellular trafficking have 
been revealed indirectly by missorting of marker proteins. The 
direct and intuitive visualization of alterations in endomembrane 
distribution provided by our method is therefore extremely useful 
in the assignment of functional roles to trafficking components. 
It will be interesting to investigate whether patterned cells could 
be used as references to rapidly highlight pathological disorders 
during malignant development. As estimations can be performed 
in three dimensions, our methodology is also applicable to other 
cell lines and apical-basal polarity model systems that show repro-
ducible 3D organization.

Endomembrane organization is strictly defined and can be 
used to detect subtle cellular perturbations that are statistically 
significant. This paves the way to high-throughput analyses of 
phenotypic alteration upon chemical compound or short interfer-
ing RNA treatments. This analysis is well-suited for large popula-
tions. As it is the total number of structures that is important for 
the reliability of density maps and the power of the statistical test, 
the number of cells required for analysis depends on the number 
of structures per cell.

State-of-the-art high-content and high-throughput approaches 
are often hindered by statistical concerns, as it is difficult to 
determine the exact number of cells that have to be measured 
per sample. Our approach shows that, for populations with large 
numbers of structures, only 20 cells were required to define stable 
organization and to uncover significant (P < 0.004) differences 
in endomembrane density induced by drug treatment. Therefore, 
the density framework in micropatterned cells has the potential 
to become a gold-standard in the quantitative analysis of high-
throughput data. Attempts are underway to incorporate this 
method into a screening workflow for identification of factors 
that sustain the steady-state organization of endomembranes.

Methods
Methods and any associated references are available in the online 
version of the paper at http://www.nature.com/naturemethods/.

Note: Supplementary information is available on the Nature Methods website.
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ONLINE METHODS
Cells and reagents. Retinal pigment epithelial (RPE-1) cells 
(Invitrogen) were grown in DMEM/F12 medium supplemented 
with 10% FBS and 1% ampicillin-streptomycin. A EGFP-Rab6A–
expressing stable cell line was generated by transfection of the  
plasmid pEGFP-Rab6Awt25 into RPE-1 or HeLa cells and selec-
tion with 500 μg ml−1 geneticin. Pattern production and cell plating 
conditions were as previously described30. To depolymerize micro
tubules, nocodazole (NZ) was added to a final concentration of  
20 μM and cells were left at 4 °C for 60 min. Cells were then transferred 
to 37 °C and incubated for 1 h. To disrupt the actin cytoskeleton, 
cytochalasin D (CD) was added to a final concentration of 0.5 μM 
and cells were incubated at 37 °C for 1 h. Cells were fixed with 4% 
(wt/vol) paraformaldehyde (PFA) for 15 min before either being 
processed for immunofluorescence staining (CD63, Rab5, Sec13, 
GM130 and γ-tubulin) or immediate image analysis (Rab6).

Immunofluorescence staining. PFA-fixed cells were quenched 
with 0.05 M NH4Cl, washed three times with PBS (pH 7.4) 
and permeabilized in PBS with 2% BSA and 0.05% saponin, 
before incubation with primary and Alexa Fluor 488–, Cy-3– or  
Cy-5–coupled secondary antibodies (Jackson ImmunoResearch). 
The primary antibodies used were anti-CD63 (Invitrogen), 
anti-GM130 (BD Biosciences), anti–γ-tubulin, anti-Rab5 (BD 
Biosciences) and anti-Sec13 (ref. 22). After three washes with 
PBS, coverslips were mounted on object holders with Moviol  
containing 0.0002 mg ml−1 DAPI.

Immunofluorescence image acquisition and analysis. Images 
were acquired with a wide-field Eclipse 90i Upright Microscope 
(Nikon) equipped for image deconvolution. Acquisition was per-
formed using a 100× Plan Apo VC 1.4 oil objective and a highly 
sensitive cooled interlined charge-coupled device (CCD) camera 
(Roper CoolSnap HQ2). Z-dimension positioning was accom-
plished by a piezoelectric motor (LVDT, Physik Instrument) and 
a z-dimension series of images was taken every 0.2 μm. After 
deconvolution31, images were segmented with the multidimen-
sional image analysis (MIA) interface running under MetaMorph 
(Universal Imaging Corporation) based on wavelet decomposi-
tion17. Briefly, fluorescent objects were detected as fluctuations 
that are 15-fold larger than noise. The watershed function was 
routinely applied for CD63, Rab6 and GM130 to precisely detect 
individual structures in dense regions (and segment the Golgi 
apparatus in several structures).

Alignment of coordinates of endomembranes. Coordinates of the 
center of patterns were automatically extracted from 3D image stacks 
of micropatterns visualized with fluorescently labeled fibrinogen 
using a computational tool developed under ImageJ (W.S. Rasband, 
US National Institutes of Health). Briefly, first the most in-focus 
image of the 3D stack of fluorescently labeled patterns was chosen. 
Then, the image was automatically binarized after several steps of 
image processing. The ImageJ plugin Hough-Circles was used for 
center detection. In the case of the crossbow pattern, the angle of 
rotation was manually determined in each experiment.

Kernel density estimator. The probability density function f for 
each data sample (for example, CD63) of n coordinates X1, X2, 
…, Xn was estimated. We used a nonparametric, unbinned kernel 

density estimator32. The estimation was performed using the ks 
library (Duong, T; ks: kernel smoothing, R package version 1.6.3.) 
in R (R Development Core Team; R: a language and environment 
for statistical computing). At each of the data points, a kernel 
function K was centered. The kernel functions were then summed 
to form the kernel density estimator

ˆ ( ) ( ),f x
n

K x X
i

n

iH H= −
=
∑1

1

in which KH is the Gaussian kernel with mean zero and variance matrix 
H. To estimate H (also known as the bandwidth), we used the plug-
in selector in the ks library that has been shown to be reliable for 2D 
and 3D spatial distributions33. For visualizing kernel density estimates, 
we used probability contours18,19. Graphical representation in three 
dimensions was achieved using the rgl (D. Adler and D. Murdoch; rgl: 
3D visualization device system (OpenGL), R package version 0.84) 
and misc3d (D. Feng and L. Tierney; misc3d: miscellaneous 3D plots,  
R package version 0.6–1) libraries (Supplementary Note 1).

Statistical error of kernel density estimation. The statistical 
error for kernel density estimates was determined by calculating 
the estimated mean integrated squared error (MISE) as a function 
of the number of cells analyzed. For the combined sample of the  
n endomembrane coordinates from m cells, we computed the average 
number of endomembranes per cell (n/m). This ratio was rounded 
to the nearest 100 cells for numerical convenience (CD63, 300; Rab5, 
800; Sec13, 400; and Rab6, 200). To compute the estimated MISE 
for j cells, j = 1, 2, …, m we resampled j × (n/m) endomembrane 
coordinates from the total of n coordinates. This resampling was 
performed 100 times for each j to ensure statistical robustness.

Statistical analysis. As in the kernel density estimation, we sup-
posed each data sample was a set of coordinates U1, U2, …, Un 
(untreated) or T1, T2, …, Tn (treated) generated from underlying 
density functions fU and fT . The statistical test we propose26 tests 
the null hypothesis: fU = fT . The test statistic MMD2 (maximum 
mean discrepancy squared) is given by

MMD2 1

1
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with k a Gaussian kernel:
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22s

Intuitively, MMD2 will be large if on average the first two terms of 
the summands are larger than the second two. This corresponds 
to untreated coordinates being closer on average to untreated than 
treated ones and vice versa. The larger the value of MMD2, the 
more likely we are to reject the null hypothesis. This is quantified 
by estimating the null distribution in the following way: first, obtain 
supplementary untreated data U′1, U′2, …, U′m, with m larger than 
2n, then randomly select two disjoint sets of size n and calculate 
the value of MMD2. Repeating this randomized step a sufficient 
number of times gives an approximation of the null distribution; we 
performed this step 100,000 times. An empirical P value could then 
be calculated. The value of σ2 was fixed as σ2 = 50, corresponding to 
k(A, B) = 1 when A and B coincide and k(A, B) = exp(−1) when A 
and B are exactly 10 pixel units apart. This choice of σ2 corresponds 
biologically to deciding that the similarity (via MMD2) of two sets 
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of data points extracted from cells is predominantly determined by 
the pairs of points that are less than 10 pixel units apart. Outside 
this range, the maximum value of k (A, B) is 0.37, and decreases 
exponentially for pairs of points that are further and further apart.  
A more detailed explanation of the statistical methodology and com-
prehensive benchmarking of the method (including the influence of 
σ2) on three datasets is available in Supplementary Note 2.

30.	 Azioune, A., Storch, M., Bornens, M., Théry, M. & Piel, M. Simple and 
rapid process for single cell micro-patterning. Lab Chip 9, 1640–1642 
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