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pluripotent state, enabling them to differentiate
into various specialised cell types, including
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Heart muscle cells generated through the
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ABSTRACT

Cardiovascular diseases remain the leading cause of global mortality, with limited
regenerative capacity of adult cardiac tissue presenting significant therapeutic challenges.
The primary cause of death worldwide is still cardiovascular diseases, and treating these
conditions is extremely difficult due to the adult heart tissue's limited capacity for
regeneration. Cardiomyocytes derived from human induced pluripotent stem cells (hiPSC-
CMs) present promising potential for cardiac regenerative medicine;, however, existing
differentiation protocols are highly inconsistent and do not have accurate predictive
evaluation techniques. By integrating the analysis of temporal gene expression data and
spatial transcriptomics, this study developed a novel hybrid deep learning architecture that
combines Graph Neural Networks (GNNs) and Recurrent Neural Networks (RNNs) to
predict the outcomes of cardiomyocyte differentiation. RNN components analysed temporal
gene expression trajectories across 800 samples and 10 time points, while GNN
components processed spatial transcriptomics data from 752 tissue spots to capture spatial
relationships. Three fusion strategies - concatenation, attention-based, and ensemble
approaches - were meticulously evaluated. With an accuracy of 96.67%, the ensemble
fusion approach outperformed the state-of-the-art computational approaches by a
significant margin (+13.47% compared to the top GNN approaches and +6.97% compared

to specialised biological models).

Keywords: Cardiomyocyte differentiation; Spatial transcriptomics, Spatial multi-omics,
Single-cell biology, Deep learning; Graph Neural Networks; Recurrent Neural Networks;

Stem cells; Artificial Intelligence,; Cardiac biology
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1. CHAPTER 1: INTRODUCTION
1.1.BACKGROUND

Cardiovascular diseases (CVDs) remain the leading cause of global mortality, accounting for
around 20.5 million deaths in 2021 alone, with over 75% of deaths occurring in low and middle-
income nations[1]. This strain is mostly caused by ischaemic heart disease and stroke, which
reflects structural difficulties in prevention, treatment, and innovative therapeutics[1]. CVDs,
which are caused by diabetes, hypertension, and socioeconomic shifts, take 215 lives every day in
South Africa[2], more than all malignancies combined. The adult heart’s regenerative ability is
quite restricted[3], even with the best medical treatment, making it difficult to heal injured cardiac
tissue, which is why this epidemic highlights the urgent need for sophisticated regenerative
techniques. These alarming statistics highlight ongoing deficiencies in CVD prevention, early
detection, and treatment, particularly in areas with limited resources. Because human
cardiomyocytes seldom return to the cell cycle after an ischaemic event, injured myocardium is
replaced by fibrotic scar, causing fibrosis and unfavourable cardiac remodelling, increasing the
risk of heart failure. This pathophysiological cascade underscores the urgent need for regenerative
approaches capable of restoring functional cardiac tissue rather than merely managing disease
progression.

With the potential to produce infinite quantities of patient-specific cardiomyocytes without the
moral limitations relating to embryonic sources, human induced pluripotent stem cells (hiPSCs)
have become a transformative platform for cardiac regenerative medicine[4]. Recent developments
in growth factor-guided and small molecule modulator-based directed differentiation protocols
have produced impressive results; in suspension culture systems, some of these techniques have
been able to achieve >90% cardiomyocyte purity[5]. With yields of roughly 2.4 cardiomyocyte per
input hiPSC, the most recent optimised protocols achieved >90% cardiac troponin T-positive cells,
signifying significant efficiency gains[5]. Additionally, cutting-edge techniques like reseeding at
the cardiac progenitor stage have shown 10-20% absolute increases in cardiomyocyte purity
without impairing sarcomere structure or contractility[6]. These hiPSC-derived cardiomyocytes
(hiPSC-CMs) demonstrate critical morphological and functional characteristics of native heart
cells, including spontaneous contractility, calcium handling machinery, and expression of cardiac-
specific transcription factors, positioning them as promising candidates for cell therapy and tissue
engineering applications[6], [7]. However, significant challenges persist in translating this
potential into clinical reality[8]. Significant batch-to-batch variability is present in current
differentiation protocols, and reproducibility under various experimental conditions is impacted
by significant intra- and inter-batch variability in cardiomyocyte purity[5], [9]. The therapeutic
efficacy of hiPSC-CMs is further limited by their electrical and contractile characteristics, which
exhibit significant heterogeneity and frequently resemble immature foetal rather than adult
cardiomyocytes[5], [9], [10], [11]. The continuous need for reliable predictive methodologies to
maximise protocol outcomes is demonstrated by recent developments in monitoring differentiation
efficiency using cutting-edge techniques like Raman spectroscopy of conditioned media[12]. A
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thorough understanding of the molecular processes controlling cardiomyocyte differentiation
efficiency and maturation is necessary to fully realise their regenerative potential[11].

The development of spatial multi-omics technologies has revolutionised our ability to analyse
cellular behaviour and microenvironmental control within intact tissue architectures[13]. Spatial
transcriptomics platforms, particularly 10X Genomics Visium technology, enable simultaneous
mapping of gene expression patterns to precise anatomical locations, preserving critical spatial
context that is lost in traditional single-cell approaches[14], [15], [16], [17]. The intricate cellular
communities that make up the developing heart have been made visible by recent developments
in spatial transcriptomics[13], [17]. Research has shown that various cardiac cell populations
interact spatially to coordinate the development of the ventricular wall[18]. These technologies
have revealed spatially restricted regulatory networks, such as local signalling hubs that coordinate
lineage commitment through intricate interactions between the Notch and Wnt/B-catenin pathways
during cardiomyocyte differentiation[19], [20]. Comprehensive spatial transcriptomic atlases of
cardiac development have identified critical spatiotemporal genes such as Igf2, H19, and Tcap,
along with transcription factors Tcfl12 and Plagll, which may be associated with the loss of
myocardial regeneration ability during early heart development[21], [22], [23]. The dynamic gene
expression cascades that propel cardiomyocyte commitment and maturation have been elucidated
by temporal profiling of differentiation trajectories using single-cell RNA-sequencing, which
complements spatial approaches[24]. Recent single-cell analyses have established comprehensive
maturation trajectories, revealing that cardiomyocytes form engineered tissues exhibit various
maturation states characterised by sequential changes in developmental, structural, and metabolic
gene expression programs[25]. Critical developmental checkpoints have been identified by time-
course analyses, which also show how key cardiac transcription factors including NKX2-5,
GATA4, and TBXS coordinate their physical and functional connections to sequentially activate
cardiac gene programs[26], [27], [28], [29]. These transcription factors work synergistically;
NKX2-5 and GATA4 work together through specific protein-protein interactions, while TBXS and
NKX2-5 work together to control the expression of downstream cardiac gene expression[26], [27],
[28], [29]. Novel metrics such as transcriptomic entropy have emerged as robust approaches for
quantifying cardiomyocyte maturation status, demonstrating that transcriptomic entropy decreases
progressively as cardiomyocytes mature from fetal to adult states[30]. However, integrating these
spatial and temporal datasets into predictive models of differentiation efficiency remains a
formidable challenge[31].

Deep learning frameworks have demonstrated remarkable success in interpreting high-
dimensional biological datasets, offering unprecedented opportunities for understanding complex
cellular behaviours[32], [33], [34]. With its ability to capture neighbourhood-dependent gene
expression patterns and cell-cell communication networks inside tissue slices, Graph Neural
Networks (GNNs) have emerged as particularly powerful tools for spatial transcriptomics
analysis[35], [36]. SpaInGNN is one of the latest advancements in GNN architectures created
particularly for spatial transcriptomics, it uses advanced graph generation approaches to combine
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spatial location data, histology information, and gene expression profiles[37]. With techniques like
SpatialGlue attaining >90% accuracy in recognising spatial domains across various tissue types
and technology platforms, advanced GNN frameworks have proven to perform better in spatial
domain delineation[34], [38]. Meanwhile, Recurrent Neural Networks (RNNs) excel at modelling
temporal dependencies in sequential data, making them ideally suited for analysing gene
expression trajectories during differentiation processes[34]. Hybrid approaches combining GNN
and RNN architectures have shown exceptional performance in biological applications, with
studies demonstrating that GNN-RNN combinations can achieve >98% accuracy in complex
biological prediction tasks[39], [40].

Despite these technological advancements, current computational approaches for predicting
cardiomyocyte differentiation outcomes suffer from significant limitations[41], [42], [43], [44].
Models trained exclusively on transcriptomic data typically achieve only 65-75% accuracy in
classifying maturation stages, highlighting the need for more sophisticated integration
strategies[45]. Recent machine learning approaches for cardiovascular disease prediction have
achieved accuracies of 98.5% using optimised ensemble methods, demonstrating the potential for
advanced computational approaches when applied to cardiac biology[46]. Furthermore, existing
architectures often ignore important spatial relationships and temporal dynamics that
fundamentally govern cellular fate decisions[46]. The integration of explainable artificial
intelligence (XAI) methodologies with GNN architectures has shown promise in identifying
critical molecular pathways and spatial interaction patterns, with frameworks achieving significant
improvements in biological interpretation while maintaining predictive accuracy[47], [48]. This is
an entirely computational study, it does not include wet-lab experiments, new data collection, and
clinical trials, it’s confined to the development, training, and evaluation of a hybrid deep learning
model using existing, publicly available datasets. Throughout this study, “differentiation
efficiency” refers to the proportion of input hiPSCs that successfully commit to and mature into
cardiomyocyte lineage under a given protocol. In the computational context of this study,
differentiation efficiency is operationalised as the model’s classification of a cell or sample into
one of the labelled cardiomyocyte maturation stages (early, mid, or late) derived from the Elorbany
et al. (2022)[49] temporal scRNA-seq dataset, where stage labels serve as proxy indicators of
protocol success. This definition is used consistently throughout the chapters and subchapters.

1.2.PROBLEM STATEMENT

The lack of reliable computational frameworks that can predict and optimise differentiation
efficiency significantly hinders the translation of hiPSC-derived cardiomyocyte technology from
the lab bench to the clinical bedside. While temporal profiling and spatial transcriptomics
technologies have generated unprecedented datasets documenting the dynamics of cardiomyocyte
differentiation, there is currently no integrated computational approach to leverage these
complementary data modalities for accurate outcome prediction.

Three significant flaws in current predictive models hinder their clinical application:
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First, modality isolations represent a fundamental challenge in existing approaches, spatial
transcriptomics data and temporal gene expression are typically analysed separately, missing
crucial synergistic regulatory patterns that results from their integration. The spatiotemporal
coordination of molecular events that determines the success of differentiation is not captured by
this reductionist approach. With SpatialGlue exhibiting exceptional performance across variety of
tissue types, recent developments in spatial multi-omics integration have shown that approaches
incorporating multiple data modalities can achieve far higher accuracy than single-modality
approaches[38]. There is a substantial knowledge gap, nonetheless, as these approaches have not
been systematically applied to predict cardiomyocyte differentiation.

Second, most existing integration methods lose crucial spatial positioning information during data
fusion, a phenomenon known as context blindness. Cell fate decisions are largely influenced by
the microenvironmental context, which included physical constraints, signalling gradients, and
cell-cell communication networks. However, these spatial relationships are often disregarded in
favour of more simplified analytical approaches; In complex biological prediction tsks, advanced
GNN architectures have demonstrated an impressive capacity to preserve spatial context while
attaining >85% accuracy[50]. The failure to incorporate spatial neighbourhood information
represents a major limitation in current differentiation prediction approaches.

Third, temporal discontinuity limits the predictive ability of static analytical methods. Over the
course of days to weeks, developmental checkpoints are sequentially activated during
cardiomyocyte differentiation, while early regulatory events determining the results of subsequent
maturity. These dynamic processes cannot be modelled by static snapshots, which leads to an
insufficient understanding of differentiation trajectories. Hybrid GNN-RNN architectures have
demonstrated exceptional performance in modelling biological temporal dependencies, with recent
studies achieving >90% accuracy in time-series biological predictions[51]. The absence of such
temporal modelling in current differentiation prediction represents a critical methodological gap.

These limitations pose a challenge in optimising the differentiation protocols required to produce
clinical-grade cardiomyocytes with consistent quality and functional properties. Delays in
delivering regenerative medicines to patients in dire need result from resource waste, prolonged
development timelines, and the inability to predict which experimental conditions will yield high-
efficiency differentiation. Conservative estimates suggests that predictive optimisation could
address current impediments to clinical translation by enhancing functional outcomes and lowering
manufacturing costs by 30-40%.

1.3.PURPOSE OF THE STUDY

By developing a novel hybrid deep learning framework that integrates temporal gene expression
data with spatial transcriptomics, this study seeks to close the crucial gap in cardiomyocyte
differentiation prediction and attain hitherto unheard-of-levels of accuracy in differentiation
outcome prediction. The goal of this research is to develop a novel comprehensive computational
platform for spatiotemporal analysis of cardiomyocyte differentiation at single-cell resolution by
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combining the temporal sequence modelling power of Recurrent Neural Networks with the spatial
pattern recognition capabilities of Graph Neural Networks.

The hybrid GNN-RNN architecture is specifically designed to capture the intricate interactions
between temporal gene expression dynamics and spatial microenvironmental variables, which
together impact differentiation efficiency. This framework incorporates cutting-edge attention
mechanisms and graph construction techniques to optimise predictive accuracy while preserving
biological interpretability, drawing on recent developments in spatial multi-omics integration and
explainable Al methodologies[37], [47]. By using this comprehensive approach, the study hopes
to uncover critical spatiotemporal molecular markers, optimise differentiation protocols through
data-driven insights, and offer explainable predictions that can guide clinical translation and
experimental design.

The research leverages established public datasets and proven deep learning architectures to ensure
reproducibility and enable comparison with existing literature, while advancing the field through
novel integration strategies and comprehensive validation approaches. This work has the potential
to revolutionise hiPSC-based cardiac therapy and establish new benchmarks for computational
approaches in regenerative medicine by achieving the target 95% accuracy in differentiation
prediction.

1.4.RESEARCH QUESTIONS

This study is guided by four fundamental research questions that address critical knowledge gaps
in computational analysis of cardiomyocyte differentiation:

1. How do spatially restricted gene expression patterns influence transcriptional
heterogeneity within differentiating cardiomyocyte populations, and can these spatial
relationships be effectively captured through advanced GNN architectures?

Complex cellular communities within cardiac tissues have been revealed by recent advanced
in spatial transcriptomics, with specific spatial domains showing distinct transcriptional
signatures that correlate with functional outcomes. By using sophisticated graph construction
approaches, advanced GNN architecture like SpalnGNN have shown exceptional performance
in capturing spatial relationships[37]. This question addresses whether these advanced spatial
modelling approaches can identify the microenvironmental factors that drive differentiation
success.

il. Does the integrated analysis of spatial transcriptomics and temporal gene expression
data significantly improve prediction accuracy of differentiation outcomes compared
to unimodal analytical approaches, and what is the magnitude of this improvement?

While spatial multi-omics integration approaches such SpatialGlue have achieved >90%
accuracy in identifying spatial domains across a variety of tissue types[38], its potential for
predicting temporal differentiation has not yet been investigated. In addition to establishing
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benchmarks for computational approaches in regenerative medicine, this question quantifies
the added value of multi-modal integration.

11l. Which combinations of spatial neighbourhood features and temporal expression
dynamics correlate most strongly with successful cardiomyocyte differentiation
trajectories and functional maturation?

Key spatiotemporal regulators of cardiac development have been discovered by recent studies,
including critical transcription factor networks including NKX2-5, GATA4, and TBX5[27],
[28]. Leveraging the pattern recognition capabilities of hybrid deep learning architectures, this
question aims to identify novel spatiotemporal biomarkers that might not be visible using
conventional analytical approaches.

1v. Can hybrid GNN-RNN architectures identify biologically relevant molecular markers
that align with established cardiac development pathways, and do these computational
predictions provide actionable insights for protocol optimisation?

The integration of XAI methodologies with advanced neural network architectures has shown
promise in biological applications[47], [48]. To ensure that the framework offers interpretable
insights for experimental validation, this question addresses the biological validity of
computational predictions as well as their translational potential for improving differentiation
protocols.

1.5.RESEARCH OBJECTIVES

This study aims to achieve the overarching goal through six specific objectives that systematically
address the technical; and biological challenges of spatiotemporal differentiation modelling:

1. Develop a hybrid deep learning model that combines RNNs for temporal modelling of
gene expression trajectories during cardiomyocyte differentiation with GNNs for
spatial analysis of intercellular communication patterns.

il. Achieve superior prediction accuracy by demonstrating that hybrid spatial-temporal
modelling significantly outperforms individual modalities, targeting >95% accuracy in
cardiomyocyte differentiation stage classification.

1il. Implement and compare multiple fusion strategies, including concatenation-based,
attention-weighted, and ensemble approaches, to identify optimal methods for
combining spatial and temporal biological information.

v. Identify spatiotemporal molecular markers by leveraging spatial transcriptomics
datasets and temporal differentiation profiles to discover spatially restricted gene
expression patterns and temporal transcription factor networks that correlate with
differentiation efficiency.

V. Deploy XAl methodologies, including Shapley Additive exPlanations (SHAP) analysis
and attention mechanism visualisation to highlight important regulatory pathways and
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spatial interaction patterns that drive differentiation success, ensuring biological
interpretability of model predictions.

Vi. Validate computational predictions through identification of established cardiac
biomarkers and comparison with known developmental pathways, confirming the
biological relevance and translational potential of discovered spatiotemporal patterns.

1.6.SIGNIFICANCE OF THE STUDY

This study addresses a critical challenge in cardiac regenerative medicine by providing a novel
computational framework for spatiotemporal analysis of cardiomyocyte differentiation. The
significance of this works extends across multiple domains, offering both immediate scientific
contributions and long-term clinical impact.

By demonstrating how hybrid deep learning architectures can integrate heterogeneous biological
data types to achieve unprecedented predictive accuracy, this study advances computational
biology from a scientific standpoint. With ramifications that go beyond cardiac biology to other
stem cell differentiation systems, the novel combination of spatial and temporal modelling
approaches establishes a new paradigm of analysing developmental processes. Studies in spatial
multi-omics integration have demonstrated the power of sophisticated computational
approaches[38], but their application to temporal prediction in regenerative medicine represents a
significant methodological advancement.

The technological innovation represents a significant advancement in the application of artificial
intelligence to regenerative medicine. By targeting >95% differentiation prediction accuracy, this
framework aims to surpass current computational approaches and establish new benchmarks for
the field. Recent cardiovascular machine learning studies have demonstrated remarkable
performance[46], indicating the potential for advanced computational approaches when applied
systematically to cardiac biologically. Translating computational insights into experimental
validation is made easier by using XAI, which ensures that predictions maintain their biological
interpretability. According to conservative estimates, predictive optimisation could address current
challenges in clinical translation by improving functional outcomes and reducing manufacturing
costs by 30-40%. This advancement is in line with global priorities for cardiovascular research,
particularly the growing emphasis on novel therapeutic approaches for heart failure and the
emerging frameworks for precision medicine in cardiovascular care. To address the global burden
of cardiovascular disease, the World heart Federation’s vision for cardiovascular health by 2030
places a strong emphasis on innovation and technology, with specific recognition of the potential
for precision-engineered cellular therapies[52], [53].

The broader impact extends to establishing proof-of-concept for spatiotemporal modelling
approaches that could accelerate integration of stem cell technologies into clinical trials. This study
offers a roadmap for similar applications across regenerative medicine by bridging the gap between
multi-omics measurement and functional prediction, potentially benefiting patients with diverse
degenerative diseases. The framework’s emphasis on explainable predictions addresses the critical
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need for interpretable Al in healthcare, ensuring that computational insights can be effectively
translated into experimental protocols and clinical applications.

The urgency of this research is highlighted by the global health context. With cardiovascular
diseases remaining the leading cause of death worldwide and projected to increase substantially
over the coming decades[54], [55], [56], novel approaches to cardiac regeneration represent an
important component of comprehensive cardiovascular care strategies. The necessity of
developing cost-effective regenerative therapies that could be scaled globally is highlighted by the
disproportionate burden of cardiovascular disease in low- and middle-income nations, making this
framework’s protocol optimisation capabilities particularly valuable.

1.7.DELIMINATIONS OF THE STUDY

This study focuses on specific data types, analytical approaches, and biological systems to ensure
depth and rigor while maintaining feasibility.

1. Data Modality

This study is limited to spatial transcriptomics and temporal gene expression data, representing
the most mature and available spatial omics technologies. While other modalities such as
spatial proteomics or metabolomics could provide additional insights, current spatial multi-
omics platforms lack the resolution and standardisation necessary for reliable integration.
While acknowledging the potential of future expansion to additional modalities, recent
developments in spatial multi-omics technologies have validated the effectiveness of
transcriptomics-based approaches across diverse tissue types and platforms[38]. This focus
leverages the complementary capabilities of temporal profiling (differentiation dynamics) and
spatial gene expression mapping (tissue organisation) while avoiding the technical
complications associated with less established technologies.

il. Biological Scope

The framework focusses on the differentiation of human iPSC-derived cardiomyocytes, which
was selected due to it established experimental approaches and direct clinical significance. To
maintain translational focus and prevent confounding variables associated with different
developmental pathways, this focus excludes other cardiac cell types (fibroblasts, endothelial
cells, smooth muscle cells) as well as alternative stem cell sources (embryonic stem cells, direct
reprogramming approaches). Comprehensive approaches for hiPSC-CM differentiation with
>90% efficiency have been developed recently[5], ensuring the clinical relevance of the
findings while offering a robust experimental foundation for computational modelling.

1. Data Sources

The analysis utilises well-characterised public datasets, specifically temporal differentiation
data that captures the development trajectories of cardiomyocytes and spatial transcriptomics
data from recent comprehensive cardiac studies. This approach avoids the cost and technical
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challenges of developing new multi-omics datasets while ensuring reproducibility and
enabling comparison with existing literature. The selection of established datasets with proven
quality and biological relevance ensures that computational methods can be rigorously
validated against known biological processes[18], [29].

v. Computational Architecture

The hybrid approach is limited to GNNs and RNNs based on their proven effectiveness in
spatial and temporal biological data analysis, respectively. This architecture choice is well
justified by recent developments in GNN architectures for spatial transcriptomics and
successful hybrid biological applications. While transformer-based architectures and other
deep learning approaches could potentially offer advantages, the GNN-RNN combination
offers an ideal balance of interpretability, performance, and computational efficiency for the
target application, with documented success in similar biological prediction tasks reaching
>85% accuracy[34], [37], [39], [50].

V. Performance Benchmarks

The study targets >95% differentiation prediction accuracy, representing a substantial
improvement over current approaches that typically achieve 65-75% accuracy. This target is
informed by recent developments in machine learning for cardiovascular applications[46],
where highly effective ensemble approaches have revealed that high-accuracy biological
prediction is feasible when the right computational approaches are systematically applied.
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2. CHAPTER 2: LITERATURE REVIEW
2.1.INTRODUCTION

Understanding cardiac biology and regenerative medicine has undergone a paradigm shift due to
the convergence of deep learning techniques with spatial multi-omics technology. To address
fundamental challenges in cardiac regeneration, this literature review looks at how advanced Al
techniques, specifically GNNs and RNNs, can be integrated with spatially resolved
transcriptomics, epigenomics, and multi-modal datasets. The scope includes deep learning
applications in single-cell and spatial biology, recent developments in spatial omics technologies
applied to cardiac tissues, and predictive modelling techniques for differentiation efficiency in
iPSC-CM:s.

The four primary themes that this study focuses on are cardiomyocyte differentiation and
regenerative medicine constraints, spatial multi-omics technical advancements in cardiac biology,
deep learning applications in spatial and temporal genomics, and predictive modelling for
differentiation efficiency. The inclusion criteria give priority to research addressing the difficulties
of cardiac regeneration and iPSC-CM maturation, Al techniques pertinent to single-cell and spatial
genomics modelling, and studies employing spatial omics in cardiac biology.

2.2.CARDIOMYOCYTE DIFFERENTIATION AND REGENERATIVE MEDICINE

2.2.1. Cardiomyocyte Biology and Development

Cardiac development is a highly orchestrated process involving intricate transcriptional hierarchies
and signalling pathways[57]. The molecular regulation of cardiomyocyte differentiation comprises
of a cascade of transcription factor activation; the first step is the primitive streak stage, where
Mesoderm Posterior 1 (Mespl) is activated by the T-box transcription factor Eomesodermin
(Eomes)[58], [59]. Through the coordinated expression of important transcription factors such as
Nkx2-5, Gata4, and other T-box transcription factors, this regulatory cascade creates cardiac
specification[58], [59].

Four unique stages of cardiomyocyte differentiation have been identified using temporal analysis,
each of which is distinguished by specific patterns of chromatin alteration[60]. With the discovery
of unique pre-activation chromatin patterns at cardiac muscle genes, these demonstrate the
connection between chromatin structure and gene expression[61], [62]. Gata4 and Meisl’s
transcriptional synergism has become a crucial regulatory mechanism, and Brgl, a chromatin
remodelling factor, works alongside Polycomb repressive complexes to play a crucial role in
cardiac differentiation[63].

Recent genomic studies show E-box-binding homeobox 1 (ZEB1) as a crucial regulator during
early cardiomyocyte differentiation, especially during the transition from mesoderm to cardiac
mesoderm[64], [65], [66], [67]. FGF, BMP, and Wnt are examples of signalling pathways that play
biphasic roles in cardiomyocyte differentiation; patterns of temporal activation and inhibition are
crucial for accurate cardiac fate determination[68].
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2.2.2. iPSC-Derived Cardiomyocytes (iPSC-CMs)

Although differentiation protocols have advanced significantly, iPSC-CMs still have fundamental
drawbacks that limit their clinical translation[69]. One of the main challenges is the immature
phenotype, as iPSC-CMs differ from mature in vivo cardiomyocytes in terms of
electrophysiological parameters, contraction patterns, and gene expression profiles[69], [70], [71],
[72]. These cells usually blend atrial, ventricular, and nodal-like phenotypes within the same
differentiation culture, exhibiting heterogeneous action potential properties[72], [73].

The efficiency of differentiation protocols based on temporal modulation of the Wnt/B-catenin
pathway has increased, and some of these procedures have been able to obtain cardiomyocyte
purity of >90%[5]. However, there is still a great deal of variation among differentiation batches,
iPSC lines, and laboratories[74]. Given that different iPSC lines have optimal cell seeding densities
that vary by a factor of four, cell seeding density has become a crucial metric[75]. Standardisation
and scalability are made more difficult by this variation, which also affects post-thaw functional
properties and cryopreservation survival rates[5].

While diverse methods can produce contracting cardiomyocytes, thorough morpho-functional
comparisons of differentiation protocols have shown that there are notable variations in the
consistency of marker expression, sarcomeric organisation, and electrophysiological
accessibility[76]. The use of bioreactor-based(figure 1) techniques has demonstrated potential for
enhancing functional maturity and reproducibility, with stirred suspension cultures yielding more
reliable results than monolayer approaches[5].
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Figure 1: Optimised stirred bioreactor cardiac differentiation protocol showing efficient and
reproducible generation of human iPSC-derived cardiomyocytes and cardiac organoids in stirred
suspension systems[5].

2.2.3. Challenges in Cardiac Regeneration

Cardiomyocyte renewal rates in the adult human heart are only about 0.5% annually, indicating a
severely limited capability for regeneration[3], [77]. This stands in stark contrast to the estimated
one billion or more cardiomyocytes lost after myocardial infarction[72]. Cardiomyocyte
generation in end-stage heart failure is modest, occurring at rates 10-50 times lower than in healthy
hearts, according to recent studies employing nuclear bomb test-derived “C[77].
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Remarkably, compared to healthy hearts, patients with left ventricular assist device (LVAD)
support exhibited a six-fold increase in cardiomyocyte renewal, indicating that mechanical
unloading can release latent regenerative potential[77]. According to this study, the cardiac
microenvironment in heart failure may actively inhibit regenerative processes. Therefore, targeting
these environmental variables with therapeutic interventions may improve endogenous repair
mechanisms[77], [78], [79].

Technical difficulties in cell replacement treatments exacerbate the restricted ability for
regeneration[3]. Large-scale iPSC-CM generation has advanced significantly, but problems with
engraftment, electrical integration, and arrhythmogenicity still pose serious obstacles to clinical
application[80]. The outcomes of recent clinical trials using cell injection therapies and cardiac
patches have been inconsistent, and insufficient controls and small sample sizes have made it
difficult to draw firm conclusions regarding their effectiveness[80].

2.3.ADVANCES IN SPATIAL MULTI-OMICS TECHNOLOGIES

2.3.1. Spatial Transcriptomics

Studies on cardiac biology have been transformed by spatial transcriptomics, which provides
whole-transcriptome or tailored gene expression data while preserving spatial context[81]. The
10x Genomics Visium platform, which supports tissue slices up to 6.5 mm x 6.5 mm with over
5,000 detection points per capture area, has become a key method for spatial transcriptomics in
cardiac research[82], [83]. Cellular heterogeneity and spatial organisation in both healthy and
pathological cardiac tissues have been successfully mapped using this method[84].

Unprecedented insights into cardiac electro-anatomy and immunology have been uncovered by
recent applications in human cardiac research[85]. Using a combination of single-cell and spatial
transcriptomics, a thorough mapping of eight cardiac regions has revealed unique ion channel and
G-protein-coupled receptor repertoires as well as cellular niches within the cardiac conduction
system[85].

Unprecedented insights into cardiac electro-anatomy and immunology have been uncovered by
recent applications in human cardiac research[85]. Using a combination of single-cell and spatial
transcriptomics, a thorough mapping of eight cardiac regions has revealed unique ion channel and
G-protein-coupled receptor repertoires as well as cellular niches within the cardiac conduction
system[85], [86], [87]. It has been demonstrated that the sinoatrial node is divided into a core
composed of glial cells that promote glutamatergic signalling, fibroblasts, and pacemaker
cells[85], [88]. Spatial transcriptomics has been shown to be particularly useful for studying
cardiac development and disease progression[89], [90]. 31 coarse- and 72 fine-grained cell states
have been found in studies of the growing human heart, and they have been mapped to highly
resolved cardiac cellular niches[91]. This method has described hitherto unidentified cardiac cell
types, such as resident chromaftin cells, and offered new insights into the development of the atrial
septum, heart valves, and cardiac pacemaker-conduction system[91].
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Different cardiomyocyte transcriptional states have been identified in disease contexts by spatial
transcriptomics of infarcted mouse hearts, establishing a controlled multistep progression from
remote zone to border zone populations[92]. Understanding the spatial organisation of heart repair
mechanisms has been made possible by the accurate mapping of cellular composition changes
after myocardial infarction, enabled by the merging of spatial and single-cell data[92].

2.3.2. Spatial Epigenomics

One new era of study in cardiac biology is the integration of spatial and epigenomic data. Although
chromatin accessibility landscapes during cardiac differentiation have been revealed by the
classical single-cell ATAC-seq (scATAC-seq), the inclusion of spatial context holds promise for
illuminating the differences in epigenetic regulation among heart tissues[81], [93].

The ability to simultaneously profile chromatin accessibility, histone modifications, and gene
expression in the same tissue segment has been made possible by recent advancements in spatial-
ATAC sequencing and multi-modal techniques[94], [95], [96]. These technologies have
demonstrated that cardiac tissues’ chromatin accessibility patterns exhibit both local variances and
global commonalities that correlate to functional cardiac regions[97]. Studies on hypertrophic
cardiomyopathy have shown that certain transcription factors exhibit fetal-like enrichment
patterns, and that foetal gene reprogramming occurs at both transcriptome and chromatin
accessibility levels[97].

Using scATAC-seq to study cardiac reprogramming has shown that chromatin accessibility
dramatically changes during cell fate conversion[98]. Pseudotime trajectory analysis based on
principal curves has demonstrated rapid opening of cardiac-related cis-regions and closing of
fibroblast-related regions, with transient opening of neurogenic process-associated regions[98].
By integrating scATAC-seq and scRNA-seq data, significant regulators, including Tcf21 and Fos,
have been identified, while revealing the bimodal function of Smad3 at various phases of cardiac
reprogramming[98].

2.3.3. Integration of Multi-Omics at Single-Cell Level

A major computational and technical challenge is integrating several omics modalities at single-
cell resolution[99], [100], [101]. Histone modifications, chromatin accessibility, transcriptome,
and protein panels are among the five modalities that can now be profiled simultaneously in the
same tissue segment thanks to recent methodological advancements[102]. These methods mine
intrinsic tissue properties as supervisory information and use self-supervised learning to create a
proxy without the need for extra data[50], [102]. Multi-modal spatial omics integration faces
several technical obstacles, including data normalisation across modalities, resolution variations
between technologies, and computing scalability[81], [103]. Through probabilistic alignment,
novel computational frameworks like SIMO have been created for the chromatin accessibility and
DNA methylation modalities that were not previously spatially profiled[103].
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Novel fibroblast subpopulations in post-myocardial infarction tissues have been identified using
cardiac-specific applications of multi-omics integration[93]. Integrating scRNA-seq and scATAC-
seq data revealed GATAS/ISL1 + fibroblasts, which are essential for cardiac repair and have both
fibroblast and cardiomyocyte signatures[93]. Functional validation showed that GATAS and ISL1
co-regulate Wnt signalling pathways to facilitate fibroblast transformation into functional
cardiomyocytes.[93], [104]. Beyond cellular identity, cardiac tissues exhibit heterogeneity in terms
of functional characteristics and environmental responses[ 105], [106]. Researchers have been able
to uncover layers of heterogeneity by the integration of scRNA-seq with spatial transcriptomics,
providing a thorough understanding of the functional dynamics and cellular interactions within the
heart[81]. This approach has been particularly useful for locating uncommon cell populations and
figuring out where they are located in cardiac tissues[81].

2.3.4. Spatial-Temporal Biological Benchmarks and Datasets

As spatial multi-omics technologies have grown, a multitude of datasets have been produced that
offer previously unheard-of insights into cardiac development, regeneration, and disease. This sub-
section offers a thorough summary of the spatial-temporal omics datasets that are currently
available and pertinent to cardiac biology, with a focus on resources that integrate temporal
dynamics and spatial context, which are crucial for understanding the processes of cardiac
differentiation and regeneration. The landscape of spatial-temporal cardiac datasets includes
different species, developmental stages, and technological approaches. Recent advancements have
yielded datasets covering everything from adult cardiac homeostasis and disease states to early
embryonic development[90], [107], [108], [109]. To validate computational approaches and
understand the intricate spatiotemporal dynamics of cardiac biology, these resources serve as
essential standards. Table 1 shows the summary of datasets used for spatiotemporal analysis of
cardiac tissues.

Table 1: Summary of datasets used for spatiotemporal analysis of cardiac tissues, including
modality, tissue type, and temporal information.

Dataset Modality Tissue Temporal Info  Citation
Human Cell scRNA-seq + Human Yes (5.5 — 14 [110]
Atlas Heart Spatial embryonic heart =~ Weeks Post
Development Transcriptomics Conception
(WPC))

Spatial dynamics scRNA-seq + Human Yes (9 - 16 [18]
of  developing MERFISH embryonic heart WPC)
human heart
Adult human scRNA-seq + Adult human No (Adult) [111]
heart cell atlas snRNA-seq heart
Spatially scRNA-seq + Adult human No (Adult) [85]
resolved snATAC-seq + heart
multiomics  of Spatial

Transcriptomics
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human cardiac
niches

Spatial ~ multi-
omic map of
human MI
(Myocardial
Infarction)
Mouse Heart
Spatiotemporal
Atlas  (Stereo-
seq)

Mouse heart
spatial
transcriptomics
(Visium)
Human heart
spatial
transcriptomics
(Disease)
Developing
human heart
(EGA)

Human heart

organoids spatial
atlas

iPSC-CM
scRNA-seq +
scATAC-seq

snRNA-seq  +
snATAC-seq +
Spatial
Transcriptomics

Spatial
Transcriptomics
(Stereo-seq)

scRNA-seq

Spatial
Transcriptomics

snRNA-seq  +
Spatial
Transcriptomics
+ ISS
scRNA-seq +
Spatial
transcriptomics

scRNA-seq +
scATAC-seq

Human infarcted
heart

Mouse heart

iPSC-derived
cardiomyocytes

Human heart

(disease)

Human
embryonic heart

Human heart

organoids

iPSC-derived
cardiomyocytes

35

Yes (Post-MI
timepoints)

Yes (embryonic
day 20 (E20),
postnatal day 1
(PO1), postnatal
day 4 (P04),
postnatal day 14

(P14))

Yes
(pluripotency
(day 0), germ
layer
specification
(day 2),
progenitor
cardiac cell state
(day S
committed
cardiac cell state
(day 15),
definitive  cell
state (day 30))
No (Disease
states)

Yes (4.5, 6.5, 9
WPC)

Yes
(approximately 3
days after
seeding (day 0) —
day 20 of
differentiation)
Yes (Day 0 - 30)

[112]

[22]

[113]

[113], [114]

[114]

[115]

[116]



Human SAN scRNA-seq + Human sinoatrial Yes [117]

Cell Atlas scATAC-seq node (iPSC) (Differentiation)
Zebrafish heart scRNA-seq + Zcbrafish heart  Yes (8 time- [118]
regeneration Spatial points of
atlas Transcriptomics zebrafish  heart

(Stereo-seq) regeneration

stages)

Human cardiac scRNA-seq =+ Human cardiac No (Adult) [85], [91], [119]
conduction Spatial conduction
system Transcriptomics  system

Human Developmental Cardiac Datasets

With 80,000 individual cells and 70,000 spatially barcoded tissue regions between 5.5- and 14-
weeks post-conception, the Human Cell Atlas Heart Development dataset is the most extensive
spatial-temporal resource for human cardiac development[110]. This dataset offers a previously
unheard-of resolution of cardiac morphogenesis by combining single-cell RNA sequencing with
10x Genomics Visium spatial transcriptomics[ 110]. The atlas offers new insights into the evolution
of the heart valve, the atrial septum, and the pacemaker-conduction system by identifying 31
coarse- and 72 fine-grained cell states that are mapped to highly resolved cardiac cellular
niches[91], [110].

MERFISH technology is used in the Spatial Dynamics of Developing Human Heart dataset to map
the development of the heart at subcellular resolution between 9- and 16-weeks post-
conception[18]. This resource lists 75 distinct cell states, including resident chromaffin cells and
other cardiac cell types that were previously unidentified[18]. The dataset offers insights into
multicellular signalling mechanisms that coordinate spatial organisation during cardiac
morphogenesis and demonstrates the intricate laminar organisation of ventricular cardiomyocyte
subpopulations across the ventricular wall[18].

The Developing Human Heart (EGA) dataset represents a groundbreaking effort combining three
complementary approaches: Spatial transcriptomics, single-cell RNA sequencing, and in situ
sequencing[120]. This resource, which is accessible to the public via the European Genome-
Phenome Archive, includes the three crucial developmental periods of 4.5-5, 6.5-, and 9-weeks
post-conception[120], [121]. The dataset has laid the groundwork for further developmental
cardiac research and offers organ-wide gene expression patterns with single-cell spatial
resolution[120], [121].

Adult Human Cardiac Resources

The Adult Human Cell Atlas, which examines roughly 500,000 distinct cells from six anatomical
regions, offers the most thorough description of the cellular variety of the adult human heart[85].
This resource reveals different atrial and ventricular fractions with a range of developmental
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origins while highlighting the cellular heterogeneity of cardiomyocytes, pericytes, and
fibroblasts[85], [122], [123]. The atlas has developed into a key resource for understanding both
the mechanisms underlying disease and normal cardiac function.

To identify cellular niches within eight regions of the adult human heart, the Spatially Resolved
Multiomics of Human Cardiac Niches dataset combines spatial transcriptomics, single-cell RNA
sequencing, and single-cell ATAC sequencing[85]. This database identifies unique repertoires of
ion channels and G-protein-coupled receptors in cardiac conduction system cells, offering new
insights into cardiac electro-anatomy and immunology[124], [125]. The dataset shows that the
sinoatrial node is compartmentalised, containing glial cells that facilitate glutamatergic signalling,
fibroblasts, and specialised pacemaker cells[126].

Disease-Focused Cardiac Datasets

The Spatial Multi-Omics Map of Human Myocardial Infarction represents the most thorough
multi-modal analysis of human cardiac injury, which maps the cellular and molecular alterations
that occur after myocardial infarction by combining single-nucleus RNA sequencing, single-
nucleus ATAC sequencing, and spatial transcriptomics[112]. This dataset reveals relationships
between fibroblast and myeloid cells and defines various cell niches, such as fibrotic,
inflammatory, and myogenic regions[112]. To understand cell-cell interactions during cardiac
remodelling and repair, the resource provides spatial context[112].

Model System Datasets

The Mouse Heart Spatiotemporal Atlas (Stereo-seq) provides a comprehensive spatial
transcriptome data from both relatively mature and regeneration-capable neonatal hearts at four
crucial timepoints (embryonic day 20 (E20), postnatal day 1 (P01), postnatal day 4 (P04), postnatal
day 14 (P14))[22]. This dataset defines 14 different cell types and includes 330,857 cell bins in 22
high-quality sections[22]. The resource shows how fibroblasts and cardiomyocytes’ gene
expression varies dynamically as they go from regenerative to non-regenerative stages.

With 569,896 cells/spots spanning eight regeneration stages, the Zebrafish Heart Regeneration
Atlas is the most extensive spatial-temporal resource for understanding cardiac regeneration[118].
This dataset uses single-cell RNA sequencing and spatial transcriptomics (Stereo-seq) to describe
the series of cardiomyocyte cell states that lead to the development of regenerated
myocardium[118]. A 4D “virtual regenerating heart” is provided by the resource, which is a useful
tool for studies on cardiovascular regeneration[118].

iPSC-Derived Cardiac Datasets

The Human iPSC-CM Differentiation Time Series offers a comprehensive single-cell
transcriptional profiling of human induced pluripotent stem cells traversing from pluripotency
through cardiac differentiation[113]. This dataset identifies stage-specific changes in cell state by
capturing 43,168 cells at five crucial timepoints (days 0, 2, 5, 15, and 30)[113]. The database sheds
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light on the genetic regulation of cardiovascular development and the transcriptional foundation
of cardiac differentiation[113].

One of the earliest multi-modal assessments of iPSC-derived cardiomyocyte differentiation, the
iPSC-CM scRNA-seq + scATAC-seq dataset combines transcriptional and epigenetic profiles
throughout the differentiation timeline[127], [128]. This resource offers insights on the
proliferation-maturation transition during cardiac development by identifying six cardiomyocyte
subpopulations with heterogeneity based on cell cycle and maturation states[127], [128].

Organoid-Based Cardiac Resources

By applying spatial transcriptomics to engineered cardiac tissues, the Human Heart Organoid
Spatial Atlas sheds light on how geometric restrictions affect the formation and function of
organoids[115]. With circular patterns promoting more robust cardiac organoid creation than
angular geometries, this dataset shows that template geometry considerably changes cardiac
function and structure[115]. This resource provides a foundation for understanding structure-
function relationships in cardiac tissue engineering.

Technical Considerations and Data Integration Challenges

For integrated analysis, the diversity of technologies and experimental methodologies used in these
datasets offers both opportunities and challenges. Platform-to-platform resolution variations range
from subcellular (MERFISH: ~100nm) to spot-level (10x Visium: ~55um), necessitating careful
attention when comparing findings[84]. There is a wide range of temporal sampling techniques;
some datasets concentrate on certain developmental stages, while others offer extensive temporal
coverage (daily timepoints).

The distinctions between the cardiac development schedules of zebrafish, mice, and humans
highlight the difficulty of cross-species integration. By using dynamic temporal warping
approaches to synchronise developmental stages across species, it has been discovered that,
depending on the cell type examined, mouse cardiac development from E9.5 to E13.5 correlates
with human development from 5 to 15 weeks post-conception[129]. To manage the various data
types, noise properties, and batch effects that come with integrating transcriptomics, epigenomics,
and spatial information, multi-modal data integration calls for sophisticated computational
approaches[130]. While some of these issues have been resolved by recent advancements in
integration techniques like SIMO and MoSSL, standardised solutions for multi-modal cardiac data
integration remain an active area of development[131].

Data Accessibility and Reproducibility

These datasets’ accessibility varies greatly; some are accessible through public repositories, while
others require certain access permissions. Data integration and sharing are made easier by the
Huma Cell Atlas initiative’s standardised data formats and submission procedures. Spatial
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transcriptomics datasets, however, frequently require certain computational resources and
visualisation tools, which could restrict wider accessibility[132], [133].

The intricacy of spatial transcriptomics protocols creates reproducibility issues, as variables like
tissue preparation, sectioning quality, and library preparation have a big impact on data
quality[134], [135], [136]. One of the field’s continuous priorities is the development of
standardised procedures and quality control measures.

2.4.DEEP LEARNING IN SINGLE-CELL AND SPATTAL OMICS

2.4.1. Deep Learning in Single-Cell Omics

Deep learning has become a transformative approach for single-cell omics data analysis,
overcoming issues with the datasets’ inherent high dimensionality, sparsity, and noise[137], [138].
Recurrent Neural Networks (RNN5s) are excellent at processing sequential biological data, such as
DNA sequences, whereas Convolutional Neural Networks (CNNs), which were initially developed
for image analysis, have been modified to capture local and global patterns in genomic data[139].
Recent developments in single-cell clustering have shown that deep learning approaches
outperform conventional approaches[137], [138], [140], [141], [142]. By iteratively optimising a
clustering objective function, the DESC algorithm clusters scRNA-seq data in an unsupervised
deep embedding approach[138]. DESC achieves a proper balance between clustering accuracy and
stability with minimal memory footprint by gradually eliminating batch effects while preserving
biological signal through iterative self-learning[138].

Dual-topology adjacency graphs, which combine node distribution information into conventional
adjacency graphs, have been implemented into novel architectures like scG-cluster[137]. Dual-
topology adaptive graph convolutional networks (TAGCNs) with residual connections and
attention mechanisms are used in this approach to prevent over-smoothing while maintaining the
capacity to discern minute variations in cell expression profiles[137]. Extensive tests consistently
show better performance in terms of clustering accuracy and scalability as compared to current
state-of-the-art methods[137].

Using methods like scMUG, the inclusion of gene functional module information has significantly
improved clustering performance[143]. This method filters expression profiles using gene
functional correlations and adds new similarity metrics that include global distribution and local
density similarities[ 143]. This kind of functional integration has proven effective for identifying
hierarchical structures in sScRNA-seq datasets and identifying rare cell types [143].

2.4.2. GNN:s for Spatial Biology

Because GNNs naturally depict cellular linkages and geographical interactions, they have
completely changed the way spatial data is being analysed[50]. The primary benefit of GNNs is
their capacity to concurrently represent spatial neighbourhood information and gene expression
similarity, making them perfect for spatially resolved transcriptomics analysis[36], [144]. The
effectiveness of GNN-based approaches for cell-type deconvolution and spatial domain
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identification has been shown by the recent applications in spatial transcriptomics[50]. Real spots
can be adapted from pseudo-spots by dual graph construction employing expressive and spatial
information according to the STAGCN framework (shown in figure 2), which builds
comprehensive graphs with both pseudo-spots and real spots as individual nodes[145]. This
approach has demonstrated exceptional effectiveness in predicting cell-type proportions across a
variety of spatial transcriptomics platforms[145].
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Figure 2: Schematic view of the STAGCN framework. The model integrates spatial and expression
information to infer cell type composition in spatial transcriptomics data. It first uses a single-cell
RNA-seq reference profiles to identify cell-type specific marker genes and build a pseudo-spot
pool. Two graphs are then created, a spatial graph capturing relationships among spots and an
expression graph representing gene expression correlations. These graphs are jointly processed by
the STAGCN model, where fully connected layers handle expression features, spatial graph
convolutional network (GCN) layers model spatial dependencies, and expression GCN layers learn
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gene relationships. The combined outputs are used to predict cell type proportions and produce
interpretable visualisations[145].

A major development in spatial biology is the emergence of specialised GNN architectures for the
inference of cell-cell communication[146], [147]. CelINEST, shown in figure 3, presents relay-
network communication detection, which uses attention mechanisms to find patterns of ligand-
receptor-ligand-receptor communication[147]. This approach has shown potential in identifying
intricate intercellular signalling networks by successfully detecting T cell homing signals in human
lymph nodes and identifying aggressive cancer communication patterns[147].
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43



To detect active ligand-receptor signalling among neighbouring cells, adaptive graph models like
spaCl(shown in figure 4) have integrated both spatial locations and gene expression profiles| 146].
When compared to current approaches, spaCI performs better on simulation and real-world spatial
transcriptomics datasets and offers insights on upstream transcriptional variables that mediate
active interactions[146]. Robust inference of cellular communications from sparse spatial data is
made possible by the combination of triplet loss functions and attention mechanisms[146].
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Figure 4: Schematic overview of spaCl, the model exploits both the spatial organisation of cells
and comprehensive gene expression profiles to infer ligand-receptor interactions within tissue
contexts. spaCl embeds gene features into a latent representation via two complementary
components: a gene-centric linear encoder and a cell-centric attentive graph encoder, this approach
enables simultaneous integration of transcriptional patterns and spatial cellular proximities within
the latent space[146].

2.4.3. RNN:s for Temporal Modelling

Specialised uses for recurrent neural networks include simulating the temporal dynamics of
differentiation trajectories and gene expression[148]. RNNs are well-suited for capturing
sequential dependencies and predicting future cellular states based on historical gene expression
patterns because of the temporal nature of biological processes, especially cellular
differentiation| 149]. Recent studies have shown the application of dual attention RNN models to
predict gene temporal dynamics from synthetic time series data derived from gene regulatory
networks[148], [150]. These models produce remarkably accurate predictions across various
network architectures, while the attention mechanism offers comprehensible insights on gene
interactions[151], [152], [153]. Different gene regulatory network architectures can be
distinguished hierarchically using graph theory to analyse attention patterns[148].
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Predicting cell-cell interactions from spatial transcriptomics data has been explored using the
combined capabilities of Long Short-Term Memory (LSTM) and GNNs[149], [154]. This hybrid
approach leverages the graph-based potential of GNNs for spatial context modelling and the
sequence learning capabilities of LSTM[155], [156]. When compared to conventional methods,
rigorous testing has shown improved predictive capabilities, with backwards search integration
producing optimal performance[157].

Moreover, LSTM networks have been used to predict protein subcellular localisation from DNA
sequences, outperforming earlier benchmark models that lacked human-engineered features in
terms of accuracy[158], [159], [160]. The versatility of RNN architectures in genomics
applications has been demonstrated by the successful resolution of sequence-based biological
problems through the integration of convolutional layers between raw data and LSTM inputs[161],
[162], [163].

2.4.4. Multi-Modal Deep Learning Frameworks

Multi-modal deep learning frameworks that integrate spatial and temporal dimensions offer a state-
of-the-art approach for comprehending intricate biological systems[164], [165], [166]. These
frameworks address the challenge of modelling multi-modality spatio-temporal data with dynamic
heterogeneity across space, time, and data modalities[167]. Multi-modality data augmentation is
used in conjunction with global and modality-specific self-supervised learning paradigms in recent
advancements like MoSSL (Multi-modality Spatio-Temporal learning via Self-Supervised
Learning)[168]. Compared to single-view methods, these approaches allow for the thorough use
of spatial transcriptomic data from multiple perspectives, resulting in a more accurate
identification of spatial expression patterns[164], [165], [166].

Transformer-based architectures have become effective tools for enhancing spatial
transcriptomics[169]. stEnTrans mines intrinsic tissue properties as supervisory information and
uses self-supervised learning to create proxy tasks on gene expression profiles[170]. This method
outperforms conventional interpolation approaches by offering thorough predictions for gene
expression in unmeasured regions while boosting expression in original spots[170]. The
combination of temporal convolutional networks and GNNs has shown potential for simulating
spatiotemporal dynamics in intricate biological systems[151]. With applications ranging from
transcriptomics to neuroimaging and other spatially resolved biological datasets, this combination
allows end-to-end learning from both spatial and temporal components of biological data[151].

Current multi-modal frameworks face significant gaps when employed in cardiac tissue
engineering applications[152]. While current approaches excel at handling individual data
modalities, the unique challenges in cardiac differentiation prediction necessitate specialised
structures that can combine spatial, temporal, and multi-omics data in a biologically meaningful
manner[153]. Studies are still ongoing to develop interpretable frameworks that maintain
predictive accuracy while offering biological insights[154], [155].

45



2.4.5. Hybrid GNN-RNN Architectures in Spatiotemporal Modelling: Cross-Domain
Inspiration and Biological Applications

The integration of graph and recurrent neural networks represents a convergence of temporal
sequence learning and spatial relationship modelling that has shown impressive results in a variety
of application domains[156], [157], [158], [159]. To apply these hybrid architectures to cardiac
regeneration and spatial multi-omics applications, it is crucial to comprehend their theoretical
underpinning and real-world applicability in non-biological settings.

Foundational Architectures in Traffic and Urban Systems

The pioneering work for hybrid GNN-RNN architectures in traffic forecasting was laid by the
groundbreaking work of Spatio-Temporal Graph Convolutional Networks (STGCN) shown in
figure 5[160], [161], [162]. By using a full convolutional structure in place of conventional
recurrent units, STGCN tackles the fundamental problem of modelling both the temporal dynamics
of traffic flow and the spatial connections among road network nodes[160], [161], [162].
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Figure 5: STGCN Architecture [163], [164].

s

In contrast to conventional methods, the framework’s spatio-temporal convolutional blocks (ST-
Conv blocks) combine temporal gated convolution layers with spatial graph convolution layers to
enable significantly faster training speeds with fewer parameters[163], [165], see figure 6.
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Figure 6: SD-STGCN architecture: the input snapshots, which are one-hot encoded network states
at various time steps, are shown by the blue regions on the left. The orange regions on the right
show the model architecture, which consists of a stack of ST-Conv blocks, followed by an input
layer [165].

This idea is expanded by the Temporal Graph Convolutional network (T-GCN), which combines
graph convolutional networks and gated recurrent units (GRUs) directly[166], [167]. While using
GRU to simulate dynamic changes in traffic data for temporal dependence, T-GCN uses GCN to
learn intricate topological structures for capturing spatial dependence[167]. Using real-world
traffic datasets, this architecture outperforms state-of-the-art baselines in spatiotemporal
correlation extraction[167].

An important advancement in overcoming the drawbacks of pre-defined graph architectures is the
Adaptive Graph Convolutional Recurrent Network (AGCRN)[168], [169]. AGCRN introduces
two adaptive modules: Data Adaptive Graph Generation (DAGG) to automatically infer
interdependencies among various traffic series, and Node Adaptive Parameter Learning (NAPL)
to capture node-specific patterns[168], [169], [170]. AGCRN eliminates the requirement for pre-
defined graphs about spatial connections while capturing fine-grained spatial and temporal
correlations through the integration of NAPL-GCN, DAGG, and Gated Recurrent Units[169],
[170].
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Weather Forecasting and Environmental Applications

The adaptation of hybrid architectures to weather forecasting applications has been proven by
Hierarchical Spatio-Temporal Graph Neural Networks (HISTGNN)[171]. HISTGNN addresses
the limitation of conventional GNN-based approaches, which either model global graphs of entire
stations or local graphs of meteorological variables per station[171]. To develop self-learning
graphs and investigate hidden dependencies between nodes at the variable-level and station-level
graphs, the design makes use of spatial graph convolutional and adaptive graph learning
layers[171]. HISTGNN models long and diverse meteorological trends by using dilated inception
as the foundation of gated temporal convolution for temporal pattern capture[171]. The challenge
of the cross-regional spatio-temporal correlations among meteorological variables is addressed by
HiSTGNN’s dynamic interaction learning component, which constructs bidirectional information
transfer in hierarchical graphs[171]. The efficiency of hierarchical modelling approaches is
demonstrated by experimental results on real-world meteorological datasets, which show an error
reduction of 4.2% to 11.6% when compared to state-of-the-art weather forecasting methods[171].

Biological and Medical Applications

The use of hybrid GNN-RNN architectures in biological systems shows impressive transferability
from understanding biological systems to modelling physical infrastructure. The ability to predict
long non-coding RNA-disease associations has been demonstrated using Graph Convolutional
Network and Convolutional Neural Network-based methods (GCNLDA)[172]. Using graph
convolutional networks to extensively integrate topological information and attention mechanisms
at the node feature level, this method builds heterogeneous networks containing IncRNA, disease,
and miRNA nodes [172].

In biological sequence analysis, convolutional LSTM networks have proven effective, especially
when it comes to protein subcellular localisation[173]. With an accuracy of 0.902 and
outperforming state-of-the-art algorithms, these networks show that LSTM architectures in
conjunction with convolutions are effective for predicting subcellular localisation from protein
sequences[173]. By integrating attention mechanisms, it is possible to visualise the areas that the
LSTM network focuses on, exposing biologically plausible areas [173].

With LSTM frameworks advancing understanding of community assembly and health-relevant
metabolite synthesis, RNNs have demonstrated efficacy in simulating microbiome dynamics[174].
Because of higher-order interactions that scale well with increasing complexity, these methods
perform better than popular generalised Lotka-Volterra models based on ecological theory, proving
their ability to represent complex community behaviours[174], [175].

Spatiotemporal Reasoning and Transferability

The combined strengths of hybrid GNN-RNN architectures in spatiotemporal reasoning account
for their success across domains. Unlike conventional convolutional approaches made for regular
grid data, GNNs excel at modelling complicated topological structures and irregular spatial
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relationships[176]. Long-term temporal dependencies and sequential patterns in time series data
can be better modelled by RNNs, especially LSTM variants[174], [177]. Important insights
regarding the transferability of these architectures have been uncovered by dynamic GNNs under
spatiotemporal distribution shifts[178]. By identifying and utilising invariant patterns whose
predictive capabilities do not change with distribution shifts, the Disentangled Intervention-based
Dynamic graph Attention networks (DIDA) framework shows that hybrid architectures can
manage spatio-temporal distribution shifts.[178].

Studies on graph domain adaptation have developed theoretical underpinnings for transferability
between various application domains[179]. Different regularisation strategies enhance
performance for distinct transfer learning scenarios, according to theory-grounded spectral
regularisation approaches[179]. For node transfer and link transfer scenarios, respectively, spectral
smoothness and maximum frequency response regularisations are beneficial[179].

Adaptations for Cardiac Biology Applications

To apply hybrid GNN-RNN architectures to cardiac differentiation modelling, a few crucial
modifications must be made, drawing on domain-specific knowledge from effective cross-domain
applications. A template for capturing multi-scale relationships in cardiac tissues, where cellular
neighbourhoods, tissue regions, and organ-level interactions function at various spatial scales, is
provided by the hierarchical modelling technique illustrated in HiSTGNN[171]. AGCRN’s
adaptive graph generation capabilities are particularly pertinent to cardiac applications, where
cellular interactions change because of differentiation processes[169]. The difficulty of simulating
dynamic cellular interactions during iPSC-CM differentiation, where spatial relationships alter as
cells progress through several developmental stages[50], is addressed by the capability to
automatically infer interdependencies without the need for pre-defined graph structures.

The interpretability frameworks necessary for comprehending cardiac differentiation mechanisms
are provided by the attention mechanisms that have been effectively applied in biological sequence
analysis[139], [172]. By identifying the crucial temporal windows and spatial regions that
influence differentiation outcomes, these methods aid in the development of biologically
interpretable models that are necessary for treatment optimisation.[ 180], [181]. When dealing with
continuous-time dynamic networks that are represented as a series of timed events, Temporal
Graph networks (TGNs) have proven to be effective[182]. The temporal dynamics of gene
expression and cellular state transitions during cardiac differentiation, where events happen at
irregular intervals and display intricate temporal dynamics, can be modelled using this
approach[182].

While preserving computational efficiency, TGNs’ memory modules and graph-based operators
allow for notable speed gains[182]. For cardiac regeneration applications, where large-scale spatial
multi-omics datasets need to be processed efficiently while maintaining the ability to model
intricate spatiotemporal patterns, this combination is especially pertinent[183], [184], [185]. The
feasibility of applying models trained on simulated data to actual biological systems is
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demonstrated by the domain adaptation approaches created for population genetics[186], [187].
By effectively addressing simulation mis-specification challenges, the gradient reversal layer
technique offers a framework for training hybrid models using artificial cardiac differentiation data
and subsequently applying them to real iPSC-CM datasets[186]. The clinical utility of these
methods is established by the effectiveness of spatiotemporal modelling in medical imaging
applications, especially cardiac imaging[186]. The potential clinical translation of hybrid GNN-
RNN approaches in cardiac regeneration is supported by deep learning approaches that use
temporal information in image processing to improve diagnostic and prognostic capabilities[186].

Evidence from a variety of applications, including biological sequence analysis, medical imaging,
traffic forecasting, and weather prediction, shows that hybrid GNN-RNN architectures possess
fundamental properties that go beyond domain-specific uses. A strong foundation for tackling the
difficulties of cardiac differentiation prediction and optimisation in spatial multi-omics contexts is
provided by their ability to model intricate spatial relationships, temporal dependencies, and
hierarchical structures.

Across the literature, most approaches treat spatial context and temporal dynamics as separate
modelling problems (e.g., spatial domain detection versus time-course trajectory inference).
Hybrid spatiotemporal models exist, but they are commonly evaluated on domain-specific tasks
without a systematic comparison of multimodal fusion strategies, and often without explicit
uncertainty quantification and biologically grounded interpretability. This study builds on the
strengths of GNNs for modelling spatial neighbourhood structure and RNN/LSTM models for
temporal dynamics and contributes by empirically comparing fusion strategies and integrating
XAl/Uncertainty Quantification to support interpretability and trustworthiness in the context of
cardiomyocyte differentiation efficiency prediction.

2.5.PREDICTIVE MODELLING FOR DIFFERENTIATION EFFICIENCY
2.5.1. Differentiation Efficiency in iPSC-CMs

iPSC-derived cardiomyocytes differentiation efficiency protocols’ success is determined by
several biological and technical variables[54], [188]. Examples of biological indicators include the
expression of cardiac-specific markers, including cardiac troponin T (TNNT?2), a-actinin, and
connexin-43, as well as functional assessments of contractility, calcium handling, and
electrophysiological properties[54]. Technical indicators include batch-to-batch reproducibility,
survival rates post-dissociation and cryopreservation, and the percentage of cells expressing
cardiomyocyte markers[5], [55].

Differentiation efficiency is a recurring problem across laboratories, protocols, and iPSC lines[55].
There is significant line-to-line variation even when similar protocols are employed, this is
indicated by studies showing that cell seeding density can differ by a factor of four across different
1PSC lines while maintaining optimal differentiation efficiency[55]. Some protocols exhibit more
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consistent kinetics of cardiac marker expression across batches, revealing that this diversity also
extends to temporal aspects of differentiation[54].

Quantitative thresholds derived from flow cytometry examination of cardiac markers are now
included in the definition of “sufficient” versus “insufficient” differentiation outcomes[188].
According to current standards, a distinction is deemed successful if cardiac troponin T or similar
markers are expressed at levels of >80-90%[5]. In contrast to adult cardiomyocytes, cells
exhibiting cardiac markers may still have immature electrophysiological and contractile
properties; hence, these thresholds might not fully reflect functional maturity[189].

Measurements of contractile force, action potential properties, and calcium transients have all been
added as extra indicators of differentiation quality in recent advances in functional assessment[54].
Although standardisation across laboratories is still challenging due to variations in equipment and
methodologies, the integration of various assessment modalities offers a more thorough evaluation
of differentiation success[190].

2.5.2. Al Approaches for Predicting Differentiation Outcomes

Predicting differentiation efficiency in iPSC-derived cardiomyocytes has shown great promise
thanks to machine learning approaches, which may allow for early intervention and culture
condition optimisation[188]. 90% accuracy and precision had been achieved by day 7 of
differentiation protocols using random forest and Gaussian process modelling to predict
insufficient cardiomyocyte content, with 85% accuracy possible as early as day 5[188].

Early prediction’s temporal advantage is crucial for improving laboratory efficiency and cutting
expenses[191]. Machine learning models can offer accurate predictions at much earlier timepoints
than traditional assessment approaches, which involve waiting until the conclusion of
differentiation protocols (usually 10-15 days) to evaluate success[188]. Researchers can refocus
resources on more promising cultures and detect failing differentiations early because of this
capability[188]. Crucial experimental parameters that have a major influence on the final
cardiomyocyte content have been uncovered using data-driven modelling techniques[188]. These
models shed light on the ideal culture parameters, such as the environmental conditions, growth
factor concentrations, and medium composition[192]. Adaptive protocol alterations throughout the
differentiation process, as opposed to post-hoc analysis, are made possible by the capacity to
predict results based on intermediate data[9].

Comparing supervised and unsupervised learning approaches for differentiation prediction has
shown how crucial labelled datasets are in attaining the best results[193], [194]. Robust evaluation
of model performance across various experimental settings and datasets is ensured by cross-
validation methodologies and holdout validation approaches[193], [194]. In high-dimensional
biological datasets, the incorporation of feature selection methods like Lasso regularisation has
improved model efficiency while avoiding overfitting[195], [196], [197].

51



2.5.3. Explainability and Interpretability in AI for Biology

To foster trust and provide biological insights from machine learning models, the use of
explainable Al (XAI) tools in biological systems has become increasingly important[198], [199].
The most popular approaches for elucidating individual predictions produced by intricate deep
learning models are SHAP (Shapley Additive exPlanations) and LIME (Local Interpretable Model-
Agnostic Explanations)[200], [201], [202]. The SHAP methodology offers global insights into
feature relevance across entire datasets as well as local explanations for individual
predictions[200], [201], [202]. In biological applications, SHAP values can provide useful
information for protocol optimisation by identifying the cellular features or experimental
conditions that have the most influence on differentiation outcomes[200], [202]. While preserving
mathematical rigour, the additive nature of SHAP values allows for a quantitative evaluation of
feature contributions[200], [201], [202], [203].

Beyond feature importance, accumulated local effects (ALE) analysis reveals the connections
between predictor values and model outputs[199], [204]. ALE estimates the average projected
probability for each category of categorical predictors, such as the kind of culture medium or cell
line identity[199]. ALE exhibits linear, monotonic, or complex correlations with differentiation
success for continuous variables such as cell density or growth factor concentrations[199], [204].
Permutation feature importance (PFI) offers complementary insights by quantifying the changes
in prediction error when feature values are randomly changed[199], [205], [206]. PFI can pinpoint
crucial timepoints, culture conditions, or cellular measurements that have the most effect on model
predictions in cardiac differentiation contexts[206], [207], [208]. A thorough grasp of feature
importance and mechanistic linkages is provided by the combination of PFI and ALE
analysis[199].

When using Al models to inform clinical decisions or biological discoveries, interpretability
becomes crucial[209], [210]. By emphasising whatever elements of the input data, the model
focuses on during prediction, attention mechanisms in neural networks offer natural
interpretability[128]. Attention weights in temporal gene expression modelling can highlight
crucial windows of time or patterns of gene expression that influence differentiation
outcomes[211], [212], [213].

Addressing the Black Box Problem in Hybrid Architectures

Complex interpretability frameworks that can clarify the intricate decision-making processes
present in these hybrid architectures are required for the integration of graph neural networks and
recurrent neural networks for spatial multi-omics research in heart regeneration[214], [215]. While
effective for simpler models, traditional explainable Al techniques need to be significantly
modified to handle the unique challenges presented by spatiotemporal learning systems that
function on irregular graph structures with temporal dependencies[216].

GNN Interpretability Methods
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Using a model-agnostic framework that identifies important subgraph structures and node
properties, GNNExplainer is one of the first generally adopted approaches to provide interpretable
explanations for GNN predictions[217]. In this approach, explanation generation is formulated as
an optimisation problem that maximises the mutual information between the range of feasible
subgraph structures and GNN predictions[217]. GNNExplainer provides thorough explanations
that include both structural and attribute-based relevance by learning a feature mask that identifies
crucial node properties and a graph mask that chooses significant edges[217], [218], [219].
GNNExplainer’s technical implementation is based on variational approximation techniques that
use gradient-based optimisation to learn real-valued masks[220]. The approach can produce multi-
instance explanations that reliably explain entire classes of predictions as well as single-instance
explanations for individual predictions[220]. In comparison to baseline approaches,
GNNExplainer outperforms them by up to 43.0% in explanation accuracy, as demonstrated by
experimental validation on synthetic datasets with planted network motifs[217].

By using a differentiable edge masking approach that works globally across numerous instances
instead of producing explanations one at a time, GraphMask addresses several GNNExplainer’s
limitations[221]. The method uses sparse stochastic gates to address the hindsight bias issue that
plagues instance-specific explanation approaches and allows gradient-based optimisation of edge
importance[222]. GraphMask learns a neural network that predicts whether a link affects model
predictions for each edge at each layer[221], [223]. GraphMask’s primary innovation is its capacity
to produce discrete masks, which, in contrast to continuous soft masks, offer more comprehensible
explanations[224]. The approach maintains differentiability for end-to-end training while
promoting sparsity in explanations through the use of predicted Lo norm regularisation[221].
Comparative analyses show that GraphMask avoids the computational burden of instance-specific
optimisation while achieving higher faithfulness than current techniques[221].

Subgraph offers explanations in terms of subgraphs rather than individual nodes or edges, which
is a major development in GNN interpretability[225]. To evaluate subgraph relevance and capture
interactions between various substructures, the method leverages Shapley values in conjunction
with Monte Carlo tree search to efficiently explore various subgraph combinations[226], [227].
By offering more logical and human-intelligible explanations, this method overcomes the
drawback of previous approaches where significant components are not always connected[225].
SubgraphX’s technological implementation reduces computational complexity while preserving
explanation quality by using effective approximation approaches for calculating Shapley values in
graph contexts[227]. Compared to disconnected explanations, the method’s consideration of only
connected subgraphs improves visualisation and interpretability[225]. With a runtime that is
almost seven times longer than baseline techniques, experimental results show that SubgraphX
provides better explanation quality than GNNExplainer while keeping affordable computing
costs[225].

Temporal Attribution in RNNs
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By identifying the time steps that have the most influence on model predictions, Attention Weight
Analysis in RNN architectures offers essential insights into temporal decision-making
processes[228], [229], [230]. Critical time windows and temporal dependencies that influence
model decisions can be visualised thanks to the interpretable weight distributions that attention
mechanisms in RNNs naturally produce across temporal sequences[231]. However, as recent
analysis has shown, the use of raw attention weights for explanation purposes has significant
limitations[232]. Gradient-based evaluations of attention weights frequently offer more predictive
power for understanding model behaviour, and research shows that attention weights do not always
correlate well with factual feature importance[228]. This study highlights the need for more
sophisticated temporal attribution approaches that go beyond simple attention-weight
visualisation.

Temporal Saliency Maps ofter comprehensive frameworks for analysing feature importance across
both temporal and feature dimensions, which constitutes a substantial improvement in RNN
interpretability[233]. Traditional saliency approaches result in inadequate explanation quality due
to the combination of time and feature domains, which is the fundamental challenge in temporal
saliency computation[234], [235]. To address this challenge, the Temporal Saliency Rescaling
(TSR) approach uses a two-stage process that computes feature-relevance scores within highly
relevant time steps after calculating time-relevance scores for each temporal step[233]. The quality
of saliency maps across various neural architectures and interpretability approaches is significantly
enhanced by this decoupling strategy[233]. For temporal data analysis, experimental validation
shows that TSR combined with gradient-based methods performs better than conventional saliency
approaches across all assessment measures[233], [236].

Specialised architectures for specific biological applications have been incorporated into advanced
temporal attribution methods. The analysis of LSTM temporal dependencies in reinforcement
learning contexts has proven the methods for finding salient cells that contribute most to network
outputs by combining forward and backwards propagation analysis[237]. These approaches shed
light on the temporal dynamics of information processing in recurrent architectures by exposing
temporal precedence relationships between gate activations and contribution increases[237].

Integrated Spatiotemporal Interpretability Frameworks

The Series Saliency Framework offers thorough temporal interpretation for multivariate time series
by concurrently considering both feature and temporal dimensions[238], [239]. The framework
uses saliency map segmentation based on the smallest destroying region principle and considers
multivariate time series as series images[238], [239]. This approach works well as a data
augmentation technique and allows for the discovery of crucial temporal regions and feature
combinations that influence predictions[239]. By offering model-agnostic interpretability that can
be used with any well-defined deep learning architecture, the series saliency approach overcomes
the challenges of conventional attention-based methods[239]. The framework allows for a deeper
understanding of the decision-making processes in intricate spatiotemporal models by producing
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temporal interpretations that highlight both the significance of local features and global temporal
patterns[240].

Interpretable Spatio-temporal Graph Neural Networks (InsGNN) is a state-of-the-art approach that
uses information bottleneck principles to address interpretability challenges specific to
spatiotemporal graph learning[241]. Two essential elements are included in the framework:
learnable subgraph extraction with structural masking for structural interpretability and
lightweight prototype matching modules for temporal interpretability[241]. By modelling
sequences with low-dimensional knowledge vectors that reveal prototype importance, InsGNN
addresses the fundamental challenge in integrating temporal interpretability within high-
dimensional time features[241]. By choosing nodes and edges that correlate with prediction labels
via learnable masking, the structural interpretability component finds invariant causal
substructures[241]. Combining these elements preserves prediction performance while offering
thorough spatiotemporal interpretability[241].

Specialised Techniques for Biological Applications

For biological spatiotemporal modelling, Dynamic Connectivity Analysis has become a key
interpretability component, especially in neuroscience applications where biological insight
depends on an understanding of connectivity patterns[242], [243]. Specialised architectures that
combine time-varying interaction between node representations and inter-node connectivity
patterns are incorporated into recent frameworks for explainable spatiotemporal coupling
analysis[243]. By revealing how spatial relationships change over time and spotting important
connectivity patterns that influence biological outcomes, these approaches offer biological
interpretability[242]. Through the visualisation of connectivity strength maps and region-level
relevance scores, the combination of dynamic connectivity modelling and gradient-based scoring
allows for the extraction of biological traits that are pertinent to the job at hand while preserving
interpretability[242].

Multi-Scale Interpretability addresses the challenge of understanding spatiotemporal dynamics
across various temporal and spatial scales that are pertinent to biological systems[151], [244],
[245], [246]. In contrast to conventional data-driven models, recent advancements in higher-order
spatio-temporal physics-incorporated GNNs show approaches that inherently offer dynamic
graphs, missing impact metrics, and graph-like optical flow, all of which improve interpretability
[151], [244]. These frameworks incorporate physics-based constraints that enhance interpretability
by guaranteeing that patterns are consistent with established biological principles[247], [248].
Better explainability is achieved by measuring the influence of each element in the spatiotemporal
graph structure through the incorporation of normalising flows for assessing node
importance[244].

Integration Challenges and Future Directions
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A new area that calls for novel approaches to integrate temporal and spatial explanation
mechanisms is Unified Interpretability Frameworks for hybrid GNN-RNN architectures[249],
[250]. The challenge lies in providing logical explanations that span temporal dependencies
modelled by RNNs and spatial relationships captured by GNNs while preserving computational
efficiency and biological interpretability[176]. Recent advances in this area include the
development of attention-driven frameworks that offer coherent explanations across temporal and
spatial dimensions. By using hierarchical attention mechanisms that function at multiple scales,
these approaches make it possible to simultaneously identify important temporal windows and
spatial regions[251], [252].

2.5.4. Evaluation Metrics for AI-based Differentiation Prediction

A comprehensive suite of metrics that considers both predictive accuracy and model
interpretability is needed to assess Al-based models for predicting differentiation efficiency in
biological systems. This subsection examines the critical evaluation metrics required to evaluate
the effectiveness of sophisticated machine learning techniques in cardiac regeneration
applications, with a focus on metrics appropriate for the intricate, multi-modal nature of temporal
modelling frameworks and spatial transcriptomics.

Classification Performance Metrics

An essential statistic for assessing binary classification performance in differentiation prediction
tasks is Area Under the Receiver Operating Characteristic Curve (AUROC)[253], [254]. By
aggregating model performance across decision thresholds, AUROC measures how well a model
differentiates between successful and unsuccessful differentiation outcomes.[255]. With values
ranging from 0.5 (random performance) to 1.0 (perfect discrimination), the metric shows the
likelihood that the model would properly rank a randomly selected positive example higher than a
randomly selected negative example[256], [257], [258]. Nevertheless, AUROC has significant
drawbacks in biological applications, especially when handling unbalanced statistics, which are
typical in differentiation studies[255], [259]. In cardiac regeneration scenarios, where false
prediction of differentiation failure (false negative) can have more serious repercussions[260] than
false prediction of success (false positive), AUROC’s assumption that false positives and false
negatives are equally undesirable may not be accurate[255]. Additionally, biases from small and
imbalanced datasets, which are common in studies on cardiac differentiation, can affect
AUROC[255].

For problems involving imbalanced classification, precision-recall curves and Area Under the
Precision-Recall Curve (AUPRC) offer more sensitive metrics than AUROC[261], [262], [263].
Because it focuses more on the model’s ability to accurately identify positive occurrences while
minimising false positive predictions, AUPRC is especially useful in situations where the positive
class (successful differentiation) represents a minority of cases[263]. According to recent studies,
AUPRC offers a more insightful evaluation of model performance in biological applications when
there is a noticeable class imbalance[261]. Because different computing approaches can produce
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contradictory results, it is important to carefully evaluate the methodology while building
precision-recall curves[264], [265]. According to recent studies, the way adjacent anchor points
are connected during curve construction causes commonly used software tools to generate
inconsistent and excessively optimistic AUPRC values[263]. This result highlights how crucial it
is to compare model performance across studies using consistent methodological approaches.

Regression Performance Metrics

Mean Absolute Error (MAE) represents a fundamental regression metric that calculates the average
magnitude of prediction errors without taking their direction into account[266]. MAE is calculated
as the arithmetic mean of absolute differences between predicted and actual values, providing an
intuitive measure of prediction accuracy in the same units as the target variable[266], [267], [268].
For biological applications, the metric has several benefits, such as ease of interpretation and
robustness to outliers[269]. MAE is especially useful in biomarker discovery applications where
clinical decision-making is directly impacted by prediction accuracy[266]. Research has
demonstrated that ideal model performance is indicated by MAE values close to zero, with the
metric offering a clear evaluation of prediction quality across a variety of biological datasets[270].
Because MAE is non-negative, it may be interpreted consistently, with lower values consistently
denoting better performance[271].

The percentage of the dependent variable’s variation that can be predicted from the independent
variables is measured by the Coefficient of Determination (R*)[266], [272]. R? sheds light on how
well temporal and spatial characteristics account for differentiation efficiency results in the cardiac
differentiation context[273]. Depending on the complexity of the biological system and the number
of features in the model, recent biomarker discovery applications have achieved R?values between
0.48 and 0.79[274]. Because meaningful thresholds fluctuate greatly throughout various biological
prediction types, the interpretation of R? necessitates careful evaluation of the biological
context[275]. The clinical relevance of these improvements varies depending on the application
and the biological processes being modelled, even though higher R? values often suggest better
model fit[266].

Calibration Metrics

Brier Score is a strictly proper scoring mechanism that assesses how accurate probabilistic
predictions are by calculating the mean squared difference between predicted probabilities and
actual binary outcomes[276], [277]. Better-calibrated predictions are indicated by lower Brier
scores, which go from 0 (perfect calibration) to 1 (worst possible calibration)[278]. This metric is
especially useful for differentiation prediction applications where decision-making depends on
knowing how reliable probability estimates are[276], [277]. By using decomposition approaches
that isolate model accuracy from outcome prevalence effects, recent methodological advancements
have addressed challenges in the interpretation of traditional Brier scores[277]. By eliminating the
variance component of binary outcomes that is not indicative of model performance, modified
Brier score formulations enable more sensitive comparisons across various prediction
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models.[277]. This development is particularly important for applications involving cardiac
differentiation, since the incidence outcomes can range greatly between cell lines or experimental
conditions[279].

Reliability diagrams plot observed event frequencies against predicted probabilities to visually
evaluate model calibration[280], [281]. Predicted probabilities and observed frequencies agree in
well-calibrated models, with the ideal reliability diagram displaying an identity function
relationship[300]. The CORP (Consistent, optimally binned, Reproducible, Pooled-adjacent-
violators) approach, which uses isotonic regression to create statistically consistent and
reproducible diagrams, has been used to address stability difficulties in recent developments in
reliability diagram generation[301]. Systematic biases in probability estimations can be found
using reliability diagrams for biological prediction tasks[300]. These graphs can show if models
consistently overestimate or underestimate the likelihood of differentiation success in cardiac
differentiation prediction, which is important information for clinical translation and optimising
experimental design[300].

Explainability Evaluation Metrics

Fidelity Metrics measure how well explanation methods capture the decision-making process of
the underlying model[302], [303], [304].. Global fidelity evaluates the accuracy of explanations
throughout the entire dataset, whereas local fidelity gauges the agreement between explanations
and model behaviour in the immediate neighbourhood of particular instances[304]. Recent
thorough analyses have shown that SHAP outperforms LIME in biological applications, achieving
near-perfect performance (>0.99) for various model types and perfect fidelity (1.0) for tree-based
models[305]. Through explanation-agnostic fine-tuning techniques and random masking
operations, the F-Fidelity framework addresses the challenges of conventional perturbation-based
approaches, marking a substantial leap in fidelity evaluation[306]. By preventing out-of-
distribution inputs from evaluation processes and mitigating information leakage concerns, this
method offers a more reliable evaluation of explanation quality[306].

Stability Metrics measure the consistency of explanations across comparable inputs or repeated
applications of explanation techniques[304], [307].. High stability is essential for establishing
confidence in Al-driven differentiation predictions since it shows that explanation methods yield
consistent outcomes when used in comparable biological contexts[304], [307].. According to
experimental evaluations, the stability scores of the most advanced explanation approaches used
on biological datasets range from 0.85 to 0.95[304].

Sparsity Metrics measure the percentage of features that obtain non-zero importance scores, hence
quantifying the parsimony of explanations[304]. Given the high-dimensionality of transcriptome
data and the biological fact that only a handful of genes normally control specific cellular
functions, sparsity is especially crucial in single-cell genomics applications[308]. Metrics that can
differentiate between sparse linear data and other distributions have been created recently for
evaluating feature sparsity in language models, offering frameworks that can be modified for use
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in biological applications[309]. One example of how sparsity patterns themselves might yield
biologically significant information is the DECODE framework for single-cell RNA
sequencing[310]. This method shows that sparsity structure in biological data represents
functionally meaningful relationships rather than merely technical restrictions by quantifying gene
co-dependency patterns using sparse representation coefficients[310].

Faithfulness Metrics evaluate how well explanations capture the true causal relationships that
underlie model predictions[307], [311]. In contrast to fidelity, faithfulness gauges conformity to
ground truth as opposed to consistency with model behaviour[311]. According to recent
evaluations utilising controlled experiments with established ground truth, current faithfulness
measurements exhibit serious disagreements, with the best-performing metrics showing 30%
deviation from expected values for perfect explanations[303]. Research on the development of
objective standards for faithfulness evaluation is ongoing, and frameworks for producing
explanations with perfect known faithfulness are offered by transparent models like decision
trees[303]. These methodologies facilitate the methodical assessment of explanation methods and
the identification of scenarios in which disparate metrics may yield contradictory evaluations[303],
[312].

2.6.GAPS IN LITERATURE AND RESEARCH JUSTIFICATION

The integration of GNNs and RNNs for spatial multi-omics analysis in cardiac regeneration is
justified by several critical gaps found in the current literature[313]. While deep learning has
shown promise in single-cell analysis[137], [138], [314], and spatial transcriptomics has made
considerable strides in cardiac biology applications[85], [91], [92], the integration of these
approaches for predictive modelling of cardiac differentiation is still largely unexplored.

Firstly, most of the spatial transcriptomics research in cardiac biology to date has been on
descriptive analyses of spatial organisation and cellular heterogeneity[85], [315], with little
attention paid to prediction modelling for therapeutic applications. The fundamental challenge of
predicting and optimising differentiation efficiency in regenerative medicine applications is not
addressed by these studies, even though they offer insightful information about cardiac tissue
architecture[316], [317]. One major obstacle to applying spatial omics findings to clinical settings
is the disconnect between spatial characterisation and predictive utility[318], [319], [320].

Second, most of the deep learning approaches used in cardiac biology now rely on static snapshots
of cellular states or single modalities[137], [138], [173].. Existing approaches are still insufficient
in simulating the temporal dynamics of cardiac differentiation, which are essential for
comprehending and predicting differentiation outcomes[208], [321].. While RNN-based
approaches have been effective in modelling temporal gene expression[148], it has not been proven
that they can be used to predict cardiac-specific differentiation in a geographical context.

Third, a novel approach that overcomes the drawbacks of single-architecture approaches is the
integration of spatial and temporal information using combined GNN-RNN architectures[322].
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While temporal modelling approaches usually overlook spatial context, current spatial biology
approaches employing GNNs focus mostly on static spatial relationships[50], [145], [146].. The
temporal dynamics of differentiation processes, as well as the spatial organisation of cardiac
tissues, may be captured by combining various structures.

Fourth, traditional machine learning approaches with limited temporal resolution are the mainstay
of current predictive models for differentiation efficiency[208]. While achieving reasonable
accuracy, these approaches do not leverage the extensive spatial and temporal information seen in
contemporary multi-omics datasets[323]. Combining temporal modelling with spatial multi-omics
data may greatly increase prediction accuracy while offering mechanistic insights into
differentiation processes[323], [324].. The potential of similar improvements in biological
prediction tasks is demonstrated by the success of hybrid architectures in weather forecasting,
where HiSTGNN achieved 4.2% to 11.6% error reduction compared to state-of-the-art
approaches[191]. A template for modelling cross-cellular interactions during differentiation
processes is provided by the hierarchical modelling approach, which incorporates cross-regional
spatiotemporal correlations among meteorological variables[191]. A precedent for translating
hybrid architectures to biological contexts is established using domain adaptation techniques in
population genetics, where domain-adaptive neural networks effectively solved simulation mis-
specification issues[207]. This approach addresses the problem of sparse labelled data in cardiac
differentiation research by allowing training on simulated data and application to real experimental
datasets.

Fifth, the requirement for interpretable models that can offer biological insights in addition to
predicting accuracy is highlighted by the emphasis on explainable AI in biological
applications[218], [219]. In spatial biology, current deep learning approaches frequently function
as “black boxes” with limited interpretability[137], [157], [212], [230], [314].. This limitation
could be overcome by developing interpretable GNN-RNN frameworks, which would still
preserve the advanced modelling abilities needed for intricate biological systems[322]. Based on
temporal variations, the gradient-based sensitivity analysis shown in LSTM modelling of
microbiome dynamics|194] offers biological insights into the contributions of individual species.
Key cellular populations and molecular pathways that influence the success of cardiac
differentiation could be identified using similar techniques.

Architectural insights relevant to cardiac differentiation modelling are offered by the Time-varying
Graph Convolutional networks (TVGCN) technique, which dynamically captures the spatial
relationships and uses dilated causal convolution for temporal modelling[325]. Combining time-
varying dynamic adjacency matrices obtained from attention scores with static adjacency matrices
expressing physical connectivity[325] provides a framework for modelling both fixed cellular
spatial relationships and dynamic molecular interactions. Computational efficiency benefits
offered by the Temporal Graph Networks (TGNs) framework for dynamic graphs represented as
sequences of timed events can enable the analysis of large-scale spatial multi-omics datasets[202].
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Significant speed gains are made possible by the innovative pairing of memory modules and graph-
based operators, all while preserving computational tractability[202].

Addressing these identified gaps with a unified framework that captures temporal differentiation
dynamics and spatial cellular relationships is what makes integrating GNN and RNN architectures
on spatial multi-omics data novel[326], [327], [328].. Compared to current approaches that
concentrate on single data modalities or tackle spatial and temporal aspects independently, this
approach represents a significant advancement[329]. This integration’s clinical relevance is
especially crucial considering the pressing need for better cardiac regeneration therapies[330].
Achieving reliable, high-quality differentiation results is a major problem for current iPSC-CM
technologies[331], [332].. The efficiency and reliability of cardiac regeneration techniques could
be significantly increased by the development of predictive models that can optimise
differentiation protocols based on temporal and spatial cellular features[333], [334].. The
development of predictive frameworks for cardiac regeneration is made possible by the
convergence of cross-domain architectural achievements, temporal modelling capabilities, and
spatial biology advancements. This integrative approach is justified by the gaps in the current
literature, and the success of hybrid architectures across domains gives assurance on their potential
for biological applications.

2.7.SUMMARY AND SYNTHESIS

This literature reveals the field of cardiac biology research as a rapidly evolving field, with deep
learning techniques and spatial multi-omics technologies starting to merge. The review shows that
while there have been notable developments in each of the three areas, predictive modelling for
cellular differentiation[208], deep learning for single-cell analysis[137], [138], [314], and spatial
transcriptomics in cardiac tissues[85], [91], the integration of these approaches is still an uncharted
area with great promise for advancing cardiac regeneration.

The key findings drawn from this review directly influence the aims of the study and justify the
proposed methodology. First, spatial transcriptomics has been a great tool for identifying novel
cell populations and characterising cardiac cellular heterogeneity[85], [86], [91], [335], but it lacks
the predictive capabilities for therapeutic optimisation. Second, deep learning techniques have
demonstrated excellent results in pattern recognition and single-cell clustering[137], [138], but
they are still not widely used in spatial contexts with temporal dynamics. Third, there is a pressing
need for predictive modelling techniques that can make use of multi-modal data due to the
challenges associated with iPSC-CM differentiation, including variability, immaturity, and
unpredictable results[5], [74], [75].

One critical factor that is not sufficiently addressed by existing spatial omics techniques is the
temporal aspect of cardiac differentiation. The dynamic process of cardiac differentiation requires
temporal modelling capabilities that RNN architectures can offer[148], whereas spatial
transcriptomics provides snapshots of cellular states[92]. The constraints of current single-
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architecture techniques are addressed by the new integration of temporal dynamics through RNNs
and spatial context through GNNs[336].

The necessity for interpretable models that can offer mechanistic insights in addition to predicting
accuracy is in line with the focus on explainable Al in biological applications[218], [219]. This
requirement is especially critical in cardiac regeneration, where securing regulatory approval for
clinical applications and optimising therapy regimes depend on an understanding of the molecular
foundation of predictions[337].

According to the research, there is a strong need for developing integrated GNN-RNN techniques
because of the current gaps in spatial-temporal modelling, the limited predictive capabilities in
spatial omics, and the need for interpretable Al frameworks in cardiac biology. The research
hypothesis that integrating temporal dynamics modelling with spatial relationship modelling using
GNNs can significantly increase the prediction of cardiac differentiation efficiency while offering
biologically interpretable insights is directly supported by these findings. These literature findings
inform the transition to the methodology chapter, highlighting the need for: (1) integrating
temporal modelling capabilities with spatial multi-omics data; (2) developing interpretable deep
learning frameworks that offer biological insights; (3) validation approaches that outperform
current methods in terms of predictive performance; and (4) application to real cardiac
differentiation datasets that address current regenerative medicine challenges. Both the biological
need for interpretable, actionable insights that can direct therapy optimisation and the technical
difficulties of integrating diverse data modalities must be addressed by the methodology.
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3. CHAPTER 3: METHODOLOGY
3.1.INTRODUCTION

This chapter outlines the comprehensive methodological framework used to develop and evaluate
anovel hybrid deep learning architecture that combines temporal gene expression data with spatial
transcriptomics to predict the outcomes of cardiomyocyte differentiation. By combining GNNs for
spatial analysis and RNNs for temporal modelling, the study fills a critical gap in computational
approaches for regenerative medicine, representing the first systematic investigation of
spatiotemporal integration in cardiomyocyte differentiation prediction.

The methodology is structured around four sequential phases: individual model development,
embedding extraction and fusion, hybrid model training and evaluations, and XAI framework
implementation (Figure 7). This strategy uses comprehensive XAl approaches to ensure biological
interpretability while ensuring enabling the systematic comparison of fusion strategies. In addition
to incorporating best practices for machine learning validation in biomedical applications, the
chapter organisation adheres to established guidelines for computational biology research. The
equations used to develop the models used here and statistical analysis are outlined in appendix A.

Phase 1: Individual Model
Development
GNN (Spatial)
RNN (Temporal)

Phage 2: Embedding Extraction and
Fusion
Early, late, Attention-Based

Phase 3: Hybrid Model Training and
[valuation
S-Fold
Cross-Validation

Phase 4: XAl Framewark
Bivlogical intempretability

l

Predictions, Biomarkers, and
Biological Insights

Figure 7: Overview of the four-phase methodology.

Chapter Structure: The study design and theoretical framework are established in Section 3.2,
while the quantitative approach and sampling strategy are outlined in Section 3.3. Data collection
methods are detailed in Section 3.4, followed by comprehensive analysis procedures in Section
3.5. Sections 3.6-3.8 address validity, ethics, and limitations, with Section 3.9 providing a
summary linking to the results chapter.
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3.2.RESEARCH DESIGN

This study employs a computational experimental design grounded in the positivist paradigm,
which assumes that biological phenomena can be objectively measured and quantitatively analysed
through rigorous computational methods. The research design is characterized as a multimodal
deep learning investigation with integrated validation and interpretability components, specifically
designed to address the complexity of spatiotemporal biological data analysis.

The theoretical framework is grounded in systems biology which recognises that complex
interactions between temporal gene expression patterns and spatial microenvironmental factors
lead to cellular differentiation. To achieve a comprehensive understanding of cellular processes, it
is crucial to integrate heterogeneous biological data types, which is in line with established
computational biology approaches. Leveraging the complementary strengths of sequence-based
spatial modelling, the design integrates hybrid architecture development as the core
methodological innovation.

3.2.1. Methodological Alignment with Research Questions
The research design directly addresses the four fundamental research questions through targeted
methodological components, table 2 summarises the research questions:

Table 2: Summary of research questions against corresponding methodological component

Research Question Methodological Component Section Reference
Spatial pattern recognition Enhanced GNN development Section 3.5.2
through GNN architectures with Graph Attention

Networks/graph

Convolutional Networks

(GAT/GCN) layers
Prediction accuracy Three  fusion  strategies Section 3.5.2
improvement through (concatenation, ensemble,
multimodal integration attention)
Critical spatiotemporal SHAP-based XAl framework Section 3.5.6
biomarker identification with biological validation
Biological  validation of Cardiac gene database Section 3.6
computational predictions mapping and pathway

analysis

3.3.RESEARCH APPROACH AND STRATEGY

This study employs a quantitative approach utilising deep learning methodologies specifically
adapted for biological data analysis. This advanced computational approach, which combines
supervised machine learning and multimodal data fusion, maintains biological interpretability
though comprehensive validation procedures while utilising neural networks’ pattern recognition
capabilities. By combining spatial and temporal information using three distinct fusion
architectures: early concatenation-based fusion, late ensemble-based fusion, and dynamic
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attention-weighted fusion, the hybrid modelling strategy addresses the inherent limitations of
single-modality approaches[338], [339]. This thorough approach ensures optimal performance
across diverse biological contexts and enables systematic comparison of integration strategies.

3.3.1. Sampling Strategy and Justification

The sampling strategy utilises established public datasets with proven biological relevance and
technical quality. The spatial transcriptomics component leverages the 752 tissue spots with spatial
coordinates from the Kuppe et al. (2022) study[112], while the temporal component utilises the
800 temporal samples from the Elorbany et al. (2022) study[49], which spans 4 distinct
differentiation trajectories.

To determine sample size adequacy, power calculations specific to deep learning applications in
biological data analysis were used. The sample sizes (752 spatial spots and 800 temporal samples)
capture enough biological heterogeneity among cardiomyocyte subtypes and differentiation
trajectories to be robust, while also exceeding the minimal requirements for neural network
training. For GNN architectures, the 800 temporal samples enable comprehensive sequence
modelling across 10 time points with statistical power >0.8 for detecting moderate effect sizes in
classification tasks, while the 752 spatial spots offer sufficient neighbourhood density for effective
graph construction (k = 6 neighbours per spot).

By minimising the technical and financial challenges associated with novel data generation, this
sampling technique ensures reproducibility and enables direct comparison with existing literature.
The datasets support the generalisation of computational findings across different cardiomyocyte
differentiation systems by representing diverse biological contexts and experimental conditions.
Computational validation strategy incorporates rigorous cross-validation protocols established
specifically for biomedical machine learning applications. To address the inherent challenges of
biological data such as batch effects and class imbalance, the approach employs 5-fold stratified
cross-validation with class balancing. This strategy uses bootstrap approaches for estimating
confidence intervals and adheres to established best practices for machine learning validation in
healthcare applications.

3.4.DATA COLLECTION METHODS

3.4.1. Spatial Multi-Omics Data Collection

The primary dataset consists of spatial transcriptomics data published by Kuppe et al. (2022),
[112]. The 10X Genomics Visium Spatial Gene Expression technology, which enables
simultaneous capture of gene expression profiles and spatial positioning data with a spot diameter
resolution of ~55um, was used to generate this dataset.

Dataset characteristics include:

1. Sample composition: 752 tissue spots with accurate spatial coordinates.
il. Feature depth: >2,000 gene expression measurements per spot.
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iil. Biological context: Human cardiac tissue from myocardial infarction patients.

v. Spatial resolution: ~55um spot diameter enabling capture of cellular neighbourhoods.
V. Coverage: Full transcriptome analysis with spatial preservation.
Vi. Classification target: 5 distinct cardiomyocyte subtypes based on spatial location and

gene expression profiles.

Data acquisition protocol follows established procedures for spatial transcriptomics analysis,
including tissue sectioning, library preparation, sequencing, and spatial mapping. Quality control
measures include assessment of spot quality, gene detection rates, and spatial coordinate accuracy.
The dataset offers comprehensive documentation of experimental protocols, enabling reproducible
analysis and computational method validation.

3.4.2. Temporal Gene Expression Data Collection

The secondary dataset consists of temporal differentiation data from Elorbany et al. (2022),
representing a comprehensive time-course analysis of human iPSC-derived cardiomyocyte
differentiation published in PLoS Genetics[49]. This dataset was generated using Single-Cell RNA
sequencing (scRNA-seq) technology to capture the dynamics changes in gene expression during
differentiation processes.

Data characteristics include:

1. Sample composition: 800 temporal samples distributed across 200 samples per
trajectory.

ii. Temporal resolution: 10 sequential time points capturing differentiation dynamics.

iil. Feature depth: 2,000 highly variable genes selected for temporal analysis.

1v. Biological context: Human iPSC-derived cardiomyocyte differentiation.

V. Trajectory diversity: 4 distinct differentiation pathways representing different
experimental conditions.

Vi. Classification targets: 4 differentiation trajectory classes based on temporal gene

expression patterns.

The data collection protocol incorporates established single-cell RNA sequencing procedures,
including cell isolation, library preparation, sequencing, and temporal trajectory reconstruction.
Quality control measures include assessment of cell viability, gene detection sensitivity, and
temporal consistency. The dataset offers comprehensive metadata enabling validation of temporal
modelling approaches and integration of spatial transcriptomics data.

3.4.3. Data Integration Strategy

By carefully aligning sample spaces and feature representations, the multimodal integration
approach tackles the challenges of combining heterogeneous data types. To enable the combining
of complementary information sources, the integration technique employs computational
alignment procedures to match spatial and temporal samples based on biological relevance rather
than direct correspondence.
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The integration protocols include:

1. Feature harmonization: Standardisation of gene expression measurement across
platforms.

ii. Sample alignment: Computational matching of spatial spots with temporal samples
based on transcriptomic similarity.

iii. Quality assessment: Validation of integration quality through correlation analysis and

biological pathway consistency.
1v. Preprocessing coordination: Synchronised normalisation and scaling procedures for
multimodal compatibility.

The spatial and temporal datasets originate from different experimental contexts and are not paired
at the cell/spot level, for the fusion experiments, a shared prediction target is required. In this study,
the shared target is the differentiation efficiency label defined in section 1.3 (high vs low efficiency
based on terminal cardiomyocyte purity). Temporal cell sequences are labelled using the terminal
outcome, and spatial Visium spots are assigned labels via the similarity-based alignment step for
multimodal fusion. This transfer is an integration strategy rather than a claim of direct biological
equivalence between adult myocardial infarction tissue states and in vitro differentiation samples;
its impact on generalisation is discussed explicitly in sections 3.9 and 5.5.

3.5.DATA ANALYSIS PROCEDURES

3.5.1. Preprocessing Pipeline Implementation

Data preprocessing employed scikit-learn's preprocessing modules to ensure consistent data
distributions across modalities. Spatial transcriptomics data utilized StandardScaler for Z-score
normalization, while temporal sequences employed MinMaxScaler to preserve temporal
relationships. Label encoding through LabelEncoder ensured consistent categorical variable
handling across datasets.

Preprocessing of spatial transcriptomics (shown in figure 8) data follows established protocols
from the scanpy ecosystem, incorporating comprehensive quality control and normalisation
procedures.

.pp-normalize total(self.adata, target_sum=1e4)
.pp.loglp(self.adata)

.pp-highly_variable_genes(self.adata, n_top_genes=2000, subset=True)
.pp.scale(self.adata, max_value=10)

Figure 8: Spatial transcriptomics preprocessing pipeline. The scanpy-based preprocessing
workflow implemented for spatial transcriptomics data analysis, incorporating four key
computational steps: (1) Total count normalisation with target sum of 10.000 UMI per cell to
account for sequencing depth variations, (2) Log transformation to stabilise variance and
normalise gene expression distributions, (3) Highly variable genes selection identifying the top
2,000 most informative genes with automatic subsetting to reduce dimensionality, and (4) Z-score
standardisation with maximum value clipping at 10 to prevent outlier dominance. This
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established protocol follows best practices from the single-cell genomics community and ensures
data quality for downstream hybrid GNN-RNN analysis of the 752 tissue spots from the Kuppe et
al. (2022) cardiac spatial transcriptomics dataset.

Quality control measures include spot filtering (>500 detected genes), gene filtering (>10 spots),
mitochondrial content assessment (<20%), and ribosomal gene filtering. Spatial graph construction
employs k-nearest neighbours (k = 6) with Euclidean distance metrics and inverse distance
weighting for edge construction.

Temporal data preprocessing incorporates specialised procedures for sequence data analysis,
including cell filtering (>100 detected genes), doublet detection and removal, cell cycle scoring,
and temporal sequence construction using linear interpolation. Feature engineering includes gene
expression smoothing, differential expression identification, RNA velocity estimation, and
pseudotime calculation for trajectory ordering.

Statistical preprocessing employs multimodal scaling strategies with Z-score normalisation for
GNN components and min-max scaling for RNN components. Principal Component Analysis
(PCA) from scikit-learn's decomposition module enabled efficient dimensionality reduction while
preserving biological variance. GNN features retained 95% explained variance (typically ~128
components), while RNN features maintained 90% variance (typically ~256 components). t-
Distributed Stochastic Neighbour Embedding (t-SNE) from sklearn.manifold provided
visualization of high-dimensional embeddings for quality assessment.

Class imbalance (shown in figure 9) was systematically addressed through compute class weight
from sklearn.utils, generating inverse frequency weights for loss function balancing.
WeightedRandomSampler ensured balanced batch composition during training, while stratified
sampling maintained class proportions across train-validation splits.
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class HybridDataset(torch.utils.data.Dataset):
"""Dataset for hybrid model training with class imbalance support"""

def __init_ (self, gnn_embeddings, rnn_embeddings, targets):
self.gnn_embeddings = torch.FloatTensor(gnn_embeddings)
self.rnn_embeddings = torch.FloatTensor(rnn_embeddings)
self.targets = torch.LongTensor(targets)

self.class_counts = np.bincount(targets)
self.class_weights = compute_class_weight('balanced', classes=np.unique(targets), y=targets)

logger.info(f"Class distribution: {dict(zip(np.unique(targets), self.class_counts))}")
logger.info(f"Class weights: {dict(zip(np.unique(targets), self.class_weights))}")

_len__(self):
return len(self.targets)

__getitem_ (self, idx):
return self.gnn_embeddings[idx], self.rnn_embeddings[idx], self.targets[idx]

get_weighted_sampler(self):
"""Create WeightedRandomSampler for handling class imbalance"""

sample_weights = np.array([self.class_weights[t] for t in self.targets])

sampler = torch.utils.data.WeightedRandomSampler(
weights=sample_weights,
num_samples=len(sample_weights),
replacement=True

)

logger.info(f"WeightedRandomSampler created for balanced training™)
return sampler

get_class_weights_tensor(self):
"""Get class weights as tensor for loss function""™
return torch_.FloatTensor(self.class_weights)

Figure 9: Class imbalance mitigation framework for hybrid model training. Implementation of the
HybridDataset class demonstrating multi-level class imbalance handling: (1) automatic class
distribution analysis and balanced weight computation, (2) WeightedRandomSampler creation for
oversampling minority classes during training, and (3) class weight tensor generation for
integration with CrossEntropyLoss. This framework ensures robust model training on imbalanced
cardiomyocyte differentiation datasets by addressing sampling bias at both the data loading and
loss computation levels.

3.5.2. Deep Learning Architecture Development

Phase 1: Individual model Development follows a systematic approach to establish baseline
performance for each modality before integration as shown in figure 10.

The Graph Neural Network architecture incorporates advanced spatial modelling capabilities:
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Enhanced Cardiomyocyte GNN
— Graph Construction: K-NN spatial graphs (k=6)
— Feature Processing: 2,000 - 512 -» 256 dimensions

I— Graph Layers:
— Graph Attention Network (GAT): 256 - 128

L— Global Pooling: Node » Graph representation
— Classification Head: 64 » 5 classes
L— parameters: 9.87M trainable

| I— Graph Convolutional Network (GCN): 128 - 64

Figure 10: Comprehensive architecture of the spatial GNN model featuring k-nearest neighbour
graph construction (k = 6) for spatial relationship modelling, progressive feature dimensionality
reduction from 2,000 highly variable genes through hierarchical processing layers (512 -> 256 ->
128 -> 64 dimensions), dual graph processing combining Graph Attention Networks (GAT) and
Graph Convolutional Networks (GCN) for enhanced spatial pattern recognition, global pooling for
graph-level representation, and final classification into 5 cardiac cell types. This neural network
achieved state-of-the-art performance on cardiac tissue spatial transcriptomics data by integrating
spatial coordinates with gene expression patterns for accurate cardiomyocyte identification and
classification.

The node representation update in the Graph Attention Network is as follows (equation 1):

Equation 1: node representation update in the Graph Attention Network

hl§1+1) (1)
=0 Z ai(]l-)W(l) h]@
JEN(D)

Where:

- hgl) € R?M is the feature vector of node i at layer

- N(i@) denotes the spatial neighbourhood of node i

O,
a;;
- WO e RIHD x dWO js the learnable matrix
- o0(") is the activation function (LeakyReLU)

is the attention coefficient between nodes i and j at layer [

Training strategy employs learning rate scheduling, weighted loss functions for imbalanced data,
early stopping with patience=15, stratified sampling for class balance, and comprehensive
regularisation throughout dropout and batch normalisation.

The Recurrent Neural Network architecture (figure 11) focuses on temporal sequence modelling:
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Temporal Cardiac BiLSTM

|— Input Processing: 2,888 genes x 18 timepoints
|— Embedding Layer: 2,888 -+ 512 dimensions

|— BilSTM Layers:

| | Layer 1: 512 > 256 (bidirectional)

I I— Layer 2: 256 + 256 (bidirectional)

| L jayer 3: 256 » 128 (bidirectional)

|— Attention Mechanism: Temporal attention weights
|— Classification Head: 128 -+ 4 classes

L_ parameters: 7.34M trainable

Figure 11: Temporal Bidirectional Long Short-Term Memory (LSTM) architecture for
developmental stage classification. Complete neural network architecture showing: (i) input
processing of 2,000 gene expression profiles across 10 developmental timepoints, (ii) embedding
layer for feature dimensionality reduction, (iii) three-layer bidirectional LSTM network with
progressive refinement (512 -> 256 -> 256 -> 128 dimensions), (iv) temporal attention mechanism
for dynamic timepoint importance weighting, and (v) 4-class developmental stage classification
head. This 7.34M-parameter architecture captures bidirectional temporal dependencies in cardiac
gene expression trajectories, enabling accurate prediction of cardiomyocyte maturation stages.

Training optimisation incorporates focal loss for class imbalance handling, gradient clipping
(max_norm = 1.0), dynamic learning rate with ReduleLROnPlateau, sequence-aware data
augmentation, and comprehensive temporal validation procedures.

3.5.3. Hybrid Fusion Strategy Implementation

Phase 2: Embedding Extraction and Fusion focuses on optimal combination of learned
representations from individual models.

Three fusion strategies were systematically implemented and evaluated as shown in figure 12-14:
Strategy 1: Early Fusion (Concatenation)

if fusion strategy == "concatenation®:

fusion dim = gnn_dim + rnn_dim

» Enn_emb, rnn_emb):

.fusion strategy == 'concatenation’:

fused emb = torch.cat([gnn_emb, ron_emb], dim=1)

output = self.fusion head(fused emb)

return output,

Figure 12: Implementation of the concatenation-based fusion approach where GNN and RNN
embeddings are directly concatenated to create a combined feature vector of dimensions. The fused
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embeddings are then processed through a unified classification head to produce final predictions.
This early fusion strategy (shown in equation 2) enables joint learning of spatial and temporal
features at the feature level, allowing the model to capture cross-modal interactions between spatial
transcriptomics patterns and temporal gene expression trajectories.

The concatenation fusion strategy combines embeddings at the feature level:

Equation 2: Concatenation fusion

hfused = [henn; hrin] (2)
y= MLP(hfused)

Where MLP(+) represents a multi-layer perceptron classifier.
Strategy 2: Late Fusion (Ensemble)

elif fusion_ strategy

[}
=

.gnn_head
.rnn_head

.ensemble weight =

[1¥] [1¥] [1¥]
= =
4 =

elif self.fusion strategy == 'ensemble’:
gnn_output self.gnn_head(gnn_emb)

rnn_output self.rnn_head(rnn_emb)

alpha = torch.sigmoid(self.ensemble weight)
output = alpha * gnn_output + (1 - alpha) * rnn_output

Figure 13: Implementation of the ensemble-based fusion approach where GNN and RNN
embeddings are processed through separate classification heads before combining predictions. The
ensemble strategy employs learnable weight parameter with sigmoid activation to compute the
mixing coefficient o, enabling adaptive weighting between modalities (¢ * gnn_output +
(1 + a) * rnn_output). This late fusion approach (equation 3) allows each modality to develop
specialised representations while maintaining flexibility in their combination, supporting both
independent learning and ensemble decision-making for robust cardiomyocyte classification.

The ensemble fusion combines predictions from separate modality-specific classifiers:

Equation 3: Ensemble fusion

yenn = MLPgyy (hpyn) (3)
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Yfinal = A Yenn
+(1-2)

* YRNN

Where 1 = g(w) is a learnable ensemble weight parameter.
Strategy 3: Attention Fusion (Dynamic)

class AttentionFusion(nn.Module):
def __init_ (self, gnn_dim, rnn_dim, hidden_dim=64):
super{AttentionFusion, self). init_ ()

.attention_net = nn.Sequential(
nn_dim + rnn_dim, hidden_dim),

Dropout(8.3),

hidden_dim, 2},
Softmax(dim=1)

f fusion_strategy == 'attention':

self.attention fusion = AttentionFusion{gnn_dim, rnn_dim, hidden dims[8])

elif self.fusion_strategy == "attention’:

fused emb, attention_weights = self.attention fusion{gnn_emb, rnn_emb)
output = self.fusion_head(fused_emb)

return output, attention_weights

Figure 14: Implementation of the attention fusion strategy featuring a learnable attention network
that dynamically weights GNN and RNN contributions per sample. The module computes sample-
specific attention weights through a multi-layer perceptron with ReLU activation and softmax
normalisation, outputting two weights for GNN and RNN modalities. The attention mechanism
processes concatenated embeddings to generate adaptive fusion weights, enabling the model to
automatically adjust the importance of spatial versus temporal information based on input
characteristics, thus providing interpretable and context-aware multi-modal integration.

Equation 4 shows how the attention-based fusion learns dynamic weights for each modality:
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Equation 4: Attention-based fusion

a= softmax(MLP([hGNN; hRNND) “4)
hrusea = Aenn - Wennhonn + Qrn
- Wrnnhrnn

Where:

— T i _
- a = [agyy, agnn]” With agyy + agyy =1
- Wegnn, Wrnn are learnable projection matrices.

3.5.4. Model Training and Evaluation Procedures

The training protocol comprises of 5-fold stratified cross-validation for robust performance
estimation, Adam optimisation with weight decay for regularisation, CrossEntropyLoss with class
weighting for handling imbalanced data, data alignment procedures for careful matching of GNN
and RNN sample spaces, and comprehensive regularisation through dropout, batch normalisation,
and early stopping[339], [340]. Performance evaluation adheres to established best practices for
machine learning validation in biomedical applications, including statistical significance testing
for performance comparisons.

To minimise the risk of data leakage and ensure proper separation between training, validation,
and testing datasets, a structured data partitioning protocol was implemented. A detailed checklist
outlining the safeguards applied during dataset preparation is provided in Appendix B.

3.5.5. Statistical Analysis Framework

The computational analysis framework employed a comprehensive statistical analytics framework
integrating established machine learning libraries with specialised biological data analysis tools.
The framework ensures rigorous statistical validation while maintaining interpretability through
systematic application of established methodologies.

Primary Libraries: The analytical pipeline utilized scikit-learn (v1.3.0) as the primary machine
learning framework, providing standardized implementations of preprocessing, model selection,
and evaluation procedures. Scientific computing employed SciPy (v1.11.3) for advanced statistical
testing and NumPy (v1.24.3) for numerical computations, while Pandas (v2.0.3) enabled
comprehensive data manipulation and analysis workflows.

Statistical Validation Tools: The framework incorporated multiple validation approaches through
scikit-learn's model selection modules, including stratified K-fold cross-validation (K=5), train-
test splitting with stratified sampling (80-20 and 60-20-20 configurations), and cross-validation
scoring for robust performance estimation. Statistical significance testing employed SciPy's
statistical functions, particularly McNemar's test [341] for paired model comparisons and paired
t-tests for metric significance assessment.
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Metrics Suite: Model performance assessment utilized scikit-learn's extensive metrics library,
providing accuracy scores, Fl-scores, precision and recall measurements, classification reports
with per-class statistics, and confusion matrices for detailed error analysis. Additional metrics
included area under the ROC curve (AUC-ROC) for probabilistic assessment and custom
confidence scoring for uncertainty quantification.

Statistical Testing Protocol: Performance comparisons employed McNemar's test [341] for paired
predictions, enabling rigorous assessment of classification improvement significance. Paired t-
tests provided additional validation for continuous metrics, ensuring statistical robustness of
performance claims with significance thresholds set at a = 0.05.

Monte Carlo (MC) Dropout analysis (shown in figure 15) was used for uncertainty quantification
(UQ), which was used to assess the predictive framework’s robustness and reliability. The
estimation of epistemic uncertainty — the uncertainty resulting from model parameters due to
limited training data or model capacity — is enabled by MC Dropout, in contrast to conventional
deterministic inference. This was achieved by conducting multiple stochastic forward passes (n =
50 iterations per sample) and activating dropout layers during inference. Rather than generating a
single point estimate, each forward pass generated slightly different predictions.

class MCDropout(nn.Module):
"""Monte Carlo Dropout for uncertainty estimation™""

def __init_ (self, p=0.3):
super(MCDropout, self). init_ ()
self.p = p

def forward(self, x):

return F.dropout(x, p=self.p, training=True)

Figure 15: Monte Carlo implementation - MCDropout class enabling uncertainty estimation
through stochastic forward passes during inference.

Table 3: Summary of statistical tools used

Tool Category Library/Function Application
Performance Metrics Sklearn.metrics Accuracy_score,
fl score,
classification report
Cross-Validation Sklearn.model selection StratifiedKFold,

Statistical Tests
Preprocessing

Class Balance

Scipy.stats
Sklearn.preprocessing

Sklearn.utils
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StandardScaler,
MinMaxScaler, PCA
Compute class weight



Uncertainty Custom MCDropout Predictive entropy,

confidence
Interpretability SHAP v0.48.0 DeepExplainer,

summary_plot
Clustering Sklearn.cluster KMeans,

NearestNeighbours

3.5.6. Explainable Artificial Intelligence (XAI) Framework

The interpretability of hybrid deep learning models represents a critical requirement for biological
applications, particularly in regenerative medicine where model predictions must align with
established biological knowledge. This study implements a comprehensive XAl framework
combining multiple interpretability approaches to ensure biological validity and translational
relevance of computational predictions.

Deep Learning Interpretability: The primary interpretability approach employed SHAP
(SHapley Additive exPlanations) framework v0.48.0, specifically utilizing DeepExplainer for
neural network architectures. SHAP provides both global feature importance across the entire
dataset and local explanations for individual predictions, enabling comprehensive understanding
of model decision-making processes.

Implementation Strategy: SHAP analysis(shown in figure 16) was applied to both individual
models (GNN, RNN) and hybrid architectures, providing comparative interpretability assessment
across different modelling approaches. The framework calculated SHAP values for all input
features, enabling identification of the most influential genes and spatial relationships driving
differentiation predictions.
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Figure 16: SHAP-based explainable Al suite providing feature importance analysis, uncertainty
quantification, and biological pathway mapping for cardiac differentiation predictions.

3.6.VALIDITY, RELIABILITY, AND TRUSTWORTHINESS

3.6.1. Model Validation strategy

A multi-tiered testing approach was employed to rigorously validate the hybrid GNN-RNN model.
This included unit testing for individual neural network components, integration testing to evaluate
the fusion strategy, and end-to-end pipeline validation to ensure overall system reliability.

To evaluate stability and convergence, cross-validation variance analysis was performed to identify
potential model instability, while learning curve assessments were used to monitor optimization
dynamics and detect convergence patterns. An enhanced validation framework continuously
monitored training—validation performance gaps, providing an additional safeguard against
overfitting. Regularization strategies were systematically implemented, including Monte Carlo
dropout (drop probability = 0.3) for uncertainty quantification, L2 weight decay (A = le—4) for
parameter constraint, and early stopping triggered by validation loss plateauing for 15 consecutive
epochs. Together, these measures ensured robust generalization to unseen cardiomyocyte
differentiation data while maintaining the biological interpretability of spatial and temporal gene
expression dynamics.
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Internal validity is ensured by rigorous cross-validation protocols designed specifically for
biomedical machine learning applications. The 5-fold stratified cross-validation approach
addresses class imbalance challenges while providing robust performance estimates with
confidence intervals generated through bootstrap procedures.

External validity is established through the utilisation of well-characterised public datasets with
established biological relevance and technical quality. The datasets allow for the generalisation of
computational findings across various cardiomyocyte differentiation systems since they represent
diverse biological contexts and experimental conditions.

Construct validity is maintained through systematic biological validation of computational
predictions using established cardiac gene databases and pathway analysis. To ensure that mode
predictions reflect genuine biological relationships rather than statistical artefacts, the explainable
Al framework offers interpretable insights that align with established biological mechanisms.

Biological validation framework incorporates comprehensive cardiac gene database mapping,
linking computational features to established markers including ISL1 (cardiac progenitor marker),
NKX2-5 (master cardiac regulator), GATA4 (cardiac progenitor specification), MEF2C (cardiac
muscle development), and TBXS5 (cardiac chamber development). This methodological approach
identifying novel regulatory mechanisms while ensuring that model discoveries align with
established cardiac developmental biology.

3.6.2. Reliability and Reproducibility Measures

Technical reliability is achieved through version-controlled software implementations,
documented computational approaches, and standardised preprocessing pipelines. All analyses
utilise established software packages with validated algorithms, including scikit-learn[342] for
machine learning validation, scanpy[343] for spatial transcriptomic analysis, and PyTorch[344]
for deep leaning. Reproducibility measures include comprehensive documentation of
computational procedures, public GitHub repository availability
(https://github.com/Tumo505/HybridGnnRnn), standardised random seeds (seed = 42) for
deterministic results across all stochastic operations, and detailed hyperparameter specifications
enabling exact replication of all analyses.

Biological reliability is ensured through using established datasets with peer-reviewed validation
and documented quality control procedures. By integrating multiple data modalities, the risk of
platform-specific artefacts or technical biases is reduced, and biological findings are validated
orthogonally.

Reproducibility measures include comprehensive documentation of computational procedures,
public availability of analysis code, standardised random seeds for deterministic results, and
detailed parameter specifications enabling replication of all analyses. The approach complies with
established guidelines for reproducible computational biology research.
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3.6.3. Bias Mitigation Strategies

Selection bias is minimised by using representative public datasets that capture diverse biological
conditions and experimental contexts. Numerous cardiomyocyte subtypes and differentiation
trajectories are included in the datasets, ensuring coverage of pertinent biological variation. By
systematically comparing multiple modelling approaches and fusion strategies, confirmation bias
is mitigated and an excessive dependence on single methodological approach is avoided. The
explainable Al framework provides objective assessment of model predictions against established
biological knowledge.

Technical bias mitigated through comprehensive preprocessing approaches, such as batch effect
correction, normalisation standardisation, and quality control filtering. Procedures for cross-
validation ensures overfitting or data leakage don’t inflate performance estimations. The
comprehensive validation framework ensures reliable findings that can inform further ethical
considerations and practical applications.

3.7.COMPUTATIONAL INFRASTRUCTURE

All analyses were conducted on a high-performance workstation equipped with:
CPU: Intel Core Ultra 9 275HX (2.70GHz, 20 cores)

GPU: NVIDIA RTX 5070 TI with 12GB VRAM

RAM: 64GB DDRS systems memory

Storage: 2TB NVMe SSD for data preprocessing

Training efficiency was achieved through mixed-precision training, gradient checkpointing, and
optimising memory management. Total execution time averaged 3.5-5 hours, with individual
model training requiring 1.5 hours (GNN) and 25 minutes (RNN), while hybrid fusion training
complete within 45 minutes using pre-trained embeddings. The methodology requires a minimum
of 8GB GPU VRAM, 16GB system RAM, and 50GB storage space, with recommended
specifications of 12GB+ GPU VRAM and 32GB+ system RAM for optimal performance.

3.8.ETHICAL CONSIDERATIONS

3.8.1. Computational Ethics Framework and Institutional Compliance

This study adheres to the established guidelines of ethical computational biology research,
emphasising responsible Al development and transparent reporting of methodological procedures
and limitations. Ethics clearance was obtained from University of South Aftrica’s College of
Science, Engineering, and Technology, School of Engineering Ethics Review Committee (ERC),
confirming compliance with institutional ethical standards for computational research utilising
publicly available datasets.
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Proper attribution of original data sources, adherence to data sharing agreements and usage terms,
and a commitment to reproducible research practices that enable scientific validation. All datasets
utilized are publicly available under appropriate licensing agreements that permit computational
analysis and derivative works, with full attribution provided to original authors and institutions.
The spatial transcriptomics dataset (Kuppe et al.) was collected following ethics approval of
human tissue protocols by the ethics committee of the Ruhr University Bochum in Bad
Oeynhausen, the RWTH Aachen University, Utrecht University and WUSTL (no. 220-640,
EK151/09, 12/387 and no. 201104172 respectively), and the human heart tissue was approved by
the scientific advisory board of the biobank of the University Medical Centre Utrecht, The
Netherlands (protocol no.12/387). In conducting this study, Kuppe et al. (2022) states that all
patients provided informed consent and the study was performed in accordance with the
Declaration of Helsinki. The temporal differentiation datasets (Elorbany et al.) used data that was
initially collected by Elorbany et al. (2022) from the NHGRI Sample Repository for Human
Genetic Research at the Coriell Institute for Medical Research with written informed consent and
with IRB approval. The genetic data used by Elorbany et al. (2022) was previously made available
through the International HapMap Project[345].

The development of interpretable and explainable models that offer biological insights rather than
opaque predictions. By using explainable Al techniques, algorithmic decision-making processes
remain transparent and computational predictions may be validated against established biological
knowledge and translated into experimental hypotheses.

3.8.2. Research Integrity and Transparency

Extensive evaluation of computational results against established biological knowledge, open
reporting of both positive and negative results, and meticulous documenting of all methodological
steps all contribute to the preservation of scientific integrity. The study complies with established
standards for open science and computational reproducibility. Transparency measures include
detailed methodology documentation, publicly available analysis code and protocols,
comprehensive reporting of model performance and limitations, and clear attribution of all data
sources and software dependencies. All computational procedures are documented with sufficient
detail to enable independent replication and validation

3.8.3. FAIR Principles for Data and Code handling

All datasets and code developed in this study were curated and documented following the FAIR
principles[346] (Findable, Accessible, Interoperable, Reusable). Datasets are annotated with
persistent identifiers like GEO accession codes to ensure findability. Preprocessing pipelines and
trained models are deposited in a public GitHub repository
(https://github.com/Tumo505/HybridGnnRnn) and deposited to Zenodo[347] and assigned a
digital object identifier (doi) (https://doi.org/10.5281/zenodo.17196578), making them accessible
to the research community. Standardized file formats including HDF5 for transcriptomics and CSV
for metadata ensures interoperability across bioinformatics tools. Reproducibility is reinforced
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through comprehensive documentation, including data dictionaries, usage instructions, and
detailed metadata, enabling reusability in related studies.

3.9.LIMITATIONS AND ASSUMPTIONS

3.9.1. Methodological Limitations

The study’s reliance on publicly available datasets, which might not fully represent the full
diversity of cardiomyocyte differentiation processes or experimental settings, constitutes a
fundamental limitation. While the selected datasets are biologically relevant, they only reflect
specific experimental contexts that might not apply to other differentiation protocols or cell lines.

Computational constraints limit the scope of architectural exploration and hyperparameter
optimization. The focus on GNN-RNN hybrid architectures, while scientifically justified, excludes
other potentially valuable approaches such as transformer-based architectures or more complex
ensemble methods. These constraints were managed through systematic optimization strategies
and efficient resource utilisation but may limit exploration of alternative computational
approaches.

Integrating heterogeneous data type with different resolutions, sampling techniques, and technical
attributes comes with integration challenges. While these issues are addressed by computational
alignment processes, achieving perfect consistency between spatial and temporal samples is a
challenge, which could introduce systematic biases in fusion strategies. The spatial modality used
in this study derives from adult human myocardial infarction tissue profiled by spatial
transcriptomics (Visium spot-level measurements), whereas the temporal modality derives from
in vitro iPSC-derived cardiomyocyte differentiation profiled by time-course single-cell RNA
sequencing. These modalities are not experimentally paired, and the integration relies on
similarity-based computational alignment. Consequently, the performance of multimodal fusion
may partially reflect the quality of alignment rather than direct biological correspondence between
the two experimental systems. Though this study showed strong generalisation that was also
complemented by 5-fold cross-validation, broad generalisation can be extended by external
validation on paired spatiotemporal differentiation datasets (or additional harmonisation studies).

3.9.2. Biological Assumptions and Impact Assessment

Transcriptome sufficiency is predicted on the assumption that spatial relationships represented in
transcriptome analysis correlate to biological interactions that are functionally relevant and that
gene expression data capture the key regulatory mechanisms governing differentiation efficiency.
Future multi-omics integration approaches may be required to complement the transcriptome data
to capture critical regulatory mechanisms (e.g., post-translational modifications and epigenetic
factors), which could understate differentiation complexity.

Pattern conservation assumes that spatiotemporal patterns identified through computational
analysis represent conserved biological mechanisms that generalise across experimental
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conditions and biological contexts. The translational applicability of computational results may be
limited, necessitating validation across several experimental settings.

Model interpretability assumes that explainable Al approaches provide biologically meaningful
insights and that attention mechanisms and feature importance scores correspond to genuine
biological regulatory mechanisms rather than statistical artefacts. Model explanations may mislead
biological interpretation if these presumptions prove incorrect, necessitating further experimental
approaches.

3.9.3. Generalisability Considerations

While the emphasis on well-established technologies with proven reliability mitigates this
limitation, platform specificity may restrict generalisation across various spatial transcriptomics
technologies or single-cell RNA sequencing platforms. To ensure broader applicability, future
research should validate findings across a variety of technical platforms.

Though this focus ensures clinical relevance and translational potential, biological scope is
deliberately restricted to human iPSC-derived cardiomyocyte differentiation, potentially limiting
applicability to other cardiac cell type or alternative differentiation approaches. Methodological
adjustments and further validation processes might be necessary for extensions to different cell
type or species.

Limitations in temporal resolution may prevent capture of rapid regulatory events or fine-grained
temporal dynamics, potentially missing critical differentiation checkpoints that occur between
measured time points. Studies with a higher temporal resolution might uncover more regulatory
mechanisms that aren’t included in the current analyses.

These methodological considerations lay groundwork for future study initiatives while offering
context for interpreting the findings.

3.10. SUMMARY

This methodology presents a comprehensive framework for developing and evaluating hybrid deep
learning architectures for spatiotemporal analysis of cardiomyocyte differentiation. To ensure both
technical excellence and biological relevance, the approach combines rigorous computational
methods with systematic biological validation.

While maintaining focus on interpretability and translational potential, the four-phase
methodology (individual model development, embedding extraction and fusion, hybrid model
training and evaluation, and XAI framework implementation) allows for a systematic comparison
of modelling approaches. By combining well-established datasets, proven computational methods,
and extensive validation processes, this study offers a strong basis for developing computational
approaches in regenerative medicine.

Key methodological contributions include a novel systematic comparison of fusion strategies for
spatiotemporal biological data, comprehensive XAl framework for biological interpretation, and
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rigorous validation procedures ensuring reproducibility and biological relevance. Through
targeted analytical components, the methodology addresses all four research questions while
maintaining scientific integrity and ethical compliance.

Validation processes and computational infrastructure ensure reliable results that can be
reproduced on different hardware configurations, while biological validation frameworks offer
assurance regarding translational applicability. Comprehensive evaluation of hybrid modelling
approaches for biological prediction tasks is made possible by the combination of multiple data
modalities and fusion strategies.

The next chapter presents the detailed results of this methodological framework, demonstrating
the effectiveness of hybrid spatiotemporal modelling in achieving superior prediction accuracy
while providing biologically interpretable insights into cardiomyocyte differentiation processes.
The systematic evaluation of fusion strategies and comprehensive performance assessment will
establish new benchmarks for computational approaches in cardiac regenerative medicine while
providing actionable insights for experimental protocol optimisation. Results will be

The next chapter will present the detailed results of this methodological framework, demonstrating
the effectiveness of hybrid spatiotemporal modeling in achieving superior prediction accuracy
while providing biologically interpretable insights into cardiomyocyte differentiation processes.
The systematic evaluation of fusion strategies and comprehensive performance assessment will
establish new benchmarks for computational approaches in cardiac regenerative medicine while
providing actionable insights for experimental protocol optimization. Results will be presented in
four corresponding sections: individual model performance, fusion strategy comparison,
biological interpretation through explainable AI, and validation against established cardiac
developmental pathways.
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4. CHAPTER 4: RESULTS

4.1.INTRODUCTION

This chapter presents comprehensive results from the hybrid GNN-RNN architecture developed
to predict cardiomyocyte differentiation efficiency outcomes (high vs low efficiency). The analysis
includes evaluation of single-modality baselines, comparison of multimodal fusion strategies,
explainable Al (XAI) assessment, and uncertainty/robustness analyses.

The results follow the same logical order as the research questions in chapter 1. Section 4.2
addressees research question 1 by evaluating unimodal spatial and temporal models; section 4.3
addresses research questions 2-3 by testing whether multimodal integration improves predictive
performance and by comparing fusion strategies; section 4.4 addresses research question 4 by
assessing whether the model highlights biologically credible cardiac regulators and pathways; and
section 4.5 reports uncertainty quantification and robustness analyses. Where this chapter
contextualises results against prior studies, such comparisons are discussed as indicative, because
direct ranking across papers requires the same datasets, target definitions, and evaluation protocol.

4.2.INDIVIDUAL MODEL PERFORMANCE ANALYSIS

4.2.1. Spatial Graph Neural Network

The spatial GNN component, designed to capture spatial relationships within tissue sections,
achieved moderate performance when evaluated independently. The model architecture is made
up of Graph Convolutional Networks (GCN) and Graph Attention Networks (GAT), processing
752 tissue spots with 2,000 highly variable genes per spot.

Architecture Performance: The enhanced cardiomyocyte GNN achieved an accuracy of 65.29%
with an F1-score of 64.12% across 5 cardiomyocyte subtypes. Training progressed over 81 epochs
before early stopping, with the best validation accuracy reaching 69.88%. The model successfully
captured spatial neighbourhood relationships, demonstrating the ability of graph-based approaches
to model tissue organisation patterns.

Spatial Relationship Modelling: By using attention mechanisms to highlight important tissue
regions that influence classification of cardiomyocyte classification subtypes, the GNN
successfully identified spatial domains within cardiac tissue sections. Spatial attention
visualisations revealed that the model focused on boundaries between different cardiac regions,
consistent with established spatial organisation patterns in cardiac development. The
comparatively low performance implies that multimodal integration is required for accurate
cardiomyocyte classification, as spatial information alone does not offer enough discriminative
power.

4.2.2. Temporal Recurrent Neural Network

The temporal RNN component demonstrated exceptional performance in modelling sequential
gene expression changes during cardiomyocyte differentiation. The BiLSTM architecture with
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attention mechanisms processed 800 temporal samples across 10 time points, representing 4
distinct differentiation trajectories.

Temporal Performance: The temporal cardiac BILSTM achieved remarkable results with a test
accuracy of 96.88% and F1-score of 96.67%. Training efficiency was notable, requiring only 28
epochs before early stopping with a final validation loss of 0.099. Excellent model convergence
without overfitting is indicated by the low generalisation gap of 3.12% between training (100%)
and validation (96.88%) accuracy.

Temporal Pattern Recognition: The model excelled at capturing sequential dependencies in gene
expression trajectories, with attention weights revealing critical developmental checkpoints during
cardiomyocyte differentiation. Both forward and backward temporal relationships were
successfully modelled using the BiLSTM architecture, allowing for a comprehensive
understanding of differentiation dynamics. The robustness of temporal modelling approaches was
confirmed by cross-validation results, which demonstrated consisted performance across different
data splits (mean accuracy 88.4% + 4.2%).

Biological Validation: The high performance of the RNN component aligns with recent advances
in temporal biological sequence analysis, where RNN architectures have shown superior capability
in modelling cellular differentiation processes. The biological relevance of computational
predictions was validated by the attention mechanism’s successful identification of time-dependent
expression patterns that correspond to known cardiac development developmental stages.

4.3.FUSION STRATEGY PERFORMANCE COMPARISON

4.3.1. Comprehensive Fusion Strategy Evaluation

To determine the optimal approach for combining spatial and temporal modalities, three distinct
fusion strategies we systematically implemented and evaluated. Each strategy demonstrated
unique advantages in terms of performance, interpretability, and computational efficiency, table 4
shows the results overview of this strategy.

Table 4: Overview of fusion strategy results.

Strategy Accuracy F1-Score Precision Recall Training Key
Time Advantage
Ensemble 96.67% 96.61% 97.22% 95.83% 45 min Best  overall
performance
Attention 86.67% 86.67% 85.42% 85.42% 62 min Dynamic
feature
weighting
Concatenation  80.00% 79.11% 81.25% 77.08 38 min Computational
efficiency
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4.3.2. Ensemble Fusion Strategy: Best Performance

The ensemble fusion strategy achieved the highest performance across all evaluation metrics,
demonstrating the effectiveness of late fusion approaches in biological applications. Weighted
predictions from individual GNN and RNN models were integrated in the ensemble approach, with
learnable weights optimising each modality’s contribution.

Statistical Significance: McNemar’s test confirmed statistically significant improvement of the
ensemble fusion strategy over individual models (p < 0.001), with paired t-tests demonstrating
significant performance gains across multiple evaluation metrics. The ensemble fusion achieved
96.67% accuracy under the evaluation protocol described in chapter 3, any comparison to
previously published state-of-the-art approaches is interpreted as indicative, because direct
comparability requires the same datasets, target definitions, and validation protocols.

4.3.3. Attention-Based Fusion Strategy

Using dynamic attention weights, the attention fusion approach improved interpretability while
achieving balanced performance with 86.67% accuracy. To learn optimal feature combinations
across temporal and spatial modalities, this method used multi-head attention mechanisms.

Dynamic Weighting Analysis: Attention weights revealed differential importance of spatial
versus temporal features across different differentiation stages. Early differentiation stages
demonstrated higher attention to temporal features (70% temporal, 30% spatial), while mature
stages demonstrated increased spatial attention (60% temporal, 40% spatial), reflecting the
increasing importance of tissue organisation.

Interpretability Advantages: The attention mechanism provided valuable insights into modality
importance across different biological contexts. Visualisation of attention patterns revealed that
temporal features dominated during early differentiation phases when gene expression dynamics
drive lineage commitment, while spatial features became increasingly important during maturation
phases when tissue organisation and cell-cell interactions determine functional properties.

4.3.4. Concatenation Fusion Strategy

While the concatenation approach had the lowest accuracy (80.00%), it was the most
computationally efficient and required least amount of training time (38 minutes). This early fusion
approach directly combines temporal and spatial embedding prior to final classification.

Computational Efficiency: The concatenation was suitable for resource-constrained
environments as it required minimal additional parameters and computational overhead. However,
the model’s ability to adaptively weight various modalities based on biological context was limited
by the rigid feature combination.

Performance Limitations: Concatenation fusion’s poorer performance indicates that simple
feature combination is not sufficient for biological applications’ optimal multimodal integration.
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Complex interactions between spatial and temporal modalities that are better modelled by more
advanced fusion approaches were not captured by this method.

4.4 EXPLAINABLE Al FRAMEWORK RESULTS

4.4.1. SHAP-Based Feature Importance Analysis

The explainable Al framework successfully identified biologically relevant features driving model
predictions, providing crucial validation of computational results against established cardiac
biology. A total of 640 features (128 GNN + 512 RNN) with significant contributions to
differentiation classification.

Top discriminative biological features:

1. PLN (Phospholamban) — SHAP importance: 0.0038
o Biological significance: critical calcium handling protein essential for cardiac
excitation-contraction coupling
Developmental stage: functional cardiomyocyte maturation
Validation: PLN upregulation correlates with mature cardiomyocyte phenotypes,
confirming model accuracy.
ii. FKBP1A (FK506 Binding protein 1A) — SHAP importance: 0.0028
o Biological significance: regulatory protein modulating ryanodine receptor function
in calcium homeostasis
o Developmental roles: essential for functional cardiac development
o Clinical relevance: target for cardiac therapeutics and differentiation optimisation
iil. MYL2 (Myosin Light Chain 2) — SHAP importance: 0.0025
o Biological significance: cardiac-specific structural protein essential for muscle
contraction
Developmental marker: Late-stage differentiation indicator
Experimental validation: MYL2 expression serves as established cardiomyocyte
maturation marker.

Temporal Feature Dynamics: SHAP analysis identified 154 temporal features with importance
scores ranging from 0.002-0.006, revealing stage-specific expression trajectories that align with
known cardiogenesis pathways. The model demonstrated the biological validity of predictions by
accurately capturing the temporal expression dynamics of key cardiac structural proteins and
transcription factors.

4.4.2. Biological Pathway Validation

Cardiac Gene Database Integration: Feature importance mapping to established cardiac gene
databases revealed significant enrichment in critical developmental pathways:

1. Calcium Signalling Pathway (p < 0.001): PLN and FKBPIA identification confirms
model sensitivity to calcium for cardiac function.
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il. Cardiac Muscle Development (p < 0.01): MYL2 and associated structural proteins
highlight morphological maturation processes.

iii. Temporal Gene Expression (p < 0.05): 154+ temporal features demonstrate
comprehensive capture of differentiation dynamics.

Literature Concordance: 89% of the top-ranked features in the model matched known cardiac
biomarkers or developmental regulators, demonstrating a high degree of agreement between the
model's predictions and the body of published cardiac development research. This congruence
implies the potential of discovering new regulatory mechanisms and gives assurance regarding the
biological importance of computational results.

4.4.3. Attention Mechanism Visualisation

Spatial Attention Patterns: GNN attention weights mapped to tissue coordinates revealed critical
spatial domains influencing cardiomyocyte classification. The model focused attention on
boundary regions between different cardiac tissue types, consistent with known patterns of cellular
specification and maturation gradients in cardiac development.

Temporal Attention Analysis: RNN attention mechanisms highlighted key time points during
differentiation that most strongly influenced final outcomes. Days 7 — 10 of differentiation saw the
highest attention, which corresponded to crucial lineage commitment checkpoints found in
experimental studies. The model’s ability to identify developmental transitions with biological
significance is validated by this temporal attention pattern.

4.5.MODEL VALIDATION AND UNCERTAINTY QUANTIFICATION

4.5.1. Cross-Validation and Statistical Analysis

Robust Cross-Validation Results: Five-fold stratified cross-validation provided comprehensive
performance assessment with mean accuracy of 88.4% + 4.2% and stability score of 94.3%,
indicating low variance across different data splits. Bootstrap confidence intervals (95% CI:
[86.1%, 90.7%]) confirmed robust performance estimates with statistical significance.

Statistical Significance Testing: Paired t-tests verified significant performance gains across
multiple evaluation metrics, and McNemar’s test demonstrated statistically significant
improvements of hybrid models over individual modalities (p < 0.001). The statistical rigor ensures
that reported improvements represent genuine advances rather than random variation.

4.5.2. Monte Carlo Dropout Uncertainty Quantification

Uncertainty Analysis Framework: Monte Carlo Dropout analysis with 50 forward passes
provided comprehensive uncertainty quantification for model predictions. The approach generated
prediction distributions enabling confidence interval calculation and identification of high-
uncertainty samples requiring additional validation. The uncertainty metrics are outlined in table
5.
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Table 5: Uncertainty metrics by fusion strategy

Strategy Mean Mean Entropy  Uncertainty Reliability
Confidence Range Indicator
Ensemble 78.82% 0.545 [19.2%, 98.5%]  High confidence
correlates  with
accuracy
Attention 91.66% 0.263 [15.5%, 99.8%] Most confident
predictions
Concatenation 88.23% 0.317 [1.4%, 99.7%] Moderate

confidence range

Predictive Reliability: High confidence predictions (>90%) correlated with 100% accuracy across
all fusion strategies, while borderline cases (40 — 70% confidence) effectively identified transition
states between differentiation stages. Predictive entropy <0.3 indicated highly reliable predictions
suitable for clinical applications.

4.5.3. Comparative Performance Analysis

The hybrid GNN-RNN architecture achieved superior performance compared to established
baselines across multiple categories:

o vs. Best GNN (PNA)[348]: +13.47% accuracy improvement, demonstrating advantages of
multimodal integration.

o vs. Best RNN (Transformer): +5.47% accuracy gain, highlighting effectiveness of domain-
specific architectures.

o vs. Biological models (scGPT)[349]: +6.97% improvement, confirming task-specific
optimisation benefits.

o vs. Temporal Graph Networks[350]: +22.07% enhancement, validating hybrid approach
superiority.

Competitive Advantages: The hybrid architecture demonstrated key advantages over single-
modality approaches: superior temporal dynamics handling compared to graph-only methods,
enhanced spatial relationship modelling versus sequence-only approaches, and more efficient
parameter usage compared to transformer-based architectures while maintaining comparable
performance.

4.5.4. Computational Performance Scalability
Training Efficiency: Computational analysis on NVIDIA RTX 5070 Ti hardware revealed

optimised training performance:

o Total pipeline execution: 3.5-4 hours end-to-end
o Individual model training: 1.5 hours (GNN), 25 minutes (RNN)
o Hybrid fusion training: 45 minutes using pre-trained embeddings
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o Memory utilisation: Peak 4.8GB during training, 2.1GB inference

Inference Performance: With a throughput of 1,300 samples/second and a prediction time of 12.3
ms per sample, the optimised architecture demonstrated rapid inference that is suitable for real-
time applications in clinical and research settings. Batch processing capabilities enabled efficient
analysis of large datasets while maintaining prediction accuracy.

4.5.5. Ablation Study Results

Component Contribution Analysis: Systematic ablation studies quantified the contribution of
individual architectural components:

Table 6: Ablation study summary explaining which model components are critical and how much
they contribute to performance.

Component Accuracy Impact Performance Loss Critical Function
Removed
Attention mechanism  -7.47% Reduced fusion Dynamic feature
quality weighting
Uncertainty -2.57% Less robust Confidence
quantification predictions estimation
Regularisation -5.37% Overfitting issues Model generalisation
Multimodal -8.47% Information loss Complementary data
integration fusion

Fusion Strategy Impact: The ensemble approach consistently outperformed alternative strategies,
with attention-based fusion providing optimal balance between performance and interpretability.
Despite being computationally efficient, concatenation fusion demonstrated insufficient
complexity for optimal biological data integration.

4.6.CLINICAL TRANSLATION AND BIOLOGICAL VALIDATION

4.6.1. Translational Potential Assessment

Applications for Drug Development: The identified biomarkers, PLN, FKBP1A, and MYL2,
represent potential therapeutic targets for cardiac regeneration, and computational predictions offer
a systematic screening capabilities for compound effects on cardiomyocyte differentiation. The
model’s capacity to predict differentiation outcomes enables automated quality control for cell
therapy applications.

Implementation of Regenerative Medicine: Real-time monitoring enables process optimisation
and quality assurance, while automated cardiomyocyte maturation assessment capabilities support
standardisation of differentiation protocols across laboratories. The 96.67% accuracy provides
sufficient reliability for clinical decision support applications.

90



4.7.SUMMARY

The efficacy of hybrid GNN-RNN architectures for cardiomyocyte differentiation classification is
demonstrated by this comprehensive results analysis, which achieved state-of-the-art performance
of 96.67% accuracy though optimal ensemble fusion strategies. Confidence in the translational
relevance of computational predictions is provided by the successful identification of biologically
relevant biomarkers (PLN, FKBP1A, and MYL2) that align with established cardiac
developmental pathways, providing confidence in the translational relevance of computational
predictions.

Key Achievements: The hybrid approach outperforms current single-modality approaches by
significant margins by effectively combining temporal differentiation dynamics with spatial tissue
organisation modelling. Reliable clinical translation is enabled by Monte Carlo Dropout’s
quantification of uncertainty, and comprehensive statistical validation validates the durability of
performance improvements.

Biological Validation: To demonstrate that computational predictions represent actual biological
mechanisms rather than statistical artefacts, SHAP-based interpretability analysis identified
biologically significant traits that correlate to known cardiac development regulators. The model’s
capacity to represent important facets of cardiomyocyte maturation is confirmed by the
identification of structural markers and calcium handling proteins.

Clinical Impact: The combination of high accuracy (96.67%), biological interpretability, and
uncertainty quantification positions this approach for clinical applications in regenerative
medicine, drug development, and therapeutic screening. The framework offers a robust basis for
automated cardiomyocyte assessment with translational potential for improving cardiac cell
therapy outcomes.
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S. CHAPTER 5: DISCUSSION
S5.1.INTRODUCTION

This chapter provides a comprehensive discussion of the research findings within the broader
context of computational biology, regenerative medicine, and cardiac development. The hybrid
GNN-RNN architecture developed in this study achieves state-of-the-art performance while
retaining biological interpretability, marking a substantial leap in spatiotemporal modelling of
cardiomyocyte differentiation. The discussion examines the implications of these findings,
addresses methodological considerations, explores limitations, and outlines future directions for
advancing computational approaches in cardiac regenerative medicine.

The discussion is organised into six key sections: interpretation of major findings and their
significance for the field (section 5.2), methodological contributions and innovations (section 5.3),
biological validation and clinical implications (section 5.4), study limitations and methodological
considerations (section 5.5), future directions and research opportunities (section 5.6), and
concluding remarks on the translational potential of this work (section 5.7).

5.2.INTERPRETATION OF MAJOR FINDINGS

5.2.1. Superior Performance Through Multimodal Integration

The hybrid GNN-RNN architecture achieved exceptional performance with 96.67% accuracy,
representing a substantial improvement over existing approaches and demonstrating the
transformative potential of multimodal integration in biological sequence analysis. With
improvements of +13.47% over the best GNN approaches, +5.47% over transformer architectures,
and +5.67% over specialised biological models, this performance significantly outperforms the
current state-of-the-art methods. The magnitude of these improvements suggests that
spatiotemporal integration addresses fundamental limitations in current computational approaches
to cardiomyocyte differentiation prediction.

The success of the ensemble fusion strategy, which achieved the highest performance across all
metrics, validates the hypothesis that complementary information from spatial tissue organisation
and temporal differentiation dynamics can be effectively combined to enhance prediction accuracy.
This result aligns with recent advances in machine learning for cardiovascular applications, where
multimodal approaches have outperformed single-modality approaches. Robust performance
across various stages of differentiation is indicated by the ensemble approach’s ability to maintain
high precision (97.22%) and excellent recall (95.83%). This is particularly crucial for clinical
applications that require reliable classification of immature versus mature cardiomyocytes.

5.2.2. Biological Interpretability and Validation

To validate the computational predictions against known biological mechanisms, the explainable
Al framework successfully identified biologically relevant features that align with established
cardiac development biology. Phospolamban (PLN), FKBP1A (FK506 binding protein 1A), and
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myosin light chain 2 (MYL2) were identified as the most discriminative features, indicating that
the model can capture real biological signals instead of statistical artefacts.

Calcium Handling Pathway Significance: The relevance of calcium homeostasis in
cardiomyocyte maturation is reflected in the prevalence of calcium handling proteins (PLN,
FKBP1A) in model predictions. PLN regulation of SERCA2a activity and FKBP1A modulation
of ryanodine receptors represent fundamental mechanisms distinguishing mature from immature
cardiomyocyte. The model’s translational relevance is reinforced by this biological validation,
which also raises the potential for identifying noel therapeutic targets for cardiac regeneration.

Structural Protein Networks: The discovery of MYL2 as a discriminative feature is consistent
with the established knowledge of sarcomeric proteins throughout cardiomyocyte maturation. The
approach’s relevance for evaluating cardiomyocyte quality in regenerative medicine applications
is supported by the model’s ability to capture structural protein networks, indicating
comprehensive understanding of the morphological alterations that accompany functional
maturation.

5.2.3. Uncertainty Quantification and Clinical Translation

The Monte Carlo Dropout analysis provided robust uncertainty quantification, with high-
confidence predictions (>90%) correlating perfectly with classification accuracy across all fusion
strategies. This finding addresses a significant limitation in existing computational methodologies,
wherein prediction uncertainty is rarely assessed despite its significance in clinical decision-
making. By identifying borderline cases that indicate transition states between differentiation
stages, the entropy-based confidence scoring offers crucial biological insights into developmental
checkpoints.

Clinical Decision Support: Clinically relevant stratification is enabled by the relationship
between prediction accuracy and confidence, where high-confidence predictions can inform
automated quality control decisions while uncertain cases are flagged for additional validation.
This capability addresses the regulatory requirements for Al-based medical devices, where
uncertainty quantification is increasingly being recognised as an essential component for clinical
implementation.

5.3.METHODOLOGICAL CONTRIBUTIONS AND INNOVATIONS

5.3.1. Novel Fusion Strategy Development

Three fusion strategies — concatenation, attention, and ensemble — are systematically compared to
offer important insights into the best practices for multimodal data integration. Given ensemble
fusion’s superior performance, late fusion strategies, which preserve modality-specific information
until final decision-making, appear to be better suited for biological applications than early fusion
strategies, which risk losing significant model-specific patterns.
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Attention Mechanism Insights: Through dynamic weighting of spatial versus temporal features,
the attention-based fusion approach offered valuable interpretability despite achieving a lower
overall accuracy of 86.67%. The discovery that spatial features became more significant during
maturation (60% temporal, 40% spatial), while temporal features dominated early differentiation
stages (70% temporal, 30% spatial), provides biological insights into how relative importance of
various regulatory mechanisms changes during cardiomyocyte development.

5.3.2. Statistical Validation Framework

By combining multiple statistical validation approaches, including bootstrap confidence intervals,
paired t-tests, and McNemar’s tests, new benchmarks for thorough assessment of computational
biology models are established. The statistically significant improvements (p < 0.001) across
multiple evaluation metrics provide confidence that observed performance gains represent genuine
advances rather than random variation. In addition to addressing concerns about reproducibility in
computational biology research, this methodological rigour offers a template for future validation
studies.

Cross-Validation Robustness: With low variance indicating model stability, the 5-fold stratified
cross-validation results show consistent performance across various data splits (mean accuracy:
88.4% + 4.2%). For biological applications, where dataset heterogeneity can significantly impact
model generalisation, this robustness is particularly crucial.

5.3.3. Explainable AI Framework Integration

An important methodological advancement in interpretable machine learning for biology is the
comprehensive XAI framework that combines biological pathway mapping, attention
visualisation, and SHAP analysis. The ability to identify potentially novel biomarkers and map
computational predictions to established cardiac gene databases helps to close the gap between
biological validation and computational discovery.

The framework’s ability to offer detailed insights into differentiation dynamics is demonstrated by
the identification of 154 temporal features with biologically meaningful importance scores. While
exposing possible novel regulatory mechanisms worthy of experimental investigation, the
alignment of these features with established cardiac development timelines validates the XAl
approach.

5.4.BIOLOGICAL VALIDATION AND CLINICAL INPLICATIONS

5.4.1. Cardiac Development Pathway Alignment

With 89% of the top-ranked features matching known cardiac biomarkers or developmental
regulators, the computational predictions demonstrated good agreement with established literature
on cardiac development. While indicating that the remaining 11% of features might represent novel
regulatory mechanisms needing experimental validation, this high concordance rate gives
confidence in the biological validity of discoveries.
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Transcription Factor Networks: The model's identification of key cardiac transcription factors
and the pattern of their temporal expression is consistent with established knowledge on the
regulatory networks of cardiac genes. The approach's biological relevance is proven by the capture
of the NKX2-5, GATA4, and TBXS5 regulatory cascades, which also shows promise in discovering
novel transcriptional regulators.

5.4.2. Regenerative Medicine Applications

The hybrid model's high accuracy and biological interpretability position it for immediate
application in quality control for cardiac regenerative medicine. A significant obstacle in the
production of cell therapies is addressed by the ability to automatically evaluate cardiomyocyte
differentiation efficiency with 96.67% accuracy, where current assessment methods are labour-
intensive and subjective.

The identification of stage-specific biomarkers enables data-driven optimisation of differentiation
protocols, potentially reducing the 30-40% manufacturing costs associated with current trial-and-
error approaches. The model’s ability to predict differentiation outcomes in real-time facilitates
adaptive protocol modification, which enables the efficient production of clinical-grade
cardiomyocytes.

5.4.3. Drug Development Implications

The identified biomarkers (PLN, FKBP1A, MYL2) represent potential therapeutic targets for
cardiac regeneration and cardiotoxicity screening. The computational framework supports drug
development pipelines that need to assess cardiotoxicity and find new treatments by enabling
systematic screening of compound effects on cardiomyocyte differentiation. The model's
compatibility with patient-derived iPSC-cardiomyocytes supports personalized medicine
applications, where individual genetic backgrounds may influence differentiation patterns and
drug responses. This capability fits in with the emerging trend in cardiovascular care towards
precision medicine.

5.5.STUDY LIMITATIONS AND METHODOLOGICAL CONSIDERATIONS

5.5.1. Data Dependency and Generalisation Challenges

While reproducibility is ensured by the use of publicly available datasets, generalisation to
different cell lines, differentiation protocols, or experimental conditions may be constrained. While
the Elorbany et al. (2022) temporal data captures specific iPSC differentiation protocols, the Kuppe
et al. (2022) spatial transcriptomics dataset represents specific myocardial infarction conditions.
Applicability to different experimental systems or disease contexts may be limited by this
specificity.

Furthermore, the spatial and temporal sources are not experimentally paired (i.e., they do not
originate from the same cells, samples, or differentiation runs). Multimodal fusion therefore
depends on similarity-based computational alignment, and any mismatch between modalities
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(batch effects, platform effects, disease versus differentiation biology) can limit how broadly the
reported performance transfers to new laboratories or protocols. This limitation motivates the
recommendation for future work to validate on truly paired spatiotemporal differentiation datasets.

To establish broad applicability, future validation across multiple technological platforms (multiple
spatial transcriptomics methods, alternative single cell sequencing approaches) is crucial. The
current emphasis on well-established platforms offers dependability, but it might overlook new
developments in technology that could improve performance or reveal biological insights.

5.5.2. Temporal Resolution Limitations

Rapid regulatory events or fine-grained developmental transitions that take place in between
measured intervals might not be captured by the temporal sampling resolution (10 time points).
The model's capacity to identify all pertinent regulatory mechanisms may be limited if critical
differentiation checkpoints that occur within shorter timeframes are overlooked.

Changing spatial relationships or dynamic cellular movements during differentiation may be
missed by static spatial measurements. Understanding spatiotemporal dynamics may be improved
by integrating live imaging data or by taking measurements with a higher temporal resolution.

5.5.3. Computational Complexity and Resource Requirements

Researchers with limited computational resources may not be able to use the hybrid architecture
due to its computational requirements (peak memory usage: 4.8GB, training time: 3.5-4 hours).
While these specifications are reasonable for research applications, model compression or edge
computing improvements would be advantageous for clinical implementation.

The current implementation may not be suitable for very large-scale studies or real-time clinical
monitoring applications because it scales linearly with dataset size. These constraints might be
overcome by the development of distributed computing approaches or more -effective
architectures.

5.5.4. Biological Complexity Limitations

Despite being comprehensive, the emphasis on transcriptomic data may overlook vital regulatory
processes that function at the post-translational, metabolomic, or epigenetic levels. While there are
still many technical obstacles in multi-omics integration, future integration of additional omics
modalities may offer a deeper awareness of differentiation regulation.

By treating cell populations as homogeneous entities, the current approach may overlook crucial
subpopulation dynamics or uncommon cell states that influence the differentiation results. While
it would necessitate considerable methodological adjustments, single-cell resolution analysis
might provide more biological insights.

96



5.6.FUTURE DIRECTIONS

5.6.1. Multi-omics Integration

To achieve a better grasp of the regulation of cardiomyocyte differentiation, future studies ought
to explore the integration of additional omics modalities, such as spatial proteomics,
metabolomics, and epigenomics. Multiple molecular layers within the same tissue sections can be
measured simultaneously thanks to recent developments in spatial multi-omics technologies.

The integration of heterogeneous omics data types presents significant technical challenges,
including data normalization, batch effect correction, and computational complexity management.
A promising line of inquiry is the development of specialised fusion architectures intended for
multi-omics integration.

5.6.2. Transformer Architecture Integration

Beyond the capabilities of existing RNN approaches, recent developments in transformer
architectures for biological sequence analysis point to the possibility of enhancing temporal
modelling performance. Transformers' self-attention mechanisms might be able to preserve
computational efficiency while more accurately capturing long-range dependencies in
differentiation trajectories. The development of transformer architectures tailored for biological
sequences could improve performance and interpretability by overcoming the drawbacks of text-
based models when used with genomic data.

5.6.3. Real-Time Monitoring and Adaptive Protocols

Continuous monitoring of differentiation progress with adaptive protocol adjustment may be made
possible by integrating the computational framework with real-time imaging and biosensor
technologies. With this ability, existing static differentiation protocols could be changed into data-
driven, dynamic procedures that are tailored to specific experimental circumstances.

Implementation of Edge Computing: Real-time monitoring in clinical settings may be made
possible without the need for cloud computing infrastructure by the creation of lightweight model
variants appropriate for edge computing devices. This development would allow for broad clinical
implementation while addressing data privacy issues.

5.6.4. Cross-Species and Cross-Tissue Validation

Extension of the computational framework to other species (mouse, non-human primate) and
cardiac cell types (fibroblasts, endothelial cells, smooth muscle cells) would establish broader
biological relevance and identify conserved versus species-specific differentiation mechanisms.
Fundamental principles of cardiac development that are applicable in a variety of contexts may be
revealed through comparative analysis across several model systems. Application of the
framework to disease-specific iPSC models (dilated cardiomyopathy, hypertrophic
cardiomyopathy, and arrhythmogenic conditions) could reveal patterns of pathological
differentiation and identify treatment targets for specific cardiac diseases.
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5.6.5. Clinical Translation and Regulatory Validation

Prospective clinical validation using patient-derived iPSC-cardiomyocytes represents the critical
next step for clinical translation. Clinical adoption would be facilitated by collaboration with
regulatory bodies to develop validation frameworks for Al-based cardiac differentiation
assessment tools.

Multi-Centre Validation Studies: Coordinated validation across multiple clinical sites and research
centres would prove the generalisability and reproducibility needed for clinical adoption and
regulatory approval. Consistent application across various clinical contexts would be ensured by
standardising protocols and analysis techniques.

5.7.IMPLICATIONS FOR REGENERATIVE MEDICINE AND COMPUTATIONAL
BIOLOGY

5.7.1. Paradigm Shift in Differentiation Assessment

This study demonstrates how computational methods could transform the subjective, time-
consuming manual evaluation of stem cell differentiation that is currently used with objective,
automated, high-throughput analysis. In addition to addressing several shortcomings of current
assessment approaches, the combination of high accuracy, biological interpretability, and
uncertainty quantification offers capabilities not achievable with conventional methods.

By enabling cardiomyocyte quality assessment to be standardised across labs and clinical settings,
the framework may lessen the variability that presently restricts reproducibility in stem cell
research and treatment development. By offering uniform, impartial metrics for evaluating cell
quality, this standardisation could accelerate clinical translation.

5.7.2. Computational Biology Methodological Advances

New paradigms for the analysis of intricate biological processes are established by the effective
integration of temporal and spatial biological data using deep learning architectures. The value of
integrating biological knowledge into computational design is suggested by the evidence that
domain-specific architectures can perform better than general-purpose models.

The XAI Framework for Biology addresses the crucial need for transparency in Al-based
biological discovery by offering a template for interpretable machine learning in biological
applications. The ability of XAI to speed up biological understanding is demonstrated by the
successful mapping of computational predictions to established biological knowledge while
identifying new patterns.

5.7.3. Precision Medicine Integration

The framework is well-positioned for incorporation into precision medicine approaches
for cardiovascular disease due to its compatibility with patient-derived cells and ability to capture
individual variation. Finding patterns of differentiation unique to each patient may help guide
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individualised treatment plans and predict how each person will react to cardiac regenerative
therapies.

Real-time therapeutic optimisation and point-of-care differentiation assessment may be made
possible by the framework's interpretability and computational efficiency, which facilitate
integration into clinical decision-making workflows. With this ability, regenerative medicine could
shift from research-based methods to standardised clinical practices.

5.8.CHAPTER CONCLUSION

A significant breakthrough in computational methods for cardiomyocyte differentiation analysis,
the hybrid GNN-RNN architecture achieves state-of-the-art performance while preserving
biological interpretability and offering reliable uncertainty quantification. The transformative
potential of multimodal approaches in biological sequence analysis is demonstrated by the
successful integration of temporal differentiation dynamics and spatial tissue organisation. The
framework's ability to connect computational discovery and biological understanding is
demonstrated by the identification of known cardiac biomarkers and the potential discovery of
new regulatory mechanisms, which validate computational predictions biologically. The rigorous
statistical validation and exacting methodological approach set new benchmarks for computational
biology research and guarantee the findings' translational applicability.

This work has the potential to revolutionise current methods for assessing and optimising
cardiomyocyte differentiation due to its high accuracy (96.67%), biological interpretability, and
clinical applicability. For cardiac regenerative medicine, the possibility of a 30—40% cost reduction
in manufacturing while maintaining cell quality offers substantial therapeutic and financial
benefits.

The methodological advancements achieved through this work have implications for the future
that go beyond cardiac applications. They offer frameworks for the spatiotemporal analysis of
other developmental processes and stem cell differentiation systems. A roadmap for interpretable
deep learning in biology is provided by the combination of explainable Al and biological
validation, which meets the crucial requirements for computational methods to be transparent and
biologically relevant. The successful demonstration of clinically relevant accuracy combined with
biological interpretability establishes proof-of-concept for Al-assisted regenerative medicine
applications. This work lays crucial groundwork to establish standardised, impartial, and scalable
methods for quality control and optimisation of stem cell therapy as the field advances towards
clinical implementation.

The computational frameworks and biological insights offered in this study represent a major
advancement towards the ultimate goal of improving patient outcomes through improved cardiac
regenerative therapies.
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6. CHAPTER 6: CONCLUSION
6.1.INTRODUCTION

By combining temporal gene expression data with spatial transcriptomics, this study has
successfully created and validated a novel hybrid GNN-RNN architecture for predicting
cardiomyocyte differentiation outcomes. The investigation addressed critical gaps in
computational approaches to regenerative medicine by achieving state-of-the-art performance
while maintaining biological interpretability and providing robust uncertainty quantification. This
concluding chapter synthesizes the key findings, evaluates the research contributions, discusses
implications for the field, and outlines future directions for advancing computational approaches
in cardiac regenerative medicine.

The hybrid approach demonstrated transformative potential for cardiac regenerative medicine,
achieving 96.67% accuracy in differentiation classification while successfully identifying
biologically relevant biomarkers that align with established cardiac developmental pathways. The
comprehensive explainable Al framework connected biological knowledge with computational
advancement, shedding light on key regulatory processes regulating cardiomyocyte maturation
and positioning the work for clinical application.

6.2.SUMMARY OF KEY FINDINGS

6.2.1. Superior Performance Through Multimodal Integration

All evaluation metrics revealed that the hybrid GNN-RNN architecture performed exceptionally
well, with the ensemble fusion strategy achieving 96.67% accuracy on the held-out test folds for
the differentiation efficiency task. This supports the core hypothesis that spatiotemporal integration
can improve predictive performance relative to unimodal baselines within the same evaluation
protocol. Where performance is contextualised against prior studies, comparisons are treated as
indicative.

Fusion Strategy Validation: Three fusion strategies (concatenation, attention, and ensemble)
were systematically compared, yielding important information regarding the best practices for
integrating multimodal biological data. Late fusion strategies, which retain modality-specific
information until final decision-making, are particularly well-suited for biological applications
where different data types capture complementary regulatory mechanisms, as evidenced by the
superior performance of ensemble fusion (96.67% accuracy) over attention-based (86.67%) and
concatenation approaches (80.00%).

6.2.2. Biological Interpretability and Validation

The explainable Al framework successfully identified biologically relevant features that
demonstrate strong concordance with established cardiac developmental biology. The fact that
phospholamban (PLN), FKBP1A (FK506 binding protein 1A), and myosin light chain 2 (MYL2)
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were found to be the most discriminative features suggests that the model is capturing real
biological signals instead of statistical artefacts.

Pathway-Level Validation: With 89% of the top-ranked features matching known cardiac
biomarkers or developmental regulators, the computational predictions demonstrated impressive
agreement with the body of established cardiac development literature. The discovery of structural
proteins (MYL2) and calcium handling proteins (PLN, FKBP1A) validates the model's biological
validity and translational relevance by reflecting basic mechanisms that differentiate mature from
immature cardiomyocytes.

Novel Biomarker Discovery: The model's ability to uncover biological information beyond
current understanding is demonstrated by the remaining 11% of identified features that do not
match recognised cardiac markers. These features may represent novel regulatory mechanisms
worthy of experimental validation.

6.2.3. Uncertainty Quantification and Clinical Readiness

Robust uncertainty quantification was made possible by the Monte Carlo Dropout analysis, and all
fusion strategies showed perfect correlation between classification accuracy and high-confidence
predictions (>90%). In addition to providing crucial functionality for clinical implementation
where prediction uncertainty must be evaluated for safe decision-making, this capability addresses
a significant limitation in current computational approaches.

Clinically relevant risk stratification is made possible by the entropy-based confidence scoring.
Uncertain cases are flagged for further validation, and high-confidence predictions can guide
automated quality control decisions. This feature sets up the framework for incorporation into
clinical procedures that call for accurate evaluation of the quality of cardiomyocyte differentiation.

6.3.RESEARCH CONTRIBUTION TO THE FIELD

6.3.1. Methodological Innovations

This study makes several significant methodological contributions that lead to new paradigms for
spatiotemporal modelling in computational biology:

Hybrid Architecture Development: The novel systematic use of hybrid deep learning
architectures for cardiomyocyte differentiation prediction was achieved with the successful
combination of GNN spatial modelling and RNN temporal analysis. Beyond cardiac research, the
thorough assessment of fusion strategies offers a model for multimodal integration in biological
applications.

Explainable AT Framework: A robust XAl framework developed particularly for biological
applications is produced by combining SHAP analysis, attention visualisation, and biological
pathway mapping. This method effectively addresses the crucial requirements for interpretability
in Al-based biological research by bridging the gap between computational discovery and
biological validation.
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Statistical Validation Standards: The comprehensive statistical validation framework, which
includes paired t-tests, bootstrap confidence intervals, McNemar's tests, and uncertainty
quantification, sets new benchmarks for the rigorous evaluation of computational biology models.
In addition to addressing reproducibility issues in computational biology, this methodological
rigour offers a model for upcoming validation research.

6.3.2. Biological Discovery and Validation

Cardiac Development Insights: The identification of stage-specific biomarkers and temporal
attention patterns provides new insights into critical developmental checkpoints during
cardiomyocyte differentiation. The model's ability to capture spatiotemporal regulatory networks
offers novel perspectives on the coordinated molecular events governing cardiac maturation.

Regulatory Mechanism Identification: The computational framework's ability to both
biologically validate and discover new mechanisms was demonstrated by its successful
identification of established cardiac regulatory pathways. Confidence in biological relevance is
provided by the alignment with established transcription factor networks (NKX2-5, GATAA4,
TBXS5) while identifying additional regulatory features.

6.3.3. Clinical Translation Framework

Quality Control Applications: The high accuracy (96.67%) and biological interpretability
position the framework for immediate application in cardiac regenerative medicine quality control,
addressing critical bottlenecks in cell therapy manufacturing where current assessment methods
are labour-intensive and subjective.

Therapeutic Target Identification: The biomarkers PLN, FKBP1A, and MYL2 have been
identified as potential therapeutic targets for cardiac regeneration and drug development
applications. The computational framework allows for the systematic screening of compound
effects on cardiomyocyte differentiation.

6.4.IMPLICATIONS FOR REGENERATIVE MEDICINE AND COMPUTATIONAL
BIOLOGY

6.4.1. Paradigm Shift in Differentiation Assessment

This study demonstrates how computational techniques can transform the subjective, manual
evaluation of stem cell differentiation into an automated, high-throughput, objective analysis. In
addition to addressing several shortcomings of current assessment techniques, the combination of
high accuracy, biological interpretability, and uncertainty quantification offers capabilities not
possible with conventional methods. The framework facilitates the standardisation of
cardiomyocyte quality assessment across labs and clinical settings, which may lessen the
variability that presently restricts the reproducibility of stem cell research and therapy
development. By offering uniform, impartial metrics for evaluating cell quality, this
standardisation may hasten clinical translation.
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6.4.2. Computational Biology Methodological Advances

New paradigms for the analysis of biological data are established by the successful demonstration
that domain-specific hybrid architectures can perform better than general-purpose models. The
study offers proof that incorporating biological knowledge into computational design improves
performance over general machine learning techniques.

To meet the urgent demands for transparency in Al-based biological discovery, the extensive XAl
framework offers a model for interpretable machine learning in biological applications. The ability
of XAI to speed up biological understanding is demonstrated by the successful mapping of
computational predictions to known biological knowledge while spotting new patterns.

6.4.3. Clinical Translation and Precision Medicine

Real-time therapeutic optimisation and point-of-care differentiation assessment could be made
feasible by the framework's interpretability and computational efficiency, which facilitate
integration into clinical decision-making workflows. With this ability, regenerative medicine could
shift from research-based methods to standardised clinical practices.

The framework can be integrated into precision medicine strategies for cardiovascular disease
because of its compatibility with patient-derived cells and capacity to capture individual variation.
Finding patterns of differentiation unique to each patient could assist in guiding individualised
treatment plans and predict how each person will react to cardiac regenerative treatments.

6.5.CONCLUDING REMARKS

This research successfully addressed the fundamental challenge of predicting cardiomyocyte
differentiation outcomes through innovative integration of spatial and temporal biological data.
The hybrid GNN-RNN architecture set new benchmarks for computational approaches in
regenerative medicine by achieving unprecedented performance while preserving biological
interpretability. This work has the potential to revolutionise current methods for assessing and
optimising cardiomyocyte differentiation due to its high accuracy (96.67%), biological
interpretability, and clinical applicability. A major step forward for Al-assisted regenerative
medicine has been made with the successful demonstration of clinically relevant performance
coupled with mechanistic insights. The methodological advancements offer frameworks for the
spatiotemporal analysis of other developmental processes and stem cell differentiation systems,
going beyond cardiac applications. A roadmap for interpretable machine learning in biology is
provided by the combination of explainable Al and thorough biological validation, which meets
the crucial requirements for computational methods to be transparent and biologically relevant.

This work highlights how crucial it is to combine computational innovation with biological
understanding and clinical relevance as artificial intelligence continues to revolutionise healthcare
and biological research. A template for handling intricate biological problems using cutting-edge
computational techniques while upholding scientific rigour and a translational focus is provided
by the effective fusion of spatial and temporal modelling approaches. This research is motivated

103



by the ultimate goal of improving patient outcomes through improved cardiac regenerative
therapies. Proof-of-concept for Al-assisted regenerative medicine applications that could help
millions of patients with cardiovascular diseases worldwide has been established thanks to the
computational frameworks and biological insights presented in this work.

This study adds to the growing body of evidence showing that careful fusion of biological and
artificial intelligence research can speed up scientific advancements while upholding the highest
standards of clinical relevance and scientific rigour. The effective demonstration of spatiotemporal
modelling for cardiomyocyte differentiation lays the groundwork for upcoming advancements in
precision healthcare, regenerative medicine, and computational biology that could revolutionise
the way that cardiovascular disease and other conditions are treated.

To propel the field of cardiac regenerative medicine closer to its ultimate goal of restoring the
human heart, this work combines technical excellence with biological insight and clinical
relevance, providing essential foundations for the ongoing journey from computational innovation
to clinical application.
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APPENDICES

APPENDIX A - MATHEMATICAL EQUATIONS

Introduction

This document presents the complete mathematical formulation of the Hybrid Graph Neural
Network and Recurrent Neural Network (GNN-RNN) model for predicting cardiomyocyte
differentiation trajectories. The model integrates spatial transcriptomics data through GNN
processing and temporal gene expression patterns via RNN processing, achieving superior
classification performance through multimodal fusion strategies.

Graph Neural Network (GNN) Component
Graph Attention Network (GAT) Node Update

The node representation update in the Graph Attention Network follows:
a+1) _ (ORTIOINO)
B =g > ) WO
JEN (D)
where:
o hl@ € R s the feature vector of node i at layer [

e V(i) denotes the spatial neighborhood of node i

a®

i is the attention coefficient between nodes i and j at layer [

o WO g RI“IxAY g the learnable weight matrix
e 0 (+) is the activation function (LeakyReLU)
Attention Mechanism
The attention coefficients are computed using the attention mechanism:

exp (LeakyReLU(aT [Wh; |l Whj]))
 Yken exp (LeakyReLU(a” [Wh; I| Wh,]))

al-j

where:

e ae R?? is the learnable attention parameter vector
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¢ |l denotes the concatenation operation

e Lawyerly(x) = max(0.01x, x) is the LeakyReL.U activation function

Spatial Graph Construction

The spatial adjacency matrix is constructed based on physical proximity:

A4 = {1 ifd(s;,sj) <t
Y 0 otherwise

where:
e d(s;sj) =l s; —s; I, is the Euclidean distance
e s;,5; € R* are spatial coordinates

e 7 = 55um is the distance threshold for 10X Visium technology

Recurrent Neural Network (RNN) Component
Bidirectional LSTM Architecture

The BiLSTM processes temporal sequences in both forward and backward directions. The LSTM
cell operations are defined by:

Gate Computations

f = o(Wr - [he_q,X¢] + bs) (Forget Gate)

ii =a(W; - [h;_1,x:] +b;) (Input Gate)

C, = tanh(W, - [h,_;,X;] + b;) (Candidate Values)
C,=f,OC,_; +i, ®C, (Cell State)

o, =ad(W, - [h_q,X¢] + b,) (Output Gate)

h; = o, O tanh(C;) (Hidden State)

where:
e W, b, are learnable parameters for each gate
e (+) is the sigmoid function
e (O denotes element-wise multiplication

e [-,-] represents concatenation
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Bidirectional Processing

i)lt = LSTMforward(Xt' i)lt—l)
ht = LSTMbackward(Xt: ht+1)
h; = [h;; hy]

Hybrid Fusion Strategies

Early Fusion (Concatenation)

The concatenation fusion strategy combines embeddings at the feature level:

hgyeeq = [honn hrand
y= MLP(hfused)

where MLP(-) represents a multi-layer perceptron classifier.
Attention Fusion (Dynamic Weighting)

The attention-based fusion learns dynamic weights for each modality:

a= SOftmaX(MLP([hGNN, hRNN]))
hged = @onn - Wonnhoan + aran - Wrnnbran

where:
— T wi —
o o= [agnn arn]” With agan + aran = 1
e  Winn, Wray are learnable projection matrices

Late Fusion (Ensemble)

The ensemble fusion combines predictions from separate modality-specific classifiers:

Yonn = MLPgan(hgnn)
YrN = MLPgan (hpan)
Yinal = A Yonn + (1 — 4) - Yran

where A = ag(w) is a learnable ensemble weight parameter.

Loss Functions and Optimization

Weighted Cross-Entropy Loss

To handle class imbalance, we employ weighted cross-entropy loss:
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N
1
Lop = — Nz wy, log(softmax (f(x;)),,)
i=1

where:
* wy, is the class weight for the true class y;
e f(x;) is the model output for sample i

e N is the total number of samples
Focal Loss

For severe class imbalance, we implement focal loss:

*Cfocal = _at(l - pt)ylog(pt)

where:
e p; is the predicted probability for the true class
e , is the class weighting factor

e y = 2.0 is the focusing parameter
Monte Carlo Dropout for Uncertainty Quantification

For uncertainty estimation, we employ Monte Carlo dropout:

T

1
p(Y|x) = Tz softmax (£(x, 8,))

t=1

c
Uncertainty = — Z p (y = c|x)logp(y = c|x)

c=1

where:
e T is the number of Monte Carlo samples
e 0, represents model parameters with dropout enabled

e ( is the number of classes
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Evaluation Metrics

Classification Accuracy

N

1
Accuracy = Nz 1[y; = yi]

i=1

where 1[-] is the indicator function.

F1-Score
The weighted F1-score is computed as:
procicion. — TP
recision, = b+ FP,
Recall, = ———¢
e T TR + FN,
2 X Precision, X Recall,
Fl. =

Precision, + Recall,

Cc
nC
Flweighted = ZNFIC
c=1

where n. is the number of samples in class c.
Area Under the ROC Curve (AUC-ROC)

For multi-class classification, we use macro-averaged AUC:

c
1
AUC hacr0 = Ez AUC,
c=1

where AUC, is the AUC for class ¢ in a one-vs-rest setting.

Activation Functions

Sigmoid Function

o(x) = 1+e*
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Softmax Function

e*i
softmax(x); = W
LeakyReLU
LeakyReLU(x) = {g.o1x itf‘ﬁ Z g
Hyperbolic Tangent
X __ e—x
tanh(x) = m
Data Preprocessing
Min-Max Normalization
X xmll’l
anI"m =

Standard Scaling (Z-score)

Xscaled =
where u 1s the mean and o is the standard deviation.
Log Transformation

X1og = log(x + 1)
Summary

This document presents the complete mathematical framework underlying the Hybrid GNN-RNN
model for cardiomyocyte differentiation prediction. The integration of spatial graph neural
networks and temporal recurrent neural networks through attention-based fusion achieves state-
of-the-art performance (96.67% accuracy) while providing uncertainty quantification and
biological interpretability.

The mathematical formulations demonstrate how spatial relationships in tissue architecture
(captured by GAT) and temporal gene expression dynamics (modeled by BiLSTM) can be
effectively combined through learnable attention mechanisms to predict complex biological
processes with high accuracy and reliability.
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APPENDIX B — DATA SPLITTING AND LEAKAGE CHECKLIST

Splitting is performed once on the aligned joint indices, so no sample appears in more than

one partition across either modality. All hyperparameter decision (early stopping, LR

scheduling, model selection) use the validation set only; the test set is evaluated once at

the end.

#

Data
Splitting
1

Multimodal
Alignment
6

Regularisati
on

Control
category

Stratified
Train/Val/Test
split
Three-way
split
(60/20/20)

Mask-based
GNN splitting

K-fold cross-
validation

Temporal
split seeding

Sample-ID-
based
alignment

Class-
stratified
alignment
(fallback)
Joint split
after
alignment

Specific Control

Class-
proportional
partitioning
Separate
validation and
held-out test sets

Boolean mask
isolation for graph
data

5-fold CV for
robust estimation

Deterministic
random split for
temporal data

Cross-modal
identity matching

Fallback when IDs
unavailable

Single split
governs both
modalities
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Implementation Detail

“train_test_split(..., stratify=y)”
ensures each split preserves the
original class distribution

Train 64%, Val 16%, Test 20% via two
successive stratified splits
(“test_size=0.2” then
“test_size=0.2" of train)
“train_mask”, “val_mask”,
“test_mask” as non-overlapping
Boolean tensors over nodes
“KFold(n_splits=5, shuffle=True,
random_state=42)” with per-fold
model re-initialisation
“torch.Generator().manual_seed(42
)” used in “random_split()” for RNN
temporal data

GNN and RNN embeddings joined
on “sample_ids.npy” via
“np.intersect1d()” before any
splitting (ensures same sample in
both modalities)

Per-class “min(gnn_count,
rnn_count)” samples drawn with
“np.random.seed(42)”

“X_gnn[train_idx], X_rnn[train_idx],
y[train_idx]” (the same index array is
applied to GNN, RNN, and labels
simultaneously)



(Overfitting
Prevention)
9

10

1

12

13

14
15

16

Class
Imbalance
Controls
17

18

Normalisati
on/
Preprocessi
ng

19

20

Early
stopping

L2 weight
decay
(AdamW)
Dropout
(multi-layer,
tapered)

MC Dropout

Batch
Normalisatio
n

Label
smoothing
Focal loss

Learning rate
scheduling

Weight
random
sampling
Class-
weighted loss

Standard
scaling of
embeddings
Log-
normalisatio

Halt training when
validation stalls

Parameter norm
penalty

Stochastic unit
silencing

Uncertainty-aware
dropout at test
time

Internal covariate
shift reduction

Soft target
regularisation
Down-weight easy
examples
Adaptive LR
reduction

Over-sample
minority classes

Cost-sensitive
training

Zero-mean, unit-
variance

Library-size
correction
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Patience — 15 epochs; requires >1%
relative improvement in val loss to
reset counter
“weight_decay=5e-4” via “AdamW”
optimiser

Tapered dropout across classifier:
“0.3,0.21, 0.15, 0.09” (progressive
reduction)

“MCDropout” module with
“training=True” always; 50-sample
Monte Carlo inference
“nn.BatchNorm1d” after Linear
layers in both RNN input processor
and classifier head
“CrossEntropyLoss(label_smoothin
g=0.1)” as alternative to focal loss
“FocallLoss(alpha, gamma)” for
class-imbalanced training
“ReducelLROnPlateau(patience=10,
factor=0.5)” + cosine annealing
scheduler

“WeightedRandomSampler” with
“compute_class_weight(‘balanced’)
” per-sample weights
“CrossEntropyLoss(weight=class_w
eights)” where weights are inversely
proportional to class frequency

“StandardScaler().fit_transform()”
applied separately to GNN and RNN
embeddings

“log1p(X/ X.sum() * 10000)” applied
to raw expression before any
modelling



Reproducibi
lity
21

22

Overfitting
Diagnosis
23

24

25

26

n of gene
counts

Global
random seed
fixing

Fixed
random_stat
e=4

Train-val gap
monitoring

Learning
curve
analysis

MC Dropout
uncertainty

Best-
checkpoint
selection

Deterministic
execution

Consistent splits
across runs

Quantify
overfitting severity

Detect
underfitting/overfit
ting

Confidence
calibration at test
time

Avoid evaluating
overfit late-epoch
models
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“torch.manual_seed(42)”,
“np.random.seed(42)”,
“cudnn.deterministic=True”,
“cudnn.benchmark=False”

All “train_test_split”, “KFold”, and
“random_split” calls use
“random_state=42" or “seed”

“gap_mean = mean (train_acc -
val_acc)”; flagged High if gap > 10%
orval_std > 5%

Train at 20% - 100% of data with 3
runs per size; plot convergence of
train vs. val scores

50-sample stochastic forward
passes - predictive entropy and
confidence intervals per prediction
Model state dict saved only at best
val loss; final evaluation loads best
checkpoint
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