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ABSTRACT The cellular interior is a spatially complex environment shaped by nontriv-
ial stochastic and biophysical processes. Within this complexity, spatial organizational
principles—also called spatial phenotypes—often emerge with functional implications.
However, identifying and quantifying these phenotypes in the stochastic intracellular en-
vironment is challenging. To overcome this challenge for puncta, we discuss the use of in-
ference of point-process models that link the density of points to other imaged structures
and a random field that captures hidden processes. We apply these methods to simulated
data and multiplexed immunofluorescence images of Vero E6 cells. Our analysis suggests
that peroxisomes are likely to be found near the perinuclear region, overlapping with the
endoplasmic reticulum, and located within a distance of 1 μm to mitochondria. Moreover,
the random field captures a hidden variation of the mean density in the order of 15 μm.
This length scale could provide critical information for further developing mechanistic hy-
potheses and models. By using spatial statistical models including random fields, we add a
valuable perspective to cell biology.

SIGNIFICANCE STATEMENT

� The quantification of the remarkable spatial organization within cells from microscopy images
is challenging because of spatial variability and unknown—not imaged—effects.

� The authors introduce spatial statistical models based on log-Gaussian Cox processes to
quantify spatial phenotypes of puncta. These models can include other imaged components,
such as different organelles, prior knowledge about spatial organization, and a Gaussian ran-
dom field to describe spatial variability. These methods are applied to synthetic data derived
from a biophysical model and experimental data of imaged peroxisomes.

� The study quantitatively connects spatial phenotypes via statistical models to a biophysical
interpretation.
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SEING SPATIAL PHENOTYPES THROUGH THE
RANDOMNESS
The interior of cells comprises a spatially complex array of compo-
nents, including cytoskeletal filaments such as microtubules and
actin, various vesicular organelles such as endosomes, peroxi-
somes, lipid droplets, and polymorphic structures like mitochon-
dria and the endoplasmic reticulum (ER) that constantly undergo
membrane remodeling. These components are distributed in dis-
tinct ways throughout the cell. Cytoskeletal filaments often have a
radial arrangement that spans a significant proportion of the cell.
The ER is dense and sheet-like around the nucleus and tubular at
the periphery. Mitochondria form dynamic networks that tend to
cluster near the nucleus but can also reach out to the cell periphery.
Vesicular organelles may be dispersed at seemingly random loca-
tions or in proximity to other organelles. This complex spatial land-
scape emerges from multiple processes such as transport mech-
anisms, interactions among components, and chemical reaction-
diffusion networks, all of which inherently exhibit a random nature
manifested in the complex spatial organization of cells.

Behind the complexity and randomness, there are certain spa-
tial organizational principles—which we call spatial phenotypes—
that are integral to cellular function. For example, the clustering
of receptors enhances cooperative activation (Sourjik, 2004), the
radial arrangement of microtubules facilitates efficient cargo trans-
port, and the proximity of organelles promotes effective molecular
exchange (Elbaz and Schuldiner, 2011; Phillips and Voeltz, 2016).
Thus, understanding life at the cellular level requires answering
the key questions: What are the spatial phenotypes of the cellular
components? How do they emerge? And why does the cell adopt
these specific arrangements? Addressing these questions begins
with identifying spatial phenotypes from microscopy images, which
requires “eing through” the apparent complexity and randomness
of the intracellular spatial landscape.

As a first step toward identifying and quantifying spatial pheno-
types, we will focus on cellular components that appear point-like
in microscopy images, commonly referred to as puncta, such as
vesicular organelles, aggregates, and individual molecules. These
point-like components, characterized primarily by their locations,
are less spatially complex than other cellular components whose
spatial organization involves different geometrical features such as
shape, orientation, and size. This simplicity makes their quantifi-
cation more tractable, providing a manageable starting point for
identifying and quantifying spatial phenotypes. From a dataset of
locations of puncta, which we will refer to as a point pattern, we
would like to identify spatial phenotypes of these puncta such as
clustering, spatial gradients of point densities, and proximity to
other structures.
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Returning to the “how,” “what,” and “why” of spatial pheno-
types for point-like components, we would like to convey the fol-
lowing conceptual framework, see Figure 1. Generally speaking,
biophysical and biochemical processes, genetics, and environmen-
tal conditions are the causal factors behind the spatial distribution
of point-like components. These complex processes can be rep-
resented as a point process—a stochastic mathematical model—
whose realizations are point patterns. Assuming that the observed
point pattern is generated by such a point process, we can then
fit the model to quantify the spatial phenotype, answering the
“what.” Once a spatial phenotype is identified, it can inform the
construction of mechanistic hypotheses on the “how” and “why,”
which can be further investigated through experiments and bio-
physical models.

To see the spatial phenotypes behind the apparent random-
ness, we need statistical methods tailored for point patterns. In cell
biology, elements of point-pattern analysis are increasingly utilized
to analyze imaged puncta (Nicovich et al., 2017; Levet et al., 2019;
Khater et al., 2020; Wu et al., 2020). The most common tools are
summary statistics related to the distances between points, indicat-
ing whether a pattern is completely random, clustered, or regularly
spaced. Although these statistics provide some initial insight, they
typically enable only limited interpretations and fail to reveal more
of the organizational processes suggested by the observed pat-
terns. A deductive approach to translating a hypothesis for spatial
phenotypes into a statistical model is more suitable for quantifying
and identifying spatial phenotypes. Such spatial statistical models
for point patterns have been broadly applied in other fields, such as
geoscience, ecology, and epidemiology, to investigate the spatial
correlation of points to other structures, spatial trends, and effec-
tive interactions between points (Diggle, 2013; Illian et al., 2013;
Raynaud and Nunan, 2014; Baddeley et al., 2015; Velázquez et al.,
2016). Despite their relevance in describing cellular point patterns,
spatial statistical models have not yet attracted much attention in
cell biology.

Toward quantifying spatial phenotypes of puncta using spatial
statistical models, it is important to acknowledge that spatial orga-
nization is usually influenced by multiple, often hidden, processes
and structures. The cellular processes that determine the organi-
zation of puncta in cells often leave traces of their spatial charac-
teristics in the point patterns that they generate. Quantifying these
hidden spatial characteristics and how they change under pertur-
bation through the point pattern can help us construct mechanistic
hypotheses on their origin. To that extent, we need statistical mod-
els that can explain spatial heterogeneity through hidden random
components. Ideally, these models would be biophysical, including
transport mechanisms, physical interactions, and dynamics. How-
ever, the complexity and lack of knowledge of the processes that
determine the organization make the construction of such mod-
els difficult. Therefore, we can instead phenomenologically model
the hidden part of the spatial heterogeneity of point patterns us-
ing mathematical structures that can capture the collective effect
of the processes behind it.

Gaussian random fields (GRFs) are one type of such mathemat-
ical structure. They assume random but correlated values through-
out space (Rue and Held, 2005). A model that uses GRFs to cap-
ture the hidden spatial heterogeneity in the density of points is
the log-Gaussian Cox process (LGCP) (Møller et al., 1998). Recent
advances in computational statistics have made the inference of
LGCPs from point pattern data possible (Rue et al., 2009; Lindgren
et al., 2011; Simpson et al., 2016), allowing us to estimate parame-
ters that characterize it, such as its variance and correlation length.
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FIGURE 1: Conceptual framework. We relate the “how?,” “why?,” and “what?” of the spatial organization in cells;
Different processes generate spatial phenotypes that, in turn, mediate biological functions. Point processes inferred
from the spatial phenotypes or constructed from statistical descriptions can not only quantify the spatial phenotypes
but also inform mechanistic hypotheses for the underlying causes. Furthermore, they may suggest functional relations
between cellular components.

Consequently, statistical models, including GRFs, have been in-
creasingly applied to elucidate the hidden structures behind point
patterns in fields such as ecology and geoscience (Li et al., 2012;
D’Angelo et al., 2022).

In the following sections, we briefly introduce point-pattern
analysis, discussing spatial Poisson processes and LGCPs, as spa-
tial statistical models that link the density of point-like components
to other imaged cellular structures and capture the hidden spatial
variability by GRFs. We present these concepts intuitively within
the context of cell biology and our framework for connecting point
patterns to spatial phenotypes.

First, to showcase how these models capture hidden spatial het-
erogeneity, we apply them on synthetic data of simulated diffusing
particles in a crowded cell. Then, to demonstrate the practical ap-
plication of these models on experimental data, we fit an LGCP
model to point patterns of imaged peroxisomes in Vero E6 cells, a
kidney epithelial cell line derived from the African green monkey.
This model quantifies the spatial correlation of peroxisomes with
two possible partners; the ER, well known to interact with peroxi-
somes, and the mitochondria, with which the extent of interaction
is less clearly understood in mammalian cells (Kumar et al., 2024).
In addition, the proximity of peroxisomes to the nucleus is also con-
sidered. By including a GRF in the model, we capture residual spa-
tial variability in the peroxisomes’ distribution, characterized by a
correlation length of about 15 μm, reminiscent of a hidden process
that may influence their spatial organization.

FROM COMPLETE SPATIAL RANDOMNESS TO SPATIAL
STATISTICAL MODELS
To illustrate the framework shown in Figure 1, let us consider a
collection of molecules diffusing inside a cell. Assuming that they
follow ideal diffusion without interactions with the cell boundary,
these particles are equally likely to be found everywhere within
the cell. Here, the physical mechanism behind the distribution of
molecules is diffusion. Snapshots of these diffusing particles can be
represented with the following point process: We place the points
representing the molecules randomly in space and independently
of each other. This process is referred to as complete spatial ran-
domness (CSR) or the homogeneous Poisson process and has the
following characteristics: 1) the number of points found in any given

region of space follows a Poisson distribution with a mean propor-
tional to its area in two dimensions and to its volume in three di-
mensions; 2) the mean density of points is the only parameter char-
acterizing CSR. The mean density can be inferred from the data as
the number of points in a sample divided by the area or volume of
the observation. Therefore, the spatial phenotype here is the CSR
quantified by the mean density, a single constant number, which is
uniform across space.

The simplicity of CSR and its analytical properties make it the
central null model in point-pattern analysis, as it can be used to
quantify the degree of randomness in a point pattern. Several
widely used statistical tools use CSR as a benchmark to gain statis-
tical insight into the properties of a point pattern. They include the
estimation of distributions similar to the nearest-neighbor function
to quantify the degree of clustering of point patterns and the esti-
mation of local mean density through quadrat counting and kernel
smoothing (Baddeley et al., 2015). These tools can indicate devi-
ations from CSR, such as clustering, regularity, or, in general, het-
erogeneity of the mean density.

Toward modeling the effect of the highly heterogeneous and
dynamic cellular environment on the distribution of puncta, we can
consider points that are scattered independently of each other,
given a mean density that is nonhomogeneous in space—a pro-
cess known as the nonhomogeneous Poisson process. In this case,
we construct statistical models that include a mean density that de-
pends on other structures, for example, on other simultaneously
imaged components, and on hidden spatial effects.

MODELS BASED ON PREDICTIVE MAPS: LINKING THE
MEAN DENSITY OF A POINT PATTERN TO IMAGED
STRUCTURES
Spatial associations between cellular components are very com-
mon and are often related to functional synergies among them.
Therefore, images of one structure can be used to predict the pres-
ence of another. For point patterns, we can incorporate information
from other imaged structures into a model for the mean density.
For example, we can directly use the fluorescence intensity of the
structures as a predictive map or construct maps of the nearest dis-
tance from them to capture proximity. We use the term predictive
maps to denote that they could potentially have predictive power
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for the mean density through spatial correlations, although we re-
main agnostic about potential causal relationships.

We describe the mean density as the exponential of the
weighted sum of such predictive maps because the additivity
makes interpretation easier and the exponential ensures that the
mean density remains positive. Thus, we write the mean density at
position r in the cell as

mean density (r) = Exp[β0P0(r) + β1P1(r) + β2P2(r) + · · · ].

Here, Pi(r) are the predictive maps, of which we set P0(r) = 1
as the zero-bias predictive map, and βi are their associated weight
parameters that quantify the extent of their influence on the mean
density. Each component thus scales the mean density by a fac-
tor of eβiPi (r) independently of the other components. Then the co-
efficient βi quantifies the spatial association of the puncta to the
corresponding map.

To facilitate better interpretation, it is common in spatial statis-
tical modeling to standardize these predictive maps so that their
mean is zero and standard deviation is 1. This standardization has
two key benefits: 1) it isolates the constant effect within β0, leaving
the other maps to explain spatial fluctuations around that base-
line; and 2) the fold-change in density from a standardized predic-
tor value of −1 to +1 is simply e2β . This standardization makes the
coefficients βi directly comparable between different maps.

The physical interpretation of spatial association varies depend-
ing on the context and the available information about the system.
A positive association might suggest that puncta form on, bind to,
or become trapped by a particular imaged structure. Conversely, a
negative association with a structure could indicate spatial exclu-
sion or degradation of the puncta component in its presence. It is
also important to note that such associations need not arise directly
from the imaged structure itself; they may be mediated indirectly
through other structures or processes.

This formulation based on the addition of predictive maps does
not capture potential interdependencies among them. Interaction
terms that represent joint characteristics of multiple predictors can
be as simple as the product of two predictive maps. One simple
biophysical interpretation of interaction terms is that the presence
of a puncta structure may require multiple components to coin-
cide, producing a specific effect that depends on their combined
interaction. Because we are introducing these concepts in a cell
biology context—and because selecting and interpreting interac-
tion terms can quickly become difficult—we focus here on models
without them.

Given a dataset of puncta locations, and available predictive
maps, the parameters βi can then be inferred using, for example,
the spatstat package (Baddeley and Turner, 2005). From the in-
ference, we can determine to what extent point-like components
spatially correlate with specific cellular structures. Discovering the
causal mechanisms behind the spatial correlation, of course, still
requires the development of mechanistic hypotheses and pertur-
bation experiments. Analyzing how these perturbations affect the
parameters inferred with these models can provide deeper insights
into the underlying biological processes that determine organiza-
tion. Although this approach offers valuable insight, it can only
capture part of the complex spatial distribution of point-like com-
ponents within cells, because it only accounts for spatial associa-
tions in relation to the imaged structures. However, a large part
of the organization is likely associated with structures and pro-
cesses not included in the model. Remarkably, in statistical mod-
eling, techniques have been developed to include hidden spatial

structures in the model of the mean density, and thus provide a new
approach to uncover spatial organizational principles from point
patterns.

MODELS BASED ON GRFS: LINKING THE MEAN DENSITY
OF A POINT PATTERN TO HIDDEN SPATIAL STRUCTURES
Although predictive maps based on imaged structures provide a
starting point for describing the mean density, they barely scratch
the surface of the spatial cellular complexity. Numerous other fac-
tors that are not observed and hence unknown could play crucial
roles in this organization. These hidden factors could potentially
contribute to the spatial variability of the observed point pattern
and also influence characteristic length scales.

As a simple illustrative example of hidden spatial structure, let
us consider a point process with a spatially dependent mean den-
sity that has high values around hidden “activity centers,” resulting
in point patterns with clusters; these models are generally referred
to as Neyman-Scott processes (Baddeley et al., 2015). A special
case is a Matérn cluster process that considers circular regions, in
which points are placed according to CSR (Matérn, 1960). Alter-
natively, the mean density of a point pattern can be described
as the sum of Gaussian functions whose centers are distributed
following CSR—a process known as the Thomas cluster process
(Thomas, 1949). These models provide a framework for inferring
hidden spatial characteristics, such as length scales and mean den-
sities related to the activity centers directly from point patterns.
However, the hidden structure of these models is rather rigid be-
cause the activity centers have a fixed shape which makes them
inadequate to account for the remarkable spatial complexity of
cells.

To effectively describe the combined contribution of different
cellular processes that influence the spatial patterns of point-like
organelles, we need a more flexible mathematical object. Such
an object should first account for spatial fluctuations and, second,
follow the principle that proximity implies stronger relatedness—a
concept as important in cell biology as it is in geography—in other
words, it has random values in space that are spatially correlated.
GRFs are such mathematical objects, and their use in uncovering
hidden effects behind point patterns is on the rise.

GRFs are continuous random fields whose values at any set of
locations are jointly distributed by a multivariate Gaussian distribu-
tion with distance-dependent correlation. Thus, a GRF is character-
ized by its mean and spatial correlation structure, which describes
how the values at nearby points depend on each other. The correla-
tion structure is usually imposed through a choice of a covariance
function, which is typically a decreasing function of the distance
between points and characterized by a single correlation length.
This correlation length describes how fast the correlation between
two values of the GRF decays as their distance increases. There-
fore, our GRF depends on the position r, the mean μ, the stan-
dard deviation σ, and the correlation length ρ, combined in the
notation GRF(r; μ, σ, ρ ). The spatial structures generated by such
a GRF depend on the size of the correlation length, see Figure 2.
A GRF with zero correlation length, meaning that its values are un-
correlated and drawn independently from a Gaussian distribution,
describes spatial white noise. GRFs have been used successfully
in spatial modeling in various fields and are discussed in detail in
textbooks (Rue and Held, 2005).

GRFs have been implemented as determining factors in the
analysis of point patterns by considering the mean density as the
exponential of a GRF or equivalently, the logarithm of the mean
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FIGURE 2: LGCP. Each column represents a realization, with the
underlying GRF having an increasing correlation length from left to
right. The hierarchical structure of the model is illustrated vertically
with arrows indicating dependencies. On the top, there are three
observed point patterns sampled from the mean densities shown in
the middle. The mean densities are derived from the exponential
transformation of the respective GRFs, shown at the bottom. Both
the mean densities and the GRFs are hidden—not observed.

density as a GRF (Møller et al., 1998). In this case, the mean den-
sity is now a random surface. Therefore, a point pattern generated
from a Poisson process with such a stochastic mean density is a re-
sult of a doubly stochastic process. Such a doubly stochastic Pois-
son process with a stochastic mean density is called Cox process,
and the particular process with a GRF is referred to as the LGCP.
For such a LGCP model, we write the mean density as

mean density (r) = Exp [β0P0 (r) + GRF (r;μ = 0, σ, ρ )] ,

in which the mean μ of the GRF has been absorbed by the coef-
ficient β0 of the zero-bias predictive map P0(r) = 1, introduced in
the previous model.

To intuitively interpret the parameters defining the GRF and
thus the inhomogeneity, we first consider the correlation length ρ.

This parameter characterizes the size of patches with high and low
densities. The magnitude of the density difference between these
patches relative to the mean density of points can be described by
the fold-change of the mean density between the “hot spots” and
“cold spots.” Taking a typical value for a hot spot in the GRF, +σ,

and a typical value for a cold spot −σ, the fold difference in the
mean density between them is e2σ .

If we assume that such a process governs an observed point pat-
tern, we want to quantify the values of the underlying GRF and its
characteristics from that point pattern. However, inferring a LGCP
presents both conceptual and computational challenges. Despite
these difficulties, an increasing number of techniques have been
developed to streamline and optimize inference for LGCP models
(Taylor et al., 2013; Bachl et al., 2019).

MIXED MODELS BASED ON PREDICTIVE MAPS AND
GRFS: LINKING THE MEAN DENSITY OF A POINT
PATTERN TO IMAGED AND HIDDEN SPATIAL
STRUCTURES
Standard GRFs are spatially stationary and isotropic, meaning that
any location in space is statistically equivalent to any other. These
properties are unlikely to hold for intracellular organization be-
cause there are many well-known organizational trends imposed
by subcellular structures and processes. Adequate predictive maps
as components of the mean density can capture a large part of this
organization. To describe the remaining spatial variation and het-
erogeneity caused by unobserved, hidden processes, we propose
to add a GRF as a complementary component to the mean density.

Such a mixed model for the mean density includes predictive
maps and a GRF, and is given by,

mean density (r) = Exp [β0 + β1P1 (r) + β2P2 (r)

+ · · · + GRF (r;σ, ρ )] .

This mixed model consists of several components that con-
tribute to the mean density. Depending on the specific predictors
used in the model to capture trends in the data, the free model
parameters will acquire different numerical values when fitted to a
point pattern. Therefore, the results depend on the combination
of components used in the model and how they compete or com-
plement each other. For example, if there is a large-scale spatial
trend in the data, the GRF without predictive maps will try to cap-
ture that trend with a large correlation length. In contrast, if that
trend could be explained by a predictive map, the GRF will cap-
ture residual spatial variability. The fitted parameters should thus
always be interpreted together for consistent quantitative insights
and also carefully compared across different models.

In the next sections, we outline how to fit such models to simu-
lated and experimental data using a Bayesian statistical framework.

BAYESIAN INFERENCE OF MIXED MODELS
Here, we outline the Bayesian inference procedure for modeling a
mean density, incorporating predictive maps and a GRF to char-
acterize the spatial phenotype of a point pattern. Following a
Bayesian approach, the results are expressed as posterior distribu-
tions of the parameters given the observed data. These posterior
distributions for the parameters βi, ρ, σ, as well as for the predicted
GRF and the mean density, collectively quantify the spatial pheno-
type.

To perform the inference, we must first choose appropriate prior
distributions for the model parameters. Priors represent our ini-
tial beliefs about parameter values. When knowledge is limited,
it is common to use broad, uninformative priors. To estimate how
broad the priors for β should be, we consider their effect on the
mean density which is the exponential of their product with a typi-
cal value of the predictive map. For standardized predictive maps,
the mean density between a cold spot and a hot spot is given by
e2β, as discussed above. Our aim is to construct a broad distri-
bution for β. Therefore, we consider a few example cases: β = 1
corresponds to about a e2 ≈ 7-fold difference and β = 10 to a
difference of e20, which is an extremely large value. Such a large
contribution implies that a predictive map completely reflects the
mean density. Thus, selecting priors that cover β values substan-
tially larger than 1 can be considered noninformative, such as a nor-
mal distribution with a standard deviation of 100 as used through-
out this study.
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For the parameters of the GRF, a typical choice of prior is a
penalized complexity prior designed to penalize very small ρ and
large σ , both of which would result in an overly flexible GRF and
thus risk overfitting (Simpson et al., 2017; Fuglstad et al., 2019). In
practice, these priors can be defined with a likely minimum for ρ

and a likely maximum for σ. A reasonable choice for the possible
minimum for ρ would be the physical size of the structure corre-
sponding to the puncta. To choose a maximum for σ , we consider
what the maximal contribution by the GRF could be. Given the ar-
guments discussed above, the fold difference in the mean density
is e2σ . In this way, a maximum σ can be estimated from the fold
difference of cold and hot spots in the dataset.

With the choice of prior distributions for the parameters,
Bayesian inference can be carried out using different methods.
These methods include Markov chain Monte Carlo (MCMC), varia-
tional methods, and the integrated nested Laplace approximation
method (INLA) (Teng et al., 2017).

In the following sections, we proceed with two applications in
which we present a detailed model construction and interpretation.
A thoroughly documented, step-by-step implementation of these
analyses is available in our GitHub repository (Nicolaou, 2024), en-
suring full reproducibility and deeper insight into the procedures.
For both applications, we use the inlabru R package (Bachl et al.,
2019), which is based on an INLA method for approximate Bayesian
inference of latent Gaussian models and on recent developments
in the field of spatial statistical modeling (Rue et al., 2009; Lindgren
et al., 2011; Simpson et al., 2016). A key requirement for spatial in-
ference in inlabru is the construction of a two-dimensional mesh
covering the extent of the dataset. Because this mesh discretizes
the spatial domain, its resolution must be fine enough to capture
the relevant spatial details.

A MIXED MODEL CAN QUANTIFY A DENSITY GRADIENT
AND HIDDEN CROWDING FROM SIMULATED DATA OF
DIFFUSING PARTICLES
To illustrate how a mixed spatial statistical model can reveal key
biophysical features in cellular systems, we fit such a model to a
synthetic dataset generated by a simple biophysical simulation.
Specifically, in this simulation, we describe point particles, repre-
senting our puncta, diffusing through a crowded two-dimensional
cellular environment, see Figure 3A. Snapshots of the simulation in
the steady state provide point patterns that we fit with our mixed
model, see Figure 3B.

To construct the simulation, we represent a crowded two-
dimensional cellular environment using an annulus: the inner cir-
cle corresponding to the nuclear membrane and the outer circle
corresponding to the cell membrane. We choose the radius of the
outer circle as the unit of length and the radius of the nucleus 1/3
in this unit. We place disks of radius 0.1 as static, stationary obsta-
cles in the annular domain. The positions of these disks follow a
homogeneous Poisson process with an average density of 20 disks
per unit area. This construction is also known as a Boolean model
of disks (Chiu et al., 2013), which has been widely used to mimic
crowding effects in porous media (Horgan and Ball, 1994; Scholz
et al., 2015).

Our point particles of interest are produced at a constant rate
on the surface of the nucleus and subsequently spontaneously de-
grade independent of their position. We consider the lifetime of
the particles as the time unit, and with this unit, we choose the
production rate to be equal to 100. These particles diffuse in the

area of the annular domain that is not occupied by the obstacles
with a diffusion coefficient of 0.3 in the introduced units.

For this simple biophysical process, we can immediately de-
duce some relevant quantities. First, the mean number of par-
ticles should be production rate × lifetime = 100, following stan-
dard population dynamics. Moreover, given that the particles are
produced on the nucleus and diffuse with a mean lifetime of 1, one
expects a characteristic decay length of the mean density of par-
ticles described by

√
diffusion coefficient × lifetime ≈ 0.55. Last,

regarding crowding, multiple length scales, such as the obstacle
radius, the cluster sizes, and the typical size of the obstacle-free ar-
eas, collectively influence local diffusion in this system. We expect
that the Gaussian random field component of the statistical model
would effectively capture their net effect and suggests the correct
order of magnitude of these length scales.

By fitting a mixed model to these simulated point patterns, we
can evaluate the model’s ability to infer underlying parameters,
such as the decay length, and the spatial heterogeneity induced
by crowding. Thus, we not only validate our approach with syn-
thetic data but also provide a framework for applying such model-
ing techniques to experimental datasets from cell biology.

To connect the simulation results to a statistical framework, we
construct a statistical model for the mean particle density that in-
corporates biologically motivated predictive maps. Specifically, we
consider the distance from the nucleus as a predictive map, re-
flecting the assumed gradient of particle density, and a constant
zero-bias predictive map, as in all models discussed here. The
spatial heterogeneity in the mean density of particles induced by
the crowding structures, which are now hidden in the observa-
tional data, is then modeled with a Gaussian random field. The
dataset used to fit the model only includes the point pattern
and the predictive map for the distance, see Figure 3C. No di-
rect information about the crowding structures is provided to the
model.

The mean density is thus given by

mean density (r) = Exp [β0 + βdPd (r) + GRF (r;σ, ρ )] ,

in which Pd(r) is the predictive map for the distance from the nu-
cleus at location r, and GRF(r, σ, ρ ) is a Gaussian random field char-
acterized with a standard deviation σ and a correlation length ρ.

The parameters βi are the respective weights.
To capture the spatial phenotypes of the point pattern, we per-

form an aggregated fit that includes nine unique simulated cells, in
which we take a snapshot of the particle locations when the simula-
tion has reached a steady state. We choose noninformative priors
for the parameters of the statistical model, in which the priors for
β0 and β1 are normal distributions with a standard deviation of 100.
For the GRF component, we choose a likely maximum for the stan-
dard deviation of 2, which corresponds to roughly e2 × 2 ≈ 50-fold
difference between hot spots and cold spots in the mean density,
and a likely minimum of 0.01 for the correlation length. For the spa-
tial discretization required by the inference, we construct a mesh
with a maximum edge length of 0.1.

From the inference, we obtain marginal posterior distributions
for the model parameters that are in good agreement with the
underlying biophysical phenomena, see Figure 3D. The mean
of the posterior for the zero-bias map coefficient β0 is ∼ 3.3,

which corresponds to a mean density of e3.3 ≈ 28. Multiplying
this density by the area results in a mean number of 80 particles.
The discrepancy to the expected value of 100 is explained by the
missing contributions of the other components. By integrating the
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FIGURE 3: A mixed model can quantify the spatial phenotypes of simulated data. (A) Schematic of the biophysical
simulation in which particles are produced at the nucleus diffuse through the cell (green trajectory) with obstacles (black
disks) and are randomly degraded. (B) A realization of the simulation in the steady state. The particles are shown as
green dots and the obstacles are black disks. C: The data used for the inference include the locations of the particles as
the puncta (green dots) and the distance from the nucleus (gradient of light blue). (D) The marginal posterior
distributions for the model parameter. From left to right: for the weight β0 of the zero-bias predictive map, for weight
βd of the distance from the nucleus map, for the standard deviation σ of the GRF, and for the correlation length ρ of the
GRF. In all distributions, the solid horizontal line indicates the mean, and the light regions are the 0.025 and 0.975
quantiles. In the panel of the marginal posterior distribution for βd, we indicate the inverse decay length that we
theoretically expect with a dashed line. To visualize the GRF (E) and the mean density (F), we drew 100 samples from
the respective posterior distributions and determined their mean. We overlaid these averaged samples with the point
pattern from the simulation (green dots). The GRF described the heterogeneity of the mean density caused by the
obstacles. To quantify the goodness of the fit for the mean density, we determine the Pearson residuals (G). These
residuals are between −0.25 and 0.5 well within the standard range of −2 to 2 indicating a good fit.

complete mean density over the cellular domain, we obtain an
average of 103 particles with a 95% credible interval from 98 to
105. Furthermore, the mean of the posterior for the distance map
coefficient βd is 1.79 and very close to 1.81, the inverse of the de-
cay length of 0.55. This agreement provides compelling evidence
that our statistical model accurately captures what we theoretically
expect. The marginal posterior for σ has a mean of around 0.6,

which indicates a e2 × 0.6 ≈ 3-fold difference in the mean density
between hot spots and cold spots. Theoretically, one might expect
the mean density in cold spots, which are regions with obstacles,
to approach zero. However, given a finite number of particles, the
statistical model infers that the density is low in these regions but
not exactly zero. The mean of the marginal posterior distribution
for the correlation length ρ is around 0.6 and corresponds to a
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combined contribution of the multiple characteristic spatial scales
introduced by the crowding environment.

In a visualization of the fitted Gaussian random field, we iden-
tify that the low-valued patches correspond to areas with many ob-
stacles and the high-valued patches to regions with fewer obsta-
cles, see Figure 3E. The predicted mean density indicates that the
model effectively captures the overall spatial variation of the point
pattern, see Figure 3F.

To quantitatively assess the predicted mean density, we com-
pute the Pearson residuals, shown in Figure 3G. In the context of
Poisson models, these residuals compare the difference between
the model-predicted density and an estimate of the density ob-
tained on a coarse mesh of the domain, where the number of par-
ticles is divided by the area of each region. Pearson residuals incor-
porate properties of the Poisson process to regularize the residuals
against Poisson variation. Typical residual values between −2 and 2
can be considered acceptable (Baddeley et al., 2015). In our anal-
ysis, the Pearson residuals range from −0.25 to 0.5, indicating a
very good model fit.

Overall, these results confirm that our model recovers the phys-
ical scales of the diffusion process and accurately captures spatial
variation in particle density because of the obstacles.

A MIXED MODEL REVEALS THE SPATIAL PHENOTYPE OF
PEROXISOMES IN VERO E6 CELLS
For the quantification of the spatial phenotypes of point patterns
from experimental data, we apply our method to immunofluores-
cence images of six Vero E6 cells. In a multiplexed immunofluo-
rescence imaging experiment, we acquired stainings of the nu-
cleus, the ER, mitochondria, the Golgi apparatus, lipid droplets,
and peroxisomes, following the iterative indirect immunofluores-
cence imaging (4i) protocol described in (Kramer et al., 2023), see
Figure 4A. We chose peroxisomes as our puncta of interest be-
cause of their point-like appearance. After preprocessing the im-
ages, we used Bayesian inference to fit a mixed model comprising
predictive maps and a GRF to the data.

In the following, we go through the analysis step by step, dis-
cussing data preprocessing, model construction, and inference.
The analysis notebooks, together with the data, can be found in
our GitHub repository (Nicolaou, 2024).

Data preprocessing: Domain definition, location
estimation, and construction of predictive maps
First, we define the spatial domain for our statistical model as a
two-dimensional slice of the cytoplasm for each cell in the dataset.
Therefore, we manually segmented the area of each cell using the
fluorescence intensity channel of the ER, as the ER provides a clear
boundary of the cell’s extent. From these segmented regions, we
excluded the nuclei by cropping them out to obtain the final spatial
domain for our model, which represents the cytoplasm, Figure 4C.
We then estimated the locations of the peroxisomes within the spa-
tial domains by applying the blob detection function of the scikit-
image library (Van Der Walt et al., 2014).

Our statistical model includes predictive maps based on other
imaged components. As predictive maps, we could directly use the
fluorescence intensity of the simultaneously imaged structures, and
construct derived maps, such as binary images from them. In addi-
tion, we want to construct a predictive map that can account for the
dependence of the density of peroxisomes on the distance from
the area around the nucleus, known as the perinuclear region, and
their scarcity near the cell boundary, see Figure 4C. This organiza-

FIGURE 4: Experimental and preprocessed data for the model. (A)
Immunofluorescence images of one Vero E6 cell of our dataset,
showing the peroxisomes, the nucleus, the ER, and the
mitochondria. (B) Constructed predictive maps: the proximity
fraction derived from the images of the nucleus and the boundary of
the cell; the mitochondria-contact map representing pixels within a
distance of 1 μm from mitochondria. (C) Our full dataset used for the
analysis contains six cells with localized peroxisomes (green dots),
the ER (gray), mitochondria (magenta), the mitochondria-contact
map (orange), and the proximity fraction shown by cyan contour
lines at values of 0.25, 0.5, and 0.75 from the periphery to the
nucleus, respectively.

tion is a common spatial trend among cellular components, as the
perinuclear region is a hot spot for organelle interactions and high
metabolic activity. Essentially, on a large length scale, the density of
peroxisomes displays a gradient from the nucleus to the boundary.
To capture this spatial trend, we construct the following predictive
map, which at a location r, combines the nearest distances to the
nucleus dn and the nearest distance to the cell’s boundary db as
PPF(r) = db(r)/(db(r) + dn(r)). This constructed predictive map rep-
resents the proximity fraction and has values from 0 to 1, where
PPF(rn ) ≈ 1 for rn close to the nucleus and PPF(rb) ≈ 0 for rb close
to the cell boundary, see Figure 4, B and C.

An organizational principle of peroxisomes mentioned in the
literature is their contact with the mitochondria, which has multi-
ple possible functional purposes in mammalian cells (Fransen et
al., 2017). In part of our model, we would like to quantify the con-
tact of peroxisomes with mitochondria. Therefore, we constructed
a contact map—a binary image that identifies all pixels within a
distance of 1 μm to mitochondria, based on a binarized image of
their fluorescence signal. The threshold of one micron corresponds
to an approximated maximum size of peroxisomes, ensuring that
we capture regions of potential contact between these organelles.
This mitochondria contact map which we denote by PMC is shown
in Figure 4, B and C. The ER is another important component in the
organization of peroxisomes, and while it is possible to construct
an ER contact map, its extensive spatial coverage and network-like
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structure would result in a map that primarily highlights areas de-
void of ER presence. Such regions are already represented in the
fluorescent ER images, making an additional ER contact map re-
dundant for our analysis.

Model construction and Bayesian inference
Constructing a meaningful statistical model for the mean density is
a model selection problem because many different combinations
of predictive maps and GRFs can be considered. By adding more
components the model becomes more complex with more free
model parameters, and thus is more prone to overfitting. For the
scope of this study, we include only the images of the ER, PER,

and mitochondria, PMT, from the multiplex immunofluorescence
imaging dataset, leaving the Golgi and lipid droplets aside. As con-
structed maps, we use the mitochondria contact map PMC, and the
proximity fraction PPF to capture the presence in the perinuclear
region. We add a Gaussian random field to account for spatial vari-
ation that is not described by our predictive maps. Taken together,
the mean density of our proposed mixed model reads

mean density (r) = exp [β0 + βPFPPF (r) + βMTPMT (r) + βERPER (r)

+βMCPMC (r) + GRF (r;σ, ρ )] .

In our model, we consider the mean density of the peroxisome
locations across all cells to be a realization of a single underlying
process. In this way, we characterize the entire cell population and
use information from multiple cells. Therefore, we combine all the
predictive maps and peroxisome point patterns for each cell into a
single spatial domain, see Figure 4C.

To set up the inference we construct a mesh of the spatial do-
main, in which the maximum edge length is set to 1 μm to capture
the spatial characteristics in our predictive maps. We then specify
normal distributions with a standard deviation of 100 as noninfor-
mative priors for all the β parameters. For the GRF, we use the
penalized complexity prior for which we specify a likely minimum ρ

of 1 μm, which is the typical size of peroxisomes, and a likely maxi-
mum σ of 2, which corresponds to a 50-fold difference in the mean
density of hot spots and cold spots.

In summary, we processed the imaging data, constructed an
informative statistical model based on four predictive maps and
one GRF, and finally chose priors for the Bayesian inference. Next,
we present and discuss the results that we obtained by fitting our
model to the experimental data.

RESULTS
The inference performed with INLA yields approximate marginal
posterior distributions for the model parameters, see Figure 5A.
The marginal posterior distribution for the coefficient β0 for the
constant zero-bias predictive map is distributed around −4, which
corresponds to a mean density of e−4 ≈ 0.02 μm−2.

To identify a significant positive or negative contribution to the
mean density, we can check whether the confidence interval for the
marginal posterior distributions includes zero. In Figure 5A, we see
that the posterior distributions for the proximity fraction, the ER,
and the contact to mitochondria are positive, while the contribution
of mitochondria is not significant.

The marginal posterior distribution for the coefficient βPF of the
proximity fraction centers around 0.6. This value implies that the
mean density at locations near the nucleus is e0.6PPF (rn )/e0.6PPF (rb ) ≈ 2
times larger compared with a location close to the cell boundary.

The coefficient βER describes the contribution of the respec-
tive predictive map to the mean density. The 0.025 quantile of the
marginal posterior distribution for βER is above zero, which indi-
cates a significant positive correlation of the mean density with the
intensity of the ER. Indeed, inspection of the fluorescence images
often reveals multiple peroxisomes overlapping with the ER, see
Figure 4C. Regarding βMT, its contribution to the mean density is
uncertain as its posterior marginal includes zero. However, there is
a positive correlation to the proximity to the mitochondria which is
captured by the mitochondria-contact map, characterized by βMC

whose marginal posterior distribution is centered around 0.5, indi-
cating that the mean density is 1.6 times higher within a distance
of 1 μm from mitochondria.

The mean values of the posteriors for the parameters that de-
scribe the GRF indicate a correlation length ρ of ∼ 15 μm and a
standard deviation σ of around 0.8. The mean of the random field
is estimated by sampling 100 times from its posterior and shown
in Figure 5B. The field displays hot spots and cold spots with a
size of roughly 10 to 20 μm, fluctuating mostly between −1 and 1,
as suggested by the mean of the marginal posterior of the stan-
dard deviation. As discussed before, to rationalize these numbers,
it helps to consider a mean density that is only determined by the
random field or in which the predictive maps are constant. In this
case with the posterior mean of σ ≈ 0.8, the GRF can lead to a
e2σ = e1.6 ≈ 5-fold difference between the intensity values of the
hot spots and cold spots.

When interpreting these numerical values, we considered the
predictive maps or the GRF independently of other factors influ-
encing the mean density. We acknowledge that this approach is
an oversimplification because the numerical values of the param-
eters are interdependent and should be considered collectively.
The combined effect of all predictive maps and the GRF can be
quantified by sampling values from the posterior distribution of pa-
rameters to construct the mean density. Ensemble averages across
these samples showcase the combined contributions of the effects,
see Figure 5C. To quantify the goodness of the model, we deter-
mine the Pearson residuals. Some of these residuals fall outside of
the acceptable range of −2 to 2, indicating that some regions in
the model are not captured very well according to this metric, see
Figure 5D. Given that we perform an aggregated fit and there is
a cell-to-cell variability that we do not explicitly account for in the
model, it is not unexpected that the mean density might come with
an error on a single-cell level.

In summary, the posterior distributions quantify the spatial phe-
notype of peroxisomes in our dataset. We observe a positive corre-
lation with proximity to the nucleus, presence of the ER, and con-
tact with mitochondria. Equally important is the heterogeneity in
the mean density, captured by the GRF component, which identi-
fies a length scale of 15 μm.

DISCUSSION
In this study, we addressed the problem of identifying and quan-
tifying spatial phenotypes of point-like cellular components as
part of an integral approach toward uncovering “how” and “why”
spatial phenotypes emerge. For point-like structures, we propose
using techniques from point-pattern analysis as they proved to be
very promising in other fields such as ecology, epidemiology, and
geoscience. Moreover, we advocate for the use of random fields to
capture hidden random effects, as demonstrated by analyzing the
locations of peroxisomes as a point pattern. Our statistical model
that combined four predictive maps and one Gaussian random
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FIGURE 5: Results from Bayesian inference to quantify the spatial phenotypes of peroxisomes in Vero E6 cells. A: The
marginal posterior distributions for each model parameter from left to right: the zero-bias predictive map weight β0,

the proximity fraction weight βPF, the ER weight βER, mitochondria weight βMT, the mitochondria contact map weight
βMC, the standard deviation σ of the GRF, and the correlation length ρ of the GRF. In all distributions, the solid
horizontal line indicates the mean, and the light regions are the 0.025 and 0.975 quantiles. To illustrate the GRF (B) and
the mean density (C), we drew 100 samples from the respective posterior distributions and determined their mean. We
overlaid these averaged samples with the point pattern of the peroxisomes (green dots). The GRF described the
heterogeneity of the mean density that is not captured by the other components. (D) Pearson residuals of the mean
density. Residuals outside the range of −2 to 2 indicate regions where the model may not fit as well.

field uncovered and quantified the following spatial phenotype
defined by four features: 1) peroxisomes are likely to be within
a distance of 1 μm from mitochondria, 2) peroxisomes spatially
associate with the ER, 3) there is a higher density of peroxisomes
in the region close to the nucleus, and 4) there is a hidden spatial
variation in the density in the order of 15 μm. These results are
in line with current literature indicating that peroxisome–ER in-
teraction occurs through direct membrane contact sites, whereby
peroxisomes are “wrapped” in ER membrane (Costello et al.,
2017), whereas peroxisome-mitochondria contact is considered
to be more dynamic and transient (Kumar et al., 2024). The
increased presence of peroxisomes close to the nucleus could be
a consequence of the higher metabolic activity in the perinuclear
region (Wanders et al., 2016).

There are several possible explanations for the hidden spa-
tial variations of 15 μm. For example, because we have a two-
dimensional slice of the cell, intracellular components and struc-
tures located in parts of the cell that are not imaged could ex-
plain this variation. Additionally, other nonimaged structures, such
as the cytoskeleton, could, in principle, also contribute to the or-
ganization. Furthermore, time-dependent processes of the past
could have influenced the variability of the peroxisomes’ locations

at the moment of fixation for imaging. Extending the statistical
models discussed here from two-dimensional to three-dimensional
and spatiotemporal analogues is nontrivial. Most current methods
and packages for LGCPs stem from geostatistics and thus remain
oriented toward planar two-dimensional analyses. In contrast, cell
biology inherently involves three-dimensional organization and dy-
namic processes over time, demanding higher-dimensional frame-
works. Adapting LGCPs to these settings poses significant compu-
tational and theoretical challenges, but doing so could lead to stan-
dardized multidimensional inference, potentially providing deeper
biological insights.

In our model, we used prior knowledge from cell biology to
identify key components involved in the organization of peroxi-
somes, such as the close proximity to mitochondria. However, in
many cases, numerous contributing factors remain unknown and it
is necessary to select informative predictive maps from the avail-
able data. Often, fluorescence intensities of other imaged struc-
tures, binary indicators, and distance maps are available or can be
derived. Many different combinations of these predictive maps can
be combined into different statistical models. In general, we rec-
ommend simplicity in the spirit of Occam’s razor, for two reasons:
the first one is overfitting, in which too many predictive maps are
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used to describe the data, and the inference becomes specific to
the dataset. The second is the interpretability of the results, which
becomes difficult for models with many parameters. In the absence
of prior knowledge regarding which predictive maps are most in-
formative, one can apply the Deviance Information Criterion (DIC)
to guide model component selection. The DIC balances model fit
against complexity by penalizing the number of effective param-
eters. In practice, multiple candidate models are fitted, and the
one yielding the optimal (typically lowest) DIC value is chosen, thus
helping to identify a simple yet explanatory model.

A limitation in the Poisson models is the assumption that the
distribution of points is independent of each other given the mean
density, implying that there is no interaction between the points.
However, in many cases, cellular components organize because of
interactions between them. For example, components such as re-
ceptors and ion channels often exhibit clustering by interactions,
contributing to the nano-organization of synapses, which has im-
portant consequences for signaling (Droogers and MacGillavry,
2023). Another class of point processes that incorporate interac-
tions comprises the so-called Gibbs. These models describe spatial
configurations with an effective energy function, where the proba-
bility of a given configuration depends on the energy. These mod-
els are more appropriate, for example, in systems that are known to
interact by attraction or exclusion, and they have a direct physical
interpretation; for an introduction to these models, see (Baddeley
et al., 2015). Ultimately, the choice between a Gibbs model and a
Poisson model, such as a LGCP model should be guided by bio-
logical insights. Although interactions between puncta are likely al-
ways present at short enough lengths, one must consider how sig-
nificant they are at the spatial scale of interest to justify the added
complexity of an interaction-based model.

Standard GRFs are stationary and isotropic processes. There-
fore, at first glance, it seems that they must be inadequate to de-
scribe the highly nonisotropic organization in cells. However, be-
cause we combined them with the predictive maps that account
for potential spatial trends, the predicted mean density is non-
isotropic. Thus, our model implicitly assumes that the contribu-
tion of the GRF to the mean density is stationary and isotropic.
Advances in statistics have extended GRFs beyond stationary and
isotropic processes by including covariance functions that depend
on time, space, and orientation, as well as treating boundary con-
ditions (Fuglstad et al., 2015; Bakka et al., 2019; Lindgren et al.,
2024). These refined random fields could potentially improve our
descriptions, which is beyond the scope of this study.

Our analysis is based on correlations and therefore a mecha-
nistic interpretation could be problematic. Therefore, we propose
combining the quantification of spatial phenotypes with precise
experimentation to reveal potential causation. One possible ap-
proach is the use of optogenetics to perturb molecular interac-
tions, dynamics, and positioning in space and time (Van Bergeijk
et al., 2015; Passmore et al., 2021). Thus, it is possible to change
the components under consideration or the components used for
the predictive maps. Fitting the same statistical model to imaged
cells under different perturbations could reveal potential mecha-
nisms underlying the spatial phenotypes, shedding some light on
the complex interplay between organelle dynamics and interac-
tions.

In summary, we propose to include random fields in statistical
models to elucidate spatial phenotypes in point-pattern data. This
approach seems very promising in the field of cell biology, espe-
cially in the context of the intracellular organization of organelles,
as we demonstrated with the example of peroxisomes. We believe

that such statistical models could serve as a critical link between
mechanistic biophysical models and the rich imaging data by mod-
ern microscopy. Statistical models that include random fields ac-
count for intracellular stochasticity and cell-to-cell variability—a key
step toward a better understanding of the principles behind the re-
markable spatial organization in living cells.

CODE AND DATA AVAILABILITY
All experimental and synthetic datasets, as well as the code used
for preprocessing, simulation, and Bayesian inference, are pub-
licly available in the form of step-by-step notebooks. These note-
books are designed to guide users through each stage of the anal-
ysis workflow, facilitating easy reproduction of the results. The en-
tire repository can be accessed at https://github.com/kyriacosn/
spatial-phenotypes-of-puncta. Additional details, including exam-
ple usage instructions and documentation, are provided within the
repository.
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