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Matrix-Assisted Laser Desorption/Ionization Mass Spectrometry Imaging (MSI)
is a powerful technique for spatially resolved molecular profiling and cancer biomarker
discovery. Recent advances, including a novel multiomics workflow, enable multi-
ple rounds of MSI on the same tissue section, extracting diverse molecular classes,
such as lipids, N-glycans, and peptides, while preserving spatial resolution. This
innovation is particularly valuable for studies with limited tissue sample avail-
ability, such as rare diseases or small tumors. However, the resulting data are
high-dimensional and spatially structured, with the various molecular types shar-
ing the same pixel grid. To address these challenges, we propose Poseidon, a
Bayesian nonparametric nested biclustering model that simultaneously segments
the common tissue pixels and clusters molecular signals within each molecular
class, leveraging the shared spatial structure. A separately exchangeable frame-
work is first considered, and then extended to handle spatial data via Markov
random fields. For scalability, we implement an efficient mean-field variational
inference algorithm tailored for multi-dataset analysis. After validating the effi-
cacy of our method on simulated scenarios, we demonstrate its applicability in a
real-world case study, where multiomics measurements were performed on kidney
tissue affected by clear cell renal cell carcinoma. The nested, hierarchical struc-
ture of Poseidon, combined with its principled inferential framework, allows the
extraction of meaningful biological insights, such as clear tissue segmentation and
biomarker detection.
Keywords: Clear cell renal cell carcinoma; Dirichlet process; Potts model; Shared
atoms nested models; Variational inference.
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1 Introduction

Over the last decade, Matrix-Assisted Laser Desorption/Ionization (MALDI) Mass Spectrom-
etry Imaging (MSI) has emerged as a key technology for in situ molecular profiling and cancer
biomarker discovery. The technique measures mass spectra, i.e., the molecular abundances
of a given molecular class (e.g., lipids) across locations of a biological sample [Rohner et al.,
2005]. In MALDI-MSI, a tissue section is first coated with a chemical compound called ma-
trix, which isolates a specific class of molecules and prepares them for detection. The slide
is then divided into a grid of virtual pixels, typically 10-50 µm in size, each irradiated by
a laser beam. The instrument separates the detected molecules - the analytes - according
to their mass-to-charge ratio (m/z ), producing a mass spectrum that records the abundance
(intensity) of each m/z signal.
Recent advances in MSI have improved both detection precision and experimental repro-

ducibility, expanding spatial proteomics and enabling finer characterization of tumor microen-
vironments [Krestensen et al., 2023, Zhang et al., 2024]. A particularly important development
was introduced by Denti et al. [2022], who proposed a multiomics workflow enabling multiple
MSI acquisitions on the same tissue section. By sequentially applying and removing differ-
ent matrices, this approach extracts analyte intensities from multiple molecular classes (e.g.,
lipids, N-glycans, and peptides) while minimizing tissue degradation. As a result, each molec-
ular layer yields a distinct MSI dataset measured over a common spatial grid. This strategy
is particularly valuable when clinical samples are limited, such as in rare diseases or small
tumors, as it maximizes molecular information obtained from a single tissue section.
However, these experimental advances introduce new analytical challenges. Multiomics

MSI data are inherently high-dimensional and spatially structured, and the novel multiomics
workflow further increases complexity by generating nested data structures. The pipeline
outputs multiple MSI matrices (one for each molecular class), which share the same spatial
grid of pixels (columns), but differ in the analytes they measure (rows). A core objective in this
context is tissue segmentation, which involves identifying biologically meaningful subregions
of a sample based on their spectral characteristics, to uncover subtle molecular variations that
may be missed by morphological inspection alone.
Current approaches typically rely on linear and nonlinear dimensionality reduction tech-

niques to extract simplified representations of MSI data [see Zhvansky et al., 2021]. Building
on these representations, clustering methods, most notably k-means and bisecting k-means,
remain standard in the field, while probabilistic frameworks such as Gaussian mixture mod-
els have also shown promising results [Guo et al., 2019, Prasad et al., 2022]. See also Tuck
et al. [2022] for a comprehensive review. Recently, more sophisticated models have been in-
troduced to address the intricate characteristics of omics data, incorporating spatial structure
and domain-specific features. These include Bayesian spatial clustering approaches [e.g., Zhao
et al., 2021, Sottosanti and Risso, 2023] or graph-based community detection algorithms [e.g.,
Kim et al., 2022, Hu et al., 2024]. However, most of these methods are designed for single-
matrix inputs and therefore fail to capture the shared spatial structure, nested organization,
and molecular heterogeneity that arise across different analyte types.
In this paper we propose Poseidon, a novel Bayesian nonparametric (BNP) method for the

analysis of multiomics MSI data based on nested biclustering, which simultaneously segments
spatial pixels and clusters molecular signals within each tissue subregion. Our approach
integrates the multiple MSI datasets while explicitly accounting for the shared spatial grid
and underlying dependencies across pixels. In particular, Poseidon builds on the concept of
separate exchangeability [see Rebaudo et al., 2026, and the references therein], providing a
principled foundation for modeling complex nested structures in high-dimensional omics data.
This framework naturally induces a two-layer partitioning structure, similar to that discussed
in Lee et al. [2013]. Our proposed method contributes in three key ways. First, by jointly
clustering pixels andm/z values, the model identifies signal groups with elevated or suppressed
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activation, effectively distinguishing biologically meaningful peaks from background noise and
enabling the extraction of latent molecular feature representations that support the spatial
segmentation of the tissue. Second, it accommodates the nested structure of multiomics MSI
data by integrating multiple molecular classes into a unified framework, allowing comparisons
across analyte types measured on the same tissue. Finally, to ensure scalability and efficient
inference in high-dimensional settings, we implement a tailored variational approximation to
the posterior distribution, drawing on recent advances in mean-field variational inference for
hierarchical, nested Bayesian models [Blei et al., 2017, D’Angelo and Denti, 2026].

1.1 Clear Cell Renal Cell Carcinoma MALDI-MSI Data

Our application focuses on MALDI-MSI measurements obtained from a human tissue sample
diagnosed with clear cell renal cell carcinoma (ccRCC), shown in panel A of Figure 1 [Denti
et al., 2026]. The tissue is annotated as follows: the green region indicates the healthy cortex,
the blue outlines the capsule, and the red highlights the tumoral nodule. A more detailed
segmentation is provided in Figure S.2 of the Supplementary Materials. Renal cell carcinoma
is among the ten most frequently diagnosed cancers worldwide, with the clear-cell subtype
accounting for roughly 75% of cases and for most related mortality [Hsieh et al., 2017]. Prog-
nosis is often poor due to high recurrence rates and resistance to conventional chemotherapy
and radiotherapy. Investigating the phenotypic characteristics of cells within these tumor en-
vironments may reveal novel molecular pathways and potential therapeutic strategies [Hsieh
et al., 2018].
Using the multiomics pipeline of Denti et al. [2022], mass spectra were acquired for three

molecular classes on the same renal tissue section: lipids, N-glycans, and tryptic peptides.
These classes were selected for their complementary biological roles. Lipids are major compo-
nents of cell membranes, provide energy for cell growth, and act as signaling molecules that
may contribute to drug resistance [Bian et al., 2021, Fu et al., 2021, Shafiee et al., 2020].
N-glycans are among the most common protein modifications and play a key role in directing
proteins to specific cellular compartments [Stanley et al., 2022]. Proteins themselves regulate
diverse processes, including cell growth, tissue architecture, and cellular replication [Gob-
ena et al., 2024]. In this protocol, proteins are enzymatically cleaved by trypsin to generate
tryptic peptides, enabling more detailed proteomic analysis. Together, these three molecular
layers provide a complementary view of tumor biology and can enhance biomarker discovery
when analyzed within an integrated spatial framework, as demonstrated in previous spatial
multiomic studies [Balluff et al., 2019].
In the preparatory phase, the raw spectra extracted with MALDI underwent routine pre-

processing steps to account for physiological, instrumental, and analytical variability. Specif-
ically, the spectra followed the biological five-step protocol described in Capitoli et al. [2025],
summarized in Section S.1 of the Supplementary Materials. These pre-processed signals were
then stored in three separate matrices, corresponding to lipids, N-glycans, and peptides. In
each matrix, columns represent spatial pixels (shared across matrices). At the same time,
rows correspond to analyte-specific m/z signals (which differ by molecular class). Each ma-
trix contains approximately 100 rows and over 4,000 columns. Figure 1 provides a visual
overview of the data. Panels B, C, and D show the normalized median abundance of each
molecular class across the tissue section. These images highlight molecular heterogeneity that
is not always apparent from histology alone. Panels F, G, and H illustrate spectral profiles
for a single pixel (highlighted in panel E), showing the abundance levels across m/z indices
for each molecular class. Note that normalization was performed within each molecular class
to enhance visualization, so intensities are not directly comparable across the three panels.
By applying our proposed method to these data, we aim to identify molecular signatures and

spatial subregions within the renal tissue that distinguish tumor from non-tumor areas, offer-
ing insights into the heterogeneity of ccRCC. Moreover, the biclustering approach aligns with
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Figure 1: The top row displays the Hematoxylin-and-Eosin stained image of the ccRCC tissue
used in the analysis (A) and heatmaps displaying the (normalized) median abun-
dance across the tissue sample for lipids, N-glycans, and peptides (B-D). The bottom
row reports, for a specific highlighted pixel (E), abundances of the signals for the
different molecular classes (F-H).

our broader goal of reducing data complexity and delivering interpretable, low-dimensional
summaries to support pathologists in downstream analyses.
The rest of the paper is organized as follows. In Section 2, we introduce our biclustering

model, first outlining the core method for a single molecular layer and then extending it to
jointly handle multiple analytes. Section 3 presents the variational inference algorithm used
for posterior estimation. Section 4 summarizes the simulation studies reported in Section S.4
of the Supplementary Materials. In Section 5, we apply the model to the ccRCC dataset and
analyze the resulting spatial and molecular patterns. Section 6 concludes.

2 A finite-infinite separately exchangeable model for MALDI-MSI
data

In line with the data structure outlined in Section 1.1, we consider a collection of T datasets
Y = {Y (t)}Tt=1, one for each molecular level. Then, Y (t) denotes the MALDI-MSI abundance
(or transformed abundance) matrix of the t-th molecular class, which is characterized by N (t)

rows, representing the specific analytes, and J columns, representing the pixels. We remark
that a crucial aspect of the data is that the number of columns is the same across all the
datasets. Our goal is to estimate a nested random partition to perform image segmentation,
i.e., inducing a shared partition of the J pixels driven by the distributional characteristics of
the molecular abundance within each location across datasets and, at the same time, inducing
an idiosyncratic, dataset-specific partition of the signals, different in each dataset. Figure 2
summarizes the objective of our model. In what follows, we begin by discussing our model
for the single-dataset case (T = 1) and then extend it to the multiple-dataset scenario.

2.1 The single-dataset case: Pose

Let us focus on a single dataset, say Y , with N rows and J columns. From a modeling
perspective, we see our data as organized into distinct but related groups defined by the
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Figure 2: A diagram summarizing the partition structure we aim to recover. The partition
over the columns is shared across datasets. The partition over the rows is dataset-
specific.

pixels, or columns. This setting is typical of nested designs, an area of research that has
thrived in recent years within the Bayesian literature [see, for example, Rodŕıguez et al.,
2008, Camerlenghi et al., 2019, Denti et al., 2023, Balocchi et al., 2021]. Nested models aim
to simultaneously cluster groups and observations; for matrix data, this corresponds to clus-
tering both the columns and the entries. Most of these nested models were proposed under
the hypothesis of partial exchangeability, where data are assumed to be exchangeable within
the different subpopulations. Consequently, the joint probability distribution of observations
remains unchanged under any permutation of data points within the same subpopulation.
Under this assumption, the probability of clustering matrix entries does not depend on their
row identity, and these models completely disregard the information conveyed by the speci-
ficity of each row, as Rebaudo et al. [2026] have recently underlined. Indeed, this feature is
problematic for us, as each row of our matrix has the same meaning (i.e., it represents the
same m/z value) across all the columns. Using a partially exchangeable model in our frame-
work would mean clustering the pixels that have similar abundance distributions by simply
considering the proportion of m/z that have high vs low activation levels, regardless of which
m/z achieve these activation levels. This might lead to an undesirable situation where, for
example, two pixels are clustered together because they both have 5% of the signals that are
highly activated, even though the high activation is achieved by different sets of m/z in the
two pixels, leading to an important loss of information.
To overcome this issue, similarly to Rebaudo et al. [2026], we start by considering a nested

model in a separately exchangeable setting, so that the identity of each row is preserved across
the groups. We will introduce a set of column-specific clusters and, for each of them, a
set of row-specific clusters, which are named, respectively, column clusters (CCs) and row
clusters (RCs). Specifically, for each column j = 1, . . . , J , let Cj denote the CC membership
label, with Cj ∈ {1, . . . ,K}. Given the vector of CC allocations C = (C1, . . . , CJ), separate
exchangeability implies that in each CC all the entries in a row are restricted to belong to
the same RC. In other words, for each row i = 1, . . . , N and every possible CC k, we consider
a RC membership label Ri,k ∈ {1, . . . , L} that is common to all entries (i, j) whose columns
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are in the same CC characterized by Cj = k. Such RC allocation is considered for all possible
CC realizations, with Rk = (R1,k, . . . , RN,k) for all k. The RC assignment variables Ri,k

are categorical random variables with CC-specific parameters, such that P [Ri,k = l|ωk] =
ωl,k, where ωk = (ω1,k, . . . , ωL,k) is a vector of probabilities, for all k. In the basic model
specification, which we will extend later, we also consider the CC assignment to be independent
categorical random variables with probabilities π, i.e., P [Cj = k|π] = πk. Let f(y | θ)
denote a suitable parametric density for the data, and let {θ∗l }Ll=1 be a collection of RC-
specific parameters shared across all CCs. The conditional density of entry yi,j , given the
column-cluster assignment Cj = k and the row-cluster assignment Ri,k = l, is assumed to be
f(yi,j | θi,j), with θi,j = θ∗Ri,Cj

. Hence, whenever Cj = k and Ri,k = l, the corresponding

parameter satisfies θi,j = θ∗l . Finally, we assume that θ∗l
i.i.d.∼ H, for l = 1, . . . , L, where H is a

diffuse base measure. Thus, given all the vectors of categorical probabilities π and {ωk}Kk=1,
we can express our model in terms of the cluster assignment variables Ri,k and Cj as

θ∗l
i.i.d.∼ H,

Cj |π ∼ CatK(π), Ri,k|ωk ∼ CatL(ωk),

yi,j |Cj , Ri,Cj , {θ∗l }l
ind.∼ f(yi,j |θ∗Ri,Cj

).

(1)

Note that the matrix entries yi,j associated to the same RC l, i.e., the observations belonging
to the set {yi,j : Ri,Cj = l}, are assumed to be exchangeable; in other words, they are modeled
as conditionally i.i.d. from f(·|θ∗l ).

Remark 2.1 Drawing a parallel with the partially exchangeable nested model, we could de-
scribe this model by introducing column-specific random measures Gj, assumed to be distributed
according to a discrete random measure Q =

∑︁
k≥1 πkδG∗

k
. The discreteness of Q induces an

implicit clustering on the columns, and we could define Cj = k when Gj = G∗
k. For every

possible CC k, we could consider row-specific parameters θi,k, drawn i.i.d. from G∗
k. When

the G∗
k’s are also discrete, with G∗

k =
∑︁

l≥1 ωl,kδθ∗l , a partition is also induced on the θi,k
parameters, leading to the definition of the RC assignments Ri,k.

Essentially, we cluster together different m/z if they have similar activation levels (a trait
captured by the kernel parameters {θ∗l }Ll=1), and we group together different pixels if they
have similar activation profiles, as represented by the vector of cluster assignments of the
m/z. Note that according to the specification in (1), the distributional law of the data matrix
Y is invariant to permutations of entire rows and columns. Moreover, given the nested nature
of the model, the clustering of signals is affected by the CCs, as the cluster assignment of a
given signal remains the same for all pixels belonging to the same CC.
Which prior distributions are selected for {ωk}Kk=1 (the observational weights) and π (the

distributional weights) represents a crucial modeling choice. In Rebaudo et al. [2026], the
authors consider a fully nonparametric approach, allowing both L and K to be infinite, and
adopt stick-breaking (SB) Dirichlet process (DP) representations for both weights, inducing
a common atoms structure. Here, we consider a finite-infinite version of the model, resulting
in a shared atoms model, following D’Angelo and Denti [2026], and we restrict L to be finite,
while K is allowed to be infinite. Specifically, we adopt sparse, symmetric Dirichlet distri-
butions with parameters b0 = b01L for the row mixture weights, in order to empty useless
mixture components. Thus, for all k, ωk ∼ DirichletL(b0). In the following, we will show
how this simple change has a serious impact on the prior probability of coclustering rows.
Similarly to Rebaudo et al. [2026], we could assume that π is drawn from a SB process with
concentration parameter α, denoted with GEM(α), which is equivalent to setting π1 = v1 and

πk = vk
∏︁

g<k(1− vg) where vj
i.i.d.∼ Beta(1, α) for all j ≥ 1.
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However, the assumption of prior independence in the CC membership labels C, which
would be implied under separate exchangeability, could be naive in the context of spatial
data. In fact, the columns in our dataset represent pixels of an image, which are likely
to be spatially correlated. Therefore, we need to elicit a distribution that allows clustering
of the columns, while conveying their spatial information. Specifically, we assume that the
clustering assignment for the generic pixel j is influenced by the cluster memberships of its
adjacent pixels. This structure can be recovered using discrete-state Markov Random Fields
[MRF, Besag, 1986], also known as Potts models when the number of states considered is
larger than two. Here, we adopt the BNP-MRF prior introduced by Lü et al. [2020], which
extends the classic BNP models for clustering using a MRF. In detail, this distribution assumes
that p(Cj | C−j ,π, β) ∝ πCj · exp(β

∑︁
q∈∂j 1{Cq=Cj} ), where π ∼ GEM(α), and ∂j denotes

the set of neighbors of unit j, i.e., the set of pixels adjacent to pixel j. In this work, we
employ a second-order neighborhood system (queen adjacency) for each pixel, as it yields
a more flexible and realistic characterization of local spatial interactions compared to first-
order (rook) adjacency [Besag, 1986]. The quantity β, known as the inverse temperature,
governs the level of influence that the neighboring cluster memberships have on a pixel, and
can be treated as a fixed hyperparameter or modeled as a random quantity. This conditional
distribution can be equivalently stated as a joint distribution for the whole vector of cluster
memberships C, as

p(C | π, β) = 1

KC(π, β)

⎛⎝ J∏︂
j=1

πCj

⎞⎠ · exp

⎡⎣β J∑︂
j=1

∑︂
q∈∂j

1{Cq=Cj}

⎤⎦ , (2)

where KC(π, β) is an intractable normalizing constant. Therefore, we redefine the prior
distribution for the CC membership C as (2), and denote it with C|π, β ∼ BNP-MRF(π, β).

We refer to the model in (1) with the CC prior redefined as in (2) as the Potts Over Sepa-
rate Exchangeability (Pose) model. Note that under Pose, the model is no longer separately
exchangeable, due to the MRF term of the prior for C, and the simple discrete measure
representation using Q is no longer possible.

2.1.1 Prior coclustering properties under Pose

A key distinction arises between common atoms and shared atoms models. As discussed
in D’Angelo and Denti [2026], combining an infinite set of atoms with a common ordering
across random measures and SB priors induces possibly undesired dependencies among the
observational weights in partially exchangeable common atoms models. This typically results
in high prior coclustering probabilities, which may adversely affect posterior inference. This
issue persists even under separate exchangeability (see also Supplementary Section S.4.1). For
the Pose model, it is therefore instructive to examine how the prior coclustering probability
between two entries, P

[︁
θi,j = θi′,j′

]︁
, changes when ωk ∼ DirichletL(b0) (shared atoms), rather

than the common atoms induced by a DP. Proposition 1 of Lü et al. [2020] provides the
predictive distribution of the BNP-MRF process for general Gibbs-type priors. Specialized to
the DP and the case of two observations, we can derive the probability of ties between two
groups, equal to P

[︁
Gj = Gj′

]︁
= eβ/

(︁
α+ eβ

)︁
. We can then prove the following proposition.

The proof is deferred to Section S.2.1 of the Supplementary Materials.

Proposition 2.1 The prior coclustering probability between two entries according to the shared
atoms Pose model with ωk ∼ DirichletL(b0) for all k and π ∼ GEM(α) is

P
[︁
θi,j = θi′,j′

]︁
=

1

α+ eβ

[︄
eβ
(︃

1 + b0
1 + Lb0

)︃1−1i=i′

+
α

L

]︄
.
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In the same setting, if instead we assume ωk ∼ GEM(ν) for all k, we have

P
[︁
θi,j = θi′,j′

]︁
=

1

α+ eβ

[︄
eβ
(︃

1

1 + ν

)︃1−1i=i′

+
α

2ν + 1

]︄
.

A graphical depiction of these probabilities is shown in Supplementary Figures S.3-S.5. Con-
sistent with previous findings [D’Angelo and Denti, 2026], the prior coclustering probability
is higher under the common atoms model, highlighting its stronger a priori grouping and risk
of spurious coclustering. Distinguishing between same-row (i = i′) and different-row (i ̸= i′)
entries is important, as when two groups (columns j and j′) are clustered, their rows automat-
ically share the same partition. The difference between models is most apparent for different
rows, where clustering behavior depends on the observational weight hyperparameter (b0 for
shared atoms, ν for common atoms). For same-row pairs, coclustering under shared atoms is
independent of b0, but still depends on ν for common atoms. As the spatial regularization
parameter β increases, model differences diminish and clustering probabilities converge.

2.2 The multiple-dataset case: Poseidon

Given the definition of Pose for a single molecule dataset, we can simply extend the biclustering
framework to multiple datasets. Consider again the collection of T datasets Y = {Y (t)}Tt=1,
each characterized by N (t) rows and J columns. We now consider T collections of row par-

titions R(t) = {R(t)
k }Kk=1 (one for each dataset t = 1, . . . , T ), with a dataset-specific row

partition R
(t)
k for each CC k. We also denote with θ∗(t) the collection of cluster-specific pa-

rameters for each dataset t = 1, . . . , T , and let θ∗ = (θ∗(1), . . . ,θ∗(T )). Finally, we assume the
existence of one partition of the columns C = (C1, . . . , CJ), shared by all the datasets, result-
ing in a common image segmentation. Given these partitions, we assume the measurements
are conditionally independent across datasets, setting p(Y | {R(t)}Tt=1,C,θ

∗) =
∏︁T

t=1 p(Y
(t) |

R(t),C,θ∗(t)). Then, we can express the model in the following form:

θ
∗(t)
l

i.i.d.∼ H(t), t = 1, . . . , T

C|π, β ∼ BNP-MRF(π, β), R
(t)
i,k|ω

(t)
k ∼ CatL(ω

(t)
k ), t = 1, . . . , T

y
(t)
i,j |Cj , {R(t)

i,k}k, {θ
∗(t)
l }l

ind.∼ f(y
(t)
i,j |θ

∗(t)
R

(t)
i,Cj

), t = 1, . . . , T,

(3)

with π ∼ GEM(α), ω
(t)
k ∼ DirichletL(b0), ∀t, k, and each H(t) is a diffuse base measure.

One can also specify a prior for the concentration parameter of the distributional DP, e.g.,
α ∼ Gamma(aα, bα), and a prior for the inverse temperature, e.g., β ∼ U(0, B).
We call this model Potts Over Separate Exchangeability for the Integration of Different

Omics Nested data (Poseidon). Thanks to the hierarchical structure used in defining Poseidon,
the model has the flexibility to model the molecule-specific datasets Y (t), using dataset-specific
parameters θ∗(t); nevertheless, it allows for sharing information across these datasets to infer
the shared partition of the columns, leveraging the signal provided by the different molecules
(see also Supplementary Section S.4.4).

For our application, we will specialize model (3) to fit a mixture of Gaussian distributions.
As the first step, we need to transform the positive measurements of the original abundance
matrices, here denoted with Z(t), into real values as

y
(t)
i,j = Φ−1

(︄
z
(t)
i,j − z(t)

Z̄(t) − z(t)

)︄
, for i = 1, . . . , N ; j = 1, . . . , J, t = 1, . . . , T, (4)

where Φ−1 (·) represents the inverse c.d.f. of a Normal distribution, z(t) = mini,j(z
(t)
i,j )− ϵ, and

Z̄(t) = maxi,j(z
(t)
i,j )+ ϵ, where a small ϵ > 0 ensures the arguments remain within (0, 1) to pre-

vent divergence. To complete our model specification, exploiting conjugacy, we finally specify
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Normal-Inverse Gamma priors for the base measures H(t), t = 1, . . . , T . Thus, for all l, we as-

sume θ
∗(t)
l = (µ

∗(t)
l , σ

2∗(t)
l ) where µ

∗(t)
l | σ2∗(t)l ∼ N(m

(t)
0 , σ

2∗(t)
l /k

(t)
0 ) and σ

2∗(t)
l ∼ IG(c

(t)
0 , d

(t)
0 ).

Recommended values for the hyperparameters are (m
(t)
0 , k

(t)
0 , c

(t)
0 , d

(t)
0 ) = (0, 0.01, 3, 2) for all t.

We also set b0 = 10−4 ·1L to ensure sparse, overfitted finite mixtures across the rows [Malsiner-
Walli et al., 2016], effectively estimating the number of non-empty clusters. Finally, we set
aα = bα = 1 and B = 2. A detailed discussion of the selected hyperparameters is provided in
Supplementary Section S.3.3.

3 Posterior inference via variational Bayes

We perform posterior inference using a tailored variational Bayes (VB) algorithm to ensure
an efficient estimation of Poseidon on our high-dimensional MALDI-MSI data. In short, let

Θ =
(︂
{R(t)}t,C,θ∗,π, {ω(t)

k }t,k, α, β
)︂
represent the set of all the parameters in our model.

After a family of approximating densities Q is specified over Θ, we seek to find the member
q∗(Θ) of Q that minimizes the Kullback-Leibler divergence (DKL) with the true posterior
distribution. Note that minimizing this divergence is equivalent to maximizing the Evidence
Lower Bound (ELBO), defined as ELBO(q) = E [log p (Θ,Y)]−E [log q (Θ)]. The variational
family Q is typically characterized by variational parameters λ. The optimization problem is
thus reduced to finding the optimal parameters λ∗ = argminλDKL (qλ(Θ) ∥ p(Θ | Y)) . We
opt for a mean-field variational approximation, which chooses Q assuming the parameters are
mutually independent. To find λ∗, we resort to a Coordinate Ascent Variational Inference
(CAVI) procedure, detailed in Section S.3 of the Supplementary Materials. The single-dataset
case (Pose model) is easily recovered when T = 1. Almost all the CAVI steps can be performed
in closed form, as the corresponding full conditionals are known distributions. The only steps
that require approximations are the updates for the parameters of the distributions of vk’s
and the inverse temperature β. For the former approximation, we mimic Lü et al. [2020] and
assume β = 0. For the latter, we proceed as delineated in Supplementary Section S.3.1. To
fit the model, we initialize our CAVI algorithm using different starting points, stopping the
computations when the relative increment in the ELBO is below a certain threshold, such as
10−8. Once all the runs are performed, we retain the estimate that obtained the highest value
of the ELBO. The details for the computation of the ELBO components are in Section S.3.2
of the Supplementary Materials.

4 Simulations

We conducted several simulation studies to evaluate the performance of our proposal. All
the studies are deferred to the Supplementary Materials. First, Section S.4.1 demonstrates
why shared atoms are preferred over common atoms in this context. In Section S.4.2, we
validate Pose’s ability to recover biclusters accurately, and in Section S.4.3 we show that Pose
achieves better cluster recovery than state-of-the-art competitors across datasets with varying
degrees of spatial dependence. In Section S.4.4, we show that nested clustering with Poseidon
is driven by the shared signal rather than corrupted by noise. Finally, Section S.4.5 analyzes
computational scalability, presenting the average per-iteration runtime (in seconds) as J , T,
and N vary.

5 ccRCC image segmentation and molecular signal extraction

We fit Poseidon to the ccRCC dataset described in Section 1.1 after applying the transforma-
tion in (4). To estimate the model, we set the upper bound for the number of CCs and RCs
to K = 30 and L = 40, respectively. We run the algorithm using 250 different starting points
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on a Linux machine with 32 GB of memory. The average running time is 3.2 minutes, with a
standard deviation of 1.2 minutes. We summarize the main results below; additional details
are provided in Section S.5 of the Supplementary Materials.

5.1 Tissue segmentation

To evaluate our proposed multiomic approach, we first examine the spatial partitions gen-
erated by Poseidon, obtained by integrating information across the three molecular classes
(Figure 3, panel E). Our proposal reduces modality-specific noise and yields a unified, co-
herent, and biologically meaningful view of the tissue’s molecular landscape. By imposing a
shared column partition, Poseidon produces an interpretable solution with a concise number
of clusters (15 CCs). To provide an indirect measure of goodness-of-fit of the estimation, we
compute the root mean squared error (RMSE) by aggregating the discrepancies between the
observed data values and the corresponding estimated means within each bicluster. For Posei-
don, the resulting average RMSE is 0.029. The estimated densities for each CC are provided
in the Supplementary Materials. Importantly, Poseidon reveals multiomic alterations in both
the tumor microenvironment and adjacent histologically normal tissue, features that may be
difficult to capture through standard histopathological evaluation due to limited morphologi-
cal differences (Figure 1, panel A).
Figure 3 also reports the results of different Pose models estimated on the individual

datasets: lipids (panel A), N-glycans (panel B), and peptides (panel C), and allows us to
highlight the underlying biological architectures across which Poseidon enables integration.
Indeed, single-molecule segmentation reveals that N-glycans and peptides are closely linked,
as N-glycans bind to specific peptide sequences and act as labels that direct proteins to their
cellular destinations. In the healthy region of the tissue (right side of the section), the cluster-
ing of N-glycans and peptides shows greater concordance than the lipid modality, identifying
a non-concentric large-scale organization of the healthy cortex. Within the tumor nodule,
however, their clustering patterns diverge, likely reflecting disrupted glycosylation processes
in cancer [Wallace et al., 2024]. Both of these layers successfully identify the mixed-grade
tumor (G2-G3) region. In contrast, individual lipid-based segmentation reveals concentric
layers within the healthy region, a pattern also detected by Poseidon (panel E). This suggests
the presence of metabolic or inflammatory gradients that operate largely independently of the
protein–glycosylation architecture. Lipids also highlight distinct regions within the tumor,
including areas associated with inflammatory infiltration and hemorrhagic features (panel F),
as well as concentric layers surrounding the tumor nodule that extend into the healthy region,
which are less evident in the N-glycan and peptide segmentations. Notably, in the upper por-
tion of the tumor nodule, Poseidon consistently delineates a localized region (Tumor G2–G3
in panel F), which is more prominently captured in the N-glycan and peptide modalities than
in the lipid layer.
Finally, we compare our approach against a model estimated on a stacked dataset combining

all three molecular classes. While stacking offers a straightforward alternative for data inte-
gration, it is generally considered a less principled approach (see Supplementary Section S.4.4
for further discussion). This yields a slightly better fit (RMSE: 0.022) but results in a larger
number of CCs (19 CCs), which hinders interpretability. The stacked analysis treats all
signals as originating from a single dataset. As a result, some tissue areas appear more frag-
mented, especially where peptide and N-glycan layers suggest distinct spatial organizations.
Furthermore, the resulting clusters predominantly reflect the lipid-driven concentric structure
in the healthy region. This suggests that the lipid modality drives the stacked segmentation,
while additional molecular-specific patterns may be less distinctly represented. Overall, while
similar spatial features are observed with stacking, an integrative method such as Poseidon
produces a cleaner segmentation and more effectively captures the distinct characteristics of
each molecular modality described above.
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Figure 3: Tissue segmentation obtained by fitting single-dataset Pose models to the separate
molecules (panels A–C) and the stacked datasets (panel D). These results are com-
pared with Poseidon’s multi-dataset approach (panel E) and the original ccRCC
tissue annotated by a pathologist (panel F).

5.2 Results on m/z in specific CCs

To illustrate the type of inference enabled by the Poseidon formulation, we focus on three CCs
associated with biologically meaningful tissue regions (left panels of Figure 4). Two correspond
to distinct areas within the tumor nodule (CC-10 and CC-6, top and bottom panels), while
the central panel (CC-12) represents a healthy region of the kidney cortex. CC-10 corresponds
to a mixed-grade tumor region, annotated by the pathologist as intermediate between grade
2 and grade 3, whereas CC-6 contains hemorrhagic tissue with tumor cells classified as grade
2. Distinguishing between these tumor areas is challenging even for experienced pathologists,
given their subtle morphological differences. Poseidon’s multiomic integration, in contrast,
enables a spatially resolved characterization of molecular behavior across these regions.
The right panels of Figure 4 display the posterior median of each row assigned to the

CCs. Dots, colored according to their m/z partition, highlight how specific molecular signals
contribute to each molecular class, allowing the identification of the signals that most strongly
characterize each region. N-glycans show broadly similar patterns across the tumor clusters
(CC-10 and CC-6), consistent with well-documented cancer-associated glycan alterations,
while the benign region (CC-12) displays a distinct profile. This difference is particularly
evident in the mid-m/z range (approximately 1688–1926), where the tumor clusters exhibit
a characteristic low–high–low triplet pattern across adjacent signals, whereas the benign one
shows a steadily increasing trend. The similarity between tumor clusters reflects the tendency
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Figure 4: Spatial and signal characterization of three representative regions of interest identi-
fied within the tissue by Poseidon. The left panels show the pixels corresponding to
each estimated CC, highlighting the localization patterns across the sample. Right
panels display the corresponding posterior median of the analytes’ rescaled abun-
dances in each CC, segmented by molecular class. Therefore, each panel illustrates
the relative median intensities of m/z features contributing to the cluster-specific
molecular profile, and these are colored according to the RC assignments.

of cancer tissues to share glycosylation alterations, even when their histological appearances
differ. In contrast, lipidomic signals reveal bigger differences between tumor regions. Marked
variation is observed in the higher m/z range, likely reflecting distinct metabolic states in
healthy and tumor tissue. CC-6 shows particularly elevated abundance of small lipids in the
606–619 m/z range, consistent with the hemorrhagic nature of this region. Interestingly, these
lower m/z lipid signals exhibit more similar behavior between CC-10 and the healthy CC-12,
possibly reflecting inflammatory processes present in both tumor-adjacent tissue and portions
of the normal cortex.
Peptides, instead, tend to be more abundant in the healthy region. In the mid-range of the

spectrum (approximately m/z 700–1500), several peptide signals form a group of peaks that
are consistently elevated in CC-12 while remaining weaker in the tumor clusters. Among these
are peptides corresponding to nuclear proteins such as m/z 944.53 (histone H2A) and m/z
1116.56 (putatively identified as Heterochromatin Protein 1-binding protein 3 ), recognized
tumor markers in the MSI literature [Denti et al., 2024]. While proteomic alterations in
cancer have been extensively studied, the functional roles of N-glycans and lipids remain less
explored, particularly with respect to their spatial organization across tissue regions [Vasseur
and Guillaumond, 2022, Wallace et al., 2024]. Our findings provide a foundation for future
investigations into the spatially resolved roles of these molecular layers in disease processes.
Complementary comments on the other CCs are reported in Supplementary Section S.5.2.
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6 Discussion

We introduced Poseidon, a BNP method for the joint analysis of multi-molecule MALDI-MSI
data, designed to effectively integrate the heterogeneous information provided by different
spatially resolved multiomics experiments. By combining a BNP-MRF prior with a sepa-
rately exchangeable biclustering framework, we could simultaneously segment a tissue and
cluster molecular features across omics classes while preserving spatial dependencies. This
principled integration improved over both single-dataset and naively combined approaches,
as demonstrated in our analysis of lipids, N-glycans, peptides, and stacked datasets. The
improvements observed, both in terms of biologically meaningful tissue segmentation and the
discovery of plausible molecular biomarkers, underscore the importance of integrated models
for spatially structured molecular data.
This work opens up several promising research directions. First, one can consider different

likelihood specifications, allowing for a more flexible modeling of the data without resorting
to pre-processing transformations. Second, alternative spatially informed priors could be ex-
plored as an alternative to the MRF, which is known to pose computational challenges. For
example, thresholded Gaussian processes or spatially dependent SB priors [e.g., Linderman
et al., 2015] may offer more flexible and scalable alternatives. Finally, incorporating stochastic
variational inference could enable scalability to larger datasets, facilitating information shar-
ing across multiple tissues from the same patient collected over time, or across tissues from
different patients with the same disease. This would potentially allow for integrated, one-step
differential analyses across space, time, and individuals.
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S.1 Additional details about the MALDI-MSI data used in the
analysis

In this section, we provide additional details on how MALDI-MSI (Matrix-Assisted Laser
Desorption/Ionization Mass Spectrometry Imaging) data are generated and how the matrices
analyzed by Poseidon are derived from biological tissue. Recall that MALDI-MSI is a technol-
ogy that measures the molecular composition of a tissue in a spatially resolved manner over
a tissue section, which is divided into pixels. A laser scans the tissue section pixel by pixel,
recording a mass spectrum for each one. This spectrum contains intensity values associated
with thousands of mass-to-charge (m/z ) ratios, each corresponding to a molecular signal.
A distinctive aspect of the experimental protocol in this study is that the same histological

tissue section is subjected to several consecutive MALDI-MSI acquisitions, each focusing on
a different molecular family, such as lipids, N-glycans, or peptides. Between acquisitions,
the section undergoes chemical treatment, measurement, and re-preparation to enable the
extraction of additional molecular information without changing the spatial grid. As a result,
multiple datasets are derived from the same spatial pixel grid. This feature is essential for
Poseidon, as it allows us to assume that all datasets share the same spatial structure (the
columns of the matrices), while the molecular signals (rows) vary across datasets.
Figure S.1 schematically represents this multiomics acquisition workflow. After histological
preparation, the tissue undergoes sequential MALDI-MSI measurements. Each acquisition
produces a data matrix where:

• columns correspond to spatial pixels of the tissue,

• rows correspond to detected m/z peaks (molecular signals),

• entries represent the abundance of a specific molecular signal at a specific pixel.

Since all acquisitions are made on the same physical section using the same raster grid, the
columns of all matrices are perfectly aligned in space. Consequently, column j in each dataset
corresponds to the same tissue location (pixel). This spatial co-registration is essential, as it
enables a meaningful statistical search for a common column partition across datasets.

Fig. S.1: A depiction of the multiomics workflow developed in Denti et al. [2022]. The same
tissue undergoes multiple consecutive MSI analyses with MALDI, yielding different
MSI datasets – one for each molecular class.

S.1.1 The ccRCC tissue section and the biological preprocessing

The sample considered in this study is from clear cell renal cell carcinoma (ccRCC), the most
prevalent type of kidney cancer in adults. This tumor develops in the renal cortex and fea-

16



tures altered cellular metabolism and a dense vascular network. Figure S.2 provides detailed
tissue context, aiding the accurate interpretation of the statistical results. The spatial het-
erogeneity within ccRCC, including regions with varying tumor grades, hemorrhagic areas,
and immune cell infiltration, reflects the underlying biological complexity that shapes tumor
behavior, prognosis, and response to treatment. Recognizing this heterogeneity is essential for
accurately interpreting multiomics data within a biological framework. Indeed, in Figure S.2
regions of interest identified by an expert pathologist are color-coded as follows: green for
healthy cortex, yellow for the capsule surrounding the tumor nodule, red for a tumor region
with mixed grades (grade 2 and grade 3 ), orange for a grade 2 tumor region, brown for a
hemorrhagic area, and purple for tumor-infiltrating lymphocytes (TILs). Although these an-
notations are not used as input in our model, they serve as an external reference to interpret
the clustering results obtained by Pose and Poseidon.

Fig. S.2: Annotated representation of the H&E-stained ccRCC tissue used for the analysis,
with regions of interest defined by an expert pathologist: green indicates healthy
cortex; yellow, the capsule surrounding the tumor nodule; red, a tumor region with
mixed grades (grade 2 and grade 3 ); orange, a grade 2 tumor region; brown, a
hemorrhagic area; and purple, tumor-infiltrating lymphocytes (TILs).

Raw data from this tissue were extracted and processed for statistical analysis via a stan-
dardized preprocessing pipeline [Capitoli et al., 2025]. This step is essential for minimizing
physiological, instrumental, and analytical variability often observed in MALDI-MSI data.
Overcoming these challenges ensures data quality and reliability for biological analysis and
interpretation. Moreover, it enables the generation of comparable intensity profiles across
pixels. In detail, the following steps transform raw spectra into the matrices used by Pose
and Poseidon:

1. Baseline subtraction: Each spectrum contains a slowly varying background signal
due to electronic noise and chemical impurities. This background artificially inflates
intensity values, especially in low-intensity regions of the spectrum. Baseline subtrac-
tion estimates this component and removes it, leaving intensities to reflect only true
molecular signals.

2. Smoothing: Spectra exhibit high-frequency fluctuations and small spurious peaks
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caused by noise. Smoothing reduces these fluctuations while preserving the shape,
height, and position of real peaks. This step improves the stability and reliability of
peak identification.

3. Normalization: The total signal intensity varies across pixels because ionization effi-
ciency is not uniform over the tissue. Without normalization, two pixels with identical
molecular composition could appear very different. Each spectrum is therefore rescaled
to a common reference level so that intensities can be meaningfully compared across
spatial locations.

4. Alignment: Due to slight instrumental drift, the same molecule may appear at slightly
different m/z values across spectra. Alignment ensures that peaks corresponding to the
same molecular species are assigned the same m/z value in all pixels. This guarantees
that each row of the data matrix refers to the same molecular signal.

5. Peak detection: Finally, peaks are kept only if they have a high enough signal-to-noise
ratio. This eliminates non-informative parts of the spectrum and establishes the set of
meaningful rows in the matrix.

Following these preprocessing steps, each MALDI-MSI acquisition becomes a data matrix
where columns correspond to the spatial pixels shown in Figure S.2, rows represent the set of
aligned and filtered molecular peaks, and entries contain the normalized abundance values.
These matrices serve as the input for the biclustering model.
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S.2 Additional details on the modeling framework

S.2.1 Proof of Proposition 2.1

We aim to derive the expressions for the observational coclustering probability between two
data points under our nested prior, i.e., P

[︁
θi,j = θi′,j′

]︁
. Recall that ωk ∼ DirichletL(b0, . . . , b0)

and consider a BNP-MRF(π;β) prior over the group partition, with π ∼ GEM(α). First, let
ϱj,j′ = P

[︁
Gj = Gj′

]︁
. Then, we have

P
[︁
θi,j = θi′,j′

]︁
= E

[︁
P
[︁
θi,j = θi′,j′ | Gj , Gj′

]︁]︁
= E

[︁
P
[︁
θi,j = θi′,j′ | Gj = Gj′

]︁
ϱj,j′

]︁
+ E

[︁
P
[︁
θi,j = θi′,j′ | Gj ̸= Gj′

]︁
(1− ϱj,j′)

]︁
In the case of two samples, we can obtain ϱj,j′ = P

[︁
Gj = Gj′

]︁
= eβ/(α + eβ) from the

predictive distribution presented in Lü et al. [2020]. The second term in the sum is identical
to the partially exchangeable case, see D’Angelo and Denti [2026], Denti et al. [2023]. However,
under separate exchangeability, if columns j and j′ are clustered together, then the rows must
share the same partition. Therefore,

P
[︁
θi,j = θi′,j′ | Gj = Gj′

]︁
= 1{i=i′}P

[︁
θi,j = θi,j′ | Gj = Gj′

]︁
+ 1{i̸=i′}P

[︁
θi,j = θi′,j′ | Gj = Gj′

]︁
= 1{i=i′} · 1 + 1{i̸=i′}

L∑︂
l=1

P
[︁
θi,j = θ∗l , θi′,j′ = θ∗l | Gj = Gj′

]︁
= 1{i=i′} + 1{i̸=i′}

L∑︂
l=1

ω2
l,j .

Then, the marginal probability is

P
[︁
θi,j = θi′,j′

]︁
=

eβ

eβ + α

(︄
1{i=i′} + 1{i̸=i′}E

[︄
L∑︂
l=1

ω2
l,j

]︄)︄
+

α

eβ + α
E

[︄
L∑︂
l=1

ωl,j ωl,j′

]︄
(⋆)
=

1

(eβ + α)

[︄
eβ
(︃

1 + b0
1 + Lb0

)︃1−1{i=i′}

+
α

L

]︄
,

where in step (⋆) we used

E

[︄
L∑︂
l=1

ω2
l,j

]︄
=

L∑︂
l=1

E
[︁
ω2
l,j

]︁
=

L∑︂
l=1

(1 + b0)

L(1 + Lb0)
=

1 + b0
1 + Lb0

,

and

E

[︄
L∑︂
l=1

ωl,j ωl,j′

]︄
=

L∑︂
l=1

E
[︁
ωl,j ωl,j′

]︁ ind.
=

L∑︂
l=1

E [ωl,j ]
2 =

1

L
.

In Figures S.3–S.5, we examine the behavior of the derived prior coclustering probabilities
for two entries in the data matrix under various parameter specifications. Recall that in the
common atoms model, π ∼ GEM(α) and ωk ∼ GEM(ν) for all k, whereas in the shared atoms
model, ωk ∼ DirichletL(b0) for all k. Here, α is a distributional parameter, while ν and b0
are observational parameters. We compute these probabilities for three inverse temperature
levels, i.e., β ∈ {0, 1, 2}. The values of α and ν are varied over the interval (0, 3), and the
Dirichlet concentration parameters are constrained to the unit interval to enforce sparsity.
We present comparisons for both the same-row and different-row scenarios.
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Fig. S.3: Heatmaps depicting the a priori coclustering probabilities for pairs of matrix entries
in a two-sample scenario, plotted against the observational and distributional pa-
rameters governing the nested mixture weights. The left column illustrates the case
with common atoms, while the right column shows the case with shared atoms. The
top panels display probabilities for entries on different rows. In contrast, the bottom
panels show the corresponding probabilities for entries on the same row. The inverse
temperature parameter is fixed at β = 0.

20



0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

0.6

0.8

0.6

0.8

0.6

0.8

0.6

0.8

0.6

0.8

0.6

0.8

0.6

0.8

0.6

0.8

0.6

0.8

0.6

0.8

0.6

0.8

0.6

0.8

0.6

0.8

0.6

0.8

0.6

0.8

0.6

0.8

0.6

0.8

0.1

0.3

0.5
0.7

0.1

0.3

0.5
0.7

0.1

0.3

0.5
0.7

0.1

0.3

0.5
0.7

0.1

0.3

0.5
0.7

0.1

0.3

0.5
0.7

0.1

0.3

0.5
0.7

0.1

0.3

0.5
0.7

0.1

0.3

0.5
0.7

0.1

0.3

0.5
0.7

0.1

0.3

0.5
0.7

0.1

0.3

0.5
0.7

0.1

0.3

0.5
0.7

0.1

0.3

0.5
0.7

0.1

0.3

0.5
0.7

0.1

0.3

0.5
0.7

0.1

0.3

0.5
0.7

0.5

0.7

0.9

0.5

0.7

0.9

0.5

0.7

0.9

0.5

0.7

0.9

0.5

0.7

0.9

0.5

0.7

0.9

0.5

0.7

0.9

0.5

0.7

0.9

0.5

0.7

0.9

0.5

0.7

0.9

0.5

0.7

0.9

0.5

0.7

0.9

0.5

0.7

0.9

0.5

0.7

0.9

0.5

0.7

0.9

0.5

0.7

0.9

0.5

0.7

0.9

Common atoms Shared atoms

D
ifferent row

S
am

e row

0 1 2 3 0.0 0.2 0.4 0.6

0

1

2

3

0

1

2

3

Observational parameter

D
is

tr
ib

ut
io

na
l p

ar
am

et
er

Coclustering
probability 0.25 0.50 0.75

β = 1

Fig. S.4: Heatmaps depicting the a priori coclustering probabilities for pairs of matrix entries
in a two-sample scenario, plotted against the observational and distributional pa-
rameters governing the nested mixture weights. The left column illustrates the case
with common atoms, while the right column shows the case with shared atoms. The
top panels display probabilities for entries on different rows. In contrast, the bottom
panels show the corresponding probabilities for entries on the same row. The inverse
temperature parameter is fixed at β = 1.
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Fig. S.5: Heatmaps depicting the a priori coclustering probabilities for pairs of matrix entries
in a two-sample scenario, plotted against the observational and distributional pa-
rameters governing the nested mixture weights. The left column illustrates the case
with common atoms, while the right column shows the case with shared atoms. The
top panels display probabilities for entries on different rows. In contrast, the bottom
panels show the corresponding probabilities for entries on the same row. The inverse
temperature parameter is fixed at β = 2.

22



S.3 The CAVI algorithm for Poseidon

In this section, we detail the Coordinate Ascent Variational Inference (CAVI) algorithm for the
Poseidon model and discuss the approximations necessary to make it feasible. The complete
algorithm is presented in Algorithm 1.
Note that, similarly to the case of the nested model presented in D’Angelo and Denti [2026],

resorting to a variational Bayes approach not only provides estimates in a timely and efficient
manner but also addresses the problem of label switching and, more importantly, offers a
direct method for estimating the partition of rows and columns. Indeed, once the algorithm
has converged, we are left with two sets of posterior variational clustering probabilities that we
denote with ρ̂j,k = q⋆(Cj = k) and ξ̂i,k,l = q⋆(Ri,k = l). The former indicates how likely the j-
th column is to be assigned to the k-th cluster. Similarly, the latter represents the probability
that the i-th row belongs to the l-th cluster within the k-th CC. Thus, we estimate the pixel
segmentation as Ĉj = argmaxk=1,...,K ρ̂j,k ∀j. Analogously, the RC solutions nested in the

k-th column cluster are given by R̂i,k = argmaxl=1,...,L ξ̂i,k,l ∀i, k. It is important to note that,
with this procedure, we obtain K partitions of the rows, one for each potential CC. However,
only the ones corresponding to non-empty CCs are interesting.

S.3.1 Approximations in the algorithm

Due to the presence of an intractable normalizing constant, inference on the terms involving
the inverse temperature parameter of a Potts model β is extremely challenging. Many ap-
proaches have been proposed in the literature, ranging from the use of approximations such
as the pseudo-likelihood [PL, Besag, 1974], to more refined samplers [Murray et al., 2006], to
ABC techniques [Moores et al., 2020].
In the variational Bayes framework, Lü et al. [2020], Durand et al. [2022] treat β as a fixed

nuisance parameter w.r.t. maximizing the lower bound, thus resorting to a VB-Expectation
Maximization (VBEM) algorithm. This approach translates into computing

β̂ = argmax
β

EqC ,qv [log(p(C | π;β))] . (S.1)

Conversely, McGrory et al. [2009] treated β as a random variable and proposed different
approximations to the normalizing constant to derive the variational distribution q⋆(β). In
our algorithm, we adopt approximations inspired by McGrory et al. [2009], which we delineate
in the following.
A key quantity for both the approximate updates of β and the ELBO components for both

C and β is the expectation of log p(C | π, β). Given the intractability of the normalizing
constant involved in the expression, computing this expectation analytically is unfeasible. We
then resort to two approximations. First, the Potts prior is approximated using a mean-field
pseudo-likelihood (PL) approach. Then, every variable in v is substituted with its variational
expectation (A2), switching log and expectation. Therefore, we first write

p(C | π, β)
(PL)
≈

J∏︂
j=1

p̃(Cj | C−j ,π, β) =

J∏︂
j=1

exp
[︂
log πCj + β

∑︁
i∈∂j 1{Ci=Cj}

]︂
∑︁

k≥1 exp
[︂
log πk + β

∑︁
i∈∂j 1{Ci=k}

]︂ , (S.2)
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Algorithm 1: CAVI updates for the Poseidon model

Input: it← 1. Randomly initialize λ(0). Define the error bound ε and randomly set ∆(0, 1) > ε.
while ∆(it− 1, it) > ε do
Set it = it+ 1 ;
Update the variational parameters according to the following CAVI steps:

1. For j = 1, . . . , J , q⋆(Cj) is a K-dimensional multinomial, with q⋆(Cj = k) = ρj,k for k = 1, . . . ,K, and

log ρj,k ∝ g(āk, b̄k) +
k−1∑︂
r=1

g(b̄r, ār) +

L∑︂
l=1

T∑︂
t=1

N(t)∑︂
i=1

ξ
(t)
i,k,lℓ

(t)
i,j,l + β

∑︂
q∈∂j

ρq,k,

where g(x, y) = ψ(x)− ψ(x+ y), with ψ being the digamma function, and

ℓ
(t)
i,j,l = −

1

2

[︄
log(d

(t)
l )− ψ(c(t)l ) +

1

k
(t)
l

+
c
(t)
l

d
(t)
l

(y
(t)
i,j −m

(t)
l )2

]︄
.

2. For k = 1, . . . ,K, t = 1, . . . , T and i = 1, . . . , N (t), q⋆(R
(t)
i,k) is a L-dimensional multinomial,

with q⋆(R
(t)
i,k = l) = ξ

(t)
i,k,l for l = 1, . . . , L, and

log ξ
(t)
i,k,l ∝

J∑︂
j=1

ρj,kℓ
(t)
i,j,l + hl(p

(t)
k ),

where ℓ
(t)
i,j,l is defined as in Step (1), and hl(p

(t)
k ) = ψ(p

(t)
l,k)− ψ(

∑︁L
l=1 p

(t)
l,k).

3. For k = 1, . . . ,K and t = 1, . . . , T , q⋆(ω
(t)
k ) is DirichletL(p

(t)
k ) with p

(t)
l,k = b0 +

∑︁N(t)

i=1 ξ
(t)
i,k,l.

4. For k = 1, . . . ,K, q⋆(vk) is approximated as in Lü et al. [2020] with a Beta(āk, b̄k) distribution with

āk = 1 +

J∑︂
j=1

ρj,k, b̄k = s1/s2 +

J∑︂
j=1

K−1∑︂
q=k+1

ρj,q.

5. For l = 1, . . . , L and t = 1, . . . , T , q⋆(θ
∗(t)
l ) is a NIG(m

(t)
l , k

(t)
l , c

(t)
l , d

(t)
l ) distribution with parameters

k
(t)
l = n

(t)
l + k

(t)
0 , c

(t)
l = c

(t)
0 + n

(t)
l /2,

m
(t)
l =

k
(t)
0 m

(t)
0 + n

(t)
l ȳ

(t)
l

n
(t)
l + k

(t)
0

, d
(t)
l = d

(t)
0 +

n
(t)
l k

(t)
0

2k
(t)
l

(︂
ȳ
(t)
l −m

(t)
0

)︂2

+
1

2

J∑︂
j=1

N(t)∑︂
i=1

Q
(t)
i,j,l

(︂
y
(t)
i,j − ȳ

(t)
l

)︂2

,

where Q
(t)
i,j,l =

∑︁K
k=1 ξ

(t)
i,k,lρj,k, n

(t)
l =

∑︁N(t)

i=1

∑︁J
j=1Q

(t)
i,j,l, and ȳ

(t)
l = (

∑︁N(t)

i=1

∑︁J
j=1Q

(t)
i,j,ly

(t)
i,j )/n

(t)
l .

6. q⋆(α) is a Gamma(s1, s2) distribution with parameters

s1 = aα +K − 1, s2 = bα −
K−1∑︂
k=1

g(b̄k, āk).

7. If β is assumed random, compute the expected value of the inverse temperature, β̄, following the
approximating procedure reported in Section S.3.1 and set β = β̄ in Step 1.

Compute ∆(it− 1, it) = |
[︂
ELBO(λ(it))− ELBO(λ(it−1))

]︂
/ELBO(λ(it−1))|.

Let λ = λ(it);
return λ
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Then, taking the expectation w.r.t. all the variables but β, we have

E [log p(C | π, β)]
(PL)
≈

J∑︂
j=1

E

⎡⎣∑︂
k≥1

1{Cj=k} log πk + β
∑︂
k≥1

∑︂
i∈∂j

1{Ci=k}1{Cj=k}

⎤⎦
− E

⎡⎣ J∑︂
j=1

log
∑︂
k≥1

exp

⎡⎣log πk + β
∑︂
i∈∂j

1{Ci=k}

⎤⎦⎤⎦
=

J∑︂
j=1

∑︂
k≥1

ρj,kE [log πk] + β
J∑︂

j=1

∑︂
k≥1

∑︂
i∈∂j

ρi,kρj,k

−
J∑︂

j=1

E

⎡⎣log∑︂
k≥1

exp

⎡⎣log πk + β
∑︂
i∈∂j

1{Ci=k}

⎤⎦⎤⎦ .

We can further approximate this term by writing

(A2)
≈

J∑︂
j=1

∑︂
k≥1

ρj,k

⎡⎣E [log πk] + β
∑︂
i∈∂j

ρi,k

⎤⎦−
J∑︂

j=1

log
∑︂
k≥1

exp

⎡⎣E [log πk] + β
∑︂
i∈∂j

ρi,k

⎤⎦ ,
where we set ρj,k = q⋆(Cj = k). The two approximations led to a quantity that is easy to
evaluate. Thus, given a prior p(β) for the inverse temperature parameter, we can approximate

q⋆(β)
(PL+A2)

∝ p(β)
J∏︂

j=1

exp
[︂∑︁

k≥1 ρj,k

[︂
E [log πk] + β

∑︁
i∈∂j ρi,k

]︂]︂
∑︁

k≥1 exp
[︂
E [log πk] + β

∑︁
i∈∂j ρi,k

]︂ . (S.3)

Suppose we assume p(β) to be a uniform distribution over a grid of sensible values. In that
case, it is then straightforward to numerically evaluate the variational expected value of this
distribution.

S.3.2 ELBO components

• E [log p(Y | R,C,θ)] =
∑︁T

t=1

∑︁J
j=1

∑︁N(t)

i=1

∑︁K
k=1

∑︁L
l=1 ρj,kξ

(t)
i,k,lℓ

(t)
i,j,l where

ℓ
(t)
i,j,l = E

[︂
log(ϕ(y

(t)
i,j |θ

(t)
l ))

]︂
= −1

2

[︃
log(d

(t)
l )− ψ(c

(t)
l ) + 1

k
(t)
l

+
c
(t)
l

d
(t)
l

(y
(t)
i,j −m

(t)
l )2

]︃
;

• E [log p(R | ω)] =
∑︁T

t=1

∑︁N(t)

i=1

∑︁K
k=1

∑︁L
l=1 ξ

(t)
i,k,l hl

(︂
p
(t)
k

)︂
;

• E [log q(R)] =
∑︁T

t=1

∑︁N(t)

i=1

∑︁K
k=1

∑︁L
l=1 ξ

(t)
i,k,l log(ξ

(t)
i,k,l);

• E [log p(C | π, β)] is not available in closed form. One can approximate it, following the
rationale presented in Section S.3.1 as

E [log p(C | π, β)] ≈
J∑︂

j=1

∑︂
k≥1

ρj,k

⎡⎣E [log πk] + β̄
∑︂
i∈∂j

ρi,k

⎤⎦
−

J∑︂
j=1

log
∑︂
k≥1

exp

⎡⎣E [log πk] + β̄
∑︂
i∈∂j

ρi,k

⎤⎦ ,
with β̄ representing the expected value of the variational distribution for β, computed
numerically.
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• E [log q(C)] =
∑︁J

j=1

∑︁K
k=1 ρj,k log(ρj,k)

• E [log p(v | α)] = (K − 1) (ψ(s1)− log(s2)) + (s1/s2 − 1)
∑︁K−1

k=1 g(b̄k, āk);

• E [log q(v)] =
∑︁K

k=1{log(Cv(āk, b̄k)) + (āk − 1)g(āk, b̄k) + (b̄k − 1)g(b̄k, āk)}, where Cv(·)
is the normalizing constant of a Beta distribution;

• E [log p(ω)] = T
∑︁K

k=1 log(Kωk
(b0)) +

∑︁T
t=1

∑︁K
k=1

∑︁L
l=1(b0 − 1)h

(t)
l (p

(t)
k ), where Kω(·) is

the normalizing constant of a DirichletL distribution;

• E [log q(ω)] =
∑︁T

t=1

[︂∑︁K
k=1 log(Kω(p

(t)
k )) +

∑︁K
k=1

∑︁L
l=1(p

(t)
l,k − 1)hl(p

(t)
k )
]︂
;

• E
[︁
log p(µ∗,σ2∗)

]︁
= L

∑︁T
t=1 log(K(µ∗,σ2∗)(m

(t)
0 , k

(t)
0 , c

(t)
0 , d

(t)
0 ))−

∑︁T
t=1(c

(t)
0 +1+1/2)

∑︁L
l=1(log(d

(t)
l )−

ψ(c
(t)
l ))−

∑︁T
t=1 d

(t)
0

∑︁L
l=1 c

(t)
l /d

(t)
l −

∑︁T
t=1

k
(t)
0
2

∑︁L
l=1(

1

k
(t)
l

+
c
(t)
l

d
(t)
l

(m
(t)
l −m(t)

0 )2), whereK(µ,σ2)(·)
is the normalizing constant of a Normal-Inverse Gamma distribution;

• E
[︁
log q(µ∗,σ2∗)

]︁
=
∑︁T

t=1

∑︁L
l=1 log(K(µ∗(t),σ2∗(t))(m

(t)
l , k

(t)
l , c

(t)
l , d

(t)
l ))−

∑︁T
t=1

∑︁L
l=1(c

(t)
l +

1 + 1/2)(log(d
(t)
l )− ψ(c

(t)
l ))−

∑︁T
t=1

∑︁L
l=1 c

(t)
l − (L · T )/2;

• E [log p(α)] = log(Kα(aα, bα)) + (aα − 1)(ψ(s1)− log(s2))− bαs1/s2, where Kα(·) is the
normalizing constant of a Gamma distribution.

• E [log q(α)] = log(Kα(s1, s2)) + (s1 − 1)(ψ(s1)− log(s2))− s1.

• If β is random and uniformly distributed over a grid, the difference in the ELBO
E [log p(β)− log q(β)] can be approximated with E [log p(C)], which then simplifies with
the ELBO update given by the variational distribution of the CC membership labels C.

S.3.3 Recommended hyperparameter specifications

The model includes several hyperparameters that must be specified prior to estimation.

Base measure hyperparameters Recall that we assume Normal-Inverse Gamma priors for

the base measures H(t), t = 1, . . . , T . For each l, the atom-specific parameters are θ
∗(t)
l =

(µ
∗(t)
l , σ

2∗(t)
l ), where

µ
∗(t)
l | σ2∗(t)l ∼ N

(︄
m

(t)
0 ,

σ
2∗(t)
l

k
(t)
0

)︄
, σ

2∗(t)
l ∼ IG(c

(t)
0 , d

(t)
0 ).

Our recommended hyperparameter values are (m
(t)
0 , k

(t)
0 , c

(t)
0 , d

(t)
0 ) = (0, 0.01, 3, 2), for all

t, which imply, for every l and t,

E
[︂
µ
∗(t)
l

]︂
= 0, V

[︂
µ
∗(t)
l

]︂
= 100, E

[︂
σ
2∗(t)
l

]︂
= 1, V

[︂
σ
2∗(t)
l

]︂
= 1.

We regularize the variance component to ensure that all modes in the data can be detected,
avoiding overly diffuse kernels that may cover multiple modes simultaneously. Conversely,
the location parameter is allowed to vary freely through a weakly informative prior. This
strategy has led to satisfactory performance in nested modeling with both finite and infinite
mixtures [Rodŕıguez et al., 2008, D’Angelo and Denti, 2026], and we adopted it in this work.
Alternatively, one can follow the rationale presented in Fraley and Raftery [2007] to obtain
alternative methods to regularize the variance.
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Mixture weights hyperparameters Setting b0 = 0.0001 · 1L helps promote sparse finite
mixtures across the rows [Malsiner-Walli et al., 2016], a popular approach that enables the
estimation of the effective number of clusters L∗ < L by emptying some of the L fitted
components, typically chosen to be a large conservative value. For further discussion of this
important distinction, see, for example, Nobile [2004], Miller and Harrison [2018], Frühwirth-
Schnatter et al. [2021]. The truncation level K for the BNP-MRF prior is selected following
a similar rationale. Finally, setting aα = bα = 1 yields the standard Gamma(1, 1) prior for
the Dirichlet process concentration parameter [see, for example, Blei and Jordan, 2006]. The
upper bound B = 2 is chosen to cautiously avoid the phase transition, i.e., an abrupt change
from a disordered to an ordered state (i.e., a single cluster), in the Potts model [Moores et al.,
2020].
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S.4 Simulation studies

In this section, we describe a series of simulation studies designed to evaluate the properties of
our model. In Section S.4.1, we explain why shared atoms are preferred over common atoms.
Following this, Section S.4.2 demonstrates Pose’s ability to recover biclusters. Section S.4.3
presents the results obtained by Pose on synthetic datasets presenting different levels of spatial
dependence. Additionally, we benchmark these results with two state-of-the-art methods,
namely UTAG [Kim et al., 2022] and BayesSpace [Zhao et al., 2021]. In Section S.4.4, we
show that, when using Poseidon, clustering is driven by the shared signal rather than being
corrupted by noise. Section S.4.5 reports on how the computational cost per iteration changes
as J , T , and N vary.

S.4.1 Comparing common and shared atoms

A pertinent question arises regarding the practical implications of employing common atoms
versus shared atoms. To provide more context, when dealing with nested BNP mixtures,
we need to distinguish between distributional and observational mixtures: the former drives
the model-based clustering of groups (distributional clusters), while the latter governs the
grouping of observations. Each cluster of groups (in our case, a cluster of columns (CC)) is
represented by an observational mixture.
Following the nomenclature introduced in D’Angelo and Denti [2026], common atoms be-

long to nested, fully nonparametric models where stick-breaking priors are utilized to model
the observational mixtures. Conversely, shared atoms are related to “finite-infinite” models,
where the random observational weights follow a finite Dirichlet distribution while the distri-
butional weights remain nonparametric. While adopting a finite mixture over an infinite one
may appear to be a modeling simplification, this choice strategically bypasses the problematic
interaction between the stochastic decreasing order of stick-breaking weights and the fixed se-
quence of atoms across mixtures, discussed in D’Angelo and Denti [2026], Denti and D’Angelo
[2025]. Indeed, in common atoms models, this interaction implies that, a priori, the initial
atoms in a sequence are assigned disproportionately high weights. This feature is reflected by
a high prior correlation between the random measures, and a high observational coclustering
probability among observations. As discussed in Section 2.1, this phenomenon is not confined
to partially exchangeable nested mixtures but extends to the separately exchangeable setting.
A posteriori, this characteristic can lead to unwanted “extra-sharing” of information across

the atoms characterizing the distributional clusters, resulting in the estimation of “ghost
modes”, i.e., spurious density peaks that do not exist in the data-generating process. Although
density estimation is not the primary focus of this work, and recognizing that such spurious
effects typically diminish with sufficiently large datasets, we now demonstrate how posterior
density estimates can be biased when the sample size is moderate even in a very simple setting.
Indeed, we consider a synthetic dataset with 30 rows and 30 columns, structured into three

column clusters (CCs) of ten columns each. For each CC, rows are independently sampled
from the following simple distributions:

P1 : N (0, 0.252),

P2 :
1
2N (0, 0.252) + 1

2N (−3, 0.252),

P3 :
1
2N (0, 0.252) + 1

2N (3, 0.252).

The separation between the mixture components is deliberately large to clearly highlight
differences in model behavior. We fit Pose models with either common or shared atoms,
setting hyperparameters as previously explained, L = 20, K = 15, ε = 10−8, and 100 random
initializations. After variational estimation of the hyperparameters, we compute posterior
expectations in closed form for the Dirichlet and stick-breaking weights - using the posterior
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Fig. S.6: Variational posterior density estimates for the three CCs are shown. The top row
corresponds to the Pose model with common atoms, whereas the bottom row dis-
plays results obtained with shared atoms. When common atoms are used, mixture
components detected in one cluster tend to propagate to others, resulting in spurious
modes. This behavior disappears under the shared-atom specification, which yields
cleaner and more interpretable density estimates.

means of the associated Beta random variables - as well as for the Normal–Inverse Gamma
atoms. This yields variational posterior density estimates of the CC-specific Normal mixture
models underlying the data. Given the simplicity of the data-generating process, the CCs
are perfectly recovered under both specifications1. For each model, we report the density
estimates corresponding to the run achieving the highest ELBO among the 100 initializations
in Figure S.6. The top and bottom rows of the figure display results obtained with common
and shared atoms, respectively. When common atoms are employed, strong dependence is
induced across mixture densities, leading to the appearance of spurious modes in CCs where
they are not supported by the data - simply because the corresponding atom is active in
another mixture. This issue is effectively solved when shared atoms are used, yielding cleaner
and more interpretable density estimates.

S.4.2 Biclustering recovery

One of the key features that distinguishes Pose from most biclustering methods is its ability
to recover different row-clustering structures within different CCs. In contrast, most block-
clustering approaches [see, e.g., Tan and Witten, 2014, Govaert and Nadif, 2013] assume a
single row-clustering structure shared across all CCs. This flexibility is particularly important
for MALDI-MSI data, where we expect peaks to occur at different m/z (rows) in different
CCs, making traditional block-clustering methods poorly suited to the task.

1With fewer observations (e.g., ten rows), only the finite–infinite specification successfully recovers the parti-
tion; these results are omitted for brevity but are available in the accompanying code.
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Fig. S.7: Left : the column partition structure used for the simulation study. Center : an
example of the biclustering structure (with row cluster allocations within each CC),
for all rows and all columns (ordered and labeled by their CCs). The colors represent
the mean activation for each element. Right : an example of the data generated
given the biclustering allocation (for all rows and columns). Colors correspond to
the intensity activation level of each m/z in the corresponding pixel, and columns
have been sorted by their CCs.

To assess Pose’s performance in recovering biclustering structure, we use synthetic datasets
designed to mimic the characteristics of MALDI data. In these datasets, certain m/z values
appear as peaks with high activation levels (mean = 1.5), their immediate neighbors show
medium activation (mean = 0.75), and all other rows are treated as noise (mean = 0). Peak
locations vary across CCs, and we simulate a moderately high noise level (standard deviations
= 1).

Synthetic data generating process We generate 50 synthetic datasets sharing the same
column partition. Specifically, we consider a grid of 20 × 20 pixels, with a fixed partition
structure (shared by all synthetic datasets) that divides the pixels into six clusters, each
containing 25, 25, 25, 100, 100, and 125 contiguous pixels, respectively. A visual representation
of the partition structure is provided in the left panel of Figure S.7.
We consider 500 rows, each corresponding to a hypothetical m/z level. To generate the m/z

intensity level and create a biclustering structure, for each CC, we assign a number of rows
to a group of “high-activation” m/z values and other rows to a group of “medium-activation”
m/z values. The remaining rows are classified as “noise”. These three categories correspond
to the row clusters that are generated for each CC. The rows assigned to the “high-activation”
m/z, which correspond to the activation peaks, are selected randomly, so that there are five
groups of peaks, each corresponding to 2 adjacent rows. Note that different CCs display
different sets of “high-activation” m/z, and by default, the first CC is designed to have no
“high-activation” m/z. Given the group of rows assigned to the “high-activation” m/z, the
“medium-activation” m/z are selected by considering the rows immediately above and below
the “high-activation” m/z. Given each row’s allocation to these groups, we generate the
activation levels from a Gaussian distribution with means of 1.5, 0.75, and 0 for the high-
activation, medium-activation, and noise groups, respectively, and a standard deviation of 1.
A visual example of the row clustering allocation is provided in the center panel of Figure S.7,
where the matrix entries have been reordered by the CC assignment. The colors correspond to
the mean intensity associated with each m/z (row) in the corresponding pixel (column). The
right panel of Figure S.7 instead visualizes the entire data matrix for one instance of the data
generation process. Colors represent the activation level of each m/z in the corresponding
pixel.
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Model specification and competing alternatives We compare the biclustering performance
of: (a) Pose (fixing at β = 1), (b) sparseBC [Tan and Witten, 2014] with the true number of
CCs K (trueK), (c) sparseBC with K selected via its internal procedure (chooseKR), and (d)
Double k-means, which first applies k-means to columns and then, within each CC, applies
k-means to the corresponding rows. More in detail, given the spatial structure of the chosen
column clustering partition (see Figure S.7), we fit the Pose model with a strong spatial prior
fixing β = 1. We set the upper bound on the number of clusters as L = 10 and K = 10. The
hyperparameters are set across all l as follows: (m0, k0, c0, d0) = (0, 0.01, 3, 2), b0 = 0.0001·1L,
and aα = bα = 1. We run the CAVI algorithm from 50 different starting points and retain
only the one that reaches the highest ELBO value.
The other biclustering models we consider do not have a spatial component, but can still be

fit to spatial data. The sparseBC algorithm [Tan and Witten, 2014] was run both fixing the
number of CCs K to the true value 6 (trueK) and using their function sparseBC.chooseKR

that performs cross-validation to select the number of column and row clusters (chooseKR).
In both cases, we set the regularization parameter λ to 10. The Double k-means algorithm
was designed to mimic the main ideas behind the Pose model. First, the k-means algorithm is
run on the columns of the matrix, and the number of clusters is chosen using the gap method
(using the cluster::clusGap function in R [Tibshirani et al., 2001, Maechler et al., 2025]).
Given the selected CCs, the average intensity is computed for each m/z across all columns
belonging to the same CC. Another k-means algorithm is run on these average intensity values,
determining the row cluster allocation for each CC. The number of clusters is again selected
using the gap method.

Results To compute the Adjusted Rand Index (ARI) between the true and estimated bi-
clustering structures, the biclustering labels are vectorized, transforming the cluster allocation
matrix into vectors for both the true and estimated allocations. Then, the ARI is applied
between these vectors. To evaluate the biclustering RMSE, when the mean values associated
with each cluster are not estimated by the algorithm, we compute the empirical average of
the activation levels in each estimated bicluster and compare this with the generated mean
activation levels (ground truth) to calculate the RMSE.
Figure S.8 shows recovery of the true CC and biclustering structure, measured by the

Adjusted Rand Index (ARI), as well as the root mean squared error (RMSE) in recovering
the biclustering matrix. Overall, Pose delivers the best performance, with median ARI values
close to 1 and the lowest RMSE. sparseBC performs substantially worse, with a median ARI
of around 0.5 for CC recovery and larger RMSE values, reflecting the limitations of its block-
clustering assumption. Surprisingly, Double k-means, despite its greater flexibility compared
to sparseBC, yields the poorest results.

S.4.3 Varying degree of spatial dependence structure and comparison with
alternative methods

Here, we evaluate the robustness of the Pose model to datasets with varying degrees of spa-
tial dependence. Thanks to the possibility of estimating, albeit approximately, the inverse
temperature β, Pose’s clustering and biclustering recovery performance should generally be
robust to different degrees of spatial dependence in the latent partition.

Synthetic data generating process The latent spatial partition of pixels into clusters is
randomly generated using the Ewens-Pitman Attraction (EPA) distribution [Dahl et al., 2017],
chosen for its interpretability, and the simplicity with which samples can be drawn. In fact, this
distribution maintains some important properties of the popular Ewens-Pitman distribution
over partitions [Pitman and Yor, 1997], such as the asymptotic growth of the number of
clusters, while imposing a spatial dependence on the clusters. Because of its definition relying
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Fig. S.8: Recovery of column partition (left panel) and biclustering structure (central and
right panel), measured by ARI (left and center) and RMSE (right) in synthetic data.

Fig. S.9: Instances of latent partitions drawn from the EPA distribution for different values
of s.

on a sequential allocation of pixels to their clusters, sampling from it is much easier compared
to other distributions; moreover, the parameter regulating the spatial dependence is easily
interpretable. Specifically, the EPA distribution relies on a similarity λ(i, j) between any two
pixels i and j, and we use one of the default recommendations λ(i, j) = exp(−s · d(i, j)). To
incorporate a queen adjacency structure, we choose the distance d(i, j) = ∥(xi, yi)−(xj , yj)∥∞,
where (xi, yi) denotes the coordinate for pixel i and ∥·∥∞ is the supremum norm. We vary
the strength parameter s ∈ {0.5, 1, 2, 10}. See Figure S.9 for an example of a latent partition
drawn from the EPA for different values of s. Given the latent partition determining the
column-clusters, the m/z intensity level is generated as in Section S.4.2.

Model specification and competing alternatives We evaluate how the column-clusters and
biclustering recovery of Pose changes for different values of spatial dependence, as regulated
by s. At the same time, we also compare Pose’s segmentation recovery performance with other
methods that are commonly used in spatial transcriptomics scenarios. While not specifically
designed for MALDI-MSI data, these methods are used to infer latent spatial partitions of
the data, and can be adapted to our setting. In particular, we focus on comparing with
BayesSpace [Zhao et al., 2021] and UTAG [Kim et al., 2022]. When applying these methods
to our synthetic MALDI data, we treat the activation levels at different m/z values in a certain
pixel as the expression of different genes at a given spot.
Note that UTAG relies on some parameter specifications: (1) a maximum distance to de-

termine which pixels fall in the spatial neighborhood of other pixels, and for this we choose
max dist = 1.5, which is equivalent to using a Queen adjacency structure; (2) a resolution
parameter r for the Leiden clustering algorithm, which regulates the number of clusters de-
tected, and we run the algorithm multiple times with different values of r ∈ {0.2, 0.3, 0.4, 0.5}
and only keep the result achieving the best performance across these values. BayesSpace was
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Fig. S.10: Results on 40 simulated datasets with varying spatial dependence. Top row: ARI
for the column partition (image segmentation) obtained by the competing methods,
stratified by the spatial dependence level. Bottom row: performance of Pose in
terms of biclustering ARI and RMSE.

run with default parameters, using the true number of clusters.

Results Each method has been evaluated on 40 simulated datasets. Figure S.10 reports the
results. The top row compares the ARI values obtained by the different methods for the
column partition (which corresponds to the image segmentation), stratified by the level of
spatial dependence. As expected, since the data are generated from a process that differs
from the assumed models, none of the methods achieves perfect performance. However, Pose,
which allows the spatial strength to adapt through the estimation of the inverse temperature
parameter, provides the best results across all scenarios.
The performance of Pose can be further examined in the second row of Figure S.10, which

displays the distribution of the biclustering ARI and RMSE values. The row partition is
satisfactorily recovered in all cases. When s = 10, the ARI is slightly lower (indicating less
regularization with respect to the true partition), and, in turn, it is accompanied by a smaller
RMSE.

S.4.4 Informative datasets guide the shared clustering estimation

A desired feature of Poseidon is that the shared column partition should be driven primarily
by datasets with informative observations rather than being negatively affected by those
potentially dominated by noise. To investigate this property, we compare the performance of
Pose and Poseidon models, without spatial interaction, on specifically designed datasets.

Synthetic data generation We consider five datasets, denoted as Y (t), each comprising
J = 20 columns and N (t) = 50 rows, with t = 0, 1, 2, 3, 4. A common biclustering structure
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is assumed across these datasets. As ground truth, we assume the presence of two CCs,
each consisting of 10 columns. Specifically, the first CC contains 25 rows, with cell entries
sampled from a Normal distribution with mean µ(t) and variance 1. The remaining 25 rows
in this cluster are generated from a standard Gaussian distribution. The second CC contains
a single RC, and all cell entries are sampled from a standard Gaussian distribution. Given
this setting, we first generate a reference dataset, Y (0), with µ(0) = 4. This case represents a
scenario where a clear separation exists among the row clusters and, consequently, among the
CCs. For the remaining datasets, Y (t) with t = 1, 2, 3, 4, we set µ(t) ∈ {1, 0.75, 0.50, 0.25}. In
these datasets, the magnitude of µ(t) controls the signal-to-noise ratio: as the index t grows,
the two RC distributions increasingly overlap and noise dominates, complicating the recovery
of the true partitions. A visual example of these datasets is reported in Figure S.11.

 Y(0)  Y(1)  Y(2)  Y(3)  Y(4)

0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
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Single realization of the data used in the simulation study

Fig. S.11: Example of realization of a collection of matrix datasets used in the second simu-
lation study.

Hyperparameters and results The hyperparameters for the models are set, for t = 1, . . . , T

as (m
(t)
0 , k

(t)
0 , c

(t)
0 , d

(t)
0 ) = (0, 0.01, 3, 2), b0 = 0.0001 · 1L, and aα = bα = 1. Additionally, we

set L = 30 and K = 15, and β = 0. We consider the best CAVI run out of 50 random
initializations. Each experiment is simulated 100 times to assess Monte Carlo variability in
the results.

The results of the Pose model across all datasets are summarized in the top two rows of
Table S.1, where we report the averages (and standard deviations) over 100 replicates of the
ARIs computed between the ground truth and the estimated column and row partitions,
respectively. While both partitions are largely recovered for Y (0) and Y (1), performance
deteriorates sharply for the remaining datasets as the signal-to-noise ratio decreases. We then
estimate a multi-dataset model with T = 2, considering four “collections” of datasets formed
by combining the reference dataset with each noisy dataset: {Y (0),Y (t)} for t = 1, . . . , 4. The
results, summarized in the central rows of Table S.1, report the ARI indices for the CCs and
the two distinct RCs estimated on the reference and noisy datasets, respectively. First, we
note that including Y (0) drives the shared CC solution, effectively mitigating the noise in the
other datasets. Second, the estimation of the RCs for the noisy datasets shows significant
improvement over single-dataset models, without affecting results on the reference dataset.
Thus, the multi-dataset approach has an advantage in recovering the underlying structure.

Integrating data via stacking The observed improvement raises an important question.
Since we are working with multiple datasets sharing the same number of columns, one may
ask whether similar results can be obtained with a simpler strategy: applying the single-
dataset Pose model to tables constructed by row-stacking the reference dataset with one of
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Pose Y (1) Y (2) Y (3) Y (4)

CC 0.957 (0.090) 0.509 (0.423) 0.034 (0.139) 0.000 (0.000)
RC 0.848 (0.116) 0.355 (0.335) 0.016 (0.055) 0.000 (0.000)

Poseidon {Y (0),Y (1)} {Y (0),Y (2)} {Y (0),Y (3)} {Y (0),Y (4)}

CC 1.000 (0.000) 1.000 (0.000) 0.994 (0.029) 0.996 (0.028)
RC Ref. 1.000 (0.000) 0.995 (0.047) 0.995 (0.047) 0.995 (0.047)
RC Noisy 0.858 (0.108) 0.716 (0.109) 0.350 (0.196) 0.098 (0.127)

Stacked [Y (0),Y (1)] [Y (0),Y (2)] [Y (0),Y (3)] [Y (0),Y (4)]

CC 1.000 (0.000) 1.000 (0.000) 0.994 (0.031) 1.000 (0.000)
RC Aggr. 0.855 (0.056) 0.763 (0.075) 0.507 (0.150) 0.475 (0.046)
RC Ref. rows 0.967 (0.052) 0.935 (0.087) 0.801 (0.212) 0.948 (0.148)
RC Noisy rows 0.860 (0.093) 0.692 (0.114) 0.283 (0.207) 0.027 (0.078)

Tab. S.1: Averages and standard deviations of the adjusted Rand indices obtained comparing
the ground truth and the estimated column and row partitions on the noisy datasets
using Pose, Poseidon, and stacking the reference and noisy datasets (in all models,
β = 0). For comparison, the indices for the RC and CC solutions estimated on the
reference dataset Y (0) using Pose are always equal to 1.

the noisy datasets. We denote these datasets as
[︁
Y (0),Y (t)

]︁
, for t = 1, . . . , 4. The cluster-

ing performances are summarized in the last four rows of Table S.1. We observe that the
CC solutions exhibit robustness, albeit with a slight under-performance compared to those
obtained with Poseidon. In contrast, contamination affects the joint RC configurations. As
expected, RC estimation improves compared to the one on the individual noisy dataset. How-
ever, especially when evaluated after unstacking the two datasets, this comes at the cost of
compromising the recovery of the true partition in the reference dataset.

S.4.5 Computational costs

A key question concerns the scalability of the proposed method. Assessing the time required
for convergence is not straightforward, as the performance of Poseidon may depend on several
factors. The most relevant ones are the characteristics of the dataset collection Y = {Y (t)}Tt=1,
namely the number of datasets T , the common number of columns J , and the dataset-specific
number of rows N (t). Computational time is also affected by the initialization, the number of
mixture components L and K, and the convergence threshold ε. To effectively reduce some
of the degrees of freedom of this problem, we decide to use the dataset Y (0) presented in
the simulation study of Supplementary Section S.4.4, and we fix L = 30 and K = 15. The
hyperparameter specification follows the one presented in the corresponding simulation study.
Moreover, to eliminate the effect of the stopping rule, we set ε = 0 and terminate each run
after 10 iterations. To evaluate the impact of initialization, we consider 50 different starting
points.
Figure S.12 reports boxplots of the average computational time per iteration (averaged

over the ten iterations) of the variational inference algorithm for varying T ∈ {1, 2, 3, 4},
J ∈ {100, 200, 500}, and N (t) = N ∈ {50, 100, 200, 500}. We observe that increasing T and
J has a relatively modest impact on computational cost. Notably, the code used to fit the
model is specifically designed to scale efficiently with respect to J . In contrast, the number
of rows N has the largest effect on runtime: across nearly all panels, the computational time

35



exhibits an approximately linear increase on the log10 scale.

Fig. S.12: Evolution of the computational time (in seconds, log10 scale) required to perform
a single step of the Poseidon variational inference algorithm, averaged over ten
iterations. Boxplots summarize the distribution of computational times obtained
from 50 different starting points. Each row of the figure corresponds to a different
number of datasets T in the collection, while each column represents a different
number of dataset columns J . Within each panel, multiple values of the number of
dataset rows N are considered.
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S.5 Additional results of Poseidon on ccRCC tissue

S.5.1 Additional insights about important analytes of interest

In the main paper, we demonstrated how the image segmentation estimated by Poseidon effec-
tively captures distinct multiomics clusters, reflecting the complex histopathological landscape
of the kidney tumor resection previously reported in Denti et al. [2022]. This segmentation
mirrors known tissue heterogeneity and provides a framework for identifying region-specific
molecular signatures. Pinpointing the most influential molecules in each area could offer valu-
able insights for biomedical research, particularly in uncovering potential diagnostic markers
and therapeutic targets. As a proof of concept, in Section 5, we focused on three representa-
tive clusters: a benign region (central row of Figure 4, CC-12), a tumor area adjacent to the
capsule (top row, CC-10), and a tumor region with hemorrhagic features (bottom row, CC-6).
As previously discussed, Poseidon enables us to summarize and quantify the contribution of
each analyte across the three molecular classes, studying the row partitions within each CC.
These results confirm that lipids, N-glycans, and peptides convey complementary biological
information.
In contrast to approaches that analyze each molecular class independently, our method

integrates all modalities simultaneously, enabling direct comparison of signal intensities across
distinct molecular families. For instance, in Figure S.13, we illustrate the spatial distribution of
three representative molecules associated with specific tissue regions. In particular, given the
summary provided in Figure 4, we were able to focus on a specific lipid with m/z 606.06, which
marks the hemorrhagic area; a specific N-glycan with m/z 1905.67 (putatively identified as
Hex9HexNAc2), which highlights the high-grade tumor (grade 2 and grade 3 ) within the tumor
nodule; and a specific peptide with m/z 1116.56 (putatively identified as Heterochromatin
Protein 1-Binding Protein 3), which is localized in the cortex surrounding the tumor
nodule.

Fig. S.13: Spatial distribution of three selected m/z features across kidney tissue in the three
molecular classes. From left to right: lipid (m/z 606.06), N-glycan (m/z 1905.67),
and peptide (m/z 1116.56).

S.5.2 Results for all the estimated column clusters

We complement the results presented in the main paper by reporting the complete set of
findings for the ccRCC tissue. Figures S.14, S.15, and S.16 illustrate the goodness of fit of the
CC-specific density estimates obtained from nested mixture models, with the corresponding
portion of the image segmentation displayed in the first column of each panel. The remaining
columns show the fitted distributions of the transformed abundances for lipids, N-glycans, and
peptides. Overall, the model demonstrates a strong ability to adapt to the data. Note that the
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same atoms are shared across dataset-specific distributional clusters. Moreover, inspection
of the leftmost panels, which decompose the image segmentation into fifteen components,
reveals no evidence of singleton or very small clusters—features that would have complicated
the interpretation of the results. For completeness, Table S.2 showcases the number of pixels
assigned to each CC.
Additionally, we display the medians in each estimated RC for every molecular signal for

all the recovered CCs in Figures S.17, S.18, and S.19. Each dot, representing the median
transformed abundance, is colored according to the RC assignment. Finally, Figures S.20,
S.21, and S.22 report the estimated posterior means representing each RC in all the recovered
CCs. We conclude this section by commenting on these results.

CC # 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Freq. 130 160 196 213 250 210 169 563 196 613 156 660 172 267 168

Tab. S.2: Frequencies of the estimated CCs in the real data analysis.

With these different plots, we can examine how the RC distributions behave within each
molecular modality (lipids, N-glycans, and peptides) across pixels assigned to different CCs,
and how these patterns relate to the underlying tissue regions. We observe that some CCs
share very similar RC distributions within the same molecular family, indicating tissue areas
with comparable internal molecular organization. For instance, CC-12 and CC-13 correspond
to benign and healthy tissue, including the healthy region surrounding the tumor capsule.
In these areas, the RC structure is relatively stable across modalities, consistent with the
expectation that molecular organization is better preserved in healthy tissue.
Within the tumor region, a distinct yet structured behavior emerges. In particular, CC-6

and CC-7 correspond to two biologically meaningful tumor subregions: CC-6 is associated
with a hemorrhagic area, whereas CC-7 corresponds to the tumor capsule region, which also
contains blood cells. In these clusters, we observe that lipids and N-glycans show similar RC
distributions, suggesting that these two modalities may capture related molecular changes
in these tumor environments. In contrast, CC-8, CC-9, and CC-10 correspond to different
portions of the tumor nodule characterized by increasing heterogeneity. In this case, lipids
maintain relatively similar RC structures across these CCs, while peptides display a marked
shift in CC-9, which is associated with regions showing inflammatory features. This behav-
ior is biologically plausible, as peptide signals are expected to be particularly sensitive to
inflammation-related processes.
More broadly, these patterns suggest that RC structures are more stable across CCs in

healthy regions than in diseased or inflamed areas. This also helps explain a feature observed
in the single-modality segmentations: clusters obtained separately within each molecular fam-
ily tend to align more consistently in healthy tissue, whereas in tumor and inflammatory
regions, the segmentations become less overlapping, reflecting modality-specific responses to
the underlying biological changes. In this context, the joint multiomics modeling provided
by Poseidon enables the integration of these complementary signals, yielding a more coherent
clustering of tissue regions driven by the RC structures induced by the different modalities.
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Fig. S.14: Posterior density estimates of the transformed molecular abundances (columns 2–4)
for CCs 1–5. The corresponding pixels associated with each cluster are highlighted
in the first column.
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Fig. S.15: Posterior density estimates of the transformed molecular abundances (columns 2–4)
for CCs 6–10. The corresponding pixels associated with each cluster are highlighted
in the first column.
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Fig. S.16: Posterior density estimates of the transformed molecular abundances (columns 2–4)
for CCs 11–15. The corresponding pixels associated with each cluster are high-
lighted in the first column.
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Fig. S.17: Visual representation of the sample medians of transformed abundances across CCs
1–5. Panels in columns 2–4 display these medians colored according to their esti-
mated RC. The corresponding pixels associated with each cluster are highlighted
in the first column.
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Fig. S.18: Visual representation of the sample medians of transformed abundances across CCs
6–10. Panels in columns 2–4 display these medians colored according to their es-
timated RC. The corresponding pixels associated with each cluster are highlighted
in the first column.
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Poseidon − Image Segmentation − CC−11
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Fig. S.19: Visual representation of the sample medians of transformed abundances across CCs
11–15. Panels in columns 2–4 display these medians colored according to their
estimated RC. The corresponding pixels associated with each cluster are highlighted
in the first column.

44



Lipids
−0.64

−0.64

−0.64

−0.64

−0.64

−0.64

−0.64

−0.64

−0.64

−0.64

−0.64

−0.64

−0.64

−0.10

−0.10

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.13

0.40

0.40

0.40

0.40

0.40

−0.10

−0.10

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.13

0.13

0.00

0.13

0.13

0.13

0.00

0.00

0.13

0.00

0.00

0.13

0.40

0.40

0.40

0.13

0.13

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.00

0.40

0.40

0.00

−0.10

−0.10

−0.10

−0.64

−0.10

0.40

−0.64

0.40

0.40

0.40

0.40

0.40

1.12

−0.10

0.13

0.00

0.13

0.13

0.00

0.13

0.00

−0.64

−0.64

0.00

0.13

0.00

0.00

0.00

−0.64

0.40

0.40

0.13

0.00

0.13

0.40

0.13

−0.64

0.13

0.40

0.40

0.40

0.40

0.13

−0.64

−0.64

−0.64

−0.64

0.40

0.40

−0.64

−0.64

−0.64

−0.64

0.00

0.00

−0.10

−0.10

−0.10

−0.10

0.13

0.13

0.13

0.40

0.40

0.40

0.40

1.12

−0.10

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

−0.10

0.00

0.00

0.00

0.13

0.13

0.00

0.00

0.00

0.13

0.00

0.13

0.00

0.13

0.13

0.13

0.00

0.13

0.13

0.13

0.13

0.13

0.40

0.40

0.00

0.00

0.00

0.13

0.00

−0.10

−0.10

−0.10

0.00

−0.10

0.40

0.00

0.13

0.13

0.40

0.13

0.40

1.12

−0.10

0.13

0.00

0.00

0.00

0.00

0.13

0.00

0.00

0.00

0.00

0.13

0.00

0.00

0.00

0.00

0.40

0.40

0.00

0.00

0.13

0.40

0.13

0.13

0.00

0.00

0.13

0.13

0.13

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

−0.10

0.00

0.00

0.00

0.00

0.00

0.00

1.12

0.00

0.00

0.13

0.13

0.13

0.40

0.13

0.13

−0.10

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

1.12

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.13

0.13

0.13

0.13

0.40

0.13

0.00

0.00

0.00

0.13

−0.10

0.00

−0.10

−0.10

1.12

−0.10

0.13

0.00

0.13

0.13

0.40

0.13

0.13

1.12

−0.10

0.00

0.53

0.00

0.00

0.53

0.00

0.53

0.53

0.53

0.00

0.00

−0.10

0.53

0.53

0.53

0.13

0.13

0.00

0.00

−0.10

0.00

0.53

0.13

0.00

0.13

0.13

0.13

0.13

0.00

0.13

0.00

0.13

0.13

0.13

0.13

0.53

0.53

0.53

0.00

0.00

0.00

−0.10

−0.10

0.00

0.00

0.13

0.00

0.13

0.13

0.40

0.40

0.40

1.12

−0.10

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.13

0.13

0.00

0.00

0.00

0.13

0.13

0.00

0.13

0.40

0.40

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.40

0.40

0.00

0.00

0.00

0.13

0.00

0.00

−0.10

−0.10

−0.10

−0.10

0.13

0.00

0.13

0.13

0.13

0.13

0.13

1.12

−0.10

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.53

0.00

0.00

0.00

0.00

0.00

0.53

0.13

0.13

0.00

0.00

0.00

0.13

0.00

0.00

0.00

0.40

0.40

0.13

0.13

0.00

0.00

0.00

0.00

0.00

0.13

0.13

0.00

0.00

0.53

0.00

0.00

−0.10

−0.10

−0.10

0.00

−0.10

0.40

0.00

0.00

0.00

0.13

0.00

0.13

1.12

−0.10

0.13

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.13

0.00

0.00

0.00

0.00

0.40

0.40

0.00

0.00

0.13

0.40

0.13

0.00

0.13

0.40

0.40

0.40

0.40

0.00

0.00

0.00

0.00

0.00

0.00

0.13

0.00

−0.10

0.00

0.00

−0.64

−0.64

−0.64

−0.64

−0.64

−0.64

0.00

−0.64

0.40

0.40

0.40

0.40

0.40

−0.10

−0.10

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.40

0.13

0.13

0.13

0.00

0.00

0.13

−0.64

0.40

0.00

0.40

−0.64

0.40

0.00

0.00

0.40

0.40

0.40

0.40

−0.64

−0.64

−0.64

0.40

0.00

0.13

−0.64

−0.64

0.40

0.00

1.12

−0.10

1.12

0.53

−0.10

0.13

0.00

0.13

0.00

0.13

0.13

0.13

1.12

−0.10

0.13

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.13

0.53

0.00

0.53

0.00

0.13

0.40

0.53

0.13

0.13

0.40

0.13

0.13

0.00

0.00

0.13

0.13

0.13

0.00

0.00

0.00

0.00

0.53

0.00

0.00

0.53

−0.10

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.13

0.00

0.40

0.40

0.40

0.40

0.40

1.12

1.12

0.13

0.00

0.00

0.00

0.00

0.00

0.13

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.13

0.40

0.00

0.13

0.13

0.40

0.13

0.13

0.00

0.13

0.13

0.13

0.13

0.13

0.00

0.00

0.00

0.00

0.13

0.13

0.13

0.00

0.00

0.13

0.13

0.13

0.13

0.13

0.40

0.13

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.13

−0.10

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.40

0.13

0.13

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.13

0.13

0.40

0.40

0.40

0.13

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.40

0.53

0.53

0.53

0.53

0.13

0.53

0.40

0.13

0.40

0.40

0.40

0.40

0.40

1.12

1.12

0.13

0.53

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.13

0.40

0.40

0.13

0.13

0.40

0.40

0.40

0.13

0.13

0.13

0.13

0.40

0.13

0.40

0.13

0.13

0.13

0.13

0.40

0.40

0.40

0.13

0.40

0.40

C
C

# 1

C
C

# 2

C
C

# 3

C
C

# 4

C
C

# 5

C
C

# 6

C
C

# 7

C
C

# 8

C
C

# 9

C
C

# 10

C
C

# 11

C
C

# 12

C
C

# 13

C
C

# 14

C
C

# 15

544.242

571.267

597.247

600.28

606.026

619.254

666.008

901.45

1038.6

1066.638

1067.633

1068.628

1069.653

599.312

651.007

520.268

530.252

532.236

546.23

572.272

585.277

595.202

598.251

601.28

605.323

606.245

613.255

620.249

621.283

713.308

556.052

586.075

595.269

605.056

607.039

608.083

614.247

626.044

628.054

629.04

664.126

665.1

707.188

769.351

857.465

888.528

889.539

890.577

891.559

996.548

1025.612

1052.641

1053.627

1054.587

−0.5

0

0.5

1

Fig. S.20: Lipids. Heatmap of a matrix with CCs across the columns and m/z values along
the rows. Each cell is colored according to the estimated posterior variational mean.
The m/z values are ordered by the RC magnitude in the first CC.
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Fig. S.21: N-glycans. Heatmap of a matrix with CCs across the columns and m/z values
along the rows. Each cell is colored according to the estimated posterior variational
mean. The m/z values are ordered by the RC magnitude in the first CC.
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Fig. S.22: Peptides. Heatmap of a matrix with CCs across the columns and m/z values along
the rows. Each cell is colored according to the estimated posterior variational mean.
The m/z values are ordered by the RC magnitude in the first CC.
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