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Single-cell genomics has transformed how we study and understand cellular diversity, enabling
an unparalleled resolution that facilitates the creation of maps of cellular variation across tissues
and organs. The latest technological advancements have made it possible to examine molecular
pro!les at the level of individual cells within their native tissue environments, enabling the devel-
opment of spatially-resolved cellular maps. However, these advancements bring computational
challenges that must be addressed to gain biological insights hidden within the data. In this the-
sis, I employ computational approaches to analyze the spatial organization of cellular niches. By
integrating spatial statistics and graph theory, I demonstrate the ability to uncover spatial patterns
within tissues, such as the identi!cation of cell neighborhoods that organize in determined tissue
niches or the description of how cells are organized spatially. Additionally, I introduce tools de-
signed for the e"cient handling and processing of large-scale, multimodal spatial omics datasets.
These tools are supported by a robust infrastructure that covers the entire data analysis work#ow,
from storage to high-performance visualization. Leveraging methods fromOptimal Transport, I
develop techniques for integrating single-cell and spatial omics data, applying these methods to
predict gene and protein levels in spatial omics data of the mouse liver. I also explore how Opti-
mal Transport can align spatial omics datasets and enable the identi!cation of spatially-resolved
developmental trajectories, illustrating its utility with adult mouse brain and mouse embryogen-
esis case studies. These methodologies are distributed in open-source software tools, available for
researchers seeking to tackle similar challenges with their data. Overall, the strategies outlined in
this thesis advance the methodologies available for spatial omics data analysis, pushing forward
the capabilities of machine learning methods and software for tissue biology.
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Die Einzelzellgenomik hat die Art und Weise, wie wir zelluläre Vielfalt studieren und verstehen,
grundlegend verändert und ermöglicht eine beispiellose Au#ösung, die die Erstellung vonKarten
zellulärerVariationen inGewebenundOrganen erleichtert. Dieneuesten technologischenFortschritte
haben es möglich gemacht, molekulare Pro!le auf der Ebene einzelner Zellen in ihrer natürlichen
GewebeUmgebungen zu untersuchen, wodurch die Entwicklung räumlich aufgelöster zellulärer
Karten ermöglicht wird. Diese Fortschritte bringen jedoch algorithmische Herausforderungen
mit sich, die bewältigt werdenmüssen, umdie in denDaten verborgenen biologischen Einsichten
zu gewinnen. In dieser Arbeit setze ich rechnergestützte Ansätze ein, um die räumliche Organ-
isation von zellulären Nischen zu analysieren. Durch die Integration von räumlicher Statistik
und Graphentheorie ermögliche ich räumliche Muster in Geweben aufzudecken, wie beispiel-
sweise die Identi!zierung von Zellnischen, die sich in bestimmten Gewebenischen organisieren,
oder die Beschreibung, wie Zellen räumlich organisiert sind. Darüber hinaus stelle ichMethoden
vor, die für die e"ziente Handhabung und Verarbeitung von großen, multimodalen räumlichen
Omics-Datensätzen konzipiert sind. Diese Methoden werden durch eine robuste Infrastruktur
unterstützt, die den gesamtenDatenanalyse-Work#ow abdeckt, von der Speicherung bis zurVisu-
alisierung. UnterAusnutzung vonMethoden aus demTransportproblem entwickle ichAlgorith-
men für die Integration vonEinzelzell- und räumlichenOmics-Datenundwende dieseMethoden
an, um Gen- und Proteinexpression in räumlichen Omics-Daten der Mausleber vorherzusagen.
Ich erforsche auch, wie das Transportproblem räumlicheOmics-Datensätze ausrichten kann und
die Identi!zierung von räumlich aufgelösten Entwicklungsverläufen ermöglicht, und illustriere
dessenNutzenmit Fallstudien zum erwachsenenMausgehirn und zurMausembryogenese. Diese
Methodologienwerden in open-source Software verteilt, die für Forscher verfügbar sind, die ähn-
liche Herausforderungenmit ihren Daten angehenmöchten. Insgesamt bringen die in dieser Ar-
beit umrissenen Strategien die verfügbaren Methoden für die Analyse von räumlichen Omics-
Daten voran und treiben die Fähigkeiten vonmaschinellem Lernen und Software in der Gewebe-
biologie voran.
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Spatial Biology is an emerging !eld that aims at characterizing and modeling molecular determi-
nants of cellular behavior in tissue. It builds on the foundations of cell biology (Section. %.%), and
particularly high-throughput approaches such as single-cell RNA sequencing and multiplexed
imaging (Section. %.&, Section. %.’). Modern experimental techniques have enabled the investiga-
tion of phenomena of tissue biology, such as cell-cell communication and tissue organization, at
an unprecedented resolution (Section. %.’). The richness and complexity of the data, paired with
the exploding progress of Machine Learning and Arti!cial Intelligence, have enabled to push the
boundaries of the !eld and address fundamental questions in tissue biology, which represent the
focus of this thesis (Section. %.(, Section. %.)). Finally, scaling e$orts in both experimental tech-
niques and computational methods will allow building multiscale models of tissue and organs at
single cell resolution (Section. %.*).
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Cells are the foundational units of life. In unicellular organisms, a single cell performs all necessary
functions for reacting to environmental shifts, growing, developing, reproducing, and maintain-
ing homeostasis [%, &]. In contrast, multicellular organisms entail specialized cells that synergisti-
cally contribute to forming complexmacrostructures. Inmulticellular organisms, cells collectively
constitute tissues and organs, which, taken together, build organisms designed by evolutionary
processes to carry out the same functions: react to environmental shifts, grow, develop, repro-
duce, and maintain homeostasis [%].

Cell biology has been historically pivotal in studying the molecular basis of life. Discoveries in
molecular biology considerably advanced our understanding by linking cellular studies to molec-
ular entities like nucleic acids, proteins, and metabolites. Historically, microscopy was the pri-
mary tool for analyzing cellular structures and functions [’]. However, the emergence of high-
throughput technologies, like sequencing and Mass Spectrometry (MS)-based proteomics and
RNA-sequencing, has broadened our perspective on the diversity of cellular phenotypes. Quanti-
fying the abundance ofRNAand proteins helps scientists describe cellular phenotypes and derive
mechanistic insights into cellular state and function.

In the !rst decade of the XXI century, the primary approach was bulk RNA sequencing, mea-
suring the RNA abundance in aggregates of cells. However, advancements in single-cell RNA
sequencing have extensively augmented our capacity to dissect the phenotypic heterogeneity and
composition of tissues and organs [(]. It’s crucial to note that while standard microscopy tech-
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! Introduction

niques provide single-cell resolution, they usually su$er from throughput limitations that make
them unable to samplemany observations (many cells, or large tissue sections) ormeasure a broad
spectrumofmolecules in terms of diversity and abundance (many genes, with su"cient depth and
sensitivity). Conversely, themolecular pro!les derived from high-throughput techniques provide
a high number of measured cells (or samples) to recover the heterogeneity of cellular states or
phenotypes based solely on feature distribution similarity (i.e., which cells express which genes
and how abundant). It should be further noted that "bulk" RNA-sequencing, due to measuring
aggregated samples, is less prone to noise and recovers a higher number of expressed genes, it is
not able to recover important yet rare gene expression signatures particular for low-abundant cell
types that entails a small fraction of the bulk composition [), *, +].
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In the mid-&.%.s, there was a transformative development in the characterization of cellular phe-
notypes by introducing droplet-based single-cell RNA sequencing [(, -]. This technique’s pri-
mary innovation lies in its capacity to isolate individual cells within droplets, facilitating subse-
quent library preparation and direct sequencing of the RNA with standard high-throughput se-
quencing methodologies,, as well as the introduction of Unique Molecular Identi!ers (UMI),
which consists of random nucleotide sequences that eliminate cDNA ampli!cation noise as well
improvement in mRNA capture e"ciency [,]. As a result, it has become feasible to pro!le RNA
abundance at a single-cell level and large scale. Rapidly after that, thismethodologywas adapted to
examine various molecular modalities: DNA sequencing for deciphering copy number variations
and structural DNA changes [%.], Assay for Transposase-Accessible Chromatin with sequenc-
ing (ATAC-seq) for chromatin accessibility [%%], histone modi!cations [%&, %’] as indicators of
chromatin states, transcription factor binding occurrences [%&], active transcription sites [%(], and
numerous other post-transcriptional or post-translational events [%)]. Moreover,modi!cations of
this technology have permitted the quanti!cation of protein abundance through antibody bind-
ing for both surface and intracellular proteins [%*, %+], as well as untargeted protein assessments via
MS [%-]. Nevertheless, all droplet- or plate-based single-cell technologies dissociate the biological
samples, removing cells from their native tissue context.

Similarly, new generations of high-throughput, high-content screens, which consist of screening
an extensive collection of cell (or organoids) phenotypes (possibly under perturbation) [%,, &.,
&%, &&] have also been developed. While they are similar in scope: pro!ling large numbers of cells
in various conditions, yet they can recover the original spatial context, they lack the multiplexing
ability in terms of the number of molecular entities recovered, as often only a few (between four
and a dozen markers) molecular entities can be measured.

Recently, the omics and high-throughput imaging !elds have started to converge, borrowing ex-
perimental techniques and computational tools from each other and starting to transition to a
new view on cellular states that preserve their tissue context: spatial biology [&’, &(, &)].
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Spatial Biology entails pro!ling single-cell phenotypes at high throughput yet maintaining the
contextual information of cellular neighborhood [&(, &), &*, &+, &-]. This approach seeks to
evaluate cellular states within their original context by harnessing sophisticated, multi-modal mi-
croscopy techniques. This transition can be viewed as reversing to the original tools and investiga-
tive methods of Cell Biology: the microscope.

Advancements in high-throughput micro#uidics and sophisticated RNA primer designs UMI
have predominantly propelled the emergence of single-cell genomics [(]. However, a limitednum-
ber of advanced research laboratories concentrated on re!ning imaging techniques that are able
to measure single transcripts Fluorescent In Situe Hybridization (FISH) [&,, ’.] and orthogonal
imaging techniques that are able to measure proteins in tissues, such as multiplexed Immuno-
Histo-Chemistry (mIHC) [’%, ’&]. The objective was to parallel the comprehensiveness of pro-
!ling cellular states achieved by single-cell genomics while preserving the cellular tissue context.
Concurrently, innovative methods have been designed for RNA capture from tissue sections, al-
lowing RNA to be mapped to its spatial coordinates and, hence, its cellular tissue context. Al-
though the foundational papers detailing these techniques coincided with signi!cant milestones
in dissociated single-cell genomics, their robust application and scalability necessitated extended
development. In the recent two years, commercial solutions have emerged, enabling research
teams without expertise in advanced microscopy to utilize these techniques reliably and exten-
sively [’’, ’(]. The a$ordability and ease of use of these technologies will revolutionize the study
of tissue structure and function in the following years, from development to disease.

Similar to single-cell genomics technologies, spatial omicsmethodologies can be categorized based
on the molecular modality being measured, predominantly RNA or protein, and the experimen-
tal technique employed for the measurements [’), ’*]. Spatial Transcriptomics (ST) focuses on
RNA pro!ling and can be further categorized into sequencing-based or imaging-based meth-
ods [&(]. Array-based approaches utilize specialized slides coated with probes that capture the
RNAmolecular, enabling the subsequent reverse transcription and standard library preparation
for commercial sequencing platforms [&)]. In contrast, imaging-based methods fundamentally
rely on microscopy techniques, pinpointing the location of individual RNA molecules of spe-
ci!c genes within tissue. Here, RNA detection is performed by #uorescence probes, which are
either direct evolutions of FISH methodologies or through in situ sequencing, wherein sequen-
tial nucleotide additions release detectable #uorophores. For spatial proteomics technologies,
the primary measurement tool is antibodies modi!ed with either #uorophores or heavy isotopes.
Fluorophore-modi!ed antibodies are analyzedusing conventional#uorescencemicroscopy, a pro-
cess often termed cyclical mIHC, necessitating iterative cycles of antibody staining and wash-
ing [’%]. In contrast, heavy isotope-modi!ed antibodies are pro!led viaMS, where the antibodies
are ionized using multiplexed ion beam imaging by time of #ight (MIBI-TOF), and the resulting
isotopes are subsequently deconvoluted and quanti!ed using standardMS analysis pipelines [&’,
’+, ’-]. It should also be noted that, as for dissociated single-cell technologies, spatial techniques
have also been extended tomeasure additionalmodalities such asmetabolites [’,], immune-cell re-
ceptor diversity [(.], or chromatin organization [(%]. Figure. %.% presents an overview of the trade-
o$ between technologies. Besides the molecular entity being measured, there is an additional
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Figure %.%:High throughput spatial biology for deep molecular characterization of tissues. Spatial
omics technologies di$er vastly in the molecular entities they pro!le (DNA, mRNA, proteins, metabo-
lites), the resolution (from subcellular to super-cellular regions) and the multiplexing (from few genes
to unbiased whole transcriptome). Novel experimental techniques are continuously improving the con-
straints of this trade o$. This !gure has been adapted from [(&]

trade-o$ that is important to recognize between these technologies: in fact, there is no experi-
mental technique that excels in high resolution, multiplexing and throughput at the same time,
thus posing key limitations in the type of biological phenomena of interest that can be measured.
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Spatial biology methodologies hold signi!cant potential for bridging the comprehensive cellular
state characterization enabled by scRNA-seq and the long-standing tradition of multi-scale mor-
phological examination of tissue architecture and functionality [’), (’]. Pro!ling both morpho-
logical and molecular variations at scale facilitates addressing a spectrum of biological problems:
from elucidating mechanisms of cell-cell interactions to pinpointing the determining features of
cellular microenvironments, from discerning multi-cellular functional assemblies within tissues
to uncovering emergent functional properties of tissues, to crafting spatially-resolved atlases of
tissues and organs towards building a multi-scale Common Coordinate System (CCS) for entire
organisms. The nascent !eld of tissue biology already showcases numerous illustrative examples
where integrating molecular pro!ling with tissue context has helped unlock complex biological
questions. Examples include characterizing the dynamics of the tumor microenvironment [((,
(), (*, (+, (-], mainly how its variability can indicate cancer progression [(*, (,], and providing
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extensive maps of developmental cellular trajectories across spatial and temporal dimensions [).,
)%, )&, )’, )(, ))].

Cell-Cell Communication (CCC) is a key determining factor of multicellular architecture [)*,
)+]. Coordinating cellular activities in multicellular organisms is essential and hinges on cell-
cell interactions. To study the phenomenon of CCC, it is crucial to investigate cellular func-
tions and phenotypes within its original tissue context and disentangle the molecular basis of
such communication, from ions to secreted proteins. Some of these molecules, like cell adhesion
molecules, support structural interactions, while others, like hormones or neurotransmitters, fa-
cilitate CCC [)-]. Monitoring messenger molecules and their pathways is crucial for grasping
the signi!cance and depth of cellular communication. Mainly because CCC is responsible for
triggering downstream signaling cascades that are responsible for rewiring the gene regulatory
network of the cell [),]. Traditional methods based on single-cell genomics data o$ered a gen-
eralized overview of the potential communication and are based on the hypothesis that the tran-
scriptome should contain the "footprint" of the CCC, which manifests as gene signatures (both
ligand-receptor pairs but also signaling molecules) [*., *%, *&]. Spatial biology data enables novel
machine learning algorithms to directly model such interactions [*’, *(], thus recovering CCC’s
spatial andmolecular components. CCC determines the emergence of cellular niches, which can
be identi!ed as groups of cells with a similar neighborhood composition [*’, *)], that is, a sim-
ilar composition in terms of cell types in its proximities. Tissue niches can be seen as the spatial
equivalent of cell types and cell states [**]. Cellular niches respectively give rise to functional tissue
units [*+, *-]. Such units represent functional tissue elements that carry out speci!c physiological
functions, such as liver lobules, islets in the pancreas, or brain regions. Characterizing such units
is paramount to understanding the complexities of tissues and their malfunction in diseases [*,].
Functional tissue units are can also be referred to as tissue modules [(’], which are recurring cel-
lular groupings in tissues that perform speci!c tasks andmay vary in composition across di$erent
locations [+.]. These modules, which can vary signi!cantly in size and cell composition, are de-
!ned by characteristics unique to tissue areas rather than individual cells. These modules can
present challenges for identi!cation. Identifying cellular niches is the !rst step to characterizing
tissue modules, from high-resolution cellular interactions to lower-resolution yet higher spatial
context of tissue modules. In fact, as their scale increases, it becomes harder to distinguish them
due to overlapping biological processes. Furthermore, the structural organization di$ers across
tissues, making a universal, cross-tissue model challenging to formalize. Metabolic and morpho-
genetic gradients provide information about developmental and environmental variables [)-, +%,
+&]. These gradients and biophysical forces in tissues are additional factors contributing to the
emergence and shaping of tissue modules.
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The single-cell genomics revolution has been jointly shaped by advancements in experimental
methodologies and the integration of innovative machine learning methods to model cell-state
heterogeneity [**, +’]. This!eld haswitnessed the productive employment of an array ofmachine
learning paradigms, encompassing non-linear dimensionality reduction tools like t-distributed
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Stochastic Neighbor Embedding (t-SNE) [+(] and Uniform Manifold Approximation and Pro-
jection (UMAP) [+)], the adaptation of non-linear latent factor models such as Variational Au-
toencoders (VAE) in biological contexts [+*], and the quantitative and mechanistic modelling of
cellular di$erentiation [++, +-]. This latter aspect has catalyzed the proliferation of trajectory-
inference algorithms designed to elucidate cellular di$erentiation processes and lineage hierar-
chies [+,, -.]. Another pivotal challenge in the single cell RNA-sequencing (scRNA-seq) data
analysis process has been data integration and batch correction, which concerns the integration
of datasets from disparate experimental sources or individuals [+’, -%]. The complexities inher-
ent to single-cell genomics data modeling have also inspired the formulation of novel machine-
learning methods, motivating innovative algorithms [-&] and in#uential benchmarks for robust
predictions [-’].

Simultaneously, the single-cell genomics community has also pushed the boundaries of long-
standing challenges in statistical modeling for biological data. For instance, ongoing research en-
deavors are grappling with determining the most appropriate noise model for RNA-seq quan-
ti!cation, subsequently in#uencing optimal normalization strategies [-(]. Di$erential testing,
whichpinpoints associationsbetweengene expression and speci!c covariates (like in a case-control
study), has undergone rigorous investigation and has been expanded to various subcategories, in-
cluding di$erential abundance [-)] of cellular state and donor-centric di$erential testing utilizing
pseudobulking techniques [-*].

Spatial biology have expanded the horizon of challenges and opportunities for computational an-
alysts interested inmodeling spatial components of cellular variation [(’](Figure. %.&). Computa-
tional approaches to problems in spatial biology have built on top of the algorithmic and software
innovations in single cell genomics [-+, --] andhigh-throughput imaging [-,, ,., ,%], and extended
them to accommodate for the unique challenges of spatial omics data. For example, the data in-
tegration challenge in spatial biology does not only concern the removal of technical variations
across samples but also harmonizing di$erent !elds of view and tissue cross-sections, highlighting
the need to account for variability across biological samples but also across sections of the same bi-
ological sample [,&, ,’]. Furthermore, multimodal alignment or integration is also of interest for
spatial omics data analysts and method developers, particularly with the advent of multimodal
spatial omics data [,(, ,)]. Similarly, the integration of single cell data with spatial omics mea-
surements has also been extensively studied, with several methods that aims at either mapping
cell types proportions, also called deconvolution methods [,*, ,+], or in addition also gene ex-
pression or multimodal measurements [,-, ,,], of which one of the methods for such problem
is also presented in this thesis [%..]. Spatial omics data also requires an additional level of inte-
gration, that is the integration of spatial coordinates in consecutive sections or similar sections
from di$erent samples. This is very similar to the problem of image or point cloud registration
in computer vision and signal processing [%.%, %.&]. Nevertheless, the alignment (or registration)
of spatial coordinates between similar (yet deformed) spatial omicsmeasurements has its nuances.
Speci!cally, the signal at each pixel/point is a vector of gene expression variation that the registra-
tion algorithms should consider. Various approaches have been suggested [%.’, %.(, %.)], of which
one is also presented in this thesis [%..].
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Furthermore, explicitly modeling spatial elements has revived interest in various spatial statistical
metrics, such as identifying spatially variable genes [%.*, %.+, %.-, %.,], demarcation of spatial do-
mains [%%., %%%], neighborhood enrichment of cellular niches [(&], and linear correlations between
niche compositions and molecular pro!les [*’]. Similarly, linear and non-linear factor models
have been extended to account for the spatial coordinates of cells, e$ectively learning latent fac-
tors of variations that incorporate the cell’s spatial context [%%&, %%’, %%(, %%)].

Trajectory inference methodologies for spatial omics data have also emerged [%.., %%*]. Notably,
while current spatial pro!ling techniques provide a snapshot view of biological processes, they
provide additional information that in#uences determinants of cell fate, lineage commitment,
and di$erentiation trajectories [(’, ,&]. In many physical contexts, due to the restricted mobility
of cells within tissues, their spatial adjacency often signi!es cellular communication, evident in
scenarios such as the relationship between stem cells in an intestinal crypt and the neighboring
cells in the villus [+&, %%+]. Several modeling e$orts have also been focused on modeling cellular
niches, by either disentangling neighborhood e$ect on gene expression variability relyingwith lin-
ear models approaches [*’] or !nding common cell-type neighborhood patterns across the tissue
section of the study, thus retrieving potential CCC events and aiding the identi!cation of tissue
niches [*(, *), %%-], see also Section. %.’ %.(.

The integration and alignment ofmultiplemodalities have evolved beyond solutions initially con-
ceptualized for single-cell genomics, given that spatial omics frequently capture molecular signa-
tures and cellularmorphology. Thenature of suchpairedmeasurements also opensup research av-
enues onmodality alignment and translation [%%,], providing high-quality data for long-standing
research questions such as linking the molecular pro!le of a cell to its morphology [,&]. Excit-
ing advanced in this domain will entail the adoption of current breakthroughs in generative AI
and large multimodal models [%&., %&%, %&&]. Finally, the scale and heterogeneity of spatial omics
data present formidable obstacles to the data management infrastructures initially designed for
single-cell genomics. Conventional solutions tailored for tabular data often need to improve their
ability to accommodate the dimensions of tissue images, making developing versatile and scalable
systems for e"ciently analyzing and visualizing spatial omics data a pressing research need [%&’,
%&(, %&)]. One solution for such problem is also presented in this thesis [%&(].
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Integrating large and diverse collections of single-cell genomics data has led to the construction of
integrated single-cell atlases, which serve as comprehensive and detailed maps of the cell state di-
versity in speci!c tissues and organs [%&*, %&+, %&-]. Asmore of such atlases are being built, the next
frontierwill be the integration of single cell genomics datawith spatial omics and imaging data, to-
wards building spatially-resolved integrated atlases and CommonCoordinate Framework (CCF)
of entire tissues and organs [%&,].

To achieve this, available single-cell atlases must be integrated with emerging spatial datasets to
establish uni!ed Common Coordinate System (CCS) across spatial locations and molecular sig-
natures, subsequently creating comprehensive, spatially-resolved maps of tissues and organs [%’.,
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Figure %.&:Accounting for spatial dependencies inmodels of tissue biology. In the reviewpresented in
this thesis [(’]we discuss the opportunities and challenges ofmodeling spatial variation in contextwith the
molecular and sample-level variation. By explicitly accounting for spatial coordinates, proxies, or CCC, we
can learnmodels that disentangle intrinsic and extrinsic factors of cellular variation. We also linkmodeling
concepts in single-cell genomics to the spatial domains and provide an in-depth overview of the current
tools and methods proposed for various open problems in spatial biology. This !gure has been adapted
from [(’].
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%’%, %’&]. Key components of such problems are signi!cantly related to the computational chal-
lenges discussed in Section. %.), such as the mapping of cell states and genes to spatially-resolved
data and the integration of omics modalities with morphology and imaging assays. The Allen
Brain Atlas represents a paramount illustration of this integrated framework, encompassing both
Mouse and Human Brain [%’’, %’(]. This atlas entails multiscale data across di$erent modalities
and biological replicates, which, integrated into a uni!ed perspective, represent a reference repre-
sentation and o$er a spatially andmolecularly detailed view of the brain, serving as a foundational
resource for brain research. However, there is a crucial conundrum about the sustainability and
consistency of this approach, mainly when applied to biological systems where the stereo-typical
organization might not be uniformly preserved [*-, %’)], as opposed to the brain, which retains
a precise stereotypical structure across individuals. In fact, the construction of a CCF for other
types of biological tissues and organs faces challenges due to the diverse organizational structures
across tissue compositions and scales. The tissue’s organizational state in#uences the strategy to
create this template [%&,]. At one end, tissuesmight have a highly similar structure across samples,
as seen in early embryogenesis or in adult brains. Conversely, cells, niches and functional tissue
units might be arranged more randomly, a typical example being the tumor microenvironment,
which shows the most signi!cant spatial variation across tissue structure. The vast majority of
tissues lie somewhere between these extremes. Historically, similar challenges arose in other bio-
logical contexts. For instance, in the context of RNA quanti!cation, one method uses a known
template tomapRNA transcripts when constructing a transcriptome [%’*]. An alternatemethod
creates a transcriptome without any reference [%’+, %’-]. Furthermore, even within a single organ,
the level of structural consistency can vary. For instance, in the gastrointestinal tract, while signif-
icant structures like the stomach and intestines are consistent across individuals, !ner structures,
like those within the small intestine, can vary. This means that a combination of direct measure-
ment as well as data-driven in-silico approaches might be needed even for a single specimen [%&,].

Multiscale atlases of tissues and organs will be particularly useful not only from a purely descrip-
tive perspective, such aswhat the stereotypical healthybrainmight look like, orwhat are the stereo-
typical structures and morphogenic forces shaping a mouse embryo. They will also be useful for
directly connecting the spatial organization to the disease state. Excellent examples of this have
been the characterization of the TME in breast cancer [(*], which has identi!ed speci!c cellular
niches that are associatedwithdisease stage andprognosis. Similar insights have alsobeengained in
lung cancer [%’,]. Finally, pairing spatial measurements with targeted, in-situ perturbations [%(.,
%(%, %(&] will enable an even !ner-grained characterization of molecular determinants of tissue
organization and cell-cell interactions.

2<: A3(" .+ #5)T5)"3"
In this thesis, I have investigated the spatial dependencies of cellular variation and developed novel
algorithms that tackle key problems in tissue biology. Speci!cally, I have worked on the following
problems (Figure. %.’):

• How can spatial patterns within tissues be identi!ed and quanti!ed? This is a key
question that enabled the characterization of tissue organization, useful in many biolog-
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Figure %.’:Computational methods for the analysis of spatial omics data. In this thesis, I developed
computational methods for storing, analyzing, and visualizing spatial omics data. I further worked on
problems such as data integration between single cell and spatial omics data, developing methods for label
transfer, gene expression, and multimodal imputation. I have also proposed a method to learn a spatio-
temporal trajectory of developing tissues, which can be used to model tissue dynamics in space and time,
and methods for spatial data integration and registration leveraging Optimal Transport. This !gure has
been adapted from [(’, %&(]

ical settings such as charting the tumor microenvironment or delineating spatial compo-
nents of developmental dynamics. In this thesis, I present methods I have developed to
address this, by leveraging spatial statistics and graph metrics to discern complex spatial
arrangements within tissues. Furthermore, I also present methods that aim to integrate
morphological and molecular information, in order to provide a comprehensive view of
tissue structures.

• How can the storage and management of spatial omics data can be optimized? The
diversity in resolution and the sheer scale of spatial omics data pose key challenges in data
analysis and visualization of such data. I propose an e"cient, scalable, and Findability, Ac-
cessibility, Interoperability, andReusability (FAIR) data structure to address the challenges
of handling large spatial omics datasets. Additionally, the creation of e"cient visualization
tools, both static and interactive, supports the exploration of these datasets, accelerating
analysis and insights. Furthermore, I explore how the co-founding and active participa-
tion in the open-source software organization scverse underscore the thesis’ commitment
to collaborative science.

• How can multimodal and single-cell data be integrated to gain insights into tissue
architecture and spatial molecular patterns? Leveraging the rich abundance of multi-
modal dissociated data is key to expanding and enhancing the dissection of spatial omics
data, mapping annotations, and molecular pro!les that have been previously identi!ed to
its spatial context. I have developedmethods that seek to integrate single-cell genomicswith
ST data, to enable downstream analysis such as gene imputation, and multimodal impu-
tation of molecular pro!les such as Cellular Indexing of Transcriptomes and Epitopes se-
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quencing (CITE-seq), and improve cell type annotations. Furthermore, I also investigate
how di$erent tissue views can be integrated into spatial coordinates, by solving a registra-
tion task that considers both spatial coordinates and gene expression similarity between
tissue slices. I have leveraged Optimal Transport (OT) theory and algorithms to develop
such methods.

• How can the temporal dynamics of tissue development be understood through spa-
tial omics? Time-resolved spatial omics data provide the opportunity to study develop-
mental dynamics across scales, thus improving the characterization of tissue organization
in development. In this thesis, I propose learning the spatiotemporal dynamics of tissue
development by integrating spatial and gene expression information into novel trajectory
inference algorithms. This approach aims to elucidate the developmental pathways of tis-
sues over time. I show how such an approach can be used to investigate the spatiotem-
poral cellular dynamics in drosophila and mouse embryogenesis. Similar to point ’, the
Fused-Gromov-Wasserstein (GW) formulation of OT has been proven useful to address
this problem.

This is a cumulative thesis, and I have divided it into the following sections, which correspond
to the topics of this thesis and the research papers I have published (either as a journal article, or
preprint) on these topics.

In the !rst part of this thesis, I describe the challenges and opportunities of computational mod-
els for spatial omics data. I describe the main biological problems in the !eld and computational
approaches that could be developed to tackle them, as well as review the state-of-the-art in spa-
tial omics data analysis and modeling. Furthermore, I describe the development of squidpy, a
software for spatial omics data analysis that I developed, together with colleagues. squidpy rep-
resented the !rst multi-purpose analysis toolkit for spatial omics data in Python, and it is now
widely used in the community. I further describe the development of a novel data format and
speci!cations for the storage and analysis of spatial omics data, called SpatialData. I describe my
contribution to developing a scalable and cloud-ready imaging format called Open Microscopy
Environment (OME)-Zarr. I describe the work I did in open-source software for the biomedicine
community and how I have, together with colleagues, founded a new open-source software orga-
nization called scverse. I also outline my contribution to a work that summarizes best practices in
single-cell and spatial data analysis pipelines.

• Publication " (co-lead author) Spatial components of molecular tissue biologyThis
paper reviews the advancements in spatial pro!lingmethods used for examining RNA and
protein expressions in cells. We emphasize the importance of framing straightforward bi-
ological questions and developing computational tools for practical spatial tissue analysis.
We also highlight existing challenges in data interpretation and underscore the necessity for
developing analytical tools and models tailored to these experimental techniques.

• Publication # (co-lead author) Squidpy: a scalable framework for spatial omics
analysis In this paper,wedevelopSpatialQuanti!cationofMolecularData inPython (squidpy),
a Python framework tailored to handle, analyze, and visualize spatial omics data e"ciently.
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Our system seamlessly integrates with existing Python libraries of the single-cell analysis
ecosystem, ensuring both memory e"ciency and computational speed. With thorough
documentation and robust testing,we envision squidpy spearheading the evolutionof com-
putational methods in spatial omics.

• Publication $ (co-lead author) SpatialData: an open and universal data frame-
work for spatial omics In this paper, we develop SpatialData, a uni!ed framework to
manage large and diverse spatial omics datasets, facilitating spatial annotations and cross-
modal analysis. Our system streamlines the creation of common coordinate systems, en-
abling more robust comparisons across studies and enhancing reproducibility. Future en-
hancements include extending compatibility to R/Bioconductor, supporting multiscale
structures, and cloud-based data access.

• Additional publication " (co-author) OME-Zarr: a cloud-optimized bioimaging
!le format with international community support In this paper, we develop a next-
generation !le format built on top ofOME-Zarr for bioimaging, addressing scalability and
heterogeneity challenges in the !eld. Our approach emphasizes community cooperation to
streamline bioimaging data management and analysis by consolidating storage !le formats
like HDF), TIFF, and Zarr. With the growth of OME-Zarr tools and resources, we urge
users and developers to adopt this format, strengthening the bioimaging ecosystem and
promoting the FAIR principles.

• Additional publication # (co-lead author) The scverse project provides a compu-
tational ecosystem for single-cell omics data analysis In this paper, we introduce “sc-
verse", anopen-sourceproject addressing the challenges posedby the rapid growthof single-
cell omics tools, aiming to streamline the storage, analysis, and interoperability of single-cell
data. We present core data structures, AnnotatedData (AnnData) andMultimodal Anno-
tatedData (MuData), designed for unimodal andmultimodal data, ensuring interoperabil-
ity across various programming languages. Additionally, scverse incorporates fundamental
toolkits for single-cell genomics tasks, emphasizing the importance of standardized tool de-
velopment, testing, and community collaboration.

• Additional publication $ (co-author) Best practices for single-cell analysis across
modalities In this paper, we introduce comprehensive best-practice work#ows for uni-
modal and multimodal single-cell analysis based on independent benchmarks, addressing
the wide range of tools in the !eld. We emphasize the importance of large-scale single-
cell data sets, highlighting the emerging signi!cance of models considering cellular hetero-
geneity and predicting a shift from unsupervised analysis towards supervised predictions.
Lastly, we discuss the potential of single-cell multi-omics in clinical settings and the need
for patient data integration tools. These work#ows will be built upon our foundational
multimodal single-cell analysis overview.

In the second part of this thesis, I describe how the Optimal Transport (OT) framework can
be used to model a variety of computational challenges in spatial omics data analysis. I present
moscot, a tool developed together with colleagues that aims at providing an extensive and scal-
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able interface to e"cient OT algorithms for temporal and spatial omics problems. I also present
a preprint on uncertainty quanti!cation for atlas level cell-type transfer, where we study how un-
certainty quanti!cation methods can be used to identify novel cell types in query-to-reference
integration methods, and how they are better calibrated.

• Preprint " (co-lead author)Mapping cells through time and space with moscotWe
developmulti-omics single-cell optimal transport (moscot) a novel and scalable framework
for integrating multimodal single-cell genomics data using optimal transport. We demon-
strate its e"cacy in reconstructing cellular developmental trajectories, mapping ST, and an-
alyzing the spatiotemporal dynamics of mouse embryogenesis. By incorporating advanced
features such as GPU acceleration, linear time and memory complexity, and support for
diverse modalities, moscot stands out as a powerful tool to interpret complex biological
datasets and provides the community with an e"cient Python package.

• Additional publication % (co-author) Unbalanced Low-rank Optimal Transport
Solvers In this paper, we develop advanced OT methods that merge the bene!ts of both
scalable low-rank solvers and#exible unbalanced variants. We introduce customalgorithms
for the linear OT problem and its Fused-Gromov-Wasserstein (FGW) generalization, ad-
dressing computational and modeling challenges. Our approach o$ers improved scalabil-
ity and #exibility, notably demonstrated in STmatching problems.

• Preprint $ (co-lead author) Modeling single-cell dynamics using unbalanced pa-
rameterizedmongemaps In this paper,wedevelop theUnbalancedParameterisedMonge
Maps (UPMM) for modeling single-cell dynamics. Our method enhances trajectory in-
ference by accounting for asymmetric shifts in cell state distributions, proving its e"cacy
on real-world and synthetic data. Additionally, we highlight UPMM’s potential for atlas
building, multi-modality extensions, and its complementary role with RNA velocity.

• Preprint % (co-lead author) Uncertainty Quanti!cation for Atlas-Level Cell Type
Transfer This paper studies the importance of uncertainty quanti!cation for cell type
classi!cation in single-cell reference atlases. Our !ndings show that current models lack
robustness and calibration, but those that quantify uncertainty better identify previously
unseen cell types. We emphasize the need for better models to ensure accurate predictions
and inform future research on understanding cellular diversity using scRNA-seq data.
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This section is divided into experimental and computational methods. The experimental tech-
niques describe the biological and molecular principles for the data presented in this thesis. The
computational methods section provides an overview of the mathematical and algorithmic back-
ground of the computational methods presented in this thesis.

4<2 E?;)$3()*#%0M)#5.1"
The evolution of single-cell omics has led to the rise of spatially resolved transcriptomics, encom-
passing techniques and computational strategies to delineate cell locations and their gene expres-
sion patterns spatially. The technology has been elected "Method of The Year &.&." by Nature
Methods [&+]. Here, I provide an overview of these methodologies and their genomic research
applications.

4<2<2 A$$%6=!%")1 S;%#3%0T$%*"&$3;#.(3&"

The primary strength of sequencing-based technologies is their non-biased mRNA capture abil-
ity. This allows for a comprehensive molecular characterization of tissues, bypassing traditional
morphological assessments. A notable example is the Spatial Transcriptomics (ST) technology,
which employs spatially barcoded probes to pro!le tissues. Subsequent developments like Vi-
sium expanded ST’s capabilities, striving to achieve single-cell resolution. E$orts such as Slide-
seq [%(’],HDST [%((], and Stereo-seq [).] have been directed toward enhancing spatial resolution
using densely packed bead arrays. Despite challenges like the need for individual barcode decod-
ing, these technologies signal a promising trajectory for spatially resolved transcriptomics. A vital
drawback of these technologies is that there is no straightforwardway to link themolecular pro!le
to its cell entity. While ST [%()] and Visium have capture areas spanning &.. to ). um, deconvo-
lutionmethods are usually required to link transcriptional signatures to cellular heterogeneity. In
contrast, Slide-seq, HDST, and Stereo-seq provide higher resolution mRNA capture areas. Yet,
some level of aggregation across beads is often required at the computational stage for decreasing
signal-to-noise and for practical data analysis.

Array-based ST technologies have contributed to elucidating tissue architecture and function in
several studies. For instance, studies on the human heart utilized ST to generate developmental
transcriptional atlases [)’], underlining the importance of spatial context in cellular subclassi!ca-
tions during development phases. Similarly, endeavors in neuroscience have harnessed ST to cre-
ate molecular ’D atlases of mouse brains [%(*], highlighting potential applications in the human

%)



& Methodology

cellular atlas initiative%(*. Spatial contexts deeply in#uence diseases. Studies using array-based ST
have revealed transcriptional changes across disease progression stages [%(+], illustrating how tran-
scriptomic data can elucidate diseasemechanisms. Especially in oncology, the spatial environment
plays a pivotal role, with spatially resolved transcriptomics highlighting tumor heterogeneities and
revealing potential therapeutic targets. Finally, developmental studies have also bene!ted from
using array-based ST technologies. For example, a recent study reported the !rst comprehensive
spatial characterization of mouse embryogenesis, highlighting the highly structured and spatially
organized features of developmental processes in mammal embryos.

The future likely holds the convergence of sequencing technologies, leading to multimodal spa-
tial pro!ling [,(, ,)]. With advances in barcoding schemes, a simultaneous assessment of various
biomolecules from the same tissue section is already possible, yet notwidely commercialized. This
spatial multi-omics approach and computational tools will present a comprehensive view of bio-
logical mechanisms and interactions within tissue ecosystems.

4<2<4 I(%,3*,=!%")1 S;%#3%0T$%*"&$3;#.(3&"

Advancements in genome-scale imaging have facilitated the spatially resolved single-cell omics
analyses within intact cells and tissues. This technological progression permits detailed gene ex-
pression pro!ling at the individual cell level. Such high-resolution techniques elucidate the spatial
arrangements of the genome and the transcriptome inside cells.

For Imaging-basedST, twoprimarymethodologies havebeendelineated: in situ sequencing (ISS) [%(-]
and multiplexed FISH [&,, ’.]. Each approach possesses unique challenges and common hurdles
in attaining genome-scale imaging.

Historically, FISH was employed for imaging genomic loci and RNA transcripts. Using combi-
natorial color schemes, single-molecule FISH facilitated single-cell gene expression pro!ling, such
as simultaneous imaging ofmultiple genes. Nevertheless, the!nite number of distinct color chan-
nels rendered genome-scale imaging challenging. The method of multiplexed error-robust FISH
(MERFISH) was conceived to address this [’.]. Concurrently, an alternative multiplexed FISH
method, seqFISH, was established [&,]. This method di$erentiates RNAs via a sequential color
code. Modern seqFISH techniques have incorporated error correction coding schemes and signal
ampli!cation strategies, enhancing imaging capabilities. On the other hand, techniques like ISS
permit targeted gene analyses, utilizing unique nucleotide sequences as barcodes. Recent innova-
tions have augmented the e"ciency and accuracy of in situ sequencing, such as STARmap [%(-].

Spatially resolved single-cell transcriptomic analyses have facilitated the direct identi!cation and
spatial mapping of cell types in intact tissues. Such analyses have unveiled potential cellular in-
teractions and the interplay of di$erent cellular types, with notable examples in the brain. Com-
bining techniques like STARmap andMERFISHwith neuronal activity imaging has augmented
our understanding of howdi$erent cell types react to various stimuli. Furthermore, these analyses
have o$ered valuable insights into conditions like neurodegenerative diseases [%(+, %(,].
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To comprehend tissue functionality and pathology, particularly in the context of cancer diagnosis
and treatment, tools have emerged that can retain spatial information while quantifying multiple
protein expressions. Although e$ective to a certain extent, traditional techniques have limita-
tions in in-depth, resolution, or simultaneous protein tracking. In recent years, advancements
inMass Spectrometry (MS) and multiplexed Immuno-Histo-Chemistry (mIHC) have propelled
the development of novel techniques for high-throughput measurements of protein abundance
in tissue.

There are various techniques in this domain, yet they all fundamentally rely on detecting anti-
bodies bound to proteins via MS or Fluorescent Imaging. Some of the most notable ones are
multiplexed ion beam imaging by time of #ight (MIBI-TOF) [’+], Imaging Mass Spectrome-
try (IMC) [’-], and Cyclic Immuno#uorescence (CyCIF) [’%]. MIBI-TOF, is based on time-of-
#ightMS, facilitating subcellular imaging in clinical tissue sections. MIBI-TOF demonstrates im-
proved throughput in imaging formalin-!xed para"n-embedded (FFPE) human tissue biopsies
and with repeat scanning, this technique o$ers multiplexed three-dimensional imaging. IMC is
MS-based imaging that employs de!ned mass or metal isotope reporters. LikeMIBI-TOF, it per-
mits the concurrent detection of up to (. antigens and nucleic acid sequences in various medi-
ums. It can also integrate multiplex detection with ’D tissue visualization, capturing individual
cells and larger entities like blood vessels. CyCIF is a methodology that consists of a #uorophore-
bound compound that targets speci!c proteins, which, when imaged, illuminate their cellular
positions. Subsequent #uorophore deactivation and reapplication allow sequential protein map-
ping. In contrast to theMS base technology, it canmore easily reach a higher number of total pro-
teins measured, up to almost one hundred, particularly for variations of mIHC such as (i [%).].
The large body of application of these techniques has been in cancer. Since they can be used to
study biopsies and to obtain images that cover a large area of tumors, they provide a new light
on the organization of the Tumor Micro-Environment (TME). Preserving the single-cell resolu-
tion capabilities was instrumental in characterizing the TME in Breast Cancer [(*, (+], and Brain
Cancers such as Glioblastoma [%)%].

4<4 C.(;’#%#3.*%0M)#5.1"

Spatial omics methodologies provide tools for researchers to probe the spatial organization and
function of cells within tissues. In this section, I will introduce key concepts for the methods
developed in this thesis. In particular, in Section.&.&.%, I introduce critical spatial statistics essential
for comprehending cellular and molecular arrangement ts in tissues. In Section.&.&.& I introduce
key components of the storage and visualization tools for spatial omics data developed in this
thesis. Finally, in Section.&.&.’ I introduce notions onOptimal Transport (OT) and describe how
they are used in the methods I develop for spatial omics data integration and mapping.
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Theneighbor enrichment score assesses the associationbetween label pairs in cellular spatial graphs [%)&].
This association is quanti!ed by counting nodes belonging to each cluster present in the data, la-
beled asxij . To determine how this count deviates from a random label con!gurationwhile keep-
ing connectivity intact, we shu/e the cluster labels and tally the node numbers, performing this
operation over a number of iterations (1000 by default). Using this data, we calculate expected
means (µij) and standard deviations (ωij) for each pair, and a Z-score as,

Zij = (xij → µij)/ωij (&.%)

This Z-score indicates if there is an over representation or de!ciency of cluster pair interactions in
the connectivity graph.

Ripley spatial statistics [%)’] o$er a suite of methods to determine if points with speci!c spatial
annotations exhibit random, dispersed, or clustered distributions. Ripley’s statistics can be used
to describe the spatial patterning of cell clusters in the area of interest.

In squidpy [(&], I have implemented ’Ripley’s statistics: F, G and L functions.

Ripley’s K function is de!ned as:

K(t) = A

n∑

i=1

n∑

j=1

I(di,j < t) (&.&)

Where I(di,j < t) is the indicator function, setting the operand to % or . considering distance
di,j computed at search radius t, whereasA is the average density of point in the area of interest.

TheRipley’s L function is a variance-stabilized transformationof theRipley’sK function, de!ned
as:

L(t) =

(
K(t)

ε

)1/2

(&.’)

Finally, the Ripley’s F and G function are de!ned as:

P (di,j ↑ t) (&.()

Where di,j indicates the distance from a point to other reference points in space.

Another essential spatial metric in squidpy is the cluster co-occurrence score. It quanti!es the
co-occurrence of certain cluster groups across spatial domains and is expressed as:

p(exp|cluster)
p(exp)

(&.))
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where cluster denotes a speci!c annotation used as a reference for the co-occurrence of all clus-
ters across varying radii in the tissue area. It was inspired by an analysis performed by [%)(] to
investigate tissue organization in the human pancreas with ST.

Finally, spatial autocorrelation statistics are fundamental for analyzing spatial data, assisting in
identifying patterns of gene expression as clustered, dispersed, or random. In squidpy, two such
statistics are implemented: Moran’s I and Geary’s C [%))]. Moran’s I is expressed as:

I =
n

W

∑n
i=1

∑n
j=1wi,jzizj∑n
i=1 z

2
i

(&.*)

whereas Geary’s C is de!ned as:

C =
(n→ 1)

∑
i,j wi,j(xi → xj)2

2W
∑

i(xi → x̄)2
(&.+)

where zi represents the feature’s deviation from the average (xi → X), wi,j signi!es the spatial
weight between observations, n is the total number of spatial units andW is the sum of allwi,j .
Test statistics and p values are computed from a permutation-based test where edges of the adja-
cency matrix of the spatial graph are randomly shu/ed across iterations.

Though these tools are exploratory in nature, they remain invaluable for generating hypotheses
and encapsulating the spatial information within the data.

4<4<4 S#.$%,) %*1 I*+$%"#$’&#’$) +.$ S;%#3%0O(3&"D%#%

Analyzing spatial omics data poses unique challenges due to the complex nature and size of the
data. This data encompasses tabular data, raster images represented as multidimensional arrays,
polygonal data denoting regions of interest, and point clouds, which are large sets of dimension-
less points re#ecting molecular measurements like detected mRNA transcripts. Furthermore, all
these data may or may not correspond to the same spatial coordinate system as cells or tissue re-
gions.

This diversity in data types complicates storage and in-memory representation, particularly when
the volume exceeds availablememory, necessitatingout-of-core or out-of-memory strategies. Here,
I detail the creation of a novel data format designed to address spatial omics data storage and ma-
nipulation comprehensively. This solution, named SpatialData o$ers various innovations for the
handling of spatial omics data: It abstracts commondata types andmeasurements linkedwith spa-
tial omics experiments. This abstraction facilitates standardized serialization and e"cient, scalable
in-memory representation by harnessing cutting-edge methods in Python’s scienti!c computing
ecosystem. These data abstractions encompass !ve elements:

• Raster Images (e.g., microscopy images)

• Raster Labels (e.g., segmentation masks)
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• Shapes (polygons symbolizing regions of interest or cells)

• Points (e.g., transcript locations or other tissue annotations)

• Tables (storing molecular pro!les, annotations, and related graphs).

For storage, SpatialData employs zarr [%)*] and parquet [%)+] formats. In memory, the data is
xarray [%)-, %),] objects for Images and Labels, Dask Dataframes for Points [%*.], Geopandas
Dataframes for Shapes [%*%], and AnnData for Tables [%*&].

A standout feature of this approach is its high performance concerning data storage and retrieval,
even in cloud environments due to theuseof cloud-ready formats (Zarr [%)*, %*’] andParquet [%)+]).
This is complemented by e"cient data manipulation tools, allowing analysts to achieve a multi-
scale data view of the data, and to aggregate or extract speci!c data subsets of interest for their
analysis. All these processes are designed for optimal performance, considering bothmemory uti-
lization and computational e"ciency.Finally, a comprehensive suite of visualization tools, both
interactive, based on napari [%*(] and matplotlib [%*)], which enable users to make publication-
ready !gures as well as complex visualization, with the addition of interactivity.

The research discussed in this thesis extends beyond the realm of spatial omics. Notably, contri-
butions to the "scverse" platform have broader implications for biomedical data analysis and vi-
sualization using Python [%**]. Such contributions encompass software developers’ typical tasks,
including code review and engaging with users on platforms like GitHub. Additionally, I have
aided in creating a Project Template for open-source software (OSS) projects that utilize scverse
tools. This template o$ers a pre-con!gured toolkit for documentation construction, automated
testing, and continuous integration. I have also contributed to other projects in scverse such as
Scanpy [-+] and AnnData [%*&], as well as many other projects that can be seen on GitHub. It’s
also important to note that not all data in this thesis are spatial omics data.

4<4<8 O;#3(%0T$%*";.$#

Optimal Transport (OT) addresses the problem of identifying the best transportation plan P

between two sets of points a and b, using a cost matrix C that indicates the distances between
the source points a and the target points b. In the discrete scenario, when aiming to match sets
x ↓ RD to y ↓ RD, the goal is to ascertain a bipartite graph T : X ↔↗ Y . This corresponds to
determining T such that:

c(T ) :=
∑

x→X
C(x, T (x)) (&.-)

Here,C is known as the costmatrix, representing the cost of transporting a source pointxi to tar-
get point yj . The function c(T ) indicates the total cost of applying T (x), and it follows that the
optimal transportation plan is unique P ↓ ! for which that cost is minimized [%*+]. While this
formulation has several practical applications, it also poses several limitations, such as the require-
ment that the source and target points x and y have the same length n, as well as practical imple-
mentation challenges with a time complexity ofO(n3) [%*-]. Modern applications of discreteOT
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in Machine Learning have shifted towards formulations such as the Kantorovich relaxation [%*+,
%*-]. This approach alleviates the constraint of equating point numbers in both source and target
and permits source points to be split and subsequently assigned to target points. Conceptualizing
the source and target points as distributions µ and ϑ linked to their metric spacesX and Y aids
in comprehension [%*-]. Thus, given probability measures µ onX and ϑ on Y , the OT problem
centers on !nding a transportation map T : X ↗ Y minimizing:

inf{
∫

X↑Y
c(x, y)dε(x, y)|ε ↓ !(µ, ϑ)} (&.,)

In the discrete case, µx the probability mass associated with x ↓ X and ϑx the probability mass
associates with y ↓ Y , the Kantorovich problem is stated as:

min
ω↓0

∑

x→X

∑

y→Y
cxyεxy (&.%.)

subject to mass conservation constraints P ↓ U(x, y):

µ =
∑

y→Y
εxy ϑ =

∑

x→X
εxy (&.%%)

This also corresponds tominimizing theWasserstein (W)distancebetween the twodistributions [%*-].

Recent ML research has seen the Kantorovich OT formulation’s signi!cant rise in usage. This is
primarily due to the introduction of entropic regularization [%*,], which estimates the regularized
OT map using the Sinkhorn algorithm. However, it is helpful !rst to make the observation that
theOTproblem introduced in&., alsoprovides a dual formulation [%*+, %*-], that is the following:

Lc(ϖ,ϱ) = sup{
∫

X
ςdµ+

∫

Y
φdϑ|(ς,φ) ↓ C(X )↘ C(Y),ς(x) + φ(y) ↑ c(x, y)}

(&.%&)
Here, ς and φ are often called “Kantorovich potential”. In the discrete case, the Kantorovich
problem, similarly to &.%., is stated as:

LC(a,b) = max
(f ,g)→R(C)

≃f ,a⇐+ ≃g,b⇐ (&.%’)

where the set of admissible dual variables is:

R(C) := {(f ,g) ↓ Rn ↘ Rm|f ⇒ g ↑ C} (&.%()

The Sinkhorn algorithm leverages the dual formulation of OT &.%’ and introduces the entropy
regularization of the coupling matrix P .

min
P→U(a,b)

≃P,C⇐ → ↼H(P) (&.%))

&%
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Figure &.%:W, GW and FGW formulations of OT. Schematics of the a) linear (W), b) quadratic (GW)
and c) the fused linear and quadratic (FGW) formulation ofOT. Figure has been adapted from [%*-, %+.].

If we consider the matrix K : X ↘ Y so that Kxy = e
(cxy), which is also referred to as the

Gibbs kernel of the cost matrixCxy [%*-], !nding the optimalP⇑ is equivalent to !nd the two
diagonal positive matricesD1 = diag(u) andD2 = diag(v) with the same size asX and Y so
that themarginals contraints a, b (mass conservation) are satis!ed: a = diag(u)Kdiag(v)1y and
b = diag(v)KT diag(u)1x.

The Sinkhorn algorithm is the following:

Require: Cost matrixC ↓ Rn↑m

Require: Marginal vectors a ↓ Rn
+ and b ↓ Rm

+ with
∑

i ai = 1 and
∑

j bj = 1
Require: Regularization parameter ↽ > 0
%: Initialize u = 1n, v = 1m

&: Compute the kernel matrixK = exp(→C/↽)
’: while not converged do
(: u ⇓ a

Kv ⇀ Element-wise division
): v ⇓ b

KTu
*: end while
+: P = diag(u)Kdiag(v) ⇀Regularized optimal transport plan
-: return P

The Sinkhorn algorithm is at the foundation of ML applications of OT, and it essentially repre-
sents the foundation also for the the other formulation of OT, Gromov-Wasserstein (GW).

&&
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GWOT (Figure. &.%), seeks the optimal match between two distributions that inhabit di$erent
metric spaces,makingdirect cost computationof the optimal transportationplanunfeasible. This
method aims at aligning probability measures based on structural similarities within their spaces.
The GW distance was originally proposed by [%+%, %+&], and it was expanded by [%+’], incorporat-
ing the calculation of barycenters and a scalable formulation boosted by the entropic regulariza-
tion.

Given two distance matricesDY ↓ RM↑M
+ andDX ↓ RN↑N

+ , the discrete OT solution is the
following:

min
P→U(a,b)

∑

ijkl

L
(
D

X
ij ,D

Y
kl

)
PikPjl (&.%*)

Typical choice of loss L(a, b) is the quadratic loss (or squared euclidean loss) 1
2 |a → b|2 or the

Kullback-Leibler divergenceKL(a|b) = a log (a/b) → a + b. This formulation of OT has ap-
plications in areas like single-cell and spatial genomics, for tasks such asmodality alignment. Here,
datasets pro!led via diverse technologies (like scATAC-seq and scRNA-seq) need to be matched
so that each cell’s identity can be identi!ed across modalities.

Finally, in situations where both shared and incomparable spaces exist between the two distribu-
tions, the Fused-Gromov-Wasserstein (FGW) (Figure. &.%) is employed.

min
P→U(a,b)

ϖ≃P,C⇐+ (1→ ϖ)
∑

ijkl

L
(
D

X
ij ,D

Y
kl

)
PikPjl (&.%+)

where the weight parameter ϖ is introduced to control for the relative contribution of the lin-
ear (W) and quadratic (GW) term. In practical terms, the objective function now contains the
following cost matrices (with references to the single cell genomics application):

• C ↓ RN↑M
+ : compares reference cells with spatial samples in terms of expression in shared

genes.

• C
X ↓ RN↑N

+ : compares reference cells among each other in terms of gene expression.

• C
Y ↓ RM↑M

+ : compared spatial samples among each other in terms of spatial distance.

This is what for example is employed in themethod I have implemented of themulti-omics single-
cell optimal transport (moscot) mapping problem (Figure. &.&), where in that case the cost C ↓
RN↑M
+ is the distance between samples in the shared gene space,CX ↓ RN↑N

+ is the cost for the
unique genes measured in the single cell datasets, and are not present in the spatial dataset, and
C

Y ↓ RM↑M
+ is instead the distances between cells in the spatial datasets based on their spatial

coordinates. Analogously, in the moscot alignment and spatiotemporal problems that I have im-
plemented, the cost C ↓ RN↑M

+ is the cost for the set of genes measured between spatial omics
datasets that should be aligned in space, or for which a spatiotemporal mapping is learned for
further trajectory analysis, similary to the moscot mapping problem. In contrast, CX ↓ RN↑N

+

&’
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Figure &.&: Applications of OT to ST data in moscot a) Spatial Mapping, where single cell data is
mapped to spatial data, b) Alignment of ST slides and c) spatiotemporal trajectory inference.

andCY ↓ RM↑M
+ are the costs for the spatial coordinates, respectively for the source and target

dataset of the alignment and spatiotemporal mapping problem.

moscot (Figure. &.&) is also able to leverage more modern formulations such as the low-rank ap-
proximations of the W and GW problems introduced in [%+(, %+), %+*, %++].
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This section contains a one-page summary of this thesis’s !ve leading publications and preprints.
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This review paper was published in Nature Biotechnology inMarch &.&&. The full citation is:

Giovanni Palla*, David S Fischer*, Aviv Regev, Fabian J Theis
Spatial components of molecular tissue biology
Nature Biotechnology &.&&
https://doi.org/!".!"#$/s%!&$’-"(!-"!!$(-!
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I conceived the project with all my co-authors. I have reviewed all the papers cited in the review
anddesigned the tables andboxes. I have designed the sketch of the!gures andhelped design them
together with the illustrator acknowledged in the review. I have written the manuscript with all
my co-authors.

S’((%$6

Our review aimed to elucidate how computational methods can uncover how tissue organiza-
tion (structure) connects to its function. Single-cell pro!ling data describe cellular phenotypes
through variables like gene expression, protein levels, and chromatin accessibility, which depend
on factors like sample type, assay methodology, and sequencing batches. In contrast, spatial cel-
lular models incorporate extra variables, like molecular spatial distribution within cells and cell
morphology.

We identi!ed two primary in#uences on cell states in spatial contexts: direct cell-to-cell communi-
cation and tissue context. These dependencies manifest as high or low-frequency patterns across
tissues, with high-frequency ones being local, often related to cell-to-cell communication, and
low-frequency ones more related to global processes, like morphogenic or metabolic gradients.
For instance, in a pathological context like tumors, low-frequency signals may relate to metabolic
gradients of oxygen concentration on the tissue. In contrast, high-frequency ones can relate to
cytotoxic T-cell activity.

Furthermore, spatial assays probe the e$ects of short-length scale cell-to-cell interactions, includ-
ing physical contacts and signaling. Although speci!c cell-to-cell interactions have been captured
using single-cell pro!ling techniques, many can only be observed and validated via spatial proto-
cols. The spatial neighborhood context o$ers robust evidence of coexisting molecular and struc-
tural phenotypes, paving theway for causal inference frameworks. Suchmodels can decode e$ects
like aT cell’s in#uence on a tumor cell or how a tumor’smetabolic environmentmodi!es immune
cell protein expression.

On a larger scale, tissue biology is characterized by super-cellular-level spatial variations. We need
broader-view spatial technologies and computationalmethods todecipher tissue’s emergentprop-
erties and their dysregulation in disease. Tissues consist of recurrent cellular units or "tissue mod-

&*
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".! Spatial components of molecular tissue biology

ules"with speci!c functions, which can vastly di$er in size and function. Determining thesemod-
ules necessitates both molecular and spatial data. Furthermore, biophysical tissue attributes, in-
#uential in systems from development to cancer biology, can be discerned with spatial molecular
techniques combined with morphology. By merging these observations with spatial omics, we
can potentially identify the molecular causes of mechanobiology.

Finally, we provide an in-depth overview of the current computational challenges and proposed
solutions across various problems in handling and modeling spatial omics data.
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This research paper was published in Nature Methods in February &.&&. The full citation is:

Giovanni Palla*, Hannah Spitzer*, Michal Klein, David Fischer, Anna Christina Schaar, Louis
Benedikt Kuemmerle, Sergei Rybakov, Ignacio L Ibarra, Olle Holmberg, Isaac Virshup,Moham-
mad Lotfollahi, Sabrina Richter, Fabian J Theis
Squidpy: a scalable framework for spatial omics analysis
Nature Methods &.&&
https://doi.org/!".!"#$/s%!&)(-"(!-"!#&$-(
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I conceived the project with Hannah Spitzer and Fabian Theis, I led the software development
with Hannah Spitzer, and Michal Klein, with help from all the coauthors. My main focus has
been on the graph building and spatial statistics methods, as well as the draft of the napari imple-
mentation. I have performed the analysis in the paper with Hannah Spitzer and the rest of the
co-authors. The !rst iteration of the code was developed with the co-authors at a Hackathon in
&.&.. I wrote the manuscript with Hannah Spitzer and Fabian Theis, and with assistance from
all other authors.

Additional supplementarymaterial is available at thepublisher’swebsite https://static-content.
springer.com/esm/art%#A!".!"#$%(Fs%!&)(-"(!-"!#&$-(/MediaObjects/%!&)(_("(!_!#&$_MOESM!_

ESM.pdf, All code published in the context of this project can be found on GitHub

• https://github.com/scverse/squidpy

• https://github.com/scverse/squidpy_notebooks

• https://github.com/theislab/squidpy_reproducibility

S’((%$6

Spatial omics technologies enable the study of tissues in situ at both cellular and subcellular levels.
They produce vast and varied data, presenting challenges in representation, analysis, and visual-
ization. Most existing frameworks for handling this spatial data focus either on data preprocessing
or speci!c aspects of spatial data analysis. Combining di$erent analysis steps is challenging due to
the absence of a consistent data representation and a uni!ed application programming interface.

To address this gap, we introduce SpatialQuanti!cation ofMolecularData in Python (squidpy), a
Python-based tool designed to analyze spatially resolved omics data. Squidpy standardizes spatial
data into common representations, o$ering comprehensive analysis and interactive visualization
tools. It manages spatial omics data through two primary representations: a neighborhood graph

&-
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".& Squidpy: a scalable framework for spatial omics analysis

from spatial coordinates and high-resolution microscopy images of tissues. Both representations
are designed to handle two-dimensional and three-dimensional data.

Squidpy also o$ers tools to decode spatial patterns in tissues, empowering researchers to under-
stand spatial organization and cellular relationships. This capability is highlighted using various
datasets and technologies, demonstrating Squidpy’s ability to provide interpretable results across
diverse experimental methodologies.

Furthermore, Squidpy incorporates functionalities for analyzing and visualizing high-resolution
images from spatial omics technologies. These images o$er additional information about tissue
structure and cellular variations. Squidpy introduces a data object, the ImageContainer, to e"-
ciently manage these images. In addition, Squidpy supports image analysis techniques, enabling
the extraction of various features from tissue images.

Squidpy provides a comprehensive, e"cient, scalable platform for analyzing spatial molecular
data. By interfacingwith other popular Python libraries and tools, it o$ers a robust framework for
developing future spatial molecular data analysis methodologies. The extensive documentation
and tutorials make it accessible to a broad audience, from novice analysts to seasoned develop-
ers. We have anticipated future enhancements, such as further integration with emerging spatial
omics tools developed by the community, positioning Squidpy as a pivotal tool to advance spatial
omics technologies and bridge the gap between omics and image analysis communities.

Since publication, Squidpy has grown dramatically, reaching approximately *.k downloads on
PyPI and more than ’’. stars on Github, at the time of writing this document.
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This research paper was published in Nature Methods in March &.&(. The full citation is:

LucaMarconato*, Giovanni Palla*, Kevin A Yamauchi*, Isaac Virshup*, Elyas Heidari, TimTreis,
MarcellaToth,Rahul Shrestha,HaraldVöhringer,WolfgangHuber,MoritzGerstung, JoshMoore,
Fabian J Theis, Oliver Stegle
SpatialData: an open and universal data framework for spatial omics
Nature Methods &.&(
https://www.nature.com/articles/s%!&)(-"(%-"((!(-x
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I conceived the project with Luca Marconato, Kevin Yamauchi, and Isaac Virshup, I have led the
software development with Luca Marconato, Isaac Virshup and Kevin Yamauchi, as well as help
from all the co-authors. Particularly, I have led the development of the storage layout, IO and
the design of the data model. I have also contributed to the data loader, as well as the !rst napari
implementation, the IO library and key contributions to the spatialdata plotting library. I wrote
the manuscript with Luca Marconato, Kevin Yamuchi, Josh Moore, Oliver Stegle, and Fabian
Theis, and with assistance from all other authors.

Additional supplementary material is available at the publisher’s website https://www.nature.

com/articles/s%!&)(-"(%-"((!(-x, All code published in the context of this project can be found
on GitHub

• https://github.com/scverse/spatialdata

• https://github.com/scverse/spatialdata-notebooks

• https://github.com/giovp/spatialdata-sandbox
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Our study recognized that a signi!cant challenge lies in integrating data fromdiverse spatial omics
techniques due to the varying data types, !le formats, and spatial resolutions. To address this, we
developed the SpatialData framework. This tool ensures the FAIR integration ofmultimodal spa-
tial omics data. SpatialData uses a language-independent storage format that enhances the inter-
operability of data sources. This framework categorizes spatial datasets into !ve main elements:
Images, Labels, Points, Shapes, and Tables. By storing multiple datasets with a record of their
spatial relationships, we can analyze them collectively.

We implemented this framework using a Python library, allowing easy access and manipulation
of SpatialData objects. One of the key features introduced in SpatialData is to de!ne Common
Coordinate System (CCS) for imaging and spatial coordinates. This enables the alignment of

’.
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data representation in space, whichwas impossible before as samples could only be aligned using a
shared index either in the observation or feature space (withAnnData). Once datasets are aligned,
they can be e"ciently queried and aggregated. Additionally, we incorporated an interactive anno-
tation plugin called napari-spatialdata. This integration allows for practical spatial annotations,
facilitatingmoreprofoundand interactive data exploration. Wealso include an additional package
for static plotting and a package for general reader function for various spatial omics technologies.

To demonstrate the potential of SpatialData, we applied it to a breast cancer study that com-
bined H&E images with assays such as %.X Genomics Visium and Xenium. By employing this
framework, we could seamlessly integrate and analyze data from the di$erent modalities, o$er-
ing insights that wouldn’t be achievable by examining datasets individually. For example, we
showcase how aggregating cell type proportions across visium spots based on ground-truth cell
types obtained from Xenium allows us to compare the obtained cell type proportions with the
inferred ones from deconvolution methods. Our results highlighted the concordance and consis-
tency across di$erent datasets andmodalities, emphasizing the power of this integrative approach.

In conclusion, SpatialDatao$ers a robust infrastructure for integrating andanalyzing spatial omics
data. This tool is not only bene!cial for complexmulti-modal studies but also for single-modality
datasets. Our !ndings pave the way for a more uni!ed and comprehensive exploration of bio-
logical systems. We hope that this e$ort lays the foundation for a new format in the spatial omics
domain that could be easily accessed by other programming frameworks, such asR and JavaScript,
thus making multi-platform spatial omics data analysis more convenient for the users.
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This correspondence was published in Nature Biotechnology inMay &.&’. The full citation is:

IsaacVirshup*,DanilaBredikhin*, LukasHeumos*,GiovanniPalla*,Gregor Sturm*,AdamGayoso*,
IliaKats,MikaelaKoutrouli, BonnieBerger,DanaPe’er,AvivRegev, SarahATeichmann, Francesca
Finotello, F Alexander Wolf, Nir Yosef, Oliver Stegle, Fabian J Theis
The scverse project provides a computational ecosystem for single-cell omics data analysis
Nature Biotechnology &.&’
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This correspondence presents the scverse project, an open-source software consortium that pro-
vides foundational software for single-cell genomics data analysis in Python. I am a co-founder
and co-developer of scverse. I have written the manuscript together with my co-authors.

S’((%$6

Single-cell omics technologies have been pivotal for generating cell atlases across various tissues
and species and unraveling the mechanics of development, disease, and homeostasis. However, a
surge in computational tools introduced data format inconsistencies, and issues with APIs, and
user interfaces. In this correspondence, we present "scverse," an open-source software ecosystem
designed for single-cell data storage and analysis. This initiative aims to consolidate the omics
analysis community by integrating multiple tools within Python.

Scverse’s foundation includes the AnnData and MuData classes, which handle unimodal and
multimodal high-dimensional data, and SpatialData for spatial omics data. These structures en-
sure tight alignment between annotations and learned representationswith actual data. Standard-
izing storage with formats like HDF) and Zarr assures data interoperability, further augmented
by improved metadata management and collaboration with standards like OME-NGFF.

Moreover, scverse o$ers toolkits for core tasks in single-cell genomics, such as Scanpy,Muon, and
Squidpy, which facilitate diverse data analyses. Their joint development ensures consistency, re-
duced redundancies, and ongoing support.

The community-driven nature of scverse is essential. Multiple tools have been developed based
on its foundational packages, forming the scverse ecosystem. Ecosystem packages adhering to
best practices are promoted on the scverse website. Our work is hosted on public platforms like
GitHub to ensure transparency and community engagement. We promote open discussions via
Zulip chat and Discourse forum, fostering collaborations beyond individual research groups.
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As we advance into an era of more sophisticated experimental methods and bigger datasets, the
need for adaptable and interoperable software becomes paramount. With its core tools and com-
munity focus, scverse is primed to champion the forthcoming innovations in single-cell genomics.
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This research paper is a preprint. The full citation is as follows:

Dominik Klein*, Giovanni Palla*, Marius Lange*, Michal Klein*, Zoe Piran*, Manuel Gander,
LaetitiaMeng-Papaxanthos,Michael Sterr, Aimee Bastidas-Ponce,Marta Tarquis-Medina,Heiko
Lickert, Mostafa Bakhti, Mor Nitzan, Marco Cuturi, Fabian J Theis
Mapping cells through time and space with moscot
Bioarxiv &.&’
https://doi.org/!".!!"!/("(#."&.!!.&%"#’%
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I conceived the project with Dominik Klein, Marius Lange, Michal Klein, and Zoe Piran, I have
led the software development with Dominik Klein and Michal Klein, with help from Marius
Lange and Zoe Piran and other co-authors. I performed the analysis of the spatial mapping and
spatial alignment problem, as well as some of the analysis of the spatiotemporal problem. I wrote
the manuscript with Dominik Klein, Marius Lange, Zoe Piran, and Fabian Theis, and with assis-
tance from all other co-authors.

All code published in the context of this project can be found on GitHub

• https://github.com/theislab/moscot

• https://github.com/theislab/moscot_notebooks

• https://github.com/theislab/moscot-framework_reproducibility

• https://github.com/theislab/moscot_benchmarks
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In prior research, the optimal transport (OT) theory, a mathematical domain for comparing and
aligning probability distributions, was utilized for mapping and alignment in cellular biology.
While promising, current OT methods in single-cell genomics face three issues: %) they are pri-
marily for uni-modal data,missing out onmulti-modal information; &) high computational costs,
especially with increasing cell numbers; and ’) existing tools have varied backends, complicating
their adaptation for novel tasks like spatiotemporal mapping.

Addressing these challenges, we introduce a computational framework, multi-omics single-cell
optimal transport (moscot). This tool has three primary features. First, it fully supports multi-
modal data, capitalizing on joint cellular representations. Second, its scalability is enhanced, mak-
ing it suitable for large-scale datasets. Lastly, it uni!es priorOTapplications in single-cell genomics
and introduces a novel spatiotemporal application.
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We utilized moscot to address feature mapping and spatial alignment issues often encountered
in spatial omics data. Notably, the moscot tool e$ectively mapped dissociated single-cell pro!les
to their spatial arrangement, outperforming alternative methods such as Tangram and gimVI in
various datasets. We also applied moscot to a Cellular Indexing of Transcriptomes and Epitopes
sequencing (CITE-seq) and MERFISH dataset of the mouse liver, where moscot enabled the
identi!cation of central veins (CV) and portal veins (PV), enabling the further characterization of
liver zonation. Additionally,moscot facilitated the alignment of vast Spatial Transcriptomics (ST)
datasets, marking a signi!cant advancement in building a common coordinate framework of bi-
ological systems. Our results with the moscot tool demonstrated its robustness and scalability in
handling large datasets, providing a holistic view of tissue structures and gene expression within a
spatial context.

moscot’s capability also enabled us to learn cellular di$erentiation trajectories integrating spatial
coordinates with gene expression data, known as spatiotemporal mapping. This novel approach,
which we validated using a mouse embryogenesis atlas, bene!ts from including spatial informa-
tion, enhancing mapping precision, enabling high-resolution cell type annotation transfer, and
supporting the study of di$erentiation trajectories.

Finally, the moscot framework helped hypothesize the cell ancestry of delta and epsilon cells dur-
ing mouse pancreatic development. In conclusion, moscot o$ers a transformative framework for
mapping and aligning single-cell data across various domains and is available as an open-source
Python package.
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Here, I discuss the limitations and challenges of the work presented in this thesis in the broader
context of spatial omics data analysis and outline an outlook for the next challenges in uncovering
spatial components of molecular tissue biology.

9<2 C.*&0’"3.*

Spatial omics data o$ers a detailed perspective on tissues and organs’ cellular structure. Though
the technology is advanced enough for broad application, researchers are just beginning to under-
stand tissue structure and function at such a detailed level.

9<2<2 C5%00)*,)" 3*D%#% P$.&)""3*,

Several challenges persist despite signi!cant advancements in the !eld. Technically, from a pre-
processing and data quality perspective, the robust identi!cation of cellular entities remains un-
resolved. In the case of image-based transcriptomics, this involves the step of cell segmentation
and its associated challenges, such as identifying a cell by its nucleus or membrane and account-
ing for varied cell shapes across tissues. It is evident that the precise segmentation of an adipocyte
and a neuron poses di$erent challenges due to changing cell shapes and cellular density in the
tissue region of interest. There have been several recent preprints that look at the general quality
of data generated with competing imaging-based spatial transcriptomics platforms [%+-, %+,] and
found that a large contributor of the quality of the data is how well the segmentation step is per-
formed. This has also been evaluated in a recent processing work#ow benchmark [%-.]. There’s
a need to consider whether specialized models for particular biological systems are necessary, or if
general-purpose models, similar to the "segment anything" framework [%-%], are su"cient, or in-
steadmethods tailored to the speci!c biological settings and leveraging additional data modalities
are needed [%-&]. Scalable infrastructure for data storage and handling is also essential, solutions
as the one proposed in this thesis will be instrumental to handle the large diversity of spatial omics
data (Section. "." ".&). Another key challenge in image-based transcriptomics data analysis is nor-
malization. While in single-cell genomics, this problem is still being investigated [-(], in spatial
transcriptomics, it has recently been considered [%-’]. A key problem seems to be the fact that
due to the limited feature selection, often optimally designed for the tissue of interest [%-.], stan-
dard library size normalization is not optimal, yet utilizing the area of the segmentationmask [%-(]
might also give rise to normalization artifacts. I expect that the computational community inter-
ested in data analysis of spatial omics data will spend considerable e$orts in delineating the best
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normalization methods for image-based spatial transcriptomics, as the technology adoption be-
comes more widespread. In contrast, array-based technologies like Visium, Stereo-seq, and Slide-
seq have made considerable progress in increasing the resolution of the capture areas. However,
determining the optimal resolution for aggregating gene expression counts, and subsequently gen-
erating the gene expression matrix for analysis, is still debated [%-)]. These aren’t just technical
considerations since they in#uence all subsequent analysis steps, such as identifying the optimal
noise model for normalization and di$erential expression and recovering the cellular heterogene-
ity of interest, for example, based on the scRNA-seq dataset obtained from the same sample. On
this front, there has been a signi!cant amount of work on deconvolution methods [,*, ,+, %-*].
The question is whether such methods will be able to handle such spot resolution, or whether
mapping methods [,-, %..] will also be competitive, such as the one presented in this thesis [%..].

9<2<4 S;%#3%0D.(%3*" %*1N3&5) I1)*#3+3&%#3.*

Obtaining detailed molecular pro!les across extensive tissue areas allows for de!ning tissue re-
gions based on molecular pro!le similarities and spatial layout. This challenge, often termed spa-
tial domain identi!cation, has seen numerous methods proposed (Section. ".! ".&). However, the
benchmarks and evaluations often appear too speci!c to certain data. They may not be applica-
ble when tissue regions do not maintain a stereotypical organization, such as the one observed in
the brain, thus presenting more modular andmulti-scale regionalization, like the one observed in
the liver, the pancreas, or the TME.While this remains an open issue, identifying spatial domains
can yield valuable insights into tissue function. Furthermore, such concepts are tightly related
to the "cellular niche" concept, a speci!c neighborhood composition regarding cell types and/or
molecular pro!les observed across the tissue. In the literature, the concept of niche is becoming
more prevalent [*), %-+], and it often refers to a di$erent clustering approach, which essentially
labels cells based not only on their molecular pro!le similarity but also on the similarity of the
molecular pro!le of their neighbors. Therefore, de!ning the neighbor in spatial coordinates and
across coordinates systems is the !rst crucial step of this analysis, and several tools already rely on
algorithms proposed in this thesis [(’, %&(](Section. "." ".&). The problem of niche identi!cation
can be related to the cell type de!nition in single-cell genomics. Similarly to the challenges en-
countered in single-cell genomics, various methods will likely emerge to identify cellular niches.
Yet, it will ultimately require a deep investigation andmanual annotation of cellular signatures by
the analyst expert in the tissue of interest to settle on the optimal way to de!ne the niche. Nev-
ertheless, it is a compelling problem that will have a tremendous impact on the domain of spatial
genomics data analysis.
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Understanding tissue organization, especially its alteration in diseases, is crucial. In Section. ".",
we present data analysis techniques that reveal the interdependence of cells in tissues, yet a crucial
challenge remains. There’s an intrinsic inconsistency in organization of cell types across di$erent
sections of the same tissue sample, leading to variability within samples [%--]. Additionally, indi-
vidual di$erences between samples can further overshadow subtle data insights that characterize

’-



’.! Conclusion

tissue-level cellular variability between conditions. Considering such variability is particularly im-
portantNevertheless, there have been signi!cant !ndings, for example in the context of cancer re-
search. Speci!cally, neighborhood enrichmentmeasurement has enhanced patient categorization
in breast cancer(* or lung cancer [%’,], resulting in optimized treatments. Another related chal-
lenge is spatial di$erential expression, which entails assessing spatial variability between groups,
such as in a case-control setting. This should not be confused with spatially variable gene de-
tection, such as the one presented in this thesis [(’]. Linear modeling approaches that consider
both the spatial dependencies as well as the covariates to test represent interesting solutions [%-,].
Extensions of conventional methods borrowing from generalized linear and additive modeling
will likely deliver the most signi!cant insights. Similarly, di$erential tests for spatial enrichment
are also of interest, especially in the context of the identi!cation of disease determinants. While
techniques like point pattern analysis or neighborhood enrichment provide valuable information,
they need to directly tackle the variance in neighbor distribution spatially. Some approaches that
use graph descriptors to perform such analysis have been recently proposed [%,.].
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With single-cell genomics, a primary challenge is to infer cell lineage maps, which involves orga-
nizing cells from speci!c moments into continuous transitions that elucidate cell fate decisions.
Current spatial pro!ling techniques also only provide a snapshot of biological processes. How-
ever, they o$er extra information that a$ects cell decisions, lineage, and di$erentiation, which
is encoded in spatial coordinates. Particularly, spatial data enables cell-fate-inference methods to
interpolate inmolecular cell state space and spatial coordinates. From a causal viewpoint, branch-
ing events might be clari!ed by the spatial context. This insight suggests that developmental pro-
cesses, where the localization of morphogenic factors is tightly regulated, can be modeled more
accurately by considering cell-to-cell interactions and other spatial e$ects. In the work described
in Section. ".#, we proposed for the !rst time a trajectory inference method that builds on the ap-
proach of Waddington-OT [%,%] yet also leverages structural similarity in terms of spatial coordi-
nates [%..]. Furthermore, it can be readily interfacedwith state-of-the-art algorithms to determine
cell fates like CellRank [+,]. While this is an one attempt at explicitly modeling extrinsic factors
of variations in spatially-resolved single-cell data, it opens various research directions, including
lineage information and lifting the RNA-velocity [++, +-] concept to spatial coordinates. RNA
velocity can also be directly measured in situ, and these state-space velocities can be linked to bi-
ological axes of variation [%,&]. Ultimately, this discussion underscores the potential to translate,
expand, or reframe concepts originally developed for trajectory inference in single-cell genomics
by integrating spatial information.
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This thesis addresses the challenge of integrating dissociated scRNA-seq pro!les with their spatial
context [%..](Section. ".#), though a complete solution remains elusive. While extensive research
has been conducted on single-cell data, and some methods have bridged the gap between single-
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cell and spatial domains, signi!cant limitations persist. A central issue concerns the featurematch-
ing steps. Many methods, including the one discussed in Section ’, match gene names between
datasets. However, variations like shifts in cell type or state can result in discrepancies between dis-
sociated and spatial datasets, as it has been clearly demonstrated in several benchmarks and stud-
ies [%-., %-’, %-(]. The technique introduced in Section. ".# accounts for dissociation variation,
in particular variation in terms of proportions between cell states in single-cell and spatial data,
but still requires an initial feature-matching step. A systematic exploration of how the matching
performs as features are altered in the shared space is of great interest. Techniques that are able
to map gene expression pro!les from single-cell data to spatial data are also very useful to impute
unobserved single-cell gene expression pro!les in space. This limitation, intrinsically due to the
complexity of image-based transcriptomics techniques, might be alleviated by novel technologies
but hardly completely resolved. That also applies to multimodal information such as proteins
and chromatin accessibility, and it is of general interest, speci!cally in the scope of leveraging large
annotated single-cell datasets for mapping them in their spatial context. It’s also worth examin-
ing how much and where the matching quality improves, especially when extra information on
the cellular state is available, like morphology for spatial datasets or chromatin accessibility for
single-cell datasets, is incorporated.

9<4 O’#0..-

In this section, I discuss some of the signi!cant next-generation problems that I believe the !eld
will be approaching.
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Multimodal foundational models, such as Contrastive Language-Image Pretraining (CLIP) [%&.]
and DALL-E [%&%], have transformed computer vision and natural language understanding into
cultural phenomena. They are versatile tools, widely recognized for various applications includ-
ing text-to-image generation and image descriptions. DALL-E for example is a generative model
that takes text as input and generate images as output, where the images correspond to the text
description at input [%&%]. CLIP instead is a model that embeds two modalities jointly, text and
images, and learn to pair the two modalities, by training on dataset of !gures and captions [%&.].
The biomedical domain is also beginning to adopt these innovative techniques. For instance, one
model was developed to integrate H&E data with text, enhancing question-answering and clas-
si!cation tasks [%,’, %,(]. Another leverages a cross-attention framework like Flamingo [%,)] to
produce text from combined text and image inputs [%,*]. It’s conceptually similar to CLIP yet
it consists of cross-attention layers that interleave the modalities, and furthermore, it uses a text
decoder and therefore it is trained as a text generative model. Spatial omics data provide a natural
pairing betweenmodalities, since because of how themeasurement is performed, we have an exact
match between the molecular pro!le and the spatial location of the image that it corresponds to.
There are several use cases of generative AI in spatial omics data. A prime example is predicting
gene expression from images, which can substantially aid in molecularly characterizing unimodal
imaging datasets of pathology slides, especiallyH&E– a dominantmethod in biomedical imaging
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used extensively in cancer pathology for biomarker identi!cation and diagnosis. Such generative
task can be paired with conditional generation [%,+, %,-] to steer the generative model with addi-
tional information such as pathologist annotation, additional molecular pro!les such as speci!c
markers or probes, or other types of metadata that are useful for the generative process. Further-
more, embedding the di$erent modalities by leveraging the CLIP objective has demonstrated the
superior performance of multimodal models over unimodal counterparts regarding image classi-
!cation accuracy [%&.]. Another application of multimodal models trained on spatial transcrip-
tomics datawill be their performance on image-speci!c features such as annotationof tissue states.
This approach couldbe impactful for complex tasks like identifyingminute, challenging-to-detect
pathological tissue states in pathology slides, for which the genomic information instead would
provide a stronger signal for the prediction. In summary, foundation models that concurrently
learnmorphological and gene expression information could be instrumental in various clinical ap-
plications, and spatial transcriptomics is poised to become the technology of choice for the data
generation e$orts required to train these models.
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Large-scale perturbations in single-cell genomics have improved the elucidation of gene regula-
tory mechanisms at a cellular state resolution%,). This has o$ered insights into reversing gene
expression pro!les of cells, potentially moving from diseased to healthy states, highlighting novel
avenues of therapeutic discovery. Moreover, the accessibility of large-scale perturbational stud-
ies has surged, particularly in high-throughput imaging. Comprehensive studies like Cell Paint-
ing [%,,] or Optical Screens [%(%] assess the impact of perturbations on cellular phenotypes mor-
phologically across diverse experimental conditions. Such studies pave the way for phenotypic
maps, where nearly all genes have been altered in cells via CRISPR knock-outs and thousands of
drugs tested. These e$orts aim to chart a phenotypic map of cellular perturbations and might
reveal previously unidenti!ed drug mechanisms that produce similar phenotypic outcomes to
disrupting speci!c gene expression signatures. While providing rich information on the cellu-
lar phenotypic response under perturbation, they have a crucial limitation that might hamper
the discovery potential: the cellular phenotype being perturbed are typically cell lines on a dish,
which means a very low heterogeneity in the naive state as well as a lack of meaningful cellular
communications and the emergence of cellular niches. Furthermore, while both methods o$er
robust insights, they face additional unique and orthogonal challenges. Perturbational single-
cell genomics excels in characterizing cellular states from a gene regulatory angle. Still, it lacks
clarity on whether the perturbation reverted the intended cellular phenotype, often de!ned by
morphological or protein expression changes. Conversely, image-based pro!ling techniques dis-
cern these phenotypical changes but struggle to correlate them with molecular pro!les. Spatial
genomics bridges this gap, capturing both morphological and molecular data. Furthermore, this
method is advantageous as it allows measurements directly in tissues, unveiling extracellular gene
functions, especially in tissue contexts. The ability to dissect cellular perturbation in its tissue
context is particularly useful because of the possibility to characterize also the cellular neighbor-
hood, and hence precisely disentangling the intrinsic and extrinsic factors of variation on cellular
phenotypes. Existing technologies already harness this approach. For example, in cancer research,

(%



’ Conclusion and Outlook

CRISPR knock-outs [%(.], identi!able via #uorescent barcodes, are retrieved from cancer tissues,
illuminating the role of speci!c gene knock-outs in tumor growth, histopathological features, and
theTME.Newer techniques enable this approachbymeasuring transcriptomes instead of protein
measurements, by means of highly-multiplexed spatial transcriptomics techniques [%(&]. From a
computational perspective, suchmeasurements will enable the development of predictivemodels
that account for spatial coordinates, neighbor composition as well as molecular pro!les of cellular
perturbation response [&..], possibly paving theway for causalmodels of cellular phenotypes and
niches [&.%].
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Detailed cellularmaps have paved theway for referencemaps of tissues andorgans at single-cell res-
olution. However, these maps primarily focus on molecular pro!les of isolated cells. Integrating
these pro!les into their natural tissue environments is vital for the next generation of tissue at-
lases, aiming to create a CommonCoordinate Framework (CCF) for organs and organisms [%&,].
E$orts like the Human Reference Atlas [%’&] are underway to create a digital representation of
the human body, capturing the ’Dorganization of organs and detailing cellular relationships and
unique biomarkers. Arguably, the only existing CCF is the Brain, which in the case of the Hu-
man Brain it has been characterized at an anatomical [&.&] and molecular [%&-] resolution. This
atlas intends to allow in-depth analysis of the human brain, enhancing spatial and semantic stud-
ies. Such a reference will improve our grasp of how a healthy body functions and its alterations
with age or illness. Yet, constructing atlases for other human tissues and organs presents chal-
lenges. Most notably, there’s no universally recognized naming system for anatomical structures,
cell types, or biomarkers outside the brain [%’&, &.’]. Essential data is scattered across di$erent
sources, lacking a consolidated ’D reference. This data fragmentation complicates biomedical
advancements due to data management and comparison di"culties. Another pivotal aspect is
deciding the granularity of the human CCF. A macro-scale would give a broad view of the ma-
jor organs, a mesoscale o$ers insights into speci!c structures like parts of the lungs or kidneys,
and a micro-scale provides a detailed cellular perspective. Most prior atlas projects focused on the
mesoscale. The future challenge lies in crafting micro-scale atlases that can seamlessly integrate
with broader scales. The depth of scale directly in#uences data needs and analytical methods, and
several computational challenges lie ahead. For example, it will require e"cient infrastructure
that is able to store the diversity of data but also scalable visualization tools that can visualize the
di$erent views andmodalities of the data. Amulti-level hierarchical structure is an achievable and
vital objective for contemporary human atlas research. Computational methods and infrastruc-
ture that are able to integrate the multimodal nature of the data will be instrumental in building
the next generation of common coordinate frameworks of tissues and organs.
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AnnData Annotated Data
ATAC-seq Assay for Transposase-Accessible Chromatin with sequencing
CCC Cell-Cell Communication
CCF Common Coordinate Framework
CCS Common Coordinate System
CITE-seq Cellular Indexing of Transcriptomes and Epitopes sequencing
CLIP Contrastive Language-Image Pretraining
CyCIF Cyclic Immuno#uorescence
FAIR Findability, Accessibility, Interoperability, and Reusability
FFPE formalin-!xed para"n-embedded
FGW Fused-Gromov-Wasserstein
FISH Fluorescent In Situe Hybridization
GW Gromov-Wasserstein
IMC ImagingMass Spectrometry
MIBI-TOF multiplexed ion beam imaging by time of #ight
mIHC multiplexed Immuno-Histo-Chemistry
moscot multi-omics single-cell optimal transport
MS Mass Spectrometry
MuData Multimodal Annotated Data
OME OpenMicroscopy Environment
OT Optimal Transport
scRNA-seq single cell RNA-sequencing
squidpy Spatial Quanti!cation of Molecular Data in Python
ST Spatial Transcriptomics
t-SNE t-distributed Stochastic Neighbor Embedding
TME TumorMicro-Environment
UMAP UniformManifold Approximation and Projection
UMI UniqueMolecular Identi!ers
VAE Variational Autoencoders
W Wasserstein
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