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¢ Abstract

Accurate representations of cellular organization for multiple eukaryotic cell types are
required for creating predictive models of dynamic cellular function. To this end, we
have previously developed the CellOrganizer platform, an open source system for gen-
erative modeling of cellular components from microscopy images. CellOrganizer mod-
els capture the inherent heterogeneity in the spatial distribution, size, and quantity of
different components among a cell population. Furthermore, CellOrganizer can gener-
ate quantitatively realistic synthetic images that reflect the underlying cell population.
A current focus of the project is to model the complex, interdependent nature of organ-
elle localization. We built upon previous work on developing multiple non-parametric
models of organelles or structures that show punctate patterns. The previous models
described the relationships between the subcellular localization of puncta and the posi-
tions of cell and nuclear membranes and microtubules. We extend these models to con-
sider the relationship to the endoplasmic reticulum (ER), and to consider the
relationship between the positions of different puncta of the same type. Our results do
not suggest that the punctate patterns we examined are dependent on ER position or
inter- and intra-class proximity. With these results, we built classifiers to update previ-
ous assignments of proteins to one of 11 patterns in three distinct cell lines. Our gener-
ative models demonstrate the ability to construct statistically accurate representations
of puncta localization from simple cellular markers in distinct cell types, capturing the
complex phenomena of cellular structure interaction with little human input. This pro-
tocol represents a novel approach to vesicular protein annotation, a field that is often
neglected in high-throughput microscopy. These results suggest that spatial point pro-
cess models provide useful insight with respect to the spatial dependence between cellu-
lar structures.  ©2016 International Society for Advancement of Cytometry

e Key terms
spatial point processes; subcellular location; pattern recognition; generative models;
systems biology

A major challenge in systems biology is to create accurate predictive models of intra-
cellular processes and their relation to cellular behavior (1-3). While many such models
have been created for both prokaryotic and eukaryotic cells, often little or no considera-
tion is given to the spatial organization of subcellular structures. However, systems such
as MCell (4), VirtualCell (5), Simmune (6), and SmolDyn (7) can perform spatially-
realistic cell simulations if information about spatial organization is available. Providing
such information in a structured manner is one of the main goals of the open source
CellOrganizer system (http://CellOrganizer.org), which can currently learn models of cell
shape; nuclear shape; chromatin texture; vesicular size, shape, and location; and microtu-
bule distribution (8-13). CellOrganizer provides a generative framework for modeling
aspects of cell organization that goes beyond descriptive approaches described previously
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(14). It enables the capture of spatial information about organ-
elles including localization, associations, and interactions.

Inter-model dependence is an important aspect of these
generative models. For example, cell shape can be modeled as
statistically dependent on a nuclear shape model, and object-
based vesicular models can subsequently depend on both
nuclear and cell shape. An initial approach for modeling vesic-
ular distributions (9,13) considered spatial location to be
dependent only on cell and nuclear shape. However, it is well
known that vesicle localization in the cell can be actively
maintained, implying a relationship between vesicle position
and cytoskeletal components, microtubules in particular (15);
vesicular-cytoskeletal interactions have been previously simu-
lated (16). Recently, out initial organelle model was improved
by introducing a dependency of the position of the organelle
on the distance to the nearest microtubule in the cell. Using
immunofluorescence images from the Human Protein Atlas
(HPA) (17), the ability to distinguish 11 punctate patterns
using these models was demonstrated (18). During the course
of that study, it was observed that many of the proteins anno-
tated as ‘vesicular’ in the HPA were not in vesicles at all but
rather part of cytoplasmic complexes with similar appearance.
We therefore use the more general term ‘puncta’ to refer to
both vesicles and apparent punctate structures. Here, we
investigate whether the location pattern of puncta also
depends significantly on the position of the endoplasmic retic-
ulum (ER), and, most importantly, explore whether positions
of puncta of the same type are dependent upon each other.
With this question in mind; we model puncta position as a
spatial point process within the cytoplasm. A relative coordi-
nate system, based on the nuclear and cell boundaries, the
microtubule structure, and the endoplasmic reticulum, is
introduced to allow for comparison across multiple cell types.

Spatial point processes (19-21) are useful and powerful
mathematical models for analyzing the spatial structure of
both regular and irregular point patterns. A spatial point pat-
tern is a group of observed locations of events in a multidi-
mensional space. Such patterns have found use in a wide
variety of scientific fields: ecology, geography, spatial epidemi-
ology, and, to a limited extent, biology. There is a hierarchy of
models for how points, or objects, are spatially distributed.
These range from models of complete independence between
points, Poisson point processes, to models of pairwise and
higher order interdependence, including clustering and repul-
sive phenomena, such as Markov and Cox processes.

MATERIALS AND METHODS

Dataset
The dataset consisted of confocal images of A-431, U-
208, and U-251MG cell lines from the HPA that were previ-
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ously selected (18). The Human Protein Atlas (HPA, http://
proteinatlas.org) is a project to explore the human proteome
and contains high-resolution images of subcellular location
patterns for numerous proteins in the above cell lines. These
images were collected as 8-bit TIFF images and acquired using
standard stains for nucleus, endoplasmic reticulum, microtu-
bule cytoskeleton, and one other specific protein. The size of
the images was 1,728 X 1,728 pixels; each pixel corresponds
to 0.08 um in the sample plane. Eleven proteins tagged in all
cell lines were chosen as ‘founder proteins’, representative of
11 specific types of punctate patterns.

Homogeneous Poisson Processes

Assume that for a random variable X("=(X,,---,X,)
with a realization of punctate pattern xM = (x1,-++,%x,) overa
cell cytoplasm w, x; is the coordinates of the ith punctum loca-
tion and 7 is the number of puncta.

The simplest case for the positions of puncta is that they
are completely random. This hypothesis follows a homogene-
ous Poisson process (20),

FXO =0, 1)

where Z is a normalizing constant and b is a constant that rep-
resents the unnormalized density of each punctum.

Assume that the number of puncta is known in each cell
and that the normalizing constant is

Z=J b dx, - - dX,=b"|w|" )

where w is the cytoplasm of a cell.
Correspondingly, the homogeneous Poisson becomes

e L
f(X™n) W (3)

In this simple case, it is not necessary to estimate b since it
cancels out.

To test this hypothesis, a Monte Carlo Test (22) was per-
formed with test statistic

Tmax
Tg= L (R (r) = Kpoi(r)) dr, 4)
where K(r) is a Ripley’s K-function. The expected number of
puncta within radius r of an observed puncta is Kpy;(r)=mnr?
under the hypothesis of complete spatial randomness.

We calculated t}.,---, ! as values of the test statistic
Tx for m—1 random samples from the Poisson distribution
and g as the value of the test statistic Tk for an observed pro-
tein pattern, where m was set to the number of cells in the
images of that protein multiplied by 100. A consistent Monte
Carlo P value was then calculated as

634 Spatial Point Process Models for Puncta Localization and Interdependence


http://proteinatlas.org
http://proteinatlas.org

ORIGINAL ARTICLE

ey

I(te > 1)

(5

Inhomogeneous Poisson Processes

For spatially-dependent processes, we constructed six
factors (f; through f;) that our founder patterns might depend
upon, as described in the Results section. We use the defini-
tion of the density of an inhomogeneous Poisson point pro-
cess (20)

£ =TT, (%), (©)

where by is a trend term that introduces dependence of the
positions of puncta on other components in a cell and 0 is a
parameter vector of coefficients (that capture the dependence
on each component) that can be estimated by maximizing log
pseudolikelihood; Zj is a normalizing constant. The by terms
are log-linear combinations of some number of factors, such
as log(bg)= 6, f;+6,f,. Different combinations of factors cor-
respond to different models and therefore have different pre-
dictions of puncta distribution. We therefore sought to use
five-fold cross-validated likelihood to choose the model that
most accurately captures the relationships between puncta
and other organelles. However, there is a normalizing constant
in Eq. 6 that we can ignore when comparing models of the
same structure but is required for comparing models with dif-
ferent factors.

Given the number of puncta in a single cell, the normal-
izing constant is a high-dimensional integral,

2= [ T wopax a0

We performed Monte Carlo integration to estimate this con-
stant. Under the assumption that puncta locations are inde-
pendent of each other, the high-dimensional integration
above was simplified as

Zy= (L bo(X)dXe ) (8)

Furthermore, [, by(
Carlo integration,

X,)dX, was approximated by Monte

J bg(X,,)qu=|w|J bg(xu)vlv'dxf
\w\j bo(X)p(X) dXu =Wl Eyy B (X)], (9)

where p(X,)= ﬁ distributed uniformly over cytoplasm w.

The above integral is equal to the expected value of by
(X,) with respect to random variable X, distributed according
to p(X,). We estimate the expected value by sampling accord-
ing to p and calculating the average of by. To guarantee the
accuracy of the approximation, the number of samples was
chosen to be 5,000 under the condition that it is nearly equal
to the effective size,
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where p, is an autocorrelation function of lag k.
Then the likelihood of x(") was calculated as

Ly (x<”>) = JX‘+AX‘ . JXH+AX"

FXDn)dX, - dX, ~ f(x"|n)Ax, - Ax,
Ax;= - =Ax,=0.01

(10)

Nne=

We then estimated the performance of different models by
five-fold cross-validated likelihood. Assume proteins are
indexed by i with segmented ¢'” cells, randomly split into five
roughly  equal-sized groups. Let ti:{l,---,m}—
{1, 2, 3, 4, 5} be an index that indicates the partition to
which cell is allocated by the randomization (e.g., Ti =2 means
that the first cell of protein i is assigned to the second fold.

The cross-validation estimate of prediction error is

KU
RY (x %ZlogL ]7 (11)
=1

where o indexes models of combinations of factors and #; is
the number of puncta in I cell; logL(;;;[-\ac] is the log likeli-

hood fit of model o in I cell with (rf)th group of cells

removed; é(l) are the parameters trained by other four groups
of the data. By maximizing RV («) on o, we chose the model

indexed by a.

Markov Spatial Point Processes

Assume that there are dependences between the positions
of puncta of the same type. Markov (Gibbs) processes (20)
exhibit aggregation (or inhibition) due to interaction between
points, explicating the spatial distribution of puncta by

f(X(’”\n)=Z1 I1-, o) [T o (x (12)

i<j

The interaction terms hy introduce pairwise interaction
between puncta.

We tried different models to characterize interactions
between puncta, Strauss hard processes (23,24) and Fiksel
processes (25), as defined in Egs. 13 and 14. In these models,
free parameters J, 1, and K are required to define the allowed
interaction range of each punctum.

The Strauss hard point process is

0 VI[Xi—=Xj[| <6,i#j
XOm)=3 1 yn .
S ) —11. hg(Xi)ys(X()) otherwise
ZH i=1
(13)
where S(X")={(i,j) : i < j,||Xi=X;|| < r}.S(X™) is the

number of unordered pairs of point that lie closer than radius
r. Each pair of puncta closer than r units contributes 7y to the
density.

The Fiksel point process is
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FX™ )=
0
1 n
Zy 11i=1

This interaction model states that no pair of
points is permitted to come closer than the hard core
distance ¢ and that they do not interact (that is, influ-
ence each other) if the distance between them is more
than radius r.

Similarly to Poisson models, the normalizing constant in
Egs. 13 and 14 is first estimated in the following steps. The
conditional density in these cases can be written as

f(x<">|n) - ZLUB(’ (XW)HH (XW) 7 (15)

where Z) is a normalizing constant, By (X<”>) denotes
the trend terms, and Hy (X(”)) represents the interaction
terms. Given the number of puncta n, the constant is
expressed as

Z(;:J By (X(”)>H9 (X(”)>dX(”>, (16)

A Monte Carlo integration was used to estimate it. A short
derivation gives

Zy= JW By (X<”>) Hy (X<”>) dax

= (JW bg(Xu)qu) nEp(xw)) <H9 (XW) )7 (17)

where the puncta generating distribution is,

X p(x<")),p(X<">) - #%,

According to Eq. 17, the normalizing constant can be esti-
mated by calculating the expected value of Epixny (Ho (X (")))
and the simpler integration of [ by(X,)dX,, respectively. We
estimated the expected value by generating a number of ran-
dom samples according to p(X(")) in Eq. 18, calculating Hy
for each sample and averaging these values. The number of
generated samples was chosen (see Eq. 10) in order to guaran-
tee that the average converges to the expected value. The sim-

(18)

pler integration was estimated by Monte Carlo integration
(see Eq. 9).

Software Availability

The source code will be available in the next release of
CellOrganizer (http://CellOrganizer.org). In addition, a
Reproducible Research Archive containing all source code and
processed results is available at http://murphylab.web.cmu.
edu/software.

bg(Xi)HKjexp (axexp (—x*d(X:,X;))) VIXi—Xj|| <d,i#j d<|Xi—X|| <r’

REsuLrs

Preprocessing

As in our prior work (18), we analyzed images of proteins
from HPA that were annotated as “vesicles”. Each image
includes four fluorescence channels: a particular punctate pro-
tein along with nuclear, microtubule, and endoplasmic reticu-
lum (ER) markers (see Fig. la). We then processed these
images to identify the positions of the components for each
channel. The nucleus was segmented using CellOrganizer as
described previously (13). To estimate the position of the
plasma membrane, we blurred the microtubule channel and
applied a threshold (under the assumption that regions within
the cell would have at least some staining or autofluorescence
in this channel). For microtubule locations, we chose pixels
with locally maximal intensity to represent locations on fila-
ments. A discretization of the ER was obtained through the
same procedure. To locate puncta for each protein, we used
Gaussian object unmixing to resolve the image into separate
Gaussian objects and took their centers as the positions of
puncta, as described previously (13,18). After these steps,
maps of the nuclear boundary, cell boundary, discretized
microtubules, ER landmarks, and detected puncta locations
were available for each cell in the dataset (see Fig. 1b). Pixel
positions were normalized to the range [0,1] using the mini-
mum and maximum pixel number in X and Y.

Assessing the Non-Randomness of Puncta
Distributions

We first asked whether the puncta distribution in each
cell was completely uniform over the cytoplasm (denoted w).
In this case, the positions of puncta would be realizations of a
homogeneous Poisson process (see the Materials and Methods
section), which satisfies the property that the density is con-
stant across every subregion of w.

To test this hypothesis for each of the founder proteins
(Table 1), we used a Monte Carlo-based location test (22) as
described in the Materials and Methods section. The observed
protein patterns for each cell and each founder were com-
pared against samples generated from the homogenous Pois-
son model, retaining observed cell boundaries. Estimate of the
P values was computed. We adjusted each P values using
family-wise Bonferroni correction by multiplying P-values by
the number of tests (the number of cells in this case), consid-
ering that the statistical tests were performed simultaneously
and independently across all cells. As shown in Table 2, the
hypothesis that the puncta are uniformly distributed in the
cytoplasm was rejected at level ®=0.01 for essentially all cells
for all patterns. Thus, the patterns must depend upon one or
more aspects of cell structure.

636 Spatial Point Process Models for Puncta Localization and Interdependence
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Figure 1. lllustration of initial image processing. Founders in cell type U-20S (from left to right): COPE, SEC23B, FLOT1, CLTA, EEA1,
RAB7A, TMEM192, CAT, APC, TFRC, and VPS35. (a) Representative original images depicting stains for nucleus (blue), microtubules (red),
ER (yellow), and the specific protein (green). (b) Processed images showing nuclear and cell boundaries (blue), discretized microtubules
(red), discretized ER landmarks (yellow), and detected puncta locations (green). [Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]

Modeling Puncta Dependences on Other Structures
We next considered the factors on which puncta local-
ization might depend, cellular landmarks that could poten-
tially contribute to the observed heterogeneity. To this end,
six intuitive factors (Fig. 2) were constructed, reflecting
potential dependence of patterns upon cellular membranes,
microtubule networks, and the ER. Given that the puncta
are expected to be located in the cytoplasm, our most basic
factors were grounded in the positions of the nuclear and
cell boundary. Factors 1 and 2 consisted of the distance
from puncta to the nuclear and cell boundary. To capture
the relationship between vesicles (and other puncta) and
the microtubule network, we designed a third and fourth
factor. The third factor was the kernel probability density of
microtubules, for which we used Scott’s rule of thumb for
estimating the smoothing bandwidth (26). As the fourth
factor, we calculated the distance from each point to the
nearest discretized microtubule. These four factors are the
same as considered in our previous work (18). To extend
the model, we defined fifth and sixth factors to quantify the

Cytometry Part A e 89A: 633—-643, 2016

spatial arrangement of puncta relative to ER. These were
done using the same approach as the third and fourth fac-
tors but using the ER distribution instead of microtubules
(Fig. 2).

We then projected the coordinates of each punctum into
a space spanned by the factors described above, a coordinate
system that we believed was comparable across widely varying
cell morphologies and interior organelle arrangements.
Ideally, puncta localization would exhibit some simple struc-
ture in this new coordinate system. Since puncta do not local-
ize in exactly the same position in every cell, the simplest
nontrivial structure is that of a line. In this case, overall
puncta localization could be explained in terms of a log linear
weighted sum over some or all of the factors (referred to as
trend terms). We used generalized linear models to capture
these relationships; these models have interpretations as inho-
mogeneous spatial point processes (20) (see the Materials and
Methods section). Different combinations of factors in trend
terms produced models with qualitatively different predic-
tions of the spatial distribution of puncta localization;

637


http://wileyonlinelibrary.com

ORIGINAL ARTICLE

Table 1. Proteins and antibodies used to model 11 distinguish-
able punctate subpatterns. These are the founder proteins used
previously (18)

PROPOSED

GENE NAME GENE DESCRIPTION ANNOTATION

COPE Coatomer protein complex, COPI
subunit epsilon

SEC23B Sec23 homolog B (S. cerevisiae) COPII

FLOT1 Flotillin 1 Caveolae

CLTA Clathrin, light chain A Coated Pits
EEAl Early endosome antigen 1 Early Endosome
RAB7A RAB7A, member RAS Late Endosome

oncogene family

TMEM192 Transmembrane protein 192 Lysosomes
CAT Catalase Peroxisome
APC Adenomatous polyposis coli RNP bodies
TFRC Transferrin receptor Recycling
Endosome
VPS35 Vacuolar protein sorting Retromer

35 homolog
(S. cerevisiae)

examples are shown in Figure 3. From a visual perspective, the
example pattern produced from a model including microtu-
bule distribution was more similar to the measured pattern
than that produced by either a random model or a model
depending only on nuclear pattern.

To identify the best model quantitatively over all cells,
we used five-fold cross-validation to estimate the likelihood
(27) of models using different combinations of the factors
(Supporting Information Table 1). We found that the best
models were composed of factors 1, 3, 4, or factors 14, since
both have very similar likelihoods. Analysis of the effect over
all 11 patterns of leaving out factors of each organelle com-
pared to the model with all factors reveals that the microtu-
bule factors are the most important followed by the nuclear
factor and the cell factor (Supporting Information Table 2).
Leaving out the cell factor causes the smallest decrease in
likelihood, suggesting that it duplicates information in the
other factors (this is verified by observing that adding the
cell factor to a model with only the nuclear factor improves
it slightly while adding it to a model with only the microtu-
bule factors actually worsens it). Given that cell membrane
location is estimated from the microtubule distribution, this
result seems reasonable. Leaving out the ER factors (from
the full model) causes a substantial positive effect, presum-
ably because relying on those factors causes overfitting (i.e.,
failure to generalize to the held out images). Interestingly,
adding the ER factors improves a model with only the
nuclear factor or both the nuclear and cell factors, suggesting
that the ER pattern does provide useful information when
microtubule information is not available (however, again,
the ER factors lead to overfitting when added to a model
with just the microtubule factors). In summary, we found
strong dependence of the patterns of all 11 puncta on nuclear

Table 2. Test for non-uniform distribution of puncta in the
cytoplasm

NUMBER NUMBER OF CELLS LARGEST
GENE NAME OF CELLS WITH P<0.01 P VALUES
COPE 25 25 0.0004
SEC23B 19 19 0.00052
FLOT1 17 17 0.00058
CLTA 51 51 0.00019
EEA1 44 44 0.00022
RAB7A 15 15 0.00066
TMEM192 19 19 0.00052
CAT 74 74 0.00013
APC 10 10 0.001
TFRC 44 44 0.00022
VPS35 18 18 0.00055

and microtubule position (which includes their dependence
on cell shape).

Analysis of Dependence between Puncta Positions

We further considered the possibility that the positions
of puncta are also dependent upon each other, that is, that the
position of a punctum of one class is affected by the positions
of other puncta of that same class. Markov spatial point
processes allow inhomogeneous process models to be
extended to capture interactions between puncta (see Materi-
als and Methods section). These models are typically com-
posed of two parts, trend terms and interaction terms. The
trend terms, by(-), are same as those of the Poisson model,
log-linear combinations of our factors. So, the total contribu-
tion from trend terms are []', by(x;), where n is the number
of puncta in a cell. Interaction terms, hy(-), are added in
attempt to model between-punctum relationships. An interac-
tion term hy (xi,xj) is defined to be the interaction between
puncta x; and x; in the cell; the total contributions of interac-
tions terms to puncta distribution are thus [, < hy (x,-7 xj). If
hy (x,», xj) =1, Markov process models reduce to inhomogene-
ous Poisson models.

Although so far we have concerned ourselves with mod-
eling the position of the center of each punctum, puncta are
not points, and occupy volume. Strauss hard-core process
models (23,24) represent a modification of point processes
that allow them to consider both the volume of objects and a
maximum possible radius for interaction between them. To
incorporate this, we assume that puncta have a typical size
such that their centers are always farther away from each other
than a certain distance J, and therefore, for any pair of puncta
x; and x; in a single cell, we modify the interaction terms so
that it satisfies kg (x;, %) =0 if ||xi—x;|| < d. To estimate 8, we
calculated the minimum distance between pairwise puncta
across all cells. We also consider a further modification that
pairwise puncta closer than a radius r interacts with a constant
strength, that is, hy(x;, x)) =y if [|x;—x;|| < r. It is not obvious
how to estimate a meaningful fixed value for the interaction
radius r in a data-driven manner. Instead, we first ascertained
a reasonable interval [7in, Tmax)>

638 Spatial Point Process Models for Puncta Localization and Interdependence
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Figure 2. lllustrations of extracted factors. Examples of maps of factors used to model puncta distributions. The factors are calculated from
images of probes for DNA, microtubules, and endoplasmic reticulum after processing as describes in the Methods. The values of each fac-
tor at each position in a typical cell are shown. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

1 } :”’ min _1 M gmax such that the strength of interaction is not fixed but varies
Tmin = =141 > max =11 ’ . .
with between-punctum distance. We thus have

where d""= min;; ||x;—x;| and ™ =max,_; |xi—xl, x, ho (xi, %) =0if [|x;—x;|| < 0,
xj are adjacent puncta in the Ith cell; m is the number of train-
ing cells. Different r values in this interval were sampled and the
best value chosen by optimizing pseudolikelihood as described ho (xi, i) =1if [|xi— x| > r.
below. We summarize the Strauss hard process model as

hg(x,-.,xj):exp(a*exp(—KHx,v—xjH)) if 0 < ||lxi—xi|| < 1,

where a is a parameter indicating the strength of interaction
ho (xi, x;) =0if [|x;—xj|| < 9, and x is a rate parameter controlling the decaying of the
interaction with increasing distance. We picked x =1 here,

ho (xi, %) =7if 6 < ||[x;—x|| < r, since there was no marked distinction when trying different

ho (x;, x;) = 1if [|x;— x| > . values of k.
In these models, parameters are of two kinds: free param-
A further modification, referred to as a Fiksel process (25), eters and regular parameters. Given values of free parameters
involves assuming a more complicated interaction structure including 0, r, and «, the regular parameters, 0,7, and a,

() (d)

Figure 3. Comparison of observed puncta localization and synthetic puncta patterns from different models. (a) An observed pattern for
FLOT1. (b) Example of randomly placed puncta within the same cell and nuclear boundaries (null distribution). (¢c) Example synthesized
pattern of puncta from a model depending on nuclear and cell shapes only (an inhomogeneous model with a combination of factors 1
and 2). (d) Example synthesized pattern of puncta from a model depending on microtubule distribution (an inhomogeneous model with a
combination of factors 3 and 4). [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Table 3. Comparison of the cross-validated average log-
likelihood of different models. The radius for models Fiksel3 and
Strauss3 was 0.0031291 and for Fiksel9 and Strauss9 was
0.0097915. All models used factors 1 through 4, except the mod-
els for peroxisomes and RNP bodies did not use factor 2. The
small differences between the models suggests minimal depend-
ence of puncta positions upon each other

LOCATION FIKSEL3  FIKSEL9 STRAUSS3 STRAUSS9 POISSON

COPI —0.749 —0.751 —0.750 —0.748 —0.749

COPII —0.587 —0.596 —0.587 —0.593 —0.587

Caveolae —0.610 —0.619 —0.607 —0.614 —0.610

Coated pits —0.719 —0.700 —0.717 —0.699 —0.700

Early —0.718 —0.709 —0.718 —0.709 —0.709
Endosomes

Late —0.607 —0.613 —0.606 —0.611 —0.607
Endosomes

Lysosomes —0.577 —0.581 —0.577 —=0.576 —0.577

Peroxisomes —0.714 —0.698 —0.713 —0.697 —0.698

RNP bodies —0.593 —0.594 —0.593 —0.591 —0.593

Recycling —0.665 —0.676 —0.664 —0.674 —0.665
Endosomes

Retromer —0.743 —0.712 —0.741 -0.715 —0.712

were optimized by maximizing log pseudolikelihood (27);
doing this for different values of r allowed the choice of the
best r. Different groups of values of free parameters in Strauss
hard and Fiksel Markov processes are indicative of different
interactions between puncta. However, the free parameters

can only be determined by heuristic methods, and we picked
realistic values for them in a data-driven manner as described
above. We then maximized log pseudolikelihood to optimize
the regular parameters. As seen in Table 3, for each pattern the
likelihoods for the different Markov models were similar to
those of the Poisson model. We therefore did not find support
for the idea that the localization of a punctum is dependent
upon the positions of other puncta for any of the 11 patterns.

Measure of Localization Dissimilarity Between
Patterns

Having demonstrated that the inhomogeneous Poisson
model yields an appropriate description of the spatial distri-
bution of these punctate proteins, we compared the spatial
distributions of different proteins using the Poisson models
for the set of factors that gave the best pseudolikelihood. For
this, we used the total variation of protein distribution across
all cells. The estimate of total variation was implemented by
five-fold cross-validation.

For each cell line, segmented ¢” cells of protein i were
randomly split into five roughly equal-sized groups. T
{1+, mp—={1, 2, 3, 4, 5} is an index that indicates the
partition to which cell is allocated by the randomlzatlon For
the I"* cell, punctate ob)ects were sampled as f 7 within cyto-
plasm w,( , where 0" was trained by the cellg w1th the (rl) i
fold cells removed. Given proteins i and j, we measured the
total variation between them as

Table 4. Dissimilarity between subpatterns in cell line U-20S with values ~1 meaning absolutely distinguishable, while values ~0 are
indistinguishable. We calculated the total variation of founders to discover dependency difference between subpatterns. Minimum values

and founders involved shown in bold

S COPE SEC23B FLOT1 CLTA EEA1 RAB7A TMEM192 CAT APC TFRC VPS35
COPE 0 0.6753 0.5896 0.2954 0.1125 0.6205 0.5722 0.2874 0.4494 0.1758 0.5376
SEC23B 0.6753 0 0.1366 0.7954 0.6555 0.2017 0.1885 0.7402 0.2871 0.4811 0.9991
FLOT1 0.5896 0.1366 0 0.7447 0.5725 0.1630 0.0910 0.6878 0.1964 0.4040 0.9482
CLTA 0.2954 0.7954 0.7447 0 0.2024 0.7635 0.7552 0.0916 0.6386 0.4237 0.2514
EEA1 0.1125 0.6555 0.5725 0.2024 0 0.5955 0.5723 0.1890 0.4500 0.2089 0.4519
RAB7A 0.6205 0.2017 0.1630 0.7635 0.5955 0 0.1741 0.7250 0.2262 0.4237 0.9811
TMEM192 0.5722 0.1885 0.0910 0.7552 0.5723 0.1741 0 0.7129 0.1687 0.3897 0.9833
CAT 0.2874 0.7402 0.6878 0.0916 0.1890 0.7250 0.7129 0 0.6217 0.3872 0.3175
APC 0.4494 0.2871 0.1964 0.6386 0.4500 0.2262 0.1687 0.6217 0 0.2563 0.8960
TFRC 0.1758 0.4811 0.4040 0.4237 0.2089 0.4237 0.3897 0.3872 0.2563 0 0.6912
VPS35 0.5376 0.9991 0.9482 0.2514 0.4519 0.9811 0.9833 0.3175 0.8960 0.6912 0
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Figure 4. Classification of proteins in U-20S into 11 punctate sub-
patterns. Different colors correspond to COPI, COPII, Caveolae,
Coated Pits, Early Endosome, Late Endosome, Lysosomes, Peroxi-
some, RNP bodies, Recycling Endosome, and Retromer, respec-
tively. A dissimilarity matrix among 59 proteins was calculated by
metric multidimensional scaling. [Color figure can be viewed in the
online issue, which is available at wileyonlinelibrary.com.]

where M is the number of samples of Monte Carlo
simulation.

We did this calculation for all pairs of the 11 founders for
each cell line to determine which protein models were distin-
guishable (results for U-20S are shown in Table 4). The
results showed that founders FLOT1 and TMEM192 in cell
line U-20S are somewhat similar but that other pairs of
founders are quite dissimilar. The results for cell lines A-431
and U-251MG (See Supporting Information Tables 3 and 4)
were similar.

Classifying Proteins into 11 Patterns

These results suggest it would be possible to form a basis
for assigning detailed subcellular locations to punctate pro-
teins for which limited information is available. We created
discriminative features for each protein by combining numeri-
cal descriptors of punctate protein patterns (puncta size, dis-
tribution, number of puncta, and average intensity of puncta)
with a measure of the degree of dissimilarity between the
given protein and each of the 11 founder proteins. Thus, the
subcellular localization of each non-founder protein was rep-
resented by a numerical feature vector with 15 elements (four
for puncta properties and 11 for similarities to founders).
Using the feature vectors of the founder proteins, we then
applied the nearest neighbor algorithm to classify non-

Table 5. Proteins in U-20S assigned to 11 subpatterns. For each protein, we calculated the distance from it to founders of subpatterns
and classified it to the subpattern that has the shortest distance

STRUCTURE PROTEINS CLASSIFIED WITH THIS APPROACH PREVIOUSLY CLASSIFIED
1 COPI SMIM19, ERLIN1
2 COPII ZNF155, SYK, PTPRZ1, ATP7A, CTSH, ZNF155, SYK, PTPRZ1, ATP7A
COL11A1, MMAA
3 Caveolae VIM IFI6, ACAA1, SERPINA4, ASB6
4 Coated pits NAPIL5
5 Early Endosomes RAB5C, NAP1L5 RAB5C, COL11A1, MMAA
6 Late Endosomes KIAA0430, PANK2, MAP3K15, B4GALT1I, KIAA0430, PANK2, MAP3K15, B4GALT1,
OSBP2, SPARC, HAP1, OPTN, RPL23, OSBP2, SPARC, HAP1, OPTN, RPL23,
DTX3L, CD300LG, NYAP1, ASB6 PHB, DIABLO, CASP8, 1_Mar, CTSH,
FNDC9, SEC31A, GLUL, MRPL9, ARF-
GAP2, HSPA9, KDM5A, ALDH18A1, RAL-
GAPA1, COMT, TAOK3, HJURP, TREM2,
VIM, PSMB4, ERLIN1, TOMM70A
7 Lysosomes PDZK1IP1, ACAA1, SERPINA4, ACADM, PDZK11IP1, ZBTB38, CACFD1, NYAP1
ALDH18A1, PSMB4
8 Peroxisomes
9 RNP bodies PHB, DIABLO, HSPA9, COMT FBXO15, PDE5A, CD300LG, ACADM,
KLHDCS8B, APOO, TOP1IMT, SAMD9,
IRF3
10 Recycling Endosomes CASPS8, 1_Mar, ZBTB38, FNDC9, IFI6, DTX3L, SMIM19
SEC31A, GLUL, MRPL9, FBXO15, ARF-
GAP2, PDE5A, KDM5A, KLHDC8B,
APOOQO, TOP1IMT, SAMDY9, RALGAPAI,
CACFD1, IRF3, TAOK3, HJURP, ARID4A,
TREM2, TOMM70A
11 Retromer 1-9, ARID4A
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Table 6. Proteins in U-20S assigned to the same patterns. We
picked the proteins assigned into the same classes based on the
classification results displayed in Table 5

NUMBER OF SPECIFIC PROTEINS
PROTEINS OF IN THE SAME
STRUCTURE SAME CLASS PATTERNS

1 COPI 0

2 COPII 4 ZNF155, SYK,
PTPRZ1, ATP7A

3 Caveolae 0

4 Coated pits 0

5  Early Endosomes 1 RAB5C

6  Late Endosomes 9 KIAA0430, PANK2,
MAP3K15, BAGALT1,
OSBP2, SPARC,
HAP1, OPTN, RPL23

7  Lysosomes 1 PDZK1IP1

8  Peroxisomes 0

9  RNP bodies 0

10 Recycling 0

Endosomes

founder protein patterns into 11 classes (see Table 5 and Sup-
plementary Tables 5 and 6). To visualize the classification
results, each protein was placed in 2-dimensional space by
nonmetric multidimensional scaling (see Fig. 4 and Support-
ing Information Figs. 1 and 2).

We then compared these results to previous classification
results (18). Such comparison enabled us to identify proteins
that were assigned to the same pattern by both classifiers. This
provided more convincing evidence that the assigned subcel-
lular location of these proteins is correct (see Table 6 and Sup-
porting Information Tables 7 and 8).

Discussion

CellOrganizer provides a systematic framework for mod-
eling dependent localization of cellular proteins, a critical rela-
tionship in understanding dynamic and functional
relationships. Here, we extend CellOrganizer to capture and
model potential relationships among individual constituents
in a cell using available cellular markers. We use spatial point
processes to characterizing the subcellular localization of a
punctate object relative to the positions of the nucleus, cell
membrane, microtubule network, ER, and other puncta in an
individual cell.

We found evidence that punctum distributions are
dependent on the nuclear and cell membranes and microtu-
bules. While our models did not suggest inter-puncta depend-
ence, we lacked the statistical power to reject this possibility
given our sample size. However, a similar lack of spatial
dependence was observed for constitutive exocytosis events
(28).

Another goal was to recognize punctate protein patterns
among previously uncharacterized proteins. To this end, we
started by ensuring that the founder proteins could be distin-

guished by measuring the dissimilarity between them. The
results indicated that the founder protein patterns are almost
completely distinguishable in each cell line such that it is feasi-
ble for us to make use of dependence dissimilarity as discrimi-
native features for classification of uncharacterized proteins.
We compared our predictions with those previously made and
identified proteins highly likely to be localized in one of the
11 founder patterns.

The methods described here are complementary to image
analysis methods for dissecting subcellular compartmentaliza-
tion and trafficking, such as tracking and morphological anal-
ysis of endocytic pathways (29). The fusion of various
organelle detection methods with frameworks for constructing
generative models of inter-organelle dependence such as those
described here is expected to be highly useful for learning the
relationships among different cellular components in a wide
range of applications.

ACKNOWLEDGMENTS
We thank Dr. Shuliang Wang for helpful discussions.

LiTeRATURE CITED

1. Kitano H. Computational systems biology. Nature 2002;420:206-210.

2. Sauro HM, Hucka M, Finney A, Wellock C, Bolouri H, Doyle J, Kitano H. Next gen-
eration simulation tools: The Systems Biology Workbench, and BioSPICE integra-
tion. Omics 2003;7:355-372.

3. Tomita M. Whole-cell simulation: A grand challenge of the 21st century. Trends Bio-
technol 2001;19:205-210.

4. Stiles JR, Bartol ], Salpeter TM, Salpeter EE. MM, Monte carlo simulation of neuro-
transmitter release using MCell, a general simulator of cellular physiological proc-
esses. Big Sky, MT 1997, Proc Comput Neurosci 1998; p 279-284.

5. Loew LM, Schaff JC. The Virtual Cell: A software environment for computational
cell biology. Trends Biotechnol 2001;19:401-406.

6. Meier-Schellersheim M, Xu X, Angermann B, Kunkel EJ, Jin T, Germain RN. Key
role of local regulation in chemosensing revealed by a new molecular interaction-
based modeling method. PLoS Comput Biol 2006;2:82.

7. Andrews SS, Addy NJ, Brent R, Arkin AP. Detailed simulations of cell biology with
Smoldyn 2.1. PLoS Comput Biol 2010;6:e1000705.

8. Murphy RE CellOrganizer: Image-derived models of subcellular organization and
protein distribution. Meth Cell Biol 2012;110:179-193.

9. Peng T, Murphy RFE. Image-derived, three-dimensional generative models of cellular
organization. Cytometry Part A 2011;79A:383-391.

10. Peng T, Wang W, Rohde GK, Murphy RF. Instance-based generative biological shape

modeling. Boston, MA 2009, Proc Intl Symp Biomed Imaging 2009; p 690-693.

. Rohde GK, Ribeiro AJ, Dahl KN, Murphy RF. Deformation-based nuclear mor-
phometry: Capturing nuclear shape variation in HeLa cells. Cytometry Part A 2008;
73A:341-350.

12. Shariff A, Murphy RF, Rohde GK. A generative model of microtubule distributions,
and indirect estimation of its parameters from fluorescence microscopy images.
Cytometry Part A 2010;77A:457-466.

13. Zhao T, Murphy RE. Automated learning of generative models for subcellular loca-
tion: Building blocks for systems biology. Cytometry Part A 2007;71A:978-990.

14. Apte ZS, Marshall WF. Statistical method for comparing the level of intracellular
organization between cells. Proc Natl Acad Sci USA 2013;110:E1006-E1015.

15. Sheetz MP, Vale R, Schnapp B, Schroer T, Reese T. Movements of vesicles on micro-
tubules. Ann N Y Acad Sci 1987;493:409-416.

16. Klann M, Koeppl H, Reuss M. Spatial modeling of vesicle transport and the cytoskel-
eton: The challenge of hitting the right road. PLoS One 2012;7:e29645.

17. Barbe L, Lundberg E, Oksvold P, Stenius A, Lewin E, Bjorling E, Asplund A, Ponten
E, Brismar H, Uhlen M, et al. Toward a confocal subcellular atlas of the human pro-
teome. Mol Cell Proteomics 2008;7:499-508.

18. Johnson GR, Li J, Shariff A, Rohde GK, Murphy RE. Automated learning of subcellu-
lar variation among punctate protein patterns and a generative model of their rela-
tion to microtubules. PLoS Comp. Biol 2015;11:¢1004614.

19. Sisson SA. Statistical inference and simulation for spatial point processes. ] Roy Stat
Soc Ser A StatSoc2005;168:258-259.

20. Moller J, Waagepetersen RP. Modern statistics for spatial point processes. Scand J

Stat 2007;34:643 — 684.

. Baddeley A, Turner R. Modelling spatial point patterns in R. In: Baddeley A, Gregori
P, Mateu J, Stoica R, Stoyan D, editors. Case Studies in Spatial Point Process Model-
ing. Vol. 185, Springer New York: Lecture Notes in Statistics; 2006. pp 23-74.

22. Diggle PJ. On parameter estimation and goodness-of-fit testing for spatial point pat-

terns. Biometrics 1979;35:87—-101.

1

—

2

—

642 Spatial Point Process Models for Puncta Localization and Interdependence



ORIGINAL ARTICLE

23. Kelly FP, Ripley BD. A note on Strauss’s model for clustering. Biometrika 1976;63: 27. Baddeley A, Turner R. Practical maximum pseudolikelihood for spatial point pat-
357-360. terns. Aust New Zeal ] Stat 2000;42:283-322.

24. Strauss DJ. A model for clustering. Biometrika 1975;62:467-475. 28. Sebastian R, Diaz ME, Ayala G, Letinic K, Moncho-Bogani J, Toomre D. Spatio-tem-

25. Fiksel T. Estimation of parameterized pair potentials of marked and non-marked pQral gn_alyﬂs of constitutive exocytosis in epithelial cells. IEEE/ACM Trans Comput
Gibbsian point processes. Electron Inform Kybernet 1984;20:270-278. Biol Bioinform 2006;3:17-32.

26. Jones MC, Marron JS, Sheather SJ. A brief survey of bandwidth selection for density 29. Banerjee Ij Yamauchi Y, HelemL}S A, HO"Vath P. ‘nghjm“tem analysis of sequential
estimation. ] Am Stat Assoc 1996;91:401—407. events during the early phase of influenza A virus infection. PLoS One 2013;8:¢68450.

Cytometry Part A e« 89A: 633—-643, 2016 643



	l
	l
	l
	l
	l
	l

