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Abstract

Spatial transcriptomics is a rapidly developing technology that enables high-throughput
profiling of gene expression at defined spatial locations within intact tissues, thereby linking
molecular measurements with the histological context. By enabling the study of cells in
their native microenvironment, these technologies provide new opportunities to investigate
spatial heterogeneity, cell-to-cell interactions, and the organization of complex biological
systems. However, analytical challenges such as mixed-cell capture spots, sparse gene
expression, and limited integration with proteomic data necessitate the development of

dedicated statistical methodologies.

The overarching aim of this thesis is both methodological development and application.
To address data sparsity and improve cell type identification, this thesis introduces a
clustering-based deconvolution framework that explicitly incorporates spatial coherence to
inform deconvolution strategies. In addition, the analytical scope of spatial transcriptomics
is extended through the development of predictive modeling approaches to infer protein
abundance from transcriptomic data, thereby offering a pathway toward spatial multi-
omic integration. Large-scale benchmarking and systematic validation across multiple
experimental datasets provide a rigorous evaluation of performance, generalizability, and
computational trade-offs for a diverse set of statistical and machine learning models.
Applications to real biological data illustrate the ability of these methods to delineate
spatially organized domains, characterize protein-specific variability in predictability,
and generate biologically interpretable hypotheses on tissue organization and cellular

behavior.

In conclusion, this thesis advances the statistical foundations of spatial transcriptomics
by introducing noval methodologies that address core analytical limitations, establishing
frameworks for rigorous model evaluation, demonstrating how these approaches can
yield biologically meaningful insights. Collectively, these contributions help transform
spatial transcriptomics into a more robust and comprehensive platform for integrative and

quantitative analysis in biomedical research.
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Overview of Thesis

In this chapter, we begin with a brief introduction of spatial transcriptomics, highlighting
its transformative role in biomedical research. Following this, we outline the key analytical
challenges associated with spatial transcriptomics, including issues of data sparsity, spatial
structure, and model evaluation. These challenges motivate the development of new
statistical methodologies, which form the core contributions of this thesis. Finally, we
present an outline of the thesis structure and summarize the main objectives guiding the

research.

1.1 Introduction

Spatial transcriptomics is an innovative technology that enables the measurement of gene
expression within its native spatial context in tissues. Unlike traditional transcriptomic
approaches that dissociate cells and lose spatial information, spatial transcriptomics
preserves the architecture of biological samples, allowing researchers to study how gene
activity varies across different regions of a tissue. This spatial resolution is crucial for
understanding cellular heterogeneity, tissue organization, and complex biological processes
such as development, disease progression, and immune responses. As a result, spatial
transcriptomics has become a powerful tool in biomedical research, with applications

spanning oncology, neuroscience, and regenerative medicine.

Despite its transformative potential, spatial transcriptomics presents several analytical
challenges. First, most current ST platforms, such as 10x Visium, lack single-cell
resolution: each spot typically contains a mixture of different cell types [1, 2]. Conventional
deconvolution methods operate at the spot level, but these analyses are hampered by sparse
gene expression and by the neglect of spatial relationships across neighboring spots,
ultimately reducing accuracy and robustness. Second, while transcriptomics captures gene
expression, proteins are the primary effectors of cellular function. Spatial proteomics
technologies remain technically limited and costly, resulting in most ST datasets lacking
comprehensive protein measurements [3, 4, 5]. Inferring protein abundance directly from
spatial transcriptomic data therefore represents an important computational challenge, one

that could significantly expand the scope of spatial multi-omics research.



This thesis is motivated by these challenges and is organized around two central research
directions: (1) the development of DECLUST, a cluster-based framework for spatial decon-
volution that improves accuracy by aggregating spatially coherent spots into biologically
meaningful domains; and (2) a systematic benchmarking of predictive models for protein
abundance inference from ST data, evaluating the utility of diverse machine learning and

graph-based approaches under multiple validation scenarios.

To address these directions, the work presented here is guided by three overarching

questions:

1. What ways can spatial transcriptomics be utilized to uncover biologically meaningful
insights, particularly through the accurate resolution of cell type composition within

heterogeneous tissue environments?

2. Which statistical and computational strategies are most suitable for modeling spatial
transcriptomic data, ensuring that both molecular features and spatial dependencies
are faithfully represented?

3. How can transcriptomic profiles be systematically leveraged to predict spatial protein
abundance, and what forms of feature representation best capture the regulatory and

functional link between RNA and proteins?

1.2 Main Contributions

The work presented in this thesis is centered around two main contributions to the analysis
of spatial transcriptomics and spatial multi-omics data. Each contribution is described in

detail below.

1. DECLUST: a cluster-based framework for cell type deconvolution. This thesis
introduces DECLUST, a novel method for accurate estimation of cell type composition

in spatial transcriptomic (ST) data. Its main contributions are:

* Integration of spatial and molecular features. DECLUST simultaneously
incorporates spatial coordinates and gene expression profiles to cluster ST spots,
ensuring that spatial domains are both biologically meaningful and spatially

coherent.

Chapter 1 Overview of Thesis



* Cluster-level deconvolution with pseudo-bulk profiles. By aggregating expres-
sion across spatially coherent clusters, DECLUST mitigates sparsity and noise

in ST data, thereby enhancing robustness in deconvolution.

* Accurate identification of marker genes. A two-statistic approach is applied to
scRNA-seq reference data to select cell-type—specific marker genes, reducing

noise and improving estimation precision.

* Performance and robustness. Evaluation on simulated and real datasets
demonstrates that DECLUST consistently outperforms competing methods in

terms of accuracy, robustness, and preservation of spatial structure.

* Biological interpretability and extensibility. Beyond deconvolution, the identi-
fied clusters may also act as proxies for tissue microenvironments or functional
domains. Future extensions could incorporate additional modalities, including
ligand-receptor interactions, proteomics, and histology, to further improve
interpretability.

2. Protein abundance prediction from spatial transcriptomics data. The second
contribution is a systematic benchmarking of computational methods for predicting
protein abundance from RNA profiles in spatial multi-omics datasets. The major

contributions are:

* Large-scale model evaluation. Ten predictive models, including linear regres-
sion, partial least squares (PLS), tree-based ensemble methods, and graph
neural networks (GNNs), are comprehensively assessed across six datasets
generated by Visium CytAssist CITE-seq.

* Multiple validation strategies. Model performance is systematically bench-
marked using within-sample, cross-sample, and cross-tissue validation schemes,

providing a broad perspective on robustness and generalizability.

» Importance of spatial information. Spatially augmented models, such as
PLS-Spatial and boosting-based ensembles (LightGBM-Spatial, XGBoost-
Spatial, CatBoost-Spatial), consistently outperform their non-spatial counter-
parts, demonstrating the value of incorporating spatial context into predictive

modeling.

1.2 Main Contributions
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* Model-specific trade-offs. Gradient boosting models achieve the highest
predictive accuracy but incur longer runtimes, whereas PLS offers competitive
performance with extremely low computational cost. GNN models, although
computationally efficient, show limited predictive accuracy, highlighting both

their current shortcomings and their potential for future improvement.

* Protein-specific predictability. Performance heterogeneity across proteins is
systematically characterized, enabling the identification of proteins with high
or low predictability. This provides practical guidance for prioritizing targets

in spatial protein inference.

* Feasibility of RNA-based protein prediction. By addressing the novel question of
whether protein abundance can be inferred directly from spatial transcriptomic
data, this study demonstrates the feasibility of RNA-based prediction and
establishes it as a viable strategy for extending the scope of spatial multi-omics

research.

1.3 Thesis Organization

This thesis is structured as follows:

Chapter 2 provides the necessary background for the thesis. It begins with a statistical
perspective on the analysis of high-dimensional biological data, introduces the emergence
of spatial transcriptomics, and describes the major experimental technologies including in
situ hybridization, in situ sequencing, and spatial barcoding. The chapter also highlights
the limitations of current platforms and discusses development trends such as spatial

multi-omics integration.

Chapter 3 presents a literature review of computational approaches relevant to this thesis.
The first part examines strategies for cell type deconvolution in spatial transcriptomics,
including reference-based, reference-free, and regression-based frameworks. The second
part reviews methods for inferring spatial protein abundance from transcriptomic profiles,
outlining current experimental platforms, computational strategies, and their limitations.
This chapter identifies methodological gaps that motivate the contributions in subsequent

chapters.

Chapter 1 Overview of Thesis



Chapter 4 introduces a cluster-based framework for cell type deconvolution in spatial
transcriptomics. The methodology integrates spatial clustering with pseudo-bulk expression
generation and marker gene selection, aiming to mitigate data sparsity at the spot level
while preserving spatial coherence. The chapter further evaluates the approach on both
simulated and real datasets, providing comparisons with existing methods and discussing

its performance characteristics and limitations.

Chapter 5 addresses the novel problem of predicting protein abundance from spatial
transcriptomic data through a large-scale benchmarking study. Ten computational models,
ranging from linear regression and ensemble learning to graph neural networks, are
systematically assessed on multiple datasets using within-sample, cross-sample, and cross-
tissue validation schemes. The analysis highlights the role of spatial feature integration,
identifies trade-offs between different model classes, and characterizes protein-specific

predictability.

Chapter 6 summarizes the thesis by consolidating its methodological and applied contribu-
tions. It discusses how spatially informed deconvolution enhances cell type inference, and
how predictive modeling extends spatial transcriptomics toward multi-omic integration.
The chapter concludes with perspectives on future directions, including sequencing-free

approaches, multi-modal integration, adaptive frameworks, and clinical translation.

1.3 Thesis Organization
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Background

This chapter introduces the evolution and technological landscape of spatial transcriptomics,

followed by a statistical perspective on spatial transcriptomics data.

2.1 Evolution of spatial transcriptomics

Since the discovery of DNA’s double-helical structure in 1953, remarkable progress has
been made in understanding how genetic information is stored, transmitted, and expressed.
Central to this framework is the principle that information flows from DNA to RNA, and
ultimately to proteins (Figure 2.1)-a concept formalized as the central dogma of molecular
biology [6, 7]. DNA encodes the blueprint of life, RNA conveys these instructions as a
messenger, and proteins serve as the principal effectors of cellular function, carrying out
diverse structural and regulatory roles essential for physiology. This continuum from DNA
to RNA to proteins constitutes the fundamental logic of modern life sciences and provides

the foundation upon which transcriptomics and proteomics are built.

3 5
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Fig. 2.1.: Central dogma of molecular biology.
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Building on this foundation, transcriptomics has emerged as a powerful discipline ded-
icated to studying how the instructions embedded in DNA are executed through gene
expression, providing dynamic snapshots of cellular activity across diverse biological
contexts. Understanding gene expression is central to uncovering how cells, tissues, and
organisms function [8]. Over the past decade, technological innovations have transformed
our ability to measure transcriptomes with remarkable precision [9]. Transcriptomics
has diversified into bulk and single-cell approaches, each with distinct advantages and
limitations [10, 9].Early studies relied on bulk RNA sequencing, which captures average
expression across large groups of cells [11]. Although effective for identifying global
transcriptional changes, bulk measurements obscure cellular heterogeneity and mask the

contributions of distinct cell types, limiting interpretation in complex tissues.

The development of single-cell RNA sequencing (scRNA-seq) overcame this limitation by
enabling transcriptome-wide profiling at single-cell resolution. This breakthrough revealed
profound heterogeneity in cell types, dynamic states, and developmental trajectories that
were invisible in bulk data [12, 13, 14, 15]. However, scRNA-seq requires dissociating
tissues into suspensions, which eliminates the spatial context necessary for understanding
how cells are arranged, how they interact with neighbors, and how they collectively shape
tissue structure and disease progression, thereby losing critical information about tissue

structure and microenvironmental context [16, 17].

Spatial transcriptomics (ST) emerged to bridge this gap by preserving the positional
information of gene expression within intact tissues [18, 19], and was named Method
of the Year 2020 by Nature Methods (published in 2021) [20]. By maintaining the
spatial relationships among cells and their gene expression profiles, ST has transformed
transcriptomic analysis—bridging molecular measurement with spatial localization. This
enables investigations of tissue heterogeneity, developmental trajectories, and disease
microenvironments in ways that were previously unattainable [21, 22]. By embedding
expression data in its native spatial framework, these technologies enable molecular signa-
tures to be directly mapped onto histological structures, tissue domains to be reconstructed,
and cell-cell communication to be inferred within their natural microenvironments. The
data produced are typically represented as spatially annotated expression matrices, where
rows denote genes and columns correspond to spatial units such as capture spots, beads,
or single cells. Each unit is linked to precise tissue coordinates, often in conjunction
with histological imaging. This structure creates a powerful platform for statistical and
computational analyses that jointly leverage gene expression and spatial organization,

laying the foundation for new insights into tissue biology and pathology [23, 24].

Chapter 2 Background



2.2 Technologies for spatial transcriptomics

MERSCOPE /

. . ) Nanostring GeoMx DSP Molecular Cartography
Microdissection * * - - °
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Fig. 2.2.: Timeline of spatial transcriptomics technologies. The development of spatial tran-
scriptomics can be categorized into four main groups: ROI-based methods (blue), in situ
hybridization methods (red), in situ sequencing methods (green), and spatial barcoding
methods (yellow).

Spatial transcriptomics (ST) technology, which integrates two-dimensional (2D) and
three-dimensional (3D) tissue structural context into molecular investigations, has advanced
rapidly since the first spatial transcriptomics workflow in 2016 [25]. We group methods
into four families—region-of-interest (ROI) selection [26], in situ hybridization [27], in
situ sequencing [28, 29], and spatial barcoding [25] (Figure 2.2). Detailed workflows,
historical milestones, and representative platforms for each family are provided in the

following subsections.

In parallel with these methodological advances, several commercial platforms have been
widely adopted in both research and translational applications. Representative examples
are summarized in Table 2.1, which lists underlying techniques, compatible tissue types,
and corresponding websites. Among them, 10x Genomics Visium has become a prevalent
barcoding-based solution for large-scale transcriptome profiling, NanoString GeoMx DSP
provides ROI-based profiling with flexible tissue compatibility, and Vizgen MERSCOPE
enables high-resolution single-molecule imaging through MERFISH.

2.2 Technologies for spatial transcriptomics
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Tab. 2.1.: Commercially available spatial transcriptomics platforms.

Platform Technique Tissue Website

10x Genomics Visium Spatial barcoding Fresh frozen, FFPE https://www.10xgenomics.com/products/spa
tial-gene-expression

10x Genomics Visium Spatial barcoding + Fresh frozen, FFPE https://www.10xgenomics.com/products/vis

CytAssist IF/antibody workflows ium-cytassist

NanoString GeoMx DSP ROI selection (DSP)  Fresh frozen, FFPE https://nanostring.com/products/geomx-d
igital-spatial-profiler/

Vizgen MERSCOPE MERFISH (in situ Fresh frozen, FFPE https://vizgen.com/products/
hybridization)

10x Genomics Xenium Imaging-based RNA  Fresh frozen, FFPE https://www.10xgenomics.com/products/xen
(targeted) ium-in-situ

NanoString CosMx SMI Imaging-based Fresh frozen, FFPE https://nanostring.com/products/cosmx-s
RNA/protein (targeted) patial-molecular-imager/

By capturing spatial context, ST technologies enable mapping of tissue organization and
function, shedding light on developmental programs and the molecular mechanisms of
disease [30, 31, 32].

2.2.1 ROI selection technologies

; . , Tissue
Microdissection Dissociation RNA-seq
and Lysis

Fig. 2.3.: Workflow of ROI selection via laser capture microdissection. Defined tissue regions
are excised, dissociated, and lysed, after which RNA is extracted and sequenced.

Regions of interest (ROIs) can be precisely defined and isolated from tissue sections through
either physical dissection or light-based labeling strategies, enabling spatially resolved
transcriptomic analysis. Traditional approaches such as laser capture microdissection
(LCM) [33] employ a focused laser beam to excise and retrieve specific tissue regions,
which are then dissociated and lysed for downstream molecular assays, including RNA-seq,
DNA-seq, and epigenetic profiling. As shown in Figure 2.3, the microdissected regions
undergo dissociation and lysis, followed by RNA extraction and sequencing, thereby
generating transcriptomic profiles that retain spatial context. LCM provides high spatial

precision and can, in principle, achieve near single-cell resolution, but the process is
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technically demanding, time-consuming, and often compromises RNA integrity during

capture, thereby restricting its scalability to larger tissue cohorts.

Building on this foundation, several technologies have extended ROI-based profiling
beyond conventional LCM. Tomo-seq reconstructs gene expression atlases by sequential
cryosectioning and RNA-seq, enabling systematic mapping of expression patterns across
tissue axes [34]. Geo-seq integrates LCM with scRNA-seq protocols, offering high-
resolution analysis of spatial heterogeneity and rare cellular populations within defined
niches [35]. STRP-seq further advances this concept by slicing tissue sections into
thin strips at multiple orientations and computationally reconstructing three-dimensional
transcriptomic landscapes, thereby enhancing the capacity to capture tissue-wide spatial

organization [36].

In contrast, light-based ROI labeling provides a non-invasive alternative that circumvents
physical dissection. Approaches such as TIVA-tag [37] and photo-isolation chemistry
(PIC) [38] employ photosensitive groups to trigger reverse transcription directly in selected
regions, either in situ or in fixed samples, thereby reducing tissue manipulation. NanoString
GeoMx applies photocleavable tags to RNA or protein probes, releasing them upon light
activation for subsequent quantification across targeted panels, making it particularly
suitable for large-scale cancer transcriptome profiling. More recently, methods such as
Light-seq [39] and ZipSeq [40] use light-triggered attachment or release of DNA barcodes,
which enables sequencing reads to be reassigned back to their spatial origins with high

flexibility.

In conclusion, ROI selection technologies provide versatile tools to interrogate tissue
architecture at scales ranging from individual cells to larger domains. Physical dissection
approaches offer precise isolation and unbiased transcriptome coverage but are limited
by low throughput, technical complexity, and potential RNA degradation. By contrast,
light-based strategies enable higher scalability and reduced tissue handling, but often
rely on predefined gene panels or barcoding schemes, which may restrict transcriptome
completeness. Despite these trade-offs, ROI selection remains a cornerstone of spatial
transcriptomics, particularly when precise interrogation of specific microanatomical regions

or targeted spatial profiling is required.

2.2 Technologies for spatial transcriptomics
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2.2.2 In situ hybridization technologies

Sample In situ Fluorescence
Preparation Hybridization Microscopy

Fig. 2.4.: Workflow of in situ hybridization. Tissue samples are prepared and incubated with
fluorescently labeled probes that hybridize to target transcripts in situ. Fluorescence
microscopy is then used to visualize and quantify RNA molecules within their native
spatial context.

In situ hybridization represents a class of spatial transcriptomic strategies that visualize
RNA molecules directly within their native tissue context using complementary probes,
rather than extracting them from tissue sections. As illustrated in Figure 2.4, fluorescently
labeled probes hybridize to target transcripts in situ, and the resulting signals are imaged
using fluorescence microscopy. This principle enables detection of gene expression
patterns at cellular and even subcellular resolution, thereby linking molecular signatures

with histological architecture.

The earliest and most widely adopted approach is single-molecule fluorescent in situ
hybridization (smFISH) [41], which decomposes individual RNA molecules into sub-
diffraction fluorescence spots and allows simultaneous detection of multiple transcripts.
smFISH offers high sensitivity and is often considered the “gold standard” for RNA quantifi-
cation, especially for validating candidate genes identified through bioinformatic analyses.
However, its reliance on distinct fluorescence channels inherently limits multiplexing
capacity, restricting detection to a small number of genes per experiment. To address this
limitation, cyclic variants such as ouroboros smFISH (osmFISH) [42] have been developed,
which repeat hybridization and imaging cycles to expand the number of detectable targets,
enabling detection of low-abundance transcripts across larger tissue areas, albeit at the cost

of throughput.
To improve multiplexing while mitigating optical crowding, sequential FISH (seqFISH)

[43] was introduced. This approach assigns barcodes to transcripts through iterative rounds

of hybridization and imaging, with fluorophores removed after each cycle while keeping
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the RNA molecules in place. By combining temporal barcoding with probe recycling,
seqFISH dramatically increases the number of detectable transcripts, making it possible to
reconstruct spatial transcriptomic maps of complex tissues such as the brain. Nevertheless,
repeated hybridization steps make the protocol time-intensive and susceptible to cumulative

€Irors across cycles.

To overcome these drawbacks, multiplexed error-robust FISH (MERFISH) [44] introduced
an error-robust combinatorial barcoding scheme, in which each RNA is assigned a binary
code that can detect and in some cases correct errors. MERFISH achieves highly multiplexed
measurements, initially capturing hundreds of genes simultaneously and later extended
to transcriptome-scale profiling (up to 10,000 targets). Importantly, MERFISH removes
only fluorophores rather than probes, thereby shortening hybridization cycles compared to
seqFISH. This approach has been commercialized as Vizgen MERSCOPE, which supports
both fresh frozen and formalin-fixed paraffin-embedded (FFPE) samples, enabling its
application to a broad range of tissues.

In summary, in situ hybridization-based technologies provide powerful tools for visualizing
RNA transcripts in their native spatial context, with smFISH offering high sensitivity and
validation utility, seqFISH enabling large-scale multiplexing through barcoding, and MER-
FISH advancing to error-robust, transcriptome-wide applications. While these methods are
limited by requirements for probe synthesis and remain relatively low throughput compared
to sequencing-based approaches, they uniquely combine single-molecule resolution with

direct imaging, making them indispensable for spatial transcriptomic studies.

2.2.3 In situ sequencing technologies

Cells in Their Tissue Padlocks-Based RCA Sequencing by Ligation
Context

Fig. 2.5.: Workflow of in situ sequencing. Padlock probes hybridize to cDNA molecules in their
tissue context, followed by rolling-circle amplification. The amplicons are subsequently
decoded through sequencing by ligation, enabling spatially resolved transcriptome
profiling.

2.2 Technologies for spatial transcriptomics
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In situ sequencing (ISS) enables targeted or untargeted sequencing of RNA molecules
directly within preserved tissue architecture. Unlike traditional sequencing methods that
require RNA extraction, ISS maintains the histological context, allowing precise mapping
of gene expression patterns at cellular and subcellular resolution. As illustrated in Figure
2.5, the workflow typically involves hybridization of padlock probes to cDNA, rolling-
circle amplification (RCA) to generate localized amplicons, and subsequent sequencing by

ligation.

The original ISS protocol developed by Ke and colleagues [28] introduced padlock-based
probes, which can operate in two modes. In gap-targeted sequencing, the probe contains a
small gap that matches targeted bases in the cDNA; this gap is filled by DNA polymerization
and sealed by ligation, ensuring high specificity. In barcode-targeted sequencing, the
probe contains a unique barcode sequence, enabling simultaneous detection of multiple
transcripts through ligation alone. Rolling-circle amplification of the circularized DNA
produces amplicons that can be visualized and decoded by ligation-based sequencing
chemistry. ISS has been successfully applied to human breast cancer samples to identify
point mutations and profile multiplexed gene expression, demonstrating its robustness in
both mutation detection and spatial transcriptomics. However, probe design requires prior

knowledge of the transcripts of interest, limiting flexibility.

To overcome this limitation, fluorescent in situ sequencing (FISSEQ) was developed as
a transcriptome-wide, untargeted strategy [45, 29]. FISSEQ enables unbiased detection
of thousands of RNA species within intact tissues, thus capturing global expression
landscapes. Despite this advantage, its sequencing depth remains low, and inefficiencies
in reverse transcription and cDNA circularization constrain sensitivity. Building on
FISSEQ, expansion sequencing (ExSeq) [46] enhances both resolution and coverage. By
anchoring RNA molecules to an expandable hydrogel and physically enlarging the tissue
before sequencing, ExSeq alleviates molecular crowding and achieves nanoscale precision.
Targeted ExSeq enables spatial mapping of predefined gene panels, whereas untargeted

ExSeq supports transcriptome-wide detection, including rare transcripts.

Another advancement is spatially resolved transcript amplicon readout mapping (STARmap)
[47], which integrates hydrogel-tissue chemistry with ISS. STARmap can sequence RNA
in intact 3D tissues; its improved version incorporates sequencing with error-reduction
by dynamic annealing and ligation (SEDAL), mitigating misdecoding due to sequencing
errors. More recently, modified STARmap protocols have demonstrated applicability to

thick tissue blocks, expanding the scope of 3D spatial transcriptomics.
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Overall, in situ sequencing-based technologies enable direct spatial analysis of RNA
molecules while preserving tissue morphology. ISS offers high specificity but requires
prior transcript knowledge; FISSEQ provides transcriptome-wide coverage at the expense
of depth and sensitivity; ExSeq enhances spatial resolution and multiplexing through
hydrogel expansion; and STARmap extends ISS into three-dimensional intact tissues with
high accuracy. Despite limitations such as short read lengths (typically ~ 30 nucleotides),
complex workflows, and dependence on imaging instrumentation, these approaches remain

powerful tools for linking gene expression to cellular and tissue architecture.

2.2.4 Spatial barcoding technologies

0N — wie — il

Tissue Placed Cell Lysis and
on Barcoded mMRNA capture RNA-seq
Beads

Fig. 2.6.: Workflow of spatial barcoding. Tissue is placed on a surface or bead array containing
DNA barcodes. Following cell lysis, mRNAs hybridize to barcoded primers, and
captured transcripts undergo reverse transcription and sequencing. The positional
barcodes allow reconstruction of transcriptome maps within tissue context.

Spatial barcoding enables the parallel capture of gene expression profiles across tissue
sections while preserving positional information. The principle is to place tissue slices onto
surfaces carrying spatially indexed primers—typically glass slides or bead arrays—so that
mRNA molecules released during tissue permeabilization are captured together with unique
positional barcodes and unique molecular identifiers (UMIs). The captured transcripts are
subsequently reverse transcribed, amplified, and sequenced, enabling array- or bead-indexed

cDNA libraries for downstream position-aware quantification (Figure 2.6).

The earliest implementation of this approach was Spatial Transcriptomics (ST), introduced
in 2016 [25]. In this method, tissue sections were mounted on microarray slides containing
probes with poly-T tails, spatial barcodes, and UMIs. During permeabilization, cellular
mRNAs diffused into defined capture spots of ~ 100 um, hybridized with the probes, and

were reverse transcribed into cDNA. In 2019, 10x Genomics commercialized ST as Visium.

Visium reduced the capture spot diameter to 55 um (with ~ 100 um center-to-center spacing)
and optimized protocols for both fresh-frozen and formalin-fixed paraffin-embedded (FFPE)

2.2 Technologies for spatial transcriptomics
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samples. Applications include large-scale tissue atlases, disease studies, and investigations
of brain architecture, such as mapping gene expression across the human dorsolateral

prefrontal cortex [48].

The pursuit of higher spatial resolution has driven the development of bead-based strategies.
Slide-seq [49] employed randomly deposited DNA-barcoded beads (~ 10 um). After
sequencing the bead positions, tissues were placed onto the array, enabling near single-cell
resolution mapping, although capture efficiency was limited by incomplete RNA transfer.
Slide-seqV2 [50] addressed this with improved chemistry, achieving roughly an order-of-
magnitude increase in sensitivity and robustness. High-Definition Spatial Transcriptomics
(HDST) [51] used bead arrays with ~ 2 um features, pushing toward subcellular resolution.
Seq-Scope [52] further improved resolution to 0.5-0.8 um by generating dense high-
definition map coordinate identifiers directly on sequencing chips, eliminating decoding
“blind spots.” More recently, Stereo-seq [53] combined DNA nanoball (DNB) arrays with
photolithography to achieve subcellular resolution across centimeter-scale tissue areas.

Despite these advances, trade-offs persist. Visium offers robust transcriptome-wide
detection at moderate resolution, while ultrahigh-resolution methods such as Seq-Scope
and Stereo-seq can suffer from data sparsity, noise, and increased computational burden.
RNA capture efficiency remains a bottleneck, particularly for high-resolution bead-based
methods. Moreover, aligning transcriptomic data with histology becomes increasingly

complex at subcellular scales.

2.3 Development trends and key challenges in spatial

transcriptomics

2.3.1 Emerging trends

The past decade has witnessed progress directed toward improving molecular sensitivity,
spatial resolution, tissue compatibility, and integrative capacity with other molecular
modalities. Collectively, these advances have transformed ST into a versatile platform
for both fundamental biology and translational medicine. A structured overview of these

emerging directions is provided in Table 2.2.
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Tab. 2.2.: Recent advances and emerging directions in spatial transcriptomics.

Trend Representative Platforms / Year Key Features Remaining Gaps
Methods
Molecular Stereo-seq; Seq-Scope; 2019-2023 Increased UMI recovery at Still below scRNA-seq sensitivity;
sensitivity and ~ Slide-seqV2; in situ poly(A) single-cell-sized areas; chemistryincomplete capture of
capture efficiency tailing and permeabilization degraded/non-polyadenylated
optimizations to reduce RNA lossRNAs
Spatial resolution Slide-seqV2; HDST; Seq-Scope; 2019-2023 From multi-cell spots to Signal sparsity at ultrahigh
Stereo-seq; expansion microscopy subcellular (0.5-0.8 pum); resolution; depth and diffusion

expansion increases effective  constraints

resolution (Visium ~20 pm)

Tissue Visium FFPE; Xenium; CosMx; 2021-2024 Enables analysis of archived Performance still lags fresh-frozen;

compatibility and fixation protocols for FFPE/PFA tissues; thousands of genes per fragmentation, crosslinking,

sample spot in FFPE autofluorescence

universality

Spatial SM-Omics; Visium CytAssist; 2021-2023 Joint profiling of RNA, proteins, High cost and technical

multi-omics CosMx; Xenium; spatial chromatin; complementary complexity; limited standardized

integration CUT&Tag; spatial ATAC-seq biological interpretability multi-omics datasets

Computational ~ Standardized workflows; 2023-2024 Segmentation, registration, Reproducibility and

analysis graph-based and deep learning cross-modal integration, interpretability; benchmarking
models denoising, deconvolution at scaleacross platforms and tissues

One important trajectory concerns the enhancement of capture sensitivity and molecular
coverage. Although current ST platforms remain less sensitive than single-cell RNA
sequencing methods, gradual improvements are evident. At a single-cell-sized area of
approximately 100 um?, Stereo-seq [53] has reported ~1450 unique molecular identifiers
(UMIs) in the mouse olfactory bulb, Seq-Scope [52] has detected about ~848 UMIs in
the mouse liver, and Slide-seqV2 [50] has achieved ~550 UMISs in the mouse embryo.
By contrast, single-cell RNA sequencing platforms such as 10x Chromium [54] and
DNBelab C4 [55] can recover approximately 40,000 UMIs (about 6000 genes) per cell,
while Smart-seq2 [56] is capable of detecting up to 8000 genes. To narrow this gap,
in situ poly(A) tailing seeks to capture degraded or non-polyadenylated RNAs, while
surface chemistry and permeabilization optimizations reduce RNA loss [57]. Secondly,
the advancement of spatial resolution has progressed from multi-cell spots to subcellular
levels. Slide-seqV?2 [50] achieves bead sizes of approximately 10 um, HDST [51] reduces
feature size to around 2 um, and Seq-Scope [52] operates with pixel centers of 0.5-0.8 um,
yielding an average density of 23—27 UMISs per um?. Stereo-seq [53] further advances
resolution through the use of patterned DNA nanoballs with diameters of about 220 nm.
In parallel, expansion microscopy physically enlarges tissue within swellable hydrogels
and, when coupled with barcoded arrays, has increased the effective resolution of Visium
from 55 um to approximately 20 um while also improving RNA yield per region [58].

Theoretically, combining expansion with ultrahigh-density barcoding could approach

2.3 Development trends and key challenges in spatial transcriptomics

17



18

effective resolutions near 100 nm. The third trend lies in extending sample universality,
which is essential for clinical adoption and archival studies. Protocols have been adapted for
formalin-fixed paraffin-embedded (FFPE) specimens, as demonstrated by platforms such as
Visium FFPE, Xenium, and CosMx, which are capable of capturing thousands of genes per
spot in archived samples [59, 60]. Paraformaldehyde fixation is also under investigation
as a means of preserving tissue morphology and reducing RNA diffusion. Nevertheless,
fixed-tissue performance continues to lag behind that of fresh-frozen samples, underscoring
the need for more robust protocols (see Section 2.3.2). A transformative direction is the
integration with additional molecular readouts, which enables spatial multi-omics. This
includes imaging-based RNA—protein co-detection approaches as well as sequencing-based
assays of chromatin organization. These developments enrich interpretability and are
discussed in detail in Section 2.4. A structured overview of these advances is provided in
Table 2.2.

Concurrently, computational analysis has matured. High-resolution and multimodal
datasets necessitate algorithms for cell segmentation, spatial registration, cross-modal
integration, denoising, imputation, and deconvolution. Graph-based and deep learning
models increasingly capture spatial dependencies, while standardized workflows enable

comparative analyses across platforms and tissue types [61, 62].

2.3.2 Limitations and challenges

Despite rapid progress, spatial transcriptomics technologies still face fundamental chal-
lenges that limit their broader applicability and biological interpretability. Key obstacles
and potential strategies for overcoming them are summarized in Table 2.3. A central
issue is insufficient molecular capture relative to single-cell RNA sequencing [63, 2].
The reduced sensitivity lowers the ability to detect low-abundance transcripts and rare
cellular states and increases dependence on RNA integrity, which is often compromised in
clinical samples. Although strategies such as in situ poly(A) [57] tailing and optimized
permeabilization protocols can extend the capture of degraded or non-polyadenylated
RNAs, overall efficiency remains a major bottleneck for downstream analysis. This
limitation directly affects applications such as cell type classification, trajectory inference,
and the detection of rare populations. Another challenge lies in spatial resolution and its
inherent trade-offs with throughput and sensitivity. Ultrahigh-resolution platforms such
as Seq-Scope and Stereo-seq can resolve features at the submicron scale [52, 64], but
these approaches require substantial sequencing depth and typically generate sparse count

matrices with many undetected transcripts per pixel. By contrast, array-based methods such
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as Visium yield more robust transcript capture at the expense of coarser resolution [65].
Expansion microscopy offers improved effective resolution by physically enlarging tissues
within hydrogels, yet this approach introduces tissue distortion, workflow complexity,
and alignment difficulties. Striking a balance among resolution, capture sensitivity, and
scalability remains an unresolved issue that shapes the choice of technology for different

biological applications.

Tab. 2.3.: Current challenges and unresolved issues in spatial transcriptomics.

Challenge Category Example Platforms / Main Issue Impact Possible Strategies
Context
Insufficient molecular Array- and bead-based ST ~ Lower sensitivity Missed low-abundance In situ poly(A) tailing;
capture (e.g., Visium, Slide-seqV2) compared with transcripts and rare optimized permeabilization
scRNA-seq; reliance on  states; reduced and chemistry; improved
RNA integrity downstream power capture probes
Resolution—throughput Seq-Scope, Stereo-seq Ultrahigh resolution Affects segmentation, Hybrid designs; expansion
trade-off (submicron); Visium requires high depth and  clustering, microscopy; adaptive
(coarser) yields sparse matrices;  deconvolution; scaling sampling; multi-scale
coarser arrays lose costs modeling
single-cell detail
Tissue universality FFPE/PFA workflows; Fragmentation, Lower capture and Robust extraction and
(FFPE/PFA) Xenium; CosMx; Visium  crosslinking, image quality; limits  decrosslinking; improved
FFPE autofluorescence; diffusionclinical translation probe chemistry; standardized
artifacts QC for archived tissues
Multimodal integration RNA—protein (SM-Omics, Iterative cycles cause Limited analyte breadthFewer-cycle chemistries;
barriers CytAssist); chromatin assays damage and signal loss;  vs. resolution/tissue  spectral unmixing; joint assay
(CUT&Tag, ATAC-seq) fluorophore crosstalk; integrity; alignment  co-design; spatial registration
assay trade-offs across large areas standards
Computational High-resolution and Storage and compute Hinders comparability Community benchmarks;
scalability and multimodal datasets bottlenecks; sparsity; and clinical translation; interoperable formats;
reproducibility nonstandard formats and model interpretability uncertainty-aware models;
pipelines concerns efficient graph/deep pipelines

Tissue compatibility further constrains the universality of current protocols. While
fresh-frozen samples are generally well-suited for existing workflows, formalin-fixed
paraffin-embedded and paraformaldehyde-fixed tissues remain problematic due to RNA
fragmentation, chemical crosslinking, and autofluorescence. These factors collectively
reduce capture efficiency and complicate downstream imaging. Although commercial
protocols for archived tissues have improved feasibility, their performance still falls short of
fresh-frozen standards, which limits translational potential given the predominance of FFPE
repositories in clinical pathology [1, 66]. The integration of multiple molecular modalities
within the same section, although highly promising, is technically demanding. Iterative
cycles of staining, imaging, and sequencing can lead to tissue damage and signal loss,
while fluorophore crosstalk and probe chemistry limit the number of analytes that can be

assayed simultaneously. Consistently aligning transcriptomic, proteomic, and epigenomic
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signals across large tissue areas remains challenging, and current implementations often

require compromises between breadth of analytes, resolution, and tissue integrity [67].

Finally, computational challenges have become increasingly prominent as data complexity
escalates. High-resolution datasets generate enormous volumes of information, creating
bottlenecks in storage, preprocessing, and integration. Sparse capture at subcellular scales
complicates segmentation, clustering, deconvolution, and cell-cell communication analysis.
In addition, nonstandardized formats and pipelines hinder reproducibility and cross-study
comparability. Although graph-based and deep learning frameworks are emerging to
address these challenges, further progress is needed to ensure robustness, scalability,
and interpretability in real-world applications. The widespread adoption of spatial
transcriptomics is constrained by limitations in molecular capture, resolution—throughput
trade-offs, restricted tissue universality, technical barriers to multimodal integration, and
the growing computational burden [68]. Overcoming these obstacles through improved
chemistry, standardized protocols, and scalable analytical frameworks will be critical for

translating spatial data into reliable biological insight.

2.4 Spatial multi-omics integration

The complexity of biological systems cannot be fully captured by transcriptomics alone.
Cellular identity and function arise from multiple molecular processes, including tran-
scription, translation, chromatin regulation, and signaling. Consequently, integrating
spatial transcriptomics (ST) with additional molecular readouts—spatial multi-omics—has
emerged as a critical frontier for understanding tissue organization and disease mechanisms.

A summary of these representative technologies is provided in Table 2.4.

Tab. 2.4.: Spatial multi-omics integration technologies.

Category Modalities Representative Year Resolution Key Features Limitations
Platforms / Methods

Transcriptome +RNA + H&E / Histology-guided ST 2018— Tissue / cell Provides morphological ~Limited multiplexing; not

Morphology / IF overlays 2019  level and protein context for  simultaneous capture
Protein context transcriptomes

RNA + Protein RNA + Protein 10x Genomics 2022 Spotlevel Co-detection of RNA and High cost; technically
(co-detection) Visium CytAssist protein on the same slide demanding; limited datasets

using antibody assays
Sequencing-  RNA + Protein SM-Omics (Stdhl 2021  Spot level  Extends ST to proteomics Antibody-dependent;
based Lab, Sci Adv) via antibody-derived tags moderate resolution
multi-omics

Continued on next page
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Category Modalities Representative Year Resolution Key Features Limitations

Platforms / Methods
Imaging-based RNA + Protein NanoString CosMx 2022  Subcellular High-plex imaging: Signal loss from iterative
multi-omics SMI; 10x Genomics thousands of RNAs with cycles; fluorophore crosstalk
Xenium dozens of proteins
Spatial RNA + Spatial CUT&Tag; 2021- Spot/cell Maps chromatin Early-stage; limited datasets;
epigenomics  Chromatin Spatial ATAC-seq 2022 level occupancy or accessibility lack of standardization
alongside RNA
Functional RNA + Perturb-map 2021 Celllevel CRISPR-based Complex protocols; limited
perturbation  Perturbation  (Science) perturbation mapping scalability

across microenvironments

Lineage tracing RNA + Clonal Space-TREX (Cell) 2023 Celllevel  Spatially resolved lineage Requires sophisticated

barcodes tracing with barcoding  barcoding; still emerging
Translation-  RNA + Active RIBOmap (Nat 2022 Spot/cell Captures spatial Nascent approach; few
level profiling translation Methods) level distribution of active datasets available

protein synthesis

Early efforts combined RNA measurements with histological and immunofluorescence

imaging to contextualize transcriptomes within morphological and protein-level features.

More advanced approaches enabled the simultaneous detection of RNA and protein in
the same section. For example, sequencing-based methods such as SM-Omics [69]
extend ST to proteomics using antibody-derived tags, while the Visium CytAssist [70]
platform co-detects RNA and protein abundance on the same slide through antibody-based
workflows, though with high cost and technical complexity. Imaging-based platforms,
including CosMx SMI [71] and Xenium [72], allow subcellular profiling of thousands of
RNA species together with dozens of proteins. These technologies provide complementary
perspectives: transcriptomes reveal regulatory states, whereas proteins more directly reflect

cellular phenotypes and functions.

Beyond RNA—protein co-detection, spatial multi-omics now includes epigenomic modalities.

Extensions such as spatial CUT&Tag [73] and spatial ATAC-seq [74, 75] provide chromatin
occupancy and accessibility information within tissue context, linking regulatory landscapes
to spatially resolved transcriptional states. Other innovations combine ST with functional
perturbations or lineage tracing: CRISPR-based Perturb-map [76] quantifies perturbation
effects across microenvironments, while Space-TREX [77, 78]enables spatially resolved
clonal dynamics. At the translation level, RIBOmap [79] captures the spatial distribution
of active protein synthesis, extending multi-omics profiling beyond transcription and

chromatin regulation.

Despite these advances, substantial challenges remain. Technical limitations include signal

loss and tissue damage from iterative staining or sequencing cycles, fluorophore crosstalk
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that constrains multiplexing, and probe-efficiency variability that complicates cross-modal
comparisons. On the computational side, integrative frameworks are still evolving, with
ongoing work to harmonize data formats, standardize pipelines, and develop statistical
models for the joint analysis of RNA, protein, and epigenomic signals. Graph-based
approaches and deep learning are promising but raise concerns about reproducibility and

interpretability.

Looking forward, spatial multi-omics will play a central role in systems biology. By enabling
simultaneous characterization of transcriptional states, protein abundances, chromatin
organization, perturbation responses, lineage histories, and translation activity within
intact tissue architecture, these technologies offer unprecedented opportunities to decode
the molecular principles governing tissue function and disease progression. Importantly,
such developments align with the demand for predictive models that link RNA profiles to
protein abundances or other downstream phenotypes. A summary of these representative
technologies is provided in Table 2.4. In this thesis, the second project leverages CytAssist
datasets to develop and evaluate computational models for predicting protein abundance
from spatial RNA profiles, illustrating how analytical approaches can extend the reach of

spatial multi-omics when experimental data are costly or limited.

2.5 Statistical perspective on spatial transcriptomics data

Modern omics technologies—including bulk RNA sequencing, single-cell RNA sequencing
(scRNA-seq), and spatial transcriptomics—yield datasets where the number of features
(genes, etc.) far exceeds the number of observations (cells, spots, or samples). These datasets
are inherently high-dimensional, sparse, and comprised of count-based measurements
with heteroscedastic noise [80]. Such characteristics pose significant challenges for
traditional statistical inference, often leading to issues such as overfitting, unstable parameter
estimates, and difficulties in interpretation. Consequently, regularization strategies, low-
rank approximations, and dimensionality reduction techniques are essential for stable and
interpretable modeling [81, 82].

In scRNA-seq data, the problem of dropouts—instances where transcripts are undetected due
to technical limitations—is widespread. When coupled with batch effects and variability in
sequencing depth, this zero inflation distorts data distributions and undermines downstream
analyses, such as clustering and differential expression. While some methods explicitly

model zeros using zero-inflated distributions, in many modern UMI-based datasets
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simpler count models suffice given appropriate normalization [83]. It is therefore critical
to distinguish between technical zeros and genuine biological absence to ensure valid

interpretation [84].

Spatial transcriptomics retains these challenges while introducing additional complexity
through spatial structure. Expression measurements are collected at defined tissue
locations—often aggregating signals from multiple cells—leading to spatial correlation and
heterogeneity [85]. Therefore, statistical models for spatial transcriptomics must account for
both count characteristics and spatial dependencies. In many practical scenarios, standard
models augmented with spot-level covariates adequately describe most gene expression
patterns. Nevertheless, more sophisticated frameworks, such as spatial random effects
or Gaussian process models, are increasingly employed to capture fine-grained spatial

variations [86].

To manage the combined challenges of high dimensionality, sparsity, noise, and spatial
complexity, representation learning and deep learning methodologies have become popular.
These techniques enable automatic extraction of meaningful low-dimensional features,
data denoising, and multimodal integration. However, they also raise concerns regarding
model interpretability, robustness, and the imperative for rigorous evaluation protocols and
benchmarking [83, 87].

2.5 Statistical perspective on spatial transcriptomics data
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Literature Review

This chapter reviews computational strategies in spatial transcriptomics, focusing on
cell type deconvolution and inference of spatial protein abundance. It highlights key
methodological frameworks, experimental foundations, and future directions toward

integrative spatial omics.

3.1 Computational strategies for cell type decomposition in

spatial transcriptomics

Spatial transcriptomics (ST) technologies enable the quantification of mRNA expression
while preserving the spatial organization of cells within tissue sections, offering a unique
perspective for studying cellular identity and microenvironmental organization. At the tissue
scale, ST enables the discovery of novel transcriptional patterns and the reconstruction of
tissue-wide gene expression landscapes [88]. At a finer scale, it facilitates the investigation
of cell—cell interactions and the relationship between intracellular states and extracellular
environments, thereby advancing the understanding of cell function and disease mechanisms.
Current ST technologies can be broadly divided into two categories. Image-based
approaches, including in situ hybridization and in situ sequencing methods, provide high
spatial resolution at the subcellular level but remain limited by the number of profiled genes,
sensitivity, and technical complexity [89]. Sequencing-based approaches, in contrast,
capture barcoded mRNA with nongene-specific probes, enabling transcriptome-wide

profiling across diverse tissue types with greater scalability and accessibility.

Despite their transformative potential, sequencing-based ST technologies are constrained
by spot-level resolution, where each spot often contains mixtures of multiple cells and
blended cell types. This low resolution can obscure genuine transcriptional heterogeneity
and distort cellular-level reconstruction of tissue architectures [90]. To address this
challenge, computational strategies for cell type decomposition (also referred to as cellular
deconvolution) have been developed to infer the proportion of constituent cell types within
each spot. Accurate deconvolution not only refines the reconstruction of heterogeneous
tissues but also facilitates downstream analyses such as cell-cell communication, trajectory

inference, and disease characterization [91, 92, 93].
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Over the past five years, numerous computational methods for spatial deconvolution have
emerged, reflecting diverse methodological innovations. These methods can be broadly
divided into two groups [94]: reference-based approaches, which rely on single-cell
RNA sequencing (scRNA-seq) reference datasets, and reference-free approaches, which
operate without external references. Within reference-based approaches, methodological
categories include probabilistic models, nonnegative matrix factorization (NMF)-based
methods, graph-based approaches, deep learning frameworks, and optimal transport
formulations. Recently, regression-based methods have also been introduced, aiming
to provide efficient solutions particularly for high-resolution or single-cell spatial data.
Reference-free approaches, in parallel, have advanced through marker-based, latent factor,
and topic-modeling frameworks, expanding applicability to contexts where no suitable

scRNA-seq reference is available.

Representative methods across these categories are summarized in Table 3.1, highlighting
their underlying principles, implementation frameworks, and application scenarios. Rather
than benchmarking performance, this review emphasizes methodological distinctions,
discusses advantages and limitations, and outlines emerging trends for next-generation

deconvolution algorithms.

Tab. 3.1.: Overview of spatial transcriptomics deconvolution methods.

Method Year Category Reference type Implementation  Notes

stereoscope 2020 Probabilistic With scRNA-seq Python Bayesian hierarchical model; robust
but scalability to large datasets is
limited

RCTD 2020 Probabilistic With scRNA-seq R Provides high accuracy; sensitive to
reference bias and requires careful
normalization

DestVI 2021 Probabilistic With scRNA-seq  Python Captures continuous cell states; use-

ful for complex tissues but compu-
tationally intensive

STRIDE 2021 Probabilistic With scRNA-seq ~ Python Flexible application to diverse data;
adoption remains limited in practice
CARD 2021 Probabilistic With scRNA-seq R Incorporates spatial correlation; en-

hances biological plausibility but
increases complexity

SpatialDecon 2021  Probabilistic With scRNA-seq R Designed for immune-rich tissues;
robust to noise and widely applied
in immunology studies

cell2location 2021 Probabilistic With scRNA-seq  Python High accuracy in complex tissues;
computationally demanding and
GPU support recommended

SPOTlight 2020 NMF-based With scRNA-seq R Uses marker gene selection and
NMF; interpretable but depends on
curated marker panels

Continued on next page
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Method Year Category Reference type Implementation  Notes

NMFReg 2021 NMF-based With scRNA-seq R Combines regression and NMF; bal-
ances accuracy and interpretability
Spatial DWLS 2021 NMF-based With scRNA-seq R Incorporates DWLS weighting;

scales well to large datasets with
improved stability

DSTG 2020 Graph-based With scRNA-seq  Python Leverages cell graph structures; en-
hances accuracy in heterogeneous
microenvironments

SD? 2022  Graph-based With scRNA-seq  Python Integrates scRNA-seq and ST
graphs; improves resolution but re-
quires complex preprocessing

GraphST 2023  Graph-based With scRNA-seq  Python Employs graph attention with spa-
tial context; balances accuracy and
scalability

STdGCN 2024  Graph-based With scRNA-seq  Python Deep graph convolutional frame-
work; state-of-the-art spatial mod-
eling performance

Tangram 2021 Deep learning With scRNA-seq Python Aligns scRNA-seq with ST for near
single-cell resolution; effective but
resource-heavy

SpaOTsc 2020 Optimal transport ~ With scRNA-seq  Python Implements theoretical OT; in-
terpretable but sensitive to gene
dropout

NovoSpaRc 2021 Optimal transport ~ With scRNA-seq  Python Handles missing genes flexibly; suit-
able for developmental or perturbed
systems

Berglund et al. 2020 Reference-free No scRNA-seq R Early marker-based method; simple
but limited resolution

SpiceMix 2021 Reference-free No scRNA-seq Python Latent factor model; interpretable
with moderate scalability

STdeconvolve 2022  Reference-free No scRNA-seq R Uses topic modeling; effective for
unsupervised exploration of cell
types

SMART 2024  Reference-free No scRNA-seq Python Strong performance across bench-
marks; generalizable to diverse tis-
sues

STsisal 2025 Reference-free No scRNA-seq Python Scalable framework; actively de-
veloped with focus on large-scale
datasets

Redeconve 2023 Regression-based  Single-cell resolutionR Tailored for high-resolution ST; em-
phasizes cell-level precision

NLSDeconv 2025 Regression-based ~ With scRNA-seq  Python Lightweight regression model; effi-
cient and suitable for large datasets

3.1.1 General workflow of deconvolution approaches

The general workflow of deconvolution approaches in ST follows a structured pipeline
that integrates spatially resolved transcriptomic data with computational models to infer
cellular composition. As illustrated in Figure 3.1, the process begins with the acquisition

of two primary data types: ST data, consisting of gene expression profiles linked to

3.1 Computational strategies for cell type decomposition in spatial transcriptomics
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Spatial transcriptomics (ST) Single cell sequences (scRNA-seq)
spots x genes + coordinates cells x genes
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[ Data preprocessing ]
ST + scRNA-seq ¥ J ST
[ Reference-based model ] [ Reference-free model ]
v
Output
Spot x Cell-type proportion
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[ Visualization & Downstream analysis ]

Fig. 3.1.: General workflow for spatial transcriptomics deconvolution. ST data and optionally
scRNA-seq reference datasets undergo preprocessing (quality control, normalization,
batch correction, and feature selection). Depending on the availability of references,
deconvolution is performed using reference-based or reference-free models, resulting in
estimated cell type proportions across spatial spots that enable downstream analyses.

spatial coordinates at the spot level, and optionally, scRNA-seq data, which provides

high-resolution cell-type specific transcriptomic profiles.

Following data collection, preprocessing ensures data quality and compatibility across

modalities [95, 23]. Typical steps include:

* Quality control: Removal of low-quality spots or cells, filtering of genes with very

low expression, and exclusion of technical artifacts.

* Normalization: Transformation of raw counts into comparable expression levels

across samples and platforms (e.g., library size normalization, log-transformation).

* Batch correction: Adjustment for technical or biological batch effects between ST

sections or between ST and scRNA-seq datasets (e.g., Harmony, Seurat integration).
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 Feature selection: Identification of informative genes, such as highly variable genes
(HVGs), marker genes, or genes overlapping between ST and scRNA-seq datasets, to

reduce noise and computational burden.

* Dimensionality reduction (optional): Techniques such as PCA can project expres-

sion data into lower dimensions to stabilize downstream modeling.

Depending on the availability of scRNA-seq references, deconvolution models fall into two

broad categories [94]:

Reference-based models utilize scRNA-seq datasets as transcriptomic references. These
models map spot-level ST profiles to annotated single-cell profiles to estimate cell type
proportions. Their advantage lies in leveraging well-characterized cell-type signatures;
however, performance depends heavily on the quality and biological relevance of the

reference dataset.

Reference-free models, in contrast, rely solely on ST data to infer latent cellular components.
Typically, they employ unsupervised approaches such as matrix factorization or probabilistic
modeling to decompose spot-level expression into putative cell-type like profiles. While
reference-free approaches avoid reference biases, interpretability can be limited and

validation often requires external biological knowledge.

The primary output of both strategies is a matrix representing the estimated cell type
proportions across spatial spots. This quantitative cell type map refines tissue heterogeneity
and serves as a foundation for downstream analyses, including visualization of spatial orga-
nization, inference of cell-cell communication networks, reconstruction of developmental
or disease-related trajectories, and characterization of pathological microenvironments
[96].

Overall, this workflow underscores the central role of deconvolution in bridging spot-level
ST with cellular-level insights, enabling a more accurate understanding of tissue architecture
and function [97]. The following sections introduce representative deconvolution methods

in detail.

3.1 Computational strategies for cell type decomposition in spatial transcriptomics
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3.1.2 Reference-based deconvolution models

Reference-based models represent the mainstream computational strategies for ST [98].
These approaches leverage scRNA-seq datasets as high-resolution references to infer the
cellular composition of spatial spots. The core principle is to express each spot-level
transcriptomic profile as a weighted mixture of cell-type specific signatures derived from
scRNA-seq, with the weights corresponding to cell type proportions. By exploiting
single-cell resolution, these models decompose bulk-like spot expression into biologically
meaningful components, thereby refining tissue-level reconstruction. Their accuracy,
however, depends critically on the quality, depth, and representativeness of the reference

dataset.

Probabilistic models were among the earliest and remain widely adopted. Stereoscope
[99] applies a generative Bayesian model in which each spot is a probabilistic mixture of
reference-derived cell-type distributions, offering robustness but limited scalability. RCTD
[100] employs a regression-based probabilistic framework that achieves high accuracy
across diverse tissues, though it is sensitive to mismatched or incomplete references. DestVI
[101] extends these ideas with a variational autoencoder, uniquely capturing continuous
variation within cell types and accommodating intra-cell-type heterogeneity. CARD
[102] incorporates spatial priors to exploit neighborhood information, yielding smoother
deconvolution maps. SpatialDecon [103] is tailored to immune-oncology, proving useful in
dissecting tumor microenvironments. cell2location [104] employs a hierarchical Bayesian
framework for joint estimation across multiple tissue sections, achieving high-resolution
maps but with substantial computational demands often requiring GPU acceleration.
Collectively, probabilistic models demonstrate strong accuracy and versatility but are

computationally intensive and reliant on suitable references.

NMF-based methods provide an alternative, approximating spot-level profiles as nonnega-
tive linear combinations of cell-type signatures. SPOTlight [105] combines NMF with
marker gene regression, producing interpretable results where each component corresponds
to a reference-derived cell type. Its reliance on curated marker sets, however, can introduce
subjectivity. NMFReg [49] integrates regression with NMF to improve stability, while
SpatialDWLS [106] adapts dampened weighted least squares (DWLS) [107] for improved
scalability. These approaches are computationally efficient and accessible, but they may
oversimplify cellular variability and are less effective at capturing rare or transitional

populations compared to probabilistic models.
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Graph-based methods capture structural information inherent in both scRNA-seq and
ST data. DSTG [108] introduced a graph neural network (GNN) that models similarity
between spatial spots and reference single cells for semi-supervised learning. SD? [109]
integrates graphs constructed separately from scRNA-seq and ST to improve robustness
across modalities. GraphST [61] employs graph attention mechanisms to adaptively weigh
neighborhood information, enhancing modeling of local context. The more recent STAGCN
[62] incorporates spatial constraints into a deep GCN, providing state-of-the-art performance
but at increased computational cost. Graph-based approaches are particularly valuable
when tissue architecture is critical, though they remain sensitive to graph construction and

parameterization.

Deep learning frameworks have also been applied, with Tangram [110] being a prominent
example. Tangram formulates mapping between scRNA-seq and ST data as an optimization
problem, assigning single-cell profiles to spatial coordinates to best reconstruct observed
spot-level expression. This strategy achieves near single-cell resolution and can integrate
multimodal data, such as imaging or proteomics. However, Tangram requires substantial
computational resources and is prone to overfitting if the reference does not closely match

the target tissue.

Optimal transport (OT) formulations provide a mathematically principled alternative.
SpaOTsc [111] and NovoSpaRc [112] align scRNA-seq and ST distributions by minimizing
transport costs under biological constraints. SpaOTsc emphasizes single-cell resolution
alignment, whereas NovoSpaRc flexibly handles missing genes and partial overlaps. While
elegant in theory, OT methods are computationally demanding and sensitive to parameter

tuning, limiting their utility for very large datasets.

In summary, reference-based methods have substantially advanced the resolution and
interpretability of ST. Probabilistic models dominate current applications due to their
accuracy and flexibility, NMF-based methods emphasize efficiency and interpretability,
graph-based and deep learning approaches highlight the integration of spatial context and
multimodal data, and OT frameworks offer theoretical rigor. Their limitations—dependency
on reference quality, sensitivity to batch effects, and computational burden—motivate
future developments in scalability, multimodal integration, and more robust use of multiple

references.

3.1 Computational strategies for cell type decomposition in spatial transcriptomics
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3.1.3 Reference-free deconvolution models

Reference-free models rely solely on ST data without requiring scRNA-seq references
[113]. These methods aim to infer latent cellular components directly from spot-level
expression, decomposing observed profiles into a set of underlying signatures and pro-
portions. Their main motivation is independence from external references, which may be
unavailable, incomplete, or biologically mismatched. However, validation is challenging,

and interpretability often requires post hoc annotation with marker genes.

Early work by Berglund et al. [114] demonstrated a marker-based approach, using predefined
marker sets to assign cell type composition without references. While conceptually simple,
this method is limited by the need for curated marker lists and cannot easily capture novel

or subtle states.

Subsequent approaches introduced statistical frameworks. SpiceMix [115] employs a
latent factor model, representing spot-level expression as mixtures of hidden components
with spatial regularization to improve biological plausibility. STdeconvolve [116] extends
this idea with a topic-modeling approach based on latent Dirichlet allocation, treating
spots as mixtures of topics that correspond to latent programs. These methods enable
unsupervised discovery of cell-type like profiles, though interpretation still requires external

knowledge.

Recent developments have improved scalability and accuracy. SMART [117] integrates
matrix factorization with spatial regularization, achieving accuracy comparable to some
reference-based methods. STsisal [118] introduces an efficient algorithm capable of
decomposing tens of thousands of spots, enabling application to large tissues and clinical

samples.

Overall, reference-free models provide flexibility, independence from external bias, and
the capacity to reveal novel or tissue-specific populations absent from reference datasets.
Remaining challenges include interpretability, hyperparameter sensitivity, and lack of
direct ground truth. Promising directions include combining reference-free models with
marker-based annotation, integrating multimodal data, and developing hybrid frameworks

that flexibly incorporate reference information when available.
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3.1.4 Emerging regression-based approaches

In addition to probabilistic, factorization, graph-based, and reference-free frameworks, a
new category of regression-based approaches has emerged for ST deconvolution. These
methods directly model the relationship between spot-level expression and candidate cell-
type signatures using regression formulations, aiming for a balance between interpretability,
computational efficiency, and accuracy. By exploiting the linearity of mixtures, regression-
based models provide simple yet effective strategies that are attractive for large-scale and

practical applications.

Redeconve [119] illustrates this trend, designed for high-resolution ST platforms approach-
ing single-cell granularity. Unlike most methods assuming mixed spots, Redeconve applies
a regression framework directly linking local expression to cell type abundances. Its main
strengths are conceptual simplicity and computational tractability, though its reliance on
high-resolution input limits broader applicability.

NLSDeconv [120] employs nonlinear least-squares regression with regularization, offering a
lightweight and efficient solution for reference-based deconvolution. It achieves competitive
accuracy while maintaining scalability, making it suitable for large datasets and resource-
constrained settings.

In conclusion, these regression-based approaches highlight renewed interest in accessible,
efficient, and interpretable deconvolution models. Their limitations include reliance on
linear assumptions, reduced flexibility in modeling complex states, and limited validation
across diverse contexts. Nevertheless, they represent promising complements to more

complex frameworks, particularly for clinical and translational applications.

3.1.5 Comparative evaluation and future perspectives

The current landscape of ST deconvolution demonstrates a diversity of strategies, each with
distinct strengths and limitations. Reference-based models remain the most widely applied,
leveraging scRNA-seq references to infer cell type proportions with high accuracy and
interpretability. They are particularly effective when comprehensive and context-matched
references are available, enabling fine-grained reconstruction and downstream analyses such
as cell-cell communication and microenvironmental characterization. Their limitations
include dependence on reference quality, susceptibility to batch effects, and computational

burden in large datasets.

3.1 Computational strategies for cell type decomposition in spatial transcriptomics
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Reference-free models offer an alternative when suitable references are unavailable. By
relying solely on ST data, they avoid reference bias and enable discovery of novel or tissue-
specific components. Their data-driven flexibility makes them valuable for exploratory

analysis, yet interpretability and validation remain significant challenges.

Regression-based models emphasize simplicity and computational efficiency. By framing
deconvolution as a regression problem, they are transparent, scalable, and accessible,
providing practical solutions for large-scale or clinical applications. Their reliance on linear
assumptions, however, constrains their flexibility in capturing complex transcriptional

programs.

Future directions include hybrid models that integrate reference-based and reference-free
strategies, adaptive use of reference information, and multimodal integration (e.g., spatial
proteomics or imaging). Advances in scalability and computational efficiency will be
critical for clinical translation, while rigorous benchmarking across tissues and platforms

remains essential for establishing best practices.

In summary, deconvolution methods have made substantial progress in bridging the gap
between spot-level ST and cellular-level resolution. Reference-based models dominate
current practice, reference-free approaches provide unique opportunities for discovery,
and regression-based methods emphasize accessibility and efficiency. Together, these
complementary strategies advance the development of more comprehensive, interpretable,

and practical frameworks for dissecting cellular heterogeneity in spatial transcriptomics.

3.2 Inferring spatial protein abundance from transcriptomic

profiles

In multicellular systems, cellular behavior is profoundly influenced by spatial context,
where local microenvironments determine how cells interact, differentiate, and respond
to perturbations. Spatial transcriptomics (ST) has provided transformative insights by
enabling high-throughput mRNA profiling while preserving tissue architecture. These
advances have facilitated the discovery of gene expression patterns, the identification
of spatially distinct cellular niches, and the reconstruction of tissue-level organization.
Nevertheless, transcriptomic measurements alone are insufficient to capture the full
spectrum of cellular functionality, as proteins represent the primary effectors of biological
processes [121, 122].
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Proteins play essential roles in regulating signaling cascades, mediating metabolic pathways,
and maintaining structural integrity, thereby directly linking molecular states to cellular
phenotypes [123, 124]. A growing body of evidence demonstrates that mRNA abundance
only partially explains protein expression, with weak correlation observed at the single-cell
level for many genes. This discordance arises from multiple biological and technical factors,
including post-transcriptional regulation, variable translational efficiency, protein turnover,
and stochastic noise in RNA processing and measurement. Moreover, temporal delays
between transcription and translation further contribute to discrepancies between RNA
and protein abundance [125]. As a result, mRNA readouts often provide an incomplete

representation of the proteomic landscape within tissues.

Although several experimental technologies have been developed to directly measure spatial
protein expression, they are constrained by substantial challenges [126, 127]. Imaging-
based multiplexed assays are typically limited by antibody availability and panel size, while
sequencing-based multi-omics methods remain technically demanding. Both categories
of approaches are often associated with high costs and limited scalability, restricting
their application in large-scale or routine studies. Consequently, the majority of spatial
studies continue to rely exclusively on RNA measurements. Given these limitations,
inferring spatial protein abundance from transcriptomic profiles has emerged as a critical
research direction. Computational frameworks capable of predicting protein distributions
from ST data offer the potential to complement experimental assays, extend the utility of
transcript-centric datasets, and generate a more comprehensive view of tissue physiology.
By bridging RNA and protein modalities, such approaches can facilitate deeper insights into
cell-cell communication, disease mechanisms, and therapeutic response within spatially

organized biological systems.

3.2.1 Experimental platforms enabling paired RNA—protein

measurements

A range of experimental technologies has been established to measure RNA and proteins
simultaneously in intact tissues, providing essential multimodal information for under-
standing cell states in spatial contexts. These methods differ in their underlying principles,
resolution, scalability, and accessibility, and they collectively form the experimental foun-
dation for computational inference of protein abundance from transcriptomic data. A

comparative overview is presented in Table 3.2.

3.2 Inferring spatial protein abundance from transcriptomic profiles
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Tab. 3.2.: Overview of experimental platforms enabling paired RNA—protein spatial profiling.

Method Year Category Principle Notes
CODEX 2019 Imaging-based Cyclic antibody staining with DNA barcodes High multiplexing; subcellular resolution; lim-
ited by antibody panel size and high technical
complexity
MIBI 2020 Imaging-based Secondary ion mass spectrometry with isotopeHigh-resolution proteomic imaging; expensive
tagged antibodies instrumentation; limited throughput
CosMx 2022 Imaging-based Multiplexed fluorescence in situ hybridizationSingle-cell resolution; commercial availability;
with antibody conjugates restricted panel size and high cost
SPOTS 2020 Sequencing- Oligo-tagged antibodies combined with spatialJoint RNA—protein sequencing; requires custom
based barcoding for RNA and proteins microfluidics; limited adoption
SM-Omics 2020 Sequencing- Integration of transcriptome sequencing andFlexible multi-omic profiling; constrained by
based antibody-derived tags antibody availability; technically demanding
Spatial-CITE-seq 2021 Sequencing- Spatial barcoding of RNA and antibodyExtends CITE-seq to spatial domain; scalable
based derived tags in tissue in principle; limited accessibility
Stereo-CITE-seq 2023 Sequencing- High-density spatial barcoding chip capturingHigh spatial resolution; large field of view; tech-
based RNA and antibody tags nically demanding
Visium CytAssist 2022 Commercial plat-Tissue transfer onto Visium slides with whole-Standardized workflow; scalable and widely
form transcriptome RNA + targeted antibody—oligoaccessible; limited protein panel and coarse
panels spot resolution

3.2.1.1 Imaging-based multiplexed spatial proteomics

Imaging-based approaches achieve direct protein detection through antibody labeling
combined with high-resolution microscopy or ion-based readout, offering single-cell to
subcellular resolution of tissue architecture. Among these, CODEX (CO-Detection by
indEXing) [128, 129] employs DNA-barcoded antibodies in iterative cycles of hybridiza-
tion, imaging, and stripping, enabling detection of dozens to more than one hundred
proteins within the same section. Similarly, MIBI (Multiplexed Ion Beam Imaging)
[130, 131] conjugates antibodies to isotopically pure metal reporters and visualizes them
via secondary ion mass spectrometry, thereby circumventing the spectral overlap inherent
to fluorescence-based techniques and achieving high multiplexing capacity with spatial
resolution approaching 200 nm. These methods collectively provide unparalleled reso-
lution and the ability to interrogate spatial proteomes with great detail. However, their
utility is constrained by the dependence on validated antibody panels, potential artifacts
from non-specific binding, and substantial technical and cost barriers. CODEX requires
iterative imaging cycles and careful panel design, while MIBI demands highly specialized
instrumentation with limited throughput. As a result, despite their power, imaging-based
multiplexed proteomics remains most suitable for focused studies rather than large-scale or

routine applications.
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3.2.1.2 Sequencing-based spatial multi-omics

In parallel, sequencing-based methods extend CITE-seq principles into spatial contexts
by coupling transcriptome profiling with antibody-derived oligonucleotide tags (ADTs).
SPOTS (Spatial Protein and Transcriptome Sequencing) [132] pioneered this direction by
integrating barcoded antibodies into spatial transcriptomic workflows, thereby enabling
concurrent RNA and protein detection in fixed tissue sections. Building on this, SM-Omics
[69] introduced refined library preparation strategies that improved capture efficiency and

enhanced compatibility with multiple molecular layers.

Subsequent developments have further increased resolution and scalability. Spatial-CITE-
seq [133] employed spatial barcodes to assign RNA and protein reads to defined tissue
regions, thus markedly improving multiplexing capacity compared to imaging-based
platforms. Stereo-CITE-seq [134] advanced this further through the use of high-density
barcoding chips, achieving finer spatial resolution and a broader field of view, thereby
approaching single-cell granularity across large tissue areas. Despite these advantages,
sequencing-based approaches require complex microfluidic systems or custom chip designs,
remain dependent on antibody panel availability, and are largely confined to specialized

laboratories with the requisite technical expertise.

3.2.1.3 Commercial platforms for integrated RNA—protein profiling

Commercial solutions have sought to balance accessibility with performance. CosMx [71],
developed by NanoString, provides highly multiplexed single-cell spatial profiling of both
RNA and proteins through fluorescence imaging of oligonucleotide-conjugated antibodies.
It offers high resolution and seamless integration with histopathological analysis, yet panel
sizes remain restricted and operational costs are considerable. More broadly, imaging-based
commercial platforms excel in resolution and visualization but face challenges in scalability
and affordability.

In contrast, 10x Genomics Visium CytAssist [70] has emerged as the most widely adopted
commercial solution for integrated RNA—protein profiling. CytAssist enables tissue transfer
onto Visium slides, which allow unbiased whole-transcriptome capture in conjunction with
antibody—oligonucleotide conjugates targeting selected proteins. The platform provides a
standardized workflow, reproducibility, and an expanding repository of publicly available
paired RNA—protein datasets. Nonetheless, its resolution is limited to spot level—each

spot typically encompassing multiple cells—and protein panel sizes remain relatively small

3.2 Inferring spatial protein abundance from transcriptomic profiles
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compared to the breadth of the proteome. Despite these limitations, CytAssist currently
represents the most accessible and scalable option, and its datasets have become critical

benchmarks for computational method development.

3.2.2 Computational Strategies for Protein Inference

Although experimental technologies have enabled simultaneous measurement of RNA and
proteins in situ, they remain costly, technically demanding, and limited in throughput. As a
result, computational methods that infer protein abundance from transcriptomic profiles
have gained increasing attention. These approaches can be grouped into three categories:
image-based virtual staining methods, single-cell RNA—protein prediction models, and
spatial transcriptomics-specific inference frameworks. Each category reflects a distinct

strategy for leveraging available data to approximate proteomic information.

3.2.2.1 Image-Based Virtual Staining Approaches

In the imaging domain, deep learning models have been employed to computationally
predict protein marker distributions from hematoxylin and eosin (H&E) stained tissue
sections. These methods are conceptually analogous to image-to-image translation, where
H&E morphology serves as input and protein stains are the output. Early work focused on
predicting single protein markers, while more recent frameworks, such as Multi-V-Stain
[135], have demonstrated the ability to predict multiple markers jointly, thereby preserving
spatial coherence and improving biological relevance. These approaches highlight the
feasibility of replacing expensive immunohistochemistry or immunofluorescence assays
with virtual staining, potentially enabling large-scale proteomic mapping from routine
histology slides. However, such methods are inherently morphology-driven and cannot
exploit transcriptomic signals. Consequently, they are not directly applicable to ST data,
where RNA information provides complementary insights into cellular states and regulatory

processes.

3.2.2.2 Single-Cell RNA-Protein Prediction Models

The advent of multimodal single-cell technologies, such as CITE-seq and REAP-seq, has
stimulated the development of computational approaches that learn systematic relationships
between transcriptomic and proteomic layers. A central goal of these models is to impute
protein abundance from RNA profiles, thereby extending the utility of scRNA-seq datasets.
Several strategies have emerged to address this task. Neural network—based methods,
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exemplified by cTP-net [136], achieve strong predictive performance by directly mapping
high-dimensional transcriptomes to corresponding protein levels. Complementary to
this, gene set testing approaches such as STREAK [137] emphasize interpretability by
linking receptor abundance to biologically coherent gene modules, while embedding-based
frameworks like sciPENN [138] introduce latent protein representations that facilitate
flexible downstream applications. In parallel, regression and ensemble-based strategies,
including scLinear [139] and SPIDER [140], provide computationally efficient alternatives

that balance scalability with competitive accuracy.

These methods illustrate the feasibility of predicting protein expression from single-cell
transcriptomes and have highlighted the extent to which post-transcriptional regulation
modulates RNA—protein concordance. Importantly, however, they remain intrinsically
cell-centric, neglecting the spatial context that shapes protein abundance in tissues. As
such, while these models represent important methodological advances in single-cell
analysis, their direct applicability to spatial transcriptomic data is limited without explicit

incorporation of microenvironmental information.

3.2.2.3 Spatial Transcriptomics-Oriented Inference Frameworks

To overcome the limitations of cell-centric approaches, computational methods tailored
specifically to spatial transcriptomics have recently emerged. Among them, the Dual-
Graph Attention Network (DGAT) [141] represents an important proof of concept. DGAT
constructs two complementary graphs: a molecular graph based on transcriptomic similarity
across spots, and a spatial graph encoding tissue topology and neighborhood relationships.
Through dual attention mechanisms, DGAT adaptively weights contributions from both
graphs, allowing simultaneous propagation of molecular and spatial information. This
design enables the model to predict protein distributions that are not only transcriptomically

informed but also spatially coherent.

Benchmarking studies have shown that DGAT outperforms conventional baselines, includ-
ing linear regression models, multilayer perceptrons, and standard graph neural networks,
both in terms of prediction accuracy and in capturing biologically relevant spatial patterns.
Despite these advances, current ST-specific frameworks face several challenges. First, their
evaluation has been limited to a small number of publicly available paired RNA—protein ST
datasets, raising concerns about their generalizability. Second, reliance on deep learning
architectures introduces issues of interpretability, making it difficult to disentangle bio-

logical drivers from model artifacts. Third, the scarcity of large-scale multi-omic training

3.2 Inferring spatial protein abundance from transcriptomic profiles
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data restricts the ability of such methods to generalize across tissue types and experimental

conditions.

Nonetheless, these computational strategies underscore the potential of integrative modeling
to augment transcriptomic datasets with proteomic information. They highlight the
importance of combining molecular signals with spatial context to achieve biologically
meaningful predictions of protein abundance, while also illustrating the methodological

and data-related challenges that remain to be addressed.

3.2.3 Current Challenges and Future Directions

Although considerable progress has been made in linking transcriptomic and proteomic
information within spatial contexts, several persistent challenges continue to constrain
both experimental and computational advances. A major limitation is the scarcity of large,
high-quality paired RNA—protein spatial datasets. Existing resources typically encompass
a limited number of proteins, are generated from restricted tissue types, and often vary in
protocols, antibody panels, or preprocessing pipelines, complicating reproducibility and
cross-study benchmarking. Expanding the availability of standardized multimodal datasets
will therefore be essential to enable robust evaluation and improve the generalizability of

computational frameworks.

Experimental platforms themselves also present significant barriers. Despite differences in
design, most current methods share common limitations of high cost, technical complexity,
and restricted antibody coverage, which together hinder scalability and routine applica-
tion. Even commercial solutions such as CosMx and CytAssist, while providing greater
accessibility and standardization, remain constrained in panel size and resolution. These
shared constraints underscore why computational strategies are needed to complement
experimental assays, extending the reach of transcript-centric datasets toward proteomic

insights.

Beyond technical limitations, the biological complexity of RNA—protein relationships
further complicates inference. Weak correlation between transcript and protein abundance
arises from layers of regulation including mRNA stability, translational efficiency, protein
turnover, and modulation by local microenvironments such as paracrine signaling and ex-
tracellular matrix interactions. These processes introduce nonlinear and context-dependent

dynamics that cannot be fully captured by direct statistical mappings from RNA to protein.
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Computational methods must therefore move beyond simple regression and incorporate

biological priors or spatial context to capture these relationships more faithfully.

On the modeling side, questions of generalizability and interpretability remain pressing.
Methods trained on specific tissues or experimental platforms often show reduced perfor-
mance when applied to new datasets, reflecting sensitivity to both biological heterogeneity
and technical noise. Furthermore, many of the most accurate frameworks rely on deep
learning architectures, which, despite strong predictive power, function largely as black
boxes and limit the extraction of mechanistic insights. Enhancing interpretability and
ensuring transferability across tissues and conditions will be critical for building trust and

broadening translational relevance.

Looking forward, several directions hold promise for advancing the field. The systematic
generation and sharing of large-scale, multimodal datasets will provide the foundation
for benchmarking and cross-tissue validation. Advances in machine learning, particularly
interpretable graph-based and probabilistic approaches, may help bridge transcriptomic
and spatial information while offering greater transparency. Hybrid strategies that combine
limited experimental protein measurements with computational inference could alleviate
cost barriers, while integrative frameworks that incorporate additional modalities such
as histology, chromatin accessibility, or epigenetic states may yield richer biological
insights. Ultimately, the maturation of computational spatial proteomics will depend not
only on methodological innovation but also on integration into translational pipelines. By
enabling therapy response prediction, spatial biomarker discovery, and detailed dissection
of microenvironmental signaling, these frameworks have the potential to transform both

basic biology and clinical research.

3.3 Conclusion

Spatial transcriptomics has transformed the study of tissue organization by enabling the
measurement of gene expression within its native spatial context. However, the spot-level
resolution of sequencing-based platforms necessitates computational deconvolution, while
the limited coverage of proteomic assays has motivated inference of protein abundance
from transcriptomic data. Together, these two methodological frontiers represent com-
plementary strategies for bridging the gap between molecular readouts and cellular-level
understanding. Deconvolution methods in spatial transcriptomics have evolved rapidly,

encompassing a diverse array of computational frameworks, including probabilistic models,

3.3 Conclusion
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matrix factorization techniques, graph-based approaches, deep learning architectures,
and regression-based strategies. Each approach carries unique strengths and limitations,

underscoring the need for hybrid frameworks that adaptively integrate multiple strategies.

At the same time, computational protein inference has emerged as a critical complement to
RNA-centric analyses. While experimental platforms have enabled paired RNA—protein
measurements, they remain constrained by cost, scalability, and antibody availability.
Computational frameworks—ranging from image-based virtual staining, to single-cell
RNA-protein mapping, to spatially aware deep learning models—aim to overcome these
limitations. However, challenges persist in interpretability, generalizability, and data
scarcity, highlighting the importance of generating standardized multimodal benchmarks

and developing biologically informed algorithms.

In the future, progress will depend on three key directions: (i) systematic expansion of large-
scale multimodal datasets that enable robust cross-tissue benchmarking, (ii) methodological
innovation that balances predictive performance with interpretability and scalability, and
(ii1) integration of deconvolution and protein inference into translational pipelines for
biomarker discovery, therapy response prediction, and clinical diagnostics. By advancing
computational frameworks that bridge RNA and protein modalities while resolving cellular
heterogeneity, the field is poised to deliver deeper mechanistic insights into tissue biology
and disease.
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A Cluster-Based Cell-Type 4
Deconvolution of Spatial

Transcriptomic Data

This chapter is based on the peer-reviewed article first-authored by Qingyue Wang, titled
“DECLUST: A Framework for Cell Type Decomposition in Spatial Transcriptomics”,
published in Nucleic Acids Research by Oxford University Press. The study presents a novel
computational framework to estimate cell type composition from spatial transcriptomics
data, addressing key challenges in resolution, interpretability, and benchmarking. The
inclusion of this work reflects its central contribution to the thesis, both methodologically
and conceptually. The content is reproduced under the terms of the Creative Commons
Attribution (CC BY) license, with minor formatting adjustments to comply with thesis

requirements.

Abstract

Spatial transcriptomics (ST) has emerged as an efficient technology for mapping gene

expression within tissue sections, offering informative spatial context for gene activities.

However, most current ST techniques suffer from low spatial resolution, where each
spatial location often contains cells of various types. Deconvolution methods are used to
resolve the cell mixture within the spots, but conventional approaches rely on spot-by-spot
analyses, which are limited by low gene expression levels and disregard spatial relationships
between spots, ultimately reducing performance. Here, we introduce DECLUST, a
cluster-based deconvolution method to accurately estimate the cell-type composition in
ST data. The method identifies spatial clusters of spots using both gene expression and
spatial coordinates, hence preserving the spatial structure of the tissue. Deconvolution is
subsequently performed on the aggregated gene expression of individual clusters, mitigating
the challenges associated with low expression levels in individual spots. We evaluate
DECLUST on simulated ST datasets from a human breast cancer tissue and two real ST
datasets from human ovarian cancer and mouse brain. We compare DECLUST to current
methods including CARD, GraphST, Cell2location, and Tangram. The results indicate
that DECLUST not only maintains the spatial integrity of tissues but also outperforms
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existing methods in terms of robustness and accuracy. In conclusion, DECLUST provides

an effective and reliable approach for identifying cell-type compositions in ST data.

4.1 Introduction

Spatial transcriptomics (ST) enables the acquisition of transcriptome data while preserving
the spatial context of cells within tissues, providing novel insights into cellular organization
and micro-environmental interactions [142, 143, 85]. ST technologies can be broadly
categorized into two main types: image-based and RNA-capture-based approaches. Image-
based methods, such as in situ hybridization (ISH) [144, 145], single-molecule FISH
(smFISH) [146], multiplexed error-robust fluorescence in situ hybridization (MERFISH)
[44], and fluorescent in situ sequencing (FISSEQ) [29], provide subcellular resolution and
enable direct visualization of individual mRNA molecules with high sensitivity. These
methods are widely regarded as the gold standard for mRNA quantification. However,
these methods are low throughput and the data analysis is complex and challenging. Their
application is constrained by the relatively small number of genes, low sensitivity in mRNA
detection, and labor-intensive protocols. In contrast, RNA-capture-based methods, such as
laser capture microdissection combined with RNA sequencing (LCM + RNA-seq) [147] and
array-based platforms like 10x Visium [25], allow for transcriptome-wide profiling across
large tissue areas. These methods rely on spatial barcoding and next-generation sequencing
to capture gene expression information, offering scalability and broader coverage compared
to image-based techniques. However, they are limited by lower spatial resolution, as each
capture spot typically contains multiple cells from different cell types [94], complicating the
interpretation of cellular heterogeneity and intercellular interactions. The information of
cell-type composition at spot level can improve the interpretation of intercellular interactions
and support reconstructing the comprehensive landscape of cellular heterogeneity in tissues.
This issue can be resolved by cell-type deconvolution based on the gene expression of

spots.

Recent cell-type deconvolution methods can be broadly categorized into three main
groups: 1) Probabilistic-based methods, which explicitly parameterize data distributions
and utilize probability-based inference (e.g. Cell2location [104], RCTD [100], STRIDE
[148], stereoscope [99]); 2) Matrix Factorization-based methods, which use techniques
such as non-negative matrix factorization (NMF) and non-negative least squares (NNLS) to
infer spot composition (e.g. CARD [102], SPOTlight [105], NMFreg [49], SpatiaDWLS
[106]); 3) Machine Learning-based methods, which apply machine learning models to
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estimate cell-type composition (e.g. Tangram [110], GraphST [61]). Most deconvolution
models do not adequately utilize the spatial information inherent in spatial transcriptomic
data, thus limiting their accuracy. Some methods such as CARD and GraphST incorporate
spatial information in their models, however they primarily perform deconvolution at the
individual spots where inherently low gene expression levels in individual spots in ST data

substantially decrease the performance of decomposition methods.

To address these challenges, we developed DECLUST, a cluster-based cell-type deconvolu-
tion method with a motivation that deconvolution could be more effective when applied to
aggregated gene expression from groups of similar spots, where the signal is inherently
stronger. DECLUST identifies spatial clusters of spots by integrating both gene expression
profiles and spatial coordinates to preserve the spatial structure of the tissue. Deconvolution
is then applied to the aggregated gene expression within each cluster, which overcomes the

problem of low expression levels in individual spots.

We compared the performance of DECLUST with four other advanced cell-type deconvo-
lution methods including CARD [102], GraphST [61], Cell2location [104], and Tangram
[110]. These methods were selected because of their strong performance in previous
benchmarking studies and their frequent use in the recent literature. By including a diverse
range of top-performing approaches, we provide a comprehensive comparison across

different modeling strategies using both simulated and real datasets.

4.2 Materials and methods

4.2.1 DECLUST pipeline

Figure 4.1 illustrates the DECLUST workflow, from the data input including ST data
and reference scRNA-seq data to the final output of estimated cell-type proportions for
individual spots in the ST data. The ST dataset consists of n spots, each has a vector of
expressions of g, genes and a 2-dimensional coordinate presenting the spatial location
of the spot in the tissue image. We denote the gene expression matrix of the ST dataset
as X (n X gn), including n rows of spots and g, columns of genes. The scRNA-seq data
contains a gene expression matrix, denoted as Z, including m cells and g, genes. The cells
are pre-annotated to belong to k distinct cell-types. We retain the top 5,000 most variable
genes from each dataset, and the overlapping gene set (g genes) is kept for downstream

analysis.

4.2 Materials and methods

45



46

a/ Spatial transcriptomics data \ b/ Clustering \ C/ Pseudo Bulk Gene Profile \
GenelGene2Gene3 - Gene(g,)

Genel Gene2Gene3 - Gene(g)
spot [ spots | x|
* Cluster 1 Cluster 1
Spot2 m x1 y-1 Cluster 2
® s, x2 2 <Quitara || Olster? ~
s ® Cluster 5
Spot 3 X (n by .Gn) x3 y-3 Cluster 3 X ‘h b
o T
Cluster 4
B o
Spotm Cluster 5
Tissue Spots Gene Expression Spots Coordinates
sCRNA-seq Data (Ref) Marker Gene Selection Cell Type Gene Profile
GenelGene2Gene3 - Gene(gy) % GenelGene2Gene3 - Gene(q)
Cell1 2 - |
Cell 2 g ||
LK | ms.eee — % -
a0 0 s @
Cell 3 Z(m by gm) I < Marker gene L Z (k by g)
-30 8 ‘ p
-30 20 -10 0 10 20 30 5 = .
Cellm t-SNE1 3 ‘ ®
\ & /
K Single Cell Gene Profile Single Cell Annotation / 3 = \ /
f e d
/ Cell Type Proportion on Spots \ @II Type Proportion on Clusteh /Clustering-based deconvolution method for spatial transcriptome data \
. " @ . . A ) . X*[1] = Y112[1] + Yuz[z] + .t Y1k2[k]
Spott Clustert . . X*[h] = YuaZ[1] + Yi2[2] + ... + Y2 [K]
Spot2 Cluster2 . . k /
For satisfied: Z Ypi = 1;Yy; 2 0,Vh, Vi
Spot3 ?(n by k) Cluster3 E‘ by k) . =i
o _ [Yhis if Y 20,
ousers | [ || Non-negative ™~ | 0,ifYw <0
on-negative hi 8
SpotN Cluster5 . . Constraint i _ _Yhi
hi = $k 4
/ \_ Y /

Fig. 4.1.: Overview of the DECLUST method. This flowchart illustrates the DECLUST for
cell-type deconvolution from spatial transcriptomics data. (a) Input data of DECLUST
consisting of spatial transcriptomics (ST) data and single-cell RNA sequencing (scRNA-
seq) data derived from the same tissue sample for reference. (b) Data preprocessing
involving two primary tasks: i) clustering spots of the ST data to identify spatial clusters,
simultaneously considering both gene expression and spatial information, and ii) selecting
cell-type-specific marker genes from the scRNA-seq data using a two-statistic method.
(c) Preparation of gene profile matrices for deconvolution, including i) a pseudo-bulk
gene profile matrix for the identified clusters and ii) a cell-type gene profile matrix for the
cell-type-specific marker genes. (d) Deconvolution algorithm: the ordinary least squares
(OLS) method with a non-negative constraint is employed to estimate the composition
of cell-types within each spatial cluster. (e) Cluster-level cell-type proportion matrix
which is the output of the deconvolution step. (f) Spot-level cell-type proportion matrix
which is derived from the cluster-level cell-type proportion matrix.

In the subsequent step, DECLUST deploys a clustering method to identify spatial clusters
of spots from the ST data and a two-statistic approach to discover marker genes of each
cell-type before applying the ordinary least squares (OLS) algorithm with a non-negative
constraint for deconvolution to predict cell-type proportions. The details of these steps will

be described in the following sections.
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4.2.1.1 Identification of spatial clusters of spots from ST data

This section will present an approach to identify spatial groups of spots based on both gene

expression and spatial information, as depicted in Figure 4.2.

Within sum of squares (WCSS)
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Overview of the proposed clustering approach of DECLUST. (a) The tissue images
and the corresponding under-tissue spots are shown, serving as the starting spot for the
analysis. (b) Hierarchical clustering is applied to the gene expression data to generate
initial clusters, with the optimal number of clusters determined using the elbow method,
as demonstrated by the within-cluster sum of squares (WCSS) plot. (¢c) DBSCAN
(density-based spatial clustering of applications with noise) is applied to the initial
clusters to identify spatial sub-clusters and outliers. (d) The seeded region growing
(SRG) algorithm is used to refine the clusters, taking into account both gene expression
similarity and spatial proximity of spots. Seeds are selected based on sub-cluster size
and input into the SRG to finalize spot clusters, producing a segmentation that integrates
both spatial and gene expression features.

Particularly, this method starts with applying the classical hierarchical clustering on gene

expression to obtain initial spot clusters. Although the clusters derived based on gene

expression contains rich biological signals, the clustering overlooks spatial continuity,

leading to potentially fragmented clusters. To address this, the density-based spatial

clustering of applications with noise (DBSCAN) [149] is applied to each of the clusters to

identify their spatial sub-clusters. These sub-clusters not only capture the underlying spatial

structure

but also identify isolated spots that do not belong to any dense spatial group,

which are treated as potential outliers. The incorrectly clustered spots may arise from the

low sensitivity of gene expression profiles of individual spots, which could be improved in

the next step. Finally, we generate the set of seeds from these sub-clusters, and input them

4.2 Materials and methods
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into the seeded region growing (SRG) algorithm. SRG explicitly grows regions based on
both gene expression similarity and spatial proximity. Starting from the seeds identified
by DBSCAN, SRG expands the regions in a controlled manner, allowing us to capture
subtle spatial patterns while correcting for potential misassignments caused by noisy gene
expression or spatial sparsity, resulting in the final clusters for the spots. For deconvolution,
gene expression of the spots in each cluster are aggregated into a pseudo-bulk gene profile
for the cluster, forming a cluster-gene expression matrix X* including 4 clusters and g

genes. Next sections describe further details of each step.
Hierarchical clustering of spots using gene expression

The hierarchical clustering is applied to the gene expression of spots to identify a set of
initial spot clusters. The optimal number of clusters is determined using the elbow method
[150, 151], which is based on the plot of the within-cluster sum of squares (WCSS) against
the number of clusters. The "elbow" point, where further increases in the number of

clusters result in minimal reductions in WCSS, indicates the optimal number of clusters.

The WCSS is calculated as follows:

h nj ) )
wess= ' S fof) - ”fH 4.1)

j=1 i=1

where:

h 1s the total number of clusters.

* n; is the number of spots in cluster ;.

. xfj ) represents the gene expression profile of the i-th spot in cluster j.
* u; is the centroid (mean) of cluster j, representing the average gene expression

profile.

, 2
Hxl.(J ) _ u ’H measures the squared Euclidean distance between a spot’s gene expres-
sion profile and the cluster centroid.
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The hierarchical clustering begins with each of the N spots treated as an individual cluster.
Clusters are iteratively merged based on their proximity using the Ward linkage until the
desired number of clusters is reached. The Ward linkage criterion, which minimizes the
increase in total within-cluster variance when merging two clusters, is mathematically
defined as:

|Al +|B|

d(A,B) = - ||centroid — centroidg||? 4.2)

where:

d(A, B) is the distance between clusters A and B after merging.

|A| and |B| are the sizes of clusters A and B, respectively.

T = |A| + | B|, the total number of spots in both clusters.

e ||centroid4 — centroidg||? is the squared Euclidean distance between the centroids of

clusters A and B.

The clusters identified by the hierarchical clustering provide a structure of the spots based on
gene expression, but neglect the spatial relationships between spots. In the next section, for
each cluster, DBSCAN algorithm will be applied on its spots to explore spatial sub-clusters
based on their spatial relationship. Using these sub-clusters, a set of the pre-selected seeds
will be collected for the SRG method at the last step.

Spatially sub-clustering of spots using DBSCAN and seed selection

To identify spatial sub-clusters of each initial cluster in the previous step, DBSCAN is
applied to the coordinates of spots within the cluster. DBSCAN requires two parameters:
€, the maximum Euclidean distance between spots within the same sub-cluster, and minPts,
the minimum number of spots required to form a sub-cluster. In practical implementation

of DECLUST for ST data, we select € = 4 and minPts = 8.

Selection of seeds for the SRG method is based on the sub-cluster size:

4.2 Materials and methods
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* For a small sub-cluster with less than 5% of the total spots, none spots of the

sub-cluster are designated as seeds.

* For a sub-cluster containing no less than 5% of the total spots, 50% of the spots in
the sub-cluster are randomly selected as seeds, excluding the spots at the boundary

of the tissue image.

Finally, each detected seed is assigned with a label by its corresponding sub-clusters. The
set of seeds with their labels is inputted into the SRG algorithm in the next section to

finalize the spot clusters for cell-type deconvolution.

In DECLUST, the choice of the parameters is empirically determined through extensive
testing across multiple datasets. If the proportion of seeds from spots is too high, the
spots are highly depending on the sub-cluster label which is determined by the hierarchical
clustering in the previous step. In contrast, if the proportion too small, it means many spots
are uncertain to belong to their current sub-clusters, which are later determined via the

updating process by gene expression distance and/or their neighbors.

Seeded region growing method for spot segmentation to identify final spot clusters

In this section, we apply the SRG, an efficient segmentation method in image processing,
to construct the spot clusters based on both the spatial relationship and gene expression
similarity between spots. The algorithm utilizes the set of seeds and their labels identified
from the DBSCAN in the previous step to construct clusters based on the minimum distance
between spots and the seeds. To facilitate the search for the spot with minimum distance
to the seeds, SRG constructs a sequentially sorted list (SSL). SRG defines an SSL as
the set of spatial neighboring spots of the current seeds. The SSL is defined as a set of
spatial neighboring spots of the current seeds, and is sorted by the gene-expression distance

between the spots and their neighboring seeds [152].

SRG expands the seeds’ regions iteratively based on the distance of neighboring spots
stored in the SSL. At each iteration, the closest spot p is removed from the top of the SSL,
then labelled based on its neighbors. Next, its unlabelled neighbors are added to the SSL.
The process repeats until every spot is assigned with a label. The label of spot p is assigned

based on the following criteria:
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L(q) if L(g) = L(r) for all neighboring spots ¢, r
L(p) = 4.3)
Lyearest  1f neighboring spots have different labels

where L(p) is the label assigned to the spot p, and Lpearest refers to the label of the closest

neighboring region in terms of the gene expression profile.

The details of the SRG algorithm can be found in the related study [152]. SRG not only
efficiently integrates spatial relationship and gene expression similarity of spots to generate
clusters, but also automatically determines the number of clusters, enhancing the the overall

segmentation accuracy and quality of ST data.

4.2.1.2 Discovery of marker genes from scRNA-seq data

We apply a two-statistic approach outlined in a recent study [153] to identify cell-type
specific genes for k cell-types from scRNA-seq reference data, then use them as marker
genes for the deconvolution step. We consider a cell-type specific marker gene if the
expression of the gene is highly up-regulated in one cell-type, but its expression in the
remaining cell-types is not statistically different. To do this, we employ two statistics: a
robust t-test (T1) and a chi-square test (T2). T1 determines whether a given cell-type differs
significantly from all others, while T2 assesses whether the remaining cell-types exhibit
similar expression levels. A gene is considered cell-type-specific if T1 is large, indicating
a statistically significant difference from other cell-types, and T2 is small, indicating no
significant difference among the remaining cell-types. Statistical significance is controlled
using p-values, with thresholds set at p for the T1 < 0.05 and p for the T2 > 0.05. Top ¢
genes by t-statistics are selected as marker genes for each cell-type to build a reference
matrix. In implementation, we keep top ¢ = 10 genes for individual cell-types. The
reference matrix Z(k x g) is constructed from k cell-types and g marker genes. For a
marker gene j and cell-type i, the value of Z; ; 1s calculated by averaging gene expression
of the marker gene across all single cells belonging to the cell-type in the single-cell data

reference.

4.2.1.3 Cell-type deconvolution using ordinary least squares

The primary objective of the deconvolution task is to estimate the cell-type proportion
matrix Y (m X j) based on the cluster-gene profile matrix X (4 X g) and cell-type gene profile

4.2 Materials and methods
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matrix Z(k X g), which are identified in the previous steps. The problem is formulated as a

system of linear equations:

X1 =Y Z[1] + Y2 Z[2] + - - - + Y1k Z[K],
X*[2] = Y0 Z[1] + Y2 Z[2] + - - + Yo Z[ k],

“4.4)
X*[h] =Y Z[1] + Y Z[2] + - + Y Z[ k).

where:

e X*[h] represents the gene expression profile for the A-th spatial cluster. Each row
in the matrix X* corresponds to a different spatial cluster, capturing the expression
levels of a set of genes for that cluster.

« Z[k] represents the gene expression profile for the k-th cell-type. Each row in the
matrix Z corresponds to a different cell-type, describing how strongly each gene is

expressed in that particular cell-type.

The cell-type proportions for each cluster are estimated using ordinary least squares (OLS)

with a non-negative constraint. The estimates are obtained as follows.

4.5)

where each cell-type proportion vector Y [i] of cluster i is constrained by:
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D Yy=1, Y20, ViVj. (4.6)
j=1

To keep the non-negative constraint, each Y;; is adjusted as follows:

vy, ifv; 20
Y, = (4.7)
0, if¥; <0

Then, the vector Y’[i] is normalized to keep the sum of cell-type proportions equal 1:

7
Yij

ij = vk A
=115

" _

(4.8)

The resulting matrix Y, representing cell-type proportions at the cluster level, is then

expanded into a matrix ¥ (n X k) to achieve the cell-type proportions at spot level.

4.2.2 Datasets

4.2.2.1 Spatial transcriptomics data generation and preprocessing

The real spatial transcriptomics datasets analyzed in this chapter were generated using

array-based spatial barcoding technologies, primarily the 10x Genomics Visium platform.

This platform enables transcriptome-wide profiling while preserving spatial information
by capturing mRNA molecules on spatially indexed spots arranged on a glass slide. Each
capture spot has a diameter of approximately 55 pm and typically contains transcripts from

multiple neighboring cells.

Briefly, fresh-frozen tissue sections were mounted onto Visium slides and stained for
histological visualization. Following tissue permeabilization, released mRNA molecules
hybridized to barcoded oligonucleotides containing spatial barcodes and unique molecular
identifiers. Reverse transcription and library preparation were subsequently performed
according to the manufacturer’s protocol, and sequencing libraries were generated for

downstream analysis. The resulting sequencing reads were processed using the Space
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Ranger pipeline provided by 10x Genomics, which aligns reads to the reference genome,
collapses unique molecular identifiers, and assigns gene expression counts to individual

spatial spots based on their barcodes.

Raw gene expression matrices produced by Space Ranger were subjected to standard quality
control and preprocessing prior to downstream analysis. Spots with low sequencing depth or
low gene detection rates were removed to mitigate technical noise. Genes expressed in only
a small number of spots were filtered out to reduce sparsity. The retained expression counts
were normalized to account for differences in library size across spots and log-transformed
to stabilize variance. Spatial coordinates associated with each spot were retained and
used in subsequent clustering and deconvolution analyses. These preprocessing steps
yielded spatially annotated expression matrices that serve as the input for the DECLUST

pipeline.

4.2.2.2 Real datasets

Two real ST datasets generated by the 10x Genomics Visium Spatial Gene Expression

platform [154] are used in this study.

Mouse brain ST dataset: Fresh frozen coronal sections from a male C57BL/6 mouse
(>8 weeks old) were prepared using the 10x Genomics Visium Spatial Gene Expression
technology. Tissue sections of 10 pm thickness were stained with Hematoxylin and Eosin
(H&E) and imaged using a Nikon Ti2-E microscope. Spatial gene expression libraries were
sequenced on an Illumina NovaSeq 6000 with paired-end reads (28 x 90 bp), achieving an
average sequencing depth of 115,740 reads per spot. There were a total of 2,698 spots,
the median of 27,198 UMI counts and 5,798 genes were detected per spot. This dataset is
used to assess the accuracy of predicted cell-type proportion and how well the cell-type

deconvolution methods keep the spatial relation between spots through cross-validation.

Single-cell reference data for the mouse brain ST dataset: The gene expression of this
single-cell RNA sequencing dataset was derived from the primary visual cortex of 6-8-
week-old C57BL6/J mice. The dataset, generated using the inDrops platform, included
data from 16,188 cells and 25,187 genes, covering eight major cell-types. The details of
this dataset can be found in the original article [155, 156].

Human ovarian cancer ST dataset: Formalin-fixed, paraffin-embedded (FFPE) tissue

sections (5 pm) from a case of serous papillary carcinoma were sourced from iSpecimen
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(Block 108906). Sections were processed using the Visium platform, stained, and imaged
using a brightfield camera at 20x magnification. Libraries were sequenced on an Illumina
NovaSeq 6000 with paired-end reads (28 x 75 bp), with a sequencing depth averaging
63,836 reads per spot. There were a total of 3,455 spots, the median of 28,927 UMI
counts and 7,621 genes were detected per spot. We utilize this dataset to investigate the

preservation of spatial pattern of cell-type marker genes from ST data.

Single-cell reference data for human ovarian cancer ST dataset: The gene expression of this
dataset consisted of 26,906 genes and 18,299 cells, generated by 10x genomics single-cell
5’ RNA sequencing for 9 patients with high-grade serous ovarian carcinoma (HGSOC).
The dataset captured the tumor’s cellular heterogeneity, including epithelial tumor cells,
tumor-infiltrating immune cells, and various stromal components. More information about

this dataset can be referred to its original study [157, 158].

4.2.2.3 Simulated ST datasets

In this study, we utilize the real human breast cancer ST dataset to simulate ST data
for evaluation of the deconvolution methods. This dataset involved a Visium Spatial
Gene Expression experiment on fresh frozen Invasive Ductal Carcinoma breast tissue
(AJCC/UICC Stage IIA, ER-positive, PR-negative, Her2-positive), obtained from BioIVT
Asterand. The tissue was 10 pm thick, placed on Visium Gene Expression Slides, and
imaged using a Nikon Ti2-E microscope. Sequencing was performed on an Illumina
NovaSeq 6000 with a configuration of 28 x 120 bp and a depth of 150,392 reads per spot.
A total of 3,798 spots were detected, with a median of 20,762 UMI counts per spot and a
median of 6,026 genes per spot.

Simulation 1. We first apply DECLUST on the dataset to predict cell-type compositions
of spots, then use them to simulate the gene expression of spots using single cell reference
data. The single-cell transcriptomics dataset comprises 100,064 cells across 9 major cell
types, collected from 26 primary tumors representing three breast cancer subtypes: 11
ER+, 5 HER2+, and 10 TNBC patients. It contains expression data for 29,733 genes
[159, 160]. Specifically, for each spot, we use the multinomial distribution to generate cell
counts of each cell-type according to the cell-type proportions by DECLUST and the total
number of cells in the spot. We fix the number of cells per spot to 10, which is in the range
value of the number of cells in the spots from 10x Visium technology. Next, we randomly
selected single cells from the single-cell reference dataset using generated cell counts for

each cell-type. Finally, the gene expression profiles of the selected cells are aggregated to
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create a simulated gene expression profile of the spot. We use the same spot coordinates of
the real ST data for the simulated ST dataset. Thus, the simulated ST dataset preserves the
spatial structure observed in the original data while controlling cell-type proportions of

spots.

We generate ten simulated datasets by repeating the procedure, allowing us to assess the
variability of the deconvolution methods. The simulation 1 replicates are used to evaluate

the variability of deconvolution methods, which is discussed in section Results.

Simulation 2. We have added Ligand-Receptor(LLR) interactions in addition to Simulation
1 framework for generating ST datasets, which mimic real spatial transcriptomics data.
We used BayesSpace [161], a method that incorporates both gene expression and spatial
coordinates to detect spatial domains, to generate spatial clusters for real breast cancer ST
dataset. Then cell-type proportions are inferred for each cluster using CIBERSORT [162],

a widely used reference-based bulk deconvolution algorithm.

To mimic cell-type heterogeneity and co-localization within each cluster, we select a
pair of dominant cell types and simulate enrichment for the spots of the cluster using
LR interactions with a high probability, which are inferred from CellChat [163]. To
make the LR enrichment specific for a pair of cell types, we select only single cells
highly expressed in both ligand and receptor from the single cell reference dataset for the
simulation. Specifically, single cells satisfying the expression of both ligand and receptor in
the third quartile (top 25%) are used. In Simulation 2, we select two clusters for enrichment,

including:

* Cluster 4, guided by the CXCLI2-CXCR4 interaction, we enriched CAF and

Plasmablast cells.

* Cluster 7, guided by TNF-TNFRSF'IA, we enriched Myeloid and Endothelial cells.

The spatial expression patterns of the selected ligand-receptor pairs are visualized in Figure

4.3 to illustrate their role in guiding cell-type-specific enrichment in Simulation 2.

4.2.3 Competing cell-type deconvolution methods

To benchmark our model, we compared it against four established cell-type deconvolution

methods that utilize a variety of computational approaches. These methods, widely adopted
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Fig. 4.3.: Spatial expression of Ligand-Receptor pairs used to guide cell-type enrichment in
Simulation 2. The left panel displays the spatial clusters identified by BayesSpace in
the simulated dataset, with each color representing a distinct cluster (Clusters 1-7). The

right panels show the spatial expression patterns of four selected ligand-receptor genes:

CXCL12, CXCR4, TNF, and TNFRSF1A. The ligand-receptor pair CXCL12-CXCR4
guides the enrichment of CAF and Plasmablast cells in Cluster 4, while TNF-TNFRSF1A
guides the enrichment of Myeloid and Endothelial cells in Cluster 7. These spatial plots
illustrate the localized expression patterns that support the targeted enrichment strategy.

for both bulk RNA-seq and spatial transcriptomic data, leverage different strategies such as
matrix factorization, probabilistic inference, graph-based learning, and deep learning. Each
of these methods aims to decompose mixed cellular signals into distinct cell-type-specific
profiles. A detailed summary of these methods can be found in Table 4.1.

CARD employs non-negative matrix factorization to infer cell-type proportions by using
highly variable genes and single-cell RNA-seq data as reference profiles. It incorporates
spatial information of spatial transcriptomics into deconvolution, improving the accuracy
of both proportion estimates and spatial maps of cell distributions.

Cell2location adopts a probabilistic model with variational Bayesian inference, assuming

gene expression follows a negative binomial distribution. It relies on scRNA-seq reference
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data for estimating cell-type-specific signatures and models the spatial expression as a

combination of these signatures.

GraphST utilizes a graph neural network-based framework, constructing a spatial graph
from highly variable genes and applying self-supervised contrastive learning. This method
aligns spatial gene expression with reference scRNA-seq data, capturing local spatial

patterns and producing deconvolved cell-type distributions.

Tangram illustrates a deep learning model to map scRNA-seq or snRNA-seq data
onto spatial transcriptomics data. By maximizing the correlation between shared gene
expression across datasets, Tangram estimates cell-type proportions while maintaining

spatial coherence.

Tab. 4.1.: Summary of competing cell-type deconvolution methods.

Method Language Feature selection Inference method Implement
CARD R Highly variable genes Non-negative matrix CARD deconvolves bulk RNA-seq or spatial
factorization model transcriptomics data using a non-negative matrix

factorization model. It begins by identifying highly
variable genes and uses single-cell RNA-seq data as a
reference to extract cell-type-specific gene expression
profiles. CARD then models the bulk or spatial data
as a mixture of these profiles, estimating the
proportions of different cell-types in each sample. For
spatial data, it incorporates spatial information to
improve the accuracy of deconvolution, producing
both cell-type proportion estimates and spatial maps

of cell-type distributions.

Cell2location Python No selection Probabilistic, negative Cell2location applies a hierarchical Bayesian
binomial distribution, framework, assuming gene expression counts follow a
variational Bayesian negative binomial distribution. It first estimates
inference cell-type-specific signatures using external

scRNA-seq data as a reference. The spatial expression
count matrix is then modeled with a negative binomial
distribution, and variational Bayesian inference is
used to approximate the posterior distribution,
producing parameter estimates for cell-type
proportions accordingly.

Continued on next page
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Method Language Feature selection Inference method Implement

GraphST Python Highly variable genes Graph self-supervised GraphST deconvolves spatial transcriptomics data

contrastive learning using a graph-based, self-supervised learning
framework. It starts by selecting highly variable genes
and constructing a spatial graph where nodes
represent spatial spots connected based on proximity.
Each node is associated with gene expression data. A
graph neural network (GNN) is trained using
contrastive learning to capture spatial and gene
expression patterns. The learned embeddings are then
matched to reference single-cell RNA-seq data to
estimate cell-type proportions in each spot, providing
both deconvolved cell-type distributions and
low-dimensional representations of the data.

Tangram Python Highly variable genes Deep learning model Tangram takes sc/snRNA-seq and spatial

transcriptome data from the same region or tissue,
requiring only a shared subset of common genes. It
initially places sc/snRNA-seq expression profiles
randomly in space, then computes an objective
function to model the spatial correlation between
genes in both datasets. Tangram iteratively rearranges
the sc/snRNA-seq profiles to maximize the total

spatial correlation of the shared genes.

4.2.4 Performance metrics for simulation study

In each simulated dataset, the true cell-type proportions of a spot is calculated by the ratio
between cell-type’s population and the total number of cells in that spot. We denote the
true cell-type proportion matrix of the spots as S. After obtaining the estimated cell-type
proportion matrix ¥ from a deconvolution method, we assess its performance by computing
the Root Mean Square Error (RMSE) between Y and S as follows.

1<, 2
RMSE = = > (% = Si;) " (4.9)
where I?ij and Sj; are the estimated and true cell-type proportion of the ith spot for the jth
cell-type, respectively. For the calculation of Mean Square Error (MSE), we exclude the

squared root from the formula.
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4.2.5 Cross-validation for real ST data

We aim to use cross-validation to evaluate performances of the deconvolution methods in
both cell-type proportion estimation accuracy and in the preservation of spatial relation of
spots. To do cross-validation, we first randomly divide the spots in each cluster to 10 folds,
thus the spots in each fold are independent and spatially non-adjacent. Then, each fold
in turn selected as a test set, the remains are used for training set, across clusters. Next,
a deconvolution model is applied to the training set to estimate cell-type proportions of
individual spots. For the spots in the test set, the cell-type proportions are predicted by the

average values of the neighboring spots from the training set.

The rationale behind this is that the molecular profiles of neighboring spots in ST dataset
are highly correlated, as shown in Figure 4.7b. Therefore, we can use the predicted cell-type
proportions for the test set as the baseline for comparison of deconvolution methods.
The result of a good deconvolution method is expected to keep well the spatial relation
between spots. Of note, our intention with Figure 4.7b is not to claim the existence of local
correlation as a novel finding. It is a model-independent base performance that can be
utilized as a target to evaluate deconvolution methods in real ST data where ground-truth
proportions are unavailable. Similar to DECLUST, other methods including CARD and
GraphST do incorporate spatial information into their models. So, the information does

not give DECLUST a special advantage.

Subsequently, we reconstruct the gene expression profile of the spot in the test set using
a convolution process. The convolution is performed for the predicted proportions of
cell-types and the average gene expression across all cells of the cell-types from the
single-cell reference data. Finally, the performance of the deconvolution methods are
assessed by comparing these convoluted gene expression profiles with the observed values
at spot level in the test set. We use the following metrics to assess metrics to assess the

cross-validated performance of the deconvolution methods.

Root Mean Square Error

n

1 1< 3
RMSE = - Z " Z(y,-j - i) (4.10)
i=1 j=1

where 7 is the number of spots in the test set, g is the number of genes, y;; is the observed

of gene j on spot i, J;; is the predicted expression level of gene j on spot i.

Chapter 4 A Cluster-Based Cell-Type Deconvolution of Spatial Transcriptomic Data



Pearson Correlation Coefficient

PCC = - .
i \/Zﬁzl()ﬁj - yi)?- \/Zf-:l(yij - ¥i)?

“4.11)

1 Z”: Z§=1 (yij = ¥i) (Fij — 32)

where the symbols defined are the same as those for calculating the RMSE value, added ;
is the observed mean expression level in the spot i, ¥; is the predicted mean expression

level in the spot i.

Spearman Correlation Coefficient

- 6Z§:I(Ryij - Ry[j)z

Spearman =
p g(g*-1)

(4.12)

N

where Ry, and Ry,; represent the rankings of the ith site and the jth gene in the observed

and predicted gene expression levels, respectively.

4.3 Results

4.3.1 Description of DECLUST methodology

The pipeline of DECLUST to estimate cell-type composition from spatial transcriptomic
(ST) data is presented in Figure 4.1. DECLUST highlights the value of spatial information
for enhancing deconvolution performance. The motivation of DECLUST stems from
the idea that deconvolution could be more effective when applied to aggregated gene
expression from groups of similar spots, where the signal is inherently stronger. The
key steps of DECLUST include 1) clustering spots using both gene expression profiles
and spot spatial coordinates; 2) identifying cell-type-specific marker genes for reference
from single-cell transcriptomics; and 3) estimating cell-type proportions using the gene
expression profiles of the clusters and cell-type-specific marker genes. Although this
strategy sacrifices some spatial granularity, it enhances signal robustness in regions with
sparse expression. Importantly, the clusters are both transcriptionally similar and spatially
coherent, consistent with prior observations that neighboring cells in tissues tend to form
biologically meaningful domains [164]. As shown in Figure 4.4, the clustering step with

the aggregation strategy makes a significant contribution to DECLUST’s performance.
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Fig. 4.4.: Evaluating the contribution of the clustering step in DECLUST.(Scatter plots
illustrating the performance comparison between DECLUST and OLS deconvolution on
simulated dataset 1. Left: Root Mean Squared Error (RMSE) per spatial spot. Each
point represents a single spot, with the x-axis showing the error from DECLUST and
the y-axis showing the error from OLS. The majority of points lie above the diagonal,
indicating that DECLUST achieves lower RMSE than OLS on 3601 out of 3798 spots.
This suggests that incorporating the clustering step before deconvolution consistently
improves prediction accuracy at the spot level. Right: Mean Absolute Error (MAE)
per cell type. Each point represents the average MAE for a specific cell type, and
the size of each ellipse corresponds to the variability across spots. Most points fall
below the diagonal, indicating lower MAE for DECLUST compared to OLS. Notably,
larger improvements are observed for cell types with higher variability under OLS, such
as Cancer Epithelial and Normal Epithelial cells, highlighting the robustness of the
clustering-enhanced approach in handling heterogeneous populations.

The input for DECLUST in Figure 4.1a includes an ST dataset for deconvolution and
single-cell RNA sequencing (scRNA-seq) data from the same tissue as a reference. The
ST dataset consists of gene expression profiles and spatial coordinates of spots, and the
scRNA-seq reference provides gene expression profiles along with corresponding cell-type
annotations for individual cells. DECLUST starts with identification of spatial clusters of
spots from the ST data using its proposed clustering method based on both gene expression
profiles and spot spatial coordinates, Figure 4.1b. Marker genes of each cell-type are also
discovered from the scRNA-seq data using a two-statistic approach. The outputs of these
methods are presented in Figure 4.1c, including two matrices: a pseudo-bulk gene profile
matrix (X*) of spatial clusters of spots and a cell-type gene profile matrix (Z) derived from
the scRNA-seq reference. Subsequently, the matrices are entered into the ordinary least
squares (OLS) algorithm [165, 166] with a non-negative constraint to estimate the cell-type

proportion of individual spatial clusters, Figure 4.1d. The OLS output is presented by a
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matrix Y in Figure 4.1e, which is later used to achieve the estimated cell-type proportions

for individual spots, matrix ¥, in Figure 4.1

4.3.2 DECLUST achieves high accuracy in simulated ST data

The simulated ST datasets to evaluate DECLUST are generated based on a real human
breast cancer ST data produced by 10x Visium [154]. Figure 4.5a shows that the simulated
ST data closely resemble the real ST data and effectively preserve the original tissue
structure. In the left-most column of Figure 4.5a, the image of the real ST data is shown
at the top, while the next two images present the spot clusters of the simulated ST data
in Simulation 1 and Simulation 2. The remaining columns of Figure 4.5a illustrate the
similarity between the simulated and real ST data by comparing the spatial expression
patterns of the top marker genes for four of the most dominant cell types: CAFs, myeloid
cells, cancer epithelia, and endothelial cells, arranged from left to right. Because the real
ST data usually lacks of the cell-type annotations from the ground truth, marker genes can
serve as proxies for evaluating the spatial distribution of cell-types [167, 168, 48, 169]. The
top marker genes, shown in Figure 4.5b, are identified from a publicly available sScRNA-seq
breast cancer dataset [159], satisfying that they are highly expressed in one cell-type but

not showing statistically significant differences in the remaining cell-types.

Figure 4.5¢ presents the performance of DECLUST in estimation of cell-type proportions
across 10 replicate datasets of Simulation 1 (top) and Simulation 2 (bottom). The cancer
epithelial, the most abundant cell-type, has the largest mean squared error (MSE) of 0.013
in Simulation 2, while the MSEs of all other cell-types are less than 0.004, indicating the
high accuracy of DECLUST. To further illustrate the accuracy of DECLUST in predicting
cell-type proportions, Figures A.1 and A.2 in the Appendix provide scatter plots comparing
the true cell-type proportions with the predicted proportions for each method across all 10
replicates in Simulation 1 and Simulation 2, respectively. The close alignment of points
along the diagonal line in the DECLUST and CARD methods demonstrates their superior
performance, while other methods, particularly GraphST, show greater variability and
divergence from the true proportions. This visualization underscores the strong predictive

accuracy of DECLUST across various simulated datasets.

Figure 4.5d shows that DECLUST also outperforms existing deconvolution methods
including CARD, GraphST, Cell2location and Tangram in the simulated ST data. This
figure presents the results of Simulation 1 (left) and Simulation 2 (right). As shown in

the figure, DECLUST achieves the lowest root mean square error (RMSE) compared to
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the other methods in both simulations, although its RMSE values in Simulation 2 are
higher then Simulation 1. CARD follows as the runner-up with an RMSE slightly higher
than DECLUST. The remaining methods—Cell2location, Tangram, and GraphST—show
progressively higher RMSE values, with GraphST performing the worst.

Furthermore, the results of DECLUST are less varied across simulation replicates with the
narrow interquartile range (IQR) in the box plots than the other methods, Figure 4.6. The
narrow IQR indicates DECLUSTs reliability for cell-type deconvolution from ST data,

producing results with consistent accuracy.
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Fig. 4.5.: Comparison of DECLUST with other cell-type deconvolution methods in simulated
datasets.(a) Similarity between simulated and real ST data from fresh frozen breast IDC
tissue. Top left: original H&E image. Middle and bottom left: DECLUST clustering
results from Simulation 1 and 2 with seven clusters. Remaining panels: expression of
four marker genes (DCN, TYROBP, PBX1, PECAM1) from CAFs, myeloid cells, cancer
epithelia, and endothelial cells. Top row: real ST; second and third rows: Simulations 1
and 2. (b) Box plots of top marker gene expression across the four dominant cell types.
(c) DECLUST performance by mean squared error (MSE) across 10 replicates for
Simulation 1 (top) and 2 (bottom). (d) Comparison with CARD, Cell2location, Tangram,
and GraphST in Simulations 1 (left) and 2 (right). Box plots show RMSE across all
spots (median, quartiles, whiskers at 1.5 IQR).
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Fig. 4.6.: Comparative performance of spatial transcriptomics methods under two simu-

lation settings across 10 replicated datasets in Simulation 1 and Simulation 2.
Boxplots display the distribution of root mean square error (RMSE) for five deconvo-
lution methods—DECLUST, CARD, Cell2location, Tangram, and GraphST—across
10 independent replicates for each simulation scenario. In both Simulation 1 and
Simulation 2, DECLUST consistently demonstrates the lowest median RMSE values,
with narrow interquartile ranges and fewer outliers, suggesting both high accuracy and
robustness. CARD follows with slightly higher RMSEs but remains consistently lower
than Cell2location, Tangram, and GraphST. Notably, GraphST shows the highest RMSE
and largest variability across replicates, with median values exceeding 0.20 in most
cases. These results indicate that DECLUST significantly outperforms existing methods
in terms of deconvolution accuracy and consistency across diverse simulated conditions.

4.3.3 DECLUST performs well against other methods in the analysis of

the real mouse brain ST data

Next we apply cross-validation to evaluate performance of DECLUST in the analysis of

a real ST dataset of a mouse brain produced by 10x Visium [154]. The corresponding

scRNA-seq dataset for the reference is collected from a recent study [156, 155], consisting

of eight cell-types, which will be used for deconvolution. DECLUST suggests seven

clusters for the mouse brain ST data, Figure 4.7a, closely aligning with the observed image

structure. For example, the hippocampal region inside temporal lobe, surrounded by a dark
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Fig. 4.7.: Cell-type deconvolution results for the real mouse brain ST data. (a) DECLUST
clustering results reflect the observed structural features of the mouse brain coronal
section. For example, cluster 5 accurately captures the region within the dark blue
contour of the brain image, corresponding to the hippocampal region; (b) Pearson
correlation coefficients between spots and their neighbors. The x-axis presents the spot
ID and the y-axis indicates the value of Pearson correlation coefficient; (c¢) The 10-fold
cross-validation results for five cell type deconvolution methods are presented in terms
of RMSE, Pearson correlation coeflicient, and Spearman correlation coefficient.

blue contour in the brain image at the left panel, is well captured by cluster 5 discovered by
the DECLUST’s clustering method at the right panel.

The true cell-type proportions of individual spots are usually not available in a real ST data.

However, we expect a high correlation of molecular profiles between spatially neighboring
spots; this can be utilized to evaluate deconvolution methods. The neighbor of a spot is

one of eight spots spatially adjacent with that spot in the tissue image. Indeed, Figure 4.7b

shows that the gene expression profiles of spatially neighboring spots are highly correlated.

In this figure, the boxplot represents the distribution of Pearson correlation coefficients
between the observed gene expression of a spot and the predicted value, which is calculated
by averaging the gene expression of its eight neighboring spots. The average Pearson

correlation coeflicient across all spots is 0.85, indicating that the molecular profile of
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a spot can be well approximated from its neighbors. While this spatial correlation is
biologically expected and has also been incorporated into models such as CARD and
GraphST, DECLUST differs in that it explicitly aggregates spatially coherent spots prior
to deconvolution. This strategy improves robustness by enhancing the signal-to-noise
ratio and results in smoother transitions across spatial domains, which is reflected in the
correlation-based performance comparison. We apply this idea to cell-type proportions as
the basis for comparing deconvolution methods: A good deconvolution method should

preserve the spatial correlation between neighboring spots.

The results of 10-fold cross-validation are evaluated using three performance metrics:
Root Mean Square Error (RMSE), Pearson Correlation Coefficient (PCC), and Spearman
Correlation Coefficient (SCC), as shown in Figure 4.7¢c. Consistent with the simulation
study results, DECLUST and CARD outperforms the remaining methods in all performance
metrics. Specifically, DECLUST obtains the median RMSE of 0.525 significantly higher
than the follow-up method CARD (median RMSE=0.542, p-value=9.3 x 10~!%). Similar
result is observed for SCC, where DECLUST has higher the median r=0.495 in comparison
with r=0.475 of CARD (p-value=1.2 x 1073). The PCC results of DECLUST (median
r=0.60) are comparable with those of CARD (median r=0.598). For the remaining
deconvolution methods, Cell2location generally shows the poorest performance compared
to Tangram and GraphST.

4.3.4 DECLUST effectively preserves spatial pattern of cell-type marker

genes in the real human ovarian cancer ST data

We now utilize an ST dataset of a human ovarian cancer tissue [154] to compare the
deconvolution methods on their preservation of spatial pattern of cell-type marker genes.
Of note, as discussed in the simulation study, cell-type marker genes can serve as proxies
for evaluation of the spatial distribution of cell-types. In the absence of ground-truth
cell-type proportions at the spot level for real FFPE spatial transcriptomics data, direct
quantitative assessment of deconvolution accuracy is not feasible. Instead, we adopt a
proxy-based evaluation strategy by quantifying the spatial concordance between predicted
cell-type proportions and the expression patterns of known cell-type marker genes, an
approach commonly used in spatial transcriptomics studies when ground truth annotations
are unavailable. Among the 22 different cell-types from the single-cell reference dataset
of human ovarian cancer [157, 158], we selected three different cell-types for evaluation

based on their sizes: tumor cells (n=5,438 cells, the most prevalent cell-type), mesangial
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Fig. 4.8.: Cell-type deconvolution results for the real human ovarian cancer ST data. (a)

Clustering results of DECLUST for the ST data of a human ovarian cancer tissue (FFPE).

The top image shows the original H&E-stained FFPE ovarian cancer tissue, while the
bottom panel shows five clusters discovered by DECLUST; (b) Box plots representing
the expression levels of the marker genes including SLPI, RAB34, and MEGF6; (c)
Spatial distribution of expression of marker genes and cell-type proportions in the human

ovarian cancer ST data. The top box shows observed expression of three marker genes:

SLPI, RAB34, and MEGF®6, the corresponding to the results from DECLUST and other
methods for tumor cells, mesangial cells, and chondrocytes in the bottom box.

cells (n=338 cells, a moderately abundant cell-type) and chondrocytes (n=4 cells, a rare

cell-type).
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Fig. 4.9.: Spatial expression patterns of marker genes for selected cell types across varying
marker set sizes. Heatmaps display the aggregated spatial expression of the top 5, 10,
25, and 50 marker genes for three representative cell types—tumor cells, mesangial
cells, and chondrocyte—derived from real spatial transcriptomics (ST) data. Marker
genes were ranked and selected based on the t-statistic, which measures differential
expression between the target cell type and others. For each marker set size, normalized
expression values of the selected genes were summed across spatial spots to produce
a composite heatmap. The resulting spatial patterns are consistent across different
numbers of markers, demonstrating coherent and robust localization signals for each
cell type.

Figure 4.8a shows the image of the human ovarian cancer (top) and distribution of five
clusters discovered by DECLUST (bottom). Figure 4.8c displays the spatial pattern of the
three selected cell-types from the ovarian cancer tissue, each in one column. For each
column, the heatmap in the first row displays the observed gene expression of the single
marker gene of the cell-type discovered by DECLUST (Figure 4.8b). The corresponding
heatmap at the second row shows the proportion of that cell-type predicted by DECLUST.
The high concordance between two heatmaps across three cell-types demonstrates the
DECLUSTs ability to accurately capture the spatial patterns of the cell-type marker genes.
We further investigated the spatial expression of the top 5, 10, 25, and 50 marker genes for
selected cell-types from the real spatial transcriptomics data. For each case, we selected
the corresponding number of top marker genes based on prior knowledge, summed up their

normalized expression values across spots, and plotted the resulting aggregated expression
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as a heatmap. Each heatmap thus represents the spatial expression pattern derived from a
distinct set of marker genes. As shown in Figure 4.9, tumor cells, mesangial cells, and
chondrocytes exhibit consistent and coherent spatial patterns across different marker set

sizes.

Next, we compare the results of DECLUST with other deconvolution methods, which are
presented in Figure 4.8c. Specifically, the evaluation focuses on the consistency between
predicted cell-type proportions and marker gene expression patterns across multiple cell
types with different abundance levels, as well as the robustness of spatial patterns derived
from aggregated marker gene sets of varying sizes. In the figure, each row indicates
one cell-type, while each column refers to a deconvolution method. As shown in the
figure, the cell-type proportions identified by both Tangram and Cell2location do not well
reflect the expression of the top marker genes in all cell-types. CARD, GraphST, and
Tangram all perform reasonably well for tumor cells, capturing the expression pattern of the
marker gene SLPI. However, compared to DECLUST, Tangram tends to underestimate the
overall proportion of tumor cells. For mesangial cells, GraphST and Tangram incorrectly
predict elevated proportions on the right side of the tissue, whereas CARD highlights many
spots with a high mesangial cell proportion in the bottom-left corner. For Chondrocyte
cells, Tangram fails to detect this cell type, CARD overestimates their abundance in the
bottom-left region, and GraphST underestimates their presence in the same area. Thus,

DECLUST preserves better the spatial information of the cell-types in the ST data.

4.3.5 Diagnostic Assessment of Residual Heteroscedasticity and

Distributional Assumptions

Beyond predictive accuracy and spatial pattern concordance, the stochastic properties of the
regression residuals were examined to characterize the empirical error structure associated
with the least-squares estimation procedure in DECLUST. All analyses were conducted

using the breast cancer spatial transcriptomics dataset.

As model fitting is performed at the cluster level, residual diagnostics were first evaluated at
this level of aggregation. Figure 4.10 presents gene-wise mean residuals plotted against mean
predicted expression across clusters. Residuals corresponding to low predicted expression
are predominantly concentrated near zero. With increasing predicted expression, both the
magnitude and dispersion of residuals increase, and a subset of genes exhibits comparatively
large positive residual values, indicating systematic under-prediction for certain highly

expressed features. These observations indicate a dependence of residual variability on the

4.3 Results
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Gene-wise mean residuals versus predicted expression across clusters. Each data
point represents a specific gene evaluated at the cluster level of aggregation.

scale of predicted expression and suggest non-constant variance (heteroscedasticity) across

genes.

To further assess the ordinary least squares fit, fitted cluster-level predictions were projected

to the spot level. For visualization, residuals were scaled gene-wise by their standard

deviation to facilitate cross-gene comparison while preserving systematic bias (i.e., not mean-

centered). Figure 4.11 displays histograms and normal Q-Q plots for four representative
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Spot-level residual distributions and normal Q-Q diagnostics for representative
genes. The top row displays residual histograms, and the bottom row shows corre-
sponding normal Q-Q plots. Residuals were scaled by their standard deviation to
facilitate cross-gene comparison while preserving systematic bias.
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genes (RAMP3, RPL10A, IGFBPS5, and KRT14), selected based on residual summary

statistics (Table 4.2) to represent distinct distributional regimes.

The empirical residual distributions exhibit substantial heterogeneity:

« RAMP3 and KRT14: These genes exhibit pronounced right-skewness and heavy-
tailed behavior. The horizontal plateaus in the lower quantiles of the Q—-Q plots
correspond to zero-valued observations in the spatial data, where residuals are

constrained by the predicted intensities.

* RPL10A: As a highly expressed gene, it shows significant tail departures with

negative skewness (-2.257), indicating localized over-prediction despite its high

mean expression.

* IGFBPS: The Q-Q plot indicates that the residuals are approximately normally
distributed, with most points closely following the reference line, except for a single

outlier in the lower tail.

Overall, the residual diagnostics reveal scale-dependent variability and gene-specific
deviations from normality at the spot level. While ordinary least squares provides unbiased
point estimates under mild regularity conditions, the observed heterogeneity suggests that
weighted least squares (WLS) formulations may offer improved efficiency by accounting
for gene-dependent variance structures. Incorporating weights derived from empirical

variance estimates could mitigate the impact of heteroscedasticity and enhance robustness

in future developments of the DECLUST framework.

Tab. 4.2.: Gene-level residual summary statistics for representative genes used in spot-level

diagnostics.

Gene Pred. Mean Resid. Mean Resid. Var. Skewness Kurtosis Selection Rationale

RAMP3 0.120 0.033 0.104 2.557 7.202 Strong positive skewness; heavy-tailed with
zero-inflation.

RPL10A 2.166 0.061 0.167 -2.257 10.328 High expression with pronounced negative
tail deviations.

IGFBP5 0.575 3.092 0.184 -0.301 1.261 Systematic positive residual shift with
near-normal shape.

KRT14 0.027 0.108 0.125 3.565 14.643 Extreme skewness and kurtosis driven by

sparse expression.

4.3 Results
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4.3.6 DECLUST exhibits computational efficiency in cell-type

deconvolution
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Fig. 4.12.: Computational time of the deconvolution methods in three ST datasets. The x-axis
shows the results of each dataset. The y-axis presents computational time in seconds.

To compare the computational time between deconvolution methods, we measure the time
starting from data inputting until achieving the cell-type proportions of individual spots.
All methods are implemented on a server equipped with an Intel Core i17-12700H CPU and
an NVIDIA RTX 3080Ti Laptop GPU. We remove parallel computation for all methods
to measure their computational usage. Figure 4.12 displays the computational time (by
seconds) of five methods for one simulated ST dataset and two real ST datasets. The details
are provided in Table 4.3. For the real ST datasets, DECLUST, Tangram, and GraphST

require relatively short computational time.

Tab. 4.3.: Comparison of five deconvolution methods by computational time (seconds).

DECLUST CARD Cell2location Tangram GraphST
Breast Cancer 108.16 158.50 1242.88 145.13 251.25
Mouse Brain 50.39 214.75 657.82 73.26 67.65
Ovarian Cancer 41.19 289.75 532.25 69.82 46.96

Although the difference in computational time between DECLUST and GraphST on the
real dataset appears modest, we emphasize that DECLUST consistently achieves lower
runtime across all datasets. In addition, DECLUST does not rely on GPU acceleration
or deep learning frameworks, making it a more lightweight and interpretable solution.

Of note, most methods including GraphST, Tangram, and Cell2location require GPUs
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for their computation. For the simulated ST dataset, Cell2location still has the highest

computational cost, while the other methods show favorable computational efficiency.

4.4 Discussion

Recent advances in spatial transcriptomics have significantly enhanced our understanding of
cell-type composition within tissue architecture [ 170]. However, due to technical constraints
and high costs, most spatial transcriptomics (ST) data currently lack single-cell resolution,
hindering the exploration of the cellular composition at specific tissue locations [171, 172].
We have developed DECLUST, an efficient cluster-based cell-type deconvolution of spatial
transcriptomic data. We have shown that DECLUST performs well against existing ST

deconvolution methods in both simulated and real datasets.

A key advantage of DECLUST lies in its ability to simultaneously cluster spatial data based
on both gene expression profiles and spatial coordinates of spots. This spatial clustering
approach preserves the spatial structure of the spot clusters. In contrast, conventional
clustering methods, such as Seurat [173], and the Louvain method [174] primarily rely on
gene expression data alone. As a result, the domains identified by these methods tend to be
discontinuous, since they do not incorporate spatial information to recognize co-localized
cells that might belong to the same domain. While GraphST improves upon this limitation
by introducing spatial proximity through graph-based representation learning, which refines
spatial clustering, it still faces challenges. Specifically, smooth boundaries are not always
ensured, and the method demands longer computational times due to the need for multiple

runs.

Furthermore, by aggregation of gene expression of spots in the same cluster for deconvolu-
tion, DECLUST can perform on the higher gene-expression signals as compared to the
low gene expression levels of individual spots, consequently resulting in high accuracy.
Another unique characteristic of DECLUST is the approach to identify cell-type specific
marker genes. DECLUST aims to detect marker genes from scRNA-seq reference data that
their expression is significantly upregulated in one cell-type while not statistically different
in the remaining cell-types. Intuitively, this could decrease the noise for the deconvolution

model, subsequently improving the estimation of cell-type composition.

In practice, the performance of DECLUST is influenced by the choice of clustering-related

parameters, as these parameters determine the granularity and spatial coherence of the
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resulting spot clusters. Parameters associated with hierarchical clustering, DBSCAN-based
spatial sub-clustering, and the seeded region growing procedure may affect cluster size,
boundary smoothness, and consequently the aggregated gene expression profiles used for
deconvolution. DECLUST is nevertheless designed to mitigate excessive sensitivity to
individual parameter choices through its multi-stage clustering strategy. By integrating
transcriptional similarity with spatial continuity and allowing iterative refinement of cluster
assignments, the framework reduces the impact of local parameter perturbations on global
clustering structure. As a result, moderate variations in parameter values tend to produce
incremental changes in cluster boundaries rather than drastic shifts in cluster composition,
supporting stable downstream deconvolution performance. To facilitate practical use,
recommended default parameter settings are provided. In this thesis, the number of initial
clusters is determined using the elbow criterion, while DBSCAN parameters € = 4 and
minPts = 8 are adopted to identify spatially coherent sub-clusters. These settings were
empirically found to offer a reasonable balance between spatial smoothness and biological
resolution for common 10x Visium datasets. While these defaults are not intended to be
universally optimal, they serve as a practical starting point, and users may adjust parameters

based on tissue heterogeneity, spot density, and specific analytical goals.

Besides its advantages, DECLUST also has some limitations. For example, similar
to other traditional deconvolution methods using the reference from single-cell data,
DECLUST cannot estimate the cell-types not existing in the single-cell reference. Careful
selection of an appropriate scRNA-seq reference is therefore important for achieving
accurate decomposition. To broaden applicability when matched tissue-specific SCRNA-
seq references are unavailable, a standardized reference signature derived from large
publicly available scRNA-seq resources can also be provided. For example, a Tabula
Sapiens-based reference covering 180 annotated cell types has been generated and released
for public use (https://drive.google.com/file/d/1W3s91eAINu3huTyLUKafM
£8zss5rwKFS/view?usp=drive_link). Nevertheless, constructing a study-specific
reference is recommended whenever possible, because feature selection, particularly the
identification of highly variable genes, can be tailored to the characteristics of the target
spatial transcriptomics dataset, which may improve deconvolution accuracy. Furthermore,
all analyses in this study are based on the ST data generated by 10x Visium, the most

commonly used ST technology in the field.
The aggregation can potentially blur fine-grained biological variation across individual

spots, and this trade-off between computational robustness and spot-level resolution must

be carefully considered. However, the aggregation can still be a correct and biologically
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reasonable with a proper aggregation strategy to group spots with similar biological
profiles together, as what DECLUST is aiming for. In DECLUST, spots are not randomly
aggregated, but they are already similar based on both spatial and expression features. Gene
expression carries the biological information of spots, but individual spots often suffer
from extremely sparse expression in spatial transcriptomics. Many genes have zero counts
or near-zero, not because they are truly absent, but because of technical limitations such as
capture efficiency and sequencing depth. Aggregating across biologically similar spots
increases the signal-to-noise ratio, making it possible to detect real patterns. Furthermore,
neighboring spots in ST often share highly similar biological profiles, because of, for
example, coherent tissue structures such as a cortex layer or tumor clone, etc. Therefore,

aggregation of these reflects true biology rather than distorting it.

Although the clustering step in DECLUST is currently designed to enhance deconvolution
by incorporating spatial coherence, the resulting spatial domains may also serve as a basis
for biological interpretation. This is conceptually related to the approach adopted by
spacedeconv [175], which utilizes clustering to define and interpret tissue niches. While
we have not explicitly assessed the biological relevance of the clusters in this study, future
investigations may explore whether the identified clusters reflect tissue microenvironments
or spatially organized functional regions. Such exploration could expand the utility of
DECLUST beyond deconvolution. Future extensions of DECLUST could also incorporate
additional information or modalities beyond gene expression, such as ligand—receptor
interactions, spatially inferred cell-cell communication networks, epigenomic profiles,
spatial proteomics, and histology-derived image features. These enhancements may
further improve clustering accuracy and help capture complex patterns of intercellular

communication and tissue microenvironment heterogeneity.

In summary, we have introduced DECLUST, a highly accurate, efficient, and robust tool
for cell-type deconvolution from spatial transcriptomics. The results from the simulated
and real ST datasets show that DECLUST performs well against other competing methods

in both prediction accuracy and preservation of spatial structure in ST data.
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A Comparative Study of
Predictive Models for Spatial
Protein Abundance from

Transcriptomic Profiles

Proteins are central effectors of cellular function, and their spatial distribution provides
critical information on tissue organization, cell-cell communication, and disease pathology.
Understanding and predicting spatial protein abundance is therefore a key challenge in
computational biology, particularly in the context of spatial transcriptomics data. This
chapter presents a comparative study of 11 models of protein abundance prediction from
transcriptomic profiles. The work originates from a manuscript in preparation, titled “A
Comparative Study of Predictive Models for Spatial Protein Abundance”, first authored by
Qingyue Wang, and intended for submission to Nature Communications. The manuscript
is reproduced here in full to preserve its integrity and demonstrate the contribution of the

candidate to peer-reviewed research.

Abstract

Proteins are central effectors of cellular function, and their spatial distribution yields critical
insights into tissue organization, cell-cell communication, and disease pathology. However,
spatial proteomics assays remain costly and technically challenging, leading most spatially
resolved datasets to contain only RNA measurements. Computational prediction of protein
abundance from transcriptomic profiles offers a cost-effective alternative, yet is hindered by

spatial heterogeneity and the low abundance of both genes and proteins at the spot level.

This study presents a systematic evaluation of predictive models for estimating spatial
protein abundance from spatial transcriptomics data. Eleven models, spanning linear
regression, tree-based ensemble methods, and graph neural networks (GNNs), are assessed
using two in-house and four public spatial multi-omics datasets from different tissues,
generated by Visium CytAssist CITE-seq. The GNN architectures include Graph Attention
Networks (GAT), GraphSAGE, and the more recent Dual Graph Attention Network (DGAT),
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which jointly leverages feature and spatial graphs to enhance neighborhood modeling.
Three validation strategies, including within-sample, cross-sample, and cross-tissue, and
multiple performance metrics such as Spearman correlation, Pearson correlation, and root

mean squared error are employed to assess model robustness and generalizability.

Results show that spatially augmented tree-based ensemble models, LightGBM, XGBoost,
and CatBoost, consistently outperform non-spatial baselines across all evaluation settings,
achieving median Spearman correlations above 0.6 in most datasets. In contrast, GNN
models including GAT, GraphSAGE, and DGAT exhibit lower and more variable per-
formance, indicating limited benefit from local neighborhood aggregation in the current

framework.

This work provides the first large-scale benchmark of spatial protein prediction methods,
delivering practical guidance for model selection and emphasizing the importance of spatial-
feature integration. The findings demonstrate the potential of computational approaches to

derive spatial protein abundance from spatial RNA expression.

5.1 Introduction

Proteins are the functional executors in cells and more directly reflect biological activity than
RNA [176, 177]. Their spatial distribution determines cellular roles and interactions within
the tissue microenvironment, while abnormal protein expression or localization serves
as a key biomarker for disease subtype classification, immune profiling, and therapeutic
stratification [178, 179]. Spatial proteomics technologies, such as Visium CytAssist [154]
and CODEX [129], enable direct mapping of protein abundance in situ, but these methods
remain costly, technically demanding, and low throughput. As a result, the majority of
spatial omics datasets contain only transcriptomic measurements, leaving protein-level

insights inaccessible for most available data.

Predicting protein abundance from RNA expression offers a practical and cost-effective strat-
egy to expand the utility of spatial datasets. Such an approach can enable retrospective pro-
tein profiling in existing RNA-only datasets and facilitate integrative multi-omics analyses.
However, the RNA—protein relationship is complex and influenced by multiple regulatory
layers, including transcriptional and translational regulation, post-translational modifica-
tions, and protein degradation, leading to substantial RNA—protein mismatches[180, 181].

Spatial heterogeneity further complicates this relationship, as protein abundance is modu-
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lated by local microenvironmental factors and cell—cell interactions[ 182, 183, 184]. Finally,
spot-level RNA expression and protein abundance are usually low and subject to noise and
high variability due to the small number of cells in each spot, challenging the prediction
task.

A recent study proposes sclinear, a linear regression—based model for predicting protein
abundance at single-cell resolution from non-spatial RNA expression datasets [139]. This
model shows promising performance in capturing transcriptome—proteome relationships.
Although it can be applied to spatial datasets, it disregards spatial context during training,
limiting its ability to capture tissue-level patterns and microenvironmental dependencies
intrinsic to spatial transcriptomics. Consequently, directly applying it to spatial data may

lead to the loss of valuable spatial information and reduced prediction accuracy.

Graph neural networks (GNNs) have emerged as powerful tools for spatial omics analysis
because they naturally encode spatial relationships through graph-based representations[61,
185, 186]. By modeling spatial spots as nodes connected by proximity-based edges,
architectures such as Graph Attention Networks (GAT), GraphSAGE, and more recently
Dual Graph Attention Networks (DGAT)[141] can integrate transcriptomic profiles with
spatial context. In particular, DGAT extends the conventional attention mechanism
by jointly leveraging both a feature graph and a spatial graph, thereby providing a
richer representation of the underlying tissue microenvironment. Although GNNs have
achieved notable success in spatial domain identification, cell—-cell interaction analysis, and
multimodal integration, their direct application to RNA-to-protein prediction in spatial

datasets remains underexplored.

Beyond GNNs, tree-based ensemble models—particularly gradient boosting frameworks
such as XGBoost, LightGBM, and CatBoost are widely recognized for their scalability
and predictive power in structured data. However, conventional implementations of these
models lack mechanisms to directly incorporate spatial information, which will be taken

into account in this study.

Here, we present a systematic evaluation study of predictive models for spatial protein
abundance using six spatial multi-omics datasets. We evaluate eleven model configurations:
partial least squares regression (PLS)[187], three gradient-boosting ensemble models in-
cluding XGBoost [188], LightGBM [189], CatBoost [190, 191], and two GNN architectures
including GAT [192], GraphSAGE [193], DGAT [141], each tested both with and without

spatial neighborhood augmentation. Model performance is systematically assessed using

5.1 Introduction
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various performance metrics such as Spearman correlation, Pearson correlation and root
mean squared error, under three biologically relevant evaluation settings: (1) within-sample
validation, (2) cross-sample validation within a tissue type, and (3) cross-tissue validation
across distinct tissues. This benchmark provides quantitative insights into the role of spatial
modeling in protein abundance prediction and offers practical guidance for future spatial

multi-omics analyses.

5.2 Materials and methods

5.2.1 Overview of the benchmarking framework

Figure 5.1 presents the overall workflow for evaluating methods that predict spatial protein
abundance from spatial transcriptomic profiles. Each spatial multi-omics dataset comprises
n spatial locations (spots), where each spot is associated with: (1) a gene expression vector
of dimension g, (2) a protein abundance vector of dimension p, and (3) a two-dimensional
coordinate indicating its spatial position within the tissue section. The goal of these
methods is to estimate protein abundance at spot level based on the corresponding gene

expression data.

We denote the gene expression matrix as X (n X g) and the protein abundance matrix as Y
(n X p). For each proteini € {1,..., p}, we train an independent predictive model to learn
the mapping £ : X — Y@, where Y denotes the abundance of protein i across spatial

locations.

5.2.2 Prediction models for evaluation

We select six prediction methods across three different categories including (1) a linear
regression, (2) three tree-based ensemble methods and and (3) two graph neural network
(GNN) methods for the evaluation. Since the GNN methods inherently integrate neigh-
borhood information into their models, we apply two settings - spatial and non-spatial -
only to the four methods in the first two categories. Thus, results of a total of ten method
configurations are reported. We summarize the three categories of predictive models below,

with further details of each model and its training procedures.
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Fig. 5.1.: Overview of the benchmarking framework for methods predicting spatial protein
abundance from spatial RNA expression profiles. (a) Spatial multi-omics datasets,
comprising paired spatial transcriptomic (gene expression) and proteomic (protein
abundance) measurements at matched spatial coordinates (spots). (b) Data preprocessing
involves two main steps: (i) quality control, where low-quality spots are removed if fewer
than 700 genes are detected or if mitochondrial UMIs exceed 30%, and genes detected
in fewer than 2.5% of spots are excluded; and (ii) normalization, where RNA expression
matrices are normalized to 10,000 UMISs per spot and log-transformed, while protein
abundance (antibody-derived tag counts) is normalized using the centered log-ratio
(CLR) transformation. (c) Spatial feature construction to incorporate spatial context
into model inputs, including ordered neighbor connections, k-nearest neighbor (KNN)
relationships, and missing value imputation. (d) Candidate predictive models encompass
three categories: linear regression models, tree-based boosting models, and graph neural
network (GNN) architectures. (e) Model inputs consist of spatial gene expression
matrices X, xg, Where n denotes the number of spots and g the number of genes, and
outputs correspond to spatial protein abundance matrices Y, where p denotes the
number of proteins. (f) Model evaluation is conducted under three validation strategies:
within-sample validation, cross-sample validation, and cross-tissue validation. Different
colors denote different tissue types.

5.2.2.1 Linear regression
We use Partial Least Squares Regression (PLS) [187], which integrates principal component
analysis with multiple linear regression. PLS is well suited for high-dimensional omics

data due to its ability to handle multicollinearity effectively [194]. We build a separate

PLS model for each protein for the prediction.

PLS
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PLS models the relationship between the RNA expression matrix X (n X g) and each protein
abundance vector Y by projecting both predictors and responses into a shared latent

space:

X=TP +E, YV =Tq" +F (5.1)

where T contains latent components that maximize the covariance between Xw and Y(i),

subject to ||w|| = 1. The regression coefficients are computed as:

Bris=WEP W) q, Y =XBps (5.2)

A separate PLS model was trained for each protein using 5 latent components.

5.2.2.2 Tree-based ensemble models

Tree-based gradient boosting models are powerful non-linear predictors that combine
multiple decision trees through boosting [195, 196] that have been widely adopted in the
bioinformatics field in recent years [197, 198, 199]. Three methods including XGBoost
[188], LightGBM [189], and CatBoost [190, 191] are selected for evaluation as they are
commonly used with computational efficiency and advanced performance in multiple
general tasks. All models are trained using the mean squared error (MSE) loss to quantify

the discrepancy between predicted and observed protein abundance.

All tree-based ensemble boosting models used in this study follow a shared formulation:

K
3= ), feeF (5.3)
k=1

where f are regression trees, and X; is the input for spot j. Model optimization minimizes

the regularized squared error:

n K
) N 1
LO0=3 07 =95+ 3 Q). Qi) =T+ S Allwil? (5.4)
j=1 k=1
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All boosting models were trained separately for each protein with default hyperparameters,

using a fixed random seed and full parallelism enabled.
XGBoost

XGBoost employs a second-order Taylor expansion of the loss and sparse-aware split

finding. The objective at each iteration is approximated as:

n

1
LY~ Z [gjft(xj) + Ehjf,z(xj) +Q(f) (5-5)

J=1

where g; and h; are the first and second derivatives of the loss function. The model was

trained using the squared error loss.
LightGBM

LightGBM constructs trees using a leaf-wise growth strategy that selects splits with the
largest loss reduction. It employs histogram-based feature binning and gradient-based
one-side sampling (GOSS) to reduce training complexity and accelerate convergence.

Default parameters were used with squared error loss.
CatBoost

CatBoost builds symmetric trees and uses permutation-driven ordered boosting to avoid
overfitting and target leakage. While originally designed for categorical features, it also
performs competitively on fully numerical input. The model was trained with root mean

squared error (RMSE) as the objective and default parameter settings.

5.2.2.3 Graph neural network models

Graph Neural Networks (GNN5s) [200] extend traditional neural networks to graph-structured
data by enabling information exchange across neighboring nodes. This inductive bias
makes GNNs particularly suitable for spatial omics analysis, where local tissue architecture
and neighborhood context influence molecular phenotypes [201, 202, 87]. We evaluate
three GNN variants: Graph Attention Networks (GAT) [192], GraphSAGE [193], and
Dual-Graph Attention Network (DGAT) [141]. For each tissue section, we construct
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a spatial graph by connecting each spot to its k nearest neighbors in Euclidean space.
Node features are gene expression vectors. Models are trained end-to-end (per protein)
to minimize mean squared error (MSE) in protein abundance prediction (learning rate =
0.001).

GAT

GAT updates node features via attention-weighted aggregation:
W =c| > auWh, (5.6)
ueN(v)
where the attention weights are:

B exp (LeakyReLU(a" [Wh, || Wh,]))
2ken(v) exp (LeakyReLU(a™ [Wh, || Why]))

(5.7)

a’vu
We use two attention heads per layer, ELU activations, and dropout between layers.

GraphSAGE
GraphSAGE updates node embeddings via sampling-based neighborhood aggregation:

W, = a(w . AGGREGATE({h,} U {h, : u € N(v)})) (5.8)

Here, AGGREGATE is the mean function, o~ is ReLU, and W is a learnable weight matrix.

We stack two aggregation layers, followed by a linear regression head.
DGAT
We implemented DGAT that integrates two heterogeneous graphs—a spatial graph G and

an expression graph G.—to jointly capture spatial proximity and transcriptomic similarity.

For each spot v, the embeddings from the two graphs are updated by separate GAT layers:

h'¥ = GAT,(h,, N;(v)), h'¢ = GAT,(h,, N,(v)), (5.9)

where N;(v) and N, (v) denote the neighbors of v in the spatial and expression graphs,

respectively.

The two embeddings are combined via a learnable gating parameter g € (0, 1):
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W, =g-h+(1-g) n?. (5.10)

The final latent embedding z, is fed into two decoder branches: a protein prediction head

and an RNA reconstruction head:

§PY = foron(z), (5.11)
£ = fina(2,), (5.12)

where fyro 18 a regression network outputting protein abundances, and fp, reconstructs

the original gene expression vector to regularize the latent space.

The overall training objective is a weighted combination of protein prediction loss and

RNA reconstruction loss:

L= Lprot + Arecon Lrnas (5.13)

with Lprot = MSE(y(prot)’ y(prot)) and L, = MSE(ﬁ(ma), X(rna))_

5.2.3 Construction of spatial feature for non-GNN models

While GNNs naturally incorporate spatial information through message passing over graphs,
traditional prediction models such as PLS, XGBoost, LightGBM, and CatBoost do not
account for spatial context unless explicitly encoded in the input features. This limitation
leads to the loss of valuable spatial information embedded in tissue architecture, ultimately

degrading prediction performance on spatial multi-omics data [203].

In this study, we construct spatial features for all non-GNN models (with spatial setting) by
incorporating transcriptomic information from each spot’s local neighborhood. Specifically,
for each spot, we identify its four fixed neighbors along cardinal directions: west and east
neighbors (horizontal axis), and north and south neighbors (vertical axis). These neighbors

are identified using exact coordinate offsets from the target spot. If one or more neighbors
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are missing due to irregular tissue shape or boundary effects, spatially closest unselected

neighbors (based on Euclidean distance) are selected instead.

When using the spatial setting for non-GNN models, the RNA expression input of a spot
consists of its original gene expression vector concatenated with the vectors from its four
selected neighbors, arranged in a fixed spatial order: west, north, east, and south. This
fixed ordering preserves the spatial configuration in the expanded feature representation,
allowing models to implicitly capture directional spatial dependencies. This strategy
enables traditional machine learning models to incorporate spatial structure in a systematic
and reproducible way without relying on an explicit graph representation. The same spatial

feature construction process is applied uniformly to both the training and testing datasets.

5.2.4 Validation strategies for the prediction models

We deploy three cross-validation approaches including within-sample validation, cross-
sample validation, and cross-tissue validation, on the spatial multi-omics samples (see
section 5.2.6) to assess the accuracy, robustness, and generalizability of the prediction

methods.

5.2.4.1 Within-sample validation

Within-sample validation evaluates a model on the same data used for training, providing
a measure of fit but often overestimating performance due to the lack of independence
between training and test sets. This within-sample cross-validation approach is applied to
individual samples. To ensure the preservation of spatial structure during model evaluation,
we implement a spatially aware 10-fold cross-validation scheme. Specifically, k-means
clustering is applied to the two-dimensional spatial coordinates of all spots of the sample to
obtain 10 spatially contiguous groups. This ensures that each fold corresponds to a spatially
localized region within the tissue. K-means clustering also preserves approximately
equal-sized folds, facilitating balanced evaluation across all cross-validation splits. In each
iteration, one spatial cluster is held out as the test set, while the remaining nine clusters

serve as the training set.

5.2.4.2 Cross-sample validation

Cross-sample validation tests generalizability within the same tissue type by training on one

biological sample and testing on another (from the same tissue), capturing variability from
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technical and sample-specific differences. This approach is applied for the human tonsil
and HNSC datasets (see section 5.2.6). Particularly, for human tonsil datasets, Tonsil 1 is
used for training and Tonsil 2 for testing, then the roles are reversed. The same procedure is
applied to the HNSC datasets. This procedure guarantees that all data samples are involved

in the training and evaluation.

5.2.4.3 Cross-tissue validation

Cross-tissue validation challenges further the generalizability of the methods by training
and testing across samples from different tissue types, assessing robustness to broader
biological diversity and revealing the model’s ability to handle unseen tissue contexts. This
approach is applied to all six spatial multi-omics samples. In each round, all samples from
healthy or diseased tissues were designated as the testing set, and the remaining type of

tissues were used for training.

5.2.5 Performance metrics for evaluation

To quantitatively compare model performance across evaluation settings, three complemen-
tary metrics are computed for each protein-specific model: Spearman correlation, Pearson
correlation, and root mean squared error (RMSE). These metrics are calculated between
the predicted and measured protein abundances across all spots in the test set.
Formally, let ) = { yﬁ") e yﬁf)} Qenote the predicted abundance vector for protein i from
model £, and y® = { y(ll), ceey y,(f)} the corresponding measured abundance vector.
Spearman correlation. The Spearman rank correlation coefficient pﬁi) is used as the
primary metric to assess the monotonic relationship between §* and y¥). It is computed
as: )
n A (0) (@)
63 (r0™) - ro\")
n(n?-1) ’

where r(-) denotes the rank transformation. Spearman correlation is robust to non-linear

S (5.14)

dependencies and was reported for all within-sample, cross-sample, and cross-tissue

validation experiments.
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(@)

Pearson correlation. The Pearson correlation coefficient p,” measures the linear associa-

tion between predictions and observations:
n (0 W) ( 0 _ W)
(l) =1 ( -y y y

\/Z (z _ y(z) \/Z _1 _ y(z))

where @ and y( denote the sample means. This metric is mainly used in cross-sample

, (5.15)

and cross-tissue evaluations to assess linear predictive accuracy.

Root mean squared error (RMSE). RMSE quantifies the average magnitude of prediction

CITOrS:

n

. 1 . N2
RMSE? = [~ 3" (ﬁf-’) - yﬁ-’)) . (5.16)
=

Lower RMSE values indicate more accurate predictions in absolute terms and provide a

complementary perspective to correlation-based metrics.
Statistical significance testing.

To evaluate the effect of incorporating spatial features in non-GNN methods, we compared
each base model (non-spatial setting) with the same model in spatial setting using a
two-sided Wilcoxon signed-rank test on the per-protein Spearman correlations. For each

protein i, the paired difference is

(@) @)
2 = Py spatial ~ Ps,base’ (5.17)

and the Wilcoxon statistic is

W= Z R - sen(z), (5.18)

where R; is the rank of |z;| and m is the number of proteins considered.

5.2.6 Datasets

A total of six spatial multi-omics samples from the Visium CytAssist multi-omics platform
are used in this study. These include four public tonsill, tonsil2, breast cancer, and
glioblastoma samples obtained from 10x Genomics webpage, and two in-house Head and
Neck Squamous Cell Carcinoma (HNSC) samples Al and D1.
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Breast cancer: Formalin-fixed paraffin-embedded (FFPE) human breast cancer tissue
(female, 50s) is prepared using the 10x Genomics Visium CytAssist Spatial Gene and
Protein Expression technology. Tissue sections of 5 jym thickness are stained with DAPI,
Vimentin, and PCNA for immunofluorescence and imaged on an Olympus slide scanning
microscope (20x UPLXAPO objective, NA 0.8) with a Hamamatsu Orca FusionBT
sCMOS camera. Spatial gene and protein expression libraries are sequenced on an Illumina
NovaSeq with targeted depths of 35,000 reads per spot for gene expression and 20,000
reads per spot for protein expression. The dataset comprises 4,169 tissue-covered spots,
with a median of 5,473 genes per spot, a mean of 44,009 reads per spot for gene expression,

and a mean of 43,038 reads per spot for protein expression.

Glioblastoma: The sample is from a FFPE human glioblastoma tissue (female, 60s) and
generated using the same protocol in the breast cancer sample. The dataset comprises
5,756 tissue-covered spots, with a median of 7,629 genes per spot, a mean of 68,906 reads

per spot for gene expression, and a mean of 75,377 reads per spot for protein expression.

Tonsil 1: The same protocol is also performed for a FFPE human tonsil tissue (female,
30s). The dataset comprised 4,194 tissue-covered spots, with a median of 8,275 genes per
spot, a mean of 111,046 reads per spot for gene expression, and a mean of 72,898 reads per

spot for protein expression.

Tonsil 2: Similar to the Tonsil 1 sample, but this one is based on a FFPE human tonsil
tissue of a male who is 25 years old. The dataset comprised 4,908 tissue-covered spots,
with a median of 8,114 genes per spot, a mean of 75,598 reads per spot for gene expression,

and a mean of 34,845 reads per spot for protein expression.

HNSC (A1): Based on a FFPE human head and neck squamous cell carcinoma tissue. The
dataset comprised 486 tissue-covered spots, with a median of 6 genes per spot, a mean
of 169,346 reads per spot for gene expression, and a mean of 130,024 reads per spot for

protein expression.

HNSC (D1): Another FFPE human head and neck squamous cell carcinoma tissue sample.
The dataset comprised 966 tissue-covered spots, with a median of 1,137 genes per spot, a
mean of 81,833 reads per spot for gene expression, and a mean of 53,410 reads per spot for

protein expression.
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5.2.6.1 Spatial multi-omics data generation

The spatial multi-omics datasets analyzed in this chapter were generated using the 10x
Genomics Visium CytAssist platform, which enables the joint measurement of spatial
RNA expression and protein abundance on the same tissue section. This platform extends
the standard Visium workflow by incorporating antibody-derived tags, allowing the
simultaneous profiling of transcriptomic and proteomic signals while preserving spatial

context at the spot level.

In brief, tissue sections were mounted onto Visium slides and processed according to the
Visium CytAssist protocol. RNA transcripts were captured via spatially barcoded primers,
while protein abundance was quantified using oligonucleotide-labeled antibodies targeting
a predefined panel of proteins. Following reverse transcription and library preparation,
separate sequencing libraries were generated for RNA and protein modalities. Sequencing
reads were processed using the Space Ranger pipeline, which produces spatially resolved

gene expression matrices and corresponding protein count matrices for each capture spot.

5.2.6.2 Data Processing

All datasets provide paired RNA expression and protein abundance of each spot. Low-
quality spots are removed if they contain fewer than 700 detected genes or if more than 30%
of unique molecular identifiers (UMIs) are mitochondrial. Genes detected in fewer than
2.5% of spots are excluded. RNA expression matrices are normalized to 10,000 UMIs per
spot, log-transformed, scaled to unit variance per gene, and clipped at a maximum value of
10. Protein abundance (antibody-derived tag, ADT counts) is normalized using the centered
log-ratio (CLR) transformation recommended by 10x Genomics. After preprocessing,
the dataset contains 18,085 genes and 31 proteins across six samples for downstream

analyses.

5.3 Results

5.3.1 Comparison of the prediction methods using within-sample

cross-validation

In this section, we apply a spatial 10-fold cross-validation strategy for within-sample

validation (details in section 5.2). Briefly, k-means clustering is applied to the spatial
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Fig. 5.2.: Spatial 10-fold cross-validation splits for within-sample evaluation. Illustration of
the spatial partitioning strategy applied to spatial multi-omics datasets for within-sample
evaluation. Capture spots were divided into ten spatially contiguous folds using K-means
clustering on two-dimensional spatial coordinates, ensuring spatial separation between
training and test sets in each fold. Colors represent fold assignments, with each fold
serving once as the test set. This spatially aware design preserves tissue architecture and
provides a more realistic estimate of model generalization compared to random splitting.
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coordinates of spots to construct 10 folds of spots for the within-sample cross-validation.

Fig. 5.2 presents the spatial arrangement of 10 folds for each dataset.

Fig. 5.3 shows that most models achieve moderate to high prediction accuracy across
datasets, with spatially enhanced tree-based ensembles—LightGBM-Spatial, XGBoost-
Spatial, and CatBoost-Spatial—consistently ranking among the top performers. In HNSC
and tonsil samples, non-GNN methods with spatial setting significantly improves Spearman
correlation (p < 0.05) relative to ones with non-spatial setting, underscoring the value of

spatial context in protein abundance prediction.
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Fig. 5.3.: Protein prediction performance in six spatial multi-omics datasets with within-
sample validation (Spearman correlation). Prediction accuracy of ten models for each
dataset, evaluated using Spearman correlation between predicted and measured protein
abundances. The two-tailed Wilcoxon rank-sum test is used for the difference between
spatial setting and non-spatial setting of non-GNN methods (p < 0.05 (*), p < 0.01
(**), and p < 0.001 (***), ns indicating no significant difference). Arrows present the
direction of statistical significance that upward (downward) arrows indicate the spatial
setting is better (worse) than the non-spatial setting.

Figs. 5.4 and 5.5 present the Pearson correlation and RMSE results, respectively, which
show the same trends as the Spearman correlation, further demonstrating the advantage of

incorporating spatial context.
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Fig. 5.5.: Protein prediction performance with within-sample validation (RMSE).
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From the figure, methods of CatBoost, LightGBM and PLS (both spatial and non-spatial
settings) are generally top performing methods, followed by XGBoost methods. GNN-based
models (GAT, GraphSAGE and DGAT) show the worst performance with lower median
Spearman correlations and larger variance. Furthermore, among the tree-based approaches,
CatBoost methods are usually slightly better than LightGBM across datasets.

Protein-level results across all datasets are presented in Fig. 5.6 and Fig. 5.7. Spatially
augmented tree-based ensemble models (LightGBM-Spatial, XGBoost-Spatial, CatBoost-
Spatial) consistently ranked among the top performers, achieving median Spearman
correlations above 0.70 for multiple proteins such as CD68, CD163, HLA-DRA, and
CD3E in immune-rich tissues (e.g., tonsil and head and neck cancer). In contrast, proteins
with low expression or weak spatial structure, including KRT5 and CEACAMS, exhibited
uniformly poor prediction accuracy (median Spearman correlation < 0.30) across all
models. Glioblastoma displayed more heterogeneous outcomes, with certain targets (e.g.,
CD31, PDGFRB) attaining moderate correlations (0.50—0.65), while others remained
poorly predicted. Breast cancer datasets demonstrated strong predictive performance for
epithelial and immune markers (e.g., EPCAM, CD3E), with several models exceeding
a correlation of 0.75. In comparison, graph neural network models (GAT, GraphSAGE
and DGAT) showed lower median performance (frequently < 0.50) and greater variance
relative to spatially enhanced tree-based methods, particularly in datasets characterized by

pronounced spatial clustering of protein abundance.
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Fig. 5.6.: Within-sample prediction performance in Tonsil and Glioblastoma. Protein-wise

Spearman correlations for Tonsil 1, Tonsil 2, and Glioblastoma datasets, with dot size

indicating inverse RMSE (larger dots denote better accuracy).
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Fig. 5.7.: Within-sample prediction performance in HNSC and Breast Cancer. Protein-
wise Spearman correlations for HNSC (A1), HNSC (D1), and Breast Cancer datasets,
visualized with dot size reflecting inverse RMSE.

5.3.2 External validation using samples from the same tissue type

In this section, we apply cross-sample validation for two samples from the same tissue
types including HNSC and human tonsil. Figure 5.8 compares the distribution of spot-wise
total protein abundance between the two samples in each tissue type. As a result, despite
differences in the number of spots, the overall abundance distributions are comparable
between sample within each tissue type, indicating that large-scale distributional shifts do

not confound cross-sample prediction.
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Fig. 5.8.: Cross-sample distribution of total protein abundance. Distribution of spot-wise total
protein abundance for the source and target datasets in cross-sample validation.

Figure 5.9 presents the cross-sample prediction results for HNSC (A1), HNSC (D1),
Tonsil 1, and Tonsil 2, where each sample is predicted using another sample from the same
tissue (HNSC (D1), HNSC (A1), Tonsil 2, and Tonsil 1, respectively) as the training dataset.
Consistent with the internal validation results, PLS, LightGBM, and CatBoost emerge as
the top-performing methods, whereas GNN-based models such as GAT, GraphSAGE, and
DGAT generally yield lower correlations (median Spearman often below 0.40) and higher

RMSE values, reflecting their limited robustness.

Figure 5.9 further shows that models incorporating spatial features consistently achieve
higher prediction accuracy compared to their non-spatial counterparts. For instance, in the
HNSC (D1) sample, LightGBM-Spatial attains a median Pearson correlation of 0.68 and
Spearman correlation of 0.65, withan RMSE of 0.21, compared to 0.54, 0.51, and 0.28 for the
non-spatial LightGBM model. Similarly, in the Tonsil 1 sample, XGBoost-Spatial achieves
a median Spearman correlation of (.72 and Pearson correlation of 0.70, outperforming its
non-spatial counterpart by approximately 0.12—-0.15 in correlation and reducing RMSE
by about 0.06. DGAT, however, does not provide notable improvements over GAT and
GraphSAGE, with correlations remaining modest and RMSE values comparatively high,

underscoring the limited effectiveness of GNN models in this cross-sample setting.
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Fig. 5.9.: Evaluation of the protein prediction methods using cross-sample validation. Pre-
diction performance on the HNSC (A1), HNSC (D1), Tonsil 1 and Tonsil 2 samples,
evaluated using Pearson correlation, Spearman correlation, and root mean squared error
(RMSE) across prediction methods.

Fig. 5.10 visualizes the prediction results using a protein-level prediction map for protein
EPCAM in HNSC (D1) sample. EPCAM is an epithelial cell adhesion molecule highly
expressed in carcinoma epithelial layers, serving as a key marker for tumor epithelial
compartments. This protein is also among the good predictive proteins across methods.

As shown in the figure, tree-based models both with spatial and non-spatial settings more
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accurately reproduce the measured spatial patterns, PLS models miss some patterns, and

GNN models often fail to recover fine-grained spatial structures.
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Fig. 5.10.: Evaluation of the protein prediction methods using cross-sample validation. Spatial
prediction maps for one representative protein: EPCAM from the HNSC dataset. For
each protein, the leftmost panel shows the measured distribution, followed by predictions
from each model.

5.3.3 External validation using samples from the different tissue types
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Fig. 5.11.: Cross-tissue validation of the prediction methods across six samples. Protein-wise
performance on held-out datasets. Results are shown as boxplots of Spearman correla-
tions, with panels ordered from left to right by the test dataset: HNSC (A1), HNSC (D1),
Tonsil 1, Tonsil 2, Breast Cancer, and Glioblastoma. For each dataset, the results
methods are in the following orders: PLS, PLS-Spatial, XGBoost, XGBoost-Spatial,
LightGBM, LightGBM-Spatial, CatBoost, CatBoost-Spatial, GAT, GraphSAGE and
DGAT.

In this section, we further assess the robustness and generalizability of the prediction

models using cross-tissue validation. Figure 5.11 summarizes protein-wise performance for
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each test dataset using the Spearman correlation across all proteins. PLS with both spatial
and non-spatial settings are among top performing methods. CatBoost methods generally
better than the other tree-based boosting method, while GNN methods still achieve worst

performance across datasets.

We observe substantial variability in performance across tissues. For the breast cancer
dataset, spatially augmented models achieve the strongest results, with CatBoost-Spatial
reaching a median correlation of about 0.62 and interquartile ranges (IQRs) consistently
above 0.50. The tonsil datasets yield more moderate results, with Tonsil 1 attaining the
highest median correlation of approximately 0.50 with PLS and Tonsil 2 reaching 0.55.
However, boosting and GNN models do not provide improved performance in these cases.
DGAT shows similar patterns to the other GNN methods, with lower median correlations
and broader variability, indicating limited cross-tissue predictive ability. In contrast, the
HNSC datasets show lower performance, with median correlations of around 0.55 for
both HNSC Al and D1 using the best-performing models. Glioblastoma consistently
demonstrates the weakest transferability, with median correlations below 0.40 for most
models and IQRs frequently spanning zero, indicating unstable predictions across proteins.
These differences suggest that cross-tissue prediction accuracy is strongly influenced by

the degree of molecular similarity between the training and testing tissues.

To illustrate protein-level variability, Figure 5.12 and 5.13 present a heatmap of protein-
wise Spearman correlations for the different samples. Results reveal marked performance
differences across proteins, with certain markers (e.g., CD3E, PTPRC2, EPCAM) achieving
correlations above 0.7 with multiple models, while others (e.g., CD40, ITGAM) are poorly
predicted across all methods. This heterogeneity underscores that cross-tissue prediction
accuracy depends not only on prediction models but also on predictive proteins. Tonsil
datasets achieved the highest cross-tissue prediction accuracy, with median correlations
up to 0.82 for Tonsil 1 and 0.80 for Tonsil 2 using spatially augmented tree-based models.
HNSC datasets exhibited moderate performance (median correlations around 0.55-0.58
for the best models), while breast cancer showed slightly higher transferability than HNSC,
with CatBoost-Spatial reaching 0.65 median correlation. Glioblastoma remained the most
challenging tissue, with median correlations frequently below 0.30 and several proteins
exhibiting near-zero or negative correlations across all models. Protein-level variability was
observed in all tissues, with immune-related markers generally predicted more accurately
than structural or stromal proteins. Figs B.1-B.6 in the Appendix illustrate, for each
tissue type, the spatial distributions of two representative proteins alongside their model

predictions, enabling visualization of tissue-specific prediction accuracy.
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Fig. 5.12.: Cross-tissue prediction performance in Tonsil and Breast Cancer. Heatmaps of
protein-wise Spearman correlations for Tonsil 1, Tonsil 2, and Breast Cancer datasets
used as test sets, showing variability in predictive accuracy across proteins and models.
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Fig. 5.13.: Cross-tissue prediction performance in HNSC and Glioblastoma. Heatmaps of
protein-wise Spearman correlations for HNSC (A1), HNSC (D1), and Glioblastoma
test sets, illustrating protein-level heterogeneity and differences in model transferability
across tissues.

104 Chapter 5 A Comparative Study of Predictive Models for Spatial Protein Abundance from



5.3.4 Spatial protein predictions recover immune-rich regions in the
HNSC tumor microenvironment and identify protein markers

associated with immunotherapy response

Epithelial cells Stromal cells

| . - .
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Fig. 5.14.: Deconvolution maps for a poorly immune-infiltrated HNSC sample. Spatial maps
of cell type proportions estimated by SCDC deconvolution are shown for representative
immune and tissue compartments, including CD45+ immune cells, epithelial cells,
and stromal cells. Each spot is color-mapped to the estimated proportion (0-1) and
overlaid on the corresponding tissue image. The boxed region highlights an area
where immune infiltration is weak and spatial boundaries are less distinguishable using
transcriptomic signals alone, motivating the integration of predicted protein features to
recover previously undercharacterized macrophage-enriched domains.

To demonstrate the applications of spatial protein prediction models, we used training data
from two HNSC Visium Spatial-CITESeq samples to predict protein abundance for 31
markers across 8 Visium spatial transcriptome (RNA alone) samples from a HNSC patient

cohort treated with ICB immunotherapy.

First, we asked whether predicted proteins help us identify previously missing regions due to
the lack of surface protein markers. In a poorly immune-infiltrated sample (Fig. 5.14 - with
cell-type deconvolution maps), we used spatial clustering using three feature representations:
RNA-only, predicted protein-only, and a combined RNA+protein feature space. The
combined RNA+protein clustering identifies 9.7% more of macrophage-enriched spatial
spots compared to the single data modality (Fig. 5.15a-b). Macrophage-enriched spots
were defined as spatial locations with the highest macrophage proportion, as estimated by
DECLUST deconvolution [203]. Specifically, the combination clustering recovered clusters
16 and 29, which are identified as macrophage-rich regions only in RNA- and protein-only
analyses, respectively, among the highly enriched macrophage regions (clusters 1, 10, 16,

27, and 29) based on deconvolution. These clusters show high correlation (Pearson r=0.77)
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Fig. 5.15.: Spatial characterization of tumor immune microenvironment features using
predicted protein abundance. (a) Spatial clustering of the HNSC sample using RNA-
only, protein-only, and combined RNA+protein features. The circled regions highlight
macrophage-enriched spatial domains. (b) For the combined-feature clustering, the
relationship between cluster-level macrophage cell-type proportion and the mean ex-
pression of macrophage-associated marker genes is shown, with each point representing
a spatial cluster. (c¢) Differential CD163 abundance between macrophage-enriched
clusters and the remaining tissue across RNA-based, protein-based, and combined
feature clustering. (d) Comparison of predicted protein abundance between responder
and non-responder groups across immune-related markers.

in macrophage proportions estimated using deconvolution and macrophage gene signatures
from scRNA-Seq references (Fig. 5.15b). Notably, we found that macrophage-enriched
clusters identified in the RNA-only (Cluster 2) and protein-only (Cluster 5) settings are
re-identified as clusters (29 & 10) with higher enrichment in macrophage protein marker,
CD163, compared to the rest of the tissue when using the combined RNA+protein clustering
(p=12x10"0vs. p=8.2x10"2", and p =3.3x 107 vs. p = 9.6 x 10723, Fig. 5.15¢).

These data confirmed the necessity of integrating complementary transcriptomic and
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proteomic information, preserving distinctions captured by each modality alone, and
producing more spatially coherent macrophage-rich region boundaries, thereby making

inferred tissue domains more biologically interpretable.

Next, we evaluated predicted protein markers that differ between Responder and Non-
Responder patients using a combination of multi-omics and RNA-only Visium samples,
resulting in a total of 10 samples. Given the limited number of patients, statistical
comparisons were performed at the cluster level to increase analytical power (Fig. 5.15d;
Table 5.1), yielding 116 clusters from Responder samples and 138 clusters from Non-
Responder samples. We found that Responder-associated clusters exhibit higher known
“immunologically hot tumor” phenotypes, including higher CD45+ markers (PTPRC and
PTPRC2; adjusted p = 8.20 x 107'* and 1.48 x 10730), CD8+ T cell markers (CD8A;
adjusted p = 1.29 x 1077). In contrast, clusters in non-responder samples display elevated
levels of macrophage- and myeloid-associated proteins, such as CD68, CD14, and ITGAX,
marking immunosuppressive myeloid infiltration phenotypes as observed in anti-PD1
resistance. These observed differences indicate the feasibility of using predicted protein
information derived from RNA gene expression to identify proteomic immunotherapeutic

biomarkers and targets.

Tab. 5.1.: Pairwise comparison results between responders and non-responders at the cluster

level.

Protein p-value Adjusted p-value (FDR)
PTPRC2 4.759552 x 10~32 1.475461 x 10730
CXCR5 3.481524 x 1073 5.396362 x 10722
CD274 4.339586 x 10721 3.363179 x 10720
CD68 2.215664 x 102! 2.289519 x 1020
PAX5 7.358431 x 10716 4.562227 x 10713
MS4A1 2.739636 x 1014 1.213267 x 10~13
PTPRC 1.586430 x 10~ 14 8.196557 x 10714
BCL2 1.198689 x 1077 3.715937 x 1077
CDSA 3.736547 x 1078 1.287033 x 1077
CD27 6.657509 x 10711 2.579785 x 10~10
ITGAM 3.314074 x 1074 7.338306 x 1074
CD19 3.227955 x 1074 7.338306 x 1074
CEACAMS 4.164777 x 1074 8.607206 x 104
KRT5 1.527228 x 1074 4.304007 x 1074
ACTA2 5.182900 x 104 1.004187 x 1073
FCGR3A 2.576045 x 1074 6.654784 x 10~*
ITGAX 2.924025 x 1073 5.035821 x 1073
CD14 1.325004 x 1073 2.416183 x 1073
VIM 1.019148 x 1072 1.662820 x 1072
CD4 1.664853 x 1072 2.580521 x 1072
CD40 3.890557 x 1072 5.743204 x 1072
PDCDI 6.902013 x 1072 9.725564 x 1072

Continued on next page
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Protein p-value Adjusted p-value (FDR)
HLA-DRA 1.209455 x 10! 1.630135 x 107!
PCNA 1.410351 x 107! 1.821703 x 107!
PECAM1 1.544639 x 107! 1.915352 x 107!
EPCAM 3.015942 x 107! 3.595931 x 107!
CD163 4.238029 x 107! 4.865886 x 107!
CCR7 4.966172 x 1071 5.498262 x 107!
CD3E 5.873657 x 107! 6.278737 x 107!
CR2 8.069796 x 10~! 8.338789 x 10~!
SDC1 8.537664 x 1071 8.537664 x 107!
5.3.5 Comparison of the prediction methods in terms of computational
efficiency
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Fig. 5.16.: Computational time across 10 models in the cross-tissue validation. The x-axis
represents the prediction models, while the y-axis shows the computational time in
seconds on a logarithmic scale.

To compare the computational efficiency of different models is evaluated under the cross-
tissue validation setting using the breast cancer dataset as the test set. All experiments are
conducted on a Linux server equipped with 96 logical CPUs (48 physical cores) and no
GPU acceleration. The computational time is measured from the start of the cross-tissue

validation of a tool until its results are exported.
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Figure 5.16 presents the training and testing times for the evaluated models on a logarithmic
scale. The graph-based approaches (GAT and GraphSAGE) exhibit the shortest runtimes,
requiring approximately 116 and 135 seconds for training and less than one second for
testing, thereby representing the most computationally efficient methods. DGAT, in contrast,
incurs a substantially higher training cost (3,281.6 seconds) but still achieves a relatively fast
testing time of 6.3 seconds, positioning it between the lightweight graph-based methods and
the more computationally intensive tree-based models. PLS also demonstrates relatively
low computational demand (176.5 seconds for training and 7.2 seconds for testing), although
the inclusion of spatial features increases its training and testing times substantially (859.7
and 26.1 seconds, respectively). In contrast, tree-based models require considerably longer
training times, particularly when spatial features are incorporated. LightGBM-Spatial and
CatBoost-Spatial show the highest computational costs, with training times of 5,232.6 and
16,011.4 seconds, respectively, though both maintain comparatively fast testing performance
(7.9 and 11.8 seconds).

5.4 Discussion

This study provides a systematic comparison of predictive models for estimating spatial
protein abundance from transcriptomic profiles, evaluated under within-sample, cross-
sample, and cross-tissue validation schemes. The results show that 1) methods with spatial
setting including PLS-Spatial, LightGBM-Spatial, XGBoost-Spatial, and CatBoost-Spatial
generally perform better than the same methods with non-spatial setting, highlighting
the importance of spatial information in protein prediction task, 2) PLS, LightGBM and
CatBoost in both spatial and non-spatial settings are among top-performing methods, while
GNN modes including GAT and GraphSAGE show the worst performance.

We observe that method performance in within-sample and cross-sample validation is
comparable but drops substantially in cross-tissue validation, highlighting the challenges
arising from biological and technical variation in samples from different tissues. In cross-
tissue validation, prediction performance varies greatly across proteins but is consistent
across methods, enabling the identification of proteins with high or low confidence for

practical abundance inference.
Although GNNs are the fastest, they yield the lowest predictive performance among all

methods. While boosting-based models deliver higher accuracy in many cases, they also

incur significantly greater training times. In contrast, partial least squares (PLS) regression

5.4 Discussion

109



110

offers extremely fast runtimes while still producing competitive results in certain scenarios.
This efficiency makes PLS an appealing option when computational constraints outweigh

the pursuit of maximal accuracy.

GNN models including GAT, GraphSAGE, and DGAT, which inherently encode spatial
topology, consistently exhibit lower and more variable performance in our benchmarks.
DGAT, despite its dual-graph attention mechanism designed to leverage both feature
and spatial graphs, does not achieve substantial improvements over GAT or GraphSAGE
in our evaluation, particularly under cross-sample and cross-tissue validation. These
findings suggest that current GNN architectures for spatial multi-omics prediction require
further optimization, potentially through architectural refinements and advanced feature
engineering. Moreover, cross-sample assessment demonstrates potential utility for cost
reduction in practical applications: laboratories could generate a limited number of spatial
samples with both gene and protein expression, then extrapolate protein abundance in other,

more economical RNA-only spatial transcriptomics datasets.

The biological application with HNSC samples from patients treated with immunotherapy
demonstrates that predicted protein abundance carries a meaningful biological signal
that complements transcriptomic information. Incorporating predicted protein features
improves the spatial delineation of macrophage-enriched tumor regions and strengthens
the correspondence between inferred cell-type composition and marker gene expression.
Moreover, predicted protein profiles distinguish responder and non-responder immune
states, with responders exhibiting higher abundance of T cell-associated markers and
non-responders enriched for macrophage-associated signatures. These results indicate that
predicted protein abundance enables refined characterization of immune microenvironments,

even in datasets lacking direct proteomic measurements.

In summary, this study provide a systematic benchmark for evaluating spatial protein
prediction methods in diverse validation scenarios. The results clarify trade-offs between
model classes, emphasizing that spatially augmented tree ensembles currently provide
the most favorable balance between accuracy and robustness, while GNNs hold untapped
potential with targeted architectural improvements. Future research could explore hybrid
models that combine the spatial representational power of GNNs with the predictive
stability of gradient-boosting ensembles, as well as unified preprocessing pipelines to

facilitate reproducible and fair method comparisons.
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Discussion, Conclusions and
Future Work

6.1 Discussion

This thesis addresses two key methodological challenges in spatial omics: enhancing cell
type deconvolution from sparse spatial transcriptomic data and systematically evaluating
computational frameworks for predicting protein abundance from RNA profiles. These
two lines of research demonstrate how spatial context can be leveraged not only to improve
cellular composition estimates but also to extend the predictive scope of transcriptomic

data toward multi-omic integration.

The DECLUST framework highlights the importance of incorporating spatial coherence
into computational pipelines. By aggregating gene expression across spatially coherent
spots, this approach mitigates noise and sparsity, resulting in improved deconvolution
accuracy and interpretability, outperforming several existing approaches in both simulated
and real datasets. By explicitly incorporating spatial coordinates, DECLUST preserves
tissue architecture and enables the identification of functional niches. However, its reliance
on high-quality single-cell references and sensitivity to clustering parameters may limit its

generalizability across diverse tissue types or low-quality datasets.

The benchmarking study of protein prediction models under within-sample, cross-sample,
and cross-tissue validation settings further highlights the importance of spatial feature
integration. Gradient boosting ensembles consistently outperform other methods in terms of
predictive accuracy, while partial least squares regression offers a computationally efficient
alternative. Graph neural networks, despite their theoretical suitability for spatial data,
underperform in current implementations, suggesting the need for architectural refinement.
Importantly, predictive performance varies across proteins and tissues, underscoring the
context-dependent nature of RNA—protein relationships and the need for protein-specific

modelling strategies.

Together, these studies illustrate complementary strategies for advancing spatial omics: one

by improving the fidelity of cell type deconvolution through spatially informed clustering,
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and the other by enabling transcriptome-based prediction of proteomic landscapes. Both
emphasize the critical role of spatial information in transforming spatial transcriptomics
from a descriptive tool into a predictive and integrative framework for studying tissue

organization and molecular function.

6.2 Conclusion

This thesis presents methodological innovations that enhance the analytical power of spatial
transcriptomics. Through the development of DECLUST and the systematic benchmarking
of protein prediction models, it demonstrates the importance of incorporating spatial
context into computational frameworks for improving both cell type deconvolution and

protein abundance inference.

The findings underscore the value of spatial coherence, multi-modal integration, and
biologically informed modelling in addressing the limitations of current spatial omics
technologies. By addressing both the decomposition of cellular composition and the
inference of downstream molecular modalities, this work lays the groundwork for advancing
spatial omics toward more comprehensive and scalable applications in biology and

medicine.

6.3 Future Work

6.3.1 Sequencing-free spatial multi-omics

To reduce cost and improve scalability, future models should explore sequencing-free
approaches that infer molecular profiles directly from histological images. Deep learning
approaches trained on paired image—transcriptome datasets could enable prediction of
molecular profiles directly from tissue sections, bypassing the need for RNA sequencing.
Key challenges include the collection of sufficiently large and diverse training datasets, as
well as the development of models that can generalize across staining protocols, imaging
platforms, and tissue types. Addressing these issues could transform spatial multi-omics
into a more accessible and cost-efficient technology for routine use in research and clinical

practice.
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6.3.2 Deep learning for direct cell type deconvolution

Extending DECLUST into an image-guided framework could enable cell type inference
without single-cell RNA references. Deep neural architectures, such as convolutional
neural networks, vision transformers, or multimodal graph networks, could be developed
to map tissue morphology to cellular composition without requiring single-cell RNA.
Such models enable deconvolution in tissues where reference atlases are incomplete or
unavailable, thereby broadening the applicability of spatial transcriptomics. Techniques
such as visual attention maps, feature attribution methods, and multimodal embeddings can
help establish transparent links between morphological cues and computational predictions,

thereby increasing confidence in the results.

6.3.3 Multi-modal data integration

Future research should move beyond transcriptomics and histology to incorporate additional
molecular modalities, including spatial proteomics, metabolomics, and ligand—receptor
interactions. Multi-modal integration would provide a more comprehensive view of
tissue organization and function, improving both interpretability and robustness. Hybrid
computational frameworks that fuse histological features, RNA profiles, and protein
measurements could bridge gaps between morphology and molecular activity, offering
richer biological insights. Developing such integrative models will likely require both novel
architectures capable of handling heterogeneous data and sophisticated data harmonization
techniques to correct for differences in resolution and noise levels across modalities.
Multi-modal learning could also reveal higher-order biological principles, such as the
coordination between transcriptional programs, protein localization, and metabolic activity,

which remain inaccessible to unimodal analyses.

6.3.4 Adaptive and generalizable frameworks

Both DECLUST and current protein prediction models require dataset-specific parameter
tuning and remain sensitive to the quality of reference data. Future frameworks should
emphasize adaptability, for example by developing clustering strategies that automatically
adjust to dataset-specific spatial resolution, noise level, and heterogeneity. Generalizable
models capable of transferring knowledge across tissues, conditions, or even species will be
crucial for translational applications. Advances in domain adaptation and transfer learning

may play a central role in achieving this goal. One possible direction is the creation of

6.3 Future Work
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universal pretrained models for spatial omics, analogous to large language models in natural
language processing, which could be fine-tuned for specific tissues or research questions.
Such developments would substantially reduce the barrier to entry for researchers and make

spatial omics analyses more consistent across studies and laboratories.

6.3.5 Protein-specific predictive modeling

The benchmarking analysis highlights that not all proteins can be predicted with equal
reliability from RNA data, and predictive performance also varies across tissues. Future
efforts should focus on protein-specific modeling strategies that integrate prior biological
knowledge, such as known transcriptional regulators, signaling pathways, or subcellular
localization. Attention-based deep learning models may be particularly effective for em-
phasizing protein-relevant RNA features, while incorporating curated pathway information
could further improve predictions. Another important direction will be the systematic
characterization of why certain proteins are more predictable than others, which could
lead to general design principles for RNA-to-protein inference. This line of research
not only improves the accuracy of computational prediction but also deepens biological
understanding of the transcriptional and post-transcriptional mechanisms that shape protein

abundance in different tissue contexts.

6.3.6 Toward clinical translation

A long-term research direction is the translation of computational frameworks into clinical
practice. Sequencing-free prediction models based on histology could be integrated into
diagnostic workflows, providing rapid and cost-effective assessment of cellular composition
or protein expression in patient tissue sections. Such approaches may support applications
in oncology, pathology, and personalized medicine by enabling the identification of
cellular niches, tumor microenvironment composition, or biomarker expression directly
from routine slides. Ensuring robustness, interpretability, and regulatory compliance
will be essential steps in moving from research tools to clinically deployable systems.
Collaborations with clinicians and pathologists will be critical for validating models in
real-world scenarios, while rigorous benchmarking on diverse patient cohorts will be
necessary to ensure fairness and reproducibility. If successful, these developments could
bridge the gap between computational innovation and clinical utility, making spatial omics

a practical tool for precision healthcare.

Chapter 6 Discussion, Conclusions and Future Work
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Appendix: Simulation Results
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Fig. A.1.: Accuracy of cell-type proportion predictions across multiple methods in Simulation
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In Fig.A.1, each scatterplot compares the predicted and true cell type proportions for
DECLUST, CARD, Cell2location, Tangram, and GraphST across 10 independent replicates
under the Simulation 1 framework. Points closer to the diagonal line indicate more accurate
predictions. DECLUST achieves the highest agreement with the ground truth, with mean
squared error (MSE) values ranging from 0.0006 to 0.0019, indicating exceptional precision.
CARD also performs well, with consistent MSEs around 0.0026—0.0027. In contrast,
Cell2location and Tangram show moderate performance, each producing stable but higher
MSEs ( 0.0166 and 0.0181, respectively). GraphST displays the largest prediction error
and spread, with MSEs ranging from 0.0279 to 0.0366 and predictions frequently diverging
from the diagonal. These results underscore the superior accuracy of DECLUST in settings
that align with its modeling assumptions, highlighting its strength in capturing true cell

type proportions under idealized simulation conditions.
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Fig. A.2.: Accuracy of cell-type proportion predictions across multiple methods in Simulation
2.

In Fig.A .2, scatterplots compare the predicted and true cell type proportions for five decon-
volution methods—DECLUST, CARD, Cell2location, Tangram, and GraphST—across 10

replicates datasets in the Simulation 2 setting. Each point represents a capture spot, and the
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dashed diagonal line indicates perfect agreement between predicted and real proportions.
DECLUST and CARD show close alignment with the diagonal, with notably low mean
squared error (MSE ~ 0.0028-0.0033), indicating high accuracy in cell type prediction.
Cell2location and Tangram exhibit moderate deviations, with MSE values around 0.0272
and 0.0404, respectively. GraphST displays the largest discrepancies, with MSEs frequently
exceeding 0.06 and greater dispersion from the diagonal. These results further confirm
the strong predictive performance of DECLUST under Simulation 2, even in a more

challenging scenario with alternative assumptions.
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Appendix: Spatial Visualization

of Predicted Protein Abundance

Breast Cancer
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Fig. B.1.: Cross-tissue prediction of PCNA and CD274 expression in breast cancer. PCNA?2,
a nuclear marker associated with cell proliferation, displayed distinct high-expression
clusters corresponding to tumor regions. Boosting-based models, particularly when
incorporating spatial features, effectively reconstructed these clusters, whereas non-
spatial GNNs exhibited reduced local contrast. CD274 (PD-L1), with a more diffuse
expression pattern, was predicted with moderate accuracy across models, though
spatially informed approaches provided improved delineation of expression gradients

compared with their non-spatial counterparts.
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Fig. B.2.: Cross-tissue prediction of VIM and CD27 expression in glioblastoma. VIM

(vimentin), a cytoskeletal marker of mesenchymal phenotype, showed broad expression
across tumor and peritumoral regions. Spatially informed boosting models achieved
the most accurate reconstruction, capturing both regional gradients and high-intensity
zones, whereas GNN predictions tended to under-represent finer spatial details. CD27,
expressed on activated T cells, exhibited a localized distribution that was better
preserved by models integrating spatial features, while non-spatial methods produced
more homogeneous but less accurate predictions.
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Fig. B.3.: Cross-tissue prediction of EPCAM and HLA-DRA expression in head and neck
squamous cell carcinoma (HNSC, Al). EPCAM, an epithelial cell adhesion marker,
displayed sharply localized expression in tumor epithelial regions. Spatially enhanced
boosting models produced highly accurate reconstructions, closely matching the ground
truth, while non-spatial models showed blurring at tissue boundaries. HLA-DRA, an
MHC class II molecule, had a more heterogeneous expression pattern across immune
cell-rich areas; spatial models outperformed non-spatial ones in identifying discrete
high-expression zones, reducing over-smoothing effects.
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Fig. B.4.: Cross-tissue prediction of EPCAM and HLA-DRA expression in head and neck
squamous cell carcinoma (HNSC, D1). For EPCAM, strong epithelial localization
was accurately recapitulated by most boosting-based models, particularly with spatial
feature integration, whereas GNNs without explicit spatial inputs yielded less distinct
regional contrasts. HLA-DRA exhibited a patchy distribution linked to immune
infiltrates; spatially informed models demonstrated superior delineation of these regions,
reducing background noise and better preserving local intensity variations compared
with non-spatial predictions.
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Fig. B.5.: Cross-tissue prediction of CD8A and CD3E expression in human tonsil (sample 1).
CD8A, a marker of cytotoxic T lymphocytes, exhibited a sharply localized distribution
within lymphoid regions, forming distinct boundaries between high- and low-expression
zones. Boosting-based models with spatial feature integration most accurately captured
these patterns, while non-spatial GNN predictions appeared smoother with reduced
boundary sharpness. CD3E, a pan-T cell marker, showed a broader distribution across
lymphoid compartments; spatially informed models provided enhanced reconstruction
of intra-tissue variation, whereas non-spatial methods tended to underrepresent localized
expression peaks.
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Fig. B.6.: Cross-tissue prediction of CD8A and CD3E expression in human tonsil (sample
2). CDS8A displayed a punctate expression pattern concentrated in discrete immune
cell clusters within lymphoid follicles. Spatially enhanced boosting models produced
clearer delineation of these high-expression regions compared with their non-spatial
counterparts, which tended to blur localized intensity peaks. CD3E exhibited a broader
yet structured distribution across the lymphoid tissue, with spatially informed models
capturing both inter- and intra-follicular variation more effectively. GNN-based models
generated smoother reconstructions but occasionally underestimated sharp spatial
transitions present in the ground truth.
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