
 

 

Single-Cell Transcriptomic Atlas Profiling and Machine 

Learning Driven Classification in Tissue and Organ Systems 

 

AUTHOR 

Sen LIN 

Student ID: 20474543 

SEN.LIN2@nottingham.edu.cn 

 

SUPERVISED BY  

Weihua Meng 

Weihua.Meng@nottingham.edu.cn 

Richard Rankin 

Richard.Rankin@nottingham.edu.cn 

 

Thesis submitted to the University of Nottingham  

for the degree of Doctor of Philosophy 

 

 



Student ID: 20474543 Thesis Sen LIN 

 2 

Abstract 

Advancements in single-cell transcriptomics have enabled 
unprecedented resolution in profiling cellular heterogeneity across 
tissues and disease states. In this study, we present a comprehensive 
integration of single-cell RNA sequencing (scRNA-seq) and machine 
learning (ML) methodologies to construct multi-scale, high-resolution 
cell atlases and develop robust models for gene prioritization and cell 
classification. Specifically, we report two major contributions: the 
generation of a large-scale mouse organ and tissue atlas and the 
construction of the first complete single-cell transcriptomic atlas of the 
human retina derived from fresh tissue samples of Chinese individuals. 
These atlases provide a foundation for understanding organ-specific and 
retinal cellular complexity, as well as inter-individual variability, with 
implications for both basic biology and translational medicine. 

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

In parallel, we constructed a single-cell 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 a high-resolution 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 non-Asian populations. This atlas comprises detailed 
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annotations of major retinal cell classesτincluding photoreceptors, 
bipolar cells, horizontal cells, Müller glia, amacrine cells, microglia, and 
retinal ganglion cellsτas well as finer subpopulations. The use of fresh 
tissue preserved the transcriptomic integrity of labile cell types and 
enabled the identification of novel markers that would otherwise be 
degraded in frozen or delayed-processing samples. 

To interpret these rich datasets and prioritize functionally relevant 
features, we integrated supervised machine learning algorithmsτ
including logistic regression, random forests, and artificial neural 
networksτfor feature selection and classification tasks. Using recursive 
feature elimination (RFE) and cross-validation 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 healthy 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 upregulation 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 driving diabetic retinal 
degeneration. 

Additionally, we trained and evaluated multi-class 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 computationally efficient and 
biologically informative approach to annotate large-scale single-cell 
datasets. This classification framework has potential applications in 
automated cell annotation, disease subtype classification, and patient 
stratification in future 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 broader populations and disease 
stages. The technical limitations of scRNA-seqτincluding gene dropout 
and incomplete transcript detectionτpose challenges for capturing the 
full molecular complexity of rare or lowly expressed cell populations. 
Furthermore, while the 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 current 
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 single-cell reference atlases and the application of 
machine learning to unravel tissue- and disease-specific transcriptional 
programs. The generation of both a mouse tissue atlas and a human 
retina atlas based on Chinese fresh samples provides critical biological 
insights and fills a major gap in ethnic representation in single-cell 
studies. The integration of ML techniques enhances the interpretability 
and predictive power of scRNA-seq 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 
applications in both tissue and organoid systems. 
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1. Introduction 

1.1 Single-cell RNA Sequencing (scRNAȤseq) 

Single-cell RNA sequencing (scRNAȤseq) 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 mask the 
diversity and dynamic range of cellȤspecific programs, limiting the 
detection of rare or transient cellular states. In contrast, scRNAȤseq 
resolves mRNA abundance at singleȤcell resolution, enabling the 
identification of discrete cell types, developmental trajectories, and 
contextȤdependent regulatory networks within complex tissues [2-3]. 

The genesis of scRNAȤseq can be traced to early proofȤofȤconcept 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 singleȤcell transcriptomics, 
throughput remained low, and technical noiseτstemming from 
stochastic sampling of lowly expressed transcriptsτposed substantial 
analytical challenges. The advent of microfluidic devices and 
dropletȤbased partitioning in the midȤ2010s revolutionized the field by 
enabling massively parallel capture and barcoding of thousands to tens 
of thousands of cells in a single run [4]. 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 isoforms. Presently, a 
diverse array of scRNAȤseq platforms caters to different experimental 
priorities.  DropletȤbased systems (e.g., 10x Genomics Chromium) 



Student ID: 20474543 Thesis Sen LIN 

 12 

remain the workhorse for highȤthroughput studies, routinely profiling up 
to one million cells per project [3]. 

The advantages of scRNAȤseq extend beyond cellȤtype 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 progression [5-6]. Integration 
frameworks (e.g., Seurat, Scanpy) facilitate the merging of datasets 
across platforms, species, or conditions, thereby enhancing statistical 
power and reproducibility [7-8]. ScRNA-seq has revolutionized our 
understanding of cellular heterogeneity by enabling the comprehensive 
profiling of gene expression at the resolution of individual cells. In 
cellular heterogeneity, it characterizes the heterogeneity of individual 
cell in different species, differentiation states, ages and so on. In the 
context of disease, scRNA-seq reveals heterogeneity across the different 
stages of diseases, identifies key genes in disease processes, and reveals 
previously obscured disease-immune interactions [9]. 

ScRNA-seq 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 multiȤmodal data renders it an indispensable tool 
for both basic research and translational applications [10]. These 
methodological improvements have facilitated discoveries across 
diverse biological systems, including the identification of novel cell types 
in the developing brain, the characterization of immune cell activation 
states in disease, and the delineation of differentiation pathways in stem 
cell models [1]. Despite these successes, scRNAȤseq continues to face 
technical and computational obstacles. Challenges remain in technical 
noise mitigation, data integration across platforms, and the robust 
inference of geneςgene interactions. Dropout eventsτinstances in 
which transcripts are not detected due to low capture efficiencyτ
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generate sparse data matrices that complicate downstream analyses. 
Batch effects and platformȤspecific biases necessitate careful 
normalization and integration strategies to avoid spurious conclusions. 
Nonetheless, scRNA-seq 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 large-scale data across a wide range of scientific 
disciplines [11]. Unlike traditional rule-based 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 
decisions based on empirical data without being explicitly programmed 
for each specific task.  

At its foundation, ML comprises several subcategories, including 
supervised learning, unsupervised learning, semi-supervised learning, 
and reinforcement learning [12]. 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 learning architectures such as convolutional neural networks 
and recurrent neural networks [13]. In recent years, deep learning, which 
employs multi-layered neural networks to learn hierarchical feature 
representations, has achieved state-of-the-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 as k-means 
clustering, hierarchical clustering, principal component analysis (PCA), 
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and manifold learning (e.g., t-SNE, UMAP) are widely used to identify 
hidden subgroups, reduce dimensionality, and explore the latent space 
of complex datasets [15]. 

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 classify diseases 
based on gene expression patterns, predict the effects of genetic 
variants, and identify cell-type-specific markers in single-cell data [16]. 
Deep learning models, in particular, have demonstrated the ability to 
automatically learn hierarchical representations from raw biological data, 
outperforming traditional statistical methods in various benchmarks. 
This data-driven approach is particularly well-suited 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 dependencies. By leveraging large 
datasets, ML models can learn latent representations, detect subtle 
patterns, and make data-driven inferences that are robust to noise and 
heterogeneity. As a result, ML has become increasingly central to 
systems biology, drug discovery, disease classification, and precision 
medicine. Its flexibility and scalability make it especially well-suited for 
single-cell transcriptomics, where the data are inherently noisy, sparse, 
and high-dimensional [17]. Continued progress in algorithm 
development, interpretability, and model generalization is expected to 
further solidify ML's role as a cornerstone of next-generation biological 
data analysis. 

2. Literature Review 
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2.1 Challenges in the Single-cell Transcriptomics 

In the rapidly advancing field of single-cell data science, Lähnemann et al. 
(2020) present a comprehensive framework that identifies eleven major 
challenges critical to the evolution of the discipline [18]. 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 multi-source data, addressing issues 
related to noise, bias, and the underrepresentation of rare cell types in 
single-cell datasets. Additionally, they underscore the significance of 
understanding cellular heterogeneity within tissue architecture, which 
remains a formidable challenge in single-cell 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, large-scale cell atlases that can support systematic 
comparison and downstream computational modeling. 

¶ Handling Sparsity in Single-Cell RNA Sequencing: One of the primary 
obstacles in scRNA-seq is the inherent sparsity of the data, with 
many genes exhibiting zero or near-zero expression in individual 
cells. This technical limitation, often exacerbated by low sequencing 
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 computational tools that can 
robustly handle such sparse datasets, mitigating the risks of false 
negatives and improving the overall accuracy of biological insights. 

¶ Defining Flexible Statistical Frameworks for Discovering Complex 
Differential Patterns in Gene Expression: Another challenge 
highlighted is the need for more flexible statistical frameworks that 
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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 non-linear relationships that exist at the single-
cell level. To address this, Lähnemann et al. advocate for the 
development of advanced statistical models that incorporate 
factors such as cell-type-specific variation, intra-cellular 
heterogeneity, and batch effects. These frameworks would allow 
for more accurate identification of differentially expressed genes 
and cellular responses across varying conditions. 

¶ Mapping Single Cells to a Reference Atlas: The process of mapping 
individual cells to a reference cell type atlas remains a significant 
challenge in single-cell biology. While reference atlases provide 
invaluable resources for annotating and classifying cell types 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 robust computational 
methods that can align single-cell data to existing atlases or even 
generate new, context-specific reference models is critical for 
advancing our understanding of cellular diversity and functional 
states. 

¶ Integration of Single-Cell Data Across Samples, Experiments, and 
Types of Measurement: Lastly, the integration of single-cell 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. Lähnemann et al. emphasize the need for 
sophisticated computational tools and frameworks that facilitate 
the seamless integration of multi-modal data, ensuring that 
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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 single-cell RNA sequencing 
methodologies, several critical challenges remain that hinder the 
construction of comprehensive cellular atlases and cross-tissue 
integrative analyses. Current approaches for handling technical sparsity 
are predominantly designed for individual datasets and lack 
transferability across studies, limiting their scalability in atlas-level 
projects. Similarly, existing statistical frameworks for differential gene 
expression analysis focus primarily on local pairwise comparisons rather 
than systematic multi-tissue or multi-condition investigations. 
Furthermore, the absence of standardized hierarchical annotation 
schemes and computationally transferable reference models constrains 
the utility of current atlases as robust benchmarks for automated cell 
type classification. The integration of heterogeneous single-cell data 
across samples, experimental batches, and measurement modalities 
remains fragmented, lacking unified computational frameworks that can 
simultaneously account for technical variation while analyzing both 
shared biological patterns and context-specific signatures. Collectively, 
these limitations underscore an urgent need for scalable, generalizable 
computational approaches that can bridge individual datasets into 
coherent reference frameworks, enabling systematic discovery of 
cellular heterogeneity across tissues and organs, developmental stages, 
and disease conditions. Addressing these unresolved issues provides the 
methodological foundation and primary motivation for the atlas 
construction and machine learning frameworks developed in the 
subsequent chapters of this thesis. 

2.2 Single-cell Atlas Development in Tissue and Organ Systems 

The development of single-cell transcriptomic atlases has profoundly 
advanced our understanding of tissue organization, cellular diversity, 
and developmental stages across various biological systems. These 
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atlases provide invaluable resources for identifying distinct cell types, 
cellular states, and developmental trajectories, facilitating 
comprehensive analyses of tissue and organ complexity. A pioneering 
example is the Tabula Muris project, which profiled over 100,000 cells 
from 20 mouse tissues and organs using both Smart-seq2 and 10x 
Genomics platforms, generating a high-resolution map of murine cell 
identity and inter-tissue diversity [19]. This foundational resource has 
enabled integrative analyses of gene expression and cellular composition 
across tissues and organs. 

Building upon such efforts, Han et al. (2020) developed the Human Cell 
Landscape, a large-scale single-cell atlas profiling nearly 700,000 cells 
across 60 human tissues and organs [20]. This atlas not only cataloged 
major canonical cell types but also revealed context-specific 
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 single-cell level. Similarly, Cao et al. (2020) presented an 
extensive human fetal developmental atlas, covering over 4 million 
single-cell transcriptomes from embryonic tissues at various stages of 
development [21]. This resource facilitated the reconstruction of lineage 
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. Integrating scRNA-
seq with 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 scRNA-seq to study human 
cerebral organoids, identifying region-specific neuronal subtypes and 
revealing transcriptional signatures linked to sensory responses and 
neural network formation [22]. Their work laid the foundation for 
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assessing organoid fidelity in replicating human neurodevelopmental 
processes. Similarly, Camp et al. (2017) employed scRNA-seq to 
investigate the multilineage interactions involved in the formation of 
human liver buds from pluripotent stem cells, demonstrating the 
emergence of hematoblasts, endothelial cells, and mesenchymal 
lineages [23]. This study validated the potential of organoids to model 
early liver development at single-cell resolution. 

Despite these advancements, significant challenges remain in integrating 
tissue- and organoid-derived data. The lack of standardized protocols 
and integration tools limits the comparative analysis of tissue and organ 
atlases. International initiatives like the Human Cell Atlas (HCA) have 
advocated for standardized workflows, metadata curation, and 
computational tools to facilitate the construction, integration, and 
comparative analysis of single-cell atlases across biological systems [24]. 
These frameworks are critical for robust annotation of novel cell 
populations, cross-condition comparisons, and the integration of multi-
omic and spatial transcriptomic data for downstream modeling. 

In summary, these large-scale atlas efforts highlight the pivotal role of 
single-cell technologies in establishing comprehensive reference 
frameworks for tissue and organ modeling. However, despite the 
progress made, current atlases often remain fragmented by tissue and 
organ system or biological condition, limiting their utility for cross-tissue 
comparisons and integrative disease modeling. As scRNA-seq 
technologies evolve alongside spatially resolved transcriptomics and 
multi-omic integration, the resolution and biological relevance of tissue- 
and organ-based atlases will continue to improve. This will provide an 
increasingly solid foundation for data-driven 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 Classification and Gene 
Prioritization 
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The exponential growth of single-cell transcriptomic data has 
fundamentally transformed the scale and complexity of biological 
analysis. Such datasets are inherently high-dimensional, sparse, and 
heterogeneous across samples, platforms, and biological conditions, 
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 complex, non-linear relationships within 
gene expression spaces. 

Early applications of ML in scRNA-seq analysis predominantly relied on 
unsupervised learning strategies, particularly clustering-based methods 
aimed at identifying putative cell populations without prior annotation. 
A representative example is SC3, proposed by Kiselev et al. (2017), which 
integrates multiple distance metrics and clustering solutions to achieve 
consensus-based 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 large-scale atlas construction, cross-tissue comparison, 
and disease-oriented analyses. 

To address these limitations, supervised and semi-supervised ML models 
have gained increasing prominence in single-cell studies. Abdelaal et al. 
(2019) systematically benchmarked a wide range of supervised classifiers 
including support vector machines, random forests, k-nearest 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 established supervised learning as a more suitable 
paradigm for reference-based cell annotation and cross-study 
integration. 
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Building upon this foundation, deep learning-based 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. Similarly, 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. Despite their technical sophistication, most deep 
learning approaches implicitly assume the availability of high-quality, 
comprehensive reference annotations. Their performance and 
interpretability may degrade substantially when reference atlases are 
incomplete, hierarchically inconsistent, or derived from different tissue 
and organ systems. 

In parallel with cell classification, ML-based feature selection and gene 
prioritization have become indispensable for extracting biologically 
interpretable signals from high-dimensional single-cell data. Approaches 
such as recursive feature elimination, L1/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 are particularly 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 
statistically informative but insufficiently linked to cell-type specificity, 
tissue context, or disease mechanisms. As highlighted by Zhao et al. 
(2021), there remains a critical need for ML-driven biomarker discovery 
frameworks that balance predictive power with interpretability and 
biological relevance [29]. 

To improve transparency and interpretability of complex ML models, 
explainable artificial intelligence techniques such as SHapley Additive 



Student ID: 20474543 Thesis Sen LIN 

 22 

exPlanations (SHAP), LIME, and Integrated Gradients have been 
increasingly adopted in single-cell analysis [30ς32]. These methods 
provide quantitative estimates of gene-level contributions to model 
predictions, offering a pathway toward mechanistic insight. Nevertheless, 
explainability is often applied post hoc 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 context. 

Taken together, existing ML applications in single-cell transcriptomics 
have delivered substantial methodological advances, yet remain 
fragmented across analytical tasks and biological scales. Current 
approaches typically address cell classification, feature selection, or 
interpretability as independent objectives, with limited integration 
across tissues, conditions, and disease states [33-34]. These limitations 
underscore the need for unified, multi-level ML frameworks that jointly 
support atlas construction, cross-tissue generalization, and disease-
specific gene discovery, thereby motivating the integrative modeling 
strategies developed in Chapters 4 and 5 of this thesis. 

3. Aims and objectives 

Currentlly, the analysis of scRNA-seq data poses substantial challenges. 
ScRNA-seq 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 integrated in downstream analysis, 
these factors are further compounded by batch effects, which can distort 
transcriptional relationships and obscure genuine biological signals. Also, 
inconsistent analytical pipelines and dataset-specific biases hinder cross-
study comparability and restrict the development of unified reference 
frameworks that can support systematic data analysis and biological 
interpretation. Single-cell technologies uniquely enable the 
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identification of cell populations, the characterization of transitional 
cellular states, and the resolution of fine-grained cellular hierarchies 
across tissues and organs, and their capabilities that cannot be achieved 
through conventional bulk approaches. However, these limitations 
diminish the value of scRNA-seq.  

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 single-cell atlas construction and 
downstream analysis. The overarching aim is to bridge data-driven 
computational analysis with domain-specific biological interpretation, 
enabling both improved annotation accuracy, integrated cell atlas, and 
mechanistic insights into disease processes such as diabetic retinopathy. 
By integrating multi-study datasets in a consistent analytical workflow 
and applying rigorous ML strategies, this work advances both the 
methodological and biological foundations of single-cell research. 

3.1 SingleȤCell Transcriptomic Atlas Profiling 
 

3.1.1 Gaps 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 medicine. The development of scRNA-
seq technique has revolutionized our understanding of cellular diversity 
at an individual cell resolution, so the construction of detailed, 
comprehensive and biologically accurate single-cell transcriptomic 
atlases across various tissues and organ systems is needed as a reference 
for cell heterogeneity analysis across hierarchical biological levels[35]. 
However, despite its immense potential, the atlas construction faces 
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several critical challenges, many of which arise from the limitations of 
traditional biological tools and existing methodologies.  

1. Fragmentation across existing studies: Many existing single-cell 
datasets generated from different laboratories, platforms, and 
sequencing chemistries, often without a unified preprocessing or 
normalization framework. As a result, substantial batch effects, such 
as variability in sequencing depth and inconsistent data preprocessing 
were introduced. These discrepancies hinder reproducibility and 
prevent meaningful cross-study comparisons. Without 
standardization, biologically relevant signals may be confounded by 
technical artifacts, limiting the ability to derive robust conclusions or 
construct generalizable models. 

2. Incomplete tissue coverage: Large-scale atlas efforts frequently 
prioritized the tissues and organs of high biomedical interest such as 
brain, immune system, or liver, while others received 
disproportionately limited attention [36-37]. This imbalance leaves 
many body systems either lessly profiled or completely absent from 
current atlases, restricting our understanding of whole-organism 
cellular diversity. The lack of comprehensive coverage also prevents 
systematic exploration of inter relationships, lineage conservation, 
and shared transcriptions across multiple tissues and organs [42]. 

3. Shallow hierarchical annotation: Although most atlases provided 
annotations at the cell type level, few establish consistent, multi-
layered hierarchical cell atalses that capture biological organization 

from body system ŕ organ/tissue ŕ cell type ŕ cell subtype. The 
absence of such structured annotation reduced interpretability, 
complicated cross-tissue comparisons, and impeded automated 
annotation methods that depend on clearly defined hierarchical cell 
labels. Additionally, variability in annotation depth across studies 
often reflected the subjective judgment of individual researchers 
rather than a standardized, reproducible scheme [38-41]. 
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4. Limited cross-tissue comparability: Despite the large number of 
published single-cell datasets up to now, most studies focused on 
several specific tissues and organs, with relatively few constructing 
frameworks that could enable cross-tissue integration or systematic 
comparative analysis. The lack of relative complete cell atlas limits the 
understanding of how transcriptions diverge or converge across 
tissues and organs, which cell types exhibit conserved signatures, or 
how tissue context shapes gene regulatory networks. Furthermore, 
the advanced and robust analytical methods such as ML which need 
standard benchmarks is restricted from being applied in this field [43-
45]. 

5. Lack of standard workflow: The lack of standardized protocols for data 
generation, processing, and integration further exacerbates the 
challenges in building comprehensive and reproducible single-cell 
atlases. Variability in cell preparation, gene sequencing technologies, 
and data analysis pipelines can introduce batch effects, technical 
noise, and inconsistencies across studies [46-47]. While 
computational tools have been developed to mitigate these 
influences, current methods often fail to fully address the issue across 
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 
research groups or apply findings from one study to another [49-50]. 

6. Lack of population diversity and insufficient representation across 
ethnic groups: A further limitation of current single-cell atlases is their 
restricted population diversity. Most human datasets were derived 
disproportionately from Western, non-Asian donors, with limited 
inclusion of samples from diverse ethnic backgrounds. This lack of 
global representation introduces biases that may obscure population-
specific biological factors such as transcriptional features, cell states, 
and disease-associated pathways. 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, existing retinal atlases cannot fully 
capture the biological heterogeneity required for population-specific 
biomarker discovery. 

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

3.1.2 Aims and Objectives 

SingleȤcell transcriptomic atlases offer a powerful solution to these 
challenges. By enabling the high-resolution mapping of cellular 
heterogeneity, scRNAȤseq atlases allow the systematic identification of 
common, rare, and transient cell types and subtypes. They also facilitate 
the discovery of cellȤtypeςspecific 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 single-cell transcriptomic atlas profiling through the 
construction of comprehensive and high-resolution single-cell atlases. By 
systematically cataloging cellular diversity within tissues and organoid 
systems, we aim to overcome the limitations posed by traditional 
biological tools and methodologies. Specifically, this research seeks to: 

¶ Construction 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 
designed as a foundational biological framework that systematically 
organizes cellular identities across anatomically and functionally 
coherent levels. At the first level, the atlas enumerates all major 
mouse body systemsτincluding, but not limited to, the endocrine, 
cardiovascular, respiratory, and immune systems, thereby 
providing a comprehensive systems-level taxonomy. The second 
level resolves each body system into its constituent organs and 
tissues, capturing their anatomical boundaries and physiological 
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roles accurately. The third level further decomposes each organ and 
tissue into its underlying cellular components, delineating both 
canonical cell types and finer-grained subtypes that reflect 
developmental lineage, microenvironmental context, and 
functional specialization. By integrating these 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 cross-organ and cross-system 
comparisons, facilitate the annotation and interpretation of single-
cell transcriptomic datasets. Moreover, the hierarchical design 
enables scalable incorporation of new data modalities and 
emerging cell populations, thereby ensuring long-term 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, inter-organ communication, and disease modeling 
across the mammalian body. 

¶ Construction of Human Retinal Cell Atlas: To construct a 
comprehensive and population-specific cell atlas of the human 
retina, building directly upon the complete retinal tissues from 
Chinese donors. This atlas is designed to provide a high-resolution, 
hierarchically organized framework that captures the full spectrum 
of retinal cellular diversity while integrating population-specific 
features that may shape retinal structure and function. The atlas 
characterizes all principal known retinal cell types, such as 
photoreceptors, bipolar cells, amacrine cells, horizontal cells, 
retinal ganglion cells, Müller glia, microglia, and vascular-associated 
cell types. At the most granular level, transcriptionally distinct 
subtypes are resolved, allowing the identification of fine-scale 
heterogeneity, lineage relationships, and population-specific 
cellular signatures revealed in our study. By incorporating donor-
specific and population-level transcriptomic 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-
specific layers will provide a standardized framework for annotating 
retinal cell populations, facilitate the discovery of region-specific or 
ethnicity-associated features. Ultimately, this human retinal cell 
atlas serves as a foundational reference for future investigations 
into retinal biology, inter-individual cell differences, disease-related 
signals, and population-specific variability. 

Through the focused construction of single-cell transcriptomic atlases, 
this research will directly address key gaps in the current understanding 
of cellular heterogeneity, tissue architecture, and disease mechanisms. 
single-cell transcriptomic atlas profiling not only enhances our 
fundamental understanding of cellular diversity and tissue complexity 
but also holds transformative potential for rare cell type exploration, 
data comparison across different studies, identification of ethnic 
population differences, and disease treatment strategies. Overall, 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 SingleȤCell Transcriptomic Data Analysis 

3.2.1 Gaps and Challenges 

The advent of scRNA-seq has 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 scRNA-seq present significant challenges for 
traditional biological tools, which were not designed to handle such 
large-scale, high-dimensional datasets [51].  
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1. High dimensionality and extreme sparsity of scRNA-seq matrices: 
Single-cell 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 geneςcell entries are zero, resulting in 
extreme sparsity [52]. This data structure combined of high 
dimensionality and sparsity severely challenges traditional statistical 
tools with limited data processing capacities, and complicates 
downstream tasks such as clustering, normalization, differential 
expression analysis, and visualization, often leading to unstable or 
biased results. 

2. Strong technical noise and batch effects across experiments: scRNA-
seq data are inherently technical noisy 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 strategies, technical 
noise and batch effects distort cell clustering structures, incorrect cell 
type annotation, and reduce reproducibility across studies. 

3. The risk of biological signal loss: Quality control procedures such as 
filtering by mitochondrial percentage, detected genes, UMI counts, 
and doublet removal are essential but highly parameter dependent. 
Overly stringent thresholds may remove biologically relevant but low-
RNA cells, while lenient thresholds retain damaged or low-quality cells 
that introduce noise into downstream analysis [54]. Balancing data 
retention with noise reduction remains a major challenge, and 
inconsistencies in QC workflows across studies contribute to 
analytical variability and hinder data harmonization. 

4. Challenges in normalization and data integration across datasets: 
Normalization in scRNA-seq data is non-trivial because the gene 
expression of a cell vary across cell types, development stages, 
disease conditions, and physiological status. The effects of 
normalization are to stabilize variance and improve comparability of 
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gene expression levels between cells. However, the normalization 
methods such as library-size normalization, variance stabilization, and 
model-based correction are difficult to select appropriately based 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 over-correcting 
biological variation or under-correcting technical bias remains an 
unresolved analytical challenge [55-56]. 

5. Difficulty capturing non-Linear biological relationships with 
traditional methods: Cellular identities, state transitions, and 
developmental trajectories are often governed by complex, non-
linear gene-regulatory relationships. Traditional linear tools cannot 
fully represent such relationships and may obscure meaningful 
biological signals [53]. While non-linear methods (e.g., UMAP, ANN) 
have improved dimension reduction, data visualization and 
biomarker discovery, they remain sensitive to the data quality, 
parameter choices and model design. To figure out non-Linear 
relationships requires more robust and theoretically grounded 
analytical approaches such as accurate model design and 
development. 

6. Computational scalability and memory limitations in large-scale 
datasets: With the rapid growth of scRNA-seq experiments, the 
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 high-dimensional datasets accurately and efficiently. 
Existing biological tools and traditional statistical methods are not 
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powerful enough to handle this huge amount of high-dimensional data, 
often leading to Insufficient data analysis, poor generalizability, and 
inefficiencies in extracting actionable and deep insights. So, the 
limitations necessitate the adoption of more advanced techniques 
designed for big data processing, which are capable of extracting 
valuable insights from large-scale, sparse, and multi-modal datasets [59-
60]. To fully realize the potential of single-cell transcriptomics, innovative 
approaches that can accommodate 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 and Objectives 

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., DBSCAN, hierarchical clustering), 
autoencoders, and graph-based models (such as Louvain clustering) can 
uncover hidden structure in the data, revealing rare cell populations, 
novel cell states, and disease-associated subtypes that traditional 
methods miss. Supervised 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, ML-based dimensionality reduction techniques, including 
t-SNE, UMAP, and learning models frameworks such as ANNs, can more 
effectively capture non-linear relationships in the data, preserving 
higher-order interactions between genes and cells that traditional 
methods fail to address. 

The aim of this research is to address the significant gaps and challenges 
in the analysis of scRNA-seq data by leveraging ML algorithms 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 single-cell transcriptomics, such 
as high dimensionality, sparsity, heterogeneity, and integration of multi-
modal data. Specifically, the objectives of this research are to: 

¶ Improve Data Interpretation: To improve the biological 
interpretability, robustness, and reproducibility of single-cell 
transcriptomic data through the development of enhanced 
analytical strategies and standardized computational workflows. 
ScRNA-seq datasets are inherently characterized by high 
dimensionality, sparsity, and technical variability, all of which can 
obscure meaningful biological signals if not rigorously processed. To 
mitigate these challenges, this study aims to establish robust, 
scalable, and reproducible analysis pipelines 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 batch-correction methods to produce harmonized 
gene expression matrices suitable for downstream analyses. In 
addition, this research seeks to apply advanced non-linear 
dimensionality reduction techniques and high-resolution clustering 
strategies to uncover latent cellular structures that are not 
detectable through conventional methods. Approaches such as 
graph-based cell cluster detection method UMAP and related 
advanced algorithms will have enough abilities to be employed to 
efficiently capture non-linear relationships between gene-gene and 
cell-cell from a large scale of high-dementsional and sparsity scRNA-
seq data, thereby enabling the visualization and identification of 
subtle cellular distinctions between the types of tissues and cells. 
Collectively, these efforts aim to enhance the interpretive power of 
single-cell datasets by establish standard workflows through the 
novel application of advanced computational metods such as ML 
algorithms to reveal biologically meaningful patterns that reflect 
true cellular diversity rather than technical artifacts. Through 
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reproducible analytical pipelines established and advanced 
computational methods applied, this research supports more 
accurate cell-type annotation, deeper understanding of cellular 
organization, improved detection of cell-state transitions and 
disease-associated alterations. 

¶ Develop ML-driven Frameworks: To develop MLςdriven analytical 
frameworks enhances the classification, prediction, and biological 
interpretation of single-cell transcriptomic data, building upon the 
methodological advances. The frameworks integrate ML with 
single-cell sequencing to establish a systematic, scalable, and 
biologically interpretable computational methodology capable of 
capturing the full complexity of cellular heterogeneity, 
developmental stages and disease-associated conditions. The 
proposed ML frameworks aim to systematically leverage both 
unsupervised and supervised learning models to classify and 
identify cell types and subtypes, discover age-related and disease-
associated biomarkers, and uncover predictive molecular 
signatures with high translational potential.  

¶ Enhance Model Interpretability and Biological Relevance: To 
enhance the interpretability of these ML models through 
integrative biological analyses, including feature importance 
ranking, pathway enrichment, and cross-cell-type comparative 
studies. This ensures that predictive biomarkers and identified cell 
states are grounded in biological mechanisms rather than purely 
computational artifacts. The ML-driven frameworks developed in 
this research therefore aim not only to improve predictive 
performance but also to provide mechanistic insights into cell types 
and subtypes, developmental stages, and disease progression in 
computation and biology , enabling the identification of robust cell-
specific biomarkers and biological pathways with potential 
relevance for early diagnosis, patient stratification, and therapeutic 
targeting. 
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Through these objectives, this study aims to leverage ML methods to 
overcome the limitations of traditional analysis techniques and enhance 
the power and utility of single-cell transcriptomic data. By addressing key 
challenges such as data sparsity, dimensionality, heterogeneity, and 
integration of multi-omic data, this research will provide more accurate, 
robust, and interpretable insights into cellular biology and disease. 
Ultimately, the application will facilitate the discovery of rare cell types, 
tissue heterogeneity, cell interactions, new biomarkers, therapeutic 
targets, and diagnostic tools, accelerating progress in cell biology and 
precision medicine. 

4. Single-Cell Transcriptomic Profiling and Analysis 
of Mouse Tissue and Organ Systems  

This study aims to develop an integrated hierarchical classification 
framework for delineating mouse tissue- and organ-specific single-cell 
types and subtypes. By leveraging supervised ML approaches, the 
framework seeks to systematically map these cell populations in a 
biologically and spatially coherent manner using single-cell 
transcriptomic data. 

4.1 Research Design 
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Figure 1. the research workflow design 

4.2 Methodology 

4.2.1 Define Ontology  

The foundational step in constructing an effective single-cell 
transcriptomic analysis system is the development of a unified 
ontological framework that comprehensively defines the hierarchical 
structure of cellular organization. A major limitation in current research 
lies in the fragmented and often inconsistent annotations, which 



Student ID: 20474543 Thesis Sen LIN 

 36 

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 study aims to integrate diverse cross-tissue 
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 
standardized 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 are grounded in biological 
reality. Furthermore, the ontology will support the systematic 
integration of data across different studies and platforms, fostering 
consistency and interoperability in single-cell data analysis, thereby 
advancing our understanding of cellular systems in a unified, cross-
organism, and cross-condition manner. 

To support consistent, reproducible, and cross-tissue single-cell analysis, 
this study establishes a mouse hierarchical atlas defined as: A formally 
structured, multi-level hierarchical system that organizes mouse cellular 

identities from body system ŕ organ/tissue ŕ cell type ŕ cell subtype, 
using standardized definitions derived from curated literature, cross-
dataset consensus, and ML-based validation. 

The atlas consists of four ontological levels, each representing a different 
level of biological organization: 

1. Level 1 τ Body System Ontology: A total of 15 physiological systems 
(e.g., cardiovascular, immune, gastrointestinal), serving as the 
highest-level biological context. 

2. Level 2 τ Organ/Tissue Ontology: Each body system is mapped to its 
constituent tissues and organs, and definitions are harmonized using 
anatomical boundaries. 
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3. Level 3 τ Cell Type Ontology: Canonical 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. 

4. Level 4 τ Cell Subtype Ontology: Cell subtypes are defined by stable 
transcriptional modules and further refined function differences 
supported by literature, resolving fine-scale 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 large-scale cross-tissue single-cell analysis. 
This new established cell atlas solved some key problems: 

¶ Incomplete Cross-Tissue Hierarchical Continuity: Existing ontologies 

rarely provide a continuous hierarchy from body system ŕ 

organ/tissue ŕ  cell type ŕ  cell subtype, especially for mouse 
datasets. This cell atlas introduces a fully linked multi-level 
structure ensuring that each body components is embedded within 
its anatomical and physiological context. 

¶ Limited Coverage of Tissue/Organ-Dependent Cell Subtypes: Many 
ontology entries lack sufficient granularity for tissue/organ-specific 
subtypes (e.g., liver lymphoid subtypes, intestine-specific stromal 
lineages). This cell atlas incorporates subtype definitions directly 
derived from integrated single-cell data and clinic experiments, 
improving biological resolution. 

¶ Lack of Analysis-Friendly Structure: Existing ontologies are not 
optimized for single cell transcriptomic data analysis and often lack 
mutually exclusive and non-overlapping category boundaries. This 
atlas explicitly provides compatible hierarchical labels for data 
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analysis, especially for ML-used to train more complex and 
functional model. 

Purpose and Application of This Cell Atlas in This Study 

The cell atlas supports the entire downstream workflow: 

¶ Guides consistent data integration across 15 mouse tissues 

¶ Enables reproducible annotation of 117,000 cells 

¶ Provides hierarchical labels for ML model training 

¶ Improves tissue-of-origin classification accuracy 

¶ Facilitates cross-tissue interpretability and comparison 

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

4.2.2 Data Repository  

In recent years, scRNA-seq technologies have advanced rapidly, driven 
by developments in instrumentation, microfluidics, and optical systems 
[61]. These innovations have made scRNA-seq increasingly sophisticated 
and widely adopted, resulting in a proliferation of publicly available 
single-cell transcriptomic datasets. However, substantial heterogeneity 
in experimental protocolsτsuch as tissue dissociation methods, library 
preparation techniques, and sequencing platformsτhas introduced 
significant technical variability that complicates downstream data 
integration and analysis. 

Moreover, the capture of high-quality scRNA-seq 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 limitations of current 
platforms. Additionally, the lack of comprehensive and well-annotated 
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reference datasets encompassing diverse murine strains, developmental 
stages, sexes, and disease contexts presents a major barrier to 
systematic analysis and cross-study comparison. 

To address these challenges, we implemented a rigorous data 
harmonization and curation pipeline to construct a high-quality mouse 
single-cell transcriptomic data repository. Publicly available scRNA-seq 
datasets were systematically collected from major genomic 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 algorithmsτsuch as Harmonyτto minimize technical 
artifacts and inter-dataset variability, as well as the adoption of unified 
data processing workflows for dimensionality reduction, clustering, 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 single-cell analyses. 

4.2.3 Data Collection and Preprocessing 

All datasets were obtained from the publicly accessible Gene Expression 
Omnibus (GEO) database [62]. 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 three 
genomic builds: mm10, GRCHM38 and Long. 
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Different data formats Different file formats used across datasets 
stored in GEO are HDF5, CSV, TXT, TSV or 
MTX for all datasets. 

Different number of 
genes 

In different datasets, the number of genes 
per cell is not the same.  

Different instrument 
models 

The collected datasets contain several 
instrument models: Illumina NovaSeq 500, 
Illumina NextSeq 500, Illumina HiSeq 4000, 
Illumina NovaSeq 6000, NextSeq 2000, 
Illumina HiSeq 2500, and HiSeq X. 

Different genotypes The collected datasets contain several 
genotype: WT(Wild Type), NOD.CD4-Cre+, 
Eomes TG, NOD-ShiLtJ, Pdcd1-/ -, Rel-/ -, and 
146aKO. 

Different gene 
expression libraries 

The collected datasets contain several gene 
expression library:  VDJ Library, 10x 
DŜƴƻƳƛŎǎ ¢/wΣ млȄ DŜƴƻƳƛŎǎ рΩ ǾнΣ and 10x 
Genomics 

Different cell conditions Unhealthy/healthy condition, different 
treatment, different ages, different sex, 
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 datasets, all samples 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 retained a 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 preprocessing, 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 single-cell RNA sequencing data, 
particularly with outputs from 10x Genomics platforms. Its compact 
structure enables efficient storage and handling of large-scale gene 
expression matrices. 

To unify data representation and enhance interoperability, we adopted 
the AnnData data structure, a widely used format for single-cell RNA-seq 
analysis in Python-based environments [63]. AnnData encapsulates the 
expression matrix (X), cell-level metadata (obs), gene-level metadata 
(var), and results from downstream analyses such as dimensionality 
reduction (obsm for cells, varm for genes) within a single object. This 
structure supports efficient data manipulation, integration with 
analytical tools such as Scanpy 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, low-quality, or erroneous cells [64]. During single-cell 
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 variablesτsuch 
as cell dissociation, sample handling, chemical treatment, and library 
preparationτcan significantly impact both the quality and yield of 
scRNA-seq data. 

Two commonly used technologies for single-cell isolation in scRNA-seq 
are fluorescence-activated cell sorting (FACS) and microfluidic droplet-
based encapsulation. FACS involves labeling cells with fluorescent 
markers that bind to specific surface proteins, enabling 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 on well-
characterized markers. However, its throughput is relatively low, limiting 
the number of cells profiled per experiment. 

In contrast, microfluidic droplet-based systems encapsulate cells 
randomly into nanoliter-sized aqueous droplets within an oil emulsion, 
each containing lysis buffer and barcoding reagents. This approach 
enables massively parallel profiling of thousands to tens of thousands of 
cells per run, providing much higher throughput than FACS. However, it 
lacks the ability to pre-select specific cell types and may introduce more 
heterogeneity in the captured cell populations [65]. These 
methodological differences contribute 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 out low-quality 
cells and technical artifacts, and to reduce the impact of confounding 
variables introduced during sample preparation and experimental 
workflows. Establishing a consistent preprocessing pipeline ensures that 
only high-quality, biologically meaningful single-cell transcriptomic data 
are retained for integration, interpretation, and modeling [66]. 
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1. Quality Control Based on Cell Distribution 

An essential component of scRNA-seq data preprocessing is the 

identification and removal of low-quality or artifactual cells through 

threshold-based QC procedures. Despite advancements in cell isolation 

and sequencing technologies, all scRNA-seq datasets inherently 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 exclusion of cells exhibiting 

abnormal or non-representative expression profiles, which often arise 

from technical artifacts introduced during library preparation or cell 

capture. 

Specifically, two types of anomalies are frequently observed: 

¶ 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 downstream 

analysis. 

¶ Cells with an abnormally high number of detected genes or total 

counts may result from multiplet eventsτwherein 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 data-driven 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 high-quality, biologically 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 learningςbased classification. 

Establishing robust and consistent QC criteria also facilitates dataset 

harmonization, enabling reliable cross-study comparisons and 

integration. 

2. Tukey Fences for Outliers 

Accurate detection and removal of outliers is a critical component of 

scRNA-seq data preprocessing, as outliers can distort statistical 

distributions, bias biological interpretations, and compromise the 

performance of downstream analytical pipelines. Among various 

statistical strategies available, the Tukey Fences method offers a non-

parametric, distribution-agnostic 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 (Q3 - Q1)] 

Where Q1 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 referred 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 

metricsτsuch as the number of detected genes and total UMI counts 

per cellτthereby minimizing the influence of technical artifacts such as 

low-quality cells or doublets. These metrics were assessed 

independently within each dataset to account for experiment-specific 

variability. 

We recognize the methodological limitations associated with this 

approach. Although Tukey Fences is robust to non-normal distributions 

and does not rely on strong parametric assumptions, it implicitly 

assumes symmetry in the distribution of the data. However, scRNA-seq 

data often exhibit skewness, sparsity, and zero inflation, which may 

reduce the precision of IQR-based thresholding. Consequently, in this 

context, the use of Tukey Fences serves as an initial, conservative 

filtering step rather than a definitive criterion for outlier exclusion. 

Future iterations of our pipeline will incorporate more sophisticated, 

data-adaptive outlier detection strategiesτsuch as density-based or 

model-based approachesτto further improve the robustness of quality 

control in single-cell transcriptomic analyses. 

3. Quality Control Based on Cell Gene Markers 

Although each dataset analyzed in this study was derived from 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 single cells frequently results in 

heterogeneous mixtures. This is particularly evident in complex 

biological systems, such as the immune compartment, where many cell 

types share overlapping phenotypic and transcriptional features [68]. 
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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 include transcriptionally similar 
or lineage-related cells. As a concrete example, CD3E is a well-
established marker gene for T cells, while NCAM1 (CD56) and KLRD1 
(CD94) are canonical markers for NK cells. The unintended presence of 
NK cells in a T cellςenriched dataset, or vice versa, can distort biological 
interpretations and reduce the resolution of downstream analyses. 

To mitigate this issue, we implemented a marker geneςbased filtering 
strategy following the initial quality control procedures (i.e., removal of 
low-quality cells and statistical outliers). Curated sets of cell-typeς
specific marker genes were used to assess and 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, for example, a T cell dataset 
was filtered to retain cells with high CD3E expression and low expression 
of NCAM1, KLRD1, or other NK-associated markers. Similar filtering 
strategies were applied across datasets for other cell types, guided by 
literature-curated marker panels and reference atlases. 

The application of marker geneςbased refinement thus serves as a 
critical post hoc quality control step, enabling the construction of high-
fidelity, cell-typeςspecific transcriptomic datasets suitable for robust 
downstream modeling and integrative analysis. 

4.2.5 Neural Network-Based Classification 
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Recent advancements in ML methodologies have introduced robust 
frameworks for analyzing high-dimensional and complex datasets, such 
as those generated by scRNA-seq [69]. Among these techniques, 
supervised ML modelsτparticularly artificial neural networks (ANNs)τ
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, high-dimensional, 
and non-linear gene expression relationships characteristic of single-cell 
transcriptomic datasets. Unlike traditional classifiers, which often rely on 
linear separability or predefined decision boundaries, ANNs can learn 
hierarchical, non-linear feature transformations that align with the 
underlying biological structure of transcriptomic regulation. 

Rationale for Choosing ANNs  

1. Ability to model highly non-linear gene-gene interactions 

Single-cell transcriptional profiles are shaped by intricate regulatory 
relationships, feedback mechanisms, and combinatorial gene-expression 
programs. Linear models such as logistic regression cannot capture these 
complex dependencies, while tree-based models only approximate them 
through recursive partitioning. ANNs, through multi-layer architectures 
and non-linear activation functions, are uniquely capable of learning 
non-linear manifolds that better represent tissue/organ-specific 
transcriptional signatures. 

2. Superior performance in high-dimensional spaces 

scRNA-seq datasets contain thousands of genes per cell, forming 
extremely high-dimensional feature spaces with sparse and noisy 
patterns. Methods like SVMs struggle with scalability, lead to large 
computational memory/resource and time-consuming. Random forests 
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require feature subsampling, potentially losing important gene-gene 
combinations. Graph based methods like k-NN deteriorate due to the 
curse of dimensionality. In contrast, ANNs efficiently transform high-
dimensional and sparse data into compact latent representations, 
making them well-suited for large-scale single cell classification. 

3. Scalability to large, multi-class classification tasks 

This study involves classification across 15 body systems and multiple 
organs, making it a large, imbalanced multi-class problem. Traditional 
classifiers often require one-vs-one or one-vs-rest decomposition, which 
increases complexity and inconsistency. Based on the results of the 
experimental tests, tree-based methods degrade for larger than 10 
classes and become unstable across cross-validations. ANNs naturally 
support large multi-class outputs in a unified framework, optimizing all 
class boundaries simultaneously. 

4. Compatibility with hierarchical and multi-level predictions 

Because ANNs 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 system-level differences in early layers 
and subtype-level differences in deeper layers, making it uniquely 
suitable for this ontology-aware classification task. 

5. Robustness to sparsity and noisy observations 

The dropout structure of scRNA-seq 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 sparsity and technical noise, 
allowing the extraction of stable biological signals. 

6. Feature learning instead of manual feature 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 generalizable models across 
tissues/organs and datasets. 

7. Empirical performance in similar single-cell studies 

Previous works in large-scale single-cell classification including models 
used by scANVI, ACTINN, and cell-ID frameworks have demonstrated 
that neural networks consistently outperform other classical classifiers 
in accuracy, stability, and cross-dataset generalization for tasks involving 
high-dimensional scRNA-seq data. 

Thus, the ANNs approach is consistent with the current methodological 
direction in computational single-cell biology. 

The structure of ANNs 

 

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 representations. The 
architecture of an ANN generally consists of the following components 
[11] (Figure 2): 

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

¶ Hidden Layers: These intermediate layers consist of multiple 
neurons that perform non-linear 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 
complex, hierarchical features from the data and capturing intricate 
patterns that may not be immediately apparent. 

¶ Output Layer: The 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 tasks, the 
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 error is propagated backwards from 
the output layer to the input layer, and optimization techniquesτsuch 
as gradient descentτare used to update the weights in the direction that 
reduces the error. Over time, the network learns the optimal set of 
parameters that allow 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 single-cell RNA-seq data, ANNs can capture complex, non-
linear relationships between gene expression and cellular identity. 
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 states are often non-linear 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 data [70-72]. By training on labeled 
datasets, the network is able to identify key featuresτsuch as specific 
gene expression signaturesτthat distinguish one cell type from another. 
In particular, hidden layers of the network learn to capture high-level, 
abstract representations of gene activity, while the output layer makes 
final predictions about cell identity. 

ANNs are particularly well-suited for single-cell transcriptomics because 
of their ability to model high-dimensional, sparse, and often noisy data. 
Single-cell RNA-seq data typically contain thousands of genes across 
thousands of cells, where many genes exhibit zero expression in 
individual cells. The non-linear architecture of ANNs enables them to 
effectively model these sparse, high-dimensional data structures, 
capturing relationships that linear models might miss. Moreover, ANNs 
can handle the inherent variability 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 pre-defined initialization scheme. The model 
is then presented with input data, and predictions are generated. These 
predictions are compared to the target labels, and 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 predictions 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 single-cell transcriptome data. 

4.2.6 Classification Model 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 evaluatioƴ ƻŦ ǘƘŜ ƳƻŘŜƭΩǎ ŀōƛƭƛǘȅ ǘƻ 
correctly classify data, while simultaneously accounting for various forms 
of classification errors [73]. The evaluation process is grounded in several 
key concepts related to the outcomes of the classification: 

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

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

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

¶ 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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¶ Specificity (SP), also known as the true negative rate, quantifies the 
proportion of actual negative instances that are correctly identified 
by the model. 

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

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

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

¶ 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 an actual class. 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 rate, indicating a more effective model, whereas off-
diagonal elements signify misclassifications. The presence of higher 
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values in the off-diagonal 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 aids in identifying areas 
of improvement for the model, enabling iterative refinement processes 
aimed at enhancing generalizability and predictive performance. 

4.3 Hierarchical Map 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 progressively 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 System, Immune 
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, Blood Vessels, 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, Myeloid Cells, 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 tissue repair. 

The fourth and most detailed level of the atlas characterizes cell subtypes 
within each broader cell category, offering insights into the fine-scale 
molecular and functional heterogeneity of cell populations. For example, 
Lymphoid Cells in the liver are further 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 
specialized functions of each cell subtype, providing critical insights into 
their roles in immune surveillance, response to infection, and disease 
pathogenesis. 

This multi-level hierarchical approach not only enables a more 
systematic organization of biological data but also facilitates in-depth 
comparative analyses across diverse tissues, cell types, and 
developmental stages. It forms a robust resource for future research in 
tissue-specific gene expression, cellular heterogeneity, organogenesis, 
and pathophysiology. Furthermore, the structured classification system 
serves as an invaluable reference for identifying novel cell populations, 
investigating their molecular characteristics, and exploring their 
potential roles in health and disease. The huge mouse cell map was 
presented in the Appendices section. 
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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 single-cell transcriptomic profiles associated with well-defined 
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 depth, 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 order to harmonize the data 
and enable integrative analysis, we adopted mm10 as the reference 
ƎŜƴƻƳƛŎ ōǳƛƭŘΦ ¢Ƙƛǎ ŘŜŎƛǎƛƻƴ ǿŀǎ ōŀǎŜŘ ƻƴ ƳƳмлΩǎ ŜƴƘŀƴŎŜŘ ŀƴƴƻǘŀǘƛƻƴ 
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 single-cell transcriptomic studies [74]. In this assembly, the 
number of annotated protein-coding genes is consistently estimated at 
approximately 22,000ς23,000 across major annotation sources, 
including GENCODE (M-series releases) and NCBI RefSeq, reflecting the 
canonical coding gene repertoire of the mouse genome. Beyond protein-
coding loci, mm10 encompasses a large diversity of non-coding RNA 
genes-such as lncRNAs, pseudogenes, microRNAs, and small RNAs, 
bringing the total number of annotated gene features to over 46,000 in 
RefSeq and up to ~60,000 in comprehensive GENCODE datasets. This 
extensive annotation landscape enables high-resolution analysis of 
transcriptional output across tissues and organs, developmental stages, 
and cell types. 
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The persistent popularity of mm10 stems from its high-quality 
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 essential for 
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 transcriptomic resources-including 
10x Genomics references, Tabula Muris, the Mouse Cell Atlas, ENCODE 
datasets, and thousands of GEO studies, provides unmatched 
compatibility and reproducibility, making it ideally suited for integrative 
single-cell analyses. 

Despite the structural improvements in GRCm39 (mm39), mm10 
(GRCm38) remains the preferred reference for many transcriptomic and 
single-cell studies due to its extensive historical adoption and long-term 
community validation. It underpins major landmark datasets, including 
Tabula Muris, the Mouse Cell Atlas, and ENCODE mouse projects, 
ensuring exceptional cross-study compatibility and facilitating 
reproducible analyses without requiring data conversion or reference 
remapping. 

In addition, mm10 offers highly mature and stable gene genome refined 
through multiple GENCODE and RefSeq releases, encompassing 
canonical mitochondrial, ribosomal, immune-related, and tissue-specific 
genes. Its entrenched usage in widely adopted analytical frameworks 
such as Seurat, Scanpy, Cell Ranger, scVI, and Harmony ensures maximal 
interoperability with existing pipelines and databases. Consequently, for 
studies emphasizing reproducibility, integration with published data, or 
continuity with established 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, 
cross-study comparability, and biologically meaningful interpretation in 
single-cell transcriptomic research. All datasets were re-aligned 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 datasets. These 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 
transcriptomic signature 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, compatible with the AnnData 
format commonly used in single-cell analysis. This structure supports 
scalable data processing, integration, and downstream computational 
modeling. 

For this study, we curated and preprocessed 10x Genomics single-cell 
transcriptomic datasets covering 117 thousand cells scRNA-seq data 
from 15 anatomically and functionally diverse mouse tissues and organs: 
bladder, colon, distal small intestine (ileum), heart, 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 tissue-specific 
cell populations. A summary of the datasets and their corresponding 
tissues and organs is provided in Table 2.  
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Table 2. 117 thousand cells scRNA-seq data from 15 different mouse tissues and 
organs 

Tissue 
Type 

Sample ID Number 
of Cells 

Tissue 
Type 

Sample ID Number 
of Cells 

Bladder GSM3040893, 
GSM3040894 
GSM3040905  

2,500 Colon GSM3140597, 
GSM3140598, 
 GSM3140599 

7,251 

Distal 
Small 
Intestine 
(Ileum) 
 

GSM3732295, 
GSM3732296, 
GSM3732297, 
GSM3732298, 
GSM3732299 

19,361 Oral 
Mucosa 
(Buccal 
Mucosa) 

GSM3407039, 
GSM3407040 

16,291 

Kidney GSM3689776, 
GSM3040895, 
GSM3040896, 
GSM3040903 

5,719 Liver GSM3040892, 
GSM3040898, 
GSM3040899 

1,805 

Lung GSM3040906, 
GSM3040907, 
GSM3040914, 
GSM3040915 

1,476,710 Mammary GSM3022286, 
GSM3040910, 
GSM3040911 

4,481 

Marrow GSM3040900, 
GSM3040901 

4,112 Muscle GSM3040912, 
GSM3040913 

 
4,543 

Spleen GSM3040897, 
GSM3040904 

9,573 Heart GSM2994876, 
GSM2994877, 
GSM2994878, 
GSM2994879, 
GSM2994884, 
GSM2994885, 
GSM2994886, 
GSM2994887, 
GSM3308814, 
GSM3308815, 
GSM3040902 

19.548 

Skeletal 
Muscle 

GSM3520458, 
GSM3520459 

12,441 Tongue GSM3040890, 
GSM3040891, 
GSM3040908 

7,538 
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Trachea GSM3040916, 
GSM3040917 

1,474,560    

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 pre-filtering criteria. To mitigate the 
impact of low-quality or aberrant entries, we applied a unified quality 
control protocol as descripted in the Methodology, which included:  

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

¶ 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 analyzed gene expressions of lung cells in the 
normal datasets. 
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Figure 3. cell distribution of the dataset Lung 

As the Figure 3 shown, the y-axis 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 could set thresholds 
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-
quality cells, doublets, and technical outliers to minimize noise and 
enhance the reliability of downstream analyses. The thresholds choice 
based on the cell distribution of each mouse tissue and organ is 
presented in Table 3 and the final total number of high-quality single cells 
across all datasets is detailed in Table 4. 

This unified and quality-controlled dataset forms the foundation for 
subsequent ML applications, enabling robust and reproducible modeling 
of tissue-specific gene expression patterns and facilitating cross-tissue 
comparisons at single-cell resolution. 

Table 3. the thresholds for mouse tissues based on cell distribution QC  

TISSUE The range of 
gene quantities 

TISSUE  The range of 
gene quantities 

.ƭŀŘŘŜǊ 
200-6000 {ƪŜƭŜǘŀƭ 

ƳǳǎŎƭŜ 
400-5000 

/ƻƭƻƴ 300-5000 Muscle 400-5000 
Distal small 
intestine 
(ileum) 

500-5000 Oral mucosa 
(buccal 
mucosa) 

300-5000 

IŜŀǊǘ 400-5000 Marrow 400-5000 
YƛŘƴŜȅ 400-5000 Spleen 500-5000 
Lung 500-5000 [ƛǾŜǊ 500-5000 
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 
of cells 

Tissue Number 
of cells 

Tissue Number 
of cells 

Bladder 2,422 Lung 5,378 Marrow 3,527 
Colon 7,058 Mammary 4,286 Spleen 9,016 

Distal 
small 

intestine 
(ileum) 

 
 

18,320 

 
 

Skeletal 
muscle 

 
 

12,112 

 
Oral 

mucosa 
(buccal 
mucosa) 

 
 

16,036 

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 

4.4.1 Network Architecture and Design 

The proposed ANN model consists of three primary components: 

¶ 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 scRNA-seq datasets 
following genome alignment and preprocessing. 

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

ReLU(x) = max (0, 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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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 organ-specific 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. 

4.4.2 Model 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: 

¶ Optimizer: Adam (Adaptive Moment Estimation), a first-order 
gradient-based 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 environments. 

¶ Initial Learning Rate: Set 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 Stopping: Enabled 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 Function: The model minimizes cross-entropy loss, a standard 

objective for multi-class classification tasksȂ 

4.4.3 Dataset Integration and Validation Strategy 
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Given the heterogeneity in source datasetsτoriginating from distinct 
studies with varying experimental conditionsτwe conducted internal 
stratified cross-validation to rigorously assess model robustness. This 
approach ensures that the trained ANN generalizes well across biological 
and technical variabilities, validating its capacity to integrate scRNA-seq 
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 high-dimensional transcriptomic features. Despite the 
ƳƻŘŜƭΩǎ ƳƛƴƛƳŀƭƛǎǘƛŎ ŘŜǎƛƎƴΣ ƛǘ ŘŜƳƻƴǎtrated effective discriminative 
power in capturing tissue- and organ-specific transcriptional signatures 
at the single-cell level. 

4.4.4 Cross Validation 

To rigorously assess the generalization performance and robustness of 
the proposed ANN model, we employed stratified k-fold cross-validation, 
a widely used resampling technique in statistical learning and machine 
learning model evaluation [77]. Cross-validation mitigates overfitting risk 
and provides a more reliable estimate of model performance across 
unseen data by simulating multiple trainingςtesting splits. 

In standard k-fold cross-validation, the dataset is partitioned randomly 
into k equally sized, mutually exclusive subsets (folds). During each 
ƛǘŜǊŀǘƛƻƴΣ ƪҍм ŦƻƭŘǎ ŀǊŜ ǳǎŜŘ ŦƻǊ ǘǊŀƛƴƛƴƎ ǘƘŜ ƳƻŘŜƭΣ ǿƘƛƭŜ ǘƘŜ ǊŜƳŀƛƴƛƴƎ 
fold serves as the test set. The process is repeated 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 5-fold stratified cross-validation 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 



Student ID: 20474543 Thesis Sen LIN 

 66 

is particularly important in multi-class classification tasks involving 
imbalanced datasets, as it guarantees that all classes are adequately 
represented during training and evaluation in each fold. 

The cross-validation was applied to the entire integrated and 
standardized dataset comprising 15 distinct murine tissue and organ-
specific single-cell transcriptomic profiles. The performance of the model 
was evaluated using classification accuracy as the primary metric across 
the five validation rounds. The resulting fold-wise accuracies were 96.4%, 
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 inter-fold 
variance. This high level of performance indicates that the ANN 
effectively captures the complex, non-linear relationships 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 evidence 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 as a foundational step 
toward constructing a comprehensive single-cell transcriptomic 
reference analysis tool that integrates multiple tissues and organs, 
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enabling the identification of tissue-specific and organ-specific 
transcriptional signatures. 

Biological and clinical 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. Tissue- and organ-specific 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 developmental processes, disease 
progression, and tissue regeneration [75-76]. Given that each 
tissue/organ expresses a distinct set of cell types, with various subtypes 
often exhibiting overlapping or co-expressed markers, the ability to 
classify cells accurately based on single-cell transcriptomic data is 
essential for understanding cellular heterogeneity at a system-wide level. 
The challenge is that traditional methods are often unable to integrate 
and resolve this complexity, leading to the loss of biological detail [18]. 
Thus, the model developed here is not simply an application of existing 
ML algorithms but represents a novel approach to addressing the unique 
challenge of multi-tissue classification and identification. This model 
leverages both cell-type and tissue/organ-specific features, allowing for 
a finer resolution of cellular diversity and improving upon conventional 
clustering methods that fail to capture cross-tissue variation in gene 
expression. 

Clinical relevance and translational potential: The tissue- and organ-level 
classification model carries substantial clinical and translational 
relevance because it addresses several long-standing challenges in 
biomedical research and disease diagnostics. Many systemic diseases 
including metabolic disorders, autoimmune diseases, and chronic 
inflammatory conditions manifest as cross-tissue alterations that cannot 
be fully understood by examining a single tissue/organ 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/organ-specific vulnerabilities, disease propagation pathways, and 
cross-organ cellular interactions, all of which are essential for 
translational applications. Also, the classification framework directly 
facilitates biomarker discovery across tissues and organs, allowing 
researchers to differentiate between truly tissue/organ-specific markers 
and ubiquitous ones. These applications are clinically meaningful 
because the ability to pinpoint the tissue/organ source of pathological 
cells can inform diagnostic decisions, disease staging, and therapeutic 
targeting. 

Innovation beyond conventional methods: To design and implementary 
neural-network-based classification model offers several 
methodological innovations that address limitations of traditional 
biological analysis pipelines, particularly conventional biological 
methods. ANNs implemented in this study explicitly models complex, 
high-dimensional, non-linear transcriptional patterns, enabling it to 
resolve distinctions that remain inaccessible to traditional biological 
tools and linear or distance-based approaches. And it can integrate 
thousands of genes simultaneously and identify multi-gene, non-linear 
combinations that define organ identity. Biological identities are rarely 
determined by single markers; instead, tissues and organs are 
characterized by transcriptional programs of cell types and subtypes. 
ANNs captures these patterns through hierarchical feature extraction, 
providing a level of resolution not attainable through traditional 
methods. Moreover, ANNs demonstrate superior performance in cross-
tissue/organ generalization, a challenge for both clustering-based 
approaches and algorithms such as logistic regression or random forests.  

Together, these innovative design in single cell data process and analysis 
demonstrate a methodological advance implementation specifically to 
overcome core barriers in constructing powerful single cell data 
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analytical tools and interpreting biological physiological processes at the 
level of an individual cell. 

To accurately classify single-cell transcriptomic profiles across diverse 
murine tissues and organs, we implemented a supervised learning 
framework based on a fully connected feed-forward ANNs. ANNs are a 
class of machine learning models designed to approximate complex 
nonlinear functions by learning from high-dimensional data through 
layers of interconnected computational units (neurons). Their capacity 
to model hierarchical feature representations makes them particularly 
suitable for scRNA-seq data, where cell identities are encoded within 
intricate gene expression patterns 

4.5.1 Classification 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 testing datasets is shown in the Table 5 
as below. 

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

TISSUE & 
ORGAN 

Training 
dataset 

Testing 
Datasets 

TISSUE & 
ORGAN 

Training 
dataset 

Testing 
Datasets 

.ƭŀŘŘŜǊ 
1,916 523 {ƪŜƭŜǘŀƭ 

ƳǳǎŎƭŜ 
6,141 6,293 

/ƻƭƻƴ 3,413 3,723 Muscle 2,296 2,237 

Distal 
small 
intestine 
(ileum) 

8,246 11,091 Oral 
mucosa 
(buccal 
mucosa) 

7,192 9,050 

IŜŀǊǘ 6,347 5,875 Marrow 1,686 1,880 

YƛŘƴŜȅ 1,502 1,248 Spleen 3,431 6,108 
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Lung 2,928 2,551 [ƛǾŜǊ 1,540 274 
Mammary 2,525 1,915 Tongue 5,554 1,909 

Trachea 6,727 4,656    
¢h¢![ 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 system include Lung and Trachea in ML 
step. We used the confusion matrix to present the classification result on 
the testing datasets, as shown in Figure 4. The classification results for 
Precision (PR), Recall/Sensitivity (RE/SE), Specificity (SP), and F1 scores, 
and the overall accuracy are shown in Table 6. 

 

Figure 4. classification confusion matrix 
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Table 6. the classification results 

Tissue and 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 0.57 

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 ANNs classifier demonstrated strong and tissue-consistent 
performance across the integrated mouse single-cell transcriptomic atlas, 
achieving an overall accuracy of 0.935 (Table 6 and Figure 4). At the 
individual tissue level, several tissues and organs including the distal 
small intestine (ileum), oral mucosa, and tongue achieved perfect scores 
across all metrics (PR, RE/SE, SP, F1 = 1.00), which indicating highly 
accurate classification with less detectable misassignments. Similarly 
high performance was observed in the colon, heart, liver, respiratory 
system, and skeletal muscle, where precision and sensitivity values 
consistently ranged from 0.97 to 1.00, yielding F1-scores of 0.98ς0.99. 
These results demonstrated the ANNs ƳƻŘŜƭΩǎ ŀōƛƭƛǘȅ ǘƻ ǊŜƭƛŀōƭȅ ŎŀǇǘǳǊŜ 
highly distinct transcriptional signatures characteristic of these tissues 
and organs. 

The classifier also performed well on the bladder, kidney, and muscle, 
with precision values reaching 0.91ς1.00, specificity consistently at 1.00, 
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and F1-scores spanning 0.89ς0.96, 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 F1-score of 0.91, suggesting 
moderately increased heterogeneity or partial overlap with related 
epithelial-rich 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 suggested that while the model successfully 
identified most true marrow cells, it also misclassifies a notable fraction 
of non-marrow cells as marrow, likely due to transcriptional similarities 
among hematopoietic lineages shared across multiple tissues. 
Conversely, the spleen displayed high specificity (1.00) but reduced 
sensitivity (0.49), producing an F1-score of 0.65. This indicated low 
accurate classification of splenic cells, possibly reflecting the diverse 
immunological states and cell-type heterogeneity characteristic of 
secondary lymphoid organs. 

In summary, these results highlighted ǘƘŜ !bb ƳƻŘŜƭΩǎ ŀōƛƭƛǘȅ ǘƻ 
accurately distinguish the majority of mouse tissues and organs based on 
single-cell transcriptomic signatures, while also revealing predictable 
performance challenges in hematopoietic and immune-related tissues 
due to their substantial inter-tissue transcriptional overlap. 

4.5.2 Misclassification Analysis 

While the proposed ANNs 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 single-cell transcriptomic profiling. The following sections outline the 
major factors contributing to classification ambiguity and error. 

¶ Shared Cell Populations Across Tissues 

One of the primary contributors to misclassification is the ubiquitous 
presence of transcriptionally similar cell types across multiple tissues. 
Immune-related cell typesτsuch as B cells, T cells, myeloid cells, 
dendritic cells, and endothelial cellsτare commonly distributed across 
various organs. Although these cells may exhibit subtle tissue-specific 
expression patterns, their core transcriptional signatures often overlap, 
making them difficult to distinguish computationally. 

This issue is particularly pronounced in lymphoid-rich 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 populations from these tissues, 
even when well-trained, leading to cross-organ misclassifications driven 
by lineage similarity rather than model deficiency. 

¶ 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 lymphatic systems. 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 scRNA-seq datasets 
of different tissues, producing 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. 

¶ 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 cells transition 
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 expression 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. 

¶ Presence of Ubiquitous Stromal and Connective Tissue Cells 

Another complicating factor is the non-exclusive 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 as the liver, kidney, and 
gastrointestinal tract [78-79]. If not accurately annotated or filtered, 
these cells can be erroneously labeled based on their co-occurrence 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 non-parenchymal cell 
populations or cross-contaminating stromal elements. 

¶ 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 platform-specific biases. Although preprocessing 
steps such as batch correction and normalization were applied, residual 
batch effects, ambient RNA contamination, doublets, and low-quality 
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 large-scale data integration tasks. 

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 multi-tissue single-cell 
classification. 

4.5.3 Reference-based Cell Type Annotation 

To systematically investigate the origins of misclassification within our 
tissue-specific cell classification framework, we conducted reference-
based cell type annotation on the misclassified subsets. This approach 
aims to determine the true cellular identity 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 
populations shared across multiple tissues, thus exhibiting expression 
profiles that transcend strict tissue boundaries. 

¶ Reference-Based Annotation Using SingleR 

We first applied SingleR, a reference-based annotation tool that assigns 
ŎŜƭƭ ƛŘŜƴǘƛǘƛŜǎ ōȅ ŎƻǊǊŜƭŀǘƛƴƎ ŜŀŎƘ ǉǳŜǊȅ ŎŜƭƭΩǎ ƎŜƴŜ ŜȄǇǊŜǎǎƛƻƴ ǇǊƻŦƛƭŜ 
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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 Atlas [81]. SingleR uses Spearman rank 
correlation to identify the most transcriptionally similar cell type from a 
predefined reference, and it operates on a per-cell basis, offering high-
resolution annotation. 

To substantiate the interpretation that the high misclassification rates 
observed in spleen and bone marrow arise from their overwhelmingly 
lymphoid-dominant cellular composition, we performed a series of 
comparative analyses across correctly classified and misclassified tissues. 
These analyses serve to explain the 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 and bladder and annotated them using the SingleR reference-based 
method (Figure 5). As expected, the liver dataset was dominated by 
hepatocytes, with additional contributions from endothelial cells, all of 
which exhibit well-defined and tissue-specific transcriptional programs. 
Similarly, the bladder was composed primarily of fibroblasts, endothelial 
cell, and monocytes, cell types with strong organ-specific signatures and 
limited overlap with immune lineages. The classifier correctly predicted 
nearly all cells from both tissues and organs, consistent with the 
presence of clear, tissue-distinct transcriptional markers and minimal 
immune infiltration. These tissues and organs therefore provided a 
baseline model of what highly classifiable cellular environments look like 
i.e., dominated by tissue-defining parenchymal cell types rather than 
immune-derived populations.  
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Figure 5. liver and bladder reference-based annotation 

Secondly, to further distinguish between contributions of parenchymal 
versus immune cell identity, we investigated a third tissue muscle and 
separately annotated both correctly classified and misclassified subsets. 
Correctly classified muscle cells were predominantly composed of 
endothelial cells, fibroblasts, and monocytes, which again display organ-
associated transcriptional identities and lower cross-tissue ambiguity as 
the Figure 6 shown. In contrast, the misclassified muscle cells were 
overwhelmingly enriched for 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 tissue/organ of origin. This observation 
reinforces the core hypothesis that immune cell rich tissues and organs 
challenge tissue/organ-level classifiers, because immune cells lack 
tissue-specific markers and frequently migrate across organ systems.  
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Figure 6. muscle reference-based annotation 

Finally, we annotated the misclassified spleen cells, and the results 
revealed that a substantial proportion of these cells were in fact 
transcriptionally aligned with canonical immune cell types (Figure 7):  

 

Figure 7. spleen reference-based annotation 

(A) SingleR reference-based analysis for misclassified Spleen cells. 
(B) Tabula Muris datasets reference-based analysis for misclassified Spleen cells. 
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¶ T cells comprised approximately 51% of the misclassified spleen 
cells, 

¶ B cells accounted for around 32%, 

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

¶ Monocytes contributed roughly 1%. 

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

¶ Correctly classified tissues are dominated by organ-specific 
parenchymal cell types with distinct transcriptomic identities 

¶ 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 tissues and organs with 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 
populations cell types, due to their highly conserved gene-expression 
patterns. Therefore, the classifier naturally exhibits low discriminability 
in tissue/organ-of-origin classifiers. The elevated misclassification rate in 
spleen and marrow is not an isolated anomaly but a predictable 
consequence of the underlying cellular composition and is directly 
supported by the comparative evidence obtained from liver, bladder, 
and muscle datasets. 

¶ Validation with Tabula Muris Reference 

To independently verify these findings, we employed an alternative 
reference-based strategy using the Tabula Muris dataset, a high-
resolution murine single-cell transcriptomic atlas spanning over 20 
organs and tissues. The dataset includes profiles generated via Smart-
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seq2 and 10x Genomics Chromium, enabling robust cross-platform 
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 immune cells, rather than classifier 
deficiency, is the primary driver of error. 

¶ 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: 

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

¶ Circulating cell populations: Many immune cells are inherently 
migratory, such as naïve 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 biological identity, further blurring the 
tissue-specific expression signal. 

¶ Limitations in training labels: In the aggregated datasets used for 
model training, cell annotations are primarily based on sample 
origin rather than cell-specific identity. As such, tissues with high 
immune infiltration may contribute non-representative labels to 
the training data, reducing classifier precision when immune 
heterogeneity is high. 
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The reference-based re-annotation of misclassified cells revealed that 
many classification errors were not due to inherent model inaccuracies, 
but rather reflect biological complexity, immune system redundancy, 
and tissue-independent expression profiles of key immune lineages. 

4.6 Immune Cell Classification Model for Tissue and Organ 

4.6.1 Hypotheses 

In our study on the classification of mouse tissue and organ-specific cell 
types based on scRNA-seq data, we identified that immune cells were a 
significant source of misclassification, particularly in tissues and organs 
associated with the immune system, such as the spleen and bone 
marrow. These tissues exhibited notably lower classification 
performance, suggesting that the transcriptional homogeneity of 
immune cells across different tissues presents a challenge for accurate 
tissue-of-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 multi-tissue contexts, we propose the following 
hypotheses that aim to better understand the molecular basis of 
immune cell gene expression across different tissue environments: 

¶ 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 marrow, lymph 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 signatures that could help 
differentiate immune cell populations across these tissues. 

¶ 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 cells, often recruited during 
immune responses or inflammation, may display altered 
transcriptional profiles influenced by local microenvironmental factors, 
such as cytokine exposure, cell-cell interactions, and 
pathophysiological conditions. This hypothesis suggests that by 
identifying these unique signatures, it may be possible to distinguish 
between immune cells residing in immune tissues versus those 
infiltrating non-immune tissues. The dynamic nature of immune cells 
in response to tissue-specific signals must be 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 immune cells more accurately but also 
provide a deeper biological understanding of immune cell behavior 
across tissue and organ systems. 

4.6.2 Immune Cell Data Collection and Metadata Organization 
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The immune cell-specific 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 cell type isolated from a 
corresponding tissue or organ. However, the acquisition of scRNA-seq 
datasets for certain immune cell types and subtypes was constrained by 
the technical challenges inherent in isolating pure populations of 
individual immune cell types. Specifically, 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 immune cells scRNA-seq 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 tissue-specific immune 
responses. This rich diversity of immune cell data is integral for 
advancing our understanding of immune cell function in both 
homeostasis and disease contexts. 

Table 7. the number of immune cells from different mouse tissues and organs 

Tissue 
Type 

Cell Types Sample ID Sample 
Count 

 
 
 
 
 

Spleen 

T cell GSM6430566,GSM5725952,GSM6057053, 
ΧΧ 

26 

CD8 T cell GSM6732147,GSM6732148,GSM6732149, 
ΧΧ  

42 

CD4 T cells GSM6012617,GSM6012618,GSM6012619, 
ΧΧ 

42 

CD45+ cells GSM4321530,GSM4321531,GSM4103033, 
ΧΧ 

6 

Activated (CD44+) T 
cells 

GSM4274801,GSM4274802 2 
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B cell GSM6057028,GSM6057029,GSM6057030, 
ΧΦΦ 

36 

Tetramer-sorted 
CD4 T cells 

GSM5533994, GSM5533995, 
GSM5533996 

3 

Antibody-secreting 
cells (ASCs) 

GSM5818959, GSM5818962, 
GSM5818965, GSM5818968 

4 

Hematopoietic and 
non-hematopoietic 
cells 

GSM6323626, GSM6323628 
 

2 

Myeloid cells GSM5099514, GSM5099515 2 

NK cells GSM5903324, GSM5903325 2 

 

Tissue Type Cell Types Sample ID Sample Count 

Blood T cell GSM6042392, GSM6042393, 
D{aслпнофпΣ ΧΧ 

20 

 

Tissue Type Cell Types Sample ID Sample Count 

Aorta T cell GSM4489573, GSM4489574 2 

 

Tissue Type Cell Types Sample ID Sample Count 

Heart T cell GSM5937019, GSM5937020, 
D{aрфотлннΣ ΧΧ 

4 

B cell GSM4647487, GSM4647488, 
D{aснлрпмлΣ ΧΧ 

6 

 

Tissue Type Cell Types Sample ID Sample Count 

 
Colon 

T cell GSM7156164 1 
CD4+ T cell GSM6574322, GSM6574328 2 

B cell GSM4983263, GSM4983264 2 

 

Tissue Type Cell Types Sample ID Sample Count 
Islets T cell GSM6042386, GSM6042387, 

D{aслпноууΣ ΧΧ 
12 

 

Tissue Type Cell Types Sample ID Sample Count 

Liver CD45+ cells GSM7296550, GSM7296552, 
D{aсторорсΣ ΧΧ 

16 
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CD8 T cell GSM6732151, GSM6732152, 
GSM6732153, GSM6732154 

4 

 

Tissue Type Cell Types Sample ID Sample Count 

Thymus antibody-secreting 
cells (ASCs) 

GSM5818960, GSM5818963, 
GSM5818966, GSM5818969 

4 

pro-T cells GSM3754380, GSM3754381 2 

 

Tissue Type Cell Types Sample ID Sample Count 
 

Lung 
Dendritic cell GSM7017033, GSM7017034 2 

CD45+ cell GSM6428756, GSM6428757, 
D{aспнутруΣ ΧΧ 

13 

CD4 TReg Cell GSM5086814, GSM5086815, 
D{aрлусумсΣ ΧΧ 

6 

T cell GSM5516491, GSM5516492, 
D{aртонлуоΣ ΧΧ 

6 

 

Tissue Type Cell Types Sample ID Sample Count 
Pancreatic 

lymph 
nodes 

T cell 
 

GSM7117483, GSM7117484, 
GSM7117485 
 

3 

 

Tissue Type Cell Types Sample ID Sample Count 

Pancreas T cell 
 

GSM7117474, GSM7117475, 
GSM7117476 
 

3 

 

Tissue Type Cell Types Sample ID Sample Count 
Small 

intestine 
 

Memory CD8 T cell GSM3430881 1 

T cell GSM5511339 1 

To facilitate the systematic management and subsequent analysis of 
these datasets, we constructed a comprehensive metadata file in Excel 
(xlsx) format. This file systematically records critical attributes of each 
dataset, including but not limited to Sample ID, 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 Figure 8, and the full table is presented in 
Appendices section. 

 

Figure 8. 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 meticulously cataloged 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 methodological rigor of future research, 
enabling the reliable comparison of datasets and the integration of 
multi-source data for downstream analyses. 

4.6.3 Data 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 available datasets, 
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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 protocols, research 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 subsequent analyses. 

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 datasets that contained T 
cells from individual tissues or organs, ensuring homogeneity within the 
dataset and minimizing inter-cell type variation. Furthermore, we limited 
the selection to RNA sequencing data generated using the 10x Genomics 
platform, as this platform is renowned for its high-throughput, high-
quality output, making it particularly suitable for single-cell 
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 datasets. 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 single-cell RNA-seq datasets, such as inconsistent 
genomic builds, non-uniform gene annotations, and varying data 
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 features for all datasets. 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 computational tools 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 high-quality 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 foundation for robust 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 datasets [82]. 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, 
experimental and control group, different ages, different sex, and so on. 
SCDC profiles can help us to interpret the similarity and different 
between the datasets. 
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The construction of gene expression profiles in this study was performed 
through a systematic normalization process designed to facilitate 
meaningful cross-cell and cross-dataset comparisons. For each gene in 
the dataset, the sum of its raw counts across all individual 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 by 106 to scale 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 distance-based metrics, such as 
Euclidean distance, in downstream analysis tasks like clustering and 
classification. 

Mathematically, the SCDC profile for each dataset was derived using the 
following equation: 

ὓὅέόὲὸ
В ὶ Ƞ  

В В ὶ Ƞ

  ρπ 

ὛὅὈὅὖὶέὪὭὰὩὓὅέόὲὸȡὭ ρ ȢȢὔ  

Where: 

¶ ὶ  is the raw count for a specific gene in a given single cell. 

¶ ὓὅέόὲὸ  is the total raw count for gene(i) across all cells in 

the dataset. 

¶ n represents the total number of cells in the dataset. 

¶ N refers to the total number of genes in the dataset (27,933 genes 
in the present study). 
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Figure 9. T cells SCDC profiles Pearson Correlation Heatmap for Spleen and 

Blood  

In this study, we conducted an in-depth 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 computed the Pearson Correlation 
Coefficients of 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 from -1 
(indicating complete dissimilarity) 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 X- and Y-axes of these heatmaps correspond to the 
sample IDs, which are unique identifiers for the datasets 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 Pearson correlation 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 remains robust 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 across these datasets, suggesting that T cell gene expression 
remains relatively stable despite variations in the experimental 
conditions. 

 

Figure 10. T cells SCDC profiles Pearson Correlation Heatmap across all tissues 

and organs  
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In Figure 10, 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 majority of 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 0.47. These low values suggest that T cell gene 
expression profiles from these organs exhibit distinct patterns, likely 
reflecting tissue-specific 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, which 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 cell 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 non-immune tissues exhibit more divergent expression 
patterns. These differences may reflect the dynamic nature of immune 
cells, including their capacity to migrate between tissues in response to 
physiological and pathological cues. The low correlations observed 
between non-immune tissues like the Small Intestine and Blood, as well 
as Pancreas and Aorta, emphasize the importance of tissue-specific 
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 non-immune tissues. This variability underscores 
the complexity of immune cell behavior and the need for careful 
consideration of tissue-specific factors when interpreting T cell gene 
expression data across different tissues and experimental conditions. 

4.6.5 Quality Control 

In this study, the data preprocessing and QC procedures followed 
rigorous protocols, as outlined in the Methods section, aimed at 
eliminating non-informative and outlier data to enhance the overall 
quality of the scRNA-seq datasets. These processes are integral 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 scRNA-seq 
data. This method is crucial due to the inherent challenges in the 
isolation of distinct immune cell types, particularly when 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 particularly 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 single-cell 
level. 

Given these challenges, we incorporated biological knowledge to more 
accurately filter out non-T cell populations from the datasets. We 
focused specifically on mouse T cells, leveraging well-established T cell-
specific gene markers to ensure the accurate identification 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 are [83-85]: 

¶ CD3 Complex (CD3G, CD3D, CD3E): The CD3 complex, 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 

subunits CD3D, CD3E, and CD3G, is critical for initiating TCR signaling, 

enabling T cell activation, differentiation, and function. Thus, the 

presence of any of the three CD3 subunits is a definitive marker for T 

cell identity. 

¶ CD4: The CD4 glycoprotein 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 classifying CD4+ T cells and 

plays a fundamental role in mediating immune responses. The 

expression of CD4 is 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 of the CD3 

complex (CD3D, CD3E, or CD3G) and/or the CD4 gene. Cells that lacked 

expression of both the CD3 complex and CD4 were excluded from further 

analysis. This step effectively removed non-T cell 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 the co-isolation of 

similar immune cell types. The application of gene marker-based 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 minimized the potential for 

false positives or misclassification, which are common pitfalls in immune 

cell-based studies. Ultimately, this two-tiered QC process ensures that 

the dataset is robust, biologically meaningful, and well-suited for 

downstream machine learning 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. 

Table 8. the number of T cells across different tissues and organs 

Tissue 
Type 

Number of 
Study  

Cell 
Count 

Tissue 
Type 

Number of 
Study  

Cell Count 

Aorta 2 1,550  
(2,986) 

Lung 5 49,465 
(54,200) 

Colon 3 45,906 
(50,479) 

Pancreas 3 18,291 
(20,926) 

Blood 13 102,210 
(114,965) 

Pancreatic 
lymph 
nodes 

3 20,000 
(24,030) 

 

Heart 2 20,380 
(22,439) 

Small 
Intestine 

2 6,822  
(8,663) 

Islets 6 29,573 
(42,748) 

Spleen 37 241,925 
(2,480,427) 

Liver 2 7,198 
 (7,914) 

Thymus 2 2597 
 (13,873) 
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The cell number before the quality control steps is in the parentheses. 

4.6.6 Build 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 accuracy of only 53.7%. As 
illustrated in the Figure 11, classification results for T cells from certain 
tissues, such as Blood, Colon, Lung, Small Intestine, and Spleen, were 
notably poor. 

 

Figure 11. 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 
Gut-Associated Lymphoid Tissue, GALT. In biology, most immune cells 
that are known to migrate across tissues and organs, especially between 
immune system. 

Table 9. mouse immune systems 

Immune system 

5.1 Bone marrow 5.6 Skin 

5.2 Lymphatics 5.7 Blood 

5.3 Spleen 5.8 Mucous membranes 

5.4 Thymus 5.9 White blood cells 

5.5 

Gut-Associated Lymphoid 

Tissue, 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 12 shown. The classification results of most of cells were 
improved, but it is still not good. 
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Figure 12. 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 suggests that 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 signatures. 

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 with Gut-Associated 
Lymphoid Tissue (GALT), a critical component of the mucosal immune 
system. In the context of immune cell dynamics, it is well-established 
that a variety of immune cells, particularly T cells, 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, further 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 these cells, despite originating from 
distinct immune or non-immune tissues, undergo functional adaptation 
and gene expression changes that mask their tissue-specific origins. This 
illustrates the complexity of immune cell classification, particularly when 
considering the dynamic and multifaceted nature of immune cell 
trafficking and the intricate tissue-specific immune responses. 

4.7 Metadata Repository  

The lack of a comprehensive, standardized, and user-friendly repository 
for mouse scRNA-seq 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 scRNA-seq field advances. Despite its 
widespread adoption, the GEO database exhibits critical challenges in 
terms of data accessibility, retrieval, annotation, and analytical 
capabilities, which hinder its utility for cutting-edge 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 based on 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 large-scale 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 across different 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 meaningful 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, user-friendly interfaces for data exploration, 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 high-quality 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 descriptive metadata. 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 conditions, genetic 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 the current 
scRNA-seq research ecosystem. The new workflow will provide a 
comprehensive, efficient, and standardized framework for data 
exploration, analysis, and interpretation, ultimately advancing the 
understanding of tissue-specific gene expression and facilitating new 
discoveries in the fields of transcriptomics and systems biology. 

5. Single-Cell Transcriptomic Profiling and Analysis 

of Chinese Human Retina   

Chapter 4 focused on mouse multi-tissue/organ system, we would 
examine different biological systems-the human retina in Chapter 5. 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 Chapter 5. They 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. Specifically, the multi-tissue/organ classification 
framework established in the mouse model provides: 

(1) A proof-of-concept demonstration of cross-tissue/organ cell-type 
resolution using non-linear methods like ANNs; 

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

(3) A generalizable analytical paradigm for understanding cell-type 
heterogeneity and tissue-specific 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. By first establishing a robust multi-
organ analytical framework in mouse, the thesis built a scalable 
workflow capable of handling complex biological tissues/organs and 
diverse cell populations, which is essential for addressing the challenges 
in human retinal analysis. The computational strategies developed in 
Chapter 4-including hierarchical atlas construction, data preprocessing 
workflow, non-linear feature extraction, and tissue/organ-specific 
classification form the analytical backbone for the retinal single-cell atlas 
and the classification model developed in Chapter 5. 

Biologically, the transition from a system-wide atlas to a disease-focused 
organ-specific analysis reflects a natural progression in translational 
research, moving from understanding the global landscape of cellular 
diversity to applying this knowledge to specific pathological contexts. 
Many of the principles learned from the mouse model-such as lineage 
relationships, molecular signatures of stromal and immune 
compartments, and cross-tissue/organ transcriptional variability are 
directly relevant to deciphering retinal cell heterogeneity, 
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developmental stages, cell-type dysfunction in diabetic retinopathy (DR). 
Cross-species transcriptomic conservation, extensively documented in 
prior studies [86-87], further supports the rationale for using insights 
from mouse multi-organ data to inform human retinal disease modeling. 

Most importantly, the neural networkςbased 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 conceptual framework is 
extended to distinguish disease states (NON, DM, DR) in a highly 
specialized organ. Together, these chapters represent a continuum of 
research progressing from general atlas construction to ML-based cell 
classification, to clinical biomarker discovery, thereby demonstrating 
how a unified computational strategy can bridge multi-organ biology and 
human disease applications. 

5.1 Research Design 

 

Figure 13. 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 high-
resolution single-cell transcriptomic atlases, which form the 
foundational framework for subsequent analyses, offering a 
comprehensive map of cellular diversity across tissue and organoid 
systems. These atlases are pivotal in capturing the transcriptional 
landscape at single-cell resolution and serve as the basis for 
understanding cellular heterogeneity. Following this, a rigorous and 
standardized data processing pipeline is outlined, encompassing data 
preprocessing, normalization, quality control, and subsequent analyses 
of scRNA-seq data. This pipeline ensures the reproducibility and 
consistency of the results, allowing for precise identification of cell types, 
subtypes, and their transcriptional profiles. Lastly, a sophisticated 
machine learning-driven framework is introduced, integrating both 
supervised and unsupervised algorithms to explore the complexities of 
cell-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 establishes 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 donors. This 
atlas was generated through the analysis of fresh retinal samples, 
including both living donor and post-mortem specimens, to capture the 
cellular diversity and molecular characteristics inherent to this ethnic 
group. By utilizing high-throughput scRNA-seq data, we aimed to identify 
retinal cell type diversity, molecular signatures, and subtype-specific 
biological functions that are unique to the Chinese population. This 
systematic characterization facilitates a deeper understanding of how 
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population-specific 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 cutting-edge technologies, 
such as the 10X Genomics Chromium platform for single-cell capture, 
followed by Illumina sequencing to produce high-resolution data that 
allows for precise gene expression profiling at the 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 ethnic-specific 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 context of Asian populations. 

5.2.2 Sample Preparation 

Tissue was processed for scRNA-seq using a detailed dissociation 
protocol utilizing the Worthington Papain Dissociation (catalog no. 
LK003150-1bx, Worthington Biochemical Corporation) to ensure high-
quality cell suspension with minimal degradation. The tissue samples 
were initially kept on ice and carefully dissected into 2ς4 mm 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 efficient enzymatic dissociation of cellular 
components. The tissue-enzyme 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. Following dissociation, the resulting single-cell suspension was 
filtered through a 70 µm cell strainer to remove larger tissue debris, and 
the filtrate was centrifuged at 300 × 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 1× 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 cell pellet, which was 
then resuspended in 1× PBS (phosphate-buffered saline) supplemented 
with 0.04% BSA (bovine serum albumin) to prevent cell aggregation. The 
concentration of viable cells was adjusted to a range of 700ς1200 
ŎŜƭƭǎκ˃[Σ ŜƴǎǳǊƛƴƎ ǘƘŀǘ ǘƘŜ Ǿƛŀōility was above 85%, as assessed using the 
CountStar cell counter, a key step for ensuring high-quality library 
preparation. 

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

To ensure the integrity and reliability of the scRNA-seq data, stringent 
quality 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, and those containing 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, such as cell type identification, gene expression 
profiling, and differential expression analysis. 

5.2.3 Single-cell RNA Sequencing Data Generation 
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Raw sequencing reads were processed through demultiplexing and 
subsequently aligned to the human reference genome (GRCh38-2020-A) 
using the Cell Ranger software suite from 10X Genomics, with default 
parameters (https://www.10xgenomics.com/support/software/cell-
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 the reference 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 single-cell 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 overall data quality. After these 
processing steps, feature-barcode 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 individual cells. These matrices form the foundation for downstream 
analyses, including dimensionality reduction, clustering, and gene 
expression analysis. 

¢Ƙƛǎ ŎƻƳǇǊŜƘŜƴǎƛǾŜ Řŀǘŀ ǇǊƻŎŜǎǎƛƴƎ ǇƛǇŜƭƛƴŜΣ ǇƻǿŜǊŜŘ ōȅ /Ŝƭƭ wŀƴƎŜǊΩǎ 
robust algorithms, ensures that high-quality, reproducible, and 
biologically relevant data are generated, providing an essential resource 
for exploring cellular heterogeneity, gene regulatory mechanisms, and 
disease-associated pathways at single-cell 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 biological relevance of the data, 
rigorous QC 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 indicators of cell health and quality. 

High-quality 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%. These thresholds 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 low-quality and excluded 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 presence of doublets can significantly distort 
downstream analyses, such as clustering and cell-type identification. To 
detect these doublets, we employed the Scrublet algorithm, a robust 
tool implemented in Python that uses a nearest-neighbor classifier to 
differentiate observed transcriptomes from simulated doublets [89]. 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 
ƻōǎŜǊǾŜŘ ŎŜƭƭΩǎ ŜȄǇǊŜǎǎƛƻƴ ǇǊƻŦƛƭŜ ŀƴŘ ǘƘŜ ǎƛƳǳƭŀǘed doublets based on a 
set of nearest-neighbor features. By 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 entities. {ŎǊǳōƭŜǘΩǎ ŜŦŦŜŎǘƛǾŜƴŜǎǎ ƭƛŜǎ ƛƴ ƛǘǎ ŀōƛƭƛǘȅ ǘƻ ŘƛǎǘƛƴƎǳƛǎƘ 
between true single-cell profiles and mixed doublet profiles, even in 
large and complex datasets. 

These comprehensive quality control steps, including the removal of low-
quality cells and doublets, were essential in improving the accuracy and 
reliability of the final dataset. This rigorous filtering process significantly 
reduced the computational noise and the 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. 

5.2.5 Batch Effect 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 are systematic 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 cell types, and erroneous conclusions, making it 
essential to address them to ensure reliable and biologically meaningful 
results. 

To mitigate these batch-specific biases, we employed the Batch Balanced 
K-Nearest Neighbors (BBKNN) algorithm, a powerful technique 
specifically designed for correcting batch effects in scRNA-seq data [90]. 
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BBKNN operates by first identifying the k-nearest 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 nearest neighbors 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 that biologically relevant variationsτsuch as 
cell type or subtypeτare 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. 

..YbbΩǎ ŀōƛƭƛǘȅ ǘƻ ǊŜǘŀƛƴ ōƛƻƭƻƎƛŎŀƭ ƘŜǘŜǊƻƎŜƴŜƛǘȅ ǿƘƛƭŜ ǊŜƳƻǾƛƴƎ ōŀǘŎƘ-
induced artifacts makes it an ideal tool for cross-batch integration in 
scRNA-seq studies. The method has proven effective in eliminating 
unwanted technical variation, facilitating the identification 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 ensured that our dataset reflects genuine biological 
diversity rather than batch-related noise, ultimately providing a more 
robust foundation for accurate and reproducible conclusions in cellular 
and disease-related research. 

5.2.6 Data Normalization and Scaling 

The raw scRNA-seq 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 tasks [91]. 
One of the primary challenges in scRNA-seq 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 lead to 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, a log1p 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 scRNA-seq 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 downstream methods, including t-SNE and UMAP. 
These dimensionality reduction techniques rely on well-behaved 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, leading to higher 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 higher variance 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 analysesτsuch as dimensionality 
reduction, clustering, and differential expression analysisτare based on 
data that accurately reflect the underlying biological differences 
between cells. By minimizing the impact of technical variation, these 
steps enable more reliable and reproducible identification of cellular 
heterogeneity, gene regulatory networks, and disease-associated 
pathways, ultimately leading to a more accurate understanding of the 
biological systems under investigation. 

5.2.7 Data Dimensionality Reduction and Cell Clustering 

ScRNA-seq 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 low-variability genes 
contribute to the high dimensionality of the 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 the 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 non-informative 
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 cell-to-cell relationships. 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 as t-SNE and 
UMAP. 

To identify transcriptionally distinct subpopulations of cells, we applied 
the Leiden algorithm for graph-based clustering. The Leiden algorithm is 
particularly well-suited for scRNA-seq data due to its efficiency in 
detecting biologically coherent clusters of cells with similar 
transcriptional profiles [92]. It constructs a k-nearest 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, we iteratively 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 detail. 

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 non-linear dimensionality reduction 
technique designed to preserve both local structure (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 scRNA-seq data, highlighting cluster-specific 
gene expression patterns and providing an accessible view of cellular 
heterogeneity within the tissue or experimental model. 
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Through this integrated approachτvariance stabilization, PCA, Leiden 
clustering, and UMAP visualizationτwe were able to efficiently reduce 
dimensionality, remove technical noise, and reveal the underlying 
transcriptional diversity within the dataset. This comprehensive 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 organization. 

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 well-established marker 
genes, alongside existing biological knowledge. This approach allowed 
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 high-quality, non-linear two-dimensional 
projection of the scRNA-seq data. UMAP 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 cell-type specificity, 
served as key identifiers for assigning biological significance to the 
clusters. For example, the expression of CD4 and CD8 markers 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 UMAP-derived cluster structure allowed for a biologically 
informed and accurate assignment of cell types. 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. 
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In cases where novel or less-characterized cell populations were 
identified, we further validated the annotations by cross-referencing the 
expression profiles with external reference datasets and gene expression 
atlases. This step allowed for the consistent alignment 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 annotation 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 integrative 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 understanding cellular 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 performed differentially 
expressed genes (DEGs) analysis 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 scRNA-seq analysis [93]. This 
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function enables the systematic comparison of gene expression profiles 
across clusters to identify cell type-enriched marker genes, providing a 
foundation for characterizing cell identity and functional states. 

We employed the Wilcoxon Rank Sum test, a non-parametric statistical 
method well-suited to the zero-inflated and non-normally distributed 
nature of scRNA-seq data, to assess the statistical significance of gene 
expression differences between clusters. To ensure 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. 

CƻǊ ŜŀŎƘ ƎŜƴŜ ǘŜǎǘŜŘΣ ǘƘŜ ŀǾŜǊŀƎŜ ƭƻƎі ŦƻƭŘ ŎƘŀƴƎŜ όŀǾƎψƭƻƎнC/ύ ǿŀǎ 
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 upregulated, while 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 high-magnitude differential expression, indicative of 
strong transcriptional enrichment or depletion. However, given the 
biological complexity of retinal tissuesτwhere tightly regulated 
developmental and homeostatic processes may involve subtle 
transcriptional modulationτgenes with smaller fold changes were also 
retained when supported by prior biological knowledge or consistent 
expression trends across cell populations. The resulting DEG lists were 
then filtered to exclude sex-linked 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 statistical 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 type-specific 
transcriptional signatures, facilitated the identification of functional 
markers, and supported the inference of biological pathways associated 
with each cell population. By combining robust statistical testing, 
stringent inclusion criteria, and fold-change thresholds, the approach 
ensured both sensitivity and specificity in detecting transcriptional 
differences, thereby contributing to a high-resolution understanding of 
cellular heterogeneity within complex tissues. This 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 Enrichment Analysis 

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 (KEGG) enrichment 
analyses on DEGs identified from cluster-wise 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 genome-wide background. This approach enables the 
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 estimates 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 BenjaminiςHochberg (BH) procedure 
was applied. GO terms with adjusted p-values (q-values) < 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 type-specific processes. 

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 genes into well-
defined signaling, metabolic, and regulatory pathways, offering a 
systems-level framework for understanding transcriptional changes [95]. 

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 over-representation assessment, followed by 
BenjaminiςHochberg adjustment to account for multiple testing. KEGG 
pathways with q-values < 0.05 were considered significantly enriched. 
Enrichment results were visualized using dot plots and KEGG pathway 
diagrams, enabling the identification 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, where: 

¶ The y-axis represents the GO term or KEGG pathway, 

¶ The x-axis reflects the gene ratio (i.e., the proportion of input genes 
associated with the term), 

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

¶ The color gradient corresponds to the adjusted p-value or q-value, 
with deeper hues denoting stronger statistical significance. 

This format enables simultaneous visualization of term relevance (via 
gene ratio and count) and statistical robustness (via p-value), 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 themesτ
such as neuronal communication, immune response modulation, and 
metabolic homeostasisτwhich vary across distinct cell types and 
subtypes. This multi-layered functional annotation provided mechanistic 
insights into cellular diversity and revealed context-specific regulatory 
networks critical for retinal physiology and pathophysiology. 

5.2.11 Cell-cell communication network analysis 
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To characterize intercellular signaling within the retinal ecosystem, we 
leveraged CellChat (v2.1.2), which fuses singleȤcell transcriptomic data 
with a comprehensive ligandςreceptor interaction repository 
(CellChatDB) [96]. Beginning with normalized expression profiles and 
curated cellȤtype 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 
trimmedȤmean approach, thereby reducing the influence of outliers and 
ensuring robust estimates of interaction strength. These pairwise 
interaction scores were further consolidated into pathwayȤlevel 
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 and cellȤtype 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 ғ лΦлрύΣ ōŀǎŜŘ ƻƴ ŀ ŘƛŦŦŜǊŜƴǘƛŀƭ ŜȄǇǊŜǎǎƛƻƴ ŦǊŀƳework. Subsequently, 
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 ligandςreceptor pair between 
sender and receiver cell groups. Expression values were aggregated per 
ŎŜƭƭ ǎǳōǘȅǇŜ ǳǎƛƴƎ ǘƘŜ ǘǊƛƳƳŜŘ ƳŜŀƴ όάǘǊƛƳŜŀƴέύ ƻŦ ƭƻƎ-normalized 
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 ligandς
receptor pairs within each pathway. Using aggregateNet(), we 
constructed a comprehensive communication network, in which nodes 



Student ID: 20474543 Thesis Sen LIN 

 121 

represent cell types and edge weights encode the summed 
communication probabilities. Generates a circular layout where node 
size denotes total signaling output or input and edge width corresponds 
to interaction strength. We applied netAnalysis_signalingRole() to 
ŎŀǘŜƎƻǊƛȊŜ ŜŀŎƘ ŎŜƭƭ ǘȅǇŜ ŀǎ ŀ άǎŜƴŘŜǊΣέ άǊŜŎŜƛǾŜǊΣέ άƳŜŘƛŀǘƻǊΣέ ƻǊ 
άƛƴŦƭǳŜƴŎŜǊέ ǿƛǘƘƛƴ ŜŀŎƘ ǎƛƎƴŀƭƛƴƎ ŀȄƛǎΣ ǘƘŜǊŜōȅ ǊŜǾŜŀƭƛƴƎ ǘƘŜ ŘƛǊŜŎǘƛƻƴŀƭ 
flow and hierarchical organization of intercellular communication. By 
quantifying both the strength and directionality of ligandςreceptor 
interactions, CellChat analysis uncovered key signaling modalitiesτsuch 
as Notch, WNT, EGF, and TGF-ʲ ǇŀǘƘǿŀȅǎτand identified principal cell 
types responsible for signal propagation or reception. This network-
centric approach 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 
ŘŜƭƛƴŜŀǘŜ ǇǊƛƳŀǊȅ άǎŜƴŘŜǊǎέ όŎŜƭƭǎ ǇǊŜŘƻƳƛƴŀǘŜƭȅ ƛƴƛtiating signals), 
άǊŜŎŜƛǾŜǊǎέ όŎŜƭƭǎ ǇǊŜŘƻƳƛƴŀǘŜƭȅ ǊŜǎǇƻƴŘƛƴƎ ǘƻ ǎƛƎƴŀƭǎύΣ ŀƴŘ άƳŜŘƛŀǘƻǊǎέ 
that bridge distinct cellςcell interactions. Visualization in multiple 
formatsτincluding radial network diagrams to portray global 
connectivity, bubble charts to compare pathway-specific interaction 
strengths, and heatmaps to reveal fineȤscale crosstalk patternsτ
enabled intuitive exploration of intercellular dependencies. This 
integrative, modelȤdriven framework thus provides a quantitative, 
systemȤlevel view of ligandςreceptor 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 disease-associated gene signatures at single-
cell resolution, we developed a robust and interpretable machine 
learning pipeline designed to classify cell types 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 scRNA-seq data and emphasizes biological 
interpretability, statistical rigor, and stability of feature selection [97]. 

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 inter-group transcriptional 
differences are not confounded by underlying differences in cell 
composition across cell types or disease states. 

For each pairwise cell types or disease states comparison, we selected 
ǘƘŜ ǘƻǇ рл ƎŜƴŜǎ ǿƛǘƘ ǘƘŜ ƘƛƎƘŜǎǘ ŀōǎƻƭǳǘŜ ƭƻƎі ŦƻƭŘ ŎƘŀƴƎŜǎΦ ¢ƘŜǎŜ 
genes were pooled across all comparisons and deduplicated to construct 
a unique, cell typeςspecific candidate gene set. This set was then used as 
the basis for machine learning modeling. The raw expression matrix for 
these candidate genes was extracted and subjected to z-score 
normalization (centering to mean zero and scaling to unit variance), 
ensuring comparability across 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 class imbalance 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 scikit-learn, numpy, and pandas. 

3. Feature Selection: Dual-Stage Strategy 

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

Stage 1: L1-Regularized Logistic Regression (Lasso) 

An L1-penalized logistic regression was applied under a one-vs-rest 
classification scheme, allowing for multi-class prediction and inherent 
feature sparsity. The regularization strength hyperparameter (C) was 
optimized using 5-fold cross-validation with grid search across a range of 
values (0.01ς10). 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 Cross-Validation (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 performance using internal cross-
validation. The process continues until the optimal number of features is 
reached, defined by the highest mean cross-validation score [100]. This 
ensures that only the most relevant and non-redundant 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, and genes that were consistently 

selected in ů50% of replicates were designated as robust markers. This 
strategy filters out noisy or sample-specific 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, including [101]: 

¶ Precision, Recall, and F1-score for each class, capturing sensitivity 
and specificity; 

¶ Receiver Operating Characteristic (ROC) curves under a one-vs-rest 
strategy; 

¶ 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 typeςspecific or diseaseςspecific 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 typeςresolved machine learning framework enables scalable 
and reproducible identification of relevant gene expression patterns 
from complex single-cell datasets. By integrating statistical filtering, 
sparse modeling, recursive selection, and stability assessment, this 
pipeline overcomes traditional limitations of scRNA-seq dataτsuch as 
high dimensionality, technical noise, and sample heterogeneityτ
thereby improving the interpretability, reproducibility, and translational 
potential [102-103]. 

5.2.13 Multilayer Perceptron (MLP) Classifier 

In the pursuit of robust cell-type and disease-state classification, we 
employed an advanced multilayer perceptron (MLP) neural network 
framework to model cell types and disease progression using gene 
expression data from scRNA-seq. These models, designed to learn and 
represent complex non-linear relationships within high-dimensional data, 
were utilized to evaluate the collective utility of type-associated or 
disease-associated marker genes, identified across distinct cell types. 
The purpose of these models was to uncover transcriptional shifts 
indicative of cell types or disease states, such as diabetic retinopathy, 
while integrating both inter- and intra-cellular gene expression features 
into a unified framework [104]. 

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 
ƭƻƎі ŦƻƭŘ ŎƘŀƴƎŜǎ ƛƴ ŜȄǇǊŜǎǎƛƻƴΦ ¢ƘŜse genes were aggregated and 
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 
scRNA-seq matrix. To ensure that all genes contributed equally to the 
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model training, the expression values were subjected to z-score 
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 gene expression 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., healthy, 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 stepsτincluding 
normalization, partitioning, and feature scalingτwere implemented 
using Python (v3.10) and libraries such as scikit-learn (v1.5.1), which 
facilitated seamless integration with the MLP classifier [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 complex patterns in gene expression 
data that linear classifiers may miss [106]. 

Training was performed using the Adam optimizer, which adapts the 
learning rate during optimization and is particularly effective for handling 
noisy, high-dimensional 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 high-dimensional input space of gene 
expression features [108]. 

To ensure the model converged to an optimal solution without 
overfitting, we implemented an early stopping mechanism [109]. 
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 batch-wise 
gradient updates, ensuring that the model could process large datasets 
efficiently without significant memory overhead [110]. 

4. Model Evaluation and Performance Metrics 

hƴŎŜ ǘǊŀƛƴƛƴƎ ǿŀǎ ŎƻƳǇƭŜǘŜΣ ǿŜ ŀǎǎŜǎǎŜŘ ǘƘŜ ƳƻŘŜƭΩǎ ǇŜǊŦƻǊƳŀƴŎŜ ƻƴ 
the held-out test set using a comprehensive suite of evaluation metrics. 
These included: 

¶ Multiclass accuracy: The overall percentage of correct predictions 
across all disease states; 

¶ Precision, recall, and F1-score: For each disease class, evaluating 
ǘƘŜ ƳƻŘŜƭΩǎ ŀōƛƭƛǘȅ ǘƻ ŎƻǊǊŜŎǘƭȅ ƛŘŜƴǘƛŦȅ ǇƻǎƛǘƛǾŜ ƛƴǎǘŀƴŎŜǎ ǿƘƛƭŜ 
minimizing false positives and false negatives; 

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

¶ Receiver Operating Characteristic (ROC) curves and Area Under 
the Curve (AUC) scores: To 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, 
ŀƭƭƻǿƛƴƎ ǳǎ ǘƻ ƛƴǘǳƛǘƛǾŜƭȅ ŀǎǎŜǎǎ ǘƘŜ ƳƻŘŜƭΩǎ ǇŜǊŦƻǊƳŀƴŎŜ ŀƴŘ ƛŘŜƴǘƛŦȅ 
any systematic biases or areas for improvement. 

5. Model Justification and Biological Significance 
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The choice of a non-linear classifier like MLP was driven by the inherent 
complexity of biological datasets, where gene expression relationships 
often follow intricate, non-linear patterns that linear models cannot 
adequately capture [111]. Traditional linear classifiers, such as logistic 
regression, while effective in simpler scenarios, would fail to account for 
the non-additive and high-order interactions between genes that are 
critical in understanding disease progression at a cellular level [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 tissue-wide 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 types [115]. These non-linear decision 
boundaries are crucial for understanding complex cell type 
heterogeneity or diseases, where inter cellular types and subtypes key 
gene expression differences, and multiple cellular processesτsuch as 
immune activation, angiogenesis, and neurodegenerationτcoexist and 
interact in disease states. 

The MLP-based classifier, with its capacity to learn complex, non-linear 
relationships in gene expression data, represents a powerful approach 
for cell-type classification and disease-state prediction. By aggregating 
marker genes from multiple cell types, the 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 disease states and provides insights into the underlying gene 
regulatory mechanisms [116]. 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 potentially diseases [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 Hospital. The 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 was obtained 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 provided in Table 10. 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 technical guidelines 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 reliability of subsequent molecular analyses, thereby enhancing the 
validity of the research findings related to retinal function and pathology. 
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Table 10. donor sample information 

Sample Eye Sex Age Diabetic 
Status 

Eye Removal/Death 
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 hemorrhage 
14 Right M 55 DR Brain stem hemorrhage 
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. SCT-H-PON: Severe craniocerebral trauma with hemorrhage in the periphery of the 
optic nerve. As retinal tissues were acquired during surgical procedures or post-mortem 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 and 14, sample 15 and 16, sample 17 and 18, 
sample 19 and 20 from the left and right eyes of the same donor. 

5.4 Human retinal single-cell transcriptomic atlas 

We present the inaugural comprehensive single-cell transcriptomic atlas 
of the human retina derived from Chinese donors, generated through 
high-throughput scRNA-seq of approximately 316,808 viable retinal cells 
obtained from 20 fresh retinal specimens, including both living donor 
and post-mortem samples. This extensive dataset represents a 
foundational resource for exploring retinal cellular diversity at an 
unprecedented resolution. Our multi-tiered analysis identified 10 
distinct retinal cell types, spanning all major neuronal lineagesτ
photoreceptors, bipolar cells, amacrine cells, and retinal ganglion cellsτ
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as well as pivotal glial populations including Müller glia, astrocytes, and 
microglia. 

Further dissection of cellular heterogeneity revealed remarkable 
molecular diversity within these broad categories. Subcluster analyses 
revealed, for example, 7 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 Chinese 
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 subpopulations 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 mechanisms 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 therapeutic 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 single-cell transcriptomic atlas represents a significant step toward 
bridging the gap in ophthalmic transcriptomic resources by providing a 
comprehensive, ethnicity-specific reference map of the human retina. 
The inclusion of data from Chinese donors addresses a long-standing 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 treatment strategies across diverse 
populations. 

5.4.1 Construction of human retinal scRNA-Seq cell atlas 

We developed and conducted an exhaustive analysis of the first 
comprehensive human retinal single-cell 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 using UMAP (Figure 14).  

 

Figure 14. batch effect removal and cell clustering 

(A) UMAP plotted of scRNA-seq data integrated from 20 Chinese human retina samples. Each 
dot represented a cell. Uneven cell distribution was influenced by batch effects from 
different samples. 

(B) UMAP plot of scRNA-seq data integrated from 20 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 percentage of cells, clear and 
accurate annotation was possible. 

Through this extensive scRNA-seq 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 roles within the retina. 

The delineated retinal cell populations, along with their respective 
molecular markers, are as follows [118]: 

¶ Cone Photoreceptors: Marked by ARR3, GNAT2, and GNGT2, 
responsible for color vision and high-resolution visual processing 
under normal light conditions. 

¶ Rod Photoreceptors: Defined by RHO, PDE6G, GNGT1, and NRL, 
essential for scotopic vision and low-light sensitivity, pivotal for the 
retinal response to dim lighting. 

¶ Bipolar Cells (BCs): Characterized by GRM6 and GRIK1, critical for 
relaying visual signals from the photoreceptors to the ganglion cells, 
playing a vital role in the early stages of visual processing. 

¶ Amacrine Cells (ACs): Identified by TFAP2B, GAD1, and SLC32A1, 
which contribute to the regulation and modulation of synaptic 
signaling within the retina, thus ensuring proper processing of 
visual information. 

¶ Astrocytes: Marked by GFAP, which provide structural support and 
are involved in maintaining the integrity of retinal blood vessels and 
the blood-retina barrier, playing a crucial role in retinal homeostasis. 

¶ Müller Glial Cells (MGCs): Defined by RLBP1, RGR, and DKK3, these 
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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¶ Retinal Ganglion Cells (RGCs): Identified by RBPMS and 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 by LHX1 and TNR, involved in 
lateral inhibition to sharpen visual images and enhance contrast 
perception by modulating signals between photoreceptors and 
bipolar cells. 

¶ Microglia: Defined by CD74 and TYROBP, which act as the resident 
immune cells of the retina, playing a key role in immune 
surveillance, inflammatory response, and tissue repair. 

¶ T Cells: Identified by CD69, CD52, and CD3D, which highlight the 
involvement of immune response pathways in retinal inflammation 
and potential contributions to retinal degenerative diseases. 

 

Figure 15: 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 mechanisms (Figure 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 297,121 preprocessed single cells, derived from 20 human retinal 
samples from Chinese donors, were subjected to downstream analyses 
(Figure 15B, 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 
ǘƻ ǘƘŜ ǊŜǘƛƴŀΩǎ ŀōƛƭƛǘȅ ǘƻ ǇǊƻŎŜǎǎ ǎŎƻǘƻǇƛŎ όƭƻǿ ƭƛƎƘǘύ ǾƛǎƛƻƴΣ ŜƴŀōƭƛƴƎ ǘƘŜ 
detection of light in dim conditions and 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 pivotal in 
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 cells are 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 debris in response to injury or retinal 
diseases. The presence of cone photoreceptors (2.1%) reflects the 
retina's ability to perform high-acuity color vision and contribute to 
detailed visual perception under well-lit conditions. 

!/ǎΣ ǿƘƛŎƘ ŎƻƳǇƻǎŜ мΦр҈ ƻŦ ǘƘŜ ǊŜǘƛƴŀΩǎ ŎŜƭƭ ǇƻǇǳƭŀǘƛƻƴΣ Ǉƭŀȅ ŀ ŎǊƛǘƛŎŀƭ 
role in regulating synaptic signaling within the retina, modulating visual 
information, and contributing to processes such as contrast 
enhancement and motion detection. HCs, accounting for 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 efficiently. 

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 neurons of the 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 and provide metabolic and structural support to retinal 
neurons, playing a role in maintaining retinal homeostasis. 

The human retinal single-cell transcriptomic atlas constructed in this 
study, through high-throughput single-cell RNA sequencing, offers an 
unprecedentedly detailed and comprehensive characterization of retinal 
cell types and their molecular signatures. This atlas 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 ethnic-specific 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. 

5.4.2 Identification and Analysis of Human Retinal Cell Subtype 

A diverse array of cell types and their respective proportions were 
represented in the human retinal scRNA-Seq 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 expression profiles within 
each major cell subtype. These distinct cell subtypes or subgroups that 
may represent functionally specialized or developmentally distinct 
populations within the broader retinal cell types based on bioinformatic 
analysis. 

Amacrine Cells (ACs) 

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 integration [119]. 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 Sodium-Dependent Glutamate Transporter-
Expressing Amacrine Cells (SEG-ACs), Substance P-Expressing Amacrine 
Cells (SubstanceP-ACs), Starburst Amacrine Cells (Starburst ACs), CART 
Peptide-Expressing Amacrine Cells (CARTPT-ACs), AII amacrine cells (All 
ACs), Neuropeptide Y-Expressing Amacrine Cells (NPY-ACs), Vesicular 
Glutamate Transporter 3-Expressing Amacrine Cells (VG3 ACs) in our 
dataset (Figure 16B). The characteristic gene markers for identification 
were:  
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¶ PVALB, SATB2, and EBF3 for SEG-ACs;  

¶ TACR1 and TACR3 for SubstanceP-ACs;  

¶ MEGF10 and TENM3 for Starburst ACs;  

¶ CARTPT for CARTPT-ACs;  

¶ GJD2 and CALB2 for All ACs;  

¶ NPY for NPY-ACs;  

¶ SLC17A8 for VG3 ACs.  

GABAergic ACs include SubstanceP-ACs, Starburst ACs, CARTPT-ACs, and 
NPY-ACs, while glycinergic ACs include SEG-ACs, All ACs, and VG3 ACs 
(Figure 16A) [122].  
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Figure 16. 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 cell-cell 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 correlation. 
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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 the correlation 

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

Bioinformatic analysis revealed SEG-ACs are involved in the retinal 
glutamate level regulation to help maintain the balance of excitatory 
neurotransmission and modulation of visual signal processing. 
SubstanceP-ACs 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 [123]. CARTPT-ACs express the 
cocaine- and amphetamine-regulated transcript (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 retinal ganglion cells. NPY-ACs 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 (VGLUT3), which 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 (Figure 16D). These processes revealed 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 in AC 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 
modulatory circuits within the retina. KEGG enrichment analysis provides 
a deeper understanding of the metabolic, signaling, and physiological 
processes in ACs (Figure 16E). The included terms such as "Nicotine 
addiction," "Adrenergic signaling in cardiomyocytes," and "Axon 
guidance," which identified pathways including Axon guidance, Nicotine 
addiction, and Adrenergic 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 
characteristic of synaptic regulation and neuromodulatory processes, 
further reinforcing their functional involvement in retinal signal 
integration, consistent with the GO enrichment findings. Cellςcell 
communication analysis using CellChat (Figures 16C and 16F) provided 
additional evidence supporting these functional roles. AC subtypes 
exhibited prominent signaling activity through neurexin (NRXN1/2/3), 
GABAergic (GABA-A and GABA-B), and glutamatergic (GLU) pathways. 
These ligandςreceptor networks are well-established 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/KEGG-derived 
inference that these cells participate actively in synaptic organization 
and neural regulation within the inner retina. The 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 communication, thereby 
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 shape, with receiving 
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, especially in dark and light environments [124]. 

We observed 14 subtypes of BCs in our data using known gene markers 
(Figure 17B). They are listed separately:  

¶ LRPPRC for diffuse bipolar 1 (DB1);  

¶ AFA4 for diffuse bipolar 2 (DB2);  

¶ CALB1 for diffuse bipolar 3a (DB3a);  

¶ MEIS2 for diffuse bipolar 3b (DB3b);  

¶ TTR for diffuse bipolar 4a (DB4a);  

¶ PRSS12 for diffuse bipolar 4b (DB4b);  

¶ DOK5 for diffuse bipolar 5 (DB5);  

¶ NELL2 for diffuse bipolar 6 (DB6);  

¶ FEZF1 for OFFx;  

¶ SCG2 for flat midget bipolar (FMB);  

¶ ODF2L for invaginating midget bipolar (IMB);  

¶ AGBL1 for giant bipolar (GB);  

¶ SORCS3 for blue bipolar (BB);  

¶ PRKCA and NIF3L1 for rod bipolar cells (RB) (Figure 17A) [125-126].  

These cell subtypes could be further sub-classified to a higher level in 
two ways [127]. 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 17. 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 cell-cell 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 correlation. 

(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 the correlation 

(F) Bubble plot showed all the significant interactions mediated by ligand-receptor pairs and 
signaling pathways from some cell subtypes to other cell subtypes. Rows represented the 
significant interactions (ligand-receptor pairs) and signaling pathways between two 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 signals [128]. 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 
contrast-sensitive visual signals. ON and OFF BCs are connected to 
photoreceptors (rod and cone photoreceptors) and are regulated by 
glutamate [129-130]. 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 (Figure 17D) 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 
transport including calcium-related 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 (Figure 17E) further supported these findings 
by identifying pathways linked to neurotransmission, metabolic 
regulation, synaptic activity, and disease-associated signaling. The 
presence of these pathways suggests that BC subtypes engage molecular 
programs that mediate signal relay, synaptic integration, and cellular 
metabolic adaptation required for their role in visual processing. Cell-cell 
communication analysis provided additional functional insights into BC 
subtypes specialization. Quantification of communication strength 
(Figure 17C) and examination of ligandςreceptor interactions (Figure 17F) 
revealed that several subtypes participate in pathways related to 
neuronal connectivity and neurotransmission. For example, interactions 
mediated by GLU, TENM2, and ADGRL2 highlight BC subtypes 
involvement in synaptic matching and circuit assembly, whereas NRXN3-
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 regulation, 
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 Cells (RGCs) 

RGCs located in the ganglion cell layer of the human retina, near the 
inner surface of the eye [131]. 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 brain regions such as hypothalamus and midbrain [128]. 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 (Figure 18B). 
The known cell markers are:  

¶ TBR1 for OFF midget RGCs;  

¶ TPBG for ON midget RGCs;  

¶ FABP4 for OFF parasol RGCs;  

¶ CHRNA2 for ON parasol RGCs; 

¶ OPN4 for intrinsically photosensitive RGCs (Figure 18A) [132].  
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Figure 18. 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 cell-cell 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 correlation. 
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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 the correlation. 

(F) Bubble plot showed all the significant interactions mediated by ligand-receptor pairs and 
signaling pathways from some cell subtypes to other cell subtypes. Rows represented the 
significant interactions (ligand-receptor pairs) and signaling pathways between two 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 high-acuity vision [133]. They specialize in fine visual 
detail and spatial resolution, essential for color vision and high-
resolution visual processing [130]. 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 retina. 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 RGCs are 
found thoughout the human retina and are primarily involved in 
regulating non-image-forming visual functions such as circadian rhythms, 
pupil constriction, light adaptation, and the body's internal clock. 

GO and KEGG enrichment analyses (Figures 18D and 18E) 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 expression of downstream components 
involved in transmitting and processing light-evoked signals. These 
enriched pathways indicate that the genes defining RGC subtypes are 
tightly linked to the molecular machinery 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 Figures 18C and 18F, RGCs subtypes participate in multiple 
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signaling pathways associated with cell adhesion, neural development, 
and immune modulation. For example, NCAM1-mediated signaling 
suggests roles in neuronal maturation, synaptic stabilization, and axon 
guidance, whereas CD99-related interactions point to involvement in 
immune synapse formation and regulatory processes at the 
neuroimmune interface. The diversity of these ligandςreceptor networks 
support the conclusion that RGC subtypes engage in communication 
programs essential not only for their development and connectivity but 
also for maintaining retinal homeostasis and immune responsiveness. 
These biological analysis results converge to show that the features of 
RGC subtypes are related to visual information processing, neural circuit 
formation, and neuroimmune interactions within the retina.  

Horizontal Cells (HCs) 

HCs are inhibitory interneurons located in the retina, receiving input 
from photoreceptors (rod and cone photoreceptors) and form lateral 
connections with BCs [134-135]. 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 
contrast of the visual scene.  

We identified 2 subtypes of HCs that are H1 and H2 HCs (Figure 19B). The 
characteristic cell markers we used were  

¶ LHX1 for H1 HCs; 

¶ PCDH11X, CHN1, and ISL1 for H2 HCs [118] (Figure 19A).  

H1 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 cone photoreceptor 
types. 
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Figure 19. 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 cell-cell 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 correlation. 

GO enrichment analysis (Figure 19D) showed that both H1 and H2 HC 
subtypes were associated with biological processes including regulation 
of trans-synaptic signaling, axonogenesis, and modulation of chemical 
synaptic transmission. These enriched terms correspond well with the 
established role of HCs as key interneurons that mediate lateral 
inhibition and synaptic feedback at photoreceptor and BCs terminals. 
The GO enrichment results therefore indicate that these HCs subtypes 
are linked to molecular programs that 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 enrichment is consistent with 
the limited number of known signaling cascades that operate within 
mature HCs, as reported in previous retinal transcriptomic studies. 
Similarly, CellChat analysis did not detect significant outgoing or 
incoming ligand-receptor 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 long-range ligandςreceptor signaling. The lack of detectable 
CellChat interactions thus supports the notion that HC subtypes function 
through highly spatially constrained and synapse-dependent 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 mechanisms, rather than 
broad molecular signaling networks to regulate photoreceptor-BCs 
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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 detail [136]. 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 signals, then transmit to the brain 
via the optic nerve, finally result in visual perception.  

There are 3 subtypes of cone photoreceptors, each sensitive to different 
wavelengths of light [137] (Figure 20B). We used known cell markers to 
identify each of the three subtypes:  

¶ OPN1SW for S cone photoreceptors; 

¶ OPN1MW for M cone photoreceptors;  

¶ OPN1LW for L cone photoreceptors (Figure 20A).  

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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Figure 20. 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 cell-cell 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 correlation. 

(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 (Figures 20D and 20E) revealed that 
the three cone photoreceptor subtypes were significantly enriched for 
biological processes central to high-resolution visual function. Enriched 
GO terms such as detection of light stimulus and phototransduction 
reflect the molecular components required for converting photons into 
electrical signals, which is a defining feature of cone photoreceptors. 
Additional enrichment in processes related to cellular morphogenesis, 
including regulation of filopodium assembly, suggests subtype-specific 
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 highlight the 
involvement of cone subtypes in the visual cycle, particularly in 
chromophore regeneration and oxidative metabolism. These KEGG 
enrichment findings are consistent with the high metabolic demands of 
cone photoreceptors, which rely on rapid photopigment turnover and 
continuous membrane renewal to support daytime, color, and high-
acuity vision that these core features repeatedly described in retinal 
physiology literature [132-133]. The GO and KEGG enrichment results 
demonstrated that the three cone subtypes are transcriptionally 
specialized for light detection, phototransduction, cellular structural 
refinement, and visual chromophore metabolism. These findings align 
with the well-established biological roles of cones in mediating color 
discrimination, spatial 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 low-light environments. Unlike cone photoreceptors, rod 
photoreceptors do not contribute to color vision; and they are 
responsible for monochromatic vision in dark conditions [139]. 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 the Appendices section Supplementary 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 disease [140]. 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 response 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 Egr2 negative M1 
microglia, Egr2 positive M1 microglia and M2 microglia [141] (Figure 21B). 
The known cell markers for M1 microglia are TMEM119 and EGR2. The 
gene EGR2 is expressed abundantly as the Egr2 positive M1 microglia and 
vice versa as the Egr2 negative M1 microglia. CCR5 is the known cell 
markers for M2 microglia (Figure 21A). Egr2 positive M1 microglia is 



Student ID: 20474543 Thesis Sen LIN 

 157 

ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ ŀ Ǌƻōǳǎǘ ǇǊƻπƛƴŦƭŀƳƳŀǘƻǊȅ ǊŜǎǇƻƴǎŜΣ ǿƘƛŎƘ ǘŜƴŘǎ ǘƻ 
produce higher levels of inflammatory cytokines and activates 
downstream signaling pathways. Egr2 negative M1 microglia lacking 
detectable Egr2 expression may be involved in initiating the 
inflammatory response through mechanisms such as activation of the 
ŎƻƳǇƭŜƳŜƴǘ ǎȅǎǘŜƳΦ aн ƳƛŎǊƻƎƭƛŀ ŘƛǎǇƭŀȅ ŀƴ ŀƴǘƛπƛƴŦƭŀƳƳŀǘƻǊȅ ƻǊ ǘƛǎǎǳŜ 
ǊŜǇŀƛǊ ǇƘŜƴƻǘȅǇŜΣ ǿƘƛŎƘ ƛǎ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ ƭƻǿ ƭŜǾŜƭǎ ƻŦ ǇǊƻπ
inflammatory mediators. The functions of M2 microglia are to maintain 
human retinal homeostasis and facilitating recovery after injury. 
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Figure 21. 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 cell-cell 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 correlation. 

(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 the correlation. 

The GO and KEGG enrichment analyses (Figures 21D and 21E) 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 canonical microglial 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 of photoreceptor integrity 
and outer retinal function, a phenomenon also observed in previous 
single-cell studies where microglia upregulated photoreceptor-
associated transcripts during stress or remodeling. Similarly, KEGG 
pathways related to metabolic adaptation support the view that retinal 
microglia rapidly adjust their energetic state, shifting between oxidative 
phosphorylation and glycolysis, to facilitate phagocytosis, debris 
clearance, and immune activation. Together, these enrichment results 
demonstrated 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 retinal injury 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 formation and 
stabilization of the blood-retinal 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 the Appendices section Supplementary Figure 2. 

Müller Glial Cells (MGCs) 

MGCs are the principal retinal glial cells that contribute to the 
maintenance of retinal architecture and function [143-145]. 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 systematically conducted on MGCs, with cell 
distributions visualized in Appendices section Supplementary 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 retina [146]. They play an 
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important role especially in the common human retinal diseases such as 
uveitis or age-related macular degeneration. Cell clustering analysis was 
applied to T cells, which was presented in 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 from 20 Chinese 
donors, enriching current understanding of retinal biology across diverse 
populations. By utilizing single-cell RNA sequencing and rigorous 
bioinformatic analyses, we delineated a detailed characterization of 
retinal cell types and subtypes, which are summarized in the table 11. 
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. Through cell clustering and marker gene analysis, we 
identified transcriptionally distinct subpopulations, revealed potential 
functional specializations and offered a deeper understanding of cellular 
ŦǳƴŎǘƛƻƴǎ ŀƴŘ ƛƴǘŜǊŀŎǘƛƻƴǎΦ ¦ǎƛƴƎ ǎǘǊƛŎǘƭȅ ŘŜŦƛƴŜŘ άŦǊŜǎƘέ Ǌetinal 
ǎǇŜŎƛƳŜƴǎΣ ǇǊƻŎǳǊŜŘ ǿƛǘƘƛƴ мл ƳƛƴǳǘŜǎ ƻŦ ǎǳǊƎƛŎŀƭ ŜƴǳŎƭŜŀǘƛƻƴ ƻǊ ǿƛǘƘƛƴ 
с ƘƻǳǊǎ ǇƻǎǘȤmortem under cold storage, ensures maximal RNA integrity, 
accurate cell-state capture and faithful preservation of in transcriptional 
states, thereby minimizing artifactual degradation and stressȤresponse 
signatures. Rapid processing maintains high cell viability and yield, 
particularly among fragile photoreceptors, interneurons, and Müller glia, 

while reducing ambient RNA contamination that confounds dropletК
based assays. Altogether, these stringent freshness criteria safeguard 
the accuracy, sensitivity, and comparability of singleȤcell RNAȤseq 
profiles, enabling reliable identification of both common and rare retinal 
cell populations under true physiological conditions. 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. 

Table 11. 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 SubstanceP-ACs TACR1, TACR3 

Starburst ACs MEGF10, TENM3 

CARTPT-ACs CARTPT 

NPY-ACs NPY 

Glycinergic ACs SEG-ACs PVALB, SATB2, EBF3 

All ACs GJD2, CALB2 

VG3 ACs SLC17A8 

 

Cell Type Cell Subtype Cell Subtype Cell Markers 

Retinal ganglion 

cells 

midget RGCs OFF midget RGCs TBR1 

ON midget RGCs TPBG 

parasol RGCs OFF parasol RGCs FABP4 

ON parasol RGCs CHRNA2 

intrinsically 
photosensitive RGCs 

intrinsically 
photosensitive RGCs 

OPN4 

 

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 

photoreceptors  

S cone photoreceptors OPN1SW 

M cone photoreceptors OPN1MW 

L cone photoreceptors OPN1LW 

 

Cell Type Cell Subtype Cell Subtype Cell Markers 

Microglia  M1 
microglia 

Egr2 negative M1 
microglia 

TMEM119 

Egr2 positive M1 microglia TMEM119, EGR2 

M2 
microglia 

M2 microglia CCR5 

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 SEG-ACs, SubstanceP-ACs, Starburst ACs, CARTPT-ACs, 
All ACs, NPY-ACs and VG3 ACs. GO enrichment analysis validated these 
subtype-specific roles, highlighting terms such as "synapse 
organization," "axon guidance," and "modulation of chemical synaptic 
transmission,", which closely align with their distinct neurotransmission 
profiles. Specifically, bioinformatic analysis revealed SEG-ACs are 
involved in the retinal glutamate level regulation to help maintain the 
balance of excitatory neurotransmission and modulation of visual signal 
processing. SubstanceP-ACs 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 [119, 123]. CARTPT-ACs express 
the cocaine- and amphetamine-regulated transcript (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 retinal ganglion cells. NPY-ACs release neuropeptide Y 
involved in several physiological processes and significate for synaptic 
activity, retinal transmission, retina pathophysiology and stress reaction. 
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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 OFF BCs. Both ON and OFF BCs are 
primary neurons in the human retina, which are crucial for processing 
visual information and signals [124, 128]. 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 located in the outer layer 
of the inner plexiform layer. This layered structure allows the retina to 
efficiently process changes in light, creating contrast-sensitive visual 
signals. ON and OFF BCs are connected to photoreceptors (rod and cone 
photoreceptors) and are regulated by glutamate[129-130]. ON BCs 
depolarize in response to increased light, while OFF BCs depolarize when 
light decreases, enabling dynamic visual adaptation across lighting 
conditions. In darkness, 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 and KEGG enrichment analyses further 
support these functional roles, showing that BC subtypes are involved in 
synaptic signaling, neurotransmission, ion transport, and visual 
processing pathways. Additionally, intercellular communication analysis 
revealed subtype-specific ligand-receptor interactions related to neural 
connectivity and disease-associated signaling. 

Three major subtypes including midget RGCs, parasol RGCs and 
intrinsically photosensitive RGCs were identified in our data. Midget 
RGCs are responsible for high-acuity 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 non-image-forming visual functions such as circadian rhythms, 
pupil constriction, light adaptation, and the body's internal 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 involved 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 patternsτH1 HCs primarily receiving signals 
from L and M cones, and H2 HCs showing strong responsiveness to S 
conesτsuggest subtype-specific 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 trans-synaptic signaling, 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 
subtypesτS, M, and L conesτunderscores their critical contributions to 
human color vision and high-ŀŎǳƛǘȅ Ǿƛǎǳŀƭ ǇǊƻŎŜǎǎƛƴƎΦ 9ŀŎƘ ǎǳōǘȅǇŜΩǎ 
sensitivity to specific light wavelengths enables 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 essential 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. Together, these 
findings provide a molecular perspective on how cone subtypes 
contribute to high-resolution and color-discriminative 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 conditions [139]. 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 disease [140]. The identification of 
three distinct microglial subtypesτEgr2-negative M1, Egr2-positive M1, 
and M2 microgliaτindicates the functional immune cells occupy a 
continuous activation landscape within the human retina. These 
subtypes exhibit differential expression of key markers such as EGR2 and 
CCR5, corresponding to their pro-inflammatory or anti-inflammatory 
roles. The presence of Egr2-positive M1 microglia suggests active 
participation in inflammatory cytokine production and immune signaling, 
while Egr2-negative M1 microglia may contribute to immune activation 
through alternative mechanisms such as complement system 
engagement. M2 microglia exhibit an anti-inflammatory and tissue-
repair phenotype, supporting retinal homeostasis and recovery 
following damage. GO and KEGG enrichment analyses further support 
these roles by 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, enrichment in 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 well-established cellular gene 
markers that enable accurate clustering and annotation of human retinal 
cell data. We identified major human retinal cell 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 signaling between cell subtypes. For instance, we 
found that these cell subtypes of BCs were related to synapse 
organization and development, regulation of trans-synaptic signaling, 
and some diseases in the gene level. The CellChat analysis calculated the 
interactions strength and identifies critical ligand-receptor 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 could help elucidate 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 single-cell transcriptomic atlas of human retina across NON, DM, 
and DR cohorts, we observed marked shifts in cellular composition that 
mirror disease processes (Figure 22A 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 constructed, followed by one-way 
ANOVA, KruskalςWallis tests, and Tukey HSD post hoc comparisons. 
Across all major retinal populations including photoreceptors, 
interneurons, glia, and immune subsets, both ANOVA and Kruskal-Wallis 
ǘŜǎǘǎ ȅƛŜƭŘŜŘ ƘƛƎƘƭȅ ǎƛƎƴƛŦƛŎŀƴǘ ŘƛŦŦŜǊŜƴŎŜǎ όŀƭƭ Ǉ ғ мҎмлѐщύΣ ŎƻƴŦƛǊƳƛƴƎ 
robust, state-dependent compositional remodeling. Notably, BCs 
peaked in relative abundance in the DR group (!bh±! Ǉ ғ мҎмлѐщ), 
suggesting either selective preservation or reactive expansion of this 
interneuron population in response to photoreceptor loss leading to 
early synaptic and interneuron dysfunction in diabetic retina. Conversely, 
microglial proportions were elevated in DM samples yet markedly 
diminished in DR (Tukey p < 0.001), consistent with an early pro-
inflammatory activation followed by chronic activationςinduced 
exhaustion or attrition. MGCs decreased in DR compared to both NON 
and DM (Tukey p < 0.001), indicative of pronounced reactive gliosis and 
metabolic support under hyperglycemic stress; however, their slight 
decline in DR may reflect progressive gliotic failure or cell death, 
supporting the notion of Müller cell impairment and gliopathic 
remodeling in advanced disease. Rod proportions increased 
ǇǊƻƎǊŜǎǎƛǾŜƭȅ ŀƴŘ ǇŜŀƪŜŘ ƛƴ 5w ό!bh±! Ǉ ғ мҎмлѐщύΣ ǿƛǘƘ ŀƭƭ ǇŀƛǊǿƛǎŜ 
comparisons significant (Tukey p < 0.001). Cone photoreceptors 
exhibited a modest enrichment in DR, displaying a significant increase in 
DR relative to both NON and DM (Tukey p < 0.001), likely secondary to 
rod degeneration, while ACs were relatively enriched in DR and NON 
compared to DM ό!bh±! Ǉ ғ мҎмлѐщύ, implying differential vulnerability 
or compensatory synaptic remodeling. Astrocytes displayed a modest 
increase in DR relative to DM (Tukey p < 0.001), consistent with reactive 
gliosis and enhanced metabolic support demands. Although T cells 
comprising a small fraction, they showed significant proportional 
ŘƛǾŜǊƎŜƴŎŜ ŀŎǊƻǎǎ ǎǘŀǘŜǎ ό!bh±! Ǉ ғ мҎмлѐщύ. The transient presence of 
T cells in DM samples points to early disruption of the bloodςretinal 
barrier and acute immune infiltration that subsides or becomes 
dysregulated by the time retinopathy develops. Finally, RGCs 
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proportions remained largely stable (Tukey p < 0.001), suggesting 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 glial exhaustion, and selective neuronal 
vulnerability-insights that may inform both mechanistic studies and cell 
type-specific therapeutic strategies. 

 

Figure 22. 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. 

Lƴ ǘƘƛǎ ǎǘǳŘȅΣ ǿŜ ƎŜƴŜǊŀǘŜŘ ŀ ŎƻƳǇǊŜƘŜƴǎƛǾŜ ǎƛƴƎƭŜπŎŜƭƭ ǘǊŀƴǎŎǊƛǇǘƻƳƛŎ 
atlas of the Chinese human whole retina and observed striking 
differences in cellular composition relative to two previously published 
Caucasian datasets covering foveal and peripheral regions (Figure 23A-
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 Müller glia and bipolar neurons 
were underrepresented. Notably, microglia 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 
ǇǊƻǇƻǊǘƛƻƴǎ ǿƛǘƘ ƛƴǘŜǊπŘŀǘŀǎŜǘ ǾŀǊƛŀōƛƭƛǘȅ ƻƴ ǘƘŜ ƻǊŘŜǊ ƻŦ ŀ ŦŜǿ 
ǇŜǊŎŜƴǘŀƎŜ ǇƻƛƴǘǎΦ IƻǿŜǾŜǊΣ ǘƘŜǎŜ ŎǊƻǎǎπŎƻƘƻǊǘ ŘƛŦŦŜǊŜƴŎes must be 
interpreted in light of several methodological and biological constraints. 
Regional sampling bias, differences in macular versus peripheral 
ŘƛǎǎŜŎǘƛƻƴΣ Ƴŀȅ ǳƴŘŜǊƭƛŜ ǇŀǊǘ ƻŦ ǘƘŜ ƻōǎŜǊǾŜŘ ŘƛǾŜǊƎŜƴŎŜΣ ƎƛǾŜƴ ǿŜƭƭπ
documented spatial heterogeneity of retinal cell populations. And donor 
characteristics (age, health status) can skew population estimates, 
particularly for rare cell types. Finally, variations in sequencing depth, 
ŎŀǇǘǳǊŜ ŎƘŜƳƛǎǘǊȅΣ ŀƴŘ ƭƛōǊŀǊȅ ǇǊƻǘƻŎƻƭǎ ŀŦŦŜŎǘ ƎŜƴŜπŘŜǘŜŎǘƛƻƴ ǎŜƴǎƛǘƛǾƛǘȅΣ 
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 retinal architecture 
from technical artifacts. 
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Figure 23. 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 their functional 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 multi-ethnic datasets with 
standardized protocols will be essential to elucidate gene-environment 
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 composition and provides a basis for future 
research into retinal diseases and their clinical applications. 

5.5 ML-Driven Single-Cell 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 in a 
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 diabetes [147]. The 
pathology of DR is characterized by a range 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 interventions [150]. 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 architecture [151]. This 
complexity necessitates a high-resolution 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 scRNA-seq have revolutionized our ability to study 
gene expression at the resolution of individual cells, providing a powerful 
tool to unravel the complexity of retinal tissues [152]. By enabling the 
profiling of thousands of genes across distinct cellular subpopulations, 
scRNA-seq offers a deeper insight into the transcriptional landscape of 
the retina, facilitating the identification of both well-characterized and 
previously unrecognized cellular signatures in health and disease. When 
applied to DR, scRNA-seq 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 single-cell 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 scRNA-seq 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 single-cell transcriptomic atlas of 
the Chinese human retina, utilizing scRNA-seq data derived from a 
cohort of both living donors and postmortem specimens. The dataset 
encompassed a wide array of retinal cell types, including neurons, glial 
cells, and photoreceptors, providing a holistic view of retinal cellular 
heterogeneity. By integrating high-quality data from these samples, we 
systematically characterized the gene expression profiles of distinct 
retinal cell populations, with a particular focus on identifying alterations 
associated with diabetic and diabetic retinopathy conditions. To identify 



Student ID: 20474543 Thesis Sen LIN 

 173 

the most relevant gene markers for DR, we employed a robust 
computational framework that combines machine learning techniques, 
including L1-regularized logistic regression and RFECV, to systematically 
select genes that can distinguish between non-diabetic and diabetic 
retinal states. Furthermore, we developed neural network-based models 
to classify disease states based on these gene signatures, achieving high 
accuracy in distinguishing diabetic and non-diabetic retinal samples. The 
integration of these advanced 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 
transcriptional changes that may not be apparent when analyzing bulk 
tissue, thus revealing the intricate molecular mechanisms that 
differentiate retinal cells in different disease states. 

5.5.1 Construction of human retinal scRNA-Seq 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 specimens contructed in the previous study, following 
stringent quality control measures and preprocessing protocols, we 
employed UMAP for dimensionality reduction, visualizing the cellular 
heterogeneity across all samples, as depicted in Figure 15. This 
comprehensive analysis delineated a total of 10 distinct retinal cell 
populations, each defined by unique molecular signatures and 
associated marker genes, which were consistent with previously 
established cell-type 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 of 297,121 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%) were sourced from non-diabetic 
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 retinal diseases. The DR group, constituting 
the majority of the dataset, provides a substantial reference for 
understanding disease-specific cellular reprogramming, cellular 
dysfunctions, and molecular signatures unique to diabetic conditions. 
Such a detailed cellular comparison, facilitated by the inclusion of both 
diabetic and healthy retinas, offers a framework for identifying and 
validating cell type-specific biomarkers, exploring novel therapeutic 
targets, and unveiling cellular mechanisms that underlie the retinal 
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 disease progression. This expanded atlas not 
only enhances our understanding of retinal disease mechanisms but also 
underscores the importance of cellular context when assessing disease-
relevant biomarkers and therapeutic candidates. 

5.5.2 Machine-learning Based Analysis of Human Retinal Cell-Type 
Specific Disease-associated 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 cell type-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 disease-associated changes while 
accounting for cell-type-dependent variability in gene expression. 

For each human retinal cell type, we employed a comprehensive multi-
stage machine learning framework, combining L1-regularized logistic 
regression and RFECV. This iterative approach systematically identified 
and evaluated the most discriminative gene sets distinguishing the 
disease conditions. The integration of L1-regularization 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 stability of feature 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 disease-specific biomarkers. 

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 us 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 retinal pathology, 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 genes and pathways 
that could serve as diagnostic biomarkers or therapeutic targets for 
these retinal diseases. The rigorous, cell type-specific stratification and 
robust feature selection methodologies employed in this study provide 
a highly accurate, reproducible, and biologically meaningful framework 
for the analysis of complex multi-omics data in the context of retinal 
pathophysiology. 

Amacrine Cells (ACs) 

Aimed to determine the optimal number of selected genes, we applied 
RFECV using an L1-regularized logistic regression estimator under a one-
versus-rest scheme (Figure. 24A). The number of selected important 
genes to distinguish between DR, DM and non-diabetic controls ACs 
were 70 through RFECV model (Supplementary Table 1). Figure. 24B 
illustrates the top 20 genes with the highest feature weights in the model. 
Subsequent RFE stability selection results remained the same for these 
70 genes. Figure. 24C demonstrates that the top 20 features are the most 
reliable across many slightly different fits. To further validate these 
selected important genes, we trained a one-versus-rest logistic 
regression classifier only using these selected important genes as 
features. The classifier achieved a high degree of accuracy (77%), and the 
multiclass ROC curves yielded AUCs of AUC_NON (0.84), AUC_DM (0.83), 
and AUC_DR (0.83), demonstrating that the selected genes 
discriminated the disease sates of samples with high accuracy (Figure. 
24D). The selected genes identified in ACs are implicated in various 
biological processes that contribute to the disease's pathogenesis. Genes 
such as CHI3L1 and CCL2 are involved in inflammatory pathways, linked 
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to neuroinflammatory conditions and contributed to leukocyte 
infiltration and inflammation [155-156]. Genes like GNGT1 and KCNV2 
are crucial for neuronal signaling [157]. Gene GNAT1 regulates 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 as SPP1 and CCL3 are involved in 
mediating inflammation within the diabetic retina [159-160]. Genes MT-
ND3 and MT-ATP8, encoding mitochondrial 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 retinopathy [161]. Gene 
SLC27A4, a member of the fatty acid transporter family, mediates the 
uptake of long-chain 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 endothelial dysfunction and retinal 
vascular damage [162]. Genes LGALS3 and HLA-B, 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 retinopathy [163]. Genes 
HMOX1 and EGR1, a critical enzyme in the antioxidant response, 
catalyzes the degradation of heme to generate potent antioxidant 
molecules. In the context of diabetic retinopathy, HMOX1Ωǎ ŦǳƴŎǘƛƻƴ ƛǎ 
particularly important in counteracting oxidative stress, which plays a 
key role in retinal cell injury and disease progression [164]. Gene HAMP 
encodes hepcidin, a key regulator of iron homeostasis, and dysregulation 
of iron metabolism can lead to oxidative stress [165]. 

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 as visual perception, sensory 
perception of light stimulus, and eosinophil chemotaxis (Figure 24E). 
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 points to a 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 detection and signal transduction process in the 
retina (Figure 24F). 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 reinforces the hypothesis 
that ACs play a crucial role in maintaining retinal function under diabetic 
conditions, potentially by modulating synaptic signaling and influencing 
the photoreceptor network's integrity. The GO and KEGG analysis 
provide important insights into the biological processes and pathways 
that are altered in ACs under disease conditions. These 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 24. comprehensive analysis of Chinese human retinal ACs type 

(A) RFECV derived feature selection curve: RFECV was performed using an L1-penalized logistic regression 

classifier under a one-versus-rest scheme. The plot illustrated the relationship between the number of selected 

features and the corresponding mean cross-validated performance metric (AUC One-vs-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. 
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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 in descending order of importance. The horizontal bars represent the magnitude of the 

coefficients, with longer bars indicating greater contribution to the modelôs classification performance. Notably, 

genes such as MT-ND3, MT-ATP8, and HLA-B exhibit 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 calculated the 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 of the feature in contributing to classification 

performance. Genes such as GNAT1, CCL4L2, and MT-ND3 were 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 one-versus-rest approach. The plot displayed the true positive rate plotted against the false 

positive rate for each label. The colored 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 legend, quantify the modelôs ability to discriminate each class. All three classes exhibit 

AUCs substantially greater than 0.5, indicating strong predictive power and reliable differentiation between 

healthy, diabetic, and retinopathic states. 

(A) 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 represent the p-value, the longer bars indicating 

the stronger the 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 adjusted p-value, the longer 

bars indicating the stronger the correlation. 

Bipolar Cells (BCs) 

Using the same multi-stage machine learning framework (L1-regularized 
logistic regression + RFECV with one-versus-rest) and RFE stability 
selection over 20 bootstrap replicates (Figure. 25A), RFECV identified 114 
key genes for discriminating DR, DM, and non-diabetic controls in BCs 
(Supplementary Table 1). The top 20 features by absolute weight are 
shown in Figure. 25B, and stability selection confirmed their consistent 
selection across replicates. RFE stability plots (Figure. 25C) further 
underscore the robustness of this gene set. A one-versus-rest logistic 
regression classifier trained solely on these 114 genes achieved 75% 
accuracy, with multiclass ROC AUCs of 0.89 (NON), 0.86 (DM), and 0.89 
(DR) (Figure. 25D). The genes identified in BCs were associated with 
several biological processes, including immune response, inflammation, 
oxidative stress, and phototransduction. Genes such as C1QB, CD163, 
CCL2, CCL3L1, CXCL8 are involved in immune and inflammatory pathways 
[166]. Genes CCL3, CCL4, and CCL4L2 are 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 immune-inflammatory responses in diabetic retinopathy, 
potentially contributing to the degeneration of retinal vasculature and 
neuronal damage [167]. Gene MTRNR2L12 is 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 diabetic retinopathy. Gene CYSLTR1 is 
involved in modulating autophagic processes, maintaining cellular 
integrity, and mediating inflammatory responses. In the context of 
diabetic retinopathy, Gene CYSLTR1 may contribute to the release of pro-
inflammatory mediators and exacerbate retinal vascular injury [168]. 
Gene RPS26, a ribosomal protein essential for protein synthesis, plays a 
crucial role in cellular biosynthesis and metabolic processes. Mutations 
or dysfunction of RPS26 can disrupt these processes, leading to cellular 
dysfunction and contributing to the pathophysiology of diabetic 
retinopathy [169]. Gene S100A8 is a calcium-binding protein that 
participates in inflammatory processes and has been implicated in 
diabetic complications [170]. Genes PDE6A and PDE6G are crucial in the 
phototransduction cascade and dysfunction in them may affect visual 
signal transduction [171]. Gene PODN is an extracellular matrix protein 
that acts as a negative regulator of cell migration and proliferation. In the 
context of DR, dysregulation of extracellular matrix remodeling may 
compromise vascular integrity, enhance vascular permeability, and 
facilitate pathological neovascularization and inflammatory responses. 

GO enrichment analysis of these important genes in BCs under diabetic 
conditions revealed a significant overrepresentation of biological 
processes such as humoral immune response, granulocyte chemotaxis, 
and neutrophil chemotaxis (Figure 25E). These findings suggest that BCs 
are involved in retinal signal processing and play a role in modulating 
immune responses in the diabetic retina. The enrichment of immune-
related terms, such as granulocyte chemotaxis and neutrophil 



Student ID: 20474543 Thesis Sen LIN 

 182 

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 to tissue damage and 
vascular dysfunction. Further, the KEGG analysis results highlighted 
pathways such as Antigen processing and presentation, Viral protein 
interaction with cytokines and cytokine receptors, and Type I diabetes 
mellitus (Figure 25F). These 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 
cytokine-mediated inflammation in the retina. The enrichment of the 
Type I diabetes 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 DR. The GO and KEGG enrichment results 
suggest that the altered biological processes in BCs under diabetic 
conditions are closely linked to immune responses and metabolic 
dysregulation in the retina, extending beyond their traditional function 
in visual signal processing to include immune modulation and 
inflammation-associated pathways that contribute to retinal dysfunction 
in diabetes. 
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Figure 25. comprehensive analysis of Chinese human retinal BCs type 

(A) RFECV derived feature selection curve: RFECV was performed using an L1-penalized logistic regression 

classifier under a one-versus-rest scheme. The plot illustrated the relationship between the number of selected 

features and the corresponding mean cross-validated performance metric (AUC One-vs-Rest). The observed 

unimodal trend indicated that model performance is maximized with a relatively small feature subset. The optimal 
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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 in descending order of importance. The horizontal bars represent the magnitude of the 

coefficients, with longer bars indicating greater contribution to the modelôs classification performance. Notably, 

genes such as PODN, RPS26, and CYSLTR1 exhibit 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 calculated the 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 of the feature in contributing to classification 

performance. Genes such as CCL4, ROR2, and ADRA1A were 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 one-versus-rest approach. The plot displayed the true positive rate plotted against the false 

positive rate for each label. The colored 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 legend, quantify the modelôs ability to discriminate each class. All three classes exhibit 

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 represent the p-value, the 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 adjusted p-value, the longer bars 

indicating the stronger the correlation. 

Retinal Ganglion Cells (RGCs) 

Applying the same framework, RFECV selected 106 discriminative genes 
in RGCs (Figure 26A and Supplementary Table 1). The foremost 20 genes 
by coefficient magnitude are displayed in Figure 26B, with RFE stability 
selection also confirming the stable genes reproducibility across 
bootstraps (Figure. 26C). A classifier based on these 106 RFE stability 
selected genes yielded 85% accuracy and ROC AUCs of 0.94 (NON), 0.98 
(DM), and 0.93 (DR) (Figure 26D). The stable gene feature selection 
ǊŜƛƴŦƻǊŎŜǎ ǘƘŜ ƳƻŘŜƭΩǎ ǊŜƭƛŀōƛƭƛǘȅΦ ±ŀǊƛƻǳǎ ōƛƻƭƻƎƛŎŀƭ ǇǊƻŎŜǎǎŜǎ ŎƻƴǘǊƛōǳǘŜ 
to the pathogenesis of DR by affecting RGCs survival and function. Gene 
B2M have been associated with inflammatory responses in diabetic 
conditions [172]. Gene HLA-DPA1 is a key molecule in antigen 
presentation, playing a critical role in immune responses and 
inflammation [173]. Gene RBPMS2, an RNA-binding protein, may 
regulate gene expression in retinal neurons. Gene KISS1R modulates 
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endocrine and immune responses and is implicated in neuroprotection 
[174]. Gene GATD3A is involved in mitochondrial function and may play 
a role in managing oxidative stress within RGCs, which is a significant 
factor in DR progression [175]. Genes such as LINC01115, LINC01303, and 
UNC5B-AS1 are involved in the regulation of gene expression at the 
transcriptional and post-transcriptional levels, which may modulate 
pathways related to inflammation, apoptosis, and oxidative stress in 
RGCs during DR [176]. 

The GO 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 (Figure 26E). 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 phototransduction and detection of light stimulus 
indicates that RGCs are involved in processes related to light signal 
transduction, which aligns with their well-established role in transmitting 
visual information from the retina to the brain. However, the altered 
expression 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 
presentation and Phototransduction (Figure 26F). The inclusion of 
Antigen processing and presentation suggests a potential involvement of 
RGCs in immune-related processes, which is consistent with growing 
evidence linking neuroinflammation to retinal dysfunction in DR. This 
pathway enrichment points to RGC susceptibility to immune activation 
in diabetic retinopathy, where the retinal inflammatory 
microenvironment contributes to neuronal degeneration. The 
overrepresentation of the Phototransduction pathway is expected given 
wD/ǎΩ ǊƻƭŜ ƛƴ ǊŜƭŀȅƛƴƎ ƭƛƎƘǘ ǎƛƎƴŀƭǎΣ ōǳǘ ƛǘǎ ŀƭǘŜǊŀǘƛƻƴ ƛƴ 5w Ƴŀȅ ǎǳƎƎŜǎǘ 
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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 traditional 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. 
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Figure 26. comprehensive analysis of Chinese human retinal RGCs type 

(A) RFECV derived feature selection curve: RFECV was performed using an L1-penalized logistic regression 

classifier under a one-versus-rest scheme. The plot illustrated the relationship between the number of selected 

features and the corresponding mean cross-validated performance metric (AUC One-vs-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 in descending order of importance. The horizontal bars represent the magnitude of the 

coefficients, with longer bars indicating greater contribution to the modelôs classification performance. Notably, 

genes such as PRKY, PHGDH, and B2M exhibit 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 calculated the 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 of the feature in contributing to classification 

performance. Genes such as MMP20, PPP4R4, and AL135999.1 were 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 one-versus-rest approach. The plot displayed the true positive rate plotted against the false 

positive rate for each label. The colored 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 legend, quantify the modelôs ability to discriminate each class. All three classes exhibit 

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 represent the p-value, the 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 adjusted p-value, the longer 

bars indicating the stronger the correlation. 

Horizontal Cells (HCs) 

For HCs, RFECV identified 102 key genes (Figure 27A and Supplementary 
Table 1). The top 20 weighted features are plotted in Figure 27B, and 
bootstrap RFE confirmed the genes selection stability (Figure 27C). The 

ensuing geneКbased classifier achieved 82% accuracy, with AUCs of 
0.93 (NON), 0.96 (DM), and 0.93 (DR) (Figure 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 genes CCL2, SPP1, 
MTRNR2L12, CCL2 and CCL4L2 already described before, in the context 
of DR, oxidative stress is a significant factor leading to GABRD retinal cell 
damage [177]. Gene IGFBP2 regulates 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 retinopathy [178]. Gene IFI6 is an immune response 
protein that regulates antiviral and inflammatory pathways [179]. Gene 
LAMP5 is involved in lysosomal function and oxidative stress responses 
[180]. And gene HSPA6 is a molecular chaperone that aids in protein 
folding and stress response [181]. And the expression of gene HIST1H4C 
is related to hyperglycemia [182]. 

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 immune-related 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 cell recruitment during DR 
progression, aligning with the growing body of evidence that retinal 
inflammation, including eosinophil-mediated responses, plays a crucial 
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role in the pathogenesis of diabetic retinopathy. The association with 
response to interleukin-1 further suggests that HCs may be actively 
involved in cytokine signaling pathways that modulate immune cell 
activation and tissue remodeling in the retina. The KEGG analysis 
revealed the overrepresentation of pathways such as Viral protein 
interaction with cytokines and cytokine receptors, Toll-like receptor 
signaling pathway, and Antigen processing and presentation (Figure 27F). 
These pathways are central to immune responses and indicate that HCs 
might be involved in retinal immune surveillance and regulation. The 
Toll-like receptor signaling pathway suggests that HCs may be 
participating in pathogen recognition and initiating inflammatory 
cascades in response to retinal 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 potentially 
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 27. comprehensive analysis of Chinese human retinal HCs type 

(A) RFECV derived feature selection curve: RFECV was performed using an L1-penalized logistic regression 

classifier under a one-versus-rest scheme. The plot illustrated the relationship between the number of selected 

features and the corresponding mean cross-validated performance metric (AUC One-vs-Rest). The observed 

unimodal trend indicated that model performance is maximized with a relatively small feature subset. The optimal 
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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 in descending order of importance. The horizontal bars represent the magnitude of the 

coefficients, with longer bars indicating greater contribution to the modelôs classification performance. Notably, 

genes such as SPP1, MTRNR2L12, and IFI6 exhibit 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 calculated the 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 of the feature in contributing to classification 

performance. Genes such as ELAVL2, CCL2, and MYOM2 were 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 one-versus-rest approach. The plot displayed the true positive rate plotted against the false 

positive rate for each label. The colored 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 legend, quantify the modelôs ability to discriminate each class. All three classes exhibit 

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 represent the p-value, the 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 adjusted p-value, the longer bars 

indicating the stronger the correlation. 

Cone Photoreceptors  

RFECV selection in cone photoreceptors yielded 111 genes (Figure 28A 
and Supplementary Table 1). Figure 28B presents the top 20 genes by 
coefficient magnitude, and the genes selected by RFE exhibited high 
bootstrap stability (Figure 28C). A classifier using these genes reached 86% 
accuracy, with ROC AUCs of 0.94 (NON), 0.97 (DM), and 0.95 (DR) (Figure 
28D). Such performance highlighted the discriminatory capacity of cone 
photoreceptor key genes. Gene AK4 is involved in mitochondrial energy 
metabolism and may play a role in managing oxidative stress within cone 
photoreceptors [183]. Genes such as CCL4L2 and CD74 are involved in 
immune and inflammatory pathways [184-185]. Elevated expression of 
these genes may exacerbate inflammatory responses in the diabetic 
retina. Genes like FOSB and LERFS are involved in gene expression 
regulation, changes in the expression of them can influence cone 
photoreceptor function under hyperglycemic conditions [186]. Gene 
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POU6F2 is an important transcription factor in retinal development, 
participating in the differentiation and functional regulation of retinal 
neurons [187]. Gene FOS is a transcription factor that plays an important 
role in stress response and apoptosis [188]. Gene SLC22A17 is associated 
with cellular metabolism and structural integrity [189-190].   

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 exogenous peptide 
antigen (Figure 28E). 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 diabetes. 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 immune-related processes in the diabetic retina, 
potentially influencing immune cell activation and inflammation through 
the presentation of retinal antigens. The KEGG pathway enrichment 
analysis highlighted the prominent presence of pathways such as Toll-
like receptor signaling pathway, Type I diabetes mellitus, and Antigen 
processing and presentation (Figure 28F). The enrichment of the Toll-like 
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. 
Toll-like 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 I 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 be particularly 
vulnerable to the metabolic and inflammatory changes associated with 
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DR, potentially contributing to photoreceptor dysfunction and visual 
impairment. 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 retinal immune modulation, 
stress responses, and metabolic adaptation under diabetic conditions. 
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Figure 28. comprehensive analysis of Chinese human retinal cone 
photoreceptors type 

(A) RFECV derived feature selection curve: RFECV was performed using an L1-penalized logistic regression 

classifier under a one-versus-rest scheme. The plot illustrated the relationship between the number of selected 

features and the corresponding mean cross-validated performance metric (AUC One-vs-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 in descending order of importance. The horizontal bars represent the magnitude of the 

coefficients, with longer bars indicating greater contribution to the modelôs classification performance. Notably, 

genes such as FOS, CCL4, and MTRNR2L12 exhibit 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 calculated the 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 of the feature in contributing to classification 

performance. Genes such as AC007336.2, AC110992.1, and TMEM176A were 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 one-versus-rest approach. The plot displayed the true positive rate plotted against the false 

positive rate for each label. The colored 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 legend, quantify the modelôs ability to discriminate each class. All three classes exhibit 

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 represent the p-value, the 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 adjusted p-value, the longer bars 

indicating the stronger the correlation. 

Rod Photoreceptors 

In rod photoreceptors, RFECV pinpointed 118 signature genes (Figure 
29A and Supplementary Table 1). The leading 20 features with top 
coefficient magnitude are displayed in Figure 29B, and the genes with 

high stability is shown in Figure 29C. The rodКspecific classifier achieved 
74% accuracy and multiclass AUCs of 0.88 (NON), 0.88 (DM), and 0.87 
(DR) (Figure 29D), underscoring exceptional discriminative performance. 
Genes such as CD163 and TYROBP are involved in immune and 
inflammatory pathways. Gene SOCS3 negatively regulates the JAK/STAT 
pathway, modulating cellular responses to proinflammatory cytokines. 
Its upregulation in the retina enhances inflammatory signaling and 
promotes pathological angiogenesis [191]. The long noncoding RNA 
MIAT drives retinal pericyte proptosis and inflammation, contributing to 
neurovascular damage in diabetic retinopathy [192]. An imbalance 
between TIMP1 and matrix metalloproteinases disrupts extracellular 
matrix remodeling and vascular integrity, facilitating basement 
membrane thickening and abnormal neovascularization [193]. Gene 
CD163 is a macrophage/microglial scavenger receptor and a marker of 
macrophage activation, playing a key role in inflammation [194]. Gene 
LTF is the inflammation-related protein lactotransferrin and has been 
reported to be upregulated in proteomic studies of DR [195]. The 
expression of gene EGR3 can influence rod photoreceptor function under 
hyperglycemic conditions [196]. Genes such as SLC44A5 and USP9Y are 
associated with cellular metabolism and structural integrity [197]. 

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 29E). These immune-related 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 cells, which 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 photoreceptors in 
response to diabetic stress. The KEGG pathway analysis highlighted the 
prominent enrichment of pathways such as Viral protein interaction with 
cytokine and cytokine receptor, Chemokine signaling pathway, and 
Cytokine-cytokine receptor interaction (Figure 29F). 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 photoreceptors 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 neurodegeneration 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 recruitment. 
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Figure 29. comprehensive analysis of Chinese human retinal rod photoreceptors 

(A) RFECV derived feature selection curve: RFECV was performed using an L1-penalized logistic regression 

classifier under a one-versus-rest scheme. The plot illustrated the relationship between the number of selected 

features and the corresponding mean cross-validated performance metric (AUC One-vs-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. 
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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 in descending order of importance. The horizontal bars represent the magnitude of the 

coefficients, with longer bars indicating greater contribution to the modelôs classification performance. Notably, 

genes such as GRP, WAPL, and MTRNR2L12 exhibit 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 calculated the 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 of the feature in contributing to classification 

performance. Genes such as CHI3L1, TGFBI, and CD163 were 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 one-versus-rest approach. The plot displayed the true positive rate plotted against the false 

positive rate for each label. The colored 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 legend, quantify the modelôs ability to discriminate each class. All three classes exhibit 

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 represent the p-value, the 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 adjusted p-value, the longer bars 

indicating the stronger the correlation. 

Microglia 

For microglia, RFECV selected 104 genes (Figure 30A and Supplementary 
Table 1). The top 20 features by weight are shown in Figure 30B, with 
bootstrap validation in Figure 30C confirming their consistency. A 
classifier trained on these genes yielded 85% accuracy and AUCs of 0.95 
(NON), 0.97 (DM), and 0.95 (DR) (Figure 30D), reflecting moderate 
discriminative power. Gene IL6 is involved in mediating inflammation 
within the diabetic retina [198]. Genes MT1E, MT1H, and MT1G are 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 progression [199-201]. Genes FN1 and SDC3 are involved in 
extracellular matrix organization [202-203]. Gene IL7R is involved in the 
development and activation of immune cells. 

The GO enrichment analysis of key 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 
ion, and stress response to metal ion (Figure 30E). 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 metal ion highlight the role of microglia in managing 
metal ion imbalances and oxidative stress, both of which are 
exacerbated in DR. Microglia, as the resident immune cells of the retina, 
play a crucial role in modulating these stress responses. The KEGG 
pathway analysis identified the enrichment of pathways such as 
Cytokine-cytokine receptor interaction, AGE-RAGE signaling pathway in 
diabetic complications, and Mineral absorption (Figure 30F). The 
overrepresentation of the Cytokine-cytokine receptor interaction 
pathway suggests that microglia may contribute to the inflammatory 
milieu in the retina by mediating interactions between retinal cells and 
immune cells through cytokine signaling. This is consistent with the 
growing evidence of neuroinflammation in DR, where activated microglia 
release pro-inflammatory cytokines that contribute to retinal 
dysfunction. The AGE-RAGE signaling pathway in diabetic complications 
is particularly relevant in DR, as advanced glycation end-products (AGEs) 
accumulate in the retina due to chronic hyperglycemia. The AGE-RAGE 
interaction has been shown to activate microglia, further promoting 
inflammation and neurodegeneration. 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 
under the 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 ion homeostasis, and neuronal 
health. These functions are integral to the pathophysiology of DR, where 
chronic inflammation and metabolic disturbances drive retinal damage 
and dysfunction. 
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Figure 30. comprehensive analysis of Chinese human retinal microglia type 

(A) RFECV derived feature selection curve: RFECV was performed using an L1-penalized logistic regression 

classifier under a one-versus-rest scheme. The plot illustrated the relationship between the number of selected 

features and the corresponding mean cross-validated performance metric (AUC One-vs-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 in descending order of importance. The horizontal bars represent the magnitude of the 

coefficients, with longer bars indicating greater contribution to the modelôs classification performance. Notably, 

genes such as SLC2704, MT1E, and FN1 exhibit 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 calculated the 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 of the feature in contributing to classification 

performance. Genes such as AC512328.1, LINC02528, and MTRNR2L12 were 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 one-versus-rest approach. The plot displayed the true positive rate plotted against the false 

positive rate for each label. The colored 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 legend, quantify the modelôs ability to discriminate each class. All three classes exhibit 

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 represent the p-value, the 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 adjusted p-value, the longer bars 

indicating the stronger the correlation. 

Astrocytes 

In astrocytes, RFECV isolated 80 key genes (Figure 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 Figure 31C. The astrocyteКfocused classifier achieved 82% accuracy 
and AUCs of 0.93 (NON), 0.98 (DM), and 0.95 (DR) (Figure 31D). Genes 
such as SPP1 and CCL3 are involved in mediating inflammation within the 
diabetic retina [204-205]. Gene MT-ATP8 is associated with the cellular 
response to oxidative stress [206]. Gene CD74 are involved in immune 
and inflammatory pathways [207]. Gene ANGPTL4 plays a critical role in 
angiogenesis by regulating vascular permeability and the formation of 
new blood vessels [208]. Gene GDF15 exhibits antioxidant, anti-
inflammatory, and cytoprotective properties [209]. Gene JUNB is 
involved in the regulation of cellular stress responses, proliferation, and 
apoptosis [210]. Gene KLF4 is transcription factors that regulate 
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astrocyte differentiation and function [211]. 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 (Figure 31E). The 
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 inflammation. 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 the involvement 
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 stress. The KEGG pathway analysis revealed 
significant enrichment in pathways such as Viral protein interaction with 
cytokine and cytokine receptor, cytokine-cytokine receptor interaction, 
and Chemokine signaling pathway (Figure 31F). 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 involved 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 end-products (AGEs), which are elevated 
in DR. The enrichment in cytokine-cytokine receptor interaction 
highlights the role of astrocytes in mediating inflammatory signaling 
within the retinal microenvironment. By secreting pro-inflammatory 
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 in 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 pathophysiology of diabetic retinopathy, where 
they contribute to both neuroinflammation and metabolic adaptation, 
exacerbating retinal damage and dysfunction. 
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Figure 31. comprehensive analysis of Chinese human retinal astrocyte type 

(A) RFECV derived feature selection curve: RFECV was performed using an L1-penalized logistic regression 

classifier under a one-versus-rest scheme. The plot illustrated the relationship between the number of selected 

features and the corresponding mean cross-validated performance metric (AUC One-vs-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 in descending order of importance. The horizontal bars represent the magnitude of the 

coefficients, with longer bars indicating greater contribution to the modelôs classification performance. Notably, 

genes such as JUNB, FOS, and CCL3 exhibit 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 calculated the 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 of the feature in contributing to classification 

performance. Genes such as APOC1, MT3, and SLPI were 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 one-versus-rest approach. The plot displayed the true positive rate plotted against the false 

positive rate for each label. The colored 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 legend, quantify the modelôs ability to discriminate each class. All three classes exhibit 

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 represent the p-value, the 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 adjusted p-value, the longer bars 

indicating the stronger the correlation. 

Müller Glial Cells (MGCs) 

RFECV selection in MGCs identified 116 genes (Figure 32A and 
Supplementary Table 1). Figure 32B depicts the top 20 features, all of 
which exhibited high bootstrapped stability (Figure 32C). The 
corresponding classifier achieved 69% accuracy and AUCs of 0.86 (NON), 
0.87 (DM), and 0.85 (DR) (Figure 32D), highlighting exceptional 
classification performance. Genes such as GIMAP7 and KISS1R are 
involved in immune regulation and inflammatory pathways [212-213]. 
Gene GSTM5 is associated with oxidative stress and metabolic regulation 
[214-215]. Gene CHI3L2, a member of the chitinase-like 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 DR [216]. Several 
long non-coding RNAs such as AL583808.1, AC104695.4, and AC008403.3 
are involved in gene regulation including chromatin remodeling, 
transcription, and post-transcriptional processing, which influences 
MGCs function under diabetic conditions [217]. 

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 that MGCs may 
facilitate the activation of resident 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 
reflects the involvement of MGCs in the recruitment of various immune 
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cells, further implicating them in the neuroinflammatory processes 
characteristic of DR. The KEGG pathway analysis revealed enrichment in 
pathways such as Cytokine-cytokine receptor interaction, Cell adhesion 
molecules, and Complement and coagulation cascades (Figure 32F). The 
Cytokine-cytokine 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 DR. The Cell adhesion molecules 
pathway highlights the role of MGCs in mediating cell-cell interactions, 
which are crucial for maintaining retinal structure and integrity during 
DR. Adhesion molecules also play a critical role in immune cell 
recruitment and migration, 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 complement 
system, which is activated during inflammation and contributes to tissue 
damage in DR. MGCs contribute to immune cell recruitment and 
activation, and structural remodeling and gliosis through the regulation 
of immune responses and complement activation. 
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Figure 32. comprehensive analysis of Chinese human retinal MGCs type 

(A) RFECV derived feature selection curve: RFECV was performed using an L1-penalized logistic regression 

classifier under a one-versus-rest scheme. The plot illustrated the relationship between the number of selected 

features and the corresponding mean cross-validated performance metric (AUC One-vs-Rest). The observed 


