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Abstract

Advancements in singleell transcriptomics have enabled
unprecedented resolution in profiling cellular heterogeneity across
tissues and disease states. In this study, we present a comprehensive
integration of singlecell RNA sequencing (scRBEg) and matine
learning (ML) methodologies to construct medtiale, highresolution

cell atlases and develop robust models for gene prioritization and cell
classification. Specifically, we report two major contributions: the
generation of a largscale mouse orgarand tissue atlas and the
construction of the first complete singleell transcriptomic atlas of the
human retina derived from fresh tissue samples of Chinese individuals.
These atlases provide a foundation for understanding orgj@ercific and
retinal celldar complexity, as well as intendividual variability, with
implications for both basic biology and translational medicine.

The mouse tissue atlas encompasses scRdAdata from 15 organ
systems, allowing for hierarchical annotation of cellular composition
across diverse tissue environments. By establishing a consistent
taxonomy of organ tissue, and celtype-specific profies, we enable
comparative analysis of lineage relationships and functional
specializations across organs. This resource provides critical insight into
tissueresident immune populations, stromal architecture, and inter
organ transcriptional conservatiowffering a reference framework for
studies in developmental biology, aging, and disease modeling.

In parallel, we constructed a singtell transcriptomic atlas of the human
retina based on fresh enucleated or postmortem samples collected
within a short ischemic window, specifically from ethnically Chinese
donors. This is the first study to produce ighrresolution reference of
retinal cell types and subtypes specific to the Chinese population, filling
a critical gap in retinal transcriptomic resources, which have historically
been dominated by no#\sian populations. This atlas comprises detailed
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annotations of major retinal cell classescluding photoreceptors,
bipolar cells, horizontal cells, Muller glia, amacrine cells, microglia, and
retinal ganglion celis as well as finer subpopulations. The use of fresh
tissue preserved the transcriptomictagrity of labile cell types and
enabled the identification of novel markers that would otherwise be
degraded in frozen or delaygarocessing samples.

To interpret these rich datasets and prioritize functionally relevant
features, we integrated supervised machine learning algorithms
including logistic regression, random forests, and artificial neural
networkst for feature selection and classification taskJsing recursive
feature elimination (RFE) and cresslidation strategies, we identified
stable gene markers capable of discriminating between cell types with
high specificity. Notably, we focused on the classification of retinal cell
types under both kalthy and diabetic conditions, with an emphasis on
diabetic retinopathy (DR). Differential expression analysis combined with
ML-based gene prioritization revealed robust signatures distinguishing
healthy and diabetic retinal states. These included upraigon of genes
associated with oxidative stress, vascular dysfunction, and immune
activation, as well as the downregulation of genes implicated in
neuroprotection and synaptic signaling. These findings shed light on
critical pathophysiological processes iving diabetic retinal
degeneration.

Additionally, we trained and evaluated muttiass classification models
capable of assigning cell type identity with high accuracy across both the
mouse and human datasets. The models demonstrated strong
generalizability and scalability, offering a comgtidnally efficient and
biologically informative approach to annotate largeale singleell
datasets. This classification framework has potential applications in
automated cell annotation, disease subtype classification, and patient
stratification in fuure clinical and research settings.
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Despite these contributions, several limitations warrant consideration.
The sample size for the human retina atlas, while high quality and
ethnically novel, remains limited in number and demographic diversity,
necessitating future expansion across broagepulations and disease
stages. The technical limitations of scRd&Ar including gene dropout
and incomplete transcript detectianpose challenges for capturing the
full molecular complexity of rare or lowly expressed cell populations.
Furthermore, while te ML models achieved high accuracy, external
validation across independent datasets and spatial contexts is required
to fully assess their robustness. Critically, no immunohistochemistry (IHC)
validation was performed in this study, which limits the cutren
conclusions to transcriptomic inference; future studies will incorporate
IHC and spatial transcriptomics to validate key markers at the protein
level and within tissue architecture.

In conclusion, this work represents a substantial step forward in the
construction of singleell reference atlases and the application of
machine learning to unravel tissuand diseasespecific transcriptional
programs. The generation of both a mousestis atlas and a human
retina atlas based on Chinese fresh samples provides critical biological
insights and fills a major gap in ethnic representation in shaglée
studies. The integration of ML techniques enhances the interpretability
and predictive powr of scRNAeq data, facilitating the discovery of
diagnostic markers and therapeutic targets. Taken together, our
framework serves as a scalable and generalizable platform for studying
cellular diversity, disease mechanisms, and precision medicine
appliations in both tissue and organoid systems.
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1. Introduction

1.1 Singlecell RNAS=quencing (scRN&eq)

Singlecell RNA sequencing (scRAkY|) has emerged over the past
decade as a transformative technology in molecular biology, providing
an unprecedented view into the transcriptomic landscapes of individual
cells [1]. Historically, transcriptome profiling relied upon bulk RNA
sequencing, which aggregates gene expression signals across
heterogeneous mixtures of cells. While bulk approaches yield valuable
insights into average expression patterns, they inherently mdmk t
diversity and dynamic range of dalbecific programs, limiting the
detection of rare or transient cellular states. In contrast, scREA
resolves mRNA abundance at sinfyl resolution, enabling the
identification of discrete cell types, developmental trajectories, and
contex4lependent regulatory networks within complex tissy2s3].

The genesis of scRE&q can be traced to early prafZoncept studies

in which manual isolation of single cells was followed by reverse
transcription and amplification of cDNA. Although these approaches
successfully demonstrated the feasibility of sinfédl transcriptomics,
throughput remained low, and technical nosstemming from
stochastic sampling of lowly expressed transcupp®sed substantial
analytical challenges. The advent of microfluidic devices and
droplethased partitioning in the mi@010s revolutionized the field by
enabling massively parallel capture and barcoding of thousands to tens
of thousands of cells in a single r{#]. Concurrent advances in unique
molecular identifiers (UMIs) reduced amplification bias, while
improvements in sequencing depth and read length enhanced both
sensitivity and the capacity to resolve splice isofornBresently, a
diverse array of scRMgeq platforms caters to different experimental
priorities.  Dropletbased systems (e.g., 10x Genomics Chromium)

11



Student ID: 20474543 Thesis Sen LIN

remain the workhorse for higkhroughput studies, routinely profiling up
to one million cells per projed8].

The advantages of scREAg extend beyond céllpe discovery.By
reconstructing differentiation trajectories using algorithms such as
pseudotime analysis (Monocle, Slingshot) or RNA velocity (Velocyto,
scVelo), researchers can infer lineage relationships and transient states
during development or disease progressiofb-6]. Integration
frameworks (e.g., Seurat, Scanpy) facilitate the merging of datasets
across platforms, species, or conditions, thereby enhancing statistical
power and reproducibility[7-8]. SCRNAseq has revolutionized our
understanding of cellular hetegeneity by enabling the comprehensive
profiling of gene expression at the resolution of individual cdls.
cellular heterogeneity, it characterizes the heterogeneity of individual
cell in different species, differentiation states, ages and solorthe
context of disease, SCRhN&(Q reveals heterogeneity across the different
stages ofliseases, identifies key genes in disease processes, and reveals
previously obscured diseasemune interactiong9].

ScRNAseq has fundamentally reshaped our conception of biological
complexity by revealing the mosaic of gene expression programs that
coexist within tissues. Its capacity to dissect heterogeneity, trace cellular
lineages, and integrate mufinodal data renders it an indispensable tool
for both basic research and translational applicatiofi®]. These
methodological improvements have facilitated discoveries across
diverse biological systems, including the identification of novel cell types
in the developingorain, the characterization of immune cell activation
states in disease, and the delineation of differentiation pathways in stem
cell models[1]. Despite these successes, scE&¢d continues to face
technical and computational obstacle@hallenges remain in technical
noise mitigation, data integration across platforms, and the robust
inference of genegene interactions.Dropout events instances in
which transcripts are not detected due to low capture efficiency

12
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generate sparse data matrices that complicate downstream analyses.
Batch effects and platfor@pecific biases necessitate careful
normalization and integration strategies to avoid spurious conclusions.
Nonetheless, scRN#eq continues to provide an unprecedented window
into the complexity of gene regulation, offering critical insights into
development, physiology, and pathology.

1.2 Machine Learning (ML)

Machine learning (ML), a core branch of artificial intelligence, has
emerged as a computational paradigm for analyzing complex,- high
dimensional, and largecale data across a wide range of scientific
disciplines [11]. Unlike traditional rulebased programming, ML
algorithms are capable of automatically learning patterns, dependencies,
and representations from data through mathematical modeling and
optimization, thereby enabling systems to make accurate predictions or
decisionsbased on empirical dataithout being explicitly programmed

for each specific task.

At its foundation, ML comprises several subcategories, including
supervised learning, unsupervised learning, seupervised learning,
and reinforcement learninfL2]. In supervised learning, the algorithm is
trained on labeled datasets, learning a mapping from inputs to desired
outputs. Common supervised algorithms include support vector
machines, random forests, gradient boosting methods (e.g., XGBoost),
and deep leaning architectures such as convolutional neural networks
and recurrent neural networl4.3]. In recent yearsjeep learning, which
employs multilayered neural networks to learn hierarchical feature
representations, has achieved stabdthe-art results in many
benchmark tasks and has become a dominant approach within
supervised ML[14]. In contrast, unsupervised learning techniques
operate on unlabeled data, aiming to discover intrinsic patterns or
structures without predefined outcomes. Methods such amd&ans
clustering, hierarchical clustering, principal component analysis (PCA),

13
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and manifold learning (e.g.;SNE, UMAP) are widely used to identify
hidden subgroups, reduce dimensionality, and explore the latent space
of complex datasetEL5].

ML has shown particular promise in systems biology, enabling
researchers to predict patient outcomes, identify disease biomarkers,
infer regulatory networks, and optimize therapeutic strategies. In
genomics and transcriptomics, ML has been used to cladsBases
based on gene expression patterns, predict the effects of genetic
variants, and identify cetlype-specific markers in singleell data[16].
Deep learning models, in particular, have demonstrated the ability to
automatically learn hierarchicaépresentations from raw biological data,
outperforming traditional statistical methods in various benchmarks.
This datadriven approach is particularly wedlited for the analysis of
biomedical and omics data, where the underlying biological processes
are often nonlinear, heterogeneous, and poorly understood.

In particular, ML has shown considerable promise in tasks involving high
throughput omics data, medical imaging, and electronic health records,
where traditional statistical approaches often struggle to capture
complex, nonlinear, and multivariate dependaes. By leveraging large
datasets, ML models can learn latent representations, detect subtle
patterns, and make datdriven inferences that are robust to noise and
heterogeneity. As a result, ML has become increasingly central to
systems biology, drug dievery, disease classification, and precision
medicine. lIts flexibility and scalability make it especially +aailed for
singlecell transcriptomics, where the data are inherently noisy, sparse,
and highdimensional [17]. Continued progress in algorithm
development, interpretability, and model generalization is expected to
further solidify ML's role as a cornerstone of ngeneration biological
data analysis.

2. Literature Review

14
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2.1 Challenges inthe Sngle-cell Transcriptomics

Inthe rapidly advancing field of singtell data science, Lahnemann et al.
(2020) present a comprehensive framework that identifies eleven major
challenges critical to the evolution of the disciplif@é8]. These
challenges span technical, computational, and conceptual domains,
emphasizing the need for continued innovation in both experimental
methods and analytical techniques. The authors highlight the
complexities inherent in integrating mulsiource dataaddressing issues
related to noise, bias, and thenderrepresentation of rare cell types in
singlecell datasets. Additionally, they underscore the significance of
understanding cellular heterogeneity within tissue architecture, which
remains a formidable challenge in singlell transcriptomics.

Importantly, while this framework provides a unifying conceptual
overview of the field, it also reveals that many of these challenges remain
unresolved in practice, particularly in the context of constructing
reproducible, largescale cell atlases that casupport systematic
comparison and downstream computational modeling.

1 Handling Sparsity in Singzell RNA Sequencing: One of the primary
obstacles in scRN#eq is the inherent sparsity of the data, with
many genes exhibiting zero or neagro expression in individual
cells. This technical limitation, often exacerbated by &&quencing
depth or inefficient capture of rare transcripts, complicates
downstream analysis such as differential expression analysis,
clustering, and identification of cell subtypes. The challenge lies in
developing statistical methods and computatioriabls that can
robustly handle such sparse datasets, mitigating the risks of false
negatives and improving the overall accuracy of biological insights.

1 Defining Flexible Statistical Frameworks for Discovering Complex
Differential Patterns in Gene Expression: Another challenge
highlighted is the need for more flexible statistical frameworks that

15
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can capture the complexity of gene expression patterns across
single cells. Traditional methods for differential gene expression
analysis often fail to account for the unique noise structure,
heterogeneity, and notinear relationships that exist at thengjle-

cell level. To address this, Lahnemann et al. advocate for the
development of advanced statistical models that incorporate
factors such as ceype-specific variation, intracellular
heterogeneity, and batch effects. These frameworks would allow
for more accurate identification of differentially expressed genes
and cellular responses across varying conditions.

1 Mapping Single Cells to a Reference Atlas: The process of mapping
individual cells to a reference cell type atlas remains a significant
challenge in singleell biology. While reference atlases provide
invaluable resources for annotating and classifyinly tygpes and
states, the immense diversity and dynamic nature of cells make
such mappings inherently difficult. Differences in cell composition
between tissues, developmental stages, and disease conditions
further complicate this task. Developing robustngoutational
methods that can align singkeell data to existing atlases or even
generate new, contexspecific reference models is critical for
advancing our understanding of cellular diversity and functional
states.

1 Integration of Singl€ell Data Across Samples, Experiments, and
Types of Measurement: Lastly, the integration of sirgd# data
across different samples, experimental protocols, and
measurement types (e.g., gene expression, chromatin accessibility,
and protein profiling) presents a major challenge. The
heterogeneity introduced by these factors can obscure meaningful
biological patterns and hinder the ability to draw generalizable
conclusions. Lahnemann et al. emphasize the need for
sophisticated computadnal tools and frameworks that facilitate
the seamless integration of muithodal data, ensuring that

16
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complex datasets can be analyzed holistically to provide a more
comprehensive view of cellular behavior and function.

Despite  substantial progress in singlel RNA sequencing
methodologies, several critical challenges remain that hinder the
construction of comprehensive cellular atlases and -ctEssie
integrative analyses. Current approaches for handling technicasitpa
are predominantly designed for individual datasets and lack
transferability across studies, limiting their scalability in at@ael
projects. Similarly, existing statistical frameworks for differential gene
expression analysis focus primarily ondbpairwise comparisons rather
than systematic mulitissue or multicondition investigations.
Furthermore, the absence of standardized hierarchical annotation
schemes and computationally transferable reference models constrains
the utility of current athses as robust benchmarks for automated cell
type classification. The integration of heterogeneous shugl data
across samples, experimental batches, and measurement modalities
remains fragmented, lacking unified computational frameworks that can
simukaneously account for technical variation whinalyzingboth
shared biological patterns and contestppecific signatures. Collectively,
these limitations underscore an urgent need for scalable, generalizable
computational approaches that can bridge individual datasets into
coherent reference frameworks, enablingystematic discovery of
cellular heterogeneity across tissuasd organsdevelopmental stages,
and diseaseonditions Addressing these unresolved issues provides the
methodological foundation and primary motivation for the atlas
construction and machindearning frameworks developed in the
subsequent chapters of this thesis.

2.2 Singlecell Atlas Development inTissue andOrgan Systems

The development of singleell transcriptomic atlases has profoundly
advanced our understanding of tissue organization, cellular diversity,
and developmentalstagesacross various biological systems. These

17
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atlases provide invaluable resources for identifying distinct cell types,
cellular states, and developmental trajectories, facilitating
comprehensive analyses of tissaad organcomplexity. A pioneering
example is the Tabula Muris project, which profiled over 100,000 cells
from 20 mousetissues andorgans using both Smaseqg2 and 10x
Genomics platforms, generating a higksolution map of murine cell
identity and intertissue diversity [19]. This foundational resource has
enabled integrative analyses aéige expression and cellular composition
across tissueand organs

Building upon such efforts, Han et al. (2020) developed the Human Cell
Landscape, a larggcale singleell atlas profiling nearly 700,000 cells
across 60 human tissues and organs [20]. This atlas not only cataloged
major canonical cell types but also reded contextspecific
transcriptional programs reflecting tissue specialization and cellular
plasticity. Notably, the study provided insights into immune and stromal
compartment dynamics and highlighted the systemic coordination of
tissues at the singled| level. Similarly, Cao et al. (2020) presented an
extensive human fetal developmental atlas, covering over 4 million
singlecell transcriptomes from embryonic tissues at various stages of
development [21]. This resource facilitated the reconstructiohrefage
hierarchies and organogenesis pathways, establishing a valuable
framework for developmental models.

Organoids, which replicate key features of in vivo tissue architecture and
function, have emerged as powerful systems for disease modeling,
regenerative biology, and developmental research. IntegraicBNA
seqwith organoid technologies has enabled a deeper understanding of
cellular composition and maturation states within these in vitro models.
For example, Quadrato et al. (2017) used scR&bAto study human
cerebral organoids, identifying regiapecific newonal subtypes and
revealing transcriptionakignatures linked to sensory responses and
neural network formation [22]. Their work laid the foundation for

18
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assessing organoid fidelity in replicating human neurodevelopmental
processes. Similarly, Camp et al. (2017) employed scReiAt0
investigate the multilineage interactions involved in the formation of
human liver buds from pluripotent stem cells, demomding the
emergence of hematoblasts endothelial cells, and mesenchymal
lineages [23]. This study validated the potential of organoids to model
early liver development at singleell resolution.

Despite these advancements, significant challenges remain in integrating
tissue and organoiederived data. The lack of standardized protocols
and integration tools limits the comparative analysis of tissue and organ
atlases. International initiatives likine Human Cell Atlas (HCA) have
advocated for standardized workflows, metadata curation, and
computational tools to facilitate the construction, integration, and
comparative analysis of singtell atlases across biological systems [24].
These frameworksare critical for robust annotation of novel cell
populations, crosgsondition comparisons, and the integration of muilti
omic and spatial transcriptomic data for downstream modeling.

In summary, these largscale atlas efforts highlight the pivotal role of
singlecell technologies in establishing comprehensive reference
frameworks for tissue and organ modeling. However, despite the
progress made, current atlases often remain fragmenbgdissue and
organ system or biological condition, limiting their utility for crtissue
comparisons and integrative disease modeling. As seftdgA
technologies evolve alongside spatially resolved transcriptomics and
multi-omic integration, the resolubn and biological relevance of tissue
and organbased atlases will continue to improve. This will provide an
increasingly solid foundation for datiiven discovery,ML-based
classification, and precision medicine applications, directly motivating
the work in Chapters 4 and 5 of this thesis.

2.3 Machine Learning Applications in Cell Qassification and Gene
Prioritization

19
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The exponential growth of singlell transcriptomic data has
fundamentally transformed the scale and complexity of biological
analysis. Such datasets are inherently higimensional, sparse, and
heterogeneous across samples, platforms, and biological itond,
posing substantial challenges for conventional statistical approaches. In
this context, ML has emerged as a critical computational paradigm for
cell type classification, gene prioritization, and phenotype inference,
owing to its ability to model aoplex, nonlinear relationships within
gene expression spaces.

Early applications of ML in scRiég analysis predominantly relied on
unsupervised learning strategies, particularly clusteiddaged methods
aimed at identifying putative cell populations without prior annotation.
A representative example is SC3, projbbyg Kiselev et al. (2017), which
integrates multiple distance metrics and clustering solutions to achieve
consensudased cell grouping [25]. While such methods are effective in
capturing broad cellular structure within individual datasets, they are
intrinsically sensitive to parameter selection and preprocessing choices.
More importantly, unsupervised approaches lack mechanisms for
enforcing annotation consistency across datasets, limiting their
applicability in largescale atlas construction, creissue comparison,
and diseas@riented analyses.

To address these limitations, supervised and senpervised ML models
have gained increasing prominence in sirggdl studies. Abdelaal et al.
(2019) systematically benchmarked a wide range of supervised classifiers
including support vector machines, random forestsdarest neighbors,

and deep neural networks and demonstrated their superior
performance over unsupervised methods in terms of classification
accuracy, robustness to batch effects, and scalability across datasets [26].
These findings estaBhed supervised learning as a more suitable
paradigm for referencdbased cell annotation and crossudy
integration.
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Building upon this foundation, deep learnthgsed frameworks have
further advanced automated cell type classification. Methods such as
ACTINN [27] leverage feedforward neural networks trained on
annotated reference atlases to achieve high classification accuracy with
minimal manual intervention. Sitarly, scVI [28] employs a variational
autoencoder architecture to model gene expression in a probabilistic
latent space, enabling joint tasks including batch correction, imputation,
and cell type inference. Beite their technical sophistication, most deep
learning approaches implicitly assume the availability of {gjgality,
comprehensive reference annotations. Their performance and
interpretability may degrade substantially when reference atlases are
incompkte, hierarchically inconsistent, or derived fradtiferent tissue

and orgarsystems.

In parallel with cell classification, Milased feature selection and gene
prioritization have become indispensable for extracting biologically
interpretable signals from higdimensional singleell data. Approaches
such as recursive feature elimination,1/L2-regularized logistic
regression, random forest feature importance, and maximum relevance
minimum redundancy (MRMR) have been widely applied to identify
discriminative gene sets associated with specific cell types or phenotypic
states. These methods arparticularly valuable for reducing model
complexity and facilitating downstream biological interpretation.
However, many existing studies emphasize classification performance
over biological contextualization, resulting in gene signatures that are
statigically informative but insufficiently linked to ceilpe specificity,
tissue context, or disease mechanisms. As highlighted by Zhao et al.
(2021), there remains a critical need for Mtiven biomarker discovery
frameworks that balance predictive power tiviinterpretability and
biological relevance [29].

To improve transparency and interpretability of complex ML models,
explainable artificial intelligencéechniquessuch as SHapley Additive

21



Student ID: 20474543 Thesis Sen LIN

exPlanations (SHAP), LIME, and Integrated Gradibatzee been
increasingly adopted in singtell analysis [3B2]. These methods
provide quantitative estimates of gedevel contributions to model
predictions, offering a pathway toward mechanistic insight. Nevertheless,
explainability is often applied pokbc and in isolation, rather than being
systematically integrated into biologically informed modeling pipelines
that explicitly connect gene importance to cell identity, tissue hierarchy,
and disease cdsext.

Taken together, existing ML applications in singgé transcriptomics
have delivered substantial methodological advances, yet remain
fragmented across analytical tasks and biological scales. Current
approaches typically address cell classification, fesatselection, or
interpretability as independent objectives, with limited integration
across tissues, conditions, and disease stf#@s34]. These limitations
underscore the need for unified, mulevel ML frameworks that jointly
support atlas construabn, crosstissue generalization, and disease
specific gene discoveryhereby motivating the integrative modeling
strategies developed in Chapters 4 and 5 of this thesis.

3. Aims and objectives

Currentlly, the analysis of scRI88q data poses substantial challenges.
ScRNAseq data are characterized by extreme sparsity arising from
dropout events, substantial technical noise, and variability in sequencing
depth and experimental protocols across studies. When data from
multiple laboratories or platforms are integrataa downstream analysjs
these factors are further compounded by batch effects, which can distort
transcriptional relationships and obscure genuine biological sigAbds,
inconsistem analytical pipelines and datasspecific biases hinder cross
study comparability and restrict the development of unified reference
frameworks that can support systemataata analysis andbiological
interpretation.  Singlecell technologies uniquely enable the
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identification of cell populations, the characterization of transitional
cellular states, and the resolution of figgained cellular hierarchies
across tissueand organsand theircapabilities that cannot be achieved
through conventional bulk approaches. However, these limitations
diminish the value of scCRNgeq.

The realization of this potential depends critically on robust strategies
that mitigate technical variability, standardize data processing, and
integrate heterogeneous datasets into coherent and biologically
meaningful structures.Against this background, the thesis aims to
develop systematic frameworks for singlell atlas construction and
downstream analysisThe overarching aim is to bridge dadaven
computational analysis with domaspecific biological interpretation,
enabling both improved annotain accuracy, integrated cell atlas, and
mechanistic insights into disease processes such as diabetic retinopathy.
By integrating multstudy datasets in a consistent analytieabrkflow

and applying rigorous ML strategies, this work advances both the
methodological and biological foundations of singkdl research.

3.1 SinglegCell Transcriptomic Atlas Profiling
3.1.1Gaps and Challenges

Despite significant progress in molecular biology and biomedical
research, numerous practical challenges remain in fully understanding
cell heterogeneity and disease mechanisms, identifying therapeutic
targets, and advancing precision medicifi®e development of sSCRNA
segtechniquehas revolutionized our understanding of cellular diversity
at an individual cell resolutignso the construction of detailed
comprehensive and biologically accuratnglecell transcriptomic
atlases across various tissues and organ systemsededas a reference

for cell heterogeneityanalysis acroskierarchicalbiologcal level§35].
However, despite its immense potential, tlalas constructionfaces
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several critical challenges, many of which arise from the limitations of
traditional biological tools and existing methodologies.

1. Fragmentation acrossexisting studis: Many existing singieell
datasets generated from different laboratories, platforms, and
sequencing chemistries, often without a unified preprocessing or
normalization framework. As a result, substantial batch effemieh
asvariability insequencing deptland inconsistentlata preprocessing
were introduced. These discrepancies hinder reproducibility and
prevent  meaningful crosstudy  comparisons. Without
standardization, biologically relevant signals may be confounded by
technical artifacts, limiting the ability to derive robust conclusions or
construa generalizable models.

2. Incomplete tissue coveragelargescale atlas efforts frequently
prioritized the tissues anargans of high biomedical interestich as
brain, immune system, or liver while others receival
disproportionately limited attention[36-37]. This imbalance leaves
many body systems eithetessy profiled or completely absent from
current atlases, restricting our understanding of wholganism
cellular diversity. The lack of comprehensive coverage also prevents
systematic exploration of interelationships, lineag conservation,
and shared transcriptions across multiple tiss@ad organ§42].

3. Shallow hierarchical annotationAlthough most atlases provide
annotations at the cell type level, few establish consistent, multi
layered hierarchicatell atalseshat capture biological organization
from body systemi organ/tissuef cell typef cell subtype. The
absence of suchstructured annotation reducg interpretability,
complicatal crosstissue comparisons, and impedleautomated
annotation methodgshat depend on clearly defined hierarchiaz|I
labels. Additionally, variability in annotation depth across studies
often refleced the subjective judgment of individualkesearchers
rather than a standardized, reproducible sche[88-41].
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4. Limited crosgissue comparability Despite thelarge number of
published singleell datasetsup to now, most studies focued on
severalspecifictissues and agans with relatively few constructing
frameworks thatcould enable crosgissue integration or systematic
comparative analysig.he lack of relative complete cell atlas limits the
understanding of how transcriptions diverge or converge across
tissues andrgars, which cell types exhibit conservatgnaturesor
how tissue context shapes gene regulatory networksrthermore,
the advanced and robust analytical methods such as ML which need
standardbenchmarkssrestricted from being applied in this fie]d3-

45].

5. Lack of standard workflowhe lack of standardized protocols for data
generation, processing, and integration further exacerbates the
challenges in building comprehensive and reproducible siogle
atlases. Variability icell preparation,genesequencing technologies,
and data analysis pipelines can introduce batch effects, technical
noise, and inconsistencies acrosstudies [46-47]. While
computational tools have been developed to mitigate these
influences current methods often fail to fully address tiesueacross
datasets, limiting the ability to construct unified reference atlases [48].
This lack of standardization complicates data sharing and
collaboration, making it difficult to compare results across different
researchgroups or apply findings from one study to another-E(.

6. Lack of population diversity and insufficient representation across
ethnic groupsAfurther limitation of current singlecell atlases is their
restricted population diversity. Most human dataset®&re derived
disproportionately from Western, neAsian donors, with limited
inclusion of samples from diverse ethnic backgrounds. This lack of
global representation introduces biases that may obscure population
specifichiologicalfactors such asranscriptional features, cefitates,
and diseaseassociated pathays. In the context of retinal research,
for example, very few studies include samples from Chinese or other
Asian donors, despite known ethnic variations in disease prevalence
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and progression. Consequently, existirgjinal atlases cannot fully
capture the biological heterogeneity required for populatispecific
biomarker discovery.

Overcoming these challenges will be essential for creating more accurate,
comprehensive, and reproducible singlell atlases, and for advancing
our understanding of cellular diversity.

3.1.2 Aims andObjectives

Singletell transcriptomic atlases offer a powerful solution to these
challenges. By enabling the higisolution mapping of cellular
heterogeneity, SCRNBe(q atlases allow the systematic identification of
common rare,andtransientcelltypes and subtypesTheyalsofacilitate

the discovery of cellypecspecific biomarkers that can serve as
diagnostic or prognostic indicators for disease and therapeutic efficacy.
The goal of this research is to address the existing gaps and challenges in
the field of singlecell transcriptomic atlas profiling through the
construction of comprehensive and higésolution singlecell atlases. By
systematically cataloging cellular drgity within tissues and organoid
systems, we aim to overcome the limitations posed by traditional
biological tools and methodologies. Specifically, this research seeks to:

1 Gonstruction of Mouse Cell Atlas: To establish a rigorously
structured, multilevel hierarchical cell atlas for the mouse,
encompassing the full breadth of its body systems. This atlas is
designedas a foundational biological framework that systematically
organizes cellular identities across anatomically and functionally
coherentlevels At the firstlevel, the atlas enumerates all major
mouse body systemsincluding, but not limited to, the endocrine,
cardiovascular, respiratory, and immune systemghereby
providing a comprehensive systedevel taxonomy. The second
level resolves each body system into its constituent organs and
tissues, capturing their anatomical boundaries and physiological
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rolesaccurately The thirdevelfurther decomposes each organ and
tissue into its underlying cellular components, delineating both
canonical cell types and fingrained subtypes that reflect
developmental lineage, microenvironmental context, and
functional specialization. By integratirtgese hierarchical levels,
the atlas aims to create a unified and biologically interpretable
reference framework for mouse cellular diversity. This resource is
intended to support consistent crogggan and crossystem
comparisons, facilitate the annotation and interpretation of sinrgle
cell transcriptomic datasets. Moreover, the hierarchical design
enables scalable incorporation of new data modalities and
emerging cell populations, thereby ensuring letegm relevance
and interoperability with ongoing efforts in systems biology and
comparative genomics. Ultimately, this mouse cell atlas will
contribute a robust structural foundation for mechanistic studies of
cell function, interorgan communication, and disease modeling
across the mammalian body.

1 Construction of Human Retinal CellAtlas: To construct a
comprehensive and populatiespecific cell atlas of the human
retina, building directly upon theomplete retinal tissues from
Chinese donors. This atlas is designed to provide aregiution,
hierarchically organized framework that captures the full spectrum
of retinal cellular diversity while integrating populati@pecific
features that may shape retinatructure and function. The atlas
characterizes all principaknown retinal cell types such as
photoreceptors, bipolar cells, amacrine cells, horizontal cells,
retinal ganglion cells, Muller glia, microglia, and vasea$sociated
cell types. At the mdsgranular level transcriptionally distinct
subtypes are resolved, allowing the identification of fswale
heterogeneity, lineage relationships, and populatgpecific
cellular signatures revealed in our study. By incorporating donor
specific and populatiotevel trarscriptomic patterns, this atlas
aims to extend beyond conventional retinal reference maps and
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offer a resource that reflects the cellular diversity present in East
Asian populations, an area historically underrepresented in retinal
genomics. The integration of these hierarchical and population
specifidayers will provide a standardized framework for annotating
retinal cell populations, facilitate the discovery of reg&pecific or
ethnicity-associated features. Ultimately, this human retinal cell
atlas serves as a foundational reference for futureestigations
into retinal biology, intesindividual cell differencesdiseaserelated
signalsand populationspecificvariability.

Through the focused construction of singlell transcriptomic atlases,
this research will directly address key gaps in the current understanding
of cellular heterogeneity, tissue architecture, and disease mechanisms.
singlecell transcriptomic atlas profiling not only enhances our
fundamental understanding of cellular diversity and tissue complexity
but also holds transformative potential faare cell type exploration,
data comparison across different studieglentification of ethnic
population differences, and disease treatment strategie®verall we

aim to provide a powerful resource for the scientific community that will
drive forward research in cellular biology, disease modeling, and
precision medicine.

3.2 Singl@Cell Transcriptomic Data Analysis
3.2.1Gaps and Challenges

The advent oscRNAseghas opened new frontiers in biological research
by providing unparalleled resolution to study cellular heterogeneity
within complex tissues. However, the magnitude and complexity of the
data generated by scRMNs&q present significant challenges for
traditional biological tools, which were not designed to handle such
large-scale, highdimensional datasetfb1].
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1. High dimensionality andextreme sparsity of scRNAeq matrices
Singlecell transcriptomic datasets consist of thousands of genes
measured across tens of thousands to millions of cells, forming
ultrahigh-dimensional matrices. Due to dropout events and technical
noise, a large proportion of gegeell entries are zero,esulting in
extreme sparsity [52]. This data structure combined of high
dimensionality and sparsityeverely challenges traditional statistical
tools with limited data processing capacitiesnda complicates
downstream tasks such as clustering, normalization, differential
expression analysis, and visualization, often leading to unstable or
biased results.

2. Strongtechnicalnoise andbatch effects acrossexperiments SCRNA
seq data are inherentliechnicahoisy due to variations in sequencing
depth, capture efficiency, cell viability, and library preparation
protocols. Moreover, datasets generated from different runs or
laboratories exhibit prominent batch effects that overshadow
biological variation. Without robust correction strategi¢schnical
noiseandbatch effects distortell clustering structuresncorrect cell
type annotation, and reduce reproducibility across studies.

3. The risk ofbiologicalsignalloss Quality control proceduressuch as
filtering by mitochondrial percentage, detected genes, UMI counts,
and doublet removabre essential but highlgarameter dependent
Overly stringent thresholds may remove biologically relevant but low
RNA cells, while lenient thresholds retain damaged ordonality cells
that introduce noise into downstream analygi4]. Balancing data
retention with noise reduction remains a major challenge, and
inconsistencies in QC workflows acrostudies contribute to
analytical variability and hinder data harmonization.

4. Challenges imormalization anddata integration across datasets
Normalization in scRN#eq data is nontrivial becausethe gene
expressionof a cell vary across celtypes development stages,
disease conditions, and physiological status The effects of
normalization are tcstabilize variance and improve comparability of
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gene expression levels between celldowever,the normalization
methods such as librargize normalization, variance stabilization, and
modektbased correctiorare difficult to select appropriatelgased on
different datasets After that, when datasets are integrated
especially across donors, experimental protocols, or biological
conditions differences in distributional structure complicate
alignment. Achieving data integration without overcorrecting
biological variation or undecorrecting technical bias remains an
unresolved analytical challeng®5-56].

5. Difficulty capturing non-Linear biological relationships with
traditional methods Cellular identities, state transitions, and
developmental trajectories are often governed by complex, -non
linear generegulatory relationships. Traditional linear toatannot
fully represent suchrelationships and may obscure meaningful
biologicalsignalg53]. While nonlinear methods (e.g., UMARNN
have improved dimension reduction, datavisualization and
biomarker discovery, they remain sensitive tthe data quality,
parameter choices and model design To figure out on-Linear
relationships requires more robust and theoretically grounded
analytical approachessuch as accurate model design and
development

6. Computational scalability and memory limitations in largescale
datasets With the rapid growth of scRN#eq experimentsthe
newest datasets often exceed millions of cells, posing substantial
computational and memory demands. Many existing algorithms were
not designed for such scale and therefore exhibit slow runtimes, high
memory usage, or fail to complete when applied to very large
datasets[57-58]. Efficient, scalable analytical frameworks remain an
urgent need in the field.

These challenges highlight the need for new approaches that can handle
large, complex, and highimensional datasetaccuratelyand efficiently
Existing biological tooland traditional statistical methodsare not
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powerful enough to handle this huge amountlogh-dimensionaldata,
often leading tolnsufficient data analysis poor generalizability, and
inefficiencies in extracting actionabland deep insights. So, he
limitations necessitate the adoption of more advanced techniques
designed for big data processing, which are capable of extracting
valuable insights from largecale, sparse, and multhodal dataset$59-

60]. To fully realize the potential of singbell transcriptomics, innovative
approaches that canc@ommodate the complexity, heterogeneity, and
scale of the data must be developed, ensuring that meaningful biological
information is not lost or overlooked in the analysis.

3.2.2 Aims andObjectives

ML algorithms, particularly those designed for big data processing,
provide a solution to these challenges by offering scalable, robust, and
flexible approaches to analyze complex datasets. Unsupervised learning
techniques like clustering (e.g., DBSCANgranchical clustering),
autoencoders, and graphased models (such as Louvain clustering) can
uncover hidden structure in the data, revealing rare cell populations,
novel cell states, and diseasssociated subtypes that traditional
methods missSupervisd ML models, by utilizing large datasets, can
identify subtle, yet biologically significant, distinctions between cell
types, which are particularly critical in the context of diseases such as
cancer, neurodegenerative conditions, and immune disorders.
Furthermore, MLbased dimensionality reduction techniques, including
t-SNE, UMAP, and learning modiegsneworkssuch asANNs, can more
effectively capture nodinear relationships in the data, preserving
higherorder interactions between genes and cells th@aaditional
methods fail to address.

The aim of this research is to address the significant gaps and challenges
in the analysis of SCRNs&(Q data by leveraging Milgorithms to develop
robust and scalable methods for data processing, integration, and
interpretation. By applying advanced ML techniques, we seek to
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overcome the inherent complexities of singiell transcriptomics, such
as high dimensionality, sparsity, heterogeneity, and integration of multi
modal data. Specifically, the objectives of this research are to:

l

Improve Data Interpretation To improve the biological
interpretability, robustness, and reproducibility of singlell
transcriptomic data through the development of enhanced
analytical strategies and standardized computational workflows.
SRNAseq datasets are inherently characterized by high
dimensionality, sparsity, and technical variability, all of which can
obscure meaningful biological signals if not rigoropsbcessedTo
mitigate these challenges, this study aims to establish robust,
scalable, and reproducible analysis pipes that minimize batch
effects, harmonize datasets across donors and platforms, and
ensure consistent interpretation across studies. This includes the
systematic evaluation and integration of normalization, variance
stabilization, and batclcorrection mehods to produce harmonized
gene expression matrices suitable for downstream analyses. In
addition, this research seeks to apply advanced -hosar
dimensionality reduction techniques and higisolution clustering
strategies to uncover latent cellular rattures that are not
detectable through conventional method#pproaches such as
graphbased cell cluster detectioomethod UMAP and related
advancedalgorithms willhave enough abilities tbe employed to
efficiently capturenon-linearrelationshipsetweengene-gene and
cellcellfrom a large scale of higtbementsionabndsparsity sRNA
seqdata, thereby enabling the visualization and identification of
subtle cellular distinctionbetween the types of tissues and cells
Collectively, these efforts aim to enhance the interpretive power of
singlecell datasets byestablish standard workflowthrough the
novel applicationof advancedcomputationalmetods such as ML
algorithmsto reveal biologically meaningful patterns that reflect
true cellular diversity rather than technical artifact$hrough
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reproducible analytical pipelinesestablished and advanced
computational methodsapplied this research supports more
accurate celtype annotation, deeper understanding of cellular
organization, improved detection of cedtate transitions and
diseaseassociated alterations.

1 Develop MLdriven FrameworksTo develop Mdriven analytical
frameworksenhance the classification, prediction, and biological
interpretation of singlecell transcriptomic data, building upon the
methodological advancesThe frameworksintegrate ML with
singlecell sequencing to establish a systematic, scalable, and
biologically interpretable computational methodology capable of
capturing the full complexity of cellular heterogeneity
developmental stagesand diseasassociated conditions The
proposed ML frameworks aim to systematically leverdmsh
unsupervised andsupervised leanmg models to classify and
identify cell types and subtypediscoveragerelated anddisease
associated biomarkers and uncover predictive molecular
signatures with high translational potential.

1 Enhance Model Interpretability and Biological Relevancéo
enhance the interpretability of these ML models through
integrative biological analyses, including feature importance
ranking, pathway enrichment, and cressltype comparative
studies. This ensures that predictibemarkers and identified cell
states are grounded in biological mechanisms rather than purely
computational artifacts. The Mdriven frameworks developed in
this research therefore aim not only to improve predictive
performance but ao to provide mechanistic insights intell types
and subtypes, developmental stages, afidease progressiom
computationand biology , enabling the identification of robust cell
specific biomarkersand biological pathwayswith potential
relevance for early diagnosis, patient stratification, and therapeutic
targeting.
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Through these objectives, this study aims to leverje methodsto
overcome the limitations of traditional analysis techniques and enhance
the power and utility of singleell transcriptomic data. By addressing key
challenges such as data sparsity, dimensionality, heterogeneity, and
integration of multtomic data, thé research will provide more accurate,
robust, and interpretable insights into cellular biology and disease.
Ultimately, the application will facilitate the discoveryrafe cell types,
tissue heterogeneity cell interactions,new biomarkers, therapeutic
targets, and diagnostic tools, accelerating progressalh biology and
precision medicine.

4. SingleCell Transcriptomic Profiling and Analysis
of Mouse Tissue and Organ Systems

This study aims to develop an integrated hierarchical classification
framework for delineating mouse tissuand organspecific singleell
types and subtypes. By leveraging superviddd approaches, the
framework seeks to systematically map these cell populations in a
biologically and spatially coherent manner using sirogk
transcriptomicdata.

4.1 ResearclDesign
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Figure 1. the research workflow design
4.2 Methodology
4.2.1 Define @tology

The foundational step in constructing an effective singgd
transcriptomic analysis system is the development of a unified
ontological framework that comprehensively defines the hierarchical
structure of cellular organization. A major limitation in cmt research
lies in the fragmented and often inconsistent annotations, which
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typically focus on isolated tissues or organs, resulting in incomplete, non
standardized cellular ontologies. Such fragmentation impedes a holistic
understanding of cellular diversity across different biological systems. To
overcome this, the present studims to integrate diverse crodssue
datasets along with curated literature evidence to build a comprehensive,
multi-tiered cellular ontology. This ontology will serve as a biologically
validated reference framework, enabling the consistent and
standardzed categorization of cell types across various tissues and
biological contexts. It will not only facilitate the interpretation of
complex cellular dynamics but also guide the training of classification
models, ensuring that the model's predictions aregnded in biological
reality. Furthermore, the ontology will support the systematic
integration of data across different studies and platforms, fostering
consistency and interoperability in singtell data analysis, thereby
advancing our understanding afellular systems in a unified, cress
organism, and crossondition manner.

To support consistent, reproducible, and crdissue singlecell analysis,
this study establishes mousehierarchical atlaglefined as:A formally
structured, multtlevel hierarchical system that organizes mouse cellular
identities from body systemh organ/tissuef cell typef cell subtype,
using standardized definitions derived from curated literature, cross
dataset consensus, arML-based validation.

Theatlasconsists of four ontologicétvels each representing a different
level of biological organization:

1. Level It Body System Ontology total of 15 physiological systems
(e.g., cardiovascular, immune, gastrointestinal), serving as the
highestlevel biological context.

2. Level 2t Organ/Tissue Ontolog¥achbodysystem is mapped to its
constituenttissues andrgans and cfinitions are harmonized using
anatomical boundaries
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3. Level 3t Cell Type OntologyCanonical cell types within each tissue
are defined using transcriptomic signatures, functional roles, and
lineage evidence, integrating information from the literatures while
resolving inconsistencies or missing entities found across datasets.

Level 4t Cell Subtype Ontologfell sibtypes are defined by stable

transcriptional modulesand further refined function differences
supported by literature, resolving firgcale heterogeneity not
consistently annotated in current atlases.

Justification and Improvements Over Existing Cellular Ontologies

Although established biological ontologies (e.g., Cell Ontology, Uberon,
HCA reference frameworks) provide valuable standardized terms, they
present several limitations for larggcale crossissue singlecell analysis
This new established cell atlas solved some key problems:

T

Incomplete Crosdissue Hierarchical Continuifgxisting ontologies
rarely provide a continuous hierarchy frormody system f
organtissue f cell typef cell subtype, especially for mouse
datasets. This cell atlas introduces a fully linked muHevel
structure ensuring that eachodycomponentss embedded within

its anatomical and physiological context.

Limited Coverage dfissueOrganDependent Cell Subtypelslany
ontology entries lack sufficient granularity for tisgomyan-specific
subtypes (e.g., liver lymphoid subtypes, intestspecific stromal
lineages). Thigell atlas incorporates subtype definitions directly
derived from integrated singleell dataand clinic experiments
improving biological resolution.

Lack of AnalysiBriendly Structure Existing ontologies are not
optimized for single cell transcriptomic data analysis and often lack
mutually exclusive and neoverlapping category boundaries. This
atlas explicitly provides compatible hierarchical labels for data
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analysis, especially foML-used to train more complex and
functionalmodel.

Purpose and Application dhis Cell Alasin This Study

Thecellatlassupports the entire downstream workflow:

9 Guides consistent data integration across 15 mouse tissues
1 Enables reproducible annotation of 117,000 cells

1 Provides hierarchical labels fdfL. modeltraining

91 Improves tissuef-origin classification accuracy

1 Facilitates crosgissue interpretability and comparison

By establishing a rigorously defined, biologically grounded, and ML
compatible ontology, theellatlas advances beyond existing frameworks
and provides the structural foundation for all analytical components.

4.2.2 Data Repository

In recent years, scCRNs&q technologies have advanced rapidly, driven
by developments in instrumentation, microfluidics, and optical systems
[61]. These innovations have made scR¥¢4 increasingly sophisticated
and widely adopted, resulting in a proliferation of publicly available
singlecell transcriptomiadatasets. However, substantial heterogeneity
in experimental protocols such as tissue dissociation methods, library
preparation techniques, and sequencing platfomrisas introduced
significant technicalvariability that complicates downstream data
integration and analysis.

Moreover, the capture of higlguality scRNAeq data remains
technically challenging. Some rare cell populations require a large
number of starting cells for adequate representation, while technical
noise and high dropout rates remain intrinsic limitatioos current
platforms. Additionally, the lack of comprehensive and valhotated
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reference datasets encompassing diverse murine strains, developmental
stages, sexes, and disease contexts presents a major barrier to
systematic analysis and crestdy comparison.

To address these challenges, we implemented a rigorous data
harmonization and curation pipeline to construct a hghality mouse
singlecell transcriptomic data repository. Publicly available sciRéf\
datasets were systematically collected from major gewnc databases
and then subjected to extensive preprocessing, including quality control,
normalization, and standardization across cell types, biological
conditions, and experimental stages.

Key components of this pipeline include the application of batch
correction algorithms such as Harmortyto minimize technical
artifacts and interdataset variability, as well as the adoption of unified
data processing workflows for dimensionality reductiolystering, and

cell type annotation. This harmonized SCT repository serves as a
foundational resource for training generalizable machine learning
models, benchmarking computational tools, and defining quality
standards for downstream singtell analyses

4.2.3 Data Collection andPreprocessing

All datasets were obtained from the publicly accessible Gene Expression
Omnibus (GEO) databagé?2]. As these datasets originate from
independent experimental studies, several issues related to data quality
and consistency were identified, as summarized in the table below.

Table 1.the problem descriptions of collected data

Data Problems Descriptions

Different gene names The collected datasets contain thre
genomic buildsmm10, GRCHM3&ndLong
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Different data formats Different file formats used across datast
stored in GEO arélDF5 CSVY TXT TSVor
MT Xfor all datasets.

Different number of In different datasets, the number of gen

genes per cell is not the same.
Different instrument The collected datasets contain seve
models instrument modelsillumina NovaSeq 50C

lllumina NextSeq 500llumina HiSeq 4000
lllumina NovaSeq 6000 NextSeq 2000
lllumina HiSeq 2500andHiSeq X

Different genotypes The collected datasets contain seve
genotype: WT(Wild Type), NOD.CBdre+
Eomes TG, NOBhiLtJPdcdl/ -, Rel/-, and
146aKO

Different gene The collected datasets contain several g¢

expression libraries expression library VDJ Library, 10
DSy2YA0a&a ¢/ wX wmantElOd
Genomics

Different cell conditions Unhealthy/healthy  condition, differen
treatment, different ages, different se;
different cell populations.

The collected datasets span three different genomic reference builds:
mm10, GRCh38, and Long. Among these, mm10 is the most recent and
widely adopted mouse genome assembly, offering improved annotation
and coverage. To ensure consistency across datadetsaraples were
uniformly mapped to the mm10 reference genome. Due to variations in
experimental protocols and sequencing depth across studies,
discrepancies in the number of detected genes per cell were observed.
To address this, we identified and retathe@ set of genes commonly
present across all datasets and genome builds, thereby ensuring a
consistent feature space for downstream analysis.
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Another key challenge involved the heterogeneity in file formats used to
store raw data within the GEO repository. These formats include HDF5,
CSV, TXT, TSV, and MTX, depending on the sequencing platform and data
submission protocol. For streamlined prepessing, analysis, and model
training, it was necessary to convert these files into standardized formats.
We defined two standard formats for specific purposes: CSV files for data
exploration and visualization, and MTX (Matrix Market Exchange) files
for machine learning workflows. The CSV format is widely supported and
easily interpretable, making it ideal for visual inspection and summary
statistics. The MTX format, on the other hand, is optimized for sparse
matrix storage and is commonly used in sircgd RNA sequencing data,
particularly with outputs from 10x Genomics platforms. Its compact
structure enables efficient storage and handling of lasgale gene
expression matrices.

To unify data representation and enhance interoperability, we adopted
the AnnData data structure, a widely used format for singgét RNAseq
analysis in Pythobased environment$63]. AnnData encapsulates the
expression matrix (X), cddlvel metadata (obs), geHevel metadata
(var), and results from downstream analyses such as dimensionality
reduction (obsm for cells, varm for genes) within a single object. This
structure supports Hicient data manipulation, integration with
analytical tools such asc&py and Seurat, and facilitates visualization
using libraries like matplotlib. All harmonized datasets were ultimately
converted into AnnData objects, forming the foundation of the curated
data repository used in this study.

4.2.4 Quality Control

As all datasets were derived from independently conducted biomedical
studies or experiments, they inherently include a subset of
uninformative, lowquality, or erroneous cells6fl]. During singleell

preparation, a combination of physical and chemical techniques is
employed to isolate individual cells and capture their transcriptomic
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profiles. However, several procedural and experimental variabtesh

as cell dissociation, sample handling, chemical treatment, and library
preparatiort can significantly impact both the quality and yield of
ScRNAseq data.

Two commonly used technologies for singhdl isolation in SCRNgeq

are fluorescencectivated cell sorting (FACS) and microfluidic dreplet
based encapsulation. FACS involves labeling cells with fluorescent
markers that bind to specific surface proteirenabling the targeted
sorting of cell subpopulations into multiwell plates. The major advantage
of FACS lies in its ability to isolate highly specific cell types based en well
characterized markers. However, its throughput is relatively low, limiting
the number of cells profiled per experiment.

In contrast, microfluidic droplebased systems encapsulate cells
randomly into nanolitersized aqueous droplets within an oil emulsion,
each containing lysis buffer and barcoding reagents. This approach
enables massively parallel profiling of thousandsetas of thousands of
cells per run, providing much higher throughput than FACS. However, it
lacks the ability to preselect specific cell types and may introduce more
heterogeneity in the captured cell populations65]. These
methodological differences odribute to significant variability in gene
expression profiles across datasets and must be carefully accounted for
in downstream analyses.

To enable reliable and reproducible downstream analyses, it is essential
to implement standardized and rigorous quality control (QC) procedures.
These QC measures are designed to identify and filter ouiglaabity

cells and technical artifacts, and to mezk the impact of confounding
variables introduced during sample preparation and experimental
workflows. Establishing a consistent preprocessing pipeline ensures that
only highquality, biologically meaningful singtell transcriptomic data

are retained or integration, interpretation, and modelinj&6].
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1. Quality Control Basedon Cell Distribution

An essential component of scRI$Aq data preprocessing is the
identification and removal of lowjuality or artifactual cells through
thresholdbased QC procedures. Despite advancements in cell isolation
and sequencing technologies, all scRd¢4 datasetsiherently contain
technical noise and artifacts that can obscure biological signals if left
unaddressed.

One widely adopted QC approach involves filtering cells based on the
distribution of key metrics, particularly the number of detected genes
per cell, total UMI counts, and the proportion of mitochondrial gene
expression. This strategy targets the exclusboells exhibiting
abnormal or noArepresentative expression profiles, which often arise
from technical artifacts introduced during library preparation or cell
capture.

Specifically, two types of anomalies are frequently observed:

1 Cells with a low number of detected genes are generally indicative
of insufficient transcript capture or sequencing depth. These cells
often represent dying, lysed, or poorly processed cells and
typically lack the complexity required for accurate downsirea
analysis.

1 Cells with an abnormally high number of detected genes or total
counts may result from multiplet everttswherein two or more
cells are encapsulated within the same droplet and erroneously
assigned a single cell barcode. Such doublets or multiplets lead to
artificially inflated transcriptomic complexity and can mislead
clustering and classification algorithms.

To address these issues, we implemented a aliteen QC framework
in which thresholds were defined based on empirical inspection of the
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distribution of QC metrics across each dataset. This includes the
identification of inflection points, statistical outliers, and deviations
from expected distributions. Thresholds were selected to strike a
balance between retaining higtuality, biologicdy relevant cells and
excluding technical artifacts.

This filtering step is critical for ensuring the integrity and
interpretability of downstream analyses, including dimensionality
reduction, clustering, and machine learngiased classification.
Establishing robust and consistent QC criteria also faeftdataset
harmonization, enabling reliable crestudy comparisons and
integration.

2. Tukey Fences for Outliers

Accurate detection and removal of outliers is a critical component of
SCcRNAseq data preprocessing, as outliers can distort statistical
distributions, bias biological interpretations, and compromise the
performance of downstream analytical pipelines. Ameagous
statistical strategies available, the Tukey Fences method offers-a non
parametric, distributioragnostic approach that is both computationally
efficient and widely interpretable for identifying aberrant data points
[67].

Tukey Fences define outlier boundaries based on the interquartile
range (IQR), establishing a range outside which observations are
considered outliers. The boundary is computed as follows:

[Q1-k (Q3-Q1), Q3 + k (Q3Q1)]

WhereQ1 and Q3 denote the first and third quartiles, respectively, and
k is a tunable constant that controls the stringency of outlier detection.
Conventionally, k = 1.5 is used to identify moderate outliers, while k = 3
defines extreme outliers, sometimes egfed to as "far out" points.
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In this study, we applied the Tukey Fences method with k = 1.5 to
identify and exclude cells with abnormal values in key quality control
metricst such as the number of detected genes and total UMI counts
per celt thereby minimizing the influence of technictifacts such as
low-quality cells or doublets. These metrics were assessed
independently within each dataset to account for experimspecific
variability.

We recognize the methodological limitations associated with this
approach. Although Tukey Fences is robust to-normal distributions
and does not rely on strong parametric assumptions, it implicitly
assumes symmetry in the distribution of the data. Hoae\scRNAeq
data often exhibit skewness, sparsity, and zero inflation, which may
reduce the precision of IQBased thresholding. Consequently, in this
context, the use of Tukey Fences serves as an initial, conservative
filtering step rather than a defitive criterion for outlier exclusion.

Future iterations of our pipeline will incorporate more sophisticated,
data-adaptive outlier detection strategi@ssuch as densitpased or
modelbased approachasto further improve the robustness of quality
control in singlecell transcriptomic analyses.

3. Quality Control Based on Cell Gene Markers

Although each dataset analyzed in this study was derived SCRNA

seq experiments targeting a specific tissue, organ, or cell population,
complete homogeneity in cell identity is rarely achieved. Despite
advances in cell enrichment and sorting technologies, the dissociation
of tissues and subsequent capture of dengells frequently results in
heterogeneous mixtures. This is particularly evident in complex
biological systems, such as the immune compartment, where many cell
types share overlapping phenaty and transcriptional featurg$8].
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For instance, T cells and natural killer (NK) cells both express cytotoxic
molecules and certain common markers, complicating their separation
through FACS or microfluidic encapsulation. Even datasets presumed to
contain a single immune cell type often lnde transcriptionally similar

or lineagerelated cells. As a concrete exampl€D3Eis a wel
established marker gene for T cells, WAiNEAM1(CD56§ and KLRD1
(CD94 are canonical markers for NK cells. The unintended presence of
NK cells in a T cefinriched dataset, or vice versa, can distort biological
interpretations and reduce the resolution of downstream analyses.

To mitigate this issue, we implemented a marker gdresed filtering
strategy following the initial quality control procedures (i.e., removal of
low-quality cells and statistical outliers). Curated sets of-typiég
specific marker genes were used to asseand validate the
transcriptional identity of each cell. Cells lacking expression of the
expected markers, or exhibiting high expression of markers associated
with unrelated cell types, were flagged as contaminants and excluded
from the dataset.

This approach ensures that the retained cells exhibit transcriptional
profiles consistent with the intended target population, thereby
enhancing the specificity, interpretability, and biological relevance of
each dataset. In the case of immune cells, fiearaple, a T cell dataset
was filtered to retain cells with higBD3Eexpression and low expression

of NCAM1 KLRDJ] or other NKassociated markers. Similar filtering
strategies were applied across datasets for other cell types, guided by
literature-curatedmarker panels and reference atlases.

The application of marker gegbkased refinement thus serves as a
critical post hoc quality control step, enabling the construction of high
fidelity, celltype¢specific transcriptomic datasets suitable for robust
downstream modeling and integrative analysis

4.2.5 Neural NetworkBased Classification
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Recent advancements iML methodologies have introduced robust
frameworks for analyzing higiimensional and complex datasets, such
as those generated by scRNég PB9]. Among these techniques,
supervisedVL modelg particularly artificial neural networks (ANNS)
have emerged as powerful tools for uncovering intricate relationships
within biological data.

ANNs was selected as the primary classifier for tissue and organ
prediction due to its suitability for modeling complex, higimensional,

and nonlinear gene expression relationships characteristic of single
transcriptomic datasets. Unlike traditionaaskifiers, which often rely on
linear separability or predefined decision boundaries, ANNs can learn
hierarchical, nodinear feature transformations that align with the
underlying biological structure of transcriptomic regulation.

Rationale for Choosing ANN
1. Ability to model highly non-lineargene-geneinteractions

Singlecell transcriptional profiles are shaped by intricate regulatory
relationships, feedback mechanisms, and combinatorial eep@ession
programs. Lineamodelks such as logistic regression cannot capture these
complex dependencies, while trdeased models only approximate them
through recursive partitioning. ANNs, through mdiétyer architectures
and nonlinear activation functions, are uniquely capable of teag
nonlinear manifolds that better represent tisst@ganspecific
transcriptional signatres.

2. Superiormperformance inhigh-dimensionalspaces

scRNAseq datasets contain thousands of genes per cell, forming
extremely highdimensional feature spaces with sparse and noisy
patterns. Methods like SVMs struggle with scalabjlitgad to large
computationalmemory/resourceand timeconsumingRandom forests
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require feature subsampling, potentially losing important geyene
combinations.Graph based methods likeNN deteriorate due to the
curse of dimensionalityln contrast, ANNs efficiently transform high
dimensional and sparse data into compact latent representations,
making them welkuited for largescale singleell classification.

3. Scalability tdarge,multi-classclassificationtasks

This study involves classification across 15 body systems and multiple
organs, making it a large, imbalanced mulass problemTraditional
classifiers often require ongs-one or onevsrest decomposition, which
increases complexity and inconsisten®ased on the results of the
experimental tests,tree-based methods degrade fdarger than 10
classes and become unstable across cr@dglations.ANNs naturally
support large multclass outputs in a unified framework, optimizing all
class boundaries sintaneously.

4. Compatibility withhierarchical andnulti-levelpredictions

Because AN$&decision boundaries can encode hierarchical relationships
implicitly within hidden layers, they align well with the hierarchical
ontology developed in Section 4.2.1. The model can learn abstract
representations corresponding to systdevel differences iearly layers

and subtypelevel differences in deeper layers, making it uniquely
suitable for this ontologyaware classification task.

5. Robustness tgparsity andnoisyobservations

The dropout structure of scCRNgeq data introduces irregular patterns of
zero expression that may confound shallow classifiers. ANNs, especially
when combined with dropout regularization and batch normalization,
demonstrate greater robustness against spigrand technical noise,
allowing the extraction of stable biological signals.

6. Featurelearninginstead ofmanualfeature engineering
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Traditional classifiers often require explicit feature engineering or
selective dimensionality reduction before modeling. In contrast, ANNs
automatically learn informative latent features, reducing reliance on
manual preprocessing and supporting more gexigable models across
tissuegorgansand datasets.

7. Empiricalperformance insmilar single-cell studies

Previous work in largescale singleell classificationncluding models
used by scANVI, ACTINN, and-iizlframeworkshave demonstrated
that neural networks consistently outperform other classical classifiers
In accuracy, stability, and credataset generalization for tasks involving
high-dimensional scRNSeq data.

Thus, the ANBlapproach is consistent with the current methodological
direction in computational singleell biology.

The structure oANNs
Input Layer | | Hidden Layer ’ | Output Layer

output-z target-t
input-x

\ 2
| 21 14

X1 —

X2 — | ) N / VN4 N p = t

Figure 2. a schematic overview of the ANN training process
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An artificial neural network is a computational model inspired by the
structure and function of biological neural networks. It is composed of
multiple layers of interconnected nodes (or neurons), which work
together to process data and learn complex regmmtions. The
architecture of an ANN generally consists of the following components
[11] (Figure 2)

1 Input Layer:The first layer of the network, which receives the raw
input data. In the context of singleell transcriptomics, these inputs
typically represent the gene expression profiles of individual cells.

1 Hidden Layers:These intermediate layers consist of multiple
neurons that perform nodinear transformations on the input data.
Each neuron in a hidden layer applies an activation function to the
weighted sum of its inputs. These layers are crucial for learning
complexhierarchical features from the data and capturing intricate
patterns that may not be immediately apparent.

1 Output LayerThe final layer that produces the model's predictions.
For classification tasks, the output layer generates a probability
distribution over possible classes, where each class corresponds to
a specific cell type or biological state. For regression tasiles, t
output layer produces continuous values, such as gene expression
predictions or cell viability scores.

During the training phase, the network iteratively adjusts the weights of
the connections between neurons to minimize the error between the
predicted outputs and the true labels. This is achieved through a process
called backpropagation, where the errorgsopagated backwards from

the output layer to the input layer, and optimization techniquesuch

as gradient descentare used to update the weights in the direction that
reduces the error. Over time, the network learns the optimal set of
parameters that dbw it to generalize from the training data and make
accurate predictions on unseen samples.
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The flexibility of ANNs is a major advantage in modeling -high
dimensional biological data. For instance, in the classification of cell
types from singlecell RNAseq data, ANNs can capture complex, ion
linear relationships between gene expression and &alludentity.
Unlike traditional linear models, ANNs do not require predefined
assumptions about the relationships between features, making them
particularly effective for analyzing complex biological systems where
interactions between genes and cell statare often nodinear and
context dependent.

Our previous work demonstrates that ANNs can effectively classify cell
types, such as peripheral blood cells and mouse tissue cells, by learning
from patterns in gene expression daffd0-72]. By training on labeled
datasets, the network is able to identify key featuresuch as specific
gene expression signatureghat distinguish one cell type from another.

In particular, hidden layers of the network learn to capture Higvel,
abstract representations of gene activity, while the output layer makes
final predictions about cell identity.

ANNSs are particularly wedluited for singlecell transcriptomics because

of their ability to model highdimensional, sparse, and often noisy data.
Singlecell RNAseq data typically contain thousands of genes across
thousands of cells, where many geneshi zero expression in
individual cells. The nelnear architecture of ANNs enables them to
effectively model these sparse, higlmensional data structures,
capturing relationships that linear models might miss. Moreover, ANNs
can handle the inherent ariability and noise in biological datasets,
making them robust to outliers and technical artifacts.

The network begins as an untrained model, with initial weights set
randomly or according to a pr@efined initialization scheme. The model

IS then presented with input data, and predictions are generated. These
predictions are compared to the target labgland a loss function is
calculated to quantify the error between the predicted and true values.
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Optimization algorithms, such as stochastic gradient descent, adjust the
model's parameters to minimize the loss function iteratively. As training
progresses, the model becomes increasingly adept at recognizing
patterns in the data, ultimately yielding pdections that are highly
accurate and biologically relevant.

To sum up, we expect to use supervised machine learning methods to
build a reliable system to identify and classify cell types from mouse
tissues and organs using singkl transcriptome data.

4.2 .6 ClassificationModel Evaluation

In the evaluation of ML models utilized in this study, a comprehensive

set of performance metrics was employed to rigorously assess model
efficacy: accuracy, precision, recall, and F1 score. These metrics are
integral for providing a multifaceted evaluagfo 2 ¥ G KS Y2RSf Q
correctly classify data, while simultaneously accounting for various forms

of classification errorf/3]. The evaluation process is grounded in several

key concepts related to the outcomes of the classification:

1 True Positive (TP)he count of positive samples in the test set that
are correctly predicted as positive by the model.

1 False Positive (FP)The count of negative samples that are
incorrectly classified as positive.

1 True Negative (TN)The count of negative samples that are
correctly predicted as negative.

{1 False Negative (FN)The count of positive samples that are
misclassified as negative.

From these foundational quantities, several critical performance metrics
are derived:
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1 Specificity (SR)lso known as the true negative rate, quantifies the
proportion of actual negative instances that are correctly identified
by the model.

1 Precision (PR) or positive predictive value, represents the
proportion of positive predictions that are correctly classified as
positive.

1 Recall (RE)or sensitivity (SE)measures the proportion of actual
positive samples that are correctly identified by the model.

1 F1 Scorethe harmonic mean of precision and recall, provides a
balanced measure of performance, especially in the presence of
class imbalance.

1 Accuracy (ACC)the overall correctness of the model, is the
proportion of true predictions (both positive and negative) relative
to the total number of predictions.
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In addition to these scalar metrics, a confusion matrix is an essential tool
for visualizing the performance of the trained supervised model. The
matrix is constructed such that each column corresponds to a predicted
class, while each row represents anuwadtclass. The diagonal elements
of the matrix reflect the correctly classified instances, and the
concentration of values along the diagonal indicates superior model
performance. A greater concentration along the diagonal suggests a

higher accuracy ratendicating a more effective model, whereas -off
diagonal elements signify misclassifications. The presence of higher
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values in the ofidiagonal regions points to increased misclassification
rates, which may necessitate further model refinement.

The confusion matrix, coupled with the aforementioned performance
metrics, serves as a comprehensive diagnostic tool that facilitates model
evaluation and optimization. It not only allows for a nuanced
understanding of classification accuracy but also aiddentifying areas

of improvement for the model, enabling iterative refinement processes
aimed at enhancing generalizability and predictive performance.

4.3 HierarchicalMap of Mouse Organs and Tissues

In this research, an extensive hierarchical atlas of mouse organs and
tissues has been developed through a thorough review of the existing
literature. This atlas is systematically structured into four distinct
hierarchical levels, each representing a pexgively finer scale of
biological organization, thereby providing a comprehensive framework
for understanding the anatomical, cellular, and molecular complexity of
the murine system.

The first level of the atlas consists of 15 major body systems, which
encompass the broad physiological frameworks governing the
organism's functional organization. These systems include, but are not
limited to, the Cardiovascular System, Endocrine SysteBnmune
System, Nervous System, and others, each of which serves as a
foundational category for the subsequent classification of organs and
tissues.

At the second level, each body system is further divided into specific
organs and tissues that contribute to the overall function of the system.
For example, the Cardiovascular System includes a diverse array of
organs and tissues, such as Blood, Bloods&ies Heart, Arteries,
Capillaries, and Veins. This hierarchical classification facilitates a more
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granular understanding of the anatomical components that collectively
sustain systemic functions.

The third level addresses the cellular composition of these organs and
tissues, categorizing the various cell types present within each
anatomical structure. For instance, the Liver harbors a variety of distinct
cell types, including Lymphoid Cells, MydloCells, Stromal Cells,
Endothelial Cells, among others. The identification of these cellular
components is essential for elucidating the functional diversity of tissues
and their roles in physiological processes such as metabolism, immune
response, and $isue repair.

The fourth and most detailed level of the atlas characterizes cell subtypes
within each broader cell category, offering insights into the fscale
molecular and functional heterogeneity of cell populations. For example,
Lymphoid Cells in the liver are rfaer subdivided into B Cells,
Plasmocytes, Circulating B Cells, T Cells, CD8+ T Cells, Natural Killer (NK)
Cells, Natural Killer T (NKT) Cells, and Leukocytes, among others. This
highly detailed classification allows for a deeper understanding of the
spegcalized functions of each cell subtype, providing critical insights into
their roles in immune surveillance, response to infection, and disease
pathogenesis.

This multilevel hierarchical approach not only enables a more
systematic organization of biological data but also facilitatedepth
comparative analyses across diverse tissues, cell types, and
developmental stages. It forms a robust resource for futtggearch in
tissuespecific gene expression, cellular heterogeneity, organogenesis,
and pathophysiology. Furthermore, the structured classification system
serves as an invaluable reference for identifying novel cell populations,
investigating their moledar characteristics, and exploring their
potential roles in health and diseas&€he huge mouse cell map was
presented in theAppendicessection
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4.3.1 Mouse Data Repository

All datasets used in this study were systematically collected from the
GEO, a comprehensive repository of publicly available gene expression
data. Each dataset corresponds to a specific mouse tissue or organ,
capturing singlecell transcriptomic profilesssociated with welblefined

cell populations. Given that these datasets were generated across
different studies, platforms, and experimental protocols, considerable
heterogeneity exists in terms of data annotation, genomic reference
builds, sequencing dept and file formats.

To address these inconsistencies and ensure uniformity for downstream
analysis, we implemented a rigorous data standardization pipeline. The
datasets originally referenced multiple versions of the mouse genome,
including mm10, mm9, and GRChm38. In ordehdaomonize the data
and enable integrative analysis, we adopted mm10 as the reference
ASYy2YAO o0dzZAftR®P ¢KA& RSOA&AZ2Y 41l &
quality, broader coverage, and improved compatibility with
contemporary bioinformatics tools.

The mm10 genome assembly (GRCm38) is a widely adopted and highly
curated reference for Mus musculus, providing a stable foundation for
bulk and singlesell transcriptomic studie$74]. In this assembly, the
number of annotated proteircoding genes is consistently estimated at
approximately 22,00€23,000 across major annotation sources,
including GENCODE -@dries releases) and NCBI RefSeq, reflecting the
canonical coding gene reperteinf the mouse genome. Beyond protein
coding loci, mm10 encompasses a large diversity of-camhng RNA
genessuch as IncRNAs, pseudogenes, microRNAs, and small RNAs
bringing the total number of annotated gene features to over 46,000 in
RefSeq and up t060,000 in comprehensive GENCODE datasets. This
extensive annotation landscape enables higkolution analysis of
transcriptional output across tissuesid organsdevelopmental stages,

and cell types.
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The persistent popularity of mml1l0 stems from its higlality
chromosomal assembly, improved error correction, and reduced
genomic gaps relative to earlier builds. These refinements yield more
accurate gene models and transcript structures, which are dsddor
downstream functional genomics. Moreover, mm10 has accumulated
mature, deeply validated annotations through years of community use,
ensuring stable gene identifiers and reliable transcript definitions. Its
broad adoption across major mouse tranptomic resourcesncluding

10x Genomics references, Tabula Muris, the Mouse Cell Atlas, ENCODE
datasets, and thousands of GEO studiggovides unmatched
compatibility and reproducibility, making it ideally suited for integrative
singlecell analyses.

Despite the structural improvements in GRCm39 (mm39), mm10
(GRCm38) remains the preferred reference for many transcriptomic and
singlecell studies due to its extensive historical adoption and i@y
community validation. It underpins major landmark dsagts, including
Tabula Muris, the Mouse Cell Atlas, and ENCODE mouse projects,
ensuring exceptional crosgudy compatibility and facilitating
reproducibleanalyses without requiringlata conversion or reference
remapping.

In addition, mm210 offers highly mature and stable ggemomerefined
through multiple GENCODE and RefSeq releases, encompassing
canonical mitochondrial, ribosomal, immumelated, and tissuespecific
genes. Its entrenched usage in widely adopted analytical frameworks
such as Seurat, Scanpy, Cell Ranger, scVI, and Hagmsumgs maximal
interoperability with existing pipelinesnddatabases. Consequently, for
studies emphasizing reproducibility, integration with published data, or
continuity with establised workflows, mm10 remains a robust and
practical reference genome despite the availability of the newer mm39
assembly.
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Collectively, the mm10 assembly offers a rigorously curated, highly
interoperable genomic framework that supports robust quantification,
crossstudy comparability, and biologically meaningful interpretation in
singlecell transcriptomic researchAll datasets were raligned or
mapped to the mm10 reference genome, ensuring a unified genomic
coordinate system. To facilitate comparison across datasets, we
identified a core set of 27,933 common genes that were consistently
present across all mapped @&ets. iese genes were used to construct
standardized sparse matrices, with each matrix representing the gene
expression profiles of individual cells in a specific mouse tissue or organ.
The standard expression matrix for each dataset captures the
transcriptomicsignature of thousands of single cells, each characterized
by the same 27,933 gene features. These numerical gene expression
values serve as features for machine learning models.

Additionally, data heterogeneity extended to file formats. The raw GEO
files were originally stored in various formats, including CSV, TXT, TSV,
and HDF5. To ensure consistency, all data files were converted into a
uniform sparse matrix representation, c@atible with the AnnData
format commonly used in singleell analysis. This structure supports
scalable data processing, integration, and downstream computational
modeling.

For this study, we curated and preprocessed 10x Genomics sialjle
transcriptomic datasets covering 117 thousand cells scB¥Adata

from 15 anatomically and functionally diverse mouse tissues and organs:
bladder, colon, distal small intestine (ileunmgart, kidney, liver, lung,
mammary gland, bone marrow, skeletal muscle, oral mucosa (buccal
mucosa), spleen, tongue, trachea, and general muscle. These datasets
collectively represent a comprehensive atlas of murine tisspecific

cell populations. A sumary of the datasets and their corresponding
tissues and organs is provided in Tahkle
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Table2. 117 thousand cells scRN#eq data from 15 different mouse tissues and

organs
Tissue Sample ID Number Tissue Sample ID Number
Type of Cells Type of Cells
Bladder GSM3040893, 2,500 Colon GSM3140597, 7,251
GSM3040894 GSM3140598,
GSM3040905 GSM3140599
Distal GSM3732295, 19,361  Oral GSM3407039, 16,291
Small GSM3732296, Mucosa  GSM3407040
Intestine  GSM3732297, (Buccal
(leum)  GSM3732298, Mucosa)
GSM3732299
Kidney = GSM3689776, 5,719 Liver GSM3040892, 1,805
GSM3040895, GSM3040898,
GSM3040896, GSM3040899
GSM3040903
Lung GSM3040906, 1,476,710 Mammary GSM3022286, 4,481
GSM3040907, GSM3040910,
GSM3040914, GSM3040911
GSM3040915
Marrow GSM3040900, 4,112 Muscle GSM3040912,
GSM3040901 GSM3040913 4,543
Spleen  GSM3040897, 9,573 Heart GSM2994876, 19.548
GSM3040904 GSM2994877,
GSM2994878,
GSM2994879,
GSM2994884,
GSM2994885,
GSM2994886,
GSM2994887,
GSM3308814,
GSM3308815,
GSM3040902
Skeletal GSM3520458, 12,441  Tongue GSM3040890, 7,538
Muscle  GSM3520459 GSM3040891,

GSM3040908
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Trachea GSM3040916, 1,474,560
GSM3040917

4.3.2 Quality Control

Across all datasets, the number of single cells per sample ranged from
approximately 150 to over 16,000, reflecting differences in sequencing
depth, cell capture efficiency, and pfitering criteria. To mitigate the
impact of lowquality or aberrant entes, we applied a unified quality
control protocol as descripted in the Methodology, which included:

1 Removal of cells with extremely low or high total gene counts based
on cell distribution (indicative of damaged cells or multiplets),

1 Elimination of cells with excessive mitochondrial gene expression
(suggestive of poor viability),

{ Standardization of gene expression matrices (the core set of 27,933
common genes) to maintain feature parity across datasets.

Only cells passing these quality thresholds were retained for further
analysis.

For instance, the number of cells is 737,280 in a collected lung dataset.
This dataset contains many errors, outliers, and uninformative cells. So,
some thresholds should be set to filter out these cells. In order to find
the suitable thresholds, we anab@ gene expressions of lung cells in the
normal datasets.
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Figure 3. cell distribution of the dataset Lung

As the Figure8 shown, the yaxis represents the number of detected
genes which the count of expression is nonzero. The black dots represent
individual cells. Obviously, the number of detected genes in the almost
lung cells is between 500 and 5000. Therefore, we couldhsesholds

of 500 and 5000 for lung datasets.

After that, we used the method Tukey Fences for Outliers to detect
outliers in the collected data. Outliers are the data points that differs
significantly from other data observations, which could a bad impact on
the subsequent data analysis.
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Similarly, all datasets underwent a stringent quality control process
during the standardization stage, which included the removal of- low
qguality cells, doublets, and technical outliers to minimize noise and
enhance the reliability of downstream analysd@$e thresholds choice
based on the cell distribution of each mouse tissue and organ is
presented in Table 3 anti¢ final total number of higlguality single cells
across all datasets is detailed in Tadle

This unified and qualitgontrolled dataset forms the foundation for
subsequenMLapplications, enabling robust and reproducible modeling
of tissuespecific gene expression patterns and facilitating ctessie
comparisons at singleell resolution.

Table 3. thethresholdsfor mouse tissuedased on cell distributioQC

TISSUE The range of | TISSUE The range of
gene guantities gene quantities

x = a 2006000 { 1St S 14005000

.t RRSN Vda Of &

[ 2t 2Y 300-5000 Muscle 400-5000

Distal small 500-5000 Oral mucosa | 3005000

intestine (buccal

(ileum) mucosa)

| ST NI 400-5000 Marrow 4005000

YARY S@& |4005000 Pleen 500-5000

Lung 500-5000 [ A @S NJ |5005000

Mammary 500-5000 Tongue 300-5000

Trachea 400-6000
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Table 4. the total number of cells in all datasets for mouse tissues after QC

Tissue Number Tissue Number Tissue Number

of cells of cells of cells
Bladder 2,422 Lung 5378  Marrow 3,527
Colon 7,058 Mammary 4,286 Fleen 9,016
Distal

small Oral

intestine 18,320 Skeletal 12,112 mucosa 16,036

(ileum) muscle (buccal
mucosa)

Heart 12,008 Muscle 4,467 Tongue 7,379

Kidney 2,705 Liver 1,766  Trachea 10,960

4.4 Computational and Machine Learning Framework
4.4.1Network Architecture and Design
The proposed ANN model consists of three primary components:

1 Input Layer: Comprising 27,933 nodes, each representing the
normalized expression level of one gene from the standardized
gene expression matrix. This input dimensionality was derived from
the intersected gene set common to all curated scRIdé datasets
following genane alignment and preprocessing.

9 Hidden LayerA single hidden layer containing 10 neurons, which
applies the Rectified Linear Unit (ReLU) activation function:

ReLU(x) = max (O, x)

ReLU activation is known for its computational efficiency and
ability to alleviate the vanishing gradient problem, facilitating

effective learning even in sparse datasets. The number of hidden
units was chosen empirically to balance model complexity and
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T

overfitting risk, considering the high dimensionality but relatively
moderate sample size.

Output Layer:Comprising 15 output units, each corresponding to
one of the 15 predefined murine tissue and orggrecific cell types.
A softmax transformation is implicitly applied to the raw output
logits to convert them into normalized class probabilities suitable
for multi-class classification.

4.4.2Model Implementation and Training Protocol

The ANN was implemented using the MLPClassifier class from the scikit
learn library (v1.4), a widely adopted machine learning toolkit in Python.
The training configuration included the following parameters:

T

Optimizer: Adam (Adaptive Moment Estimation), a fumtder
gradientbased optimizer that combines the advantages of both
RMSProp and momentum optimization. It dynamically adjusts
learning rates per parameter, improving convergence in sparse and
noisy data environmets.

Initial Learning RateSet to 0.001, ensuring a stable but sufficiently
fast optimization process.

Maximum Iterations:Capped at 200 epochs to allow convergence,
with safeguard against overfitting via early termination.

Early StoppingEnabled with a patience parameter of 10, such that
training halts if the validation performance does not improve after
10 consecutive iterations. This regularization technique enhances
model generalizability and reduces unnecessary computation.
Loss FunctionThe model minimizes crosntropy loss, a standard
objective for multiclass classification tasks

4.4.3Dataset Integration and Validation Strategy
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Given the heterogeneity in source datasetsriginating from distinct
studies with varying experimental conditionsve conducted internal
stratified crossvalidation to rigorously assess model robustness. This
approach ensures that the trained ANN generainell across biological
and technical variabilities, validating its capacity to integrate scBNA
data from multiple sources into a unified predictive framework.

The simplicity of the architecture was intentionally preserved to facilitate
interpretability while mitigating overfitting, especially in the context of
sparse and higldimensional transcriptomic features. Despite the
Y2RSt Qa YAYAYLIl f A dratedeffeRiGadsdinfimativel (
power in capturing tissueand organrspecific transcriptional signatures
at the singlecell level.

Pl

4.4.4Cross Validation

To rigorously assess the generalization performance and robustness of
the proposed ANN model, we employed stratifietbld crossvalidation,

a widely used resampling technigue in statistical learning and machine
learning model evaluatior¥[/]. Crossvalidation mitigates overfitting risk

and provides a more reliable estimate of model performance across

unseen data by simulating multiple trainictg@sting splits.

In standard Kold crossvalidation, the dataset is partitioned randomly

into k equally sized, mutually exclusive subsets (folds). During each
AGSNY 0A2yT 1bm F2fR& NS dzaSR T2 NJ
fold serves as the test set. The prosésrepeated k times such that each

fold is used exactly once as the test set. This approach ensures that every
observation contributes to both training and validation, thereby
reducing variance in performance estimates.

In this study, we adopted a-fold stratified crossvalidation strategy,
where the stratification ensured that the proportion of each class (i.e.,
each mouse tissue or organ cell type) was preserved across all folds. This
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is particularly important in muklclass classification tasks involving
iImbalanced datasets, as it guarantees that all classes are adequately
represented during training and evaluation in each fold.

The croswvalidation was applied to the entire integrated and
standardized dataset comprising 15 distinct murine tissue and aergan
specific singleell transcriptomic profiles. The performance of the model
was evaluated using classification accuracy agtimeary metric across
the five validation rounds. The resulting feldse accuracies wer@6.4%,
99.0%, 95.2%, 98.8% and 98.8%.

The mean classification accuracy across all folds was calculated to be
97.64%, demonstrating both high predictive accuracy and low -iutelr
variance. This high level of performance indicates that the ANN
effectively captures the complex, ndmear relatonships within high
dimensional gene expression data that distinguish cell types from
different tissues and organs.

Moreover, the consistent accuracy across folds suggests that the model
IS not overfitted to any particular subset of the data and is capable of
generalizing across diverse biological and experimental conditions.
These results provide strong empirical ewide for the robustness and
reliability of the proposed ANN framework in classifying murine single
cell transcriptomic profiles across heterogeneous datasets.

4.5 A Generic Classification Model for Tissue and Organ Origin

The ML classification model developed in this study aims to solve a
fundamental biological problem: the accurate, scalable identification
and classification of diverse cell types across different tissues and organ
systems in a mouse model. This model serves fmuadational step
toward constructing a comprehensive singlell transcriptomic
reference analysis toolthat integrates multiple tissuesnd organs
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enabling the identification of tissuspecific and orgaspecific
transcriptional signatures.

Biological andclinical problem addressed The primary biological
question addressed by this model is how to consistently classify and
distinguish between cell types derived from diverse tissues and organ
systems, each with unique cellular compositions and regulatory
landscapes. Tissuend organspecific gene expression patterns are
inherently complex and vary widely across biological contexts, yet these
distinctions are critical for understanding the functional diversity of
mammalian biology, including delopmental processes, disease
progression, and tissue regeneratiofi’/5-76]. Given that each
tissudorgan expresses a distinct set of cell types, with various subtypes
often exhibiting overlapping or eexpressed markers, the ability to
classify cells accurately based on singgd transcriptomic data is
essential for understanding cellular heterogeneityaedystemwide level.
The challenge is that traditional methods are often unable to integrate
and resolve this complexity, leading tioe loss of biological detajlL8].
Thus, the model developed here is not simply an application of existing
ML algorithms lut represents a novel approach to addressing the unique
challenge of multtissue classificatiorand identification This model
leverages both cellype and tissufrgan-specific features, allowing for

a finer resolution of cellular diversity and improving upon conventional
clustering methods that fail to capture cre8ssue variation in gene
expression.

Clinicakrelevance andranslationalpotential: The tissueand organlevel
classification model carries substantial clinical and translational
relevance because it addresses several istagnding challenges in
biomedical research and disease diagnostics. Many systemic diseases
including metabolic disorders, autoimmune diseases, and chronic
inflammatory conditionsnanifest as crosissue alterations that cannot

be fully understood by examining a singissueforgan in isolation. A
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unified classification framework that can accurately map single cells to
their tissue of origin provides a critical foundation for identifying
tissue/organspecific vulnerabilities, disease propagation pathways, and
crossorgan cellular interactions, all of which are essential for
translational applicationsAlsg the classification framework directly
facilitates biomarker discovery across tissuasd organs allowing
researchers to differentiate between truly tissioegan-specific markers
and ubiquitous oms. These applications are clinically meaningful
because the ability to pinpoint the tissigrgan source of pathological
cells can inform diagnostic decisions, disease staging, and therapeutic
targeting.

Innovationbeyondconventionalmethods To design and implementary
neuraknetwork-based classification model offers several
methodological innovations that address limitations of traditional
biological analysis pipelingsparticularly conventional biological
methods ANNsimplemented in this study explicitly models complex,
high-dimensional, nodinear transcriptional patterns, enabling it to
resolve distinctions that remain inaccessible traditional biological
tools andlinear or distancebased approachesAnd it can integrate
thousands of genes simultaneously and identify rgéihe, norlinear
combinations that define organ identity. Biological identities are rarely
determined by single markers; instead, tissuesd organs are
characterized by transcriptional prograno$ cell types and subtypes
ANNs captures these patterns through hierarchical feature extraction,
providing a level of resolution not attainable through traditional
methods.Moreover, ANNslemonstrate superior performance in cress
tissudorgan generalization, a challenge for both clusteribgsed
approaches and algorithms such as logistic regression or random forests.

Together, thesénnovativedesignin single cell data process and analysis
demonstratea methodological advancenplementationspecifically to
overcome core barriers in constructingowerful single cell data
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analyticaltools and interpretingbiological physiological processaisthe
level of an individual cell

To accurately classify singtell transcriptomic profiles across diverse
murine tissues and organs, we implemented a supervised learning
framework based on a fully connected fefmward ANN. ANNs are a
class of machine learning models designed to approximate complex
nonlinear functions by learning from highimensional data through
layers of interconnected computational units (neurons). Their capacity
to model hierarchical feature representans makes them particularly
suitable for scRNA&eq data, wherecell identities are encoded within
intricate gene expression patterns

4.5.1Classification Model

All the datasets were split to the training datasets and testing datasets.

The ANN classification model was trained using the training datasets and
tested using the independent testing datasets. The number of tissues
and organs cells in training and teggidatasets is shown in theable 5

as below.

Table 5. the number of tissues and organ cells in training and testing datasets

TISSUE ¢Training |Testing | TISSUE & Training | Testing
ORGAN |dataset |Datasets | ORGAN |dataset |Datasets
¢ pp 1916 523 {15t 96141 6,293

' Y dza Of

/| 2t 23,413 3,723 Muscle |2,296 2,237
Distal 8,246 11,091 Oral 7,192 9,050
small mucosa

intestine (buccal

(ileum) mucosa)

| S NIi | 6,347 5,875 Marrow |1,686 1,880
YA RY §1,502 1,248 Yleen |3,431 6,108
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Lung 2,928 2,551 [ A @S N1,540 274
Mammary| 2,525 1,915 Tongue | 5,554 1,909
Trachea |6,727 4,656
¢hc¢! [|61,4444 |59,333

The Trachea consists of the left and right bronchi that are air tubes. The
bronchi connect to the Lung. And the bronchi are divided into smaller
bronchi and smaller tubes called bronchioles in the Lung. Therefore, we
used a superclass respiratory systerslumle Lung and Trachea in ML

step. We used the confusion matrix to present the classification result on

the testing datasets, as shown kigure 4 The classification results for
Precision (PR), Recall/Sensitivity (RE/SE), Specificity (SP), and F1 scores,
and the overall accuracy are shown @ble6.

-06

Cell Type Clasification Confusion Matrix
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Figure 4. classification confusion matrix
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Table 6. the classification results

Tissueand Organ

PR

RE/SE

SP

F1

Bladder

1.00

0.91

1.00

0.96

Colon

0.99

0.98

1.00

0.99

Distal small intestine (ileum)

1.00

1.00

1.00

1.00

Heart

0.98

1.00

1.00

0.99

Kidney

1.00

0.88

1.00

0.93

Liver

0.98

0.99

1.00

0.98

Mammary

0.84

0.97

0.99

0.91

Marrow

0.40

0.98

0.95

057

Muscle

0.91

0.86

1.00

0.89

Oral Mucosa (Buccal Mucosa)

1.00

1.00

1.00

1.00

Respiratory system

0.97

0.99

1.00

0.98

Skeletal Muscle

0.99

0.99

1.00

0.99

Spleen

0.96

0.49

1.00

0.65

Tongue

1.00

1.00

1.00

1.00

Overall Accuracy

0.935

Values that are deemed to represent unsatisfactory performance are

indicated by shading.

The ANN classifier

accurate classification witless detectable misassignments. Similarly
high performance w&s observed in the colon, heart, liver, respiratory

demonstrated strong and tissoensistent
performance across the integrated mouse singéd! transcriptomic atlas,
achieving an overall accuracy of 0.93=able6 and Figure 4)At the
individual tissue level, severéissues andorgansincluding the distal
small intestine (ileum), oral mucosa, and ton@ahieved perfect scores
across all metrics (PR, RE/SE, SP, F1 = Wwilo@) indicating highly

system, and skeletal muscle, where precision and sensitivity values
consistently ranged from 0.97 to 1.00, yieldingd€bres of 0.980.99.

These results demonstrateéhe ANNsY 2 RS f Q4

oAf AGER

highly distinct transcriptional signatures characteristic of théssues

andorgans.

The classifier also performed well on the bladder, kidney, and muscle,
with precision values reaching 0€QIL00, specificity consistently at 1.00,
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and Fl1scores spanning 0.80.96, reflecting strong discrimination
despite greater transcriptional variability in stromal, epithelial, and
smooth muscle populations. For the mammary gland, the model
achieved a precision of 0.84 and an-d€bre of 0.91, sugesting
moderately increased heterogeneity or partial overlap with related
epitheliatrich tissues but still demonstrating high sensitivity (0.97) and
specificity (0.99).

More substantial performance variation was observed for immune
associated tissues. The marrow exhibited high sensitivity (0.98) and
specificity (0.95) but markedly lower precision (0.40), leading to an F1
score of 0.57. This pattern suggegdthat while the model successfully
identified most true marrowcells, it also misclassifies a notable fraction
of nonrmarrow cells as marrowikely due to transcriptional similarities
among hematopoietic lineages shared across multiple tissues.
Conversely, the spleenigplayed high specificity (1.00) but reduced
sensitivity (0.49), producing an {store of 0.65. This indicatelow
accurate classificatiof splenic cells, possibly reflecting the diverse
immunological states and cdllpe heterogeneity characteristic of
secondary lymphoid organs.

In summary these results highlightt 1 KS ! bb Y2 RSt Q&
accurately distinguish the majority of mouse tissues and organs based on
singlecell transcriptomic signatures, while also revealing predictable
performance challenges in hematopoietic and immuekated tissues

due to their sulstantial intertissue transcriptional overlap.

4.5.2Misclassification Analysis

While the proposedANNs model achieved high overall classification
accuracy across diverse murine tissue and organ datasets, a detailed
examination of the confusion matrix revealed a subset of misclassified
cells. These misclassifications are attributable to a combination of
biological complexity, cellular plasticity, and technical artifacts inherent
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to singlecell transcriptomic profiling. The following sections outline the
major factors contributing to classification ambiguity and error.

1 Shared Cell Populations Across Tissues

One of the primary contributors to misclassification is the ubiquitous
presence of transcriptionally similar cell types across multiple tissues.
Immunerelated cell types such as B cells, T cells, myeloid cells,
dendritic cells, and endothelial callare @mmonly distributed across
various organs. Although these cells may exhibit subtle tispaeific
expression patterns, their core transcriptional signatures often overlap,
making them difficult to distinguish computationally.

This issue is particularly pronounced in lymphoah organs such as the
spleen, bone marrow, and lung, which harbor high densities of immune
cells with similar molecular profiles. As a result, the classifier may
struggle to disambiguate between cell pdations from these tissues,
even when weltrained, leading to crosergan misclassifications driven
by lineage similarity rather than model deficiency.

1 Cellular Migration and Circulation

Another biologically relevant source of misclassification arises from
cellular mobility across anatomical compartments. Certain cell types,
particularly hematopoietic cells, possess migratory capacity and can
traverse tissues via circulatory and lymphasgstems. For example,
monocytes, neutrophils, and lymphocytes routinely circulate through
various organs during homeostatic immune surveillance or pathological
response. These circulating cells may be captured in scRijAatasets

of different tissues, prducing transcriptomic profiles that reflect
functional state rather than anatomical origin.

Consequently, the presence of migratory cells in multiple tissue datasets
introduces ambiguity, as classification models trained on transcriptomic
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signatures alone may conflate biological function with anatomical
identity.

1 Cellular Heterogeneity and Dynamic Transcriptional States

Cells exhibit continuous transcriptional plasticity in response to intrinsic
and extrinsic factors, including developmental stage,
microenvironmental cues, disease status, temporal dynamics, and
individual variation. For instance, stem and progenitor celssition
through intermediate states during differentiation, altering their gene
expression landscapes in ways that may partially resemble multiple cell
identities. Similarly, inflammatory activation, hypoxia, or metabolic
stress can induce gene exprass changes that blur canonical tissue
specific markers.

This inherent biological heterogeneity introduces variability that poses

significant challenges to static classification models, particularly in-multi

tissue settings where a single cell type may exist in multiple phenotypic
states.

1 Presence of Ubiquitous Stromal and Connective Tissue Cells

Another complicating factor is the nesxclusive distribution of
structural and support cells, such as fibroblasts, adipocytes, and
perivascular cells. For example, adipose tissue, a type of connective
tissue, is widely distributed around organs such asliver, kidney, and
gastrointestinal tract[78-79]. If not accurately annotated or filtered,
these cells can be erroneously labeled based on theoaourrence with
target tissues, resulting in systematic misattribution of cell origin.

This is especially relevant in studies that rely on bulk tissue dissociation
protocols, which may inadvertently capture n@arenchymal cell
populations or crossontaminating stromal elements.

1 Technical Variability and Experimental Artifacts
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Finally, a proportion of misclassifications can be attributed to technical
heterogeneity across datasets, which include differences in tissue
processing, cell isolation protocols, library preparation methods,
sequencing depth, and platforspecific biasesAlthough preprocessing
steps such as batch correction and normalization were applied, residual
batch effects, ambient RNA contamination, doublets, and-tmality
cells may still compromise classification reliability.

Furthermore, discrepancies in metadata annotation, cell filtering
thresholds, and reference genome builds across original studies can
introduce inconsistencies that propagate into model training and
prediction, particularly in largscale data integratiotasks.

In aggregate, these factors highlight the complex interplay between
biological generality and tissue specificity, as well as the importance of
rigorous data curation and annotation in mulissue singlecell
classification.

4.5.3Referencebased Cell Type Annotation

To systematically investigate the origins of misclassification within our
tissuespecific cell classification framework, we conducted reference
based cell type annotation on the misclassified subsets. This approach
aims to determine the true cellular ideity of these cells and to assess
whether their transcriptional profiles reflect biological ambiguity, rather
than algorithmic error. The underlying hypothesis is that a portion of
misclassified cells may, in fact, represent immune or migratory
populationsshared across multiple tissues, thus exhibiting expression
profiles that transcend strict tissue boundaries.

1 ReferenceBased Annotation Using SingleR

We first applied SingleR, a refereAoased annotation tool that assigns

OStt ARSYGAGASAE o0& O2NNBflFdGAy3a SI
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with annotated reference profiles[80]. Canonical marker gene
references were curated from established databases such as CellMarker,
PanglaoDB, and Mouse RNA Atl84].[ SingleR uses Spearman rank
correlation to identify the most transcriptionally similar cell type from a
predefined reference, and it operates on a gmall basis, offering high
resolution annotation.

To substantiate the interpretation that the high misclassification rates
observed in spleen and bone marrow arise from their overwhelmingly
lymphoiddominant cellular composition, we performed a series of
comparative analyses across correctly classifietrarsclassified tissues.
These analyses servedaplainthe immunological enrichment of spleen
and marrow relative to other organs that exhibited high classification
accuracy.

First, we examined two tissues with consistently high prediction accuracy
liver andbladderandannotated them using the SingleR refererzased
method (Figure5). As expected, the liver dataset was dominated by
hepatocytes, with additional contributions froendothelial cells, all of
which exhibit weHldefined and tissuespecific transcriptional programs.
Similarly, the bladder was composed primarily of fibroblastslothelial

cell, and monocytescell types with strong orgaspecific signatures and
limited overlap with immune lineages. The classifier correctly predicted
nearly all cells from both tissueand organs consistent with the
presence of clear, tissudistinct transcriptional markers and minimal
immune infiltration. These tissueand organstherefore providel a
baseline model of what highly classifiable cellular environments look like
l.e., dominated by tissudefining parenchymal cell types rather than
immune-derived populations.
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Figureb. liver and bladdemreferencebased annotation

Secondy, to further distinguish between contributions of parenchymal
versus immune cell identity, we investigated a third tissmgscleand
separately annotated both correctly classified and misclassified subsets.
Correctly classified muscle cells were predominantly composed of
endothelial cells, fibroblasts, and monocytes, which again display ergan
associated transcriptional identities dhdower crosdissue ambiguityas

the Figure 6 shownIn contrast, the misclassified muscle cells were
overwhelmingly enrichefbr T cells, B cells, NK cells, and other lymphoid
subsets. These immune cells are transcriptionally more similar across
tissues than parenchymal cells, as they share conserved lineage
programs independent of tissdergan of origin. This observation
reinforces the core hypothesis that immuieell rich tissuesand organs
challenge tissueforganlevel classifiers, because immune cells lack
tissuespecific markers and frequently migrate across organ systems.

77



Student ID: 20474543 Thesis Sen LIN

Muscle Misclassified Muscle cells
10
M.i
10 5
.
.
0 &
5
H . B cells B cells
Cardiomyocytes Endathelial cells
o f ® Endothelial cells o ® Fibroblasts
a . ® Fibroblasts o ® Granulocytes
E o “ ® Macrophages g ® Macrophages
= ® Monocytes = ® Monocytes
-\ Oligodendrocytes -10 NK cells
Teells Tcells
-54 E -
-20
-104
' 4
10 5 o 5 10 10 5 o 5 10
umap_1 umap_1

Figure6. musclereferencebased annotation

Finally we annotated the misclassifiedpleen cells and the results
revealed that a substantial proportion of these cells were in fact
transcriptionally aligned with canonical immune cell tygEegure 7)

A ‘ B
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Figure7. spleenreferencebased annotation

(A) SingleR referenebased analysis for misclassified Spleen cells.
(B) Tabula Muris datasets referent®msed analysis for misclassified Spleen cells.
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1 T cells comprised approximately 51% of the misclassified spleen
cells,

1 B cells accounted for around 32%,

1 Natural killer (NK) cells made up 11%, and

1 Monocytes contributed roughly 1%.

When interpreted together, these comparative analyses indicate a clear
and biologically grounded pattern:

1 Correctly classified tissues are dominated by orgpecific
parenchymal cell types with distinct transcriptomic identities

1 Misclassified tissues or cell subsets are enriched for immune cell
populations with transcriptomic signatures that are highly
conserved across tissues.

In this context, the spleen and bone marrow represent extreme cases:
they are the two mouse tissuesd organsvith the highest proportions

of lymphoid and hematopoietic cells in the entire dataset. Their cellular
compositions are dominated by B cells, T cells, NK cells, and progenitor
populationscell types, due to their highly conserved gesression
patterns Therefore the classifienaturally exhibits low discriminability

in tissue/organof-origin classifiersThe elevated misclassification rate in
spleen and marrow is not an isolated anomaly but a predictable
consequence of the underlying cellul@omposition andis directly
supported by the comparative evidence obtained from liver, bladder,
and muscle datasets.

M Validation with Tabula Muris Reference

To independently verify these findings, we employed an alternative
referencebased strategy using the Tabula Muris dataset, a -high
resolution murine singkeell transcriptomic atlas spanning over 20
organs and tissues. The dataset includes profiles geedrata Smart
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seg2 and 10x Genomics Chromium, enabling robust gladtorm
validation.

Annotation of the same misclassified spleen cell population using Tabula
Muris yielded highly concordant results with SingleR. Again, the majority
of cells were identified as T cells, B cells, or NK cells, confirming that the
transcriptional proximity of mmune cells, rather than classifier
deficiency, is the primary driver of error.

1 Biological and Technical Interpretations

These converging lines of evidence support the conclusion that immune
cell transcriptional homogeneity, coupled with cellular mobility,
underlies many of the observed misclassification events. Key
contributing factors include:

1 Inter-tissue redundancy of immune populationdmmune cells,
including T and B lymphocytes, are widely distributed across
lymphoid and noAymphoid organs. Their gene expression profiles,
while subtly modulated by local microenvironments, remain highly
conserved, complicating efforts to resolve theissueof-origin
solely through transcriptomics.

1 Circulating cell populationsMany immune cells are inherently
migratory, such as naive T cells, activated monocytes, and NK cells,
and can be detected in multiple tissues during sampling. Their
transient residence in a particular organ does not always reflect
permanent residency or iblogical identity, further blurring the
tissuespecific expression signal.

1 Limitations in training labelsin the aggregated datasets used for
model training, cell annotations are primarily based on sample
origin rather than celbpecific identity. As such, tissues with high
immune infiltration may contribute nomepresentative labels to
the training data, redcing classifier precision when immune
heterogeneity is high.
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The referencébased reannotation of misclassified cells revealed that
many classification errors were not due to inherent model inaccuracies,
but rather reflect biological complexity, immune system redundancy,
and tissueindependent expression profiles kéy immune lineages.

4.6 Immune Cell Classification Modé&br Tissue and Organ
4.6.1 Hypotheses

In our study on the classification of mouse tissue and oigactific cell
types based on scRNs&®q data, we identified that immune cells were a
significant source of misclassification, particularly in tissues and organs
associated with the immune systensuch as the spleen and bone
marrow. These tissues exhibited notably Ilower classification
performance, suggesting that the transcriptional homogeneity of
immune cells across different tissues presents a challenge for accurate
tissueof-origin  identification The observed misclassifications
underscore the complexity of immune cell diversity, which is often
shared across tissue boundaries and influenced by both biological
processes and technical limitations.

To address these challenges and improve the accuracy of immune cell
classification in mulitissue contexts, we propose the following
hypotheses that aim to better understand the molecular basis of
immune cell gene expression across different tissue enui@nts:

1 Gene Expression Similarity of Immune Cells Across Immune
Tissues and Organs

Immune cells, such as T cells and B cells, exhibit high transcriptional
similarity across different tissues and organs within the immune
system. This suggests that immune cells, despite their residency in
various immune tissues (e.g., spleen, bone marrbunph nodes),
maintain a core set of gene expression patterns that overlap
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significantly. This phenomenon may contribute to the challenge of
distinguishing immune cells by their tissue of origin when relying solely
on transcriptomic data. Further investigation is needed to delineate the
specific markers or transcriptional signats that could help
differentiate immune cell populations across these tissues.

1 Differential Gene Expression of Immune Cells in Immune vs.Non
Immune Tissues

While immune cells may exhibit similar gene expression profiles within
the immune system, it is hypothesized that immune cells located in
non-immune tissues (e.g., liver, muscle, lung) may exhibit differential
gene expression patterns. These immune celtien recruited during
iImmune responses or inflammation, may display altered
transcriptional profiles influenced by local microenvironmental factors,
such as cytokine exposure, cedlll interactions, and
pathophysiological conditions. This hypothesis ssjg that by
identifying these unique signatures, it may be possible to distinguish
between immune cells residing in immune tissues versus those
infiltrating nonimmune tissues. The dynamic nature of immune cells
In response to tissuspecific signals mudie carefully considered in
future studies to improve the resolution of immune cell classification
across diverse tissue types.

Testing these hypotheses will require more granular analysis of immune
cell populations across various tissue contexts. By better understanding
the transcriptional variability of immune cells, we anticipate more robust
models that not only classify immuneells more accurately but also
provide a deeper biological understanding of immune cell behavior
across tissue and organ systems.

4.6.2lmmune CelData Collection and Metadata Organization

82



Student ID: 20474543 Thesis Sen LIN

The immune celspecific SCT datasets utilized in this study were
systematically sourced from the GEO database, in alignment with
methodologies established in prior research. Each dataset represents the
gene expression profile of a specific immune celletygolated from a
corresponding tissue or organ. However, the acquisition of sesddA
datasets for certain immune cell types and subtypes was constrained by
the technical challenges inherent in isolating pure populations of
individual immune cell typesp8cifically, isolating a single immune cell
type with high purity remains a significant technical bottleneck,
particularly for rare or highly specialized immune cell populations.
Consequently, some cell types and subtypes have limited representation
in the available datasets.

The collection of immuneellsscRNAseq data spans a range of immune
cell types derived from various tissues and organs, as outlined in the
table 7 below. These datasets comprehensively represent different
aspects of immune cell transcriptional diversity across a broad spectrum
of anatomical sites, thus enabling the study of tisspecific immune
responses. This rich diversity of immune cell datainiggral for
advancing our understanding of immune cell function in both
homeostasis and disease contexts.

Table7. the number of immune cells from different mouse tissues and organs

Tissue Cell Types Sample ID Sample
Type Count

T cell GSM6430566,GSM5725952,GSM6057( 26

XX
CD8 T cell GSM6732147,GSM6732148,GSM67321 42

XX
CDA4 T cells GSM6012617,GSM6012618,GSM6012¢ 42

Spleen X X
CD45+ cells GSM4321530,GSM4321531,GSM4103( 6

XX
Activated (CD44+) GSM4274801,GSM4274802 2

cells

83



Student ID: 20474543 Thesis Sen LIN

B cell GSM6057028,GSM6057029,GSM6057( 36
XD
Tetramersorted GSM5533994, GSM55339¢ 3
CD4 T cells GSM5533996
Antibody-secreting  GSM5818959, GSM58189¢ 4
cells (ASCs) GSM5818965, GSM5818968
Hematopoietic and GSM6323626, GSM6323628 2
non-hematopoietic
cells
Myeloid cells GSM5099514, GSM5099515 2
NK cells GSM5903324, GSM5903325 2
Blood T cell GSM6042392, GSM60423¢
D{acnnHodnz XX
\ Aorta  Tcell  GSM4489573, GSM4489574
Tissue Type Cell Types Sample ID Sample Count
Heart T cell GSM5937019, GSM59370z
D{apgpoTnHHZ XX
B cell GSM4647487, GSM46474¢ 6
D{acHnpnmnZz XX
Tissue Type Cell Types Sample ID Sample Count
T cell GSM7156164 1
Colon CD4+ T cell GSM6574322, GSM6574328 2
\ B cell GSM4983263, GSM4983264 2

Tissue Type Cell Types Sample ID

Sample Count
Islets T cell GSM6042386, GSM60423¢ 12

D{acnnHoyy2X2 XX

Tissue Type Cell Types Sample ID Sample Count
Liver CD45+ cells GSM7296550, GSM72965¢ 16
D{acTtopopcz XX
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CDS8 T cell GSM6732151, GSM67321% 4
GSM6732153, GSM6732154

Thymus antibody-secreting = GSM5818960, GSM58189¢
cells (ASCs) GSM5818966, GSM5818969
pro-T cells GSM3754380, GSM3754381 2
Dendritic cell GSM7017033, GSM7017034
Lung CDA45+ cell GSM6428756, GSM64287¢ 13
D{acnHyTpyZXZ XX
CD4 TReg Cell GSM5086814, GSM508681 6
D{apnycymcz XX
T cell GSM5516491, GSM55164¢ 6

D{apToHnyoXx XX

Pancreatic T cell GSM7117483, GSM71174¢
lymph GSM7117485
nodes
Tissue Type Cell Types Sample ID Sample Count
Pancreas T cell GSM7117474, GSM711747 3
GSM7117476
Tissue Type Cell Types Sample ID Sample Count
Small Memory CD8 T cell GSM3430881 1
intestine | T cell GSM5511339 1

To facilitate the systematic management and subsequent analysis of
these datasets, we constructed a comprehensive metadata file in Excel
(xIsx) format. This file systematically records critical attributes of each
dataset, including but not limited to SanaplD, tissue and organ origin,
platform used for data generation, cell type description, and relevant
experimental conditions. A visual representation of the metadata
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organization is provided in FiguB and the full table is presented in
Appendcessection

INDEX ~ SERIES GENOME SAMPLE ORGANISM  TISSUE CELLTYPE PLATFORM DATA FOISTUDY TITLETYPE OFSTUDY  LIBRARY SOURCE INSTRUMENT MODEL  DESCRIPTION AUTHOR DESCRIPTION ESCRIPTION Comment:  Date
1 GSEZ3171Z mml0  GSMT7296550 Mus muscuhLiver Hepatic CD<GPL24247 hSad  Tumor free_ Expression profiling transcriptomic single cell llumina NovaSeq 6001 10x Genom ; cell line: none; cell type: Hepat 12-May-23

2 GSE231712 GRCmIB  GSMT296552 Mus musculiLiver Hepatic CD2GPL24247 hoad  Tumor free_ Expeession profiling transeriptomic single cell llumina NovaSeq G001 10x Genom wer, cel line: nane; cell type: Hepat 13-May-23
3 GSE182636 mml0  GSMS533394 Mus muscuhSpleen  Tewamer-scGPL24247 TAR  Tewamer-sc Expression profiling transcriptomic single cell lluming NovaSeq 6000 (Submitter suppliac) 10X technclog celitype: Tetramer-sorted COM T cells; geno 27 -Mar-23
4 GSE1B2636 mml0  GSMS533995 Mus muscuhSpleen  Tewamer-scGPL24247 TAR  Tetramer-sc Expression profling transcriptomic single cell lumina NovaSedq 6000 (Submimer suppliec) 10X technologceliype: Tetramer-sonted CD4 T cells; geno 27 -Mar-23

5 GSE182636 mml0  GSMSS33005 Mus muscubSpleen  Tewamer-scGPL24247 TAR  Temwamer-sc Expression profiling transcriptomic single cell lluming NovaSeq 6000 (Submitter suppliad) 10X rechnelog celitype: Tetramer-sorted CD4 T cells; geno 27 -Mar-23
6 GSE193701 mm10  GSMS818958 Mus musculibane manen antibady-se GPL24247 MTX, TSV Pete BM PC Expression profiing  transcriptomic single cell llumina NovaSen v suppliad) Purpose: Ta exstrain: Pram1-eYFP (The Jackson Laboratory 13-Mar-23
7 GSE183701 mm10  GSMSB18961 Mus muscuhbone marmon aniibody-se GPL24247 MTX, TSV Kim_BM PE_Expression profiling ranscriptomic single cell llumina NovaSeq B0¢ i upplied) Purpese: Ta ex sirain: Prom1-e¥FP (The Jackson Laboratory 13-Mar-23
8 GSE193701 mm10  GSMS818964 Mus musculibone mamon antibody-se GPL2A247 MTX, TSV Pate BM PC Expression profiling transcriptomic single cell lluming NovaSeq 6  supplied) Purpose: To ex sirain: Prom1-eYFP (The Jackson Laboratory 13-Mar-23
9 GSE193701 mm10 GSMSE18967 Mus muscuh bone marmon antibody -se GPL24247 MTX, TSV Kim_BM_PC_ Expression profiling  tramscriptomic single cell i MNovaSeq G00C r supplied) Purpose: To ex Prom1-eYFP (The Jackson Laboratory 13-Mar-23

10 GSE193701 mm10  GSMS81B958 Mus muscullS antibody-se GPL24247 MTX, TSV Pete_Sp_PC_Expression profiing transcriptomic single cell llumina NovaSeq 6 ippliec) Purpose: To ex sirain: Prom1-e¥FP (The Jackson Laboratory 13-Mar-23

11 GSE193701 mml0  GSMS31A962 Mus musculiSpleen  antibady-se GPL24247 MTX, TSV Kim_Sp_PC.{ Expression profiling transcriptomic single cell llumina NovaSeq 6  supplied) Purpose: To ex sirain: Prom1-eYFP (The Jackson Laboratory 13-Mar-23

12 GSE183701 mml0  GSMSBIBE6S Mus musc 2 antibody-se GPL24247 MTX, TSV Pete Sp_PC_Expression profling transcriptomic single: cell lumina NovaSeq 60¢ ter supplied) Purpose: Ta ex strain: Prom1-e¥FP (The Jackson Laboratory 13-Mar-23

13 GSE193701 mml0  GSMS31A968 Mus musculiSpleen  antibady-se GPL24247 MTX, TSV Kim Sp PC ) Expression profiling transcriptomic single cell llumina NovaSeq 6 r supplied) Purpose: To ex sirain: Prom1-eYFP (The Jackson Laboratory 13-Mar-23

14 GSE193701 mml0  GSMSSIBS60 Mus musculiThymus  antibody-se GPL2A247 MTX, TSV Pete_Thy PC Expression profiling transcriptomic single cell llumina NovaSeq 600K + supplied) Purpose: Ta ex strain: Pran1-eYFP (The Jackson Laboratory 13-Mar-23

15 GS£193701 mm10  GS 963 Mus muscuh Thymus  antibody-se GPL24247 MTX, TSV Kim_Thy_PC Expression profiling ranseriptomic single cell llumina NovaSeq 60¢ 1+ supplied) Purpose: To ex sirain: Pram1-eYFP (The Jackson Laboratory 13-Mar-23

16 GSE193701 mm10  GSMSS1B966 Mus musculThymus  antibody-se GPL24247 MTX, TSV Pete Thy PC Expression profiling transcriptomic single cell llumina NovaSeq 6 (Submitter supplied) Purpose: Ta exsirain: Pram1-eYFP (The Jackson Laboratory 13-Mar-23

17 GSE193701 mml0  GSMSS1B95% Mus musculThymus  antibody-se GPL24247 MTX, TSV Kim_Thy_PC Expression profiling wramseriptomic single cell llumina NovaSeq 6 (Submitter suppliec) Purpose: To ex sirain: Prom1-eYFP (The Jackson Laboratory 13-Mar-23

16 GSEZ07940 mm10  GSME323626 Mus muscuhSpleen  Hematopai GPL24247 MTX, TSV Control Sple Expression profiling transeriptomic single cell llumina NovaSeq 6 (Submitter supplied) Hematopoietic cell type: Hematoporetic and non-hematop:  6-Feb-23

19 GSE207940 mml0  GSMG3Z3627 Mus muscultbane marren Hematopaie GPL24247 MTX, TSV Control BM, Expression profiling transcriptomic single cell llumina NovaSeq 6 (Submitter suppliac) Hamatopeietic cell type: Hematopoetic and non-hematop:  6-Feb-23

20 GSE207940 mm10 GSME323628 Mus muscub Spleen Hem poie GPL24247 MTX, TSV Tumar- bear Expression profiling  transcriptomic single cell llumina NovaSeq G000 10x Genomics (Subi 7 supplied) type: Opce and non-hematop  6-Feb-

21 GSE207940 mm10  GSMB323629 Mus musculibane marron Hematopaia GPL24247 MTX, TSV Tumor-bear Expression profiling transcriptomic single cell llumina NovaSen B00C c=Submitter suppliec) Hematopoistic cel type: Hematopoietic and nen-hematop:  6-Feb-23

22 GSE217985 mml0  GSMGT32147 Mus musculiSpleen  CDB T cell GPLIA247 MTX, TSV GEX-CD8 W Expression profiing transcriptomic single cell llumina NovaSeq 6 (Subrmitter supplied) The cainhibitor call type: CDB T cell tissue: Spleen; genotyp

23 GSE217085 mm10  GSMET32148 Mus muscuhSpleen  CDB T cell GPL24247 MTX, TSVTCR-CDB W Expression profiling wanseriptomic single cell lumina NovaSen B00( 10x Genomics (Submitter suppliec) The coinhibitor cell type: €08 T cell,tissue: Spieen; genotyr

24 GSE217985 mm10  GSMG73214% Mus muscuhSpleen  CDBT cel GPL24247 MTX TSV GEX-CD8 EiExpression profiling ransriptomic single cell lllumina NovaSeq 600 10x Genom r supplied) The coinhibitor cell type: CO8 T cell, tissue: Spieen: genotyr

303 GSE190795 mm10  GSMST32083 Mus muscuhLung Toells  GPL24Z4T hs ST2_pos 1 s Expression profiing transcriptomic singie cell llumina NovaSeq 600 10x Genor v supplied) Asthrmia is a chstrain: CS7BL/G, tissue: Lung. cel type: T2+ 31-Jan-22
304 GSE180795 mm10  GSMST32084 Mus muscuhLung Tcells  GPL24247 hS ST2_pas_2_s Expression profiing ranseriptomic single cell llumina NovaSeq 800! 10x Genomics (Submitter supplied) Asthma is a ch sirain: C57BL/B, tissue: Lung. cell type: T2+ 31-Jan-22
305 GSE190795 mm10  GSMS732085 Mus muscuhLung Teels  GPL24247 hs ST2 neg 1 s Expression profiling transcriptomic single cell llumina NovaSeq 6 cx (Submitter suppliec) Asthma is a ch strain: CS7BL/6, tissue: Lung. cell type: ST2-  31-Jan-22
306 GSE190735 mm10  GSMS732085 Mus muscuLung Toels  GPL24Z4T neq 2 s Expression profiling transcriptomic singhe cell llumina NovaSeq 6 1 supplied) Asthma is a chstrain: C57BL/B, tissue: Lung, cell type: ST2-  31-Jan-22
307 GSE1B2028 mm10  GSMSS16491 Mus muscuhLung resident T ce GPL21273 transcriptomic single cell HiSeq X Ten r supplied) T cell dysfunctistrain: C57BL/B), mouse id: multiple-mice, ¢ 1-Oct-21
308 GSE162028 mm10  GSMS516492 Mus muscuLung resident T ce GPLZ1273 MTX, TSV 10X RNA Lit: Expression profiing transcriptomic single cell HiSeq X Ten r suppliad) T cell dysfunctistrain: CS7BL/B), mousa id: multiple-mice, ¢ 1-Oct-21
309 GSE146626 mm10  GSMA463I269 Mus musculiLung Teells  GPLISOST TSV CDA4+ T cell Expression profiling vranseriptomic single cell lluming NexiSeq 500 10x Genomics (Submitier suppliec) We performed cell type: 04+ T cell, tissue: lung, tme po 17-Apr-20
310 GSE146626 mm10  GSMA300884 Mus musculLiver Tcels  GPLIGOST TSV CDd+ T celk Expression profiling transcriptomic singie cell llumina NextSeq 500 10x Genomice(Submitter supplied) We performed cell type: CD4+ T cells, tissue: fiver, time pa 17-Apr-20

311 GSEZ13200 mml0  GSMG57T4322 Mus muscuh Colon COd+ T gelt GPLZ1273 MTX, TSV GEX for ol Expression profiling ranscriptomic single cell  Hiseq % Ten 10x Genormics (Submi ipolied) Intestinal T cel tissue: Colon, cell line: WA, cell type: CD4+  27-Sep-22
312 GSEZ13200 mm10  GSMBSTA32E Mus muscuh Colon CDd+ CDA4 GPL2424T MTX, TSV GEX for colc Expression profiling transeriptomic single cell llumina NovaSeq 6 r supplied) Intestinal T cel tissue: Colon, cell line: N/A, cell type: CDd+  27-Sep-22

313 GSE213200 mm10  GSME574331 Musmuscuhspleen  CDM+ CDA4 GPL24247 MTX, TSVGEX for sple Expression profiling transcriptomic single cell llumina NovaSeq 600
314 GSE1B1784 mml0  GSMS51133% Mus muscuhsmall intesiiMemory CD GPLISOST MTX, TSV CDE memor Expression profiing transcriptomic single cell llumina NexiSeq 500
315 GSE181784 mm10  GSMS511338 Mus muscuhspleen  Memary CD.GPLISOST MTX, TSV CDA memor Exprassion profiling transcriptomic single cell llumina NextSeq 500

 supplied) Intestinal T cel tissue: Spleen, cell ine: N/A, cell type: D44 27-Sep-22
er suppliec) During acute irsirain: CS7BLAE mice, infection: LCMY.- Arms 31-Aug-21
 supplied) During acute irstrain: CS7BL/E mice, infection: LOMV-Ams 31-Aug-21

316 GSE205115 GRCmMA3  GSMB205410 Mus muscuhheart Boells  GPL24247 MTX, TSV PL-AR-day Expression profiling transcriptomic single cell llumina NovaSeq 6 r supplied) Since the proliltissue: heart, age: B days old, 2-1n-23
317 GSE205115 GREMAY  GSME205411 Mus musculi heart Beells  GPL24247 MTX, TSV P1-AR-day Expression profiling transcriptomic single cell llumina NovaSeq 60¢ pliec) Since the prolftissue: heart, age: 8 days old, ¢ 2-Jun-23

318 GSE205115 GRCMAI  GEME205417 Mus muscuhheart Beells  GPL24247 MTX, TSVPT-AR-day Expression profiling transcriptomic single cell llumina NovaSeq 600( 10 Genom r supplied) Since the profiftissue: heart, age: 15 days oid, cell type: CD 2-Jun-23
319 GSE205115 GRCMA3  GSMG205413 Mus musculi heart Boells  GPL24247 MTX, TSV P7-AR-day Expression profiing transcriptomic single cell llumina NovaSeq 600L 10 Genom 1 supplied) Since the proflissue: heart, age: 15 days oid, cell type: CO 2-)un-23
320 GS£228233 mm10  GSM7117474 Mus muscuhpancreas  TCR-betas( GPL24247 MTX, TSV pan GEX g Expeession profiling transcriptomic single cell llumina NovaSeq 6001 10x Genomice (Submitter supplied) Immune-relate tissue: pancreas, cell type: TCR-betasCO11,  5-1

321 GSE228233 mm10  GSM7117475 Mus muscuhpancreas  TCR-betas(GPL24247 MTX, TSV pan_ GEX PC Expression profiing transcriptomic single cell llumina NovaSeq 600( 10x Genomice (Submitter supplied) Immune-relate tissue: pancreas, cell type: TCR-beta=CD1L,  5-J-23
322 GSE228233 mm10  GSMTLILT4TE Mus muscuhpancreas  TCR-beta+( GPL24247 MTX, TSV pan_GEX Sp Expression profiling tramseriptomic single cell  llumina NovaSeq B00L s {Submitter supplied) Immune- relate tissue: pancreas, cell type: TCR-beta+ €011 5-0d-23
323 GSE205082 mm10  GSM6236363 Mus muscuhLung Macrophage GPL21103 hs AM Young Expression profiling transcriptomic single cell llumina HiSeq 4000 (Submitter supplied) Alveoiar Macre tssue: Lung, age: 2 month, cell type: Alveal:  19-)d-23
324 GSE205982 mml0  GSME236364 Mus muscubLung Macrophage GPL21103 hs AM_Aged  Expression profiing  transcriptomic single cell lllumina HiSeq 4000 10x Genomice (Submitter supplied) Alveolar Macre tissue: Lung, age: 22 manth, cell type: Alvec  19-3l-23

Figure8. metadata for immune cells

The organization of metadata in this structured format enhances the
accessibility and traceability of dataset information, thereby
streamlining the process of data retrieval, integration, and quality
control. By ensuring that each dataset is meticulousltaloged with
essential contextual information, we provide a robust framework for
efficient querying of dataset attributes. This metadata infrastructure not
only facilitates transparent and reproducible analysis but also
significantly contributes to the mkodological rigor of future research,
enabling the reliable comparison of datasets and the integration of
multi-source data for downstream analyses.

4.6.3Data selection and processing

Upon completing the data collection process, the next crucial step
involved selecting the appropriate datasets to construct the
classification models. Given the pivotal role of T cells in immune
responses and their extensive representation in the availdblasets,
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we chose to focus initially on SCT data pertaining specifically to mouse T
cells. As in prior studies, all datasets were sourced from the publicly
accessible GEO database. However, these datasets were derived from a
diverse range of experimental protocolsgsearch institutions, and
studies, resulting in inherent heterogeneity in both data structure and
quality. This variability necessitated a comprehensive preprocessing
pipeline to ensure that the data were properly formatted and
standardized for subsequéanalyses.

The datasets were neither consistently structured nor adequately
standardized, requiring a meticulous preprocessing workflow as outlined
in Section Methods. The first stage of this workflow involved the
selection of datasets. We included only those datagkat contained T
cells from individual tissues or organs, ensuring homogeneity within the
dataset and minimizing intecell type variation. Furthermore, we limited

the selection to RNA sequencing data generated using the 10x Genomics
platform, as this @tform is renowned for its higthroughput, high
quality output, making it particularly suitable for singlell
transcriptomic analyses.

To facilitate the selection process, we leveraged the metadata file that
was previously developed. This file, containing key attributes such as
sample ID, cell type, tissue origin, and platform used, allowed for
efficient and accurate filtering of the datats. Using the metadata, we
were able to identify and download the most appropriate datasets from
the GEO database with precision, ensuring that each selected dataset
was relevant to our study's focus.

Following dataset selection, the next step involved data cleaning and
standardization. This step addressed several common challenges
encountered in singlkeell RNAseq datasets, such as inconsistent
genomic builds, nomniform gene annotations, and varyindata
formats. To mitigate these issues, we first performed a genomic build
conversion, aligning all datasets to the mm10 reference genome. This
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conversion ensured that all datasets were standardized to the same
genetic coordinate system, facilitating direct comparisons between
datasets. We also employed a common gene list consisting of 27,933
genes, which served as the universal set of featuresliadatasets. This
gene list was used to ensure consistency across datasets and allowed for
the normalization of the data, ensuring that each dataset contained the
same set of genes for analysis.

Finally, all datasets were standardized into consistent data formats,
specifically designed for efficient downstream analysis. By converting the
datasets into these standardized formats, we ensured that they were
compatible with the various computationabdls and algorithms used in
our study. This standardization step included normalizing the data for
batch effects and removing technical noise, ensuring that the data were
both highquality and ready for integration into the machine learning
models.

The preprocessing pipeline provided a rigorous and systematic approach
to preparing the data for analysis, ensuring that each dataset was
standardized, cleaned, and formatted in a manner conducive to
meaningful insights. This process laid the foundationrédbust model
training, ensuring that the subsequent analyses would be both
reproducible and biologically relevant.

4.6.4 Statistical comparison

To better understand the SCT datasets of T cell, we compared SCDC
profiles of these SCT datase®?]. These SCT datasets were collected
from different studies or experiments. Even for one tissue, we collected
datasets from multiple studies. Cells in different studies maybe in
different conditions such as unhealthy and healthy, different treatments,
expaimental and control group, different ages, different sex, and so on.
SCDC profiles can help us to interpret the similarity and different
between the datasts.
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The construction of gene expression profiles in this study was performed
through a systematic normalization process designed to facilitate
meaningful crossell and crosslataset comparisons. For each gene in
the dataset, the sum of its raw counts acrodisradividual cells was first
calculated. This sum was then divided by the total sum of raw counts for
all genes across all cells, followed by multiplication bytaéGscale the
data to a common level. Finally, the result was rounded to the nearest
integer. This normalization procedure serves to standardize the
expression profiles, ensuring that they are all on a comparable scale,
which is critical for the application of distanbased metrics, such as
Euclidean distance, in downstream analysis tasks li4staring and
classification.

Mathematically, the SCDC profile for each dataset was derived using the
following equation:
Cw s e B | n
DOEOEDO p T
B B i n

"YOOO 01 € QOXED & O dQ p &)
Where;:

7 i Is the raw count for a specific gene in a given single cell.

 00€¢ 0¢ 0 isthe total raw count for gene(i) across all cells in
the dataset.

1 nrepresents the total number of cells in the dataset.

1 Nrefers to the total number of genes in the dataset (27,933 genes
in the present study).
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Figure9. T cells SCDC profiles Pearson Correlation Heatmap for Spleen and
Blood

In this study, we conducted an-aepth analysis of the gene expression
profiles of T cells derived from different mouse tissues, specifically
focusing on the Spleen and Blood T cell datasets. To evaluate the
similarity between these datasets, we computbeé Pearson Correlation
Coefficientsof the SCDC profiles for T cells across the various samples.
The PCC serves as a quantitative measure of the linear relationship
between the gene expression patterns of two datasets, ranging fitbm
(indicating completalissimilarity) to 1 (indicating perfect similarity). This
metric is particularly useful in evaluating the consistency of gene
expression profiles within specific tissues and across different
experimental conditions.

For instance, the heatmaps presented in Figures X and Y depict the
Pearson correlation coefficients for the Spleen and Blood T cell datasets,
respectively. The -xand ¥Yaxes of these heatmaps correspond to the
sample IDs, which are unique identifiers fbbetdatasets derived from

the GEO database. Each dataset represents a distinct sample
corresponding to a particular experimental condition or study. The
correlation values indicate the degree of similarity between these
datasets; for example, the Pearsonraation coefficient between
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GSM6430566 and GSM7184197 was calculated as 0.9, which suggests a
high degree of similarity in the gene expression profiles of T cells
between these two datasets.

From the analysis, we observed that the majority of the Pearson
correlation coefficients for T cell datasets were clustered around 0.8,
indicating a high level of consistency in T cell gene expression profiles
within a single tissue. This finding remainsbust even when the
datasets differ in critical experimental variables, such as health status
(healthy versus diseased), treatment regimens, age, sex, and specific cell
populations. These results highlight the inherent similarity in immune
cell profiles amss these datasets, suggesting that T cell gene expression
remains relatively stable despite variations in the experimental
conditions.

Tissues And Organs T Cells SCDC Profiles Pearson Correlation Heatmap
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FigurelO. T cells SCDC profiles Pearson Correlation Heatmap across all tissues
and organs
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In FigurelO, we extended this analysis to include a broader range of
mouse tissues and organs. For each tissue or organ, a singular SCDC
profile for T cells was calculated, and the Pearson correlation coefficients
between these profiles were assessed. While the mjaf the profiles
displayed strong correlations, we also identified several pairs with
relatively low correlation coefficients. Notably, the correlation between
Small Intestine and Blood T cell profiles was 0.38, and between Pancreas
and Aorta, it was @7. These low values suggest that T cell gene
expression profiles from these organs exhibit distinct patterns, likely
reflecting tissuespecific immune microenvironments and functional
states that influence gene expression.

Conversely, T cell profiles from the Spleen, an organ integral to the
immune system, showed relatively high Pearson correlation coefficients
with T cell profiles from other tissues. This is consistent with the Spleen's
role as a primary lymphoid organ, whi is rich in immune cells that
circulate throughout the body, thus potentially influencing immune
responses in other tissues. The high correlation between Spleen T cell
profiles and those from other immune organs further supports the
notion that immune cé# trafficking contributes to the similarity observed

in gene expression profiles across immune tissues.

The findings from this analysis suggest that T cell gene expression
exhibits a high degree of similarity across immune tissues such as the
Spleen, whereas neimmune tissues exhibit more divergent expression
patterns. These differences may reflect the dyme nature of immune
cells, including their capacity to migrate between tissues in response to
physiological and pathological cues. The low correlations observed
between norimmune tissues like the Small Intestine and Blood, as well
as Pancreas and Aort@mphasize the importance of tissispecific
factors in shaping the gene expression profiles of T cells.
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In conclusion, while immune cells from tissues like the Spleen exhibit
high correlation with other immune tissues, significant variability exists
between immune and noimmune tissues. This variability underscores
the complexity of immune cell behavior anitie need for careful
consideration of tissuspecific factors when interpreting T cell gene
expression data across different tissues and experimental conditions.

4.6.5Quality Control

In this study, the data preprocessing and QC procedures followed
rigorous protocols, as outlined in the Methods section, aimed at
eliminating noninformative and outlier data to enhance the overall
guality of the scRNAeq datasets. These processes aregnl to ensure

the biological relevance of the datasets and their suitability for
downstream analytical tasks.

In addition to the standard QC steps, an advanced QC method was
implemented, specifically designed for the analysis of T cell ssR§lA
data. This method is crucial due to the inherent challenges in the
isolation of distinct immune cell types, particulashen the cells are
highly similar at the molecular level. During cell isolation, especially
within the immune system, technical limitations often lead to the co
isolation of multiple cell types that share similar gene expression profiles.
This is particdrly evident in T cells, B cells, Natural Killer (NK) cells, and
other immune cell subsets, which exhibit substantial overlap in gene
expression, making it difficult to precisely isolate them at the shaglé
level.

Given these challenges, we incorporated biological knowledge to more
accurately filter out noAl' cell populations from the datasets. We
focused specifically on mouse T cells, leveragingestdiblished T cell
specific gene markers to ensure the accurdenitification and retention

of genuine T cells in the datasets. These markers, supported by extensive
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literature, provided reliable criteria for distinguishing T cells from other
immune cell types, which often exhibit similar gene expression profiles.

The key gene markers used for filtering in this study[&8e85]:

1 CD3Complex CD3G CD3D CD3E The CD3complex, an essential
component of the T cell receptor (TCR) signaling complex, is
expressed ubiquitously in all T cells throughout their development
and into their mature populations. The complex, which consists of the
subunitsCD3DCD3EandCD3Gis critical for initiating TCR signaling,
enabling T cell activation, differentiation, and function. Thus, the
presence of any of the thre€ED3subunits is a definitive marker for T
cell identity.

1 CD4:The CD4glycoprotein is predominantly expressed on helper T
cells CD4+T cells), but it is also found in regulatory T cells and certain
thymocytes. It serves as a key marker for classif¢bg+T cells and
plays a fundamental role in mediating immune responses. The
expression ofcD4is a hallmark of specific T cell subsets, particularly
those involved in orchestrating adaptive immune responses.

To ensure accurate identification of T cells, we established a rigorous
filtering criterion based on these two markers. Specifically, a cell was
considered a T cell if it expressed at least one of the subunits cZ &
complex CD3DCD3Eor CD3G and/or theCD4gene. Cells that lacked
expression of both th€D3complex andCD4were excluded from further
analysis. This step effectively removed ribrell populations from the
datasets, thereby improving the specificity and focus of the data.

Following the application of these QC procedures, the resulting dataset
predominantly contained T cells, significantly reducing the influence of
technical noise and potential misclassification due to thesodation of
similar immune cell types. The apgation of gene markebased QC was
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particularly valuable in eliminating contaminating cells that might have
confounded subsequent analyses, ensuring that only T cells with verified
expression of known T cell markers were retained.

By combining standard QC methods with biologically informed filtering
based on specific T cell gene markers, this study achieved an enhanced
level of purity in the dataset. This approach not only improved the
accuracy of subsequent analyses but also min@uiithe potential for

false positives or misclassification, which are common pitfalls in immune
cellbased studies. Ultimately, this twitered QC process ensures that
the dataset is robust, biologically meaningful, and vseited for
downstream machineeglarning analyses.

After applied the quality control methods on the collected datasets, the
number of T cells across different tissues and organs are shown in below.

Table8. the number of T cells across different tissues and organs

Tissue Number of Cell Tissue Number of Cell Count

Type  Study Count Type Study

Aorta 2 1,550 Lung 5 49,465
(2,986) (54,200)

Colon 3 45,906 Pancreas 3 18,291
(50,479) (20,926)

Blood 13 102,210 Pancreatic 3 20,000
(114,965) lymph (24,030)

nodes

Heart 2 20,380 Small 2 6,822
(22,439) Intestine (8,663)

Islets 6 29,573 Sleen 37 241,925
(42,748) (2,480,427)

Liver 2 7,198 Thymus 2 2597

(7,914) (13,873)
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The cell number before the quality control steps is in the parentheses.
4.6.6Build classification model for the origin of immune cell

We applied the same methodology and parameters used for training the
tissue and organ classification models to train the neural network model
for classifying the origin of immune cells.

Despite the implementation of robust training protocols and the
utilization of established model parameters, the performance of the
classification model for identifying the origin of immune cells remained
suboptimal, with an overall classification accuradyonly 53.7%. As
illustrated in theFHgure 11, classification results for T cells from certain
tissues, such as Blood, Colon, Lung, Small Intestine, and Spleen, were
notably poor.

Tissue and Organ Qrigin of T Cell Clasification Confusion Matrix

-6

Tue Tissue Label

-0.4

Pancreas

Pancreatic lymph nodes

Small intestine -

Spleen

Thymus

Pancreas -J=
Small intestine s

Pancreatic lymph nodes S

Predicted Tissue Label

Figurell. the result of classification, the overall accuracy was 53.7%.
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Based on the mouse cell type map we made before, mouse immune
system contains Blood and Spleen. Colon and Small Intestine contain
GutAssociated Lymphoid Tissue, GALT. In biology, most immune cells
that are known to migrate across tissues and organs, aafhgbetween
immune system.

Table9. mouse immune systems

Immune system

5.1Bone marrow 5.6 Skin

5.2Lymphatics 5.7 Blood

5.3Spleen 5.8 Mucous membranes

5.4Thymus 5.9 White blood cells
GutAssociated  Lymphoi

5.5Tissue, GALT

So, we made a superclass immune system that contained blood, colon,
lung, small intestine and spleen. The classification accuracy was,70.6%
as Figure 2 shown The classification results of most of cells were
improved, but it is still not good.
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Tissue and Organ Origin of T Cell Clasification Confusion Matrix

Immune system

-0.6

Islets

-0.4

Pancreas

Thymus

Hforta Heart Immune system Islets Liver Pancreas Thymus
Predicted Tissue Label

Figure 2. the result of classification

Upon further investigation of the SCDC profiles of T cells across these
tissues, we found that the Pearson Correlation Coefficients between the
profiles were strikingly high, indicating a strong degree of similarity in
gene expression profiles. This suggabat T cells across these tissues
may, in fact, represent highly similar or potentially identical populations,
thus contributing to misclassification. The elevated correlation
coefficients point to the possibility of shared T cell subtypes among these
tissues, which are biologically interconnected, complicating their
differentiation at the molecular level. Consequently, the
misclassification of T cells from these tissues can largely be attributed to
the intrinsic similarity of the gene expression signatl

From a biological perspective, the mouse immune system encompasses
key organs such as the Blood and Spleen, both of which are central to
the functioning of the immune response. Additionally, tissues like the
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Colon and Small Intestine are closely associated withhASabciated
Lymphoid Tissue (GALT), a critical component of the mucosal immune
system. In the context of immune cell dynamics, it is \@sthblished

that a variety of immune cells, particularly Tllse are capable of
migrating between tissues and organs, a phenomenon that contributes
to the homogeneity of immune cell populations across different
anatomical sites. The migratory nature of immune cells, especially those
within the immune system, furthre compounds the challenge of
accurately classifying their origin, as cells that share similar gene
expression patterns may be derived from distinct tissues.

This biological fluidity, wherein immune cells traverse various tissue
environments, underpins the misclassification observed in these tissues.
The highly similar expression profiles of T cells across these diverse
anatomical locations suggest that thesells, despite originating from
distinct immune or noAmmune tissues, undergo functional adaptation
and gene expression changes that mask their tisspeific origins. This
illustrates the complexity of immune cell classification, particularly when
consicering the dynamic and multifaceted nature of immune cell
trafficking and the intricate tissuspecific immune responses.

4.7 Metadata Repository

The lack of a comprehensive, standardized, and-&rsemdly repository

for mouse scRNAseq data remains a significant gap in the field of
transcriptomics. While the GEO database has long served as a pivotal
resource for genomics and bioinformatics research, several inherent
limitations have surfaced as the scRBEY field advances. Daite its
widespread adoption, the GEO database exhibits critical challenges in
terms of data accessibility, retrieval, annotation, and analytical
capabilities, which hindetg utility for cuttingedge research.

A major shortcoming of the GEO database is the inadequate
implementation of advanced filtering and search functionalities, which
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severely limits the efficiency of dataset retrieval. Researchers frequently
encounter difficulties in pinpointing datasets that align with their specific
research objectives, as GEO lacks customizable filtering options that
would allow users to filter bagseon experimental conditions, sample
types, or metadata criteria. Consequently, the process of navigating
through the database is cumbersome, often requiring manual curation
of large volumes of data, especially in the context of lesgale studies

or multifactorial experimental designs. This reliance on manual selection
introduces significant inefficiencies and increases the risk of overlooking
important datasets or incorporating irrelevant data, thereby
compromising the validity of downstream analyses.

Additionally, the lack of standardization in data annotation within the
GEO repository poses another substantial challenge. While there are
guidelines for data submission, there is no consistent protocol for data
formatting or metadata description acrossifférent studies. This
inconsistency in data presentation and annotation makes it exceedingly
difficult to compare, integrate, or synthesize datasets from diverse
studies. As a result, researchers often face significant barriers when
attempting to draw meaingful conclusions from heterogeneous
datasets, as the absence of uniform annotation precludes the
establishment of common frameworks for data integration and cross
study analysis.

To address these limitations, we propose the development of a-next
generation repository designed to seamlessly integrate diverse omics
data types, enforce rigorous data standardization protocols, and provide
intuitive, userfriendly interfaces for data gtoration, visualization, and
analysis. Our proposed metadata repository will consolidate datasets
derived from GEO and other publicly available sources, with a particular
focus on mouse tissues and organs, offering a comprehensive and unified
platform for researchers to access higjuality data.
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The metadata repository will be meticulously designed to include
detailed annotations for each dataset, encompassing key information
such as sample identifiers, genomic versions, experimental conditions,
data formats, study types, and any relevant desdoviptmetadata. For
instance, we have curated a collection of 1459 mouse brain datasets,
which encompass a wide array of experimental conditions, including
various brain regions (e.g., cortex and hippocampus), distinct
developmental stages, health conditigngenetic backgrounds, and
treatments. By systematically cataloging and annotating these datasets,
we will facilitate efficient searching, filtering, and retrieval of data based
on specific research needs, thus enhancing the accessibility and utility of
the datasets.

By consolidating diverse datasets from mouse tissues and organs,
implementing rigorous data standardization practices, and offering
advanced analytical methods, our proposed database and data
processing and analysis workflow will fill a critical gap in ¢bheent
ScRNAseq research ecosystem. The new workflow will provide a
comprehensive, efficient, and standardized framework for data
exploration, analysis, and interpretation, ultimately advancing the
understanding of tissuspecific gene expression andcii#ating new
discoveries in the fields of transcriptomics and systems biology.

5. SingleCell Transcriptomic Profiling and Analysis
of Chinese Human Retina

Chapter 4focused onmouse multitissue/organ system, wewould
examine different biological systentise human retinan Chapters. The
constructed mouse cell atlas and established standard analytical
workflow in Chapter 4 serves as a methodological and conceptual
foundation for the analyses conducted in Chapteiltiey represent two
interconnected components of a unified research framework designed
to address both fundamental biological questions and clinically relevant
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disease mechanisms$pecifically, the muHiissueforgan classification
framework established in the mouse model provides:

(1) A proof-of-concept demonstration of crogsssudorgan celktype
resolution usinghon-linear methods like ANNs

(2) A benchmark for constructing a unified ontological structure,
integrating hierarchical annotation, feature prioritization, and Horear
classification;

(3) A generalizable analytical paradigm for understanding -tygé
heterogeneity and tissuspecific transcriptional programs.

These methodological advances directly inform the human retina study.
The retina is a highly specialized extension of the central nervous system
and is unique in its cellular complexity, structural organization, and
vulnerability to metabolic disease. Byst establishing a robust muiti
organ analytical framework in mouse, the thesis bl scalable
workflow capable of handling complex biological tisgasgans and
diverse cell populations, which is essential for addresfieghallenges

in human retinalanalysis The computational strategies developed in
Chapter 4including hierarchical atlas constructiotata preprocessing
workflow, non-linear feature extraction, and tissimrgan-specific
classificatiorform the analytical backbone for the retinal singlell atlas
andthe classification model developed in Chapter 5.

Biologically, the transition from a systewide atlas to a diseas®cused
organspecific analysis reflects a natural progression in translational
research, moving from understanding the global landscape of cellular
diversity to applying this knowledge ®&pecific pathological contexts.
Many of the principles learned from the mouse modekh as lineage
relationships, molecular signatures of stromal and immune
compartments, and crosssudorgan transcriptional variabilityare
directly relevant to deciphaéng retinal cell heterogeneity,
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developmental stagegelttype dysfunction in diabetic retinopathy (DR).
Crossspecies transcriptomic conservation, extensively documented in
prior studies[86-87], further supports the rationale for using insights
from mouse multiorgan data to inform human retinal disease modeling.

Most importantly, the neural networddbased classification strategy
implemented in both chapters provides a cohesive methodological
thread. In Chapter 4, the model is applied to resolve organ identity across
multiple tissues; in Chapter 5, the same concgptiiramework is
extended to distinguish disease states (NON, DM, DR) in a highly
specialized organ. Together, these chapters represent a continuum of
research progressinffom general atlas constructioto ML-based cell
classification, to clinical biomarkediscovery, thereby demonstrating
how a unified computational strategy can bridge mialtgan biology and
human disease applications.

5.1 Research Design
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Figure B. the research workflow design

5.2 Methodology
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This chapter provides a detailed account of the methodologies employed
throughout the study. Initially, it focuses on the construction of kigh
resolution singlecell transcriptomic atlases, which form the
foundational framework for subsequent analyses, eofig a
comprehensive map of cellular diversity across tissue and organoid
systems. These atlases are pivotal in capturing the transcriptional
landscape at singleell resolution and serve as the basis for
understanding cellular heterogeneity. Followingistha rigorous and
standardized data processing pipeline is outlined, encompassing data
preprocessing, normalization, quality control, and subsequent analyses
of scRNAseq data. This pipeline ensures the reproducibility and
consistency of the results, allang for precise identification of cell types,
subtypes, and their transcriptional profiles. Lastly, a sophisticated
machine learninglriven framework is introduced, integrating both
supervised and unsupervised algorithms to explore the complexities of
cel-type classification, disease state differentiation, and cellular
heterogeneity. This framework is crucial in identifying key genes and
biomarkers associated with cellular behaviors and pathological
conditions. By combining these methods, the study essalels a robust,
scalable approach to deciphering the intricate molecular networks
underpinning cellular function and disease mechanisms.

5.2.1 Atlas Construction

We have undertaken the construction of the first comprehensive single
cell transcriptomic atlas of the human retina from Chinese donbinss
atlas was generated through the analysis of fresh retinal samples,
including both living donor and postortem specimens, to capture the
cellular diversity and molecular characteristics inherent to this ethnic
group. By utilizing higthroughput scRKW-seq data, we aimed to identify
retinal cell type diversity, molecular signatures, and subtgpecific
biological fundbns that are unique to the Chinese population. This
systematic characterization facilitates a deeper understanding of how
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populationspecific genetic variations influence retinal cell biology, as
well as how these variations may contribute to differential susceptibility
to retinal diseases.

Our approach encompasses the integration of cutiuye technologies,
such as the 10X Genomics Chromium platform for sioglecapture,
followed by lllumina sequencing to produce higdsolution data that
allows for precise gene expression profilingtla¢ individual cell level.
This atlas will not only fill a critical gap in the existing literature but also
serve as a valuable resource for future studies into retinal development,
cellular interactions, and disease pathogenesis in Chinese populations.
Ultimately, this ethniespecific reference will contribute to advancing our
understanding of retinal biology and offer crucial insights into genotype
environment interactions that shape retinal health and disease
susceptibility, particularly within the cont of Asian populations.

5.2.2 SamplePreparation

Tissue was processed for scRd&Y using a detailed dissociation
protocol utilizing the Worthington Papain Dissociation (catalog no.
LK003150.bx, Worthington Biochemical Corporatiotd ensure high
quality cell suspension with minimal degradatiorhe tissue samples
were initially kept on ice and carefully dissected int@ 2nm fragments

to maintain tissue integrity. These fragments were incubated in RPMI
medium containing a specified enzyme mix (Miltenyi Biotec) at 37°C for
15 minutes, promoting fficient enzymatic dissociation of cellular
components. The tissdenzyme mixture was then transferred to a
gentleMACS C tube (Miltenyi Biotec) containing additional RPMI and
enzyme solution for further dissociation using a gentle, mechanical
process. Faliwing dissociation, the resulting singtell suspension was
filtered through a 70 um cell strainer to remove larger tissue debris, and
the filtrate was centrifuged at 300 x g at 4°C for 10 minutes to pellet the
cells.
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To eliminate contaminating erythrocytes, the cell pellet was
resuspended in 10 times the volume of 1x Red Blood Cell Lysis Solution
(Miltenyi Biotec) and incubated on ice for 10 minutes. This step was
followed by a second centrifugation to collect the gmdllet, which was

then resuspended in 1x PBS (phospHaiéfered saline) supplemented
with 0.04% BSA (bovine serum albumin) to prevent cell aggregation. The
concentration of viable cells was adjusted to a range ofcZQ00
OStftak>[ 3 Sy slitgMaslidve 83; ds assesssd ugirglthé
CountStar cell counter, a key step for ensuring kgghlity library
preparation.

For singlecell RNA sequencing, libraries were prepared using the
Chromium Single Cell 3' Library & Gel Bead Kit (10X Genomics,
PN1000268), which employs advanced gel beaeimulsion (GEM)
technology to encapsulate individual cells with unique barcodes,
enabling the capture of their transcriptomes in a hitfimoughput
manner. In total, 10,000 viable cells per sample were used for library
construction. Following the library preparation, sequencing was
performed on the lllumina platform, generating higjuaity reads for
subsequent analysis.

To ensure the integrity and reliability of the scRbkEY data, stringent
guality control measures were applied to the raw sequencing reads.
Reads containing more than three 'N' bases, those with over 20% of
bases exhibiting a quality score below 5, andsth@ontaining adapter
sequences were filtered out. These rigorous quality control procedures
were crucial for maintaining the high fidelity of the data and ensuring
that only the most reliable reads were retained for downstream
bioinformatic analysis, sucéis cell type identification, gene expression
profiling, and differential expression analysis.

5.2.3 Singlecell RNA SequencirngataGeneration
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Raw sequencing reads were processed through demultiplexing and
subsequently aligned to the human reference genome (GRQ0O38A)
using the Cell Ranger software suite from 10X Genomics, with default
parameters (https://www.10xgenomics.com/support/softwar|F
ranger)[88]. Cell Ranger manages FASTQ files by performing essential
tasks, including alignment, quality control filtering, barcode
identification, and unique molecular identifier (UMI) quantification.
During alignment, the reads are mapped to theference genome,
ensuring accurate and reliable transcriptional data while mitigating
alignment errors. The barcode identification step leverages Chromium
cellular barcodes, which are crucial for distinguishing individual cells
within the pooled singleell libraries. These barcodes allow for the
attribution of gene expression data to specific cells, even in -high
throughput datasets containing millions of cells.

In parallel, UMI quantification helps to eliminate PCR amplification
biases by distinguishing between unique transcripts and those arising
from amplification errors. This results in more precise quantification of
gene expression levels, enhancing the olledata quality. After these
processing steps, featwigarcode matrices are generated, where each
row represents a gene feature and each column corresponds to a cellular
barcode, providing a clear representation of the gene expression profiles
of individud cells. These matrices form the foundation for downstream
analyses, including dimensionality reduction, clustering, and gene
expression analysis.

CKAA O2Z2YLINBKSYaA@S RIFEGlF LINRPOSaaAy3
robust algorithms, ensures that higjuality, reproducible, and
biologically relevant data are generated, providing an essential resource

for exploring cellular heterogeneity, gene regtdry mechanisms, and
diseaseassociated pathways at singtell resolution.

5.2.4 Quality Control and Doublets Removal
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Following the initial processing of raw data using the 10X Genomics Cell
Ranger pipeline, we obtained the standard output files, including
barcodes, feature annotations, and expression matrices, for downstream
analysis. To ensure the integrity and biol@gicelevance of the data,
rigorousQC procedures were applied to filter out uninformative, outlier,
and erroneous cells. The primary quality control measures focused on
gene expression and the proportion of mitochondrial reads, both of
which serve as indators of cell health and quality.

Highquality cells were defined based on the following criteria: (1) each
cell expressed more than 50 genes, (2) the total number of counts per
cell exceeded 400, and (3) the fraction of counts originating from
mitochondrial genes was less than 10%. Thissesholds were set to
ensure that only cells with sufficient transcriptional coverage and
minimal mitochondrial contamination, indicative of healthy cells, were
retained for analysis. Cells failing to meet these criteria were classified
as lowquality andexcluded from further analysis, thereby improving the
accuracy and reliability of subsequent findings.

To further refine the dataset, we performed an additional layer of quality
control by identifying and removing cell doublets, which occur when two
or more cells are erroneously captured together, resulting in mixed
transcriptomic profiles. The presencedwublets can significantly distort
downstream analyses, such as clustering andtgp# identification. To
detect these doublets, we employed the Scrublet algorithm, a robust
tool implemented in Python that uses a nearestighbor classifier to
differentiate observed transcriptomes from simulated doublgg]. The
algorithm generates synthetic doublets by combining the expression
profiles of two individual cells, mimicking the potential outcome of
doublet formation. It then calculates the similarity between each
20 8aSNWBSR O0StfQa SELINBddeublg@spasedvBaF A £ S
set of nearesneighbor featuresBy comparing the expression profiles
of individual cells to a simulated set of doublets, Scrublet effectively flags
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those cells that exhibit characteristics consistent with doublet
contamination. Identified doublets were removed from the dataset,
ensuring that the remaining cells accurately represent individual
biological entites{ ONXz6 f St Qa SFFSOGALBSySaa f,;
between true singlecell profiles and mixed doublet profiles, even in

large and complex datasets.

These comprehensive quality control steps, including the removal ef low
quality cells and doublets, were essential in improving the accuracy and
reliability of the final dataset. This rigorous filtering process significantly
reducedthe computational noise anthe potential for bias and artifacts,
enabling more accurate and biologically meaningful analyses of cellular
heterogeneity, gene expression dynamics, and the identification of novel
cell populations. By ensuring the integrity of the data, we were able to
enhance the robustness of subsequent analyses, including clustering,
differential gene expression, and the characterization of cell types and
disease states.

5.2.5BatchHfect and Data Integration

Following rigorous quality control procedures to ensure the selection of
high-quality data for downstream analysis, the challenge of batch effects
emerged as a critical factor that could compromise the accuracy of
subsequent analyses. Batch effects ardeysitic variations introduced
during experimental procedures, such as sample collection, processing,
or sequencing across different time points or conditions. These
unwanted technical variations can lead to distortions in clustering,
misclassification of all types, and erroneous conclusions, making it
essential to address them to ensure reliable and biologically meaningful
results.

To mitigate these batclpecific biases, we employed the Batch Balanced
K-Nearest Neighbors (BBKNN) algorithm, a powerful technique
specifically designed for correcting batch effectseRNAseqgdata[9(].
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BBKNN operates by first identifying th@&arest neighbors for each cell
from its respective batch. This step allows the algorithm to capture local
structure within the data while accounting for the batch labels.
Importantly, BBKNN then combines the nestraeighbors from multiple
batches into a unified set of final neighbors for each cell. This combined
set represents the integrated neighbor list, which enhances the
clustering process by incorporating information across batches.

The core idea of BBKNN lies in its ability to balance the contributions of
each batch when constructing the final set of neighbors for each cell. By
aligning similar cells from different batches based on their transcriptional
profiles, BBKNN ensures thaiblogically relevant variationssuch as

cell type or subtype are preserved, while technical variations specific
to individual batches are effectively minimized. This results in the
merging of data from different samples without distorting the biological
signals, leading to more accurate clustering, dimensionality reduction,
and overall data integration.

YbbQa FoAfAGe G2 NBUOGFIAY 0A2E23AO0
induced artifacts makes it an ideal tool for crdsstch integration in
scRNAseq studies. The method has proven effective in eliminating
unwanted technical variation, facilitating thedentification of true
biological patterns across datasets, and enhancing the precision of
downstream analyses such as cell type identification, differential gene
expression analysis, and the discovery of novel cellular subtypes. By
applying BBKNN, we aem®d that our dataset reflects genuine biological
diversity rather than batchelated noise, ultimately providing a more
robust foundation for accurate and reproducible conclusions in cellular
and diseaseelated research.

5.2.6 DataNormalization andScaling

The raw scRN&8eq data underwent comprehensive normalization and
scaling to address inherent technical variabilities and to ensure the
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accuracy and biological relevance of downstream analyses. The Scanpy
Python toolkit (v1.10.1) was employed for all preprocessing tf&Ks

One of the primary challenges in scRd&¥ data analysis is the presence

of substantial technical bias arising from variations in sequencing depth,
cell capture efficiency, and library construction across individual cells.
These technical factors can tk#o significant discrepancies in transcript
counts, complicating the comparison of gene expression profiles across
cells and hindering the identification of true biological signals.

To mitigate these issues,laglp transformation can be applied to the
raw gene expression counts, which involves taking the natural logarithm
of the gene expression values after adding a small pseudocount of 1. This
transformation serves several purposes. it reduces the skewed
distribution often observed in raw scRM&q data, where lowly
expressed genes dominate the dataset; it stabilizes the variance across
cells; and it brings the data closer to a normal distribution, which is
essential for many downstam methods, including-$NE and UMAP.
These dimensionality reduction techniques rely on elhaved data
distributions to accurately preserve the relationships between cells and
allow for meaningful visualization and clustering.

Following log transformation, the data were subjected to normalization
to account for the inherent differences in sequencing depth between
cells. Normalization adjusts for the fact that some cells may have been
sequenced more deeply than others, leadinditgher total read counts.

By normalizing each cell's gene expression data based on its total count,
we ensure that the differences in gene expression reflect biological
variability, rather than technical artifacts related to sequencing depth.

Subsequently, scaling was applied to ensure that all genes were on a
comparable numerical scale. Scaling involves centering the gene
expression values of each gene around zero and standardizing the
variance to one. This step prevents genes with higherawag or
extreme expression values from disproportionately influencing
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downstream analyses, particularly those based on dimensionality
reduction or clustering. The scaling process ensures that all genes
contribute equally to the analysis, facilitating the identification of
meaningful biological signals across the dataset.

Together, normalization and scaling significantly improve the quality of
the data by mitigating technical biases and standardizing gene
expression measurements across cells. These preprocessing steps are
critical for ensuring that subsequent analysesuchas dimensionality
reduction, clustering, and differential expression analysse based on
data that accurately reflect the underlying biological differences
between cells. By minimizing the impact of technical variation, these
steps enable more reliablend reproducible identification of cellular
heterogeneity, gene regulatory networks, and diseassociated
pathways, ultimately leading to a more accurate understanding of the
biological systems under investigation.

5.2.7 DataDimensionality Reduction andCell Qustering

ScRNAseq datasets typically measure the expression of thousands of
genes, many of which exhibit minimal variability across cells and offer
limited capacity for distinguishing cell types. These-\@siability genes
contribute to the high dimensionality othe data and introduce
significant stochastic noise, which can obscure biologically meaningful
signals. To address this, we applied a variance stabilization protocol that
retained the top 5,000 highly variable genes. This approach prioritized
genes with he greatest variation across the dataset, ensuring that those
most likely to reflect cell state and identity were preserved for
downstream analysis, while minimizing the impact of aoformative
features.

Following feature selection, we performed PCA on the filtered gene
expression matrix to further reduce dimensionality. PCA is a linear
transformation method that projects the data into a reduced space,
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optimizing for the capture of maximum variance in the dataset. This
dimensionality reduction step serves to filter out technical noise and
highlight the most significant biological variation in the data, facilitating
clearer insights into cetb-cell reldionships. By condensing high
dimensional expression data into principal components, PCA enhances
the interpretability of the dataset and improves the performance of
subsequent clustering and visualization techniques, such&¥E and
UMAP.

To identify transcriptionally distinct subpopulations of cells, we applied
the Leiden algorithm for grapbhased clustering. The Leiden algorithm is
particularly wellsuited for scRNAeq data due to its efficiency in
detecting biologically coherent cluster of cells with similar
transcriptional profileqd92]. It constructs a fearest neighbors (KNN)
graph, where each cell is connected to its nearest neighbors based on
gene expression similarity. By varying the resolution parameter between
0.02 and 2.00, waelteratively optimized the clustering to capture
biologically meaningful partitions of the dataset. This flexibility allows for
the detection of clusters at varying granularities, ensuring that cell
populations are represented at appropriate levels of dieta

For visualizing the clustering results and gaining insights into the global
structure of the data, we employed Uniform Manifold Approximation
and Projection (UMAP). UMAP is a Aorear dimensionality reduction
technique designed to preserve both localustiure (nearby cells) and
global structure (overall relationships) in the data. By projecting the cells
into a two-dimensional space, UMAP provides an intuitive visualization
of the transcriptional diversity across clusters, facilitating the
identification of distinct subpopulations. This method allows for easy
interpretation of complex scRNgeq data, highlighting clustespecific
gene expression patterns and providing an accessible view of cellular
heterogeneity within the tissue or experimental model.
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Through this integrated approathvariance stabilization, PCA, Leiden
clustering, and UMAP visualizationmve were able to efficiently reduce
dimensionality, remove technical noise, and reveal the underlying
transcriptional diversity within the dataset. Tliemprehensive strategy
enables the accurate identification of biologically relevant cell
subpopulations, supports the investigation of cellular transitions, and
provides key insights into the molecular basis of cell type differentiation
and tissue organizen.

5.2.8 Cell Type Annotation

Cell type annotation was conducted through a manual, integrative
methodology, combining the insights gained from dimensionality
reduced embeddings with the expression of wedltablished marker
genes, alongside existing biological knowledge. This apprabmived

for the accurate delineation of distinct cellular subpopulations within the
dataset. The primary tool for visualizing the structure of the data was
UMAP, which provided a higjuality, nonrlinear two-dimensional
projection of the scRNA&eq data. UM\P effectively preserved both local
and global relationships within the dataset, enabling the identification of
well-separated clusters that corresponded to different cell types,
subtypes, or differentiation states.

Following the identification of these clusters, canonical marker genes
were used to annotate the cell types of each cluster. Marker genes,
which are widely recognized in the literature for their egfpe specificity,
served as key identifiers for assiggirbiological significance to the
clusters. For example, the expressionGid4and CD8markers was used

to identify T cells, while Rhodopsin and Cone Opsin were used to
annotate photoreceptor cells. This integration of known gene markers
with the UMARderived cluster structure allowed for a biologically
informed and accurate assignment dadlictypes. The method ensured
that each cluster was attributed to a specific cell type or state based on
its transcriptional profile, enhancing the interpretability of the data.

114



Student ID: 20474543 Thesis Sen LIN

In cases where novel or leskaracterized cell populations were
identified, we further validated the annotations by cresgerencing the
expression profiles with external reference datasets and gene expression
atlases. This step allowed for the considtalignment of the newly
identified cell populations with previously documented cell types,
ensuring the robustness and accuracy of the annotations. Additionally,
we incorporated differential gene expression analysis to further refine
the clustering and amotation process, enabling the identification of
subtle transcriptional differences between closely related
subpopulations or specific cellular states (e.g., activation, differentiation).

To address the complexity of tissues with heterogeneous or novel cell
populations, we also employed functional gene signatures to define
clusters that exhibited unique biological behaviors, such as immune
activation or neuronal differentiation. This integive approach,
combining dimensionality reduction (UMAP), marker gene expression,
reference dataset comparison, and differential expression analysis,
allowed for a nuanced understanding of the cellular heterogeneity within
the sample.

Ultimately, this comprehensive annotation process facilitated a deeper
understanding of the biological diversity and functional specialization
within the dataset, enabling the identification of distinct cellular entities
that were critical to understandingellular behavior in the context of
development, disease, or other biological processes.

5.2.9 Differential Expression Analysis

To elucidate the molecular distinctions between transcriptionally
defined retinal cell types and subtypes, we performeifferentially
expressed genes (DEGm)alysis following cell type annotation. The
analysis was conducted using the FindAllMarkers function from the
Seurat R package (v5.2.0) within the R statistical computing environment
(v4.4.1), a widely adopted framework for scR&&Y analysi$93]. This
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function enables the systematic comparison of gene expression profiles
across clusters to identify cell tygoriched marker genes, providing a
foundation for characterizing cell identity and functional states.

We employed the Wilcoxon Rank Sum test, a-pamametric statistical
method weltsuited to the zereinflated and nomnormally distributed

nature of sScCRNAeq data, to assess the statistical significance of gene
expression differences between clusters. Tosa@e robust and
biologically meaningful comparisons, only genes expressed in at least 20%
of the cells within a given cluster were retained for testing, thereby
filtering out sporadically expressed transcripts that may arise from
technical noise.

C2NJ SIIOK 3ISyS (SaGdSRX GKS I gSNY 3S
calculated to quantify the magnitude and direction of differential
expression between the target cluster and all other cells. Genes with a
positive avg_log2FC were considered upregulatetijle those with
negative values were considered downregulated within the cluster. To
stratify genes by effect size, we defined transcripts with |avg_log2FC| >
1 as exhibiting higimagnitude differential expression, indicative of
strong transcriptional enchment or depletion. However, given the
biological complexity of retinal tissuesvhere tightly regulated
developmental and homeostatic processes may involve subtle
transcriptional modulatiom genes with smaller fold changes were also
retained when supportd by prior biological knowledge or consistent
expression trends across cell populatioiite resulting DEG lists were
then filtered to exclude seknked genes (e.g., X and Y chromosome
genes), which may introduce bias. The final DEG lists were curated for
both upregulated and downregulated genes that met the established
thresholds for statigtal significance and biological relevance, ensuring
that the identified genes have robust and reproducible expression
differences across the experimental conditions.
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This DGE framework enabled the resolution of cell tgpecific
transcriptional signatures, facilitated the identification of functional
markers, and supported the inference of biological pathways associated
with each cell population. By combining robudatsstical testing,
stringent inclusion criteria, and foldhange thresholds, the approach
ensured both sensitivity and specificity in detecting transcriptional
differences, thereby contributing to a higiesolution understanding of
cellular heterogeneitywithin complex tissuesThis analytic framework
enabled the identification of both strongly discriminatory markers and
subtly regulated genes, offering a nuanced view of the transcriptional
heterogeneity inherent.

5.2.10 EnrichmentAnalysis

To systematically uncover the biological functions and regulatory
mechanisms underlying the transcriptional heterogeneity of retinal cell
types and subtypes, we performed comprehensive Gene Ontology (GO)
and Kyoto Encyclopedia of Genes and Genomes (KE@Ghneent
analyses on DEGs identified from clusigése comparisons.

1. Gene Ontology (GO) Enrichment Analysis

GO enrichment analysis was conducted to determine whether specific
biological processes (BP), molecular functions (MF), or cellular
components (CC) were significantly overrepresented among DEGs
relative to a genomavide background. This approach enables th
identification of biological programs potentially responsible for driving
cellular identity, developmental state, or functional specialization within
the retina[94].

The analysis was implemented using the enrichGO() function from the
clusterProfiler R package (v4.12.6), utilizing gene annotations from the
Homo sapiens reference database. Statistical significance was evaluated
using the hypergeometric test, which estitea the probability of
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observing the overlap between the input gene set and annotated GO
terms by chance. To correct for multiple hypothesis testing and control
the false discovery rate (FDR), the Benjagtinichberg (BH) procedure
was applied. GO terms with adjustedvplues (gvalues) < 0.05 were
considered statistically significant and retained for biological
interpretation. Enriched GO categories were further structured into
hierarchical domains to facilitate the identification of broad functional
themes and cell typspecificprocesses.

2. KEGG Pathway Enrichment Analysis

To complement GO analysis and assess the functional relevance of DEGs
within canonical biological pathways, we performed KEGG pathway
enrichment analysis. The Kyoto Encyclopedia of Genes and Genomes
(KEGG) is a curated knowledgebase that integrates gemeswiell-
defined signaling, metabolic, and regulatory pathways, offering a
systemslevel framework for understanding transcriptional chanff#s.

Enrichment testing was carried out using the enrichKEGG() function from
the clusterProfiler package, with reference to the KEGG Homo sapiens
pathway annotation database. As in the GO analysis, the hypergeometric
test was used for overepresentation assessent, followed by
BenjamingHochberg adjustment to account for multiple testing. KEGG
pathways with gvalues < 0.05 were considered significantly enriched.
Enrichment results were visualized using dot plots and KEGG pathway
diagrams, enabling the identiiton of active regulatory circuits and
potential functional convergence within specific retinal cell populations.

3. Enrichment Visualization

To facilitate the interpretation of functional enrichment results and to
enable systematic comparison across cell types or conditions, we
employed advanced visualization techniques and complementary
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enrichment methodologies using the clusterProfiler and enrichplot R
packages.

Enriched GO terms and KEGG pathways were visualized using dot plots
(dotplot function in clusterProfiler), which offer a concise and
interpretable representation of complex enrichment outputs. In these
plots, each enriched term is visualized as a dot, wher

1 The yaxis represents the GO term or KEGG pathway,

1 The xaxis reflects the gene ratio (i.e., the proportion of input genes
associated with the term),

1 The size of the dot indicates the number of overlapping genes
between the input list and the annotated gene set,

1 The color gradient corresponds to the adjustedglue or gvalue,
with deeper hues denoting stronger statistical significance.

This format enables simultaneous visualization of term relevance (via
gene ratio and count) and statistical robustness (weajue), thereby
supporting rapid identification of the most biologically meaningful
annotations.

4. Interpretation and Utility

By integrating GO and KEGG enrichment analyses, we obtained a
functional overview of the transcriptomic architecture of human retinal
cells. These analyses facilitated the detection of key biological themes
such as neuronal communication, immune responseduatation, and
metabolic homeostasiswhich vary across distinct cell types and
subtypes. This multayered functional annotation provided mechanistic
insights into cellular diversity and revealed contspecific regulatory
networks critical for retinal pysiology and pathophysiology.

5.2.11 Cellcell communication network analysis
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To characterize intercellular signaling within the retinal ecosystem, we
leveragedCellChat (v2.1.2), which fuses sifjidl transcriptomic data
with a comprehensive ligamgeceptor interaction repository
(CellChatDB)96]. Beginning with normalized expression profiles and
curated celkype labels, we isolated genes encoding known ligands,
receptors, and cofactors. Interaction probabilities were then inferred by
aggregating expression levels across each cell population using a
trimmedZnean approach, thereby reducing the influence of outliers and
ensuring robust estimates of interaction strength. These pairwise
interaction sores were further consolidated intopathwaydevel
communication metrics, reflecting the collective activity of canonical
signaling cascades (e.g., Notch, WNT, EGF) across all cell types.

We initialized a CellChat object using createCellChat(), supplying
normalized gene expression matrices andAygle labels derived from
clustering.Using subsetData(), we filtered for genes encoding known
ligands, receptors, and cofactors, thereby focusing analysis on
biologically relevant signaling components. The
identifyOverExpressedGenes() function identifies ligands and receptors
significantly upregulated within each cell population (default threshold

t f ndnpoI ol &SR 2y lewok/SdbIFe§usdly (0 A I
identifyOverExpressedinteractions() pairs these overexpressed ligands
and receptors across cell populations to generate a preliminary
interaction network.Leveraging computeCommunProb(), we calculated

the communication probability for each ligag@ceptor pair between

sender and receiver cell groups. Expression values were aggregated per
OStf &adzoniellS dzaAy3a GKS {ndndiYeBR Y S
counts, requiring a minimum of 10 cells per cluster to ensure statistical
robustness. With  computeCommunProbPathway(), individual
interaction scores were aggregated to infer the overall activity of
canonical signaling pathways, summing the contributions of all ligand
receptor pairs within each pathwayUsing aggregateNet(), we
constructed a comprehensive communication network, in which nodes
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represent cell types and edge weights encode the summed
communication probabilitiesGenerates a circular layout where node

size denotes total signaling output or input and edge width corresponds

to interaction strength. We applied netAnalysis_signalingRole() to

OF 6S3I2NAT S SIOK OSftft GeLls +ra | a
GAY Tt dzSYOSNE GAGKAY SIFOK araaylrfAiy3
flow and hierarchical organization of intercellular communicatiBiy.
quantifying both the strength and hctionality of ligandreceptor
interactions, CellChat analysis uncovered key signaling modaliesh

as Notch, WNT, EGF, and ¥GF LJ- (tKaad idedtified principal cell

types responsible for signal propagation or reception. This network
centric approah provided mechanistic insight into the cooperative and
regulatory relationships among retinal cell populations, highlighting
potential therapeutic targets and intercellular dependencies that govern
tissue homeostasis and disease progression.

The resulting weighted, directed communication network comprises
nodes representing annotated cell populations and edges weighted by
inferred signaling probabilities. Network topology was interrogated to
RSEtAYSIFEGS LINRYI NBE d&aSy RéingEsignals), OSt €
GNSOSAOSNEE 00Stfa LINBR2YAYylFGSte N
that bridge distinct cefcell interactions. Visualization in multiple
formatst including radial network diagrams to portray global
connectivity, bubble charts to copare pathwayspecific interaction
strengths, and heatmaps to reveal figeale crosstalk patterms
enabled intuitive exploration of intercellular dependencies. This
integrative, modefiriven framework thus provides a quantitative,
systendevel view of ligangreceptor crosstalk in the human retina,
pinpointing potential signaling hubs that underlie tissue organization and
disease processes.

5.2.12 Machine Learning
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To systematically identify diseasssociated gene signatures at sirgle

cell resolution, we developed a robust and interpretable machine
learning pipeline designed to classiBlitypes and subtypes, and disease

states (e.g., healthy, diabetic, diabetic retinopathy) based on
transcriptomic profiles within each annotated retinal cell type. This
approach accounts for the high dimensionality, sparsity, and
heterogeneity intrinsic to &(RNAseq data and emphasizes biological

interpretability, statistical rigorand stability of feature selectiof®7].

1. Differential Expression Filtering and Feature Set Construction

Following cell type annotation against a comprehensive reference atlas,
we performed differential expression analysis within each cell type
separately. This strategy ensures that intgoup transcriptional
differences are not confounded by underlying drénces in cell
composition across cell types or disease states.

For each pairwise cell types or disease states comparison, we selected
0KS G213 pn 3ISySa gAGK OG0KS KAIKSa
genes were pooled across all comparisons and deduplicated to construct

a unique, cell typespecific candidate gene s& his set was then used as

the basis for machine learning modeling. The raw expression matrix for
these candidate genes was extracted and subjected iscaze
normalization (centering to mean zero and scaling to unit variance),
ensuring comparability aoss genes and compliance with the
assumptions of linear models.

2. Data Partitioning and Preprocessing

To evaluate model generalizability, the normalized gene expression
matrix was split into training (70%) and testing (30%) cohorts using
stratified sampling, which preserves the proportion of disease classes in
both subsets. This was crucial to avoid clagisalance and ensure the
robustness of downstream classification.
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All modeling and validation steps were conducted using Python (v3.10)
with packages including scitéarn, numpy, and pandas.

3. Feature Selection: Duebtage Strategy

Given the higkdimensional input space relative to sample size, we
implemented a twestage feature selection protocol to identify the most
discriminative gene features for each cell type while mitigating
overfitting:

Stage 1: L‘Regularized Logistic Regression (Lasso)

An Llpenalized logistic regression was applied under a-esmeest
classification scheme, allowing for mudtass prediction and inherent
feature sparsity. The regularization strength hyperparameter (C) was
optimized using Sold crossvalidation with grd search across a range of
values (0.0¢10). The L1 penalty effectively zeroes out less informative
features, retaining only those with predictive contribution to class
separation[98-99].

Stage 2: Recursive Feature Elimination with Cré&gidation (RFECV)

To refine the initial feature set further, we applied recursive feature
elimination (RFE) wrapped around the trained logistic model. This
method iteratively removes the least important feature (based on model
coefficients) and evaluates model performancsing internal cross
validation. The process continues until the optimal number of features is
reached, defined by the highest mean crosdidation scord100. This
ensures that only the most relevant and noedundant features are
retained.

4. Stability Analysis of Feature Selection

To address the stochasticity inherent in both data and model selection,
we implemented a stability selection framework. The RFECV process was
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repeated across 20 bootstrap iterations of the training data. For each run,
selected features were recorded, ancerges that were consistently
selected inll 50% of replicates were designated as robust markers. This
strategy filters out noisy or sampkpecific signals and enhances the
reproducibility and biological reliability of the selected gene signatures.

5. Model Training and Evaluation

The final reduced feature set was used to retrain the logistic regression
model on the full training data. Model performance was evaluated on
the held-out test set using standard classification metrics, inclu¢li@d]:

1 Precision, Recall, and{store for each class, capturing sensitivity
and specificity;

1 Receiver Operating Characteristic (ROC) curves under-asaest
strategy;

1 Area Under the ROC Curve (AUC) for each class, quantifying class
wise discriminative power.

This rigorous evaluation ensured that the selected features and resulting
models were not only statistically sound but also clinically meaningful.

6. Interpretation and Biological Validation

Beyond predictive performance, the resulting feature sets were
interpreted as cell typespecific or diseasgpecific markers,
representing genes whose expression trajectories significantly
contribute to distinguishing between cell types or healthy and
pathological states. The consistent selection of these genes across
bootstraps affirms their biological robustness and supports their utility
in downstream pathway analysis, biomarker discovery, and functional
validation.
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This cell typeresolved machine learning framework enables scalable
and reproducible identification of relevant gene expression patterns
from complex singlkeell datasets. By integrating statistical filtering,
sparse modeling, recursive selection, and gigb assessment, this
pipeline overcomes traditional limitations of scRS&q data such as
high dimensionality, technical noise, and sample heterogemneity
thereby improving the interpretability, reproducibility, and translational
potential [102-103).

5.2.13 Multilayer Perceptron (MLP) Classifier

In the pursuit of robustcelltype and diseasestate classification, we
employed an advanced multilayer perceptron (MLP) neural network
framework to modelcell types anddisease progression using gene
expression data fronscRNAseq. Tiesemodels, designed to learn and
represent complex notfinear relationships within highdimensional data,
were utilized to evaluate the collective utility dlype-associated or
diseaseassociated marker genes, identified across distinct cell types.
The purpose ofthese modek was to uncover transcriptional shifts
indicative ofcell types ordisease states, such as diabetic retinopathy,
while integrating both interand intracellular gene expression features
into a unified frameworK104].

1. Construction of a Comprehensive Associated Gene Set

The first step in this pipeline involved merging robust associated markers
identified from previous differential expression and feature selection
analyses. For each cell type, we selected genes with the highest absolute
f23i FT2fR OKI y33%a gedey we laggheBated ang y P
deduplicated to construct an integrated gene list, representing key
transcriptional features associated with cell types or disease phenotypes.

The expression data for this gene set were then extracted from the full
SCRNAseq matrix. To ensure that all genes contributed equally to the
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model training, the expression values were subjected tscare
normalization, effectively centering and scaling the data to unit variance.
This standardization mitigates the impact of technical noise and ensures
comparability across the wide range of gesression levels, essential
for neural network optimization.

2. Dataset Partitioning and Preprocessing

To rigorously assess model performance, we partitioned the normalized
gene expression matrix into training (70%) and testing (30%) cohorts
using stratified random sampling. This approach preserved the relative
proportions of the disease classes (e.g., tieal diabetes, diabetic
retinopathy) in both subsets, minimizing potential bias due to class
imbalance. Furthermore, we ensured reproducibility by maintaining a
fixed random seed for the sampling and partitioning procedures.

For consistency across all analyses, data preprocessing stegading
normalization, partitioning, and feature scalingvere implemented
using Python (v3.10) and libraries such as stghkitn (v1.5.1), which
facilitated seamless integration with the McRssifie{105].

3. MLP Classifier Architecture and Training Strategy

The core model used for classification was a feedforward MLP with two
hidden layers, each consisting of 100 neurons. These layers employed
Rectified Linear Unit (ReLU) activation functions to introduce-non
linearity, which is vital for capturing complextf@ns in gene expression
data that linear classifiers may mid€g].

Training was performed using the Adam optimizer, which adapts the
learning rate during optimization and is particularly effective for handling
noisy, highdimensional data[107]. L2 regularization was applied to

reduce the risk of overfitting, especially given the relatively small number
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of samples compared to the highimensional input space of gene
expression featureplL0§].

To ensure the model converged to an optimal solution without
overfitting, we implemented an early stopping mechanigd09].
Training continued for a maximum of 200 epochs unless the validation
loss failed to improve over 10 consecutive epochs, at which point training
was halted. Additionally, the optimization process utilized baicbe
gradient updates, ensuring that the meldcould process large datasets
efficiently without significant memory overheddi10].

4. Model Evaluation and Performance Metrics

hyOS GNIXYAYyAYy3 gl a O2YLX SGST 6S | az
the heldout test set using a comprehensive suite of evaluation metrics.
These included:

1 Multiclass accuracyThe overall percentage of correct predictions
across all disease states;

1 Precision, recall, and F4core:For each disease class, evaluating
UKS Y2RStQa FoAfAle (02 O2NNBOU
minimizing false positives and false negatives;

1 Confusion matrix: To visually inspect misclassifications and
evaluate the model's ability to differentiate between disease states;

1 Receiver Operating Characteristic (ROC) curves and Area Under
the Curve (AUC) scorebo assess the model's discriminatory power
across all disease classes.

Additionally, we visualized class prediction distributions via heatmaps
and classification report matrices, annotated with absolute counts,
Ftt20Ay3 dza (G2 AylddzZAO0A@Ste |aasSaa
any systematic biases or areas for improvemen

5. Model Justification and Biological Significance
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The choice of a nehinear classifier like MLP was driven by the inherent
complexity of biological datasets, where gene expression relationships
often follow intricate, nonlinear patterns that linear models cannot
adequately capturd111]. Traditional linear classifiers, such as logistic
regression, while effective in simpler scenarios, would fail to account for
the nonadditive and higkorder interactions between genes that are
critical in understanding disease progression at a cellala[112-113].
Thus, the MLP architecture, with its capacity for deep feature
representation, offers a substantial advantage in identifying intricate
gene interactions and pathway perturbations associated with cell types
or disease states

Moreover, integrating marker genes from multiple cell types enables a
holistic analysis of cellular heterogeneity disease progression, taking into
account the tissuavide molecular alterations that contribute to
pathophysiology{114]. The MLP classifier is thus not only a predictive
tool but also a way to reveal previously obscured transcriptional
networks that span multiple cell typd415]. These noflinear decision
boundaries are crucial for understanding complex cell type
heterogeneity or diseases, wheinter cellular types and subtypes key
gene expression differences, and multiple cellular procassesh as
immune activation, angiogenesis, and neurodegeneratigoexist and
interact in disease states.

The MLPbased classifier, with its capacity to learn complex,-hoear
relationships in gene expression data, represents a powerful approach
for celltype classification and diseas¢ate prediction. By aggregating
marker genes from multiple cell typethie model captures the system
wide molecular alterations associated with cell types or disease states.
This framework, characterized by its flexibility, stability, and
interpretability, allows for accurate classification and prediction of cell
types or digase states and provides insights into the underlying gene
regulatory mechanismd 16]. Furthermore, the robust evaluation of the
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model using various performance metrics ensures its clinical applicability,
providing a reliable diagnostic tool that can be integrated into
translational research to better understand the molecular underpinnings
of cell types heterogeneity or potentialtisease$117].

5.3 Cell Materials

Ethical approval for the procurement and utilization of human retinal
tissue samples in this study was granted by the respective ethical review
boards of the University of Nottingham Ningbo China, Ningbo Eye
Hospital, and Ningbo Medical Centre Lihuili HdpThe tissue samples
were collected between June 2023 and March 2025, comprising a total
of 20 human retinal specimens, with 18 sourced from the Ningbo Eye
Hospital and 2 from Lihuili Hospital. Prior to tissue acquisition, written
informed consent wasbtained from all living donors.

The retinal tissue collection included 7 bilateral pairs and one unilateral
sample from deceased individuals, as well as 5 unilateral samples derived
from surgical enucleation procedures. A detailed breakdown of the
sample collection process is providedTiable10. Notably, in this study,
'fresh’ retinal tissues were strictly defined as specimens obtained either
from living donors within 10 minutes following surgical enucleation or
from postmortem cases, where tissue was procured within 6 hours of
death, under rigorously controlled temperature conditions.

This stringent definition of 'fresh’ tissue ensures minimal degradation
and maintains the integrity of molecular and cellular profiles essential
for downstream analyses. The procurement process followed an
established set of ethical, procedural, and tedatiguidelines to ensure
high-quality specimens, reflecting the true biological state of the retinal
tissue. This careful adherence to ethical standards and the precise
criteria for tissue freshness are crucial for ensuring the reproducibility
and reliabiity of subsequent molecular analyses, thereby enhancing the
validity of the research findings related to retinal function and pathology.
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Table10. donor sample information

Sample Eye Sex Age Diabetic Eye Removal/Death

Status Reason
01 Left M 55 Non Eyeball atrophy
02 Right M 71 Non Corneal ulcer
03 Left F 50 Non Eyeball atrophy
04 Right F 68 Non Corneal perforation
05 Left M 34 Non Cerebral hemorrhage
06 Left F 92 Non Natural death
07 Right F 92 Non Natural death
08 Left M 76 DM Corneal staphyloma
09 Left F 55 DM SCT-H-PON
10 Right F 55 DM SCT-H-PON
11 Left M 87 DM Liver cancer
12 Right M 87 DM Liver cancer
13 Left M 55 DR Brain stem hemorrhag
14 Right M 55 DR Brain stem hemorrhag
15 Left M 35 DR Traumatic shock
16 Right M 35 DR Traumatic shock
17 Left M 84 DR Prostate malignancy
18 Right M 84 DR Prostate malignancy
19 Left M 69 DR Lung cancer
20 Right M 69 DR Lung cancer

DM: Samples with diabetes. DR: Samples with diabetic retinopathy. non: Samples without
diabetes. SGH-PON: Severe craniocerebral trauma with hemorrhage in the periphery of the
optic nerve. As retinal tissues were acquired during surgical procedures timmogeem and
detailed fundus imaging was not available, the specific duration of diabetic retinopathy could not
be determined for these DR cases. 20 samples were from 13 donors, with sample 06 and 07,
sample 09 and 10, sample 11 and 12, sample 13 andabdple 15 and 16, sample 17 and 18,
sample 19 and 20 from the left and right eyes of the same donor.

5.4 Human retinalsingle-cell transcriptomic atlas

We present the inaugural comprehensive singddl transcriptomic atlas

of the human retina derived from Chinese donors, generated through
high-throughput scRNAeq of approximateli316,808viable retinal cells
obtained from 20 fresh retinal specimens, including both living donor
and postmortem samples. This extensive dataset represents a
foundational resource for exploring retinal cellular diversity at an
unprecedented resolution. Our muitiered analysis identified 10
distina retinal cell types, spanng all major neuronal lineages
photoreceptors, bipolar cells, amacrine cells, and retinal gangliortcells
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as well as pivotal glial populations including Mdiller glia, astrocytes, and
microglia.

Further dissection of cellular heterogeneity revealed remarkable
molecular diversity within these broad categories. Subcluster analyses
revealed, for example/ distinct amacrine cell subtypes and 14 bipolar
cell subtypes, each with unique transcriptional profiles, thereby
highlighting the intricate complexity of retinal cellular composition that
was previously underappreciated, especially in the context of Caines
populations.

Additionally, we conducted a comprehensive functional analysis,
systematically mapping the biological pathways, cellular functions, and
mechanistic processes associated with these subtypes. This analysis
elucidated the key roles of these cellular subpopioias in essential
retinal functions such as synaptic organization, neurotransmission, and
phototransduction. These processes are integral to the maintenance of
retinal homeostasis and the regulation of visual signaling, offering new
insights into the mechnisms governing retinal health and disease.

Of particular note, our findings underscore the profound impact of these
cellular subtypes in governing retinal functionality and pathology. The
identified molecular pathways not only contribute to core biological
processes, but they also present novel itiygeutic targets for retinal
diseases, including retinal degeneration and diabetic retinopathy. By
shedding light on the mechanisms underlying these diseases, we offer a
critical platform for future research in retinal biology and therapeutic
development.

This singlecell transcriptomic atlas represents a significant step toward
bridging the gap in ophthalmic transcriptomic resources by providing a
comprehensive, ethnicitgpecific reference map of the human retina.
The inclusion of data from Chinese donadglresses a longtanding gap

in retinal research, ensuring the applicability of findings to East Asian
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populations. This resource will serve as an invaluable reference for
understanding retinal development, cellular interactions, and disease
pathogenesis, and it is poised to catalyze new avenues of investigation
in retinal biology, diagnostics, and treatntesirategies across diverse
populations.

5.4.1Construction of human retinal scRN8eq cell atlas

We developed and conducted an exhaustive analysis of the first
comprehensive human retinal singtell transcriptomic atlas derived
from 20 retinal samples sourced from Chinese human donors, including
both living and postmortem specimens. After applying rigorous
preprocessing techniques, we visualized the cell clusters across all
samples usinyMAP (Figuré4).

A UMAP Before BBKNN B UMAP After BBKNN
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Figure M. batch effect removal and cell clustering

(A) UMAP plotted of scRN#eq data integrated fror20 Chinese human retina samples. Each
dot represented a cell. Uneven cell distribution was influenced by batch effects from
different samples.

(B) UMAP plot of scRN$eq data integrated fror20 Chinese human retina samples after
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batch effect removal by using Batch Balanced K Nearest Neighbours (BBKNN). After
BBKNN, the distribution was not influenced by sample.

(C) UMAP plotted illustrated the cell clusters by using Leiden algorithm resolutions at various
resolutions, between 0.02 to 2.00. We chose the clustering resolution of 1.00 as the best
value, because even for some cell types with only a small percentagdspfobehr and
accurate annotation was possible.

Through this extensive scRNAqQ analysis, we meticulously explored the
cellular heterogeneity of the retina, identifying 10 distinct retinal cell
populations, each characterized by specific molecular signatures that are
critical to their functional rolesvithin the retina.

The delineated retinal cell populations, along with their respective
molecular markers, are as folloyk18]:

1 Cone Photoreceptors Marked by ARR3 GNAT2 and GNGT2
responsible for color vision and higlsolution visual processing
under normal light conditions.

1 Rod Photoreceptors Defined byRHQ PDE6GGNGT1 and NRL.
essential for scotopic vision and ldight sensitivity, pivotal for the
retinal response to dim lighting.

1 Bipolar Cells (BCsCharacterized bsRM6and GRIK ] critical for
relaying visual signals from the photoreceptors to the ganglion cells,
playing a vital role in the early stages of visual processing.

1 Amacrine Cells (ACshdentified byTFAP2BGAD]1 and SLC32A1
which contribute to the regulation and modulation of synaptic
signaling within the retina, thus ensuring proper processing of
visual information.

1 Astrocytes Marked byGFARwhich provide structural support and
are involved in maintaining the integrity of retinal blood vessels and
the bloodretina barrier, playing a crucial role in retinal homeostasis.

1 Muller Glial Cells (MGCsbefined byRLBPIRGRandDKK3these
cells serve as the primary glial cells within the retina, offering
structural, metabolic, and neurotrophic support, essential for
retinal repair and regeneration.
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1 Retinal Ganglion Cells (RGCk)entified byRBPM3%nd SLC17A6
which are responsible for transmitting visual information from the
retina to the brain via the optic nerve, critical for the final stages of
visual perception.

Horizontal Cells (HCs{Characterized biHX1and TNR involved in
lateral inhibition to sharpen visual images and enhance contrast
perception by modulating signals between photoreceptors and
bipolar cells.

Microglia: Defined byCD74and TYROBRvhich act as the resident
immune cells of the retina, playing a key role in immune
surveillance, inflammatory response, and tissue repair.

T Cells Identified byCD69 CD52 and CD3D which highlight the
involvement of immune response pathways in retinal inflammation
and potential contributions to retinal degenerative diseases.
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Figure B: comprehensive analysis of Chinese human retinal cell types and

clusters

(A) Dot plot demonstrated the identification of each cluster using known markers of the major
cell types, and the selection of genes that differentiated each cluster in retinal samples. Each
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row corresponds to a specific major cell type, and the columns correspond to the gene
expressions of a set of key marker genes. At the top of the plot detailed key marker genes for
each cell type.

(B) UMAP plot that each cell cluster was annotated by major human retinal cell types.

(C) Stacked bar chart plotted the number of each cell type in each human retinal sample.

(D) Stacked bar chart plotted the proportion of each cell type in each human retinal sample.

Each retinal cell population was precisely categorized using- well
established molecular markers, allowing for a comprehensive
understanding of their specific roles in retinal homeostasis, function, and
disease mechanism&igure 15A)Cell cluster annotation was a pivotal
step in elucidating the intricate cellular composition of the human retina,
offering deeper insights into its structural and functional organization. A
total of 297,12 1preprocessed single cells, derived fr@human retinal
samples from Chinese donors, were subjected to downstream analyses
(Figure 5B, 15C and 15D The resulting cell cluster composition
underscores the complex heterogeneity of the retina and its diverse cell
populations, each contributing uniquely to retinal homeostasis and
function.

The dominant cell type in the retina was rod photoreceptors, which
constituted 73.3% of the total cellular population. These cells are integral

G2 GKS NBIOAYIQa loAftAGe G2 LINRPOSaa

detection of light in dim conditiomand playing a foundational role in the
sensory input that drives visual processing. MGCs, which represent 9.4%
of the total cell population, provide essential structural scaffolding,
contribute to the maintenance of retinal architecture, and are pivatal
retinal repair mechanisms following injury. They are also involved in ion
homeostasis, neurotransmitter uptake, and metabolic support for other
retinal cells.

BCs, comprising 8.9% of the total population, function as intermediaries
in the visual signaling pathway, transmitting signals from the

photoreceptors to retinal ganglion cells, thus facilitating the initial stages
of visual signal processing. These calis critical in maintaining the
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fidelity of signal transmission within the retina. Microglia, representing
2.8% of retinal cells, serve as the innate immune cells of the retina,
playing crucial roles in immune surveillance, tissue homeostasis, and the
clearance of apoptotic cells or dabrin response to injury or retinal
diseases. The presence of cone photoreceptors (2.1%) reflects the
retina's ability to perform higfacuity color vision and contribute to
detailed visual perception under wdit conditions.

1/ 4 gKAOK O02YLIRaS mop: 2F (KS NBI
role in regulating synaptic signaling within the retina, modulating visual
information, and contributing to processes such as contrast
enhancement and motion detection. HCs, accougitior 0.9% of retinal

cells, function in the lateral inhibition of visual signals, sharpening the
contrast between light and dark areas and refining visual acuity. Their
involvement is essential for the retina's ability to process complex visual
stimuli efiiciently.

Despite their smaller proportions, RGCs (0.4%), T cells (0.4%), and
astrocytes (0.3%) are integral to retinal function. RGCs transmit the
processed visual signals from the retina to the brain through the optic
nerve, serving as the final output neuronstbé retina. T cells, though
present in relatively low quantities, represent a crucial element of the
immune microenvironment of the retina, especially in the context of
retinal inflammation or disease. Astrocytes contribute to the blood
retina barrier andprovide metabolic and structural support to retinal
neurons, playing a role in maintaining retinal homeostasis.

The human retinal singleell transcriptomic atlas constructed in this
study, through higkthroughput singlecell RNA sequencing, offers an
unprecedentedly detailed and comprehensive characterization of retinal
cell types and their molecular signatures.isTatlas not only provides a
cellular map of the retina, but also serves as a crucial resource for further
studies into retinal development, cellular interactions, and disease
pathogenesis. It fills an important gap in ethsigecific retinal
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transcriptomic data and represents a vital reference for future research
on retinal biology, therapeutic interventions, and personalized medicine
in retinal diseases.

5.4.2Identification and Analysis of Human Retinal Cell Subtype

A diverse array of cell types and their respective proportions were
represented in the human retinal scRM#&q cell atlas we constructed
(Figure 15). To further investigate the subtypes within each cell
population, the same cell clustering and cell type annotation procedures
were performed on each cell type. Subtypes for each human retinal cell
type were identified from specific marker gene expreagpoofiles within

each major cell subtype. These distinct cell subtypes or subgroups that
may represent fungonally specialized or developmentally distinct
populations within the broader retinal cell types based on bioinformatic
analysis.

Amacrine CellgACs)

ACs are a diverse cell cluster of interneurons in the human retina that
play a crucial role in modulating retinal signal processing and contribute
to visual information integrationl[19]. In general, ACs could be classified
into three major subtypes GABAergic, glycinergic, or neither, which can
be determined by the inhibitory neurotransmitter expressed (GABA,
glycine, or neither)120-121]. We identified 7 subtypes of amacrine cell
subtypes that were SodiwbDependent Glutamate Transporter
Expressing AmacrenCells (SE&Cs), SubstanceBEXxpressing Amacrine
Cells (SubstanceRCs), Starburst Amacrine Cells (Starburst ACs), CART
PeptideExpressing Amacrine Cells (CARA®S), All amacrine cells (All
ACs), Neuropeptide-Expressing Amacrine Cells (NRYS), Vesular
Glutamate Transporter -Expressing Amacrine Cells (VG3 ACs) in our
dataset (Figurel6B). The characteristic gene markers for identification
were:
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PVALBSATB2andEBF3or SEGACS;
TACRANdTACR®or SubstancefACs;
MEGF1@&nd TENM3or Starburst ACs;
CARTPfor CARTRACS;

GJD2and CALBZor All ACs;

NPYfor NPYACs;

SLC17ABr VG3 ACs.

E e N N

GABAergic ACs include Substan&€, Starburst ACs, CARAEE, and
NPYACs, while glycinergic ACs include -8E55, All ACs, and VG3 ACs
(Figurel6A) [122].
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Figure 5. Comprehensive analysis of Chinese human retinal ACs type and
subtypes

(A) Dot plot demonstrated the identification of each cluster using known markers of subtypes of
ACs.

(B) UMAP plotted that each cell cluster was annotated by ACs subtypes.

(C)Circle plot visualized the aggregated @alll communication network that presented the
number of interactions (the left) and the total interaction strength/weights (the right)
between any two cell subtypes.

(D) Dot plot presented the top 10 enriched GO terms for each cell subtype. Rows represented
each GO term that these subtypes were involved in. Dots represented that cell subtypes were
associated with the GO term, the redder the color, the stronger the corcglat
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(E) Dot plot presented the top 10 enriched KEGG terms for each cell subtype. Rows represented
each KEGG term that these subtypes were involved in. Dots represented that cell subtypes
were associated with the KEGG term, the redder the color, the stronger thelaion

(F) Bubble plot showed all the significant interactions mediated by ligaoeptor pairs and
signaling pathways from some cell subtypes to other cell subtypes. Rows represented the
significant interactions (liganteceptor pairs) and signaling pathways betwetvo cell
subtypes. Dots represented the related interactions and signaling pathways, the redder the
color, the stronger the correlation

Bioinformatic analysis revealed SBGs are involved in the retinal
glutamate level regulation to help maintain the balance of excitatory
neurotransmission and modulation of visual signal processing.
SubstancefACs release substance P and participate in
neurotransmission and modulate synaptic activity. Starburst ACs release
acetylcholine and are involved in processing visual information related
to motion detection and directionality PA3]. CARTRACs express the
cocaine and amphetamineegulated transcrip{ CART) peptide, which
modulate neurotransmission and regulate circadian rhythms and energy
homeostasis within the human retina. All ACs are used to assist in the
interpretation of photoreceptor signals and transmit light signals from
rod cells to retinalganglion cells. NPXCs release neuropeptide Y
involved in several physiological processes and significate for synaptic
activity, retinal transmission, retina pathophysiology and stress reaction.
VG3 ACs express vesicular glutamate transporter 3 (VGLAAT&H, are
involved in excitatory retinal neurotransmission, contributing to visual
information processing and regulation of circadian rhythms.

GO enrichment analysis listed the GO terms such as "synapse
organization," "axon guidance," and "modulation of chemical synaptic
transmission," which are significant to the neural and synaptic activities
of these cell subtypes of ACs (Figlié®). These processesvealed that

AC subtypes were significantly associated with biological processes such
as synapse organization, axon guidance, and modulation of chemical
synaptic transmission. The enrichment of these terms indicates that
genes highly expressed AWC subtypes are predominantly involved in
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synaptic architecture and neural connectivity. This directly supports the
interpretation that these subtypes contribute to shaping inhibitory and
modaulatory circuits within the retind{EGG enrichment analysis provides
a deeper understanding of the metabolic, signaling, and physiological
processes in ACs (FigutéE). The included terms such as "Nicotine
addiction,"” "Adrenergic signaling in cardiomyocytes," and "Axon
guidance," whichdentified pathways including Axon guidance, Nicotine
addiction, and Adreargic signaling in cardiomyocytes. Although diverse,
these pathways share core molecular components related to
neurotransmission, receptor activity, and intracellular signaling. Their
enrichment suggests that AC subtypes engage molecular programs
characterstic of synaptic regulation and neuromodulatory processes,
further reinforcing their functional involvement in retinal signal
integration, consistent with the GOenrichment findings. Celtcell
communication analysis using CellChat (Figu@s dnd 6F) provided
additional evidence supporting these functional roles. AC subtypes
exhibited prominent signaling activity through neurexin (NRXN21/2/3),
GABAergic (GABA and GAB#), and glutamatergic (GLU) pathways.
These ligangreceptor networks are wekstablished mediators of
synaptic adhesion, inhibitory and excitatory neurotransmission, and
neuronal circuit refinement. The presence and specificity of these
signaling interactions in AC subtypes corroborate the GO/Kdgaitzed
inference that these cells piécipate actively in synaptic organization
and neural regulation within the inner retinalhe GO, KEGG, and
CellChat results converge to demonstrate that the molecular features
enriched in AC subtypes are tightly linked to synaptic structure,
neurotransmitter signaling, and interneuronal communicatitimereby
outlining the functional basis of how these subtypes contribute to retinal
information processing.

Bipolar Cells (BCs)
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BCs locate in the inner nuclear layer of the retina. Served as
intermediaries, BCs transmit visual information and signals from
photoreceptors (rod photoreceptors and cone photoreceptors) to RGCs.
Structurally, BCs are characterized by a bipolar shapdy riteiving
synaptic input from photoreceptors and axons synapsing with RGCs.
Functionally, they play a crucial role in processing visual information and
signals, contributing to the retina's ability to detect light intensity and
contrast sensitivity, espmally in dark and light environment$24].

We observed 14 subtypes of BCs in our data using known gene markers
(Figurel7B). They are listed separately:

LRPPRIfor diffuse bipolar 1 (DB1);

AFA4for diffuse bipolar 2 (DB2);

CALBIor diffuse bipolar 3a (DB3a);
MEISZor diffuse bipolar 3b (DB3b);

TTRor diffuse bipolar 4a (DB4a);

PRSS1for diffuse bipolar 4b (DB4b);
DOKSor diffuse bipolar 5 (DB5);

NELLZor diffuse bipolar 6 (DB6);

FEZFior OFFx;

SCGZ2or flat midget bipolar (FMB);
ODF2lfor invaginating midget bipolar (IMB);
AGBLZXor giant bipolar (GB);

SORCS8r blue bipolar (BB);

PRKCANd NIF3L1 for rod bipolar cells (RB) (Fidus) [125-126].

A 24222225222

These cell subtypes could be further stibssified to a higher level in

two ways [L27]. One way is rod versus cone BCs: only RB belongs to rod
BCs; all the remaining cell subtypes belong to cone BCs. The second
way is ON versus OFF BCs: ON BCs include DB4a, DB4b, DB5, DB6, IBM.
BB, GB and OFF BCs include DB1, DB2, DB3a, DB3b, FMB, OFFx.
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Figure . comprehensive analysis of Chinese human retinal BCs type and
subtypes

(A) Dot plot demonstrated the identification of each cluster using known markers of subtypes of
BCs.

(B) UMAP plotted that each cell cluster was annotated by BCs subtypes.

(C)Circle plot visualized the aggregated @&l communication network that presented the
number of interactions (the left) and the total interaction strength/weights (the right)
between any two cell subtypes.

(D) Dot plot presented the top 10 enriched GO terms for each cell subtype. Rows represented
each GO term that these subtypes were involved in. Dots represented that cell subtypes were
associated with the GO term, the redder the color, the stronger the corogiat

(E) Dot plot presented the top 10 enriched KEGG terms for each cell subtype. Rows represented
each KEGG term that these subtypes were involved in. Dots represented that cell subtypes
were associated with the KEGG term, the redder the color, the stronger thelaimon

(F) Bubble plot showed all the significant interactions mediated by ligaueéptor pairs and
signaling pathways from some cell subtypes to other cell subtypes. Rows represented the
significant interactions (liganteceptor pairs) and signaling pathways betwetvo cell
subtypes. Dots represented the related interactions and signaling pathways, the redder the
color, the stronger the correlation.

Both ON and OFF BCs are primary neurons in the human retina, which
are crucial for processing visual information and sigrnk?8][ The axon

terminals of ON BCs are located mainly in the inner layer of the inner
plexiform layer of the retina, while the axon terminals of OFF BCs are
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located in the outer layer of the inner plexiform layer. This layered
structure allows the retina to efficiently process changes in light, creating
contrastsensitive visual signals. ON and OFF BCs are connected to
photoreceptors (rod and cone photorecep) and are regulated by
glutamate [L29-130]. ON BCs depolarize in response to light increments
and hyperpolarize when light diminishes. In contrast, OFF BCs depolarize
when light decreases and hyperpolarize when light increases. In darkness,
photoreceptors continuously release glutamate to hyperpolarize ON BCs
and decrease OFF BCs. With light exposure, reduced glutamate release
leads to hyperpolarization of OFF BCs and depolarization of ON BCs.

GO enrichment analysis (Figurél) indicated that BC subtypes were
significantly associated with biological processes involved in neuronal
development and synaptic regulation. Enriched terms such as regulation
of synaptic signaling, central nervous system development, and ion
transportincluding calciunrelated signaling and homeostatic processes
show that the genes elevated in these BC subtypes contribute to
pathways essential for establishing and modulating retinal circuitry.
KEGG enrichment results (Figurée) further supported these findings
by identifying pathways linked to neurotransmission, metabolic
regulation, synaptic activity, and diseaassociated signaling. The
presence of these pathways suggests that BC subtypes engage molecular
programs that medite signal relay, synaptic integration, and cellular
metabolic adaptation required foiheir role in visual processing. Cedll
communication analysis provided additional functional insights into BC
subtypes specialization. Quantification of communication strength
(Figure XC) and examination of ligagreceptor interactions (Figure/k)
revealed that several subtypes participate in pathways related to
neuronal connectivity and neurotransmission. For example, interactions
mediated by GLU, TENM2, and ADGRLZ2 highlightsisypes
involvement in synaptic matching and circuit assembly, wherea€\N8R
dependent signaling reflects their contribution to synaptic adhesion and
transmission. Additionally, signaling through SLIT2 and its receptors
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ROBO1/ROBO2 points to roles in axon guidance, organogenesis, and
visual signal pathway organization. Together, these GO, KEGG, and
CellChat results converge to demonstrate that BC subtypes are
molecularly equipped for functions central to synaptic reguiafi
neuronal circuit formation, and the transmission of visual information
within the retina.

The distinct responses of ON and OFF BCs enable the human retina to
process visual information such as contrasts effectively, facilitating the
detection of light and dark environments within the visual field.

Retinal Ganglion CelllRGCs)

RGCs located in the ganglion cell layer of the human retina, near the
inner surface of the eyelB1]. The function of RGCs is to receive synaptic
inputs from BCs and ACs, which process visual signals from
photoreceptors (rod and cone photoreceptors). The axons of RGCs
converge to form the optic nerve, which transmits visual information to
various brainregions such as hypothalamus and midbrai@q. RGCs
play a crucial role in visual processing by integrating and transmitting
information from the human retina to the brain.

Three major subtypes of RGCs that are midget RGCs, parasol RGCs and
intrinsically photosensitive RGCs were identified in our data (FigiBg 1
The known cell markers are:

1 TBRIXor OFF midget RGCs;

TPBGor ON midget RGCs;

FABP4or OFF parasol RGCs;

CHRNAZ®or ON parasol RGCs;

OPN4or intrinsically photosensitive RGCs (Figusa]132].

=4 =4 =4 =2
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Figure B. comprehensive analysis of Chinese human retinal RGCs type and
subtypes

(A) Dot plot demonstrated the identification of each cluster using known markers of subtypes of
RGCs.

(B) UMAP plotted that each cell cluster was annotated by RGCs subtypes.

(C)Circle plot visualized the aggregated @&l communication network that presented the
number of interactions (the left) and the total interaction strength/weights (the right)
between any two cell subtypes.

(D) Dot plot presented the top 10 enriched GO terms for each cell subtype. Rows represented
each GO term that these subtypes were involved in. Dots represented that cell subtypes were
associated with the GO term, the redder the color, the stronger the coroglat
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(E) Dot plot presented the top 10 enriched KEGG terms for each cell subtype. Rows represented
each KEGG term that these subtypes were involved in. Dots represented that cell subtypes
were associated with the KEGG term, the redder the color, the stronger thelaion.

(F) Bubble plot showed all the significant interactions mediated by ligaoeptor pairs and
signaling pathways from some cell subtypes to other cell subtypes. Rows represented the
significant interactions (liganteceptor pairs) and signaling pathways betwetvo cell
subtypes. Dots represented the related interactions and signaling pathways, the redder the
color, the stronger the correlation.

Midget RGCs are predominantly located in the central human retina and
responsible for higlacuity vision 133]. They specialize in fine visual
detail and spatial resolution, essential for color vision and -high
resolution visual processind3(d. ON midget RGCs are activated when
light intensity increases, and OFF midget RGCs are activated when light
intensity decreases. So, they facilitate contrast detection in both bright
and dark conditions. Parasol RGCs are located more peripherally within
the human retna. They are the key components of the human retina's
magnocellular pathway, which processes motion and broad visual
features. Similarly, ON midget RGCs and OFF midget RGCs work in bright
and dark conditions, respectively. Intrinsically photosensitive R{BES
found thoughout the human retina and are primarily involved in
regulating nonimageforming visual functions such as circadian rhythms,
pupil constriction, light adaptation, and the body's internal clock.

GO and KEGG enrichment analyses (FiguBsahd BE) revealed that
RGC subtypes were significantly enriched for pathways related to
phototransduction, visual perception, and sensory detection of light
stimuli. Although RGCs are not directly photoreceptive, the enrichment
of these terms reflects the exprsiesn of downstream components
involved in transmitting and processing liggdoked signals. These
enriched pathways indicate that the genes defining RGC subtypes are
tightly linked to the molecular machimg required for visual signal
integration and relay to central targets. CellChat analysis provided
further insight into the functional specialization of these RGC subtypes.
As shown in FiguresBC and 8F, RGCsubtypesparticipate in multiple
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signaling pathways associated with cell adhesion, neural development,
and immune modulation. For example, NCAMgdiated signaling
suggests roles in neuronal maturation, synaptic stabilization, and axon
guidance, whereas CD%6lated interactions point tanvolvement in
immune synapse formation and regulatory processes at the
neuroimmune interface. The diversity of these liggreteptor networks
support the conclusion that RGC subtypes engage in communication
programs essential not only for their developntemnd connectivity but
also for maintaining retinal homeostasis and immune responsiveness.
These biological analysis resutisnverge to show thathe featuresof
RGC subtypesre related tovisual information processing, neural circuit
formation, and neuroimmune interactions within the retina.

Horizontal CellfHCSs)

HG are inhibitory interneurons located in the retina, receiving input
from photoreceptors (rod and cone photoreceptors) and form lateral
connections with BC<lB4-135]. This lateral interaction could enhance
contrast sensitivity and edge detection in visual perception. By
modulating the activity of neighboring neurons, HCs facilitate the
processing of visual information and signals and improve the clarity and
contrastof the visual scene.

We identified 2 subtypes of HCs that are H1 and H2 HCs (ERRIxeThe
characteristic cell markers we used were

1 LHXIfor H1 HCs
1 PCDH11)CHN1andISLIfor H2 HCs118 (Figurel9A).

H1l HCs receives inputs from L cone photoreceptors and M cones
photoreceptors, while H2 HCs receives strong inputs from S cone
photoreceptors and weaker inputs from the other coplotoreceptor

types.
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Figurel9. comprehensive analysis of Chinese human retinal HCs type and
subtypes

(A) Dot plot demonstrated the identification of each cluster using known markers of subtypes of
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HCs.

(B) UMAP plotted that each cell cluster was annotated by HCs subtypes.

(C)Circle plot visualized the aggregated «mlll communication network that presented the
number of interactions (the left) and the total interaction strength/weights (the right)
between any two cell subtypes.

(D) Dot plot presented the top 10 enriched GO terms for each cell subtype. Rows represented
each GO term that these subtypes were involved in. Dots represented that cell subtypes were
associated with the GO term, the redder the color, the stronger the coiceglat

GO enrichment analysis (FiguréD) showed that both H1 and H2 HC
subtypes were associated with biological processes including regulation
of transsynaptic signaling, axonogenesis, and modulation of chemical
synaptic transmission. These enriched terms correspond well with the
establishedrole of HCs as key interneurons that mediate lateral
inhibition and synaptic feedback at photoreceptor aB&sterminals.

The GCenrichmentresults therefore indicate thathese HCsubtypes

are linked to molecular programthat support synaptic connectivity,
neurite organization, and inhibitory modulation within the outer retina.
In contrast,the KEGG pathway analysis did not identify significantly
enriched pathways for these HC subtypes, likely reflecting the relatively
specialized and narrow functional repertoire of HCs compared with other
retinal interneurons. This absence of KEGG enrichme&ohisistent with

the limited number of known signaling cascades that operate within
mature HCs, as reported in previous retinaanscriptomic studies.
Similarly, CellChat analysis did not detect significant outgoing or
incoming liganereceptor interactions for H1 or H2 HCs. This result aligns
with the biology of HCs, which primarily exert their influence through
localized synaptic feedback and ephaptic mechanisms rather than
through longrange ligandreceptor signaling. The lack of detable
CellChat interactions thus supports the notion that HC subtypes function
through highly spatially constrained and synajusgendent modes of
communication.The GO enrichment results, coupled with the absence
of KEGG and CellChat signals, suggest that H1 and H2 HCs rely
predominantly on synaptic and structural mechanismather than
broad molecular signaling network® regulate photoreceptoiBCs

152



Student ID: 20474543 Thesis Sen LIN

communication and to maintain lateral inhibition essential for visual
contrast enhancement.

Cone Photoreceptors

Cone photoreceptors are specialized photoreceptor cells that are most
densely concentrated in the central region of the human retina, essential
for perceiving a wide range of colors and fine deth#g]. The functions

of cone photoreceptors are primarily responsible for color vision and
function optimally under bright light conditions. Structurally,
photopigments in the cone photoreceptors absorb light, produce
chemical changes, generate electrical signthen transmit to the brain
via the optic nerve,ifally result in visual perception.

There are 3 subtypes of cone photoreceptors, each sensitive to different
wavelengths of light [13 (Figure20B). We used known cell markers to
identify each of the three subtypes:

1 OPN1SWor S cone photoreceptors;
1 OPN1MWor M cone photoreceptors;
1 OPN2I1LWor L cone photoreceptors (FigugdA).

S cone photoreceptors are sensitive to short wavelengths,
corresponding to blue light. M cone photoreceptors are sensitive to
medium wavelengths, corresponding to green light. L cone
photoreceptors are sensitive to long wavelengths, corresponding to
red light. The combined input from all three subtypes of cone

photoreceptors corresponding to three colors blue, green and red
enables the human visual system to perceive a broad spectrum of
colors through a process known as color vision.
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Figure20. comprehensive analysis of Chinese human retinal cone
photoreceptors type and subtypes

(A) Dot plot demonstrated the identification of each cluster using known markers of subtypes of

cone photoreceptors.
(B) UMAP plotted that each cell cluster was annotated by cone photoreceptors subtypes.
(C)Circle plot visualized the aggregated @all communication network that presented the

number of interactions (the left) and the total interaction strength/weights (the right)

between any two cell subtypes.

(D) Dot plot presented the top 10 enriched GO terms for each cell subtype. Rows represented
each GO term that these subtypes were involved in. Dots represented that cell subtypes were

associated with the GO term, the redder the color, the stronger the coiceglat

(E) Dot plot presented the top 10 enriched KEGG terms for each cell subtype. Rows represented
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each KEGG term that these subtypes were involved in. Dots represented that cell subtypes
were associated with the KEGG term, the redder the color, the stronger the correlation.

GO and KEGG enrichment analyses (Fig20Bsand20E) revealed that
the three cone photoreceptor subtypes were significantly enriched for
biological processes central to higksolution visual function. Enriched
GO terms such as detection of light stimulus and phototransduction
reflect the molecular compants required for converting photons into
electrical signalswhich isa defining feature of cone photoreceptors.
Additional enrichment in processes related to cellular morphogenesis,
including regulatiorof filopodium assembly, suggests subtygecific
programs involved in shaping the outer segment and synaptic terminals,
structures that are essential for precise signal capture and transmission.
Pathways associated with retinol metabolic processes highlige
involvement of cone subtypes in the visual cycle, particularly in
chromophore regeneration and oxidative metabolism. These KEGG
enrichmentfindings are consistent with the high metabolic demands of
cone photoreceptors, which rely on rapid photopignm turnover and
continuous membrane renewal to support daytime, color, and high
acuity visionthat these core features repeatedly described in retinal
physiology literaturg[132-133]. The GO and KEGG enrichment results
demonstratal that the three cone subtypes are transcriptionally
specialized for light detection, phototransduction, cellular structural
refinement, and visual chromophore metabolism. These findings align
with the wellestablished biological roles of cones in mediatocaior
discrimination, sptial acuity, and rapid adaptation to changes in
luminance.

Rod Photoreceptors

Rod photoreceptors are specialized photoreceptor cells located in the
human retina. In contrast to cone photoreceptors, rod photoreceptors
are predominantly concentrated in the peripheral regions of the human
retina [138]. Their function is primarily responsible for vision under dark
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conditions, as they are highly sensitive to light, which enables us to see
in lowlight environments. Unlike cone photoreceptors, rod
photoreceptors do not contribute to color vision; and they are
responsible for monochromatic vision in dark conditiod89). This is
also the reason that we perceive the world in shades of gray in dim light.

Aimed to explore the subtypes of rod photoreceptors, we also

performed the cell clustering procedures on them. The UMAP of the cell
clustering can be found in thieppendicessectionSupplementary Figure

1. Rod photoreceptors have clearly clustered into different cell clusters,
but there is no relevant literature describing the cellular subtypes of rod

photoreceptors, and we were unable to determine the types of these cell
clusters.

Microglia

Microglia located in the inner and outer plexiform layers are specialized
immune cells intrinsic to the central nervous system, playing an essential
role in maintaining retinal homeostasis and mediating responses to
injury and diseaselff(0]. They are involved in various functions such as
immune surveillance, synaptic pruning, and response to injury. Under
homeostatic conditions, microglia monitor the retinal environment,
remove cellular debris, regulate synaptic remodeling and support
neuronal health. In reponse to retinal diseases, microglia can become
activated, releasing inflammatory cytokines, so initial activation may
confer neuroprotective benefits but potentially contributing to neuronal
damage.

We identified 3 subtypes of microglia that are EQr2 negative M1
microglia, Egr2 positive M1 microglia and M2 microghd]{Figure21B).

The known cell markers for M1 microglia ar®IEM119%nd EGR2The
geneEGR2s expressed abundantly as the Egr2 positive M1 microglia and
vice versa as the Egr2 negative M1 microgl&RSs the known cell
markers for M2 microglia (Figur2lA). Egr2 positive M1 microglia is
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produce higher levels of inflammatory cytokines and activates
downstream signaling pathways. Egr2 negative M1 microglia lacking
detectable EQr2 expression may be involved in initiating the
inflammatory response through mechanisms such as activation of the
O2YLX SYSyid aeaidSYd® anu YAONRIAT ALl RA
NELI AN LIKSy20eLIST gKAOK Aa |aazc
inflammatory mediators. The functions of M2 microglia swanaintain

human retinal homeostasis and facilitating recovery after injury.
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Figure21l. comprehensive analysis of Chinese human retinal microglia type and
subtypes

(A) Dot plot demonstrated the identification of each cluster using known markers of subtypes of
microglia.

(B) UMAP plotted that each cell cluster was annotated by microglia subtypes.

(C)Circle plot visualized the aggregated @all communication network that presented the
number of interactions (the left) and the total interaction strength/weights (the right)
between any two cell subtypes.

(D) Dot plot presented the top 10 enriched GO terms for each cell subtype. Rows represented
each GO term that these subtypes were involved in. Dots represented that cell subtypes were
associated with the GO term, the redder the color, the stronger the coiceglat

(E) Dot plot presented the top 10 enriched KEGG terms for each cell subtype. Rows represented
each KEGG term that these subtypes were involved in. Dots represented that cell subtypes
were associated with the KEGG term, the redder the color, the stronger thel&imon.

The GO and KEGG enrichment analyses (FigetBsand21E) showed
that microglia subtypes were associated with a diverse set of biological
processes reflecting their multifunctional role in the retina. Enriched
terms related to myeloid leukocyte migration and immune regulation
indicate activation of canonicalioroglial immune programs, consistent
with their function as the primary immune cells of the retina. Additional
enrichment in detection of external stimulus and response to hypoxia
suggests that these subtypes are transcriptionally equipped to sense
microenvironmental changes and metabolic stress, both of which are
critical in maintaining retinal homeostasis. The presence of GO terms
related to visual perception or phototransduction likely reflects indirect
enrichment driven by microglial surveillance ofgbtreceptor integrity

and outer retinal function, a phenomenon also observed in previous
singlecell studies where microglia upregulated photoreceptor
associated transcripts during stress or remodeling. Similarly, KEGG
pathways related to metabolic adaptanh support the view that retinal
microglia rapidly adjust their energetic stashifting between oxidative
phosphorylation and glycolysisto facilitate phagocytosis, debris
clearance, and immune activation. Together, these enrichment results
demonstratal that retinal microglia subtypes exhibit transcriptional
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signatures consistent with dynamic immune surveillance, environmental
sensing, and metabolic flexibility. These features align with their
established biological roles in modulating neuroinflammation,
maintaining tissue homeostasis, and responding to rdtimgury or
degeneration.

Astrocytes

Astrocytes are a specialized subtype of glial cells that play an important
role in the maintenance, development, and functional integrity of the
human retina 142. Astrocytes that are characterized by a stellate
structure are predominantly localized in the nerve fiber layer where they
closely interact with retinal ganglion cell axons and vascular structures.
The functions of them are to contribute to the formatioand
stabilization of the bloodetinal barrier, which is essential for the
regulation of ion homeostasis, neurotransmitter clearance and
metabolic support. Results for the astrocyte cell clustering analysis are
shown in theAppendicessectionSupplementary Figure 2.

Mdller Glial Cells (MGCs)

MGCs are the principal retinal glial cells that contribute to the
maintenance of retinal architecture and functio@43-145]. They are
involved in several critical processes such as maintaining extracellular ion
and water homeostasis, regulating neurotransmitter, supporting
synaptic balance, and protecting retinal neurons and photoreceptors.
Cell clustering analysis was systioally conducted on MGCs, with cell
distributions visualized iAppendicessectionSupplementary Figure 3.

T Cells

T cells are predominantly localized at the retinal interface and
perivascular regions, supporting homeostatic immune surveillance or
pathological responses in the human retind4¢]. They play an
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important role especially in the common human retinal diseases such as
uveitis or agerelated macular degeneration. Cell clustering analysis was
applied to T cells, which was presented Appendices section
Supplementary Figure 4.

5.4 .3 Discussion

In this study, we have developed a comprehensive human retinal single
cell transcriptional atlas using fresh retinal samples frehChinese
donors, enriching current understanding of retinal biology across diverse
populations. By utilizing singleell RNA sequencing and rigorous
bioinformatic analyses, we delineated a detailed characterization of
retinal cell types and subtypes, whigine summarized in the tabl&l.
Although previous studies have described certain human retinal cell
populations, a detailed, hierarchical retinal atlas covering all major cell
types, especially based on Chinese populations, was previously
unavailable. Throgh cell clustering and marker gene analysis, we
identified transcriptionally distinct subpopulations, revealed potential
functional specializations and offered a deeper understanding of cellular
Fdzy Ol A2y a YR AYGSNI OUA2yadinall aAy:
ALISOAYSY &z LINRPOMzZNBR gAGKAY wmMn YAYd:
c K 2 dzMdortein)andldr cold storage, ensures maximal RNA integrity,
accurate celbktate capture and faithful preservation of in transcriptional
states, thereby minimizing afactual degradation and stregssponse
signatures. Rapid processing maintains high cell viability and vyield,
particularly among fragile photoreceptors, interneurons, and Midiller glia,
while reducing ambient RNA contamination that confounds drdflet
based assays. Altogether, these stringent freshness criteria safeguard
the accuracy, sensitivity, and comparability of siaggdl RNASeq
profiles, enabling reliable identification of both common and rare retinal
cell populations under true physiological condris. This atlas provides
novel insights into the cellular architecture and molecular diversity of the
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Chinese population's retinal composition, addressing existing gaps in
ethnic-specific retinal characterization.

Tablell. human retinal cell subtype atlas

Cell Type Cell Subtype Cell Subtype Cell Markers
Bipolar cells Rod BCs RB PRKCA, NIF3L1
Cone BCs OFF BCs DB1 LRPPRC
DB2 AFA4
DB3a CALB1
DB3b MEIS2
FMB SCG2
OFFx FEZF1
ON BCs DB4a TTR
DB4b PRSS12
DB5 DOK5
DB6 NELL2
IMB ODF2L
BB SORCS3
GB AGBL1
Cell Type Cell Subtype Cell Subtype Cell Markers
Amacrine cells ~ GABAergic ACs SubstancefACs TACR1, TACR3
Starburst ACs MEGF10, TENM3
CARTPT-ACs CARTPT
NPY-ACs NPY
Glycinergic ACs SEGACs PVALB, SATB2, EBF3
All ACs GJD2, CALB2
VG3 ACs SLC17A8
Cell Type Cell Subtype Cell Subtype Cell Markers
Retinal ganglion midget RGCs OFF midget RGCs TBR1
cells ON midget RGCs TPBG
parasol RGCs OFF parasol RGCs FABP4
ON parasol RGCs CHRNAZ2
intrinsically intrinsically OPN4
photosensitive RGCs photosensitive RGCs
Cell Type Cell Subtype Cell Markers
Horizontal cells H1 HCs LHX1

H2 HCs PCDH11X, CHN1, ISL1
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Cell Type Cell Subtype Cell Markers
Cone S cone photoreceptors OPN1SW
photoreceptors M cone photoreceptors OPN1MW
L cone photoreceptors OPN1LW
Cell Type Cell Subtype Cell Subtype Cell Markers
Microglia M1 Egr2 negative M1 TMEM119
microglia microglia
Egr2 positive M1 microglia TMEM119, EGR2
M2 M2 microglia CCR5
microglia

This table displayed the cell subtypes and cell gene markers in human retina. BCs: bipolar cells.

ACs: amacrine cells. RGCs: retinal ganglion cells. HCs: horizontal cells.

Our results revealed distinct functional characteristics among 7 AC
subtypes including SEACs, Substance&Cs, Starburst ACs, CARAESE,

All ACs, NRPXCs and VG3 ACs. GO enrichment analysis validated these
subtypespecific roles, highlighting terms suchas "synapse
organization," "axon guidance," and "modulation of chemical synaptic
transmission,", which closely align with their distinct neurotransmission
profiles. Specifically, bioinformatic analysis revealed -8E& are
involved in the retinal glutamatéevel regulation to help maintain the
balance of excitatory neurotransmission and modulation of visual signal
processing. Substance®Cs release substance P and participate in
neurotransmission and modulate synaptic activity. Starburst ACs release
acetyldoline and are involved in processing visual information related
to motion detection and directionality119, 123]. CARTRACs express

the cocaine and amphetaminaegulated transcript (CART) peptide,
which modulate neurotransmission and regulate circadiaythms and
energy homeostasis within the human retina. All ACs are used to assist
in the interpretation of photoreceptor signals and transmit light signals
from rod cells to retinal ganglion cells. NREs release neuropeptide Y
involved in several phydogical processes and significate for synaptic
activity, retinal transmission, retina pathophysiology and stress reaction.

16z



Student ID: 20474543 Thesis Sen LIN

VG3 ACs express vesicular glutamate transporter 3 (VGLUT3), which are
involved in excitatory retinal neurotransmission, contributing to visual
information processing and regulation of circadian rhythms.

We identified 14 subtypes of BCs including DB1, DB2, DB3a, DB3b, DB4a,
DB4b, DB5, DB6, FMB, IMB, GB, BB, and RB, which can be further broadly
classified based on their functional connectivity and responses, such as
rod versus cone BCs and ON versus OFFE8@s ON and OFF BCs are
primary neurons in the human retina, which are crucial for processing
visual information and signaj&24, 128]. The axon terminals of ON BCs
are located mainly in the inner layer of the inner plexiform layer of the
retina, whilethe axon terminals of OFF BCs are located in the outer layer
of the inner plexiform layer. This layered structure allows the retina to
efficiently process changes in light, creating contsesitive visual
signals. ON and OFF BCs are connected to phapters (rod and cone
photoreceptors) and are regulated by glutamit29-130]. ON BCs
depolarize in response to increased light, while OFF BCs depolarize when
light decreases, enabling dynamic visual adaptation across lighting
conditions. In darkness, phateceptors continuously release glutamate

to hyperpolarize ON BCs and decrease OFF BCs. With light exposure,
reduced glutamate release leads to hyperpolarization of OFF BCs and
depolarization of ON BCs. GO and KEGG enrichment analyses further
support thesefunctional roles, showing that BC subtypes are involved in
synaptic signaling, neurotransmission, ion transport, and visual
processing pathways. Additionally, intercellular communication analysis
revealed subtypespecific ligandeceptor interactions reled to neural
connectivity and diseasassociated signaling.

Three major subtypes including midget RGCs, parasol RGCs and
intrinsically photosensitive RGCs were identified in our data. Midget
RGCs are responsible for higbuity vision[133]. ON and OFF midget
RGCs facilitate contrast detection in both bright and dark conditions.
Parasol RGCs are the key components of the human retina's
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magnocellular pathway, which processes motion and broad visual
features. Intrinsically photosensitive RGCs are primarily involved in
regulating nosimageforming visual functions such as circadian rhythms,
pupil constriction, light adaptation, and the bddyinternal clock. Based

on the results of GO and KEGG enrichment analysis, these cell subtypes
of RGCs associated with phototransduction, visual perception and
sensory perception and detection of light stimulus. CellChat findings
showed these subtypes inlved in diverse biological processes, ranging
from cell adhesion to immune regulation, associated with modulates,
including neural development (NCAM1), neuronal migration, axon
guidance and immune synapse formation (CD99).

The identification of two HC subtypes, H1 and H2, indicates the cellular
heterogeneity and functional specialization within the outer retinal
circuitry. The distinct input patternsH1 HCs primarily receiving signals
from L and M cones, and H2 HCs showitngng responsiveness to S
coneg suggest subtypespecific roles in chromatic processing and
contrast modulation. The GO enrichment results further support this by
implicating both H1 and H2 HCs in key neural processes such as
regulation of transsynaptic ggnaling, axonogenesis, and modulation of
chemical synaptic transmission, all of which are essential for synaptic
integration and signal refinement in the outer retina.

The identification and characterization of the three cone photoreceptor
subtypes S, M, and L conesunderscores their critical contributions to
human color vision and high OdzA 1@ @A adzrf LINRPOSAa
sensitivity to specific light wavelengthsasles the integration of blue,
green, and red signals, forming the physiological basis of trichromatic
color perception[132]. The GO and KEGG enrichment analyses further
emphasize the functional specialization of these subtypes, revealing
involvement in a&sential processes such as light stimulus detection,
phototransduction, and retinol metabolism. These pathways are
fundamental to visual signal initiation and adaptation to varying light
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conditions. Additionally, the enrichment of cellular morphogenesis
terms, such as regulation of filopodium assembly, suggests active
cytoskeletal remodeling, which may support the structural maintenance
and synaptic connectivity of cone photoreceptors. @ibgr, these
findings provide a molecular perspective on how cone subtypes
contribute to highresolution and colodiscriminative vision in the
human retina.

Rod photoreceptors are primarily responsible for vision under dark
conditions, as they are highly sensitive to light, which enables us to see
in low-light environments[138]. Unlike cone photoreceptors, rod
photoreceptors do not contribute to color vision; and they are
responsible for monochromatic vision in dark conditiofis39]. At
present, there are almost no reliable gene markers for rod
photoreceptors in the literature, so we will not further identify subtypes
of rod photoreceptors for the time being.

Microglia are specialized immune cells intrinsic to the central nervous
system, playing an essential role in maintaining retinal homeostasis and
mediating responses to injury and dised440]. The identification of
three distinct microglial subtypesEgr2negative M1, Egrpositive M1,

and M2 microglia indicates the functional immune cells occupy a
continuous activation landscape within the human retina. These
subtypes exhibit differential expssion of key markers suchla&Rzand
CCRb corresponding to thir pro-inflammatory or antiinflammatory
roles. The presence of Egpdsitive M1 microglia suggests active
participation in inflammatory cytokine production and immune signaling,
while Egr2negative M1 microglia may contribute to immune activation
through alternative mechanisms such as complement system
engagement. M2 microglia exhibit an airtflammatory and tissue
repair phenotype, supporting retinal homeostasis and recovery
following damage. GO and KEGG enrichment analyses further support
these roles B linking microglial subtypes to processes such as immune
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cell migration, external stimulus detection, and metabolic adaptation,
including hypoxia response, underscoring the multifaceted roles of
microglia in retinal immune surveillance, metabolic adaptation, and
homeostatic maintenance. Interestingly, enrichmem pathways
related to phototransduction and visual perception may reflect
microglial interactions with photoreceptors or involvement in
maintaining retinal structural integrity.

Our findings align with previous research on retinal cell diversity.
Previous literature has provided a set of weditablished cellular gene
markers that enable accurate clustering and annotation of human retinal
cell data. We identified major human retihcell types and subtypes in
the Chinese donors. GO and KEGG enrichment analysis further
systematically infers gene expressions into hierarchical categories of
biological processes, molecular functions, cellular pathways and
potential metabolic or signalg between cell subtypes. For instance, we
found that these cell subtypes of BCs were related to synapse
organization and development, regulation of trasygnaptic signaling,

and some diseases in the gene level. The CellChat analysis calculated the
interadions strength and identifies critical ligamdceptor pairs
between cell subtypes. These results demonstrated the key roles of each
cell subtype and the detailed biological interactions between these cell
subtypes. The discovery of cell subtypes couldphelucidate the
molecular underpinnings that dictate their specialized roles in
transmitting visual information, which is pivotal for advancing our
understanding of visual processing and retinal pathologies.

In our singlecell transcriptomic atlas of human retina across NON, DM,
and DR cohorts, we observed marked shifts in cellular composition that
mirror disease processes (FiQug2A and 22B). To quantitatively
substantiate the observed shifts in retinal cellular composition across
health states, we performed a systematic statistical analysis comparing
the relative proportions of each cell type among NON, DM, and DR
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groups. Proportion matrices were constructefliowed by oneway
ANOVA, KruskeWallis tests, and Tukey HSD post hoc comparisons.
Across all major retinal populationgncluding photoreceptors,
interneurons, glia, and immune subsgi®th ANOVA and Krusk@lallis
6SaGa @8AStRSR KAIKEe aAIYyAFAOLIYyO |
robust, statedependent compositional remodelingNotably, BCs
peaked in relative abundance in the DR grqupb h +! LI )f M P WV
suggesting either selective preservation olacéve expansion of this
interneuron population in response to photoreceptor loemding to

early synaptic and interneuron dysfunction in diabetic retiGanversely,
microglial proportions were elevated in DM samples yet markedly
diminished in DRTukey p < 0.001)consistent with an early pro
inflammatory actiation followed by chronic activatigginduced
exhaustion or attrition MGCsdecreased in DR compared to both NON

and DM (Tukey p < 0.0Qlndicative of pronounced reactive gliosis and
metabolic suport under hyperglycemic stress; however, their slight
decline in DR may reflect progressive gliotic failure or cell death
supporting the notion of Miller cell impairment and gliopathic
remodeling in advanced diseaseRod proportions increased
LINE ANBaaA@gSte yR LISF{SR Ay 5w 61!t
comparisons significant (Tukey p < 0.000Qone photoreceptors
exhibited a modest enrichment in D&ésplaying a significant increase in

DR relative to both NON and DM (Tukey p < 0.0liKgly secondary to

rod degeneration, while ACs were relatively enriched in DR and NON
comparedtoDMd ! b h £+ !  LJ, implymdrdifeneatial wulnerability

or compensatory synaptic remodelind\strocytes displayed a modest
increase in DR relative to DNIukeyp < 0.001), consistent with reactive
gliosis and enhanced metabolic support demand8ihough T cells
comprising a small fractignthey showed significant proportional
RAGSNHSY OS | ONR &aa aThetiaSsient préesénbetol  LJ
T cells in DM samples points to early disruption of the btwetinal

barrier and acute immune infiltration that subsides or becomes
dysregulated by the time retinopathy develops. Finally, RGCs
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proportions remained largely stabl@ukey p < 0.001suggesting that
gross ganglion cell loss may not predominate until advanced stages of
neurodegeneration. Together, these data delineate a dynamic cellular
landscape in diabetic retina, characterized by initial glial and immune
activation, subsequent glia exhaustion, and selective neuronal
vulnerabilityinsights that may inform both mechanistic studies and cell
type-specific therapeutic strategies.
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Figure 2. Chinese human retinal cell atlas comparison in health status

(A) Comparison in health status (NON vs DR vs DM).

(B) Due to the large number of rod photoreceptors, and to make it easier to see the proportions
of the other cells, this figure shows the proportions of the other cells in addition to the rod
photoreceptors.

Ly GKA&a &addzRéex ¢S 3IASYSNIGSR | O2Yl
atlas of the Chinese human whole retina and observed striking
differences in cellular composition relative to two previously published
Caucasian datasets covering foveal and periphemgions (Figur@3A-

23B) [118, 145]. To reduce the influence of DR, we used the healthy
samples to make the comparisons. Rod photoreceptors overwhelmingly
dominated our Chinese cohort, whereas Miiller glia and bipolar neurons
were underrepresented. Notablymicroglia appeared at substantially

higher frequency, suggesting either genuine population expansion or
enhanced capture efficiency in our workflow. Minor cell classes including
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ACs, cone photoreceptors, HCs, astrocytes, ganglion cells, T cells, and
retinal pigment epithelial cells, exhibited broadly concordant
LINPLR2NIAZ2YAE GAGK AYUSNIRIGFAaASOG Ol
LISNOSY Gl 3S LRAYyGad | 26S JENdBust beK Sa S
interpreted in light of several methodological and biological constraints.
Regional sampling bias, differences in macular versus peripheral
RAAASOGA2YS YIeé& dzy RSNIAS LI NI 27
documented spatial heterogeneity oftinal cell populations. And donor
characteristics (age, health status) can skew population estimates,
particularly for rare cell types. Finally, variations in sequencing depth,

OF LG dzZNB OKSYAAUOUNRXT YR fA0NINE LINE
potentially inflating or deflating certain cell fractions. Future work
employing harmonized experimental design, standardized clustering
pipelines, and matched anatomical sampling will be essential to
disentangle true ethnic or regional differences in ratirarchitecture

from technical artifacts.
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Figure 8. Chinese human retinal cell atlas comparison in different ethnic
populations

(A) Comparison in different ethnic populations (Chinese vs Caucasian).

(B) Due to the large number of rod photoreceptors, and to make it easier to see the proportions
of the other cells, this figure shows the proportions of the other cells in addition to the rod
photoreceptors.

Despite the contributions of this study, certain limitations exist. Although
we have extensively analyzed human retinal cellular types and subtypes,
further experimental validation is necessary to confirm the existence of
certain cellular subtypes and thefunctional roles. For instance, we
found the distinct cell clustering results in the rod photoreceptors, but
no known literature indicated that rod photoreceptors have cellular
subtypes or cellular states. Also, our cell subtype functional analysis was
limited to bioinformatic approaches that did not include
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immunohistochemical validation. Future research should investigate the
functional characteristics and interactions of human retinal cells in
greater detail. In addition, our study focused only on Chinese
populations. Future studies integrating mudtihnic datasets with
standardized protocols will be essential to elucidate gengironment
interactions and establish globally representative retinal reference
frameworks for precision ophthalmology.

In summary, the key contribution of this study is to provide a valuable
resource for understanding the diversity and functions of retinal cells in
Chinese human samples. The retinal atlas constructed improves our
knowledge of retinal cellular compositioma provides a basis for future
research into retinal diseases and their clinical applications.

5.5ML-Driven SingleCell Analysis of DR Biomarkers

Diabetic Retinopathy (DR) remains one of the most significant
complications of diabetes, characterized by complex pathological
changes that include retinal inflammation, vascular leakage, and
neurodegeneration, leading to irreversible vision impairment dan
substantial proportion of diabetic individuals. As one of the foremost
causes of preventable blindness worldwide, its progression intricately
linked to chronic hyperglycemia in individuals with diabetb47]. The
pathology of DR is characterized by anga of cellular dysfunctions,
including retinal inflammation, oxidative stress, and vascular
abnormalities, which are not fully understood at the molecular level
[148-149]. Early and accurate diagnosis of DR, coupled with a deeper
understanding of its underlying molecular mechanisms, is crucial for the
development of targeted therapeutic interventiong150]. The
complexities of these pathological processes are compounded by the
extensive cellular heterogeneity inherent in the retina with its diverse
cellular populations and intricate tissue architectur€l51]. This
complexity necessitates a highsolution approach capable of
distinguishing subtle differences in gene expression within specific
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retinal cell populations, to unravel the cellular and molecular signatures
that underlie diabetic retinal diseases.

Recent advances in scRiN&q have revolutionized our ability to study
gene expression at the resolution of individual cells, providing a powerful
tool to unravel the complexity of retinal tissu¢ks2]. By enabling the
profiling of thousands of genes across distinct cellular subpopulations,
SCRNAseq offers a deeper insight into the transcriptional landscape of
the retina, facilitating the identification of both wetharacterized and
previously unrecogized cellular signatures in health and disease. When
applied to DR, scRN#eq allows for a more granular understanding of
how retinal cells such as retinal ganglion cells, photoreceptors, and glial
cells in the disease state, for instance, respond to the metabolic stress.
Previous research presented that degell analysis identified microglia

as a cell type closely associated with lactate metabolism, deepening our
understanding of the mechanisms of proliferative diabetic retinopathy
[153]. Another study performed scRMN&Q analysis on retinal samples
from patients with proliferative DR, identified three key metaprograms,
and revealed the role of microglia in the pathogenesis of proliferative
diabetic retinopathy [154]. However, the immense volume and
complexity of the resulting data present significant challenges for
analysis and interpretation, particularly when attempting to integrate
information across multiple disease states and cell types.

In this study, we firstly constructed a singlell transcriptomic atlas of
the Chinese human retina, utilizing scRbkY data derived from a
cohort of both living donors and postmortem specimens. The dataset
encompassed a wide array of retinal cell typg]Juding neurons, glial
cells, and photoreceptors, providing a holistic view of retinal cellular
heterogeneity. By integrating higtuality data from these samples, we
systematically characterized the gene expression profiles of distinct
retinal cell pomlations, with a particular focus on identifying alterations
associated with diabetic and diabetic retinopathy conditions. To identify
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the most relevant gene markers for DR, we employed a robust
computational framework that combines machine learning techniques,
including Liregularized logistic regression and RFECV, to systematically
select genes that can distinguish between rhabetic and diabetic
retinal states. Furthermore, we developed neural netwbdsed models

to classify disease states based on these gene signatures, achieving high
accuracy in distinguishing diabetic and Adiabetic retinal samples. The
integration of these aduwaced methodologies facilitates a deeper
understanding of the retinal cellular architecture in DR, uncovering the
molecular mechanisms that contribute to retinal change in diabetic
patients. Ultimately, this study enabled the detection of subtle
transcriptonal changes that may not be apparent when analyzing bulk
tissue, thus revealing the intricate molecular mechanisms that
differentiate retinal cells in different disease states.

5.5.1Construction of human retinal scRN8eq cell atlas

As the high-resolution, integrative cellular atlas of the human retina
derived from a total of 20 samples collected from Chinese living donors
and postmortem specimensontructed in the previous studypliowing
stringent quality control measures and preprocessing protocols, we
employed UMAP for dimensionality reduction, visualizing the cellular
heterogeneity across all samples, as depicted in Figlise This
comprehensive analysis delineated a total of 10 distinct retinal cell
populations, each defined by uniquenolecular signatures and
associated marker genes, which were consistent with previously
established celtype classifications.

This comprehensive cellular atlas provides a meticulous and exhaustive
characterization of the cellular heterogeneity within the Chinese human
retina, yielding profound insights into its intricate cellular architecture
and functional diversity. A total 0of92,121 preprocessed cells, derived
from 20 human retinal samples from Chinese donors, were incorporated
into the analysis. Among these, the largest cohort was represented by
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cells from individuals diagnosed with DR, comprising 149,116 cells (50.2%
of the total dataset). The next major subset included cells from subjects
with Type 2 Diabetes Mellitus (DM), consisting of 69,524 cells (23.4%).
The remaining 78,481 cells (26.4%¢rev sourced from nodliabetic
control individuals.

This stratification of the retinal cell population across distinct disease
states allows for a nuanced exploration of cellular alterations and
highlights potential shifts in cell type distribution that may contribute to
the pathogenesis of diabetic retindiseases. The DR group, constituting
the majority of the dataset, provides a substantial reference for
understanding diseasspecific cellular reprogramming, cellular
dysfunctions, and molecular signatures unique to diabetic conditions.
Such a detailed d¢lilar comparison, facilitated by the inclusion of both
diabetic and healthy retinas, offers a framework for identifying and
validating cell typespecific biomarkers, exploring novel therapeutic
targets, and unveiling cellular mechanisms that underlie thénal
complications of diabetes.

Moreover, the inclusion of both DR and DM conditions allows for a
robust comparative analysis that may elucidate early cellular responses
to diabetic stress, highlighting alterations in retinal cell populations that
could serve as indicators of diseasegnession. This expanded atlas not
only enhances our understanding of retinal disease mechanisms but also
underscoresthe importance of cellular context when assessing disease
relevant biomarkers and therapeutic candidates.

5.5.2Machinelearning Based Analysis of Human Retinal dsjlpe
Specific Diseasassociated Genes

To enhance the accuracy and precision of differential gene expression
analyses across distinct disease states, including DR, DM, and non
diabetic controls (NON), and to address the confounding effects induced
by cellular heterogeneity, we employed a cgibé-specific stratification
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methodology. This approach facilitated a detailed examination of gene
expression at the level of individual retinal cell types, thereby allowing
for the identification of specific diseasessociated changes while
accounting for celtype-dependent variabity in gene expression.

For each human retinal cell type, we employed a comprehensive-multi
stage machine learning framework, combiningregdularized logistic
regression and RFECV. This iterative approach systematically identified
and evaluated the most discriminative gene selistinguishing the
disease conditions. The integration oftefhjularization ensured feature
sparsity, highlighting key biomarkers with the highest predictive power
for differentiating between disease states.

To further increase the reliability and robustness of our gene set
selection, we implemented Recursive Feature Elimination (RFE) stability
selection. This method involved conducting RFE over 20 bootstrap
replicates, allowing us to assess the stabilityezftlire selection across
independent samples and ensuring that the selected gene sets were
reproducible and robust. This strategy minimized the risk of overfitting
and maximized the generalizability of the model, resulting in more
robust diseasespecific bbmarkers.

To derive biological insight from the identified gene sets, we performed
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) enrichment analyses. These established bioinformatics tools
provided invaluable functional annotations, enabling to assign the
identified genes to specific biological processes, molecular functions,
and cellular components. GO analysis, by categorizing genes into well
defined biological processes, provided insights into the cellular
mechanisms underlying retinabthology, while KEGG pathway analysis
facilitated the identification of key molecular signaling pathways
affected by disease. This dual approach illuminated the complex
molecular networks driving retinal diseases, including their involvement
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In processes such as inflammation, angiogenesis, synaptic transmission,
and oxidative stress.

By integrating these advanced machine learning techniques with
comprehensive functional enrichment analyses, our study not only
provided a refined understanding of the molecular alterations driving DR
and DM in retinal tissues but also highlighted key geard pathways
that could serve as diagnostic biomarkers or therapeutic targets for
these retinal diseases. The rigorous, cell tgpecific stratification and
robust feature selection methodologies employed in this study provide
a highly accurate, reprodible, and biologically meaningful framework
for the analysis of complex multimics data in the context of retinal
pathophysiology.

Amacrine Cell¢ACs)

Aimed to determine the optimal number of selected genes, we applied
RFECV using an-tegularized logistic regression estimator under a-one
versusrest scheme (Fige. 24A). The number of selected important
genes to distinguish between DR, DM and 4uebetic controls ACs
were 70 through RFECV model (Supplementary Table 1ljurd-ig4B
illustrates the top 20 genes with the highest feature weights in the model.
Subsequent RFE stability selection results remained the same for these
70genes. Figre. 24C demomtrates that the top 20 features are the most
reliable across many slightly different fits. To further validate these
selected important genes, we trained a owuersusrest logistic
regression classifier only using these selected important genes as
features. The classifier achieved a high degree of accura@y)( and the
multiclass ROC curves yielded AUCs of AUC_N&N ®@JUC_DM (83),

and AUC DR @@B), demonstrating that the selected genes
discriminated the disease sates of samples with high accufagyre.

24D). The selected genes identified in ACs are implicated in various
biological processes that contribute to the disease's pathogenesis. Genes
such asCHI3L&and CCLare involved in inflammatory pathways, linked
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to neuroinflammatory conditions and contributed to leukocyte
infiltration and inflammation[155-156]. Genes likesGNGTIland KCNV2

are crucial for neuronal signaling57]. Gene GNATlregulates the
transmission of light signals and visual information, modulates the
activity of ion channels in retinal cells, and enables the transmission of
visual information[158]. Genes such a&SPPland CCL3re involved in
mediating inflammation within the diabetic retirfd59-160]. GenedMT-

ND3 and MT-ATP8 encoding mitochodrial proteins, are integral to
mitochondrial function, particularly in the processes of ATP synthesis
and oxidative phosphorylation. Dysfunction of mitochondria is a central
mechanism driving cellular injury in diabetic retinopatfi$l]. Gene
SLC27A4a member of the fatty acid transporter family, mediates the
uptake of longchain fatty acids, a key aspect of lipid metabolism.
Dysregulation of lipid metabolism is a hallmark of diabetes, and aberrant
fatty acid handling can contribute to endothelialsfynction and retinal
vascular damagd162]. GenesLGALS3and HLAB, associated with
immune response, play a pivotal role in modulating cellular immunity.
Immune activation and inflammation are crucial pathological processes
in the development and progression of diabetic retinopdth§3]. Genes
HMOX1and EGR] a critical enzyme in the antioxidant response,
catalyzes the degradation of heme to generate potent antioxidant
molecules. In the context of diabetic retinopatiMOXD & F dzy Ol A 2
particularly important in counteracting oxidative stress, which plays a
key role in retinal cell injury and disease progresgig#d]. GeneHAMP
encodes hepcidin, a key regulator of iron homeostasis, and dysregulation
of iron metabolism can lead to oxidative strg¢$65].

To explore the potential roles of ACs in DR, we performed GO enrichment
analysis on genes selected from ACs that were differentially expressed
between DR and control conditions. The analysis revealed significant
enrichment in biological processes such @&ual perception, sensory
perception of light stimulus, and eosinophil chemotaxis (Figuwg)2
These terms suggest that the differentially expressed genes in ACs are
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involved in visual signal processing and immune responses, indicating
that ACs might contribute not only to retinal signal integration but also
to the inflammatory microenvironment observed in DR. The enrichment
in eosinophil chemotaxis specifically poitdsa potential role for ACs in
modulating immune cell recruitment in the retina, which has been
implicated in DR pathogenesis. Further, KEGG enrichment analysis of
these genes highlighted pathways such as Phototransduction, which is
central to the light @tection and signal transduction process in the
retina (Figure 2. Although ACs themselves do not directly participate
in phototransduction, the genes involved in this pathway may reflect
indirect interactions between ACs and photoreceptor cells, especially in
the context of retinal dysfunction in DR. This reinfordes hypothesis

that ACs play a crucial role in maintaining retinal function under diabetic
conditions, potentially by modulating synaptic signaling and influencing
the photoreceptor network'sintegrity. The GO and KEG@&nalysis
provide important insights into the biological processes and pathways
that are altered in AGgnder disease conditiong hese findings, derived
directly from the differentially expressed genes, suggest that ACs
contribute to both the visual processing and immune responses in the
retina, playing a key role in the pathophysiology of diabetic retinopathy.
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Figure 2. comprehensive analysis of Chinese human retinal ACs type

(A)RFECV derived feature selection ecpemlzed:logisRcFregiessioowas pe
classifier under a oneersusrest scheme. The pldiustratedthe relationship between the number of selected
features and the corresponding mean evadislated performance metric (AUC Ons-Rest). The observed
unimodal trend indicated that model performance is maximized with a relatively small feature subsetiniéle
feature subset size was therefore chosen for downstream modeling.
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(B) To assess the relative importance of the features selected by RFECV, we plotted the top 20 features based on the
sum of the absolute values of the coefficients across all classes in the logistic regression model. The plot showed
the features arranged insteending order of importance. The horizontal bars represent the magnitude of the
coefficients, with | onger bars indicating greater col
genes such a8dT-ND3, MTATP8, and HLAB exhibit the highesteature importances, suggesting their critical
roles in distinguishing between the different classes (healthy, diabetes, diabetic retinopathy) in this study.

(C) To evaluate the robustness of the feature selection process, we performed stability selection by repeating RFE 20
times with different random seeds. Each run selected a fixed number of features, as determined previously by
RFECV. For each gene, we calceldtthe proportion of times it was selected across the 20 repetitions. The plot
displayed the top 20 most frequently selected features among those chosen in over 50% of the runs. Higher
selection frequency indicates greater stability and reliability off#fa¢ure in contributing to classification
performance. Genes such@bIAT1, CCL4L2, and MIND3were consistently retained, suggesting their strong
and reproducible discriminative power across subsamples.

(D) To evaluate the classification performance of the final model, ROC curves were constructed for each class (NON,
DM, DR) using a onersusrest approach. The plot displayed the true positive rate plotted against the false
positive rate for each label. Tleelored curves represent model performance for each class, with the diagonal
dashed line indicating the performance of a random classifier (AUC = 0.5). The area under the curve (AUC)
val ues, reported in the | egenae each alass AllithHreg clasdeseexhibib d e | 6 s
AUCs substantially greater than 0.5, indicating strong predictive power and reliable differentiation between
healthy, diabetic, and retinopathic states.

(A) Bar plot presentethe top20 enriched GO termf®r the important and stable gene list. Roegresered each

GO termthat these genes weiresolvedin. The horizontal bars represent frgalue,thelonger bars indicating
the strongetrthe correlation

(B) Bar plot presented the top 20 enriched KEGG terms for the important and stable gene list. Rows represented

each KEGG term that these genes were involved in. The horizontal bars represent the adalseede longer
bars indicating the stronger the dation.

Bipolar Cell{BCs)

Using the same muistage machine learning framework (tdgularized
logistic regression + RFECV with -opesusrest) and RFE stability
selection over 20 bootstrap replicates (g 25A), RFECV identifidd 4

key genes for discriminating DR, DM, and 4doatbetic controls in BCs
(Supplementary Table 1). The top 20 features by absolute weight are
shown in Figre. 25B, and stability selection confirmed their consistent
selection across replicates. RFE stability plotsu(€ig25C) further
underscore the rbustness of this gene set. A crersusrest logistic
regression classifier trained solely on thek®4 genes achieved5%
accuracy, with multiclass ROC AUCs of 0.89 (NG3%)([MM), and (B9

(DR) (Figre. 25D). The genes identified in BCs were associated with
several biological processes, including immune response, inflammation,
oxidative stress, and phototransduction. Genes suclCA@B CD163
CCLZ2CCL3LXIXCLE8re involved in immune and inflammatory pathways
[166]. GenesCCL3CCL4andCCL4Lare chemokines that play pivotal
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roles in regulating the recruitment of immune cells, particularly T
lymphocytes, to sites of inflammation. These chemokines are critical in
amplifying immunenflammatory responses in diabetic retinopathy,
potentially contributing to the degeneration of tieal vasculature and
neuronal damagg167]. GeneMTRNR2L1% a gene implicated in the
regulation of mitochondrial function, and its dysregulation is closely
associated with mitochondrial dysfunction, a key pathological
mechanism in the development of diatic retinopathy. Gen€YSLTR4
involved in modulating autophagic processes, maintaining cellular
integrity, and mediating inflammatory responses. In the context of
diabetic retinopathy, Gen€Y SLTRiay contribute to the release of pro
inflammatory mediators and exacerbate retinal vascular inji§8].
GeneRPS26a ribosomal protein essential for protein synthesis, plays a
crucial role in cellular biosynthesis and metabolic processes. Mutations
or dysfunction ofRPS2@&an disrupt these processes, leag to cellular
dysfunction and contributing to the pathophysiology of diabetic
retinopathy [169]. Gene S100A8is a calciunrbinding protein that
participates in inflammatory processes and has been implicated in
diabetic complication§l70]. GenedPDE6/and PDE6Gre crucial in the
phototransduction cascade and dysfunction in them may affect visual
signal transductiorjl71]. GenePODNs an extracellular matrix protein
that acts as a negative regulator of cell migration and proliferation. In the
context of R, dysregulation of extracellular matrix remodeling may
compromise vascular integrity, enhance vascular permeability, and
facilitate pathological neovascularization and inflammatory responses.

GO enrichment analysis tfese importantgenes in BCs under diabetic
conditions revealed a significant overrepresentation of biological
processes such as humoral immune response, granulocyte chemotaxis,
and neutrophil chemotaxis (FiguréR). These findings suggest that BCs
are involved in retinal signal processiagd play a role in modulating
immune responses in the diabetic retina. The enrichment of immune
related terms, such as granulocyte chemotaxis and neutrophil
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chemotaxis, points to the potential involvement of BCs in the
recruitment of inflammatory cells, a hallmark of DR. This aligns with
previous research indicating that retinal inflammation is a key feature of
DR, where activated immune cells contribute testie damage and
vascular dysfunction. Furthethe KEGG analysisesults highlighted
pathways such as Antigen processing and presentation, Viral protein
interaction with cytokines and cytokine receptors, and Type | diabetes
mellitus (Figure 2F). Thee immune-related pathways like Antigen
processing and presentation and Viral protein interaction suggests that
BCs, in the context of DR, may influence local immune surveillance and
cytokinemediated inflammation in the retina. The enrichment of the
Type | diakbtes mellitus pathway emphasizes the molecular connection
between BCs and systemic diabetic conditions, further supporting the
idea that BCs are involved in the retinal inflammation and metabolic
dysregulation that characterize DFhe GO and KEGG enrichmheasults
suggest that the altered biological processes in BCs under diabetic
conditions are closely linked to immune responses and metabolic
dysregulation in the retingextending beyond their traditional function

in visual signal processing to include immune modulation and
inflammationassociated pathways that contribute to retinal dysfunction

in diabetes.
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Figure . comprehensive analysis of Chinese human retinal BCs type

(A)RFECV derived

feature selection cpemlzes:logisRcFreEgiessionw a s

classifier under a oneersusrest scheme. The pldiustratedthe relationship between the number of selected
features and the corresponding mean evadislated performance metric (AUC Ome-Rest). The observed
unimodal trend indicated that model performance is maximized with a relatively small feature subsgtinTdle
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feature subset size was therefore chosen for downstream modeling.

(B) To assess the relative importance of the features selected by RFECV, we plotted the top 20 features based on the
sum of the absolute values of the coefficients across all classes in the logistic regression model. The plot showed
the features arranged insteending order of importance. The horizontal bars represent the magnitude of the
coefficients, with | onger bars indicating greater col
genes such @0DN, RPS26, and CYSLT®4hibit the highest feature importances, suggesting their critical roles
in distinguishing between the different classes (healthy, diabetes, diabetic retinopathy) in this study.

(C) To evaluate the robustness of the feature selection process, we performed stability selection by repeating RFE 20
times with different random seeds. Each run selected a fixed number of features, as determined previously by
RFECV. For each gene, we calceldtthe proportion of times it was selected across the 20 repetitions. The plot
displayed the top 20 most frequently selected features among those chosen in over 50% of the runs. Higher
selection frequency indicates greater stability and reliability offé#fa¢ure in contributing to classification
performance. Genes such@SL4, ROR2, and ADRAMere consistently retained, suggesting their strong and
reproducible discriminative power across subsamples.

(D) To evaluate the classification performance of the final model, ROC curves were constructed for each class (NON,
DM, DR) using a onersusrest approach. The plot displayed the true positive rate plotted against the false
positive rate for each label. Tleelored curves represent model performance for each class, with the diagonal
dashed line indicating the performance of a random classifier (AUC = 0.5). The area under the curve (AUC)
val ues, reported in the | egenae each alass Allithreg clasdeseexhibib d e | 6 s
AUCs substantially greater than 0.5, indicating strong predictive power and reliable differentiation between
healthy, diabetic, and retinopathic states.

(E) Bar plot presented the top 20 enriched GO terms for the important and stable gene list. Rows represented each
GO term that these genes were involved in. The horizontal bars represenathe,ghe longer bars indicating
the stronger the correlation.

(F) Bar plot presented the top 20 enriched KEGG terms for the important and stable gene list. Rows represented each
KEGG term that these genes were involved in. The horizontal bars represent the adjasitedthe longer bars
indicating the stronger the getation.

Retinal Ganglion CellRGCrs

Applying the same framework, RFECV selet@&tiscriminative genes

in RGCs (Riige 26A and Supplementary Table 1). The foremost 20 genes
by coefficient magnitude are displayed in u#g26B, with RFE stability
selection also confirming the stable genes reproducibility across
bootstraps (Figre. 26C). A classifier based on the$66 RFE stability
selected genes yielde8b% accuracy and ROC AUCs & (NON), (8
(DM), and ®3 (DR) (Figre 26D). The stable gene feature selection
NEAYTF2NOSaE GKS Y2RStQa NBtALFLoAftAGER
to the pathogenesis of DR by affewiRGCs survival and function. Gene
B2M have been associated with inflammatory responses in diabetic
conditions [172]. Gene HLADPAlis a key molecule in antigen
presentation, playing a critical role in immune responses and
inflammation [173]. Gene RBPMS2 an RNAinding protein, may
regulate gene expression in retinal neurons. G&i&S1Rnodulates
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endocrine and immune responses and is implicated in neuroprotection
[174]. GeneGATD3As involved in mitochondrial function and may play

a role in managing oxidative stress within RGCs, which is a significant
factor in DR progressidta75]. Genes such 4ddNC01113.INC01303and
UNC5BAS1are involved in the regulation of gene expression at the
transcriptional and postranscriptional levels, which may modulate
pathways related to inflammation, apoptosis, and oxidative stress in
RGCs during OR76].

TheGO enrichment analysis in RGCs under diabetic conditions revealed
significant overrepresentation of biological processes such as protein
refolding, phototransduction, detection of external stimulus, and
detection of light stimulus (Figure6g). The enrichment in protein
refolding suggests that RGCs may undergo cellular stress in DR,
potentially due to the accumulation of misfolded proteins or oxidative
damage, as observed in neurodegenerative conditions. The significant
enrichment of phototraasduction &d detection of light stimulus
indicates that RGCs are involved in processes related to light signal
transduction, which aligns with their wedlstablished role in transmitting
visual information from the retina to the brain. However, the altered
expressio of these genes in DR suggests that RGCs might also be
involved in impaired light detection and signal processing under diabetic
conditions. The KEGG analysis further highlighted the
overrepresentation of pathways such as Antigen processing and
presentaton and Phototransduction (Figure6R2). The inclusion of
Antigen processing and presentation suggests a potential involvement of
RGCs in immuneelated processes, which is consistent with growing
evidence linking neuroinflammation to retinal dysfunction in DR. This
pathway enrichment pointso RGC susceptibility to immune activation

in  diabetic retinopathy, where the retinal inflammatory
microenvironment contributes to neuronal degeneration. The
overrepresentation of the Phototransduction pathway is expeaaan

wD/ aQ NRfS Ay NBflFeAy3d tA3IKIG aArdyl
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dysfunction in the retinal signaling cascade, contributing to visual
impairment in diabetic individuals. The GO and KEGG enrichment results
highlight that RGCs in diabetic conditions undergo complex molecular
changes that are linked not only to their tréidnal role in visual signal
transduction but also to stress responses and immune modulation
including both neuronal activity regulation and immune response which
contribute to the pathophysiology of diabetic retinopathy.

Top 20 Feature Importances (RFECV)

RFECV: Feature Number vs CV Score B
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(A) RFECV derived feature selection eenalized logisiktFdg€s¢ionwas pe
classifier under a oreersusrest scheme. The pldlustratedthe relationship between the number of selected
features and the corresponding mean ewadislated performance metric (AUC Onms-Rest). The observed
unimodal trend indicated that model performance is maximized with a relatively small feature subset. The
optimal feature subset size was therefore chosen for downstream modeling.

(B) To assess the relative importance of the features selected by RFECV, we plotted the top 20 features based on the
sum of the absolute values of the coefficients across all classes in the logistic regression model. The plot showed
the features arranged inst®nding order of importance. The horizontal bars represent the magnitude of the
coefficients, with | onger bars indicating greater <co
genes such &BRKY, PHGDH, and B2Mxhibit the highest feata importances, suggesting their critical roles
in distinguishing between the different classes (healthy, diabetes, diabetic retinopathy) in this study.

(C) To evaluate the robustness of the feature selection process, we performed stability selection by repeating RFE
20 times with different random seeds. Each run selected a fixed number of features, as determined previously by
RFECV. For each gene, we calceldthe proportion of times it was selected across the 20 repetitions. The plot
displayed the top 20 most frequently selected features among those chosen in over 50% of the runs. Higher
selection frequency indicates greater stability and reliability offéla¢ure in contributing to classification
performance. Genes such 81P20, PPP4R4, and AL135999ere consistently retained, suggesting their
strong and reproducible discriminative power across subsamples.

(D) To evaluate the classification performance of the final model, ROC curves were constructed for each class (NON,
DM, DR) using a on&ersusrest approach. The plot displayed the true positive rate plotted against the false
positive rate for each label. Tlelored curves represent model performance for each class, with the diagonal
dashed line indicating the performance of a random classifier (AUC = 0.5). The area under the curve (AUC)
values, reported in the | ege naleeachdaasnAllithfeg classbsexhiio de |l 6 s
AUCs substantially greater than 0.5, indicating strong predictive power and reliable differentiation between
healthy, diabetic, and retinopathic states.

(E) Bar plot presented the top 20 enriched GO terms for the important and stable gene list. Rows represented each
GO term that these genes were involved in. The horizontal bars represewathe,ghe longer bars indicating
the stronger the correlation.
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(F) Bar plot presented the top 20 enriched KEGG terms for the important and stable gene list. Rows represented
each KEGG term that these genes were involved in. The horizontal bars represent the adalstedhe longer
bars indicating the stronger the mation.

Horizontal Cell{HC3

For HCs, RFECV identifi@® key genes (Fige 27A and Supplementary
Table 1). The top 20 weighted features are plotted irule@7B, and
bootstrap RFE confirmed the genes selection stabilityu(Eig7C). The
ensuing genk& based classifier achieve®% accuracywith AUCs of
0.93 (NON), ®6 (DM), and ®3 (DR) (Figre 27D). These metrics
underscore the discriminative validity of the selected set. Some
biological processes contribute to the pathogenesis of DR by affecting
HCs function and survival. In addition to the gené€L2 SPP1l
MTRNR2L1ZCL2and CCL4L2Already described before, in the context
of DR, oxidative stress is a significant factor leadirGABRDetinal cell
damage [177]. Gene IGFBP2regulates IGF signaling and glucose
metabolism. It plays a key role in retinal cell proliferation and repair, and
its dysregulation may contribute to retinal dysfunction and vascular
damage in diabetic retinopathjl 78]. GenelFI6is an immune response
protein that regulates antiviral and inflammatory pathwdy39]. Gene
LAMPSis involved in lysosomdilinction and oxidative stress responses
[180]. And geneHSPAGs a molecular chaperone that aids in protein
folding and stress respon$#81]. And the expression of gettiST1H4C

is related to hyperglycemid.82].

The GO enrichment analysis in HCs under diabetic conditions revealed
significant overrepresentation of biological processes such as response
to interleukin-1, eosinophil migration, and eosinophil chemotaxis (Figure
27E). These enriched immusmelated terms suggest that HCs may play a
role in modulating inflammatory responses in the diabetic retina. The
involvement of HCs in eosinophil migration and chemotaxis indicates
that they may contribute to retinal immune cellgriitment during DR
progression, alignig with the growing body of evidence that retinal
inflammation, including eosinophihediated responses, plays a crucial
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role in the pathogenesis of diabetic retinopathy. The association with
response to interleukirl further suggests that HCs may be actively
involved in cytokine signaling pathways that modulate immune cell
activation and tissue remodeling in the retindhe KEGG analysis
revealed the overrepresentation of pathways such as Viral protein
interaction with cytokines and cytokine receptors, lide receptor
signaling pathway, and Antigen processing and presentation (Figéie 2
These pathways are central to immune responses and indicate that HCs
might be involved in retinal immune surveillance and regulation. The
TolkHike receptor signaling pathway suggests that HCs may be
participating in pathogen recognition and initiatingpflammatory
cascades in response tetinal stressors, including hyperglycemia in DR.
The enrichment of Antigen processing and presentation further supports
the hypothesis that HCs could be involved in presenting retinal antigens
to immune cells, influencing local immune responses and pattiy
exacerbating inflammation in DR. Together, these GO and KEGG
enrichment results provide compelling evidence that HCs, may also play
a significant role in immune regulation and inflammation during diabetic
retinopathy.
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Figure Z. comprehensive analysis of Chinese human retinal HCs type
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classifier under a oneersusrest scheme. The pldiustratedthe relationship between the number of selected
features and the corresponding mean evadislated performance metric (AUC Ome-Rest). The observed
unimodal trend indicated that model performance is maximized with a relatively small feature subsgtinTdle
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feature subset size was therefore chosen for downstream modeling.

(B) To assess the relative importance of the features selected by RFECV, we plotted the top 20 features based on the
sum of the absolute values of the coefficients across all classes in the logistic regression model. The plot showed
the features arranged insteending order of importance. The horizontal bars represent the magnitude of the
coefficients, with | onger bars indicating greater col
genes such &PP1, MTRNR2L12, and IF&xhibit the highedeature importances, suggesting their critical roles
in distinguishing between the different classes (healthy, diabetes, diabetic retinopathy) in this study.

(C) To evaluate the robustness of the feature selection process, we performed stability selection by repeating RFE 20
times with different random seeds. Each run selected a fixed number of features, as determined previously by
RFECV. For each gene, we calceldtthe proportion of times it was selected across the 20 repetitions. The plot
displayed the top 20 most frequently selected features among those chosen in over 50% of the runs. Higher
selection frequency indicates greater stability and reliability offé#fa¢ure in contributing to classification
performance. Genes suchEsAVL2, CCL2, and MYOMRere consistently retained, suggesting their strong and
reproducible discriminative power across subsamples.

(D) To evaluate the classification performance of the final model, ROC curves were constructed for each class (NON,
DM, DR) using a onersusrest approach. The plot displayed the true positive rate plotted against the false
positive rate for each label. Tleelored curves represent model performance for each class, with the diagonal
dashed line indicating the performance of a random classifier (AUC = 0.5). The area under the curve (AUC)
val ues, reported in the | egenae each alass Allithreg clasdeseexhibib d e | 6 s
AUCs substantially greater than 0.5, indicating strong predictive power and reliable differentiation between
healthy, diabetic, and retinopathic states.

(E) Bar plot presented the top 20 enriched GO terms for the important and stable gene list. Rows represented each
GO term that these genes were involved in. The horizontal bars represenathe,ghe longer bars indicating
the stronger the correlation.

(F) Bar plot presented the top 20 enriched KEGG terms for the important and stable gene list. Rows represented each
KEGG term that these genes were involved in. The horizontal bars represent the adjasitedthe longer bars
indicating the stronger the getation.

Cone Photoreceptors

RFECV selection in cone photoreceptors yieltietigenes (Figre 28A

and Supplementary Table 1). &iig 28B presents the top 20 genes by
coefficient magnitude, and the genes selected by RFE exhibited high
bootstrap stability (Figre 28C). A classifier using these genes readtd
accuracy, with ROC AUCs &4INON), ®7(DM), and ®5(DR) (Figre
28D). Such performance highlighted the discriminatory capacity of cone
photoreceptor key genes. Ge&4is involved in mitochondrial energy
metabolism and may play a role in managing oxidative stress within cone
photoreceptors[183]. Genes such &CL4L2and CD74are involved in
immune and inflammatory pathway484-185]. Elevated expression of
these genes may exacerbate inflammatory responses in the diabetic
retina. Genes likdcFOSBand LERF&re involved in gene expression
regulation, changes in the expression of them can influence cone
photoreceptor function under hyperglycemic conditiofik86]. Gene
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POUG6F2s an important transcription factor in retinal development,
participating in the differentiation and functional regulation of retinal
neurons[187]. GeneFOSs a transcription factor that plays an important
role in stress response and apoptddi88]. GeneSLC22Alig associated
with cellular metabolism and structural integrif¥89-190).

The GO enrichment analysis of cone photoreceptors under diabetic
conditions revealed significant overrepresentation of biological
processes such as response to hypoxia, response to decreased oxygen
levels, and antigen processing and presentation of exogenepside
antigen (Figure ). The enrichment of terms related to hypoxia
indicates that cone photoreceptors are likely experiencing metabolic
stress in DR, which is consistent with previous studies showing that
retinal oxygen levels are compromised in ditdse Retinal hypoxia has
been shown to trigger adaptive and maladaptive responses in various
retinal cells, including photoreceptors. The overrepresentation of
antigen processing and presentation suggests that cone photoreceptors
may also be involved in mune-related processes in the diabetic retina,
potentially influencing immune cell activation and inflammation through
the presentation of retinal antigensThe KEGG pathwagnrichment
analysis highlighted the prominent presence of pathways such as Toll
like receptor signaling pathway, Type | diabetes mellitus, and Antigen
processing and presentation (Figurg=2. The enrichment of the Tdike
receptor signaling pathway indicates that cone photoreceptors may play
a role in retinal immune surveillance, potentially contributing to the
initiation of inflammatory cascades in response to diabetic stressors.
Toltike receptors (TLRs) are central to innate immune responses, and
their activation in retinal cells has been implicated in the exacerbation of
retinal inflammation and degeneration in DR. The Type | diabetes
mellitus pathway further emphasizes the molecular connection between
cone photoreceptors and the systemic metabolic disturbances caused by
diabetes. This suggests that cone photoreceptors may becodatly
vulnerable to the metabolic and inflammatory changes associated with
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DR, potentially contributing to photoreceptor dysfunction and visual
iImpairment. These GO and KEGG enrichment results provide compelling
evidence that cone photoreceptors, in addition to their traditional role

in visual processing, may be involved in ratilmmune modulation,
stress responses, and metabolic adaptation under diabetic conditions.

Top 20 Feature Importances (RFECV)
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Figure 8. comprehensive analysis of Chinese human retinal cone
photoreceptors type

(A RFECV derived feature selection cpenalizes logisRcFregissionvas pe
classifier under a oneersusrest scheme. The pldtustratedthe relationship between the number of selected
features and the corresponding mean ewadislated performance metric (AUC Ous-Rest). The observed
unimodal trend indicated that model performance is maximized with a relatively small feature subsjetinidie
feature subset size was therefore chosen for downstream modeling.

(B) To assess the relative importance of the features selected by RFECV, we plotted the top 20 features based on the
sum of the absolute values of the coefficients across all classes in the logistic regression model. The plot showed
the features arranged insteending order of importance. The horizontal bars represent the magnitude of the
coefficients, with | onger bars indicating greater co
genes such aB0OS, CCL4, and MTRNR2LXEXhibit the highest feature importances, suggesting their critical
roles in distinguishing between the different classes (healthy, diabetes, diabetic retinopathy) in this study.

(C) To evaluate the robustness of the feature selection process, we performed stability selection by repeating RFE 20
times with different random seeds. Each run selected a fixed number of features, as determined previously by
RFECV. For each gene, we calceldtthe proportion of times it was selected across the 20 repetitions. The plot
displayed the top 20 most frequently selected features among those chosen in over 50% of the runs. Higher
selection frequency indicates greater stability and reliability offtlagdure in contributing to classification
performance. Genes suchA&G8007336.2, AC110992.1, and TMEM1746&re consistently retained, suggesting
their strong and reproducible discriminative power across subsamples.

(D) To evaluate the classification performance of the final model, ROC curves were constructed for each class (NON,

DM, DR) using a on&ersusrest approach. The plot displayed the true positive rate plotted against the false
positive rate for each label. Tleelored curves represent model performance for each class, with the diagonal
dashed line indicating the performance of a random classifier (AUC = 0.5). The area under the curve (AUC)

val ues, reported in the | egenateead alass Allithreg classesexhibib d e | 6 s
AUCs substantially greater than 0.5, indicating strong predictive power and reliable differentiation between
healthy, diabetic, and retinopathic states.

(E) Bar plot presented the top 20 enriched GO terms for the important and stable gene list. Rows represented each
GO term that these genes were involved in. The horizontal bars represenalibe,ghe longer bars indicating
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the stronger the correlation.

(F) Bar plot presented the top 20 enriched KEGG terms for the important and stable gene list. Rows represented each
KEGG term that these genes were involved in. The horizontal bars represent the adjastedthe longer bars
indicating the stronger the aetation.

Rod Photoreceptors

In rod photoreceptors, RFECV pinpointeti8 signature genes (Rige
29A and Supplementary Table 1). The leading 20 features with top
coefficient magnitude are displayed in &ig 29B, and the genes with
high stability is shown in Rige 29C. The roH specific claséer achieved
74% accuracy and multiclass AUCs 88@NON), 88 (DM), and B7
(DR) (Figre 29D), underscoring exceptional discriminative performance.
Genes such a<D163and TYROBFRare involved in immune and
inflammatory pathwaysGeneSOCSRBegatively regulates the JAK/STAT
pathway, modulating cellular resporséo proinflammatory cytokines.
Its upregulation in the retina enhances inflammatory signaling and
promotes pathological angiogenegi$91]. The long noncoding RNA
MIATdrives retinal pericytg@roptosisand inflammation, contributing to
neurovascular damage in diabetic retinopati92]. An imbalance
between TIMP1and matrix metalloproteinases disrupts extracellular
matrix remodeling and vascular integrity, facilitating basement
membrane thickening and abnormal neovascularizat[@83]. Gene
CD163s a macrophage/microglial scavenger receptor and a marker of
macrophage activation, playing a key role in inflammaf{b®4]. Gene
LTFis the inflammatiorrelated protein lactotransferrin and has been
reported to be upregulated in proteomic studies of OJRI5]. The
expression of genEGR&an influence rod photoreceptor function under
hyperglycemic conditiongl96]. Genes such &SLC44Aand USP9Yare
associated with cellular metabolism and structural integfit97].

The GO enrichment analysis of rod photoreceptors under diabetic
conditions revealed significant overrepresentation of biological
processes such as neutrophil chemotaxis, granulocyte chemotaxis, and
neutrophil migration (Figure 9E). These immuneelated processes
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suggest that rod photoreceptors may play a role in modulating the
retinal immune microenvironment in DR. The enrichment of neutrophil
chemotaxis and migration indicates a potential involvement of rod
photoreceptors in the recruitment of inflammatory cellghich is a
hallmark of DR pathology. In particular, neutrophils have been
implicated in the retinal inflammation and vascular leakage
characteristic of DR, and their recruitment to the retina may be
influenced by signaling molecules expressed by photgrexs in
response to diabetic stres$heKEGG pathway analysis highlighted the
prominent enrichment of pathways such as Viral protein interaction with
cytokine and cytokine receptor, Chemokine signaling pathway, and
Cytokinecytokine receptor interaction (FigureQg). The enrichment of
these pathways underscores the role of rod photoreceptors in mediating
immune responses and signaling in the retina during DR. The Viral
protein interaction with cytokine and cytokine receptor pathway
suggests that rod photeceptors may be involved in cytokine signaling,
even in the absence of actual viral infection, by mediating immune
responses that are triggered by retinal stressors, such as hyperglycemia
and oxidative damage. The Chemokine signaling pathway and Cytokine
cytokine receptor interaction pathways point to the active involvement
of rod photoreceptors in the recruitment and activation of immune cells,
further emphasizing their role in the inflammatory processes that
contribute to retinal dysfunction and neurodegeration in DR. These
findings suggest that rod photoreceptors contribute not only to visual
signal processing but also to the retinal immune response, which could
exacerbate the pathophysiology of DR by promoting retinal
inflammation and immune cell regitment.
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Figure ®. comprehensive analysis of Chinese human retinal rod photoreceptors

(A) RFECV derived feature selection cpamlized logisRdrégiessionvas pe
classifier under a oneersusrest scheme. The pldtustratedthe relationship between the number of selected
features and the corresponding mean ewadislated performance metric (AUC Ome-Rest). The observed
unimodal trend indicated that model performance is maximized with a relatively small feature subsgtinTdle
feature subset size was therefore chosen for downstream modeling.
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(B) To assess the relative importance of the features selected by RFECV, we plotted the top 20 features based on the
sum of the absolute values of the coefficients across all classes in the logistic regression model. The plot showed
the features arranged insteending order of importance. The horizontal bars represent the magnitude of the
coefficients, with | onger bars indicating greater col
genes such a8RP, WAPL, and MTRNR2LEXhibit the highesteature importances, suggesting their critical
roles in distinguishing between the different classes (healthy, diabetes, diabetic retinopathy) in this study.

(C) To evaluate the robustness of the feature selection process, we performed stability selection by repeating RFE 20
times with different random seeds. Each run selected a fixed number of features, as determined previously by
RFECV. For each gene, we calceldtthe proportion of times it was selected across the 20 repetitions. The plot
displayed the top 20 most frequently selected features among those chosen in over 50% of the runs. Higher
selection frequency indicates greater stability and reliability off#fa¢ure in contributing to classification
performance. Genes such@HdI3L1, TGFBI, and CD16®%ere consistently retained, suggesting their strong and
reproducible discriminative power across subsamples.

(D) To evaluate the classification performance of the final model, ROC curves were constructed for each class (NON,
DM, DR) using a onersusrest approach. The plot displayed the true positive rate plotted against the false
positive rate for each label. Tleelored curves represent model performance for each class, with the diagonal
dashed line indicating the performance of a random classifier (AUC = 0.5). The area under the curve (AUC)
val ues, reported in the | egenae each alass AllithHreg clasdeseexhibib d e | 6 s
AUCs substantially greater than 0.5, indicating strong predictive power and reliable differentiation between
healthy, diabetic, and retinopathic states.

(E) Bar plot presented the top 20 enriched GO terms for the important and stable gene list. Rows represented each
GO term that these genes were involved in. The horizontal bars represenathe,ghe longer bars indicating
the stronger the correlation.

(F) Bar plot presented the top 20 enriched KEGG terms for the important and stable gene list. Rows represented each
KEGG term that these genes were involved in. The horizontal bars represent the adjaitedthe longer bars
indicating the stronger the aetation.

Microglia

For microglia, RFECV seleci®d genes (Figre 30A and Supplementary
Table 1). The top 20 features by weight are shown inrEig0B, with
bootstrap validation in Fige 30C confirming their consistency. A
classifier trained on these genes yield&#o accuracy and AUCs 039.
(NON), ®7 (DM), and ®5 (DR) (Figre 30D), reflecting moderate
discriminative power. Gené.6is involved in mediating inflammation
within the diabetic retind198]. GenesMT1E MT1H andMT1Gare the
part of the metallothionein family, which plays a role in metal ion
homeostasis and protection against oxidative stress that is a significant
factor in DR progressidi99-201]. Genes=Nland SDCare involved in
extracellular matrix organizatiof202203. GenelL7Ris involved in the
development and activation of immune cells.

The GO enrichment analysis @&y genes in microglia under diabetic
conditions revealed significant overrepresentation of biological
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processes such as detoxification of copper ion, stress response to copper
lon, and stress response to metal ion (FigB0E). These enriched terms
suggest that microglia may be actively involved in the cellular stress
responses triggered by the altered metabolic and environmental
conditions in the diabetic retina. The detoxification of copper ion and
stress response to metabn highlight the role of microglia in managing
metal ion imbalances and oxidative stress, both of which are
exacerbated in DR. Micrbag, as the resident immune cells of the retina,
play a crucial role in modulating these stress respon3ée KEGG
pathway analysis identified the enrichment of pathways such as
Cytokinecytokine receptor interaction, AGEAGE signaling pathway in
diabetic complications, and Mineral absorption (FiguBéF). The
overrepresentation of the Cytokireytokine receptor interaction
pathway suggests that microglia may contribute to the inflammatory
milieu in the retina by mediating interactions between retinall€end
immune cells through cytokine signaling. This is consistent with the
growing evidence of neuroinflammation in DR, where activated microglia
release prainflammatory cytokines that contribute to retinal
dysfunction. The AGEAGE signaling pathwaydrabetic complications

Is particularly relevant in DR, as advanced glycation@oducts (AGES)
accumulate in the retina due to chronic hyperglycemia. The-R&&E
interaction has been shown to activate microglia, further promoting
inflammation and neurodgeneration. Lastly, the Mineral absorption
pathway, which relates to the uptake of essential ions such as calcium
and magnesium, is enriched, reflecting the role of microglia in
maintaining ion homeostasis and modulating neuronal health, especially
underthe altered metabolic conditions in DR. The findings highlight the
multifaceted role of microglia in DR, where they not only contribute to
retinal inflammation through cytokine signaling but also play a crucial
role in managing oxidative stress, metal lommeostasis, and neuronal
health. These functions are integral to the pathophysiologyRfwhere
chronic inflammation and metabolic disturbances drive retinal damage
and dysfunction.
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classifier under a oneersusrest scheme. The pldtustratedthe relationship between the number of selected
features and the corresponding mean evadislated performance metric (AUC Ows-Rest). The observed
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unimodal trend indicated that model performance is maximized with a relatively small feature subset. The optimal
feature subset size was therefore chosen for downstream modeling.

(B) To assess the relative importance of the features selected by RFECV, we plotted the top 20 features based on the
sum of the absolute values of the coefficients across all classes in the logistic regression model. The plot showed
the features arranged ingeending order of importance. The horizontal bars represent the magnitude of the
coefficients, with | onger bars indicating greater col
genes such &8LC2704, MT1E, and FNxhibit the highest féare importances, suggesting their critical roles in
distinguishing between the different classes (healthy, diabetes, diabetic retinopathy) in this study.

(C) To evaluate the robustness of the feature selection process, we performed stability selection by repeating RFE 20
times with different random seeds. Each run selected a fixed number of features, as determined previously by
RFECV. For each gene, we calceldtthe proportion of times it was selected across the 20 repetitions. The plot
displayed the top 20 most frequently selected features among those chosen in over 50% of the runs. Higher
selection frequency indicates greater stability and reliability offélaéure in contributing to classification
performance. Genes suchAS512328.1, LINC02528, and MTRNR2I\€re consistently retained, suggesting
their strong and reproducible discriminative power across subsamples.

(D) To evaluate the classification performance of the final model, ROC curves were constructed for each class (NON,
DM, DR) using a onersusrest approach. The plot displayed the true positive rate plotted against the false
positive rate for each label. Tleelored curves represent model performance for each class, with the diagonal
dashed line indicating the performance of a random classifier (AUC = 0.5). The area under the curve (AUC)
val ues, reported in the | egenae each alass Allithreg clasdeseexhibib d e | 6 s
AUCs substantially greater than 0.5, indicating strong predictive power and reliable differentiation between
healthy, diabetic, and retinopathic states.

(E) Bar plot presented the top 20 enriched GO terms for the important and stable gene list. Rows represented each
GO term that these genes were involved in. The horizontal bars represenathe,ghe longer bars indicating
the stronger the correlation.

(F) Bar plot presented the top 20 enriched KEGG terms for the important and stable gene list. Rows represented each
KEGG term that these genes were involved in. The horizontal bars represent the adjastedthe longer bars
indicating the stronger the cetation.

Astrocytes

In astrocytes, RFECV isolaté8D key genes (Fige 31A and
Supplementary Table 1). The top 20 by coefficient magnitude are plotted
in Figure 31B, and the genes with high bootstrap repeatability are shown
in Figire 31C. The astrocyte focused classifier achieved®% accuracy
and AUCs of 83 (NON), ®8 (DM), and 0.95 (DR) (kg 31D). Genes
such asSPPANdCCLare involved in mediating inflammation within the
diabetic retina[204-205]. GeneMT-ATP8s associated with the cellular
response to oxidative stre§206]. GeneCD74are involved in immune
and inflammatory pathwayR07]. GeneANGPTLplays a critical role in
angiogenesis by regulating vascular permeability and the formation of
new blood vesseld§208]. Gene GDF15exhibits antioxidant, ami
inflammatory, and cytoprotective propertie$209]. Gene JUNB s
involved in the regulation of cellular stress responses, proliferation, and
apoptosis [210]. Gene KLF4is transcription factors that regulate
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astrocyte differentiation and functiof211]. Astrocytes play a crucial role,
particularly in maintaining retinal vascular homeostasis, regulating
immune responses, and managing oxidative stress.

The GO enrichment analysis revealed significant overrepresentation of
biological processes such as myeloid leukocyte differentiation, cell
chemotaxis, and response to decreased oxygen levels (Fidée Bhe
enrichment of myeloid leukocyte differentiation and cell chemotaxis
suggests that astrocytes may be actively involved in the recruitment and
differentiation of immune cells in the diabetic retina, highlighting their
role in modulating retinal inflamation. Astrocytes, as key components
of the retinal glial network, are increasingly recognized for their
contributions to retinal immune responses, particularly in conditions like
DR, where they influence immune cell trafficking and cytokine release.
The term response to decreased oxygen levels points to threviament

of astrocytes in retinal hypoxia, a central feature of DR. Retinal hypoxia
drives various adaptive responses in glial cells, including the upregulation
of pro-inflammatory cytokines and metabolic adjustments, to support
retinal tissue under stressThe KEGG pathway analysis revealed
significant enrichment in pathways such as Viral protein interaction with
cytokine and cytokine receptor, cytokiroytokine receptor interaction,
and Chemokine signaling pathway (Figut&)3 The overrepresentation

of the Viral protein interaction with cytokine and cytokine receptor
pathway suggests that astrocytes may participate in the activation of
immune responses through cytokine signaling, potentially in response to
diabetic stressors Although not directly involw in viral infection,
astrocytes may contribute to immune activation and inflammation
through the recognition of stress signals, such as reactive oxygen species
(ROS) and advanced glycation gardducts (AGESs), which are elevated
in DR. The enrichment inykine-cytokine receptor interaction
highlights the role of astrocytes in mediating inflammatory signaling
within the retinal microenvironment. By secreting pirdlammatory
cytokines, astrocytes help to propagate the immune response,
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contributing to the chronic inflammation that is characteristic of DR.
Additionally, the Chemokine signaling pathway emphasizes astrocytes'
role in immune cell recruitment and trafficking, which is critical in the
context of retinal inflammation and damage DR. These GO and KEGG
enrichment results underscored the importance of astrocytes in
modulating immune responses, managing oxidative stress, and adapting
metabolic processes in the retina during DR. This highlighted their
multifaceted role in the pathphysiology of diabetic retinopathy, where
they contribute to both neuroinflammation and metabolic adaptation,
exacerbating retinal damage and dysfunction.

A RFECV: Feature Number vs CV Score B Top 20 Feature Impartances (RFECV)
1 Juns

-------

RAMPL
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Figure 3. comprehensive analysis of Chinese human retinal astrocyte type

(A RFECV derived feature selection cpenalizes :logisRcregissionvas pe
classifier under a oneersusrest scheme. The pldtustratedthe relationship between the number of selected
features and the corresponding mean evadislated performance metric (AUC Ous-Rest). The observed
unimodal trend indicated that model performance is maximized with a relatively small feature subsetinidde
feature subset size was therefore chosen for downstream modeling.

(B) To assess the relative importance of the features selected by RFECV, we plotted the top 20 features based on the
sum of the absolute values of the coefficients across all classes in the logistic regression model. The plot showed
the features arranged ingeending order of importance. The horizontal bars represent the magnitude of the
coefficients, with | onger bars indicating greater col
genes such a¥#UNB, FOS, and CCL8xhibit the highest featarimportances, suggesting their critical roles in
distinguishing between the different classes (healthy, diabetes, diabetic retinopathy) in this study.

(C) To evaluate the robustness of the feature selection process, we performed stability selection by repeating RFE 20
times with different random seeds. Each run selected a fixed number of features, as determined previously by
RFECV. For each gene, we calcekthe proportion of times it was selected across the 20 repetitions. The plot
displayed the top 20 most frequently selected features among those chosen in over 50% of the runs. Higher
selection frequency indicates greater stability and reliability off¢fagure in contributing to classification
performance. Genes such ABOC1, MT3, and SLPWere consistently retained, suggesting their strong and
reproducible discriminative power across subsamples.

(D) To evaluate the classification performance of the final model, ROC curves were constructed for each class (NON,

DM, DR) using a on&ersusrest approach. The plot displayed the true positive rate plotted against the false
positive rate for each label. Tleelored curves represent model performance for each class, with the diagonal
dashed line indicating the performance of a random classifier (AUC = 0.5). The area under the curve (AUC)

val ues, reported in the | egenate each alass Allithreg clasdexeexhibib d el 6 s
AUCs substantially greater than 0.5, indicating strong predictive power and reliable differentiation between
healthy, diabetic, and retinopathic states.

(E) Bar plot presented the top 20 enriched GO terms for the important and stable gene list. Rows represented each
GO term that these genes were involved in. The horizontal bars represenalbe,ghe longer bars indicating
the stronger the correlation.

(F) Bar plot presented the top 20 enriched KEGG terms for the important and stable gene list. Rows represented each
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KEGG term that these genes were involved in. The horizontal bars represent the adjastedthe longer bars
indicating the stronger the correlation.

Miller Glial Cell{MGCs)

RFECV selection in MGCs identifigdl6 genes (Figre 32A and
Supplementary Table 1). kig 32B depicts the top 20 features, all of
which exhibited high bootstrapped stability (Brg 32C). The
corresponding classifier achievé8% accuracy and AUCs d®(NON),
0.87 (DM), and ®B5 (DR) (Figre 32D), highlighting exceptional
classification performance. Genes such @BMAP7and KISS1Rare
involved in immune regulation and inflammatory pathwd42-213).
GeneGSTMbsassociated with oxidative stress and metabolic regulation
[214-215]. Gene CHI3L2 a member of the chitinaskke family, is
associated with inflammation, macrophage polarization, and tissue
remodeling. Its altered expression in the retina and systemic circulation
suggests a role in the inflammatory activity underlying[DES]. Several
long noncoding RNASs such A§583808.1AC104695.4, and AC008403.3
are involved in gene regulation including chromatin remodeling,
transcription, and postranscriptional processing, which influences
MGCs function under diabetic conditioffxl7].

The GO enrichment analysis revealed significant overrepresentation of
biological processes such as leukocyte migration, positive regulation of
macrophage activation, and regulation of macrophage activation (Figure
32E). These findings suggest that MGCs play a key role in mediating
retinal immune responses during DR, particularly in the activation and
migration of immune cells such as macrophages. The enrichment of
terms related to macrophage activation indicates thstGCs may
facilitate the activation of reident macrophages and their migration to
sites of retinal injury. This process is essential for the inflammatory
response in DR, where activated macrophages contribute to retinal
inflammation and tissue remodeling. Additionally, leukocyte migration
refledas the involvement of MGCs in the recruitment of various immune
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cells, further implicating them in the neuroinflammatory processes
characteristic of DRTheKEGG pathway analysis revealed enrichment in
pathways such as Cytokuogtokine receptor interaction, Cell adhesion
molecules, and Complement and coagulation cascades (Figkde Bhe
Cytokinecytokine receptor interaction pathway suggests that MGCs are
involved in retinal immune signaling, where they regulate the
interactions between retinal cells and immune cells, promoting the
inflammatory microenvironment in DRThe Cell adhesion molecules
pathway highlights the role of MGCs in mediating-cell interactions,
which are crucial for maintaining retinal structure and integrity during
DR. Adhesion molecules also play a critical role in immune cell
recruitment andmigration, allowing MGCs to interact with other retinal
cells and immune cells during tissue remodeling and gliosis. Furthermore,
the enrichment of the Complement and coagulation cascades pathway
suggests that MGCs may be involved in regulating the congém
system, which is activated during inflammation and contributes to tissue
damage in DR. MGGCsontribute to immune cell recruitment and
activation,and structural remodeling and gliosis through the regulation
of immune responses and complement activation.
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A RFECV: Feature Number vs CV Score B Top 20 Feature Importances (RFECY)
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Figure32. comprehensive analysis of Chinese human retinal MGCs type
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classifier under a oneersusrest scheme. The plditustratedthe relationship between the number of selected
features and the corresponding mean evadislated performance metric (AUC Ows-Rest). The observed
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