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Abstract 

Traditional molecular biology approaches have defined many of the cellular pathways 

that govern tissue development, homeostasis, and disease. With continued technological 

advances, omics approaches (“measuring at a system-wide scale”) have emerged, aiming to 

resolve biological questions comprehensively and efficiently. Among the omics worlds, 

transcriptomics is the field studying RNA expression systematically, bridging the information 

stored in genomics to the action carried out in proteomics. To fill the gap in our understanding of 

cellular heterogeneity hidden beneath the histological architecture, spatial transcriptomics (ST) 

was further developed to map captured transcripts to their in situ spatial coordinates. Here, we 

present the methodology and the applications of a cutting-edge ST, Seq-Scope, with near-optical 

microscopic resolution and whole-transcriptome coverage. Seq-Scope leverages solid-phase 

amplification of randomly barcoded oligonucleotides on Illumina sequencing platforms to 

generate spatially indexed clusters that function as RNA-capturing arrays with probes spaced 

approximately 0.5 to 0.8 μm apart. This technology not only achieves comparatively high RNA 

capture efficiency relative to currently available ST platforms but also maintains sub-micrometer 

resolution, enabling digital delineation of intercellular compartments. The technical upgrade 

from MiSeq to HiSeq and NovaSeq platforms was described with a substantial expansion of 

imaging area up to 7 mm x 7 mm, together with additional implementations such as multi-round 

on-array imaging, DAPI-based spatial single-cell segmentation, and fluorescence-guided spatial 

mapping. 

This thesis then applies Seq-Scope to skeletal muscle, an organ that exhibits pronounced 

cellular and subcellular heterogeneity. A high-resolution spatial transcriptomic atlas of mouse 

soleus muscle was built in longitudinal sections. Combining histology-guided myofiber 

segmentation with unbiased grid-based mapping, we recovered canonical fiber types and 

revealed widespread hybrid myofiber states in situ. At the subcellular scale, we delineated the 

neuromuscular junction (NMJ) as a multi-compartment niche containing postsynaptic myonuclei 

and spatially distinct peri-synaptic and myelinating Schwann cell-associated regions, each with 
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characteristic gene programs. Applying this framework to denervation (3 and 7 days) identified 

robust fiber-type-specific stress responses, coordinated remodeling of macrophage and fibroblast 

transcriptomes, marked intramyofiber heterogeneity, and distinct transcriptional domains 

associated with the NMJ.  

Seq-Scope’s ability to link histopathology to molecular states at single-fiber resolution 

was further demonstrated in a rodent model of sustained mTORC1 hyperactivation. The results 

showed that mTORC1-driven pathology was strongly fiber-type dependent. Type I and IIa fibers 

exhibited relative resistance, while type IIx fibers diverged into distinct fates across muscles, 

including hypertrophic growth programs with impaired proteostasis in soleus and basophilic 

states supported by lipid-driven respiration and RNA accumulation in extensor digitorum longus. 

In parallel, type IIb fibers displayed pronounced intra-muscle heterogeneity spanning stress 

responses, oxidative metabolic activation, and developmental reprogramming.  

Together, this thesis establishes Seq-Scope as a flexible, scalable, high-resolution spatial 

transcriptomics platform and demonstrates its ability to bridge histological architecture to 

genome-wide molecular programs. By applying Seq-Scope to inflammatory skin disease, 

senescence-associated niches, and muscle biology and pathology, this work provides a 

framework for resolving how gene regulation is organized within cells, across cells, and across 

tissue microenvironments in health and disease. 



 1 

Introduction 

Gene regulation lies at the core of physiology. The selective activation and repression of 

genes enable cells with an identical genome to perform distinct functions, sustain tissue 

homeostasis, and adapt to changing internal and external conditions (1,2). In development, gene 

regulatory programs drive cell fate specification and tissue organization (3). In adult tissues, they 

preserve functional identity while allowing flexible responses to stress, injury, and metabolic 

demand (1). When these regulatory mechanisms become altered, physiological balance can shift 

toward dysfunction and disease.  

Skeletal muscle represents a highly organized and physiologically essential tissue in 

which gene regulation is fundamental to the maintenance of function and adaptability. As the 

main tissue driving movement, skeletal muscle also contributes to posture, whole-body 

metabolism, and energy homeostasis (4,5). These functions depend on substantial cellular and 

functional heterogeneity within the tissue. Myofibers are classified into distinct fiber types that 

differ in contractile speed, fatigue resistance, and metabolic preference, including type I, IIa, IIx, 

and IIb fibers, as defined by their physiological properties and myosin heavy chain isoform 

expression (6). Different muscle groups contain these fiber types in different proportions, 

reflecting their specialized physiological roles. Muscles involved in sustained postural activity 

are generally enriched in slow oxidative fibers, whereas muscles adapted for rapid and forceful 

movement contain a greater proportion of fast glycolytic fibers (6). In addition to myofibers, 

skeletal muscle contains multiple non-myocyte populations, including satellite cells, fibroblasts, 

immune cells, and endothelial cells, each of which contributes to tissue maintenance, 

remodeling, and adaptation to physiological demand (7). Together, these features establish 

skeletal muscle as a dynamic and heterogeneous system in which tightly controlled gene 

regulatory programs are essential, highlighting the need for technologies that can unravel gene 

expression within its native histological context. 

Spatial transcriptomics (ST) technologies aim to advance gene expression studies by 

profiling the entire transcriptome while preserving spatial information from a single histological 
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section (8). ST emerged from earlier in situ hybridization methods, such as fluorescence in situ 

hybridization (FISH) (9), single-molecule fluorescence in situ hybridization (smFISH) (10), 

RNA in situ hybridization assay (RNAscope) (11), sequential fluorescence in situ hybridization 

(seqFISH) (12), and multiplexed error-robust fluorescence in situ hybridization (MERFISH) 

(13), which localized a limited number of transcripts directly within tissue, as well as from 

sequencing-based approaches, including Illumina next-generation sequencing (14) and single-

cell RNA sequencing (15,16), which enabled broader transcriptome-wide analysis. By 

integrating the strengths of these approaches, ST was developed to bridge molecular profiling 

with tissue architecture. By assigning RNA molecules or captured transcripts back to their 

original positions in the tissue, ST makes it possible to study gene expression while preserving 

the spatial relationships among cells, structures, and microenvironments (8). 

The emergence of sequencing-based spatial transcriptomics (ST) platforms began in 2016 

with the development of barcoded mRNA-capturing spots arranged on an array chip at 100 μm 

resolution, enabling transcriptome-wide visualization across tissue sections (17). This design was 

later commercialized as 10x Genomics Visium, which improved usability while reducing spot 

size to 55 μm. Subsequent platforms pushed spatial resolution closer to the cellular scale, 

including Slide-seq (18) and Slide-seqV2 (19) at approximately 10 μm, High-Definition Spatial 

Transcriptomics (HDST) (20) at approximately 2 μm, and Stereo-seq (21) at sub-micrometer 

resolution. Despite the rapid expansion of ST technologies, their broad adoption has remained 

limited by low spatial resolution, restricted transcript capture, complex procedures, limited 

scalability, and the high cost of platform setup or individual experiments. These limitations 

highlight the need for platforms that provide substantially improved spatial precision for 

resolving tissue architecture at true single-cell and subcellular levels, while also offering a more 

cost-efficient and accessible workflow for general use. 

In this thesis, we report Seq-Scope, a spatial barcoding technology with a resolution 

almost comparable to an optical microscope (22,23). Seq-Scope is based on solid-phase 

amplification of randomly barcoded single-molecule oligonucleotides using an Illumina 

sequencing platform, which is accessible to most researchers. These RNA-capturing barcoded 

clusters define the pixels of Seq-Scope that are approximately 0.5-0.8 μm apart from each other. 

We describe the preparation of a fresh frozen tissue section for both histological imaging and 

sequencing library preparation and provide a streamlined computational pipeline with 
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comprehensive instructions to integrate histological and transcriptomic data for high-resolution 

spatial analysis. This includes the use of conventional software tools for single-cell and spatial 

analysis, as well as our recently developed segmentation-free method for analyzing spatial data 

at sub-micrometer resolution. Aside from array production and sequencing, which can be done in 

batches, tissue processing, library preparation, and running the computational pipeline can be 

completed within three days by researchers with experience in molecular biology, histology, and 

basic Unix skills. Over time, we have upgraded Seq-Scope from its original MiSeq flow cell 

platform to HiSeq 2000 and, most recently, to NovaSeq 6000, enabling the profiling of multiple 

tissue sections over areas of 7 mm × 7 mm or larger. The workflow has also been advanced 

through enhancements such as multi-round on-array imaging and fluorescence-guided spatial 

mapping, establishing Seq-Scope as a valuable tool for researchers in molecular biology and 

histology. 

In this thesis, Seq-Scope was applied to profile skeletal muscle under both physiological 

and perturbation conditions, revealing spatially resolved features of muscle organization and 

adaptation that were previously difficult to capture. In one study, we mapped skeletal muscle and 

its response to denervation along the longitudinal axis of myofibers. This analysis provided high-

resolution views of neuromuscular junction architecture and uncovered substantial heterogeneity 

in how individual myofibers respond to loss of neural input. It also revealed dynamic 

transcriptional changes in both myofibers and surrounding non-myocyte populations, 

highlighting coordinated cellular responses during muscle remodeling. Together, these findings 

demonstrate the value of spatial transcriptomics for resolving the complex cellular interactions 

that underlie muscle homeostasis and injury responses. 

In a second study, we used Seq-Scope to investigate skeletal muscle pathology driven by 

sustained mammalian target of rapamycin complex 1 (mTORC1) hyperactivation, a condition 

that can arise naturally during aging and is associated with progressive myopathy marked by 

fiber degeneration, metabolic stress, impaired proteostasis, and loss of regenerative capacity 

(24). By profiling distinct muscle groups with different fiber-type compositions, we found that 

mTORC1 activation induces both shared stress responses and muscle- or fiber-specific 

remodeling programs. These analyses revealed marked plasticity among myofibers, including 

divergent responses in the same fiber type across different muscle contexts and shifts away from 

canonical metabolic identities under pathological conditions. In addition, histopathological 
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features such as myofiber enlargement and basophilia were linked to distinct transcriptional 

states. Overall, this work establishes a spatial, single-fiber framework for understanding how 

pathological signaling reshapes muscle organization and function, and provides novel insights 

into the molecular basis of myofiber-specific disease progression. 
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Chapter 1 Seq-Scope Technology and Applications: Repurposing Illumina Sequencing 

Flow Cells for Microscopic Spatial Transcriptomics 

1.1 Abstract 

Spatial transcriptomics (ST) technologies aim to advance gene expression studies by 

profiling the entire transcriptome with intact spatial information from a single histological slide. 

However, the application of ST is limited by low resolution, limited transcript coverage, complex 

procedures, poor scalability, and high costs of initial setup and/or individual experiments. Here 

we report Seq-Scope, a spatial barcoding technology with a resolution almost comparable to an 

optical microscope. Seq-Scope is based on a solid-phase amplification of randomly barcoded 

single-molecule oligonucleotides using an Illumina sequencing platform. The resulting clusters 

annotated with spatial coordinates are processed to expose RNA-capture moiety. These RNA-

capturing barcoded clusters define the pixels of Seq-Scope that are approximately 0.5-0.8 μm 

apart from each other. We describe the preparation of a fresh frozen tissue section for both 

histological imaging and sequencing library preparation and provide a streamlined computational 

pipeline with comprehensive instructions to integrate histological and transcriptomic data for 

high-resolution spatial analysis. This includes the use of conventional software tools for single-

cell and spatial analysis, as well as our recently developed segmentation-free method for 

analyzing spatial data at sub-micrometer resolution. Aside from array production and 

sequencing, which can be done in batches, tissue processing, library preparation, and running the 

computational pipeline can be completed within three days by researchers with experience in 

molecular biology, histology, and basic Unix skills. Over time, we have upgraded Seq-Scope 

from its original MiSeq flow cell platform to HiSeq 2000 and, most recently, to NovaSeq 6000, 

enabling the profiling of multiple tissue sections over areas of 7 mm × 7 mm or larger. The 

workflow has also been advanced through enhancements such as multi-round on-array imaging 

and fluorescence-guided spatial mapping. Applied to diverse tissue sections, Seq-Scope resolves 

spatial transcriptome heterogeneity across multiple histological scales, capturing subcellular 

nuclear and cytoplasmic architectures, distinguishing macrophage subtypes and their roles in 



 8 

acne-associated pathology, and revealing complex regulatory programs within senescent niches. 

Given its adaptability across various biological tissues, Seq-Scope establishes itself as an 

invaluable tool for researchers in molecular biology and histology. 

 

1.2 Introduction 

Conventional histology, employing methods such as immunohistochemistry and RNA in 

situ hybridization, is limited to detecting only a few specific molecular entities on a tissue slide. 

As a result, the information acquired from one experimental run is restricted, likely missing 

crucial biological details. 

To address these challenges, the emerging field of spatial transcriptomics (ST) aims to 

analyze the entire transcriptome from a single histological slide. However, existing ST 

technologies face significant challenges due to their low resolution or limited capacity for high-

throughput analysis. For example, the widely used Visium platform from 10x Genomics, based 

on the original ST technology (1), offers a resolution of 100 μm (2), which falls below the 40 µm 

resolution discernible by the naked human eye. Although newer methods employing microbead 

arrays or microfluidics (3–5) have enhanced resolution to approximately 10–20 µm, they have 

yet to match the precision of traditional optical microscopy. High-resolution techniques, such as 

sequential in situ hybridization and in situ sequencing, are available on commercial ST 

platforms, including 10x Xenium (6), Nanostring CosMx (7), and Vizgen MERSCOPE (8). 

However, these approaches involve extensive staining and imaging and require intensive 

computational image analysis, limiting the number of genes that can be analyzed simultaneously 

within a practical time frame and budget. Such constraints on the number of target genes per 

project likely restrict research focus and introduce bias, potentially impeding access to crucial 

biological insights that would otherwise be accessible with a more comprehensive approach. 

Single cell RNA-sequencing (scRNA-seq) is an unbiased approach that comprehensively 

examines transcriptomic heterogeneity across individual cells (9). However, due to the nature of 

tissue dissociation and single-cell isolation, all current scRNA-seq methods have clear 

limitations. First, scRNA-seq omits many labile cell types that lyse during tissue dissociation and 

cell sorting. Second, extensive tissue dissociation and cell sorting procedures cause physical and 

chemical stresses that may elicit stress responses in cells and thus alter their transcriptomes. 

Large cells such as myofibers and lipid-laden cells such as adipocytes are not amenable for cell 
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sorting by microfluidics or microwells. Finally, and most obviously, scRNA-seq eliminates the 

spatial information of single cells in the histological space, resulting in loss of important 

biological information, such as tissue zonation niches and cell-cell interactions. 

Therefore, improving the resolution, throughput, and scalability of ST is crucial for 

overcoming the limitations of currently available ST and scRNA-seq technologies. Recently, we 

developed Seq-Scope (10), which represents the first published high-resolution ST method 

capable of providing sub-micrometer resolution (0.5–0.7 µm on average), while monitoring the 

whole transcriptome at the sequence level. This enables single-cell and even subcellular analysis 

and represents a dramatic improvement in spatial resolution. For instance, the spatial throughput 

(spatial units per area) of Seq-Scope is over 10,000 times higher than that of conventional 10x 

Visium (with a 100 µm resolution) and 4–8 times higher than that of the new 10x Visium HD 

platform (released in January 2024, with a 2 µm resolution (11)). 

Seq-Scope utilizes Illumina sequencing platforms, repurposing their flow cells into high-

resolution spatially barcoded arrays. Publication of our method (10) was followed by several 

papers employing similar approaches utilizing independent sequencing platforms, such as DNA 

Nanoball (DNB) sequencing (12) and a custom polony sequencing platform (13) that can also 

provide resolutions similar to Seq-Scope. However, Seq-Scope’s unique characteristics and 

capabilities, outlined below, make it especially useful and accessible for investigators seeking to 

utilize high-resolution spatial techniques. 

The Seq-Scope protocol was developed by building upon existing scRNA-seq and ST 

technologies. The protocol incorporates well-established components from polymerase chain 

reaction (PCR)-based scRNA-seq library creation, as referenced in the Droplet sequencing 

(Drop-Seq) (14) and BD Rhapsody (15) protocols, along with general tissue handling techniques 

from ST protocols described in the original spatial transcriptomics methodology (16) and the 

commercially available 10x Visium kit protocols (17,18). It also utilizes the STARsolo scRNA-

seq alignment tool (19) for data processing. These established methods, combined with our 

innovative adaptation of the Illumina sequencing flow cell for ST, have led to the creation of a 

new experimental and computational workflow, as outlined in our previous publications on the 

Seq-Scope methodology (10) and the STtools computational analysis package (20). Our method 

is compatible with most Illumina sequencing platforms, including MiSeq (10) and HiSeq (21–

23), and has been independently adapted for 2- and 3-dimensional analyses on the NovaSeq 
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(24,25), demonstrating its wide applicability and reproducibility. We further optimized the 

method for a 7 mm × 7 mm imaging area on the NovaSeq 6000 flow cell. The imaging area size 

was selected for its suitability for the majority of histological applications and comparability 

with the 6.5 mm × 6.5 mm area used by 10x Visium. The procedure has also been updated to 

support multi-round on-array imaging and fluorescence-guided spatial mapping. Overall, the 

technology continues to evolve, with the promising potential to uncover previously inaccessible 

information within tissue microenvironments, intracellular space, and even subcellular 

compartments. 

1.3 Results 

1.3.1 Seq-Scope technology overview - experimental 

The Seq-Scope experimental procedure can be divided into three major parts with two 

separate sequencing steps. The concept applies to all three platforms, including MiSeq, HiSeq, 

and NovaSeq, except for a few minor updates to match the nature of the style of the flow cell.  

In Part 1, a spatially barcoded array is produced (Figure 1.1). The first array sequencing 

(1st-Seq) begins as conventional Illumina sequencing of a single-stranded oligonucleotide library 

encoding a high-definition map coordinate identifier (HDMI) as a random sequence that is 

attached to PCR adapters and an oligo-dT RNA capture probe (Figure 1.1.A-C). After 1st-Seq, 

the sequenced flow cell is retrieved and disassembled to expose the surface covered with 

amplified DNA clusters containing HDMI sequences. The 1st-Seq HDMI array is then 

biochemically treated to expose the 3’ oligo(dT) probe head for poly-A capturing (Figure 1.1.D). 

The output of 1st-Seq is a data table that associates all HDMI barcode sequences from the 

physical array with their corresponding coordinates.  

Part 1 of the procedure has undergone the most updates as we improved the imaging area 

by upgrading the platforms. Our initial MiSeq and HiSeq platforms contain 0.7 mm2 and two 90 

mm2 imaging areas which cannot be dissected and requires the removal of the cover part of the 

flow cell. The most up-to-date NovaSeq platform, on the other hand, can be run as a batch, 

producing 18 chips, each with four separate 7 mm x 7 mm imaging areas, totaling 72 imaging 

areas per flow cell with 3,600 mm2. 

In Part 2, the tissue is placed on the array to prepare for library construction (Figure 

1.2.A). Sectioned tissue is attached and briefly fixed on the surface of the array. Conventional 
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imaging, such as H&E histology staining or fluorescence imaging, can be performed at this 

stage.  

In Part 3, the tissue transcriptome is captured through reverse transcription, and the 

spatially barcoded cDNA is processed into a next-generation sequencing library (Figure 1.2.B-

C). RNAs are released by partial proteolytic digestion of tissues using collagenase and pepsin 

and captured onto the 1st-Seq HDMI array. The tissue-array sandwich then undergoes reverse 

transcription, labeling the HDMI-oligo-dT molecules with cDNA sequences (Figure 1.2.B). 

Through subsequent secondary strand synthesis, alkaline elution, and PCR amplification steps, 

the chimeric molecular library of HDMI-cDNA is prepared as an Illumina-compatible library 

that is then sequenced on an Illumina sequencer (Figure 1.2.C). The output of 2nd-Seq is another 

data table with two paired-end reads—one end with HDMI information and the other end with 

cDNA sequence information. 

In the NovaSeq platform, full procedure in Part 2 and the initial on-array procedure in 

Part 3 (mRNA Release and Reverse Transcription, Tissue Removal, and Secondary Strand 

Synthesis procedures) apply to a single chip with four imaging areas. The Purification of the 

secondary strand solution, Library Amplification PCR reaction and Purification, and Indexing 

PCR and Size Selection procedures of Part 3 apply to each imaging area of the chip. These 

procedures can be conducted separately for individual imaging areas or in parallel for the entire 

chip or multiple chips, depending on the user's experimental goals and throughput requirements. 

The Library Sequencing procedure of Part 3 can be conducted in batches. 
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Figure 1.1 Seq-Scope experimental procedure – Part 1 

Part 1 produces the chip through Illumina NovaSeq 6000 sequencing (1st-Seq), flow cell disassembly, dicing and 
chemical processing to expose oligo(dT) sequences. (A) Schematic representation of the HDMI-oligo library 
structure for 1st-Seq. P5/P7, PCR adapters; TR1, TruSeq Read 1; HR1, HDMI Read 1. (B) Solid-phase 
amplification of different HDMI-oligo molecules on the flow cell surface. (C and D) Illumina sequencing by 
synthesis (SBS) determines the HDMI sequence and XY coordinates of each cluster (C). Then, HDMI 
oligonucleotide clusters are modified to expose oligo(dT), the RNA-capture domain (D). 
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Figure 1.2 Seq-Scope experimental procedure – Parts 2 & 3 

Part 2 processes and images tissue sections, preparing them for subsequent reverse transcription and library 
preparation in Part 3. Libraries produced in Part 3 are sequenced again (2nd-Seq) to complete the experimental 
procedure of Seq-Scope. In the schematic diagram, DNA segments are depicted in various colors: blue for the P7 
sequence, green for the P5 sequence, red for HDMI, purple for oligo(dT), orange for mRNA/cDNA, light green for 
randomer-based UMI and black for other adapter sequences including sequencing read primers. RPE, random 
priming and extension. Images of 1.5-ml tube and PCR machine from Labicons.net. 
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1.3.2 Seq-Scope technology overview - computational 

For each HDMI sequence, 1st-Seq generates spatial coordinate information while 2nd-

Seq captures cDNA information. The analysis of sequence reads is also divided into three key 

stages (Figure 1.3): Part 4 builds the map of spatial barcodes (HDMI) from the single-ended 

sequence reads of the chip (1st-Seq). Part 5 generates a high-resolution spatial digital gene 

expression (SGE) matrix, by aligning the paired-end sequence reads of the prepared library (2nd-

Seq) to the cDNA sequence while resolving the spatial positions of the HDMI barcodes. 

Optionally, if histology images are available, they can also be aligned to the HDMI coordinates 

in this part. Part 6 describes exemplary downstream analyses of the SGE matrix, including 

conventional single-cell optimized software packages such as Seurat (26) and Scanpy (27) and 

the identification of cell type factors and the inference of pixel-level factors at sub-micrometer 

resolution. Factors are transcriptome phenotypes expressed as the average expression levels of 

all genes across a tissue section, modeled using a multinomial distribution (28), and can 

represent cellular and subcellular transcriptome phenotypes specific to certain cell or organelle 

types as well as physiological or pathophysiological states. Parts 4 and 5 are implemented in the 

NovaScope pipeline (https://github.com/seqscope/NovaScope), which is an extension of the 

STtools pipeline (20). Part 6 primarily uses the FICTURE software tool (28) and the detailed 

steps to reproduce our exemplary analysis are provided in a public GitHub repository 

(https://github.com/seqscope/NovaScope-exemplary-downstream-analysis). Part 6 also provides 

examples of image-based single-cell segmentation, performed using either Watershed (29) or 

Cellpose (30,31) algorithms, and generates a single-cell SGE matrix, which can be subsequently 

used for spatial single-cell analysis. The aligned sequenced reads can be directly used for tasks 

that require read-level information, such as allele-specific expression or somatic variant analysis. 

The SGE matrix can also be analyzed with tools such as Giotto (32) and Squidpy (33), offering 

additional possibilities for downstream data analysis. 

The up-to-date protocol is specifically optimized for the Illumina NovaSeq 6000 S4 flow 

cell. Previous studies have shown that Seq-Scope also works well with Illumina MiSeq and 

HiSeq platforms with minimal modifications in reaction scale and adaptation of bioinformatic 

workflow (10,21–23). Therefore, it is plausible that the protocol can also be made compatible 

with the NovaSeq-X 25B flow cell, a more recently released Illumina platform, provided this 

flow cell can be disassembled to expose the cluster surface. Additionally, it is possible that the 
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Seq-Scope strategy could be adapted for use with non-Illumina equipment. Indeed, several recent 

methodologies have utilized custom sequencing-by-synthesis platforms (e.g., Polony-indexed 

library-sequencing (Pixel-Seq) (13)) or a DNB-seq platform (e.g., Spatio-Temporal Enhanced 

REsolution Omics-sequencing (Stereo-Seq) (12)) to generate high-resolution spatial arrays using 

strategies similar to Seq-Scope. 
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Figure 1.3 Seq-Scope computational procedure 

This conceptual overview illustrates the main stages in the computational procedure. Detailed descriptions of all 
steps can be found in the publication (34). Part 4 generates spatial barcode maps by processing 1st-Seq data. Part 5 
aligns the reads from 2nd-Seq and creates the spatial digital gene expression (SGE) matrix by using the spatial 
barcode information from Part 4. Part 6 describes exemplary downstream analyses for the SGE matrix produced in 
Part 5. These analyses include a pixel-level analysis, which identifies spatial factors at a pixel-level resolution by 
leveraging a hexagon-indexed SGE matrix, and a cell segmentation-based analysis, which explores cell type clusters 
on a cell-indexed SGE matrix, with cells segmented on the basis of histology images. A round rectangle represents 
data or a file, while a standard rectangle indicates a process or instruction. A diamond shape signifies a decision 
point. Text aligned with an arrow denotes a step or an option at a decision point. Navy blue and light blue colors 
represent input/intermediate/output files and additionally provided external files, respectively. DGE, digital gene 
expression. 
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1.3.3 HDMI-array captures spatial RNA footprint of tissues  

Through a series of titration experiments, we produced the HDMI-array with a sequenced 

cluster density of up to 1.5 million clusters per mm2 (Figure 1.4.A-C), which is sufficient to 

perform single-cell and subcellular analyses of the spatial transcriptome.  

The RNA-capturing capability of the HDMI-array was first evaluated by performing a 

cyanine 3 (Cy3)-dUTP-mediated cDNA labeling assay using a fragmented frozen liver section. 

The HDMI-array successfully generated a spatial cDNA footprint that preserved the overlying 

tissue's gross shape (Figure 1.4.D). The labeling assay also revealed microscopic details of 

cDNA footprints that resemble a single cell morphology (Figure 1.4.D, insets), which has a 

fluorescence texture similar to the underlying clusters (Figure 1.4.A-B). 

Then, we performed the complete Seq-Scope procedure on two representative 

gastrointestinal tissues, the liver and colon. The tissue sections were overlaid onto the HDMI 

arrays, examined by H&E staining, and subjected to 2nd-Seq. Analysis of the 1st-Seq and 2nd-Seq 

data demonstrated that the RNA footprints were discovered mostly from tissue-overlaid regions 

(Figure 1.5.A), confirming that Seq-Scope can indeed capture and analyze the spatial 

transcriptome from the tissues. 

The Seq-Scope analysis was robust against PCR and sequencing errors; >99% of all 

spatial assignments were estimated to be accurate, as detailed in the STAR method (Figure 

1.5.B-D). The small number of transcripts discovered outside of the tissue-overlaid regions had a 

transcriptome profile similar to the tissue-covered area (r = 0.9833); therefore, these transcripts 

are likely derived from tissue debris or ambient RNAs released from the tissue. 
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Figure 1.4 HDMI-array captures spatial RNA footprint of tissues 

(A) Representative images of HDMI clusters visualizing “A” intensity at the 1st (upper) and 33rd (lower) cycles of 
the 1st-Seq SBS, where 33% and >97% of clusters exhibit fluorescence, respectively. Yellow squares in the left 
panels are magnified in the right panels. (B) Magnified images of HDMI clusters in the HDMI-array, retrieved from 
the Illumina sequence analysis viewer (SAV). Each picture represents the indicated HDMI-oligo library loading 
concentration for the visualization of “A” intensity at the 21st cycle of the 1st-Seq SBS, where >97% of HDMI 
clusters exhibit fluorescence. (C) Titration of HDMI-oligo library loading concentration for obtaining maximum 
number of sequenced clusters. Total (red) and sequenced (blue) cluster numbers were presented for indicated 1st-Seq 
conditions. Data are presented as mean ± SEM. 
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Figure 1.5 Seq-Scope has an outstanding transcriptome capture performance 

(A) H&E staining and its corresponding HDMI discovery plot drawn from the analysis of 1st-Seq and 2nd-Seq 
outputs. Brighter color in the HDMI discovery plot indicates that more HDMI was found from 2nd-Seq in the 
corresponding pixel area. (B) HDMI sequencing results from 1st-Seq. Base incorporation rate (%) at each location of 
the HDMI sequences in liver (left) and colon (right) 1st-Seq is presented in a line graph. We used standard machine 
mixing for making random oligonucleotides. In this method, even though A:C:G:T was dispensed at 25:25:25:25, 
random bases potentially have variations from the designated ratio (in our case, A>C>G>T) due to the different 
chemical properties of the bases. (C) Duplication rate of HDMI (standard 25-mer) and HDMI32 (extended 32-mer). 
(D) Reciprocal misassignment analysis of HDMI spatial mapping. Liver 2nd-Seq dataset was analyzed with Liver 1st-
Seq dataset (L to L) or Colon 1st-Seq dataset (L to C), and Colon 2nd-Seq dataset was analyzed with Colon 1st-Seq 
dataset (C to C) or Liver 1st-Seq dataset (C to L). Alignment was performed with default error correction algorithm 
of STARsolo (Default) or without any error correction implementation (w/o Correction).  
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1.3.4 Seq-Scope captures transcriptome information with high efficiency 

Compared to previous ST solutions, Seq-Scope offers a dramatic improvement in 

resolution (Figure 1.6.A) and pixel density (Figure 1.6.B); the center-to-center distance between 

HDMI pixels was measured to be 0.633 ± 0.140 µm (liver) and 0.630 ± 0.132 µm (colon) (mean 

± SD; Figure 1.6.A). Although each HDMI-barcoded cluster covers an extremely tiny area (<1 

µm2), single HDMI pixel in tissue-covered region was able to capture 6.70 ± 5.11 (liver) and 

23.4 ± 17.4 (colon) UMIs (mean ± SD; Figure 1.6.C). The number of gene features identified per 

HDMI pixel was 5.88 ± 4.22 (liver) and 19.7 ± 14.3 `(colon) (mean ± SD; Figure 1.6.D). Per-

pixel counts of UMIs and genes in Seq-Scope were larger than HDST but were smaller than 

other technologies (Figure 1.6.C-D). However, after normalization using the pixel density, Seq-

Scope showed the best transcriptome capture performance per area among the datasets we 

examined (Figure 1.6.E-F; colon dataset). Overall, Seq-Scope provides an outstanding mRNA 

capture output, in addition to providing an unmatched spatial resolution output. 
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Figure 1.6 Seq-Scope captures transcriptome information with high efficiency 

(A-F) Performance comparison of different ST solutions. The values were derived from each pixel (A and C-F) or 
gridded area (B). nUMI, number of UMI; nGene, number of gene features; SeqScope(L) and SeqScope(C), liver and 
colon Seq-Scope data. 
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1.3.5 Seq-Scope reveals nuclear-cytoplasmic transcriptome architecture from tissue sections 

mRNA is transcribed and poly-A modified in the nucleus and transported to the 

cytoplasm after splicing (Figure 1.7.A). Several RNAs in the mouse liver, such as Malat1, Neat1 

and Mlxipl, exhibit strong nuclear localization (35). On the other hand, the cytoplasmic 

mitochondria contain many mitochondria-encoded RNAs (mt-RNA; Figure 1.7.A). 

We spatially plotted all spliced and unspliced transcripts discovered from Seq-Scope. 

Intriguingly, unspliced transcript expression was restricted in tiny circles with a diameter of ~10 

μm (Figure 1.7.B), which is about the size of hepatocellular nuclei (36). Spliced mRNAs were 

relatively scarce in the unspliced area, while nuclear-targeted RNAs were more abundant in the 

unspliced area (Figure 1.7.B). mt-RNAs were mostly in the spliced area (Figure 1.7.C). These 

observations were substantiated by correlation analysis of the single-cell images (Figure 1.7.D). 

These results suggest that spliced and unspliced transcripts are useful to determine the 

nuclear-cytoplasmic structure from the Seq-Scope dataset. Indeed, when overlaid with H&E 

staining images, the unspliced RNA-enriched region generally agreed with the nuclear position 

(Figure 1.7.E; note that some hepatocytes are known to be multinucleate (37)). However, in 

some hepatocytes, the unspliced RNA-enriched regions were not observed (Figure 1.7.E), which 

can be explained by the absence of the cell’s nucleus in the tissue slice (Figure 1.7.I), the 

inadequate positioning of the nucleus for RNA capture (Figure 1.7.J) or the intrinsic variations in 

the rates of transcription, splicing and nuclear export (Figure 1.7.K). 

To further test the robustness of these observations, we randomly divided all genes into 

three independent subsets and examined the expressions of spliced and unspliced mRNAs from 

each subset. All three datasets similarly visualized a nuclear-cytoplasmic structure with a strong 

correlation (Figure 1.7.F).  

Finally, we identified nuclear centers by using unspliced transcripts (Figure 1.7.G). Then, 

we searched for genes whose transcripts were enriched within 5 μm from the nuclear centers. 

Consistent with previous cell fractionation and RNA in situ hybridization studies (35) and our 

observations described above, Malat1, Neat1, and Mlxipl were identified as the top 3 genes 

enriched in the nuclear area (Figure 1.7.H). These results demonstrate that Seq-Scope can 

perform subcellular transcriptome studies. 
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Figure 1.7 Seq-Scope visualizes subcellular spatial transcriptome 

(A) Schematic diagram depicting the distribution of different RNA species in subcellular compartments. (B-D) 
Spatial plot of all unspliced and spliced transcripts, as well as nuclear-targeted (B) and mitochondria-encoded (C) 
transcripts. Pearson correlations (r) between these transcript intensities were presented in a heat map (D). (E) Images 
displaying unspliced RNA discovery, H&E histology and histology-based cell segmentation boundaries. Inset in the 
first panel is magnified in right panels. (F) Spatial plot of unspliced and spliced transcripts in three independent 
subsets of genes (Gene Subset 1-3). Pearson correlations (r) were presented as a heat map. S1-3, Spliced 1-3; U1-3, 
Unspliced 1-3. (G) Identification of transcriptomic nuclear centers (yellow crosses) through local maxima detection. 
(H) Identification of nuclear-enriched RNA species. Top 10 nuclear-enriched RNAs are shown. (I-K) Potential 
reasons of why some segmented hepatocellular area did not exhibit nuclear/unspliced RNA-enriched area. Section 
slice may not contain nucleus for the cell (I). Nuclear position in the section may not be ideal for the unspliced RNA 
capture (J). Transcriptionally inactive nuclei may express reduced levels of unspliced RNAs (K). 
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1.3.6 Seq-Scope pathophysiological applications 

Taking advantage of Seq-Scope’s sub-micrometer resolution and full-transcriptome coverage, we 

applied it to address pathophysiological questions across distinct disease contexts, including skin 

acne (22) and liver senescence with details demonstrated below.   

1.3.6.1 Distinguishing TREM2 macrophages and their roles in acne-associated pathology 

Acne affects 1 in 10 people globally, often resulting in disfigurement. The disease 

involves excess production of lipids, particularly squalene, increased growth of Cutibacterium 

acnes, and a host inflammatory response with foamy macrophages. Through single-cell 

sequencing and the utilization of 10X Visium, our collaborator, Dr. Johann E. Gudjonsson’s Lab 

and Dr. Robert L. Modlin’s Lab, has identified a macrophage subtype, which expresses TREM2 

and regulates lipid metabolism and proinflammatory gene programs in acne biopsies.  

To further validate the direct relationship between TREM2 macrophages and acne 

formation around hair follicles, we applied Seq-Scope to precisely localize and profile a 

longitudinally sectioned human hair follicle surrounded by an inflammatory infiltrate in a biopsy 

specimen. (Figure 1.8.A). We segmented the histology area with 10-μm-sided square grids, 

which revealed an average of 145 genes and 167 transcripts across 3558 grids in an acne lesion. 

We clustered and annotated the 10-μm-grid dataset using the cluster and subcluster signature 

genes from the acne scRNA-seq dataset, defining the location of TREM2 macrophages, other 

macrophages, KRT5+ and KRT16+ keratinocytes (KCs), fibroblasts, endothelial cells, and B cells 

(Figure 1.8.B). We then further refined the spatial resolution of the dataset by transferring the 

annotations obtained under 10-μm grids to the sliding-grid datasets with 5-, 2-, and 1-μm 

intervals between the center of two adjacent grids. KRT5+ KCs were identified in the basal layer 

of the epidermis and the outer root sheath of the hair follicle, whereas KRT16+ KCs were 

identified in the inner root sheath of the hair follicle. TREM2 macrophages, other macrophages, 

and fibroblasts were localized in close proximity as well as directly adjacent to the hair follicle 

(Figure 1.8.C). A magnified view of the region near the hair follicle at 1-μm resolution identifies 

TREM2 macrophages adjacent to KRT5+ KCs in the hair follicle outer root sheath (Figure 1.8.C, 

inset). We also plotted the expression of individual genes, confirming the microanatomic 

location of KRT5 and KRT16 expression, with the localization of APOE, a key marker of 

TREM2 macrophages in the area surrounding the hair follicle (Figure 1.8.D) 
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Figure 1.8 TREM2 macrophages are recruited to lesion hair follicle 

(A) H&E staining of the acne biopsy used for Seq-Scope analysis. (B) UMAP manifold of cell 

type clustering in lesion area. (C) Spatial visualization of cell type clusters identified in (B) using 

5-µm-sided square grids. Inset: Boxed region showing the magnified spatial plot with 1-µm 

intervals between grids. (D) Spatial plot showing overlay of KRT5 in blue, APOE in red, and 

KRT16 in green with 2-µm intervals between grids. 
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1.3.6.2 Unraveling the identities and the signatures of p21-expressing senescent cells in aged 

liver 

Cellular senescence is a regulated aging process in which cells remain viable yet undergo 

stable cell-cycle arrest and acquire metabolic changes that can reshape tissue homeostasis (38). 

With age, senescent cells accumulate and have been implicated in diverse age-associated 

pathologies, in part through paracrine signaling mediated by senescence-associated secretory 

phenotypes (SASPs) (39,40). Among senescence-associated programs, upregulation of the 

cyclin-dependent kinase inhibitor p21 (Cdkn1a) is widely used as a hallmark of senescence and a 

key effector of cell-cycle arrest, acting downstream of damage and stress signaling to enforce 

growth inhibition (41). The accumulation of p21 positive (p21+) cells has been identified in aged 

tissues in vivo, and clearance of this population in rodents has been shown to both extend 

lifespan and improve healthspan (42,43). Still, a persistent challenge remains as senescent cells 

are rare, heterogeneous, and context dependent, causing difficulties in identifying them and 

defining their tissue-level interactions (44).  

To address this gap, we developed a fluorescence-guided spatial transcriptomic 

framework, branching out from our standard Seq-Scope procedure with DAPI-based single-cell 

segmentation to apply to a well-established p21-Cre dual-reporter mouse model 

(10,34,42,43,45). In this reporter system, a p21 promoter-driven Cre-GFP cassette reports 

ongoing p21 transcriptional activity, whereas a Cre-dependent loxP-tdTomato allele under a 

constitutive CAG promoter permanently labels cells with a history of p21 expression. Together, 

this model enables both spatial mapping of p21-lineage cells and discrimination between current 

and past p21 activity, providing a readout of senescent stage progression. This technological 

combination enables us to (i) precisely localize p21-expressing cells in situ, (ii) resolve their 

cellular identities and transcriptional states without restricting analysis to a limited marker panel, 

(iii) systematically characterizes the local cellular neighborhood sur-rounding senescent cells, 

and (iv) unravel the transcriptomic shift along the senescence progression (Figure 1.9).  
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Figure 1.9 Seq-Scope enables single-cell spatial transcriptome analysis in p21-Cre mouse liver 

p21-expressing senescent cells are visualized in aged p21-Cre-GFP/tdTomato dual-reporter mice, separating cells 
with current p21 transcriptional activity (GFP; green/yellow arrow) from cells with prior p21 activity recorded by 
tdTomato labeling (tdTomato; red arrow) (top). Liver sections are profiled by Seq-Scope using a barcoded array and 
multi-round on-array imaging. DAPI-marked nuclear positions are used as anchor points for cell segmentation and 
assignment of spatially barcoded reads to individual cells (middle). Cell identities and transcriptional signatures are 
resolved by dimensionality reduction and clustering of the single-cell spatial transcriptomes. 
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Identification of liver zonation and immune cell infiltration in aged liver  
In this study, six liver sections from three biological replicates of 23-month-old p21-Cre 

reporter mice were profiled using the Seq-Scope HiSeq2500 platform. The same sections were 

sequentially subjected to H&E staining (Figure 1.10.A, first row) and DAPI/GFP/tdTomato 

imaging (Figure 1.10.A, second row) on the array surface. Transcripts were then released, 

spatially barcoded, and collected to construct a SGE matrix that stores each gene copy along with 

its spatial coordinates. The SGE matrix was visualized as an RNA density map (Figure 1.10.A, 

third row), revealing strong transcript localization to the cytoplasm, consistent with known 

cellular biology. Overall, 101,532 of high-quality segmented cells were identified across all 

sections.  

On average, each segmented cell yielded 475 unique transcripts (Figure 1.11.A). Cells 

from each mouse were treated as independent groups for integration, followed by clustering. 

Output clusters were assigned to cell types based on canonical markers (Figure 1.11.B). Batch 

effects were minimal and did not dominate any major population structure (Figure 1.11.C). In 

this dataset, we identified hepatocytes (Hep), macrophages (MF), neutrophils, plasma cells, 

hepatic stellate cells (HSCs), and hepatic progenitor cells (HPCs), with several populations 

exhibiting subtype structure. Hepatocytes were further sub-clustered into zone-specific 

populations ranging from Periportal (PP), Midzone (M), Pericentral (PC), to Centrilobular (CL). 

Injured hepatocyte subset was also identified by predominant expression of Saa1 and Saa2 

(Figure 1.11.D). Macrophages could first be separated into resting and activated states, with the 

activated population expressing Vcam1, Cd74, and H2-Ab1. Surprisingly, building on this 

separation, we further identified an activated macrophage subset with high Cxcl13 expression, 

indicating layered heterogeneity beyond the resting–activated split in aged liver. In addition, a 

distinct cell group enriched for type I interferon-stimulated gene (ISG) program was detected, 

with ex-pression of interferon-associated genes such as Rsad2, Ifit1, Cmpk2, and Ifit3 (Figure 

1.11.D) (46,47).  

We next mapped the UMAP-defined cell types back to their spatial coordinates in situ 

(Figure 1.10.A, fourth row). Zoomed-in views highlighted the organization of major anatomical 

landmarks, including the portal and central veins, and showed the relative positioning of 

infiltrating versus resident macrophages, providing a comprehensive spatial view of liver cellular 

architecture (Figure 1.10.B).  
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Figure 1.10 Identification of liver zonation and immune cell infiltration in aged liver 

(A) Overview of six liver sections from three biological replicates examined by Seq-Scope. From top to bottom, 
images are displayed as H&E histology, DAPI/GFP/tdTomato fluorescence, Seq-Scope RNA density map, DAPI-
based segmentation, and spatial cell type projection, according to the clusters identified in Figure 1.11.B. (B) Top: 
spatial maps of boxed region in (A). Bottom: higher-magnification views of the corresponding regions in (B) top, 
highlighting plasma cell infiltration (view #1) and macrophage infiltration (view #2). 

  



 30 

 
Figure 1.11 Cell-type landscape of p21-Cre aged mouse liver 

(A) Distribution of transcript counts (left) and unique RNA features (number of detected genes; right) per segmented 
cell, shown separately for p21- and p21+ cells. A minimum cutoff of 100 unique RNA features was applied prior to 
integration and downstream analyses. (B) UMAP embedding of major cell types identified by multidimensional 
clustering after integration across mice. Each point (n = 101,532) represents one cell and is colored by assigned cell 
type (center) or by originating mouse (lower right). (C) Contribution of each mouse to the indicated cell types. (D) 
Representative expression patterns of cell-type marker genes across clusters.   
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Cellular Identity of p21-expressing cells in aged liver  
To further reveal the identity of p21-expressing cells within the whole aged liver 

population, we isolated segments with overlapping GFP or tdTomato fluorescence (Figure 

1.12.A, first and second rows). As a result, 1,338 segmented cells were recognized as p21+ cells. 

These cells were largely distributed across the tissue area, with a few exceptions forming local 

aggregates (Figure 1.12.B). Through cell type identification, we discovered a diverse lineage of 

senescent development across all major cell types (Figure 1.12.B and Figure 1.13.A-B), without 

a single population dominating the p21+ cell group (Figure 1.13.C). The cell type composition of 

p21+ cells was largely similar to the whole population (p21- cells). This diverse-lineage pattern 

resonates with our previous single-cell RNA-seq results in visceral fat and further supports the 

conclusion across organs and platforms (42).  

By quantifying p21+ cells across three biological replicates, we observed discrepancies in 

senescence occurrence among samples (Figure 1.13.D), although we cannot rule out factors such 

as section position or sampling depth within the liver. Still, senescence remained rare, as no 

batch contained more than 2% p21+ cells. Over 50% of p21+ cells were hepatocytes, as expected 

given their dominance in the liver cellular population (Figure 1.13.C and Figure 1.13.E). Among 

non-parenchymal cells, macrophages showed the highest tendency to develop p21-expressing 

senescence (Figure 1.13.E), consistent with our visceral fat dataset (42). Notably, we further 

observed differences in senescence development across macrophage states, with Cxcl13-

expressing inflamed macrophages showing the highest p21+ ratio, nearly twice that of resident 

macrophages (Kupffer) (Figure 1.13.E). Activated HSCs also exhibited a higher tendency to 

express p21 compared with resting HSCs, although the sample size was small and additional 

validation may be needed (Figure 1.13.E).  

Overall, these results suggest that senescence develops in parallel across multiple cell 

types and that cellular state may influence p21-associated senescence in non-parenchymal 

populations.  
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Figure 1.12 p21-Cre fluorescence guides cell-type assignment of senescent cells 

(A) Overview of Seq-Scope–profiled liver sections with a focus on p21+ cells. From top to bottom, images are 
displayed as DAPI/GFP/tdTomato fluorescence, p21+ segments, and spatial projection of p21+ cell types based on 
the clusters defined in Figure 1.13.B. (B) Higher-magnification spatial maps of the boxed regions in (A). 
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Figure 1.13 Senescence emerges in parallel across multiple liver lineages in aged liver 

(A-B) UMAP embedding highlighting p21+ cells (A) or coloring p21+ cells by the cell-type clusters defined in 
Figure 1.10.B (B). (C) Distribution of cell types within the p21− and p21+ cell groups. (D) Frequency of p21 
positivity across mice, shown as a ratio (left) and as log(counts) (right). (E) Frequency of p21 positivity across cell 
types, shown as a ratio.   
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Distinct SASP programs reveal heterogeneity among p21-expressing senescent cells  
Cellular senescence is widely defined not only by stable cell-cycle arrest, but also by 

acquisition of a senescence-associated secretory phenotype, a characteristic program that 

includes inflammatory signaling, extracellular matrix remodeling, and other paracrine signals 

(40). Given this complexity, even a single cell type can adopt distinct SASP pro-grams across 

different microenvironments.  

Here, by leveraging the high-resolution feature of Seq-Scope, we scanned the 

transcriptome of each p21+ cell individually in the tissue. We identified two morpho-logically 

similar cell aggregates within the p21+ niche that nevertheless expressed two distinct SASP 

programs (Figure 1.14.A-B). Based on histology, both niches appeared as non-parenchymal cell 

aggregates. Transcriptome data further pointed to their identities as activated HSCs and 

macrophages, supported by mixed local expression of Col1a1, Col3a1, Vcam1, and Cd74 (Figure 

1.14.A-B, top row). Their SASP signatures, however, differed. While one niche predominantly 

expressed Gpnmb (seno-antigen) (48,49), surrounded by inflammatory SASPs, such as Cxcl9 and 

Cxcl10 (Figure 1.14.A, bottom row), the other niche more prominently expressed Ccl8 and 

Mmp3, reflecting SASP programs associated with inflammation and tissue remodeling, with less 

pronounced expression of Gpnmb (Figure 1.14.B, bottom row). By visualizing the spatial 

expression of selected SASP genes, these two otherwise similar microenvironments were shown 

to be transcriptionally distinct, indicating heterogeneity of senescence even within the same p21+ 

niche.  
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Figure 1.14 Distinct SASP programs reveal heterogeneity among p21-expressing senescent cells 

(A-B) Two p21+ senescence niches are shown. Panels display histology (top left), an H&E/DAPI/GFP/tdTomato 
overlay (bottom left) with the p21+ niche outlined by a white dashed boundary, cell-type marker expression (top 
right), and selected SASP genes (bottom right). Genes are plotted as color dots. 
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Cell types exhibit distinct transcriptome profiles within the senescent niche  
To further investigate the senescence microenvironment, we collected cells that were 

spatially located immediately adjacent to p21+ cells (Figure 1.15.A, bottom row; Figure 1.15.B). 

In total, 4,902 neighboring cells were isolated. The cell-type composition of these neigh-boring 

cells was similar to that of the p21+ population, with no single cell type dominating (Figure 

1.15.C).  

We next performed differential expression (DE) analyses comparing p21+ cells, 

neighboring cells, and other cells within each cell type to identify spatially patterned 

transcriptional changes associated with the senescent niche (Figure 1.15.D). This analysis 

revealed position- and lineage-specific enrichment of genes that match to canonical senescence-

related programs, including inflammatory sensing, proteostasis remodeling, and metabolic stress 

adaptation.  

 In parenchymal populations, Hep-CL p21+ cells showed significant enrichment of Itga2 

(a collagen-binding integrin associated with extracellular matrix sensing and tissue remodeling in 

inflammatory conditions) and C1rb (a complement-pathway protease family gene involved in 

innate inflammatory activation). Hep-M p21+ cells were marked by elevated Lcn2 (a secreted 

injury-associated factor induced in oxidative stress states) as well as Procr (a mediator in 

cytoprotective and inflammatory-response pathways). In Hep-PC p21+ cells, Tnfsf10 was 

significantly upregulated; this TRAIL-family cytokine has been implicated in liver inflammation 

and injury responses.  

Among immune-lineage populations, p21+ inflamed Cxcl13+ macrophages showed 

significant enrichment of Gpnmb, Kcnn4 (an ion-channel gene reported to shape macrophage 

inflammatory programs), Nupr1 (a stress-induced transcriptional regulator connected to 

oxidative-stress adaptation), and Scimp (a macrophage adaptor that promotes selective Toll-like 

receptor-induced proinflammatory cytokine responses). In contrast, neighboring inflamed 

Cxcl13+ macrophages showed significant upregulation of Tnfsf10, suggesting a distinct 

inflammatory or injury-associated program. 

In neutrophils, p21+ cells were enriched for Crispld2 (a negative modulator of pro-

inflammatory cytokine responses), Dpep2 (a leukotriene-metabolizing enzyme linked to 

inflammatory signaling), Gzma (a granzyme that can function extracellularly to amplify 

inflammatory responses), and Lum (a mediator of TNFα-induced cell cycle arrest). By contrast, 
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neighboring neutrophils showed significant upregulation of Il1b, a central inflammatory cytokine 

that also contributes to senescence-associated secretory signaling. In plasma cells, p21+ cells 

showed increased Clic1 (a protein linked to oxidative stress and NLRP3 inflammasome 

activation) together with Mgst2 (a leukotriene-pathway and redox-stress enzyme associated with 

ER stress-induced oxidative DNA damage). 

Together, the DE result indicated that p21+ cells and their immediate neighbors engage 

distinct, cell type–specific programs that align with senescence-associated stress, inflammatory, 

and remodeling axes rather than a single shared phenotype restricted to only the senescent cell 

itself (Figure 1.15.D).  
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Figure 1.15 Cell types exhibit distinct transcriptome profiles within the senescent niche 

(A) Overview of Seq-Scope–profiled liver sections with a focus on p21+ niches. From top to bottom, images are 
displayed as DAPI/GFP/tdTomato fluorescence and cells residing within p21+ niches. (B) Higher-magnification 
spatial maps of the boxed regions in (A). (C) Quantification of the prevalence of p21+ cells (green) and neighboring 
cells (yellow) across cell types. (D) Representative expression patterns of genes selectively upregulated in p21+ cells or in 
neighboring cells across cell types (adjusted p-values < 0.05). 
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Senescence undergoes transcriptional shifts across distinct stages  
Several studies have reported the dynamic change of p21 expression over the course of 

senescence, with an initial increase followed by attenuation over time. To capture stage 

differences along this trajectory, our p21-Cre reporter system includes two complementary 

readouts of p21 status. In this model, the Cre-GFP cassette is transcribed upon immediate p21 

promoter activity, indicating ongoing p21 transcriptional signals (Figure 1.16.A, top row), 

whereas the Cre-dependent loxP-tdTomato cassette is permanently activated following p21 

promoter-driven Cre activity, representing a history of p21 expression (Figure 1.16.A, bottom 

row).  

Since the relative intensity of these two reporters can vary from cell to cell, we performed 

systematic normalization and quantification of GFP and tdTomato fluorescence in each p21+ cell. 

Over 90% of p21+ cells showed higher normalized tdTomato than normalized GFP signal (Figure 

1.16.B), consistent with the temporal behavior of p21 expression during senescence progression. 

GFP-only spots were rare, as most GFP signal was ac-companied by tdTomato expression. In 

contrast, a subset of p21+ cells contained tdTomato signal with little to no detectable GFP, 

suggesting a later-stage state after attenuation of ongoing p21 transcription.  

To investigate transcriptional differences across senescence progression, we separated 

p21+ cells with low-to-undetectable GFP (normalized GFP < 0.01) from cells with detectable 

GFP to represent a later-stage, post-attenuation subset (Figure 1.16.C). Both subsets were 

similarly represented across the three biological replicates, making batch effects an unlikely 

explanation for the later analytical result (Figure 1.16.C). In total, 422 p21tdTomato cells (31.5%) 

were separated from 916 p21GFP/tdTomato cells (68.5%) (Figure 1.16.D). Differential expression 

analysis was then performed against the two subsets for the identification of potential 

transcriptional changes in two distinct senescent stages (Figure 1.16.E). This analysis revealed 

stage-specific gene enrichment patterns consistent with core senescence-associated programs.  

The active p21-expressing subset was enriched genes such as Serpina6, Pon1, and Rgn, 

all of which have been linked to cellular aging and senescence-related phenotypes in protein and 

transcript-level studies (50–52). In the same early-stage cluster, the expression of H2-Ab1 

suggested an emerging immune-interacting feature that have been observed in aging-associated 

transcriptomic states (53). In contrast, the subset representing later-stage senescence after p21 

signal attenuation showed a more overt secretory acute-phase and redox-stress signature, 
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dominated by the expression of Saa1/Saa2, Hp, and Mt1 (54–57). Together, these results point to 

a tightly regulated progression of senescence, in which cells adopt distinct transcriptional 

programs that both respond to and reshape the local microenvironment at different stages of the 

senescent state.  
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Figure 1.16 Senescence undergoes transcriptional shifts across distinct stages 

(A) Schematic of the p21-Cre dual-reporter system. A representative DAPI/GFP/tdTomato view is shown (selected 
from Figure 1.10.A). Boxed regions indicate senescent cells with active p21 transcription (top row) or senescent 
cells with attenuated p21 expression (bottom row). (B) Distributions of normalized GFP and tdTomato signals. Each 
dot represents one p21+ cell and is colored by the tdTomato/GFP signal ratio. (C) Quantification of the prevalence of 
p21GFP/tdTomato cells and p21tdTomato cells across mice. (D) Overall relative proportions of p21GFP/tdTomato cells and 
p21tdTomato cells. (E) Representative expression patterns of genes that are upregulated in p21GFP/tdTomato cells or 
p21tdTomato cells. 
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Interferon-stimulated gene activation in aging is independent of p21 status  
Interferon-stimulated genes are a transcriptional program induced downstream of type I 

interferon signaling that can be activated not only by infection, but also by DNA damaging stress 

(46,47). It has been reported that ISG activity is a recurrent component of senescence biology, 

with roles in mediating DNA damage response and shaping inflammatory signaling (47,58).  

In our aged liver dataset, we were able to identify this ISG-expressing cluster (Figure 

1.17.A) as well, with a distinct transcriptional signature. We summarized this program using a 

cumulative ISG score and assessed its relative expression across cells (Figure 1.17.B-C). The 

individual ISGs contributing to the score are shown in Figure 1.17.D, with Rsad2 exhibiting the 

most pronounced change. In addition to canonical ISGs, inflammatory chemokines such as 

Cxcl10 and Cxcl9 were also upregulated in this cluster, suggesting a locally activated 

inflammatory niche.  

Spatial mapping further revealed aggregated foci of ISG-expressing cells (Figure 1.17.E-

F) in the aged liver. Based on histology, these cells are likely hepatocytes, despite reduced 

expression of canonical hepatic markers (Figure 1.17.D and 1.17.F). Notably, p21+ cells showed 

relatively low overlap with the ISG-expressing population by fluorescence and cell-type 

matching (Figure 1.13.E and 1.17.F), supporting a model in which type I interferon signaling and 

p21 activation are plausibly controlled in independent and parallel regulatory axes during 

senescence development.  
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Figure 1.17 Interferon-stimulated gene activation in aging is independent of p21 status 

(A-B) UMAP embedding colored by the ISG cluster (A) or by the cumulative ISG gene score (B). (C) 
Quantification of the cumulative ISG gene score. (D) Representative expression patterns of ISG genes. (E) 
Overview of liver sections colored by ISG cluster (top row) or by cumulative ISG gene score (bottom row). (F) 
Higher-magnification spatial maps of the boxed regions in (E). Arrows indicate ISG cells. Expression of the 
indicated ISG genes is shown as color dots in gene-expression maps. 
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1.4 Discussion 

The data presented here demonstrate that Seq-Scope can visualize the histological 

organization of the transcriptome architecture at multiple scales, including at the tissue zonation 

level, the cellular level, and even the subcellular level. Equipped with an ultra-high-resolution 

output and an outstanding transcriptome capture output, Seq-Scope drew a clear boundary 

between different tissue zones, cell types and subcellular components. Previously existing 

technologies could not provide this level of clarity due to their low-resolution output and/or 

inefficiency in transcriptome capture. 

Several factors could have contributed to Seq-Scope’s high transcriptome capture 

efficiency. First, the dense and tight arrangement of barcoded clusters in Seq-Scope could have 

increased the transcriptome capture rate since they almost eliminated “blind spot” areas between 

the spatial features. Second, unlike some methods that produce a bumpy array surface, Seq-

Scope produces a flat array surface, enabling direct interaction between the capture probe and 

tissue sample. Third, solid-phase amplification, limited by molecular crowding (59), might have 

provided the two-dimensional concentration of RNA-capture probes ideal for the molecular 

interaction with tissue-derived RNA. Finally, biochemical strategies specific to our protocol, 

such as the secondary strand synthesis, retrieval, and amplification methods, could have 

increased the yield of transcriptome recovery. 

Another benefit of Seq-Scope is its scalability and adaptability. In our initial proof-of-

concept study, we used the MiSeq platform for the HDMI-array generation (10). Over the years, 

we have upgraded Seq-Scope multiple times through sequencing platforms that use spatially 

localized amplification, such as Illumina HiSeq (22,23), and NovaSeq (34), to generate the 

HDMI-array, providing a much bigger uninterrupted imaging area.  

In terms of the cost, the current MiSeq-based HDMI-array can be generated at 

approximately $150/mm2. The cost could be further reduced to $11/mm2 in HiSeq2500 or 

$2.6/mm2 in NovaSeq, based on current costs of sequencing. As for turnaround time, the HDMI-

array generation takes a day after 1st-Seq, and library preparation can be completed in two days. 

A single MiSeq machine can finish 1st-Seq in ~3 hours since it only involves cluster generation 

and 25bp single-end sequencing steps. An experienced researcher can disassemble the 1st-Seq 

flow cell within 5-10 min. The procedure is straightforward and not laborious or technically 
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demanding. Therefore, Seq-Scope can make the ultra-high-resolution ST accessible for any type 

and scale of basic science and clinical work. 

Convenience in the data analysis pipeline is another strength of Seq-Scope. Most of the 

Seq-Scope analyses were seamlessly performed with widely-used standard software tools, such 

as Illumina RTA (60), STARsolo (61) and Seurat (62). Being relatively effortless from an 

analytic perspective will be a hugely attractive factor for many experimental biologists. 

However, it is worth noting that the MiSeq flow cell was not originally designed for ST 

(60); therefore, exposing the cluster surface was initially challenging. In the liver dataset, 

scratch-associated data losses were often observed due to the damages during disassembly. 

When generating the colon dataset, we minimized the damage by protecting the HDMI-array 

with hydrogel filling. Therefore, the colon result was almost scratch-free and revealed higher 

numbers of UMI per area than the liver result. In the future, designing a detachable flow cell for 

1st-Seq could make this process even more straightforward. 

The current HDMI-array is not encoded by the UMI sequence; therefore, we used random 

priming positions during the secondary strand synthesis as the alternative UMI. Based on our 

library size diversity (400-850bp), the UMI diversity available for a single gene is estimated to 

be ~400. In each HDMI, the ratios between the gene and UMI numbers are very close to 1:1, 

indicating that the current UMI diversity (~400) is far from saturation and should be more than 

enough to reliably de-duplicate sequencing reads without the risk of over-collapsing. 

Due to the extremely high number of HDMI and relatively low number of UMI per 

HDMI, HDMI-UMI information needs to be aggregated in some way to produce an interpretable 

result. In the ST field, the 10 µm feature size is considered a sweet spot for spatial single-cell 

analysis (63). Consistent with this idea, data binning with 10 µm grids performed well for 

identifying various cell types from the liver and colon datasets, while smaller grids did not 

perform well. To overcome this limitation and fully utilize Seq-Scope’s high resolution, we 

employed three independent approaches: (i) Histology-guided image segmentation method for 

spatial single-cell analysis, (ii) Multiscale sliding windows analysis for high-resolution cell type 

mapping, and (iii) Direct spatial plotting to monitor spatial gene expression at high resolution. 

The results from these analyses demonstrated the utility of Seq-Scope in performing high-

resolution spatial single-cell/subcellular analysis and identifying biological information that 

former technologies were unable to approach. 
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Our results also indicate that Seq-Scope has the potential to improve and complement 

current scRNA-seq approaches. Conventional scRNA-seq of solid tissues typically requires 

extensive dissociation and cell-sorting steps, which inevitably lead to loss of tissue architecture, 

a feature that often plays a critical role in pathophysiology. In several situations, such as acne 

formation and senescence niches, cells are tightly joined within a microenvironment that is not 

amenable to conventional scRNA-seq. By capturing the transcriptome directly from a frozen 

tissue slice, Seq-Scope can recover single-cell transcriptome signatures from cell types that have 

previously been difficult to work with. 

Despite the robust nature of Seq-Scope, several limitations should be acknowledged. 

First, the current Seq-Scope study focused exclusively on the poly(A)-tagged transcriptome and 

therefore did not capture information beyond that. This limitation can be overcome through 

further research; details are discussed in Chapter 4. Second, cellular regulation often extends 

beyond transcription, and prior work has reported cases in which transcriptomic changes do not 

align with proteomic readouts. It therefore remains unclear whether the mRNA differences we 

observe can be translated into corresponding changes in protein abundance. Additional validation 

using complementary technologies is therefore encouraged. For example, the presence of 

TREM2 macrophages in acne lesions is supported not only by Seq-Scope, but also by single-cell 

RNA sequencing and independent biomedical experiments that validate the underlying 

mechanism. Third, pathophysiology is highly context dependent, and inter-individual variation 

can produce non-uniform readouts due to differences in lifetime exposures and physiological 

history (38). Larger cohorts are often needed to strengthen the conclusions.  

Still, Seq-Scope technology provides a versatile solution for spatial single-cell and 

subcellular analyses. A single run of Seq-Scope could produce the microscopic gene expression 

imaging data for the whole transcriptome. The vast amount of information produced by Seq-

Scope would accelerate scientific discoveries to illustrate biological complexity and 

heterogeneity beyond traditional cellular classification, leading to a new paradigm in molecular 

diagnosis.  
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1.5 Methods 

Human skin biopsy  

The collection of skin biopsy was performed in accordance with protocols approved by 

the institutional review board at University of California, Los Angeles. All patients provided 

written informed consent. Acne donors were recruited from the University of California, Los 

Angeles. Patients were excluded from the study if they had been using acne medication, 

hormonal regulation medication, or hormone-related implants in the past three months. Skin 

samples were obtained from 4-mm punch biopsies of early (< 24 hour) papules on the back (22). 

 

p21-Cre Dual-Reporter Mice Model 

p21-Cre dual-reporter mice on C57BL/6 background were generated as previously 

described (42,43,45). In brief, a p21 promoter fragment driving a Cre recombinase and GFP 

reporter was synthesized by GenScript and cloned into the pBBT378 vector for site-specific 

recombination at the mouse H11 genomic locus. Positive embryonic clones were implanted into 

C57BL/6 females to generate p21-Cre-GFP mice. p21-Cre-GFP mice were then crossed with 

floxed knock-in tdTomato mice (strain no. 007914, The Jackson Laboratory) bearing a loxP-

stop-loxP tdTomato cassette under the control of the CAG promoter. The offspring, p21-Cre-

GFP/tdTomato mice (p21-Cre dual-reporter mice), were validated and maintained according to 

Institutional Animal Care and Use Committee (IACUC) protocol. 

   

Seq-Scope Array Preparation (1st-Seq) 

Seq-Scope procedure was described in detail previously (10,34). Seq-Scope is a solid-

phase transcriptome-capturing system build upon Illumina sequencing platforms with synthetic 

barcoded single-stranded oligonucleotide library (HDMI32-DraI, Eurofins). Optimal 

concentration of HDMI32-DraI oligonucleotides (MiSeq & HiSeq: 100 pM; NovaSeq: 1-2nM 

per lane) was seeded onto the flow cell and amplified through synthesis cycles to form barcoded 

clusters on the surface. Custom sequencing primer (Read1-DraI, Eurofins) was used at the 

sequence-by-synthesis stage to read the barcode sequence. Sequencer was manually set to stop 

after 37bp single-end reading. Following the run, the flow cell and the output data were 

retrieved. The output FASTQ file will provide the sequence and the XY coordinates of the 

barcodes.  
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The retrieved flow cell requires preprocessing to become a Seq-Scope array. The flow 

cell was washed with nuclease-free water three times initially, followed by overnight incubation 

of DraI (R0129, NEB) and CIAP (M0525, NEB) enzyme mixture at 37 °C. The flow cell was 

treated with exonuclease I (M2903, NEB) cocktail at 37 °C for 45 min the next day to remove 

remaining flow cell-attached primer. The flow cell was washed three times with nuclease-free 

water, three times with 0.1 N NaOH (5 min each), and three times with 0.1 M Tris (pH 7.5). The 

cover was then disassembled with a tungsten carbide tip scriber (IMT-8806, IMT), exposing the 

array surface for tissue attachment. For MiSeq and HiSeq flow cells, an agarose gel is 

recommended to be placed in the channel before disassembly to prevent damaging the array 

surface during the process.  

 

Tissue Preparation, Sectioning, and processing 

Tissues were freshly dissected, embedded into OCT compound (23-730-571, Fisher 

Scientific), and snap-frozen by submerging into liquid nitrogen pre-chilled 2-Methylbutane 

(MX0760, Sigma-Aldrich). OCT-mounted frozen tissues were cryosectioned (Leica CM3050S, 

−15 °C) at a 5° cutting angle to obtain 10-µm sections. Sections were placed on the array surface 

and rewarmed at room temperature for complete attachment. Attached sections were fixed in 4% 

formaldehyde (15170, Electron Microscopy Sciences) at room temperature for 10 min. Fixing 

solution was washed away with nuclease-free water. If needed, the tissue can be optionally 

stained with 0.1 ug/ml DAPI solution (62248, Thermal Scientific) 10 min at room temperature to 

reveal nuclear location. Stained tissue sections were mounted in 85% glycerol (BP229-1, Fisher 

Scientific) with coverslips for fluorescence imaging using Keyence digital darkroom system. 

Afterward, the array was retrieved, cleaned, and subjected to hematoxylin and eosin (H&E) 

staining according to our protocol (34). H&E images were also captured by the Keyence digital 

darkroom system. 

 

Seq-Scope RNA Library Generation and Sequencing (2nd-Seq) 

Seq-Scope library preparation was also described in detail previously (10,34). In brief, 

tissue permeabilization was performed at 37 °C using 0.2 U/μL collagenase I (17018-029, 

Thermofisher), and 1 mg/mL pepsin (P7000, Sigma) in 0.1M HCl with incubation time of 20 

min and 10 min each. The permeabilized tissue sections were equilibrated with 1X Maxima RT 
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buffer (EP0751, Thermofisher), followed by overnight incubation with reverse transcription 

mixture (1X RT buffer (EP0751, Thermofisher), 4% Ficoll PM-400 (F4375-10G, Sigma), 1mM 

dNTPs (N0477L, NEB), RNase inhibitor (30281, Lucigen), Maxima H-RTase (EP0751, 

Thermofisher)) in a humidified chamber at 42 °C. 

On the following day, sections were incubated with Exonuclease I (M2903, NEB) at 37 

°C for 45 min to remove unused single-stranded DNA probes. Sections were then digested in 

tissue lysis cocktail (100 mM Tris pH 8.0, 100 mM NaCl, 2% SDS, 5 mM EDTA, 16 U/mL 

Proteinase K (P8107S, NEB)) at 37 °C for 40 min. Upon the completion of digestion, the array 

was washed sequentially with nuclease-free water, 0.1N NaOH (5 min), and 0.1M Tris pH7.5, 

three times each. The array was then loaded with library synthesis mixture (1X NEBuffer-2 

(NEB), 10 uM TruSeq Read2-conjugated Random Primer (IDT), 1mM dNTPs (N0477, NEB), 

Klenow Fragment (M0212, NEB), and nuclease-free water) and incubated in a humidified 

chamber at 37 °C for 2 hr. The array was cleaned with nuclease-free water after the completion 

of the reaction. The array was then incubated with 0.1N NaOH for 5 min to elute the barcoded 

cDNA library. The elution was neutralized by 3 M potassium acetate (pH5.5) and purified using 

AMPure XP beads (1.8X bead/sample ratio, A63881, Beckman Coulter) according to the 

manufacturer’s instruction.  

Library amplification was carried out in two PCR steps using Kapa HiFi Hotstart 

Readymix (KK2602, KAPA Biosystems). In PCR1, TruSeq forward and reverse primers were 

added, and PCR products were purified using AMPure XP beads (1X bead/sample ratio). In 

PCR2, TruSeq indexing primers were used, followed by AMPure XP-based size selection (0.6X 

bead/sample ratio). Libraries were assessed on an Agilent 2100 Bioanalyzer and re-purified 

when necessary, before sequencing with paired-end 100-cycle reads. 

 

Sequencing Data Processing 

Data were processed as described previously using NovaScope pipeline (34). A 1st-Seq data table 

was first generated from the 1st-Seq FASTQ files, containing filtered barcode sequences and their 

corresponding spatial coordinates. The 2nd-Seq FASTQ reads were then processed against this 

table by (i) mapping reads to the spatial barcode map using the spatial barcode sequences, (ii) 

filtering barcoded reads based on validated barcode sequences, and (iii) assigning spatial 

coordinates to the retained reads. Reads with assigned spatial information were aligned to the 
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reference genome using STAR (61), and the resulting alignments were used to generate an SGE 

matrix. 

 

Alignment between histology and spatial dataset 

Aligned transcripts in the SGE matrix were plotted spatially based on the coordinates for 

visualization. SGE images were then subjected to semi-automatic alignment with the H&E 

image using QGIS (version 3.22.9) georeferencer function or historef (34).  

 

Single Cell Segmentation (DAPI-based, optional) 

DAPI staining was enhanced for signal recognition optimization to create a DAPI vector mask. 

Each vector point was dilated uniformly with a 6-pixel radius to create cell segment boundaries. 

Transcripts within each segment were aggregated into a single datapoint, which was treated as a 

single cell with a given segment ID. Aggregated datapoints were stored in a new spatial DGE 

matrix for downstream analysis. 

 

Uniform hexagonal gridding 

Spatial hexagon grids (10-24 μm, non-overlapping) were generated using the 

NOVASCOPE pipeline (34), where transcripts within each grid were aggregated and treated as a 

single unit, with spatial coordinates assigned to the hexagon center. 

 

Data Analysis and Visualization 

Single-cell SGE matrix was analyzed in the Seurat package (62,64). Cells with low unique 

feature counts were removed to optimize clustering performance. Batches were normalized with 

SCTransform, followed by integration using SCT-normalized values. Principal components were 

computed using RunPCA, and high-quality components were selected to generate UMAP 

embeddings. Cells were clustered using FindNeighbors followed by FindClusters. Cell types 

were annotated based on marker gene expression identified with FindMarkers and 

FindAllMarkers functions. Data visualization was supported by plotting functions in Seurat and 

ggplot2. Cell types were projected into spatial plots based on their segment ID using custom 

python scripts. Spatial gene expression plots were generated with a custom software platform 

that displays histology and SGE matrix simultaneously. 
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Chapter 2 High-Resolution Spatial Transcriptomic Atlas of Mouse Soleus Muscle: 

Unveiling Single-Cell and Subcellular Heterogeneity in Health and Denervation 

2.1 Abstract 

Skeletal muscle exhibits pronounced cellular and subcellular heterogeneity, but 

comprehensive spatial mapping has been constrained by cell/nuclei dissociation-based methods 

that lose tissue architecture and by spatial platforms with insufficient resolution or limited 

transcriptome coverage. Here we present a high-resolution spatial transcriptomic atlas of mouse 

soleus muscle in longitudinal sections with unbiased whole-transcriptome coverage, enabling 

myofiber-resolved transcriptomes while preserving subcellular expression domains across the 

length of fibers. Combining histology-guided myofiber segmentation with unbiased grid-based 

mapping, we recover canonical fiber types and reveal widespread hybrid myofiber states in situ, 

including type IIb-associated signatures that are rare in soleus muscle and evident only when 

intramyofiber heterogeneity is assessed. At subcellular scale, we delineate the neuromuscular 

junction (NMJ) as a multi-compartment niche comprising postsynaptic myonuclei and spatially 

distinct peri-synaptic and myelinating Schwann cell-associated regions, each with characteristic 

gene programs. Applying this framework to denervation (3 and 7 days) identifies robust fiber-

type-specific stress responses, coordinated remodeling of macrophage and fibroblast 

transcriptomes, and marked intramyofiber heterogeneity, including spatially nonuniform 

activation of damage-response genes along individual myofibers, with distinct transcriptional 

domains proximal and distal to the NMJ and associated degenerative histological features. 

Together, this atlas provides a high-resolution reference for muscle biology and clarifies how 

denervation reshapes myofiber, synaptic, and stromal-immune programs across cells and within 

cells in intact tissue. 

 

2.2 Introduction 

Skeletal muscle plays a vital role in myriad physiological processes, including 

movement, posture maintenance, and metabolic regulation (1). This complex tissue, 
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characterized by its ability to convert chemical energy into mechanical force, is essential not 

only for physical activity but also for overall health and well-being. The architecture of skeletal 

muscle is remarkably intricate, featuring a variety of myofiber types, each with distinct 

functional and metabolic properties, and is interspersed with non-myocyte cells such as satellite 

cells, immune cells, fibroblasts, and endothelial cells. These diverse elements contribute to the 

muscle's cellular heterogeneity, with each type playing a specific role in muscle physiology and 

response to stimuli (2-4). 

 

Skeletal muscle exhibits a profound dependency on neural inputs; innervation is crucial 

for maintaining muscle tone and function (5). Denervation, the loss of neural input, leads to rapid 

atrophy and functional impairment, a process that is not only relevant to traumatic injuries and in 

various neuromuscular diseases but also plays a significant role in the aging process (6). This 

dynamic interplay between muscle and nerve highlights the importance of understanding muscle 

biology in a holistic manner. The molecular makeup of skeletal muscles, which includes a 

diverse array of proteins, enzymes, and signaling molecules, further underpins their dynamic 

adaptability to various physical demands and stressors, as well as their response to changes in 

innervation status. Thus, a comprehensive understanding of the detailed structure and function of 

skeletal muscle, encompassing its heterogeneity and complex interactions with neural inputs, is 

pivotal. Such knowledge is essential not only for advancing our understanding of muscle 

physiology but also for developing targeted therapies for muscle-related diseases and addressing 

the challenges of muscle deterioration with aging.  

Single-cell transcriptomic technologies have brought significant insights into cellular 

heterogeneity across various biological systems, yet their application in skeletal muscle research 

is challenged by the unique nature of muscle tissue. The elongated and multinucleate structure of 

myofibers is not amenable to standard fluidics or microwell-based cell sorting techniques, which 

are designed for smaller, mononucleate cells. In response to these challenges, single-nucleus 

RNA sequencing (snRNA-seq) has emerged as an alternative, focusing on the analysis of 

individual nuclei instead of whole cells (4). While snRNA-seq was successfully able to reveal 

transcriptome heterogeneity in muscle cells (7-11), it falls short in providing a complete picture 

of the transcriptomic activity of muscle fibers and overall tissues. Primarily, it captures only the 

nuclear transcriptome, potentially missing critical information contained within the cytoplasm. 
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This exclusion is particularly significant in muscle fibers, where key elements of the cellular 

machinery and signaling pathways are located in the cytoplasm. More importantly, snRNA-seq 

provides no information on the spatial organization of these nuclei within different regions of the 

muscle fibers, an aspect crucial to understanding the complex interactions and functionality of 

skeletal muscle. 

The limitations of single-cell and single-nucleus approaches have led researchers to 

explore spatial transcriptomics, a technique that preserves the spatial context of gene expression 

within tissues. Spatial transcriptomics provides a two-dimensional map of transcriptomic data, 

allowing researchers to visualize gene expression patterns in relation to the tissue architecture 

(12-14). However, this method also faces significant challenges when applied to skeletal muscle 

research. One major limitation is the resolution; current spatial transcriptomics techniques, such 

as the 10X Visium platform, offer a resolution that is often too coarse to distinguish individual 

cells or subcellular structures, such as the intricate arrangement of muscle fibers and 

neuromuscular junctions, as in recently published studies (15-22). This limitation means that the 

heterogeneity and complex interactions within skeletal muscle tissue can be obscured, with the 

resulting data representing a mixture of signals from multiple cell types. Furthermore, these data 

were captured from horizontal tissue sections, making it even more difficult to resolve cell types 

at specialized regions, such as the neuromuscular junctions. Consequently, while spatial 

transcriptomics adds valuable context to transcriptomic analysis, its current resolution constraints 

limit its ability to provide the detailed insights necessary for a complete understanding of the 

nuanced cellular and molecular dynamics of skeletal muscle. 

To overcome the limitations of traditional single-cell and spatial transcriptomics in 

skeletal muscle research, we employed Seq-Scope, a cutting-edge method that dramatically 

enhances resolution and analytical depth  (12-14, 23, 24). Seq-Scope, characterized by its ability 

to provide ultra-high-resolution transcriptomic data, allows for the precise mapping of gene 

expression at the subcellular level. This advanced technology enabled us to conduct a 

comprehensive profiling of both normal skeletal muscle and its response to denervation along the 

longitudinal axis of muscle fibers. Our findings, with unprecedented detail, reveal not only the 

intricate structure of neuromuscular junctions (NMJs) but also previously underappreciated 

heterogeneity in the individual muscle fiber responses to denervation. Furthermore, our high-

resolution data illuminate the complex interactions between myofibers and non-myocyte cells, 
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both of which undergo substantial changes in their transcriptome phenotypes during denervation 

responses. This study thus represents a significant advancement in the field of muscle biology, 

providing a foundation for future research into the molecular mechanisms of muscle function and 

disease. 

2.3 Results 

2.3.1 Overview of the experiments and dataset 

Skeletal muscle poses unique challenges for single-cell and spatial transcriptomic 

analyses due to the extreme length and multinucleated architecture of myofibers (4, 7-11). 

Among skeletal muscles, the mouse soleus represents an especially suitable model for spatial 

transcriptomic interrogation because of its mixed composition of type I and type II fibers, which 

exhibit distinct metabolic and functional properties (25). Type I fibers are enriched in 

mitochondria and optimized for sustained, oxidative activity, whereas type II fibers encompass a 

spectrum of glycolytic and oxidative phenotypes adapted for rapid force generation (3). In 

addition, the mouse soleus muscle is well characterized histologically and displays a relatively 

simple and ordered architecture, with individual fibers extending over more than 70% of the 

muscle length and aligned parallel to the longitudinal axis. Neuromuscular junctions are 

positioned at stereotyped locations along each fiber and collectively form a narrow transverse 

band across the muscle. These anatomical features make the mouse soleus muscle well suited for 

comprehensive spatial mapping of myofiber and synaptic transcriptomes. 

Using the HiSeq implementation of Seq-Scope, which provides a continuous imaging 

area of approximately 1.5 mm × 60 mm (26), we profiled mouse soleus muscles sectioned along 

the longitudinal axis. To characterize denervation-induced remodeling, we analyzed muscles 

collected at 3 and 7 days following surgical denervation. In each animal, the left soleus muscle 

was denervated through sciatic nerve transection, while the contralateral right muscle served as 

an innervated control (Figure 2.1.A). In total, 32 longitudinal sections from 11 animals were 

analyzed, including untreated controls (C0; 3 mice, 13 sections), innervated controls at 3 days 

(C3; 1 mouse, 2 sections) and 7 days (C7; 1 mouse, 2 sections), as well as denervated muscles at 

3 days (D3; 2 mice, 6 sections) and 7 days (D7; 4 mice, 9 sections) (Figure 2.1.B-C). 

Seq-Scope enables simultaneous acquisition of hematoxylin and eosin-stained images 

and spatially resolved RNA capture from the same tissue section (Figure 2.1.D-E). Across all 
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samples, we detected a total of 76.6 million unique reads mapped to the transcriptome. Spatial 

distributions of detected transcripts revealed a characteristic pattern, with lower transcript density 

in the central regions of myofibers and markedly higher density at the fiber periphery (Figure 

2.1.D-E; magnified views). This pattern is consistent with muscle ultrastructure, in which the 

central fiber core is densely packed with myofibrils, whereas nuclei and most transcriptionally 

active cytoplasmic compartments are concentrated near the sarcolemma. 

For downstream analysis, the spatial transcriptome was segmented into a grid of 

hexagonal bins with 14 µm sides. After excluding mitochondrial genes and hypothetical gene 

models and applying a minimum threshold of 100 detected gene features per bin to restrict 

analysis to tissue-covered regions (Figure 2.2.A), we obtained 121,191 hexagonal units. Each 

unit contained a median of 248 detected transcripts, with a mean ± SD of 311 ± 200 transcripts 

(Figure 2.2.B). These spatial units were subjected to unsupervised multidimensional clustering to 

identify major cellular and tissue compartments (Figure 2.1.F-I). 

Clustering analysis demonstrated clear separation between control tissues (C0, C3, and 

C7) and denervated tissues at 3 and 7 days (Figure 2.1.G). Importantly, biological and technical 

replicates within each experimental group showed strong integration, indicating minimal batch 

effects across experiments (Figure 2.1.H). These results confirm that the dataset robustly 

captures biologically meaningful transcriptional changes associated with denervation while 

maintaining high technical reproducibility. 

Annotation of cluster identities revealed major myofiber types present in the soleus 

muscle, including type I, type IIa, and type IIx fibers, labeled as MF1, MF2A, and MF2X, 

respectively. In addition, multiple non-myocyte populations were identified, including 

macrophages, fibroblasts, smooth muscle cells, and adipocytes, each defined by canonical 

marker gene expression (Figure 2.1.I, Figure 2.2.C). Spatial projection of these clusters using 

FICTURE, a segmentation-free approach that infers transcriptomic patterns at sub-micrometer 

resolution (27), recapitulated the microscopic organization of muscle tissue observed by 

histology. This analysis accurately delineated myofiber boundaries and highlighted localized 

regions of immune infiltration, fibroblast expansion, and vascular structures (Figure 2.1.F, 

magnified panels). 

Although non-myocyte populations were consistently detected across experimental 

conditions (Figure 2.2.D), tissue sections (Figure 2.2.E), and technical batches (Figure 2.2.F), 
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myofiber clusters exhibited strong condition specificity. Distinct myofiber transcriptomic states 

were observed in control muscles (MF-N), 3-day denervated muscles (MF-D3), and 7-day 

denervated muscles (MF-D7) (Figure 2.2.D-F), indicating substantial denervation-induced 

alteration of myofiber gene expression. Application of batch correction and data integration 

methods successfully unified datasets across all conditions, recovering the canonical myofiber 

types (MF1, MF2A, and MF2X) and major non-myocyte populations covering all samples 

(Figure 2.3). However, this integration also attenuated biologically meaningful condition-specific 

differences and eliminated populations unique to individual experimental states, underscoring the 

importance of complementary condition-aware analyses for capturing denervation-specific 

transcriptional programs. 
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Figure 2.1 High-resolution spatial transcriptomic analysis of mouse soleus muscle in healthy and denervated 
conditions 

(A) Schematic of the muscle denervation experiment. In each mouse, the left hindlimb was denervated, while the 
right hindlimb served as the control. Tissues were collected at baseline and at 3 and 7 days after denervation. (B-F) 
Spatial maps colored by experimental condition (B), individual section identity (C), hematoxylin and eosin (H&E) 
histology (D), captured RNA density (E), and transcriptome clustering results (F). Individual section identities in (C) 
are encoded by four letters, with the first two letters indicating experimental condition as in (A) and the third and 
fourth letters denoting animal and section identity, respectively. Boxed regions in (D-F) are shown at higher 
magnification on the right. Colored boxes in (F) correspond to magnified views of the same color, generated using 
pixel-level FICTURE projection of clusters. (G-I) UMAP embeddings colored by experimental condition (G), 
individual section identity (H), and transcriptome clustering results (I), corresponding to (B), (C), and (F), 
respectively. 
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Figure 2.2 Transcriptome-based identification of cell types from Seq-Scope data 

(A, B) Myofiber spatial transcriptomes were segmented into hexagonal grids with 14 µm side length and 24 µm flat-
to-flat height. (A) Violin plot showing the distribution of gene features per hexagon (nFeature_RNA). A cutoff of 
100 gene features (blue line) was applied to obtain high-quality transcriptomes. (B) Violin plot showing the 
distribution of unique transcript counts per hexagon (nCount_RNA) after applying the 100 gene feature cutoff. (C) 
Expression of cluster-specific marker genes used for cell type mapping shown in Figure 2.1.F and Figure 2.1.I. (D-
F) Distribution of identified clusters across experimental conditions (D), animal identity (E), and section identity 
(F). Individual section identities in (F) are encoded by four letters, with the first two letters indicating experimental 
condition as in Figure 2.1.A and the third and fourth letters denoting animal and section identity, respectively. 
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Figure 2.3 Data integration identifies canonical myofiber types and major muscle cell populations 

(A-F) Spatial distribution of experimental conditions (A), individual section identities (B), unique transcript density 
(C), and transcriptome clustering results (D) following integration (E). In (E), UMAP embeddings of the integrated 
dataset are colored by experimental condition (left), individual section identity (middle), and cluster assignment 
(right), demonstrating effective batch correction. Expression of cell type markers across integrated clusters is shown 
in a dot plot (F). Individual section identities in (B, E) are encoded by four letters, with the first two letters denoting 
experimental condition as in Figure 2.1.A and the third and fourth letters indicating animal and section identity, 
respectively. 
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2.3.2 Single-myofiber transcriptome analysis of normal muscle 

From high-quality longitudinal sections of normal soleus muscle (Figure 2.1.B, red box), 

individual myofiber boundaries were delineated using H&E-guided segmentation (Figure 2.4.A) 

to enable single-myofiber transcriptome analysis. After applying a minimum cutoff of 300 

detected gene features, 1,355 myofiber transcriptomes were obtained. Each myofiber revealed a 

median of 2,732 unique transcripts after excluding mitochondrial genes, hemoglobins, and 

hypothetical gene models (Figure 2.4.B-C). Variability in transcript counts reflected differences 

in the extent of longitudinal fiber representation within individual sections. 

Unsupervised clustering resolved three major fiber type groups corresponding to MF1, 

MF2A, and MF2X (Figure 2.4.D-E). These groups were defined by expected fiber type-

associated markers (Figure 2.5.A-C), including myosin heavy chain isoforms (Figure 2.5.D, first 

row), tropomyosins and troponins (Figure 2.5.D, second row), and ER calcium pumps and 

metabolic enzymes (Figure 2.5.D, third row). Fiber type-specific marker sets were largely 

consistent with prior snRNA-seq analyses of mouse soleus muscle (7, 8), while also revealing 

additional enriched genes not previously detected (Figure 2.4.F, Figure 2.5.E). 

Because fiber identities were assigned in spatial context, each fiber type could be mapped 

back onto histological space, enabling direct visualization of their anatomical distribution (Figure 

2.4.D). Inclusion of mitochondrial and hypothetical genes increased overall transcript counts but 

did not alter fiber type assignments (Figure 2.5.F). Notably, MF2X fibers expressed high levels 

of mitochondria-encoded transcripts despite their glycolytic role in soleus muscle (Figure 2.5.G-

H) 

 

2.3.3 Subcellular anatomy of the hybrid myofiber transcriptome 

To assess intra-myofiber transcriptomic heterogeneity, we analyzed spatial 

transcriptomes using 14-µm-sided hexagonal grids and focused this analysis on normal muscle 

tissue (Figure 2.4.G-J, Figure 2.6). Hexagonal clustering recapitulated the major myofiber types 

(Figure 2.4.H) and their characteristic markers (Figure 2.6.A), including myosin heavy chain 

isoforms (Figure 2.6.B), consistent with segmentation-based analysis (Figure 2.6.C) and prior 

snRNA-seq studies (Figure 2.6.D). 

Despite this overall agreement, hexagonal clustering additionally detected small clusters 

with type IIb-associated signatures marked by Myh4, which are rare in the oxidative mouse 
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soleus (Figure 2.4.H, Figure 2.6.A-B). To investigate this discrepancy, we examined the spatial 

distribution of hexagon-assigned myofiber types. High-resolution spatial mapping using 

multiscale sliding windows (24, 28) revealed that, while the overall spatial pattern of myofiber 

types resembled that obtained from segmentation-based analysis, hexagonal data uncovered 

transcriptomic heterogeneity within individual myofibers (Figure 2.4.G). 

Specifically, distinct myofiber-type transcriptomes were detected within the same 

myofiber area, consistent with previously described hybrid myofibers (7, 8). We observed 

mixtures of MF2A and MF2X, as well as MF2X and MF2B, within individual fibers (Figure 

2.4.I). As expected, given the rarity of MF2B fibers in mouse soleus, MF2B signatures were 

detected only in combination with MF2X within individual myofibers and were therefore not 

resolved as a distinct cluster by segmentation-based analysis, leading to their classification as 

MF2X (Figure 2.4.D-E). 

In addition, we detected a small subset of hexagonal clusters characterized by elevated 

expression of cathepsin B, designated as MFDEGEN (Figure 2.6.E). Similar transcriptional 

signatures have been previously associated with exercise-induced remodeling (29) or muscle 

degeneration (30). In normal muscle, MFDEGEN-associated regions were sparsely distributed 

and did not exhibit a consistent spatial pattern along myofibers, suggesting that this signature 

reflects a localized transcriptional state rather than a distinct fiber type or organized anatomical 

compartment. 
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Figure 2.4 Single-myofiber transcriptome analysis of normal muscle 

(A) Example of myofiber segmentation based on an H&E-stained image (top), with segmented fibers shown below. 
All transcriptomic data within each segmented region were aggregated into a single data point (yellow circle) for 
individual myofiber analysis. (B) Distribution of the number of gene features per segmented fiber (nFeature_RNA). 
A cutoff of 300 gene features was applied to retain high-quality transcriptomes. (C) Distribution of the number of 
unique transcripts per segmented fiber (nCount_RNA) after applying the 300 gene feature cutoff. (D) Projection of 
segmented myofiber transcriptome clusters from (E) into histological space based on the segmented regions. The 
upper panel shows the full analysis area, and the lower panels show magnified views of the fourth and fifth sections. 
(E) UMAP representation of the segmented myofiber transcriptome, revealing three major fiber types (MF1, MF2A, 
MF2X) by multidimensional clustering. (F) Comparison of marker gene sets for each myofiber type identified in the 
segmentation-based analysis with those reported in two prior single-nucleus RNA sequencing studies (7, 8), using a 
Venn diagram generated with DeepVenn (54). (G) Spatial plot of a uniform hexagonal grid with 14 µm sides, with 
cell types projected from the clustering results in (H). Boxed regions are shown at higher magnification. (H) UMAP 
embedding of hexagonal grid-based transcriptome clustering colored by identified cell types. (I) Magnified regions 
from (G) highlighting hybrid fibers. (J) Spatial projection of individual myofiber type distributions, shown in red. 

 

  



 70 

 
Figure 2.5 Fiber type-specific gene expression in single-segmented myofibers 

(A-C) Volcano plots showing genes enriched in individual myofiber clusters, MF1 (A), MF2A (B), and MF2X (C). 
The top 20 marker genes are highlighted using the same color scheme as in Figure 2.4.E. (D) Violin plots illustrating 
expression of selected genes across myofiber populations, including myosin heavy chain genes (top), tropomyosins 
and troponins (middle), and endoplasmic reticulum calcium pumps and metabolic enzymes (bottom). (E) Dot plot 
showing expression of additional marker genes enriched in the myofiber clusters identified in Figure 2.4.E. (F) 
UMAP representation of the myofiber transcriptome derived from a dataset that includes mitochondrial and 
hypothetical genes. The clustering pattern is largely consistent with the analysis excluding these genes shown in 
Figure 2.4.E. (G) Volcano plot identifying marker genes enriched in MF2X fibers from (F), highlighting elevated 
expression of mitochondrial genes. (H) Violin plots showing expression patterns of myosin heavy chain genes and 
selected mitochondrially encoded genes across the myofiber populations identified in (F). 
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Figure 2.6 Characterization of myofiber type transcriptomes using hexagonal grid analysis 

(A) Volcano plots showing genes upregulated in the indicated myofiber types. (B) Expression of fiber type-specific 
myosin heavy chain isoforms projected onto the UMAP manifold. (C) Comparison of marker gene sets for each 
myofiber transcriptome between the hexagonal grid-based analysis (Hex) shown in Figure 2.4.G-H and the 
segmentation-based analysis (Fib) shown in Figure 2.4.E, using Venn diagrams. (D) Comparison of marker gene 
sets identified in the hexagonal grid-based myofiber transcriptomes with those reported in two previous single-
nucleus RNA sequencing studies (7, 8), using a Venn diagram generated with DeepVenn (54). (E) Volcano plot 
identifying marker genes enriched in MFDEGEN cluster (top) and their spatial distribution in histological space 
(bottom). 
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2.3.4 Identification of neuromuscular junction (NMJ) transcriptome 

Beyond myofiber type-associated transcriptomes, hexagonal binning of the Seq-Scope 

dataset revealed additional transcriptomic clusters corresponding to subcellular domains. Among 

these, a prominent cluster was characterized by high expression of the nuclear noncoding RNAs 

Malat1 and Neat1, defining a nuclear (NUC) subdomain (Figure 2.4.H; Figure 2.7.A, blue) (31). 

Adjacent to the NUC cluster in low-dimensional embedding, we identified a distinct 

transcriptomic cluster spatially localized to neuromuscular junctions (NMJs) (Figure 2.7.A, red). 

This cluster was defined by enrichment of canonical postsynaptic genes, including Prkar1a, 

Etv5, Ufsp1, and Chrna1 (Figure 2.7.B), consistent with its localization to postsynaptic 

myonuclei at the NMJ. Spatial projection showed that NMJ-associated transcriptomic regions 

aligned precisely with the stereotyped midline localization of NMJs in soleus muscle (Figure 

2.7.C). At higher magnification, these regions overlapped with histological endplate structures 

corresponding to clusters of postsynaptic myonuclei (Figure 2.7.D). NMJ markers identified in 

the Seq-Scope dataset showed partial overlap with postsynaptic nuclear markers previously 

identified by snRNA-seq (Figure 2.7.E), indicating that the NMJ transcriptome identified by 

Seq-Scope is consistent with known postsynaptic programs but also reveals distinct features not 

captured by snRNA-seq. 

 

2.3.5 Spatial resolution of postsynaptic and schwann cell-associated NMJ domains 

Although the NMJ cluster was defined by postsynaptic gene expression, not all NMJ-

associated transcriptomic regions overlapped with histological endplates. Several genes enriched 

in the NMJ cluster, including Mpz and Smoc2, are known markers of myelinating and non-

myelinating Schwann cells, respectively (32). Subclustering of the NMJ population did not 

separate these components and instead reflected fiber type-specific transcriptional signatures 

(Figure 2.7.F-G), indicating that NMJ-associated postsynaptic muscle transcriptomes retain fiber 

type-associated gene expression patterns. 

We therefore examined the spatial distribution of individual NMJ marker genes at its raw 

resolution. This analysis revealed clear spatial separation between postsynaptic nuclear markers 

such as Prkar1a, Etv5, and Ufsp1 and Schwann cell-associated markers Mpz and Smoc2 (Figure 

2.7.H-I). In contrast, acetylcholine receptor transcripts exhibited strong colocalization with 

postsynaptic nuclear regions marked by Prkar1a expression (Figure 2.8.A). These observations 
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indicate that the NMJ-associated transcriptome comprises multiple spatially distinct domains that 

cannot be resolved by clustering alone but are separable through high-resolution spatial mapping. 

 

2.3.6 Distinct transcriptomic programs within the NMJ microenvironment 

Based on the spatial segregation of Prkar1a, Smoc2, and Mpz, we segmented three NMJ-

associated regions representing postsynaptic myonuclei, a perisynaptic region, and a myelinating 

Schwann cell-associated region (Figure 2.7.H and Figure 2.7.J). Differential expression analysis 

between these compartments revealed distinct transcriptional programs (Figure 2.7.K-N). The 

perisynaptic region exhibited high expression of Lum, Apod, Dcn, and Smoc2 (Figure 2.7.M), 

closely matching non-myelinating Schwann cell transcriptomes described from brachial plexus 

and sciatic nerve tissues (32) (Figure 2.7.L, left). In contrast, the myelinating Schwann cell-

associated region expressed genes involved in myelination, including Mpz (32), Pmp22 (33), and 

Ndrg1 (34) (Figure 2.7.N), showing strong concordance with myelinating Schwann cell 

transcriptomes derived from the same peripheral nerve dataset (Figure 2.7.L, right) (32). 

Some of the genes we identified from the perisynaptic region, such as ApoD (Figure 

2.7.M), were not identified in recently reported perisynaptic terminal Schwann cell transcriptome 

datasets (35, 36). However, this expression pattern has been independently validated by 

RNAscope, which demonstrated high ApoD expression in terminal Schwann cells as well as in 

myelinating Schwann cells of intramuscular nerves (37). In our analysis, ApoD emerged as a 

prominent marker of the perisynaptic region and was detected in both terminal and myelinating 

Schwann cell-associated regions (Figure 2.7.M-N). In addition, Smoc2 and Dcn, which were 

enriched in the perisynaptic region (Figure 2.7.M), are not only expressed in non-myelinating 

Schwann cells (32) but also in nerve-associated fibroblasts (38-40), indicating transcriptomic 

heterogeneity among cell populations adjacent to the NMJ. 

Spatial visualization of compartment-specific markers revealed a geometric organization 

of postsynaptic nuclei, perisynaptic regions, and myelinating Schwann cell-associated domains 

that closely mirrors the known anatomical arrangement at the neuromuscular junction (Figure 

2.7.J, Figure 2.8.B). Together, these results demonstrate that high-resolution Seq-Scope resolves 

the NMJ as a multi-compartment transcriptomic niche in intact skeletal muscle. 
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Figure 2.7 High-resolution spatial profiling of neuromuscular junction-associated transcriptomes 

(A) Identification of neuromuscular junction (NMJ, red) and nuclear (NUC, blue) transcriptome clusters from the 
UMAP embedding of the hexagonal dataset. (B) Volcano plot showing genes enriched in the NMJ cluster. (C, D) 
Spatial plots of NMJ clusters shown in red in the first and third rows of (C), overlaid with histology in the second 
and fourth rows. The boxed region in (C) is magnified in (D, left) and shown with the corresponding H&E image 
(D, right). NMJ endplate structures in the histology are highlighted with red ovals.  (E) Comparison of NMJ marker 
gene sets identified in the current hexagonal analysis with those from two previous single-nucleus RNA sequencing 
studies (7, 8), using a Venn diagram generated with DeepVenn (54).  (F, G) UMAP manifold of isolated NMJ 
transcriptomes (F), subclustered into three groups shown in different colors (0 = red, 1 = green, 2 = blue), 
corresponding to Type IIa, Type I, and Type IIx myofibers based on marker gene expression (G). These results 
suggest that postsynaptic NMJ nuclei retain their myofiber-type identities. (H-J) Spatial gene expression plots in the 
indicated colors, with gene detection represented as dots (H). Postsynaptic regions are indicated by red ovals, 
perisynaptic regions by green triangles, and myelinating Schwann cell regions by blue rectangles (H, left). The 
boxed region in (H, right) is magnified in (I). A schematic illustration of NMJ structure is shown in (J). (K-N) 
Identification of additional markers representing distinct NMJ-associated cell types. Markers enriched in the 
perisynaptic region (M) and myelinating Schwann cell region (N) are highlighted and compared with published 
marker lists (the top 20 significant genes) for non-myelinating and myelinating Schwann cells (L) (32). Ten 
prominent markers were selected and projected onto the magnified NMJ spatial map (K), which displays 
architectural similarity to the canonical NMJ structure (J). 
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Figure 2.8 Expression of distinct marker genes in the neuromuscular junction region 

(A) Spatial expression of acetylcholine receptor isoforms around postsynaptic nuclei identified by Prkar1a 
expression. (B) Spatial expression of cell type-specific marker genes identified in the analysis shown in Figure 2.7 
across distinct NMJ-associated regions. 
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2.3.7 Characterization of non-myocytes in the Seq-Scope dataset 

High-resolution hexagonal analysis identified multiple non-myocyte transcriptomic 

populations within the soleus muscle, including macrophages, fibroblasts, adipocytes, smooth 

muscle cells, and erythrocytes (Figure 2.9.A-D). These populations exhibited distinct spatial 

localization patterns that aligned with tissue microanatomy. For example, smooth muscle 

transcriptomes were specifically localized around arterial structures (Figure 2.9.E, left panel), 

while adipocyte transcriptomes were confined to lipid-rich regions (Figure 2.9.E, right panel). 

Seq-Scope enabled robust detection of cell populations that are difficult to capture using 

nucleus-based approaches. Macrophage transcriptomes, marked by Cd74 and MHC components, 

were readily detected and spatially resolved across tissue sections (Figure 2.9.A-D), despite 

being largely absent from snRNA-seq datasets (7, 8). Similarly, erythrocyte-associated 

transcripts, including hemoglobins, were uniquely identifiable due to the whole-transcriptome 

and spatial nature of Seq-Scope. 

Fibroblast transcriptomes enriched for extracellular matrix genes, including Dcn, Gsn, 

and collagens, were broadly distributed in interstitial regions and showed close correspondence 

to fibro-adipogenic progenitor-like signatures described in snRNA-seq studies (Figure 2.9.F). 

Likewise, smooth muscle-specific gene expression, including Acta2, Myl9, Tagln, and Mylk 

(Figure 2.9.D), were robustly detected, while prior snRNA-seq datasets isolated different set of 

markers (Figure 2.9.G). In contrast, certain cell types reported in snRNA-seq datasets, such as 

satellite cells, myotendinous junction-associated nuclei, and tenocytes, were underrepresented in 

the Seq-Scope dataset, likely reflecting volumetric sampling limitations inherent to thin tissue 

sections.  

Taken together, analyses of normal soleus muscle demonstrate that Seq-Scope captures 

myofiber type diversity, intra-fiber transcriptomic heterogeneity, neuromuscular junction 

subdomains, and multiple non-myocyte populations within intact tissue. This spatially resolved 

baseline provides a reference for examining how these transcriptional programs and tissue 

architectures are altered following denervation. 
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Figure 2.9 Non-myocyte transcriptomic heterogeneity revealed in the Seq-Scope dataset 

(A, B) Spatial map (A) and UMAP manifold (B) from Figure 2.4.G and 2.4.H, recolored to emphasize non-myocyte 
transcriptomes. (C) Magnified spatial views from the boxed regions in (A) shown with corresponding cluster colors. 
(D) Dot plots showing expression of top cluster-specific marker genes across non-myocyte clusters. (E) Further 
magnification of boxed regions in (C) as indicated by guidelines. Left panels highlight arteries, while right panels 
highlight adipose tissue. (F, G) Comparison of marker gene sets for fibroblasts or fibro-adipogenic progenitors 
(FAPs) (F) and smooth muscle cells (G) between the current hexagonal analysis and two previous single-nucleus 
RNA sequencing studies (7, 8). The top 20 significant genes were included in the analysis. 
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2.3.8 Fiber type-specific responses to denervation 

To examine fiber type-specific responses to denervation, we performed another round of 

segmentation-based single-myofiber analysis, using four tissues that produced high-quality 

histology and transcriptome data (Figure 2.10.A). After applying a gene feature cutoff of 300, we 

obtained 3908 segmented myofiber transcriptomes from control and denervated fibers at 3 days 

(1337 and 620, respectively) and 7 days (1127 and 824, respectively). After removing all 

mitochondrial, hypothetical and hemoglobin-encoding transcripts, the median and mean numbers 

of transcripts in each myofiber was 1738 and 3274 ± 5332 respectively (Figure 2.10.B). As 

observed from hexagonal analysis (Figure 2.1), denervated fibers at 3 and 7 days exhibited 

transcriptomes substantially different from control fibers, while fibers from control muscles at 3 

and 7 days integrated very well into each other (Figure 2.11.A), indicating that the experimental 

batch effect is minimal and the differences we observed could be explained largely by the 

biological effects of denervation. Some of the fibers in day 7 denervated fibers contained a 

fibrotic signature, likely due to effects from fibroblast transcriptome nearby the myofibers. As 

we focused on myofiber transcriptomes, the fibers displaying fibrotic signatures were excluded 

from the fiber type-specific analysis (FIBRO in Figure 2.10.B; NA in Figure 2.10.C).  In all 

muscles, we were able to identify three major myofiber types, corresponding to MF1, MF2A and 

MF2X fibers (Figure 2.10.B), based on fiber-type markers isolated from normal muscle (Figure 

2.11.B).  

Even though classical markers, including myosin heavy chain, troponin and tropomyosin 

isoforms, were relatively highly expressed in their corresponding myofiber types within the same 

section, allowing us to identify their original fiber types, their level was strongly diminished in 

day 3 denervated myofibers compared to control myofibers (Figure 2.11.B). In contrast, 

differential expression analyses identified a number of genes that were strongly upregulated in 

day 3 denervated fibers, but also explicitly upregulated in specific myofiber types, such as 

oxidative type I or glycolytic type IIx fibers (Figure 2.10.C and Figure 2.11.C). Markers enriched 

for day 3 denervated myofiber type I (D3-MF1) include several heat shock proteins (e.g. Hspb1, 

Hspa8), crystallins (Cryab) and muscle stress response proteins (e.g. Csrp3, Ankrd1). These 

were proteins previously shown to be upregulated upon denervation through proteomics (41); 

however, our analyses show that their upregulation is highly specific to oxidative MF1 fibers 

(Figure 2.10.C and Figure 2.11.C-D). In addition to these genes, many markers of damaged 
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myofibers (e.g. Xirp1, Flnc, Enah, and Otud1; see references (7, 9, 42)) were also specifically 

upregulated in D3-MF1 (Figure 2.11.D). In contrast, day 3 denervated myofiber type IIx (D3-

MF2X) exhibited stronger upregulation of different genes such as heat shock proteins (e.g. 

Hspb8) and metallothioneins (Mt1, Mt2) (Figure 2.11.E). 

We also identified markers enriched for day 7 denervated fibers. Some classical type I 

myofiber markers, such as Myh7 and Tnnt1, were upregulated in D7-MF1 (Figure 2.11.F), while 

other genes such as Krt18, Cdkn1a, and Ctsb were upregulated in D7-MF2X (Figure 2.11.G). In 

addition to these, day 7 denervated fibers exhibited upregulation of various stress-responding 

genes such as autophagy controllers (Figure 2.11.H), atrophy inducers (Figure 2.11.I), a 

chromatin modulator (Hdac3) and oxygen metabolism genes (Mb and Car3; Figure 2.11.J), as 

well as DNA damage-responsive transcripts (Cdkn1a, Gadd45a, and Mdm2; Figure 2.11.K), 

which show variable fiber type specificities in regulation. 

 

2.3.9 Subcellular heterogeneity in denervation responses 

Myofiber damage-response markers enriched in the D3-MF1 state, including Xirp1, 

Enah, and Flnc (42-44), have been reported previously in aged muscle and in myofibers 

undergoing dystrophic remodeling (7, 9), suggesting that their induction reflects acute structural 

or mechanical stress. Although the transcriptomic state defined as D3-MF1 was primarily 

observed in muscle tissue at 3 days after denervation, it was also detected in a subset of fibers at 

7 days (Figure 2.10.D), indicating that the response is not exclusively specific to the early phase 

and can persist to the chronic phase. High-resolution spatial analysis revealed that these fibers 

often exhibited hybrid transcriptional states, with discrete intramyofiber regions expressing 

either D3-MF1 or D7-MF1 gene programs (Figure 2.10.E). 

Importantly, these transcriptional domains were associated with distinct histological 

features. Regions expressing D3-MF1 markers showed pale and degenerative H&E staining 

patterns (Figure 2.10.E-G, yellow arrows), whereas adjacent regions expressing D7-MF1 

markers retained a more preserved myofiber morphology (Figure 2.10.E-G, blue arrows). This 

spatial concordance between transcriptomic state and histological appearance indicates that 
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denervation elicits localized, rather than uniform, remodeling responses along individual 

myofibers. 

Notably, D3-MF1 damage-response transcripts were frequently enriched near the 

neuromuscular junction. While postsynaptic NMJ markers such as Prkar1a remained sharply 

confined to the endplate region, D3-MF1-associated transcripts extended beyond the synaptic 

core and radiated into adjacent segments of the same myofiber (Figure 2.10.F). This pattern 

suggests that early denervation-induced transcriptional responses are spatially organized around 

the NMJ and propagate into peri-synaptic regions, even in the absence of active neural input. 

Together, these findings demonstrate that denervation triggers pronounced subcellular 

heterogeneity within myofibers, linking localized structural degeneration, spatially restricted 

transcriptional programs, and the anatomical position of the NMJ. 
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Figure 2.10 Heterogeneous transcriptome responses to denervation in single myofibers 

(A) Longitudinal sections of mouse skeletal muscle from different denervation groups (DEN, denervated leg; CON, 
control leg), arranged as H&E histology (top), spatial RNA discovery plots (middle), and H&E-based segmented 
myofibers (bottom) projected with the fiber clustering colors shown in (B). (B) UMAP manifold of segmented 
myofiber transcriptomes, revealing heterogeneous denervation responses within three major fiber types identified by 
multidimensional clustering. Insets show the distribution of gene features per fiber (nFeature_RNA, left) and the 
distribution of unique transcript counts per fiber (nCount_RNA, right) after applying the gene feature cutoff of 300. 
(C) Visualization of cluster-specific top marker gene expression across myofiber clusters, highlighting fiber type-
specific responses to denervation. (D-G) Identification of myofibers exhibiting intracellular heterogeneity in 
transcriptomic responses to denervation. Myofiber transcriptomes identified by segmentation of the H&E image (D, 
center) are projected into histological space (D, left) and overlaid onto the corresponding H&E image (D, right). 
Although the tissue was collected 7 days after denervation, a subset of myofibers exhibits a D3-MF1 (day 3 MF1-
type) transcriptomic signature. The boxed region in (D) is magnified in (E-G). Selected denervation-induced genes 
and NMJ markers are plotted in the magnified regions (E, F), revealing close spatial proximity between degenerative 
responses and the NMJ area. Overlay with H&E histology shows that regions with high D3-MF1 signature (yellow 
arrow) display pale eosin staining, whereas regions exhibiting a D7-MF1 transcriptome (pink arrows) show normal 
myofiber staining (G). 
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Figure 2.11 Fiber type-specific denervation responses 

(A) UMAP manifold of the myofiber transcriptome colored by experimental condition. Control samples integrate 
well, whereas day 3 and day 7 denervated samples form distinct clusters corresponding to their respective time 
points. (B) Expression of myosin heavy chain isoforms, tropomyosins, and troponins across myofiber types in the 
denervated segmented myofiber dataset. (C) Identification of myofiber type-specific denervation response genes. 
Genes highly expressed in each myofiber type within the day 3 denervated dataset are highlighted. (D-K) Gene 
induction across myofiber types in the denervated dataset, grouped as day 3 myofiber type I-specific responses (D), 
day 3 myofiber type IIx-specific responses (E), day 7 myofiber type I-specific responses (F), day 7 myofiber type 
IIx-specific responses (G), autophagy-related responses (H), atrophy-related responses (I), day 7 global responses 
(J), and DNA damage responses (K). 
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2.3.10 Denervation preserves postsynaptic NMJ identity while inducing extrajunctional 

acetylcholine receptors 

We next examined postsynaptic NMJ responses to denervation by focusing on the NMJ 

cluster identified in the hexagonal grid analysis covering the entire dataset (Figure 2.12.A; 

Figure 2.1.I). In the UMAP manifold, NMJ-associated transcriptomes were distributed across 

multiple subclusters, reflecting their strong similarity to the surrounding myofiber transcriptomes 

within the same tissue sections (Figure 2.12.A). Consistent with global myofiber responses 

(Figure 2.10), NMJ-associated regions exhibited induction of stress-responsive genes, including 

heat shock proteins and crystallins, following denervation (Figure 2.13.A-B). 

Despite these changes, the transcriptional identity of postsynaptic NMJs remained 

remarkably stable. Core postsynaptic markers, including Prkar1a, Etv5, and Ufsp1, maintained 

robust and spatially restricted expression at the endplate throughout the denervation time course 

(Figure 2.12.B-C and Figure 2.13.D). The overall abundance of NMJ-associated regions in the 

dataset was not substantially altered by denervation (Figure 2.12.B), indicating preservation of 

NMJ structural organization at the transcriptional level. 

In contrast, acetylcholine receptor gene expression underwent marked remodeling, 

consistent with established models where neuronal activity suppresses acetylcholine receptor 

transcription in extrasynaptic regions (45). While acetylcholine receptor transcripts were largely 

confined to the NMJ in control muscle, denervation led to strong induction of multiple receptor 

subunits, including Chrna1, Chrnb1, and Chrng, throughout the myofiber (Figure 2.12.D). 

Notably, extrajunctional expression of Chrnb1 and Chrng exceeded their baseline levels at the 

NMJ. 

Importantly, not all receptor subunits exhibited the same spatial regulation. Chrne 

expression remained strictly confined to postsynaptic NMJ nuclei even after denervation (Figure 

2.12.D), consistent with prior evidence that Chrne expression is developmentally regulated and 

controlled at individual endplates (46). Spatial visualization further illustrated this dichotomy, 

showing persistent localization of postsynaptic markers such as Prkar1a, Etv5, and Ufsp1 (red 

colors) at NMJs, alongside widespread induction of Chrna1 and Chrng (yellow colors) across 

denervated muscle tissue (Figure 2.12.E). Together, these results demonstrate that denervation 
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preserves postsynaptic NMJ identity while selectively derepressing extrajunctional acetylcholine 

receptor expression.  

 

2.3.11 Denervation elicits robust extracellular matrix remodeling in the perisynaptic NMJ 

microenvironment 

We next examined denervation-induced transcriptional changes in non-myofiber 

compartments associated with the NMJ microenvironment. In contrast to normal muscle (Figure 

2.7), transcriptomic signatures corresponding to myelinating Schwann cells, marked by Mpz and 

Pmp22, were not readily detected in denervated tissues. Nevertheless, perisynaptic regions 

defined by non-myelinating or terminal Schwann cell-associated markers remained identifiable 

in close proximity to postsynaptic NMJs (Figure 2.12.E).  

Following denervation, perisynaptic marker expression became more spatially extensive 

compared to control muscles (Figure 2.12.E), suggesting expansion or activation of this 

compartment. Using marker-based segmentation analogous to that applied in normal muscle 

(Figure 2.7), we isolated postsynaptic and perisynaptic NMJ regions and performed differential 

expression analysis between control and denervated conditions. This analysis revealed robust and 

selective upregulation of genes involved in extracellular matrix remodeling, tissue repair, and 

injury responses within the perisynaptic compartment (Figure 2.12.F-I). 

Spatial mapping confirmed that these extracellular matrix-associated transcripts were 

enriched in regions surrounding NMJs in denervated muscle (Figure 2.12.J). Given that many of 

these genes are expressed by fibroblasts and macrophages, it is possible that additional cell 

populations recruited to the NMJ following denervation contribute to the observed remodeling 

response.  It is also possible that terminal Schwann cells underwent activation, proliferation, and 

extracellular matrix remodeling in response to neuronal injury (47-50). Collectively, these results 

identify the perisynaptic NMJ microenvironment as a dynamic and transcriptionally active niche 

that undergoes pronounced extracellular matrix remodeling in response to denervation. 
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Figure 2.12 Denervation-induced changes in the neuromuscular junction region 

(A) UMAP manifold from Figure 2.1.I highlighting the NMJ cluster, colored by experimental condition. All other 
clusters are shown in gray in the background. (B) Relative abundance of the NMJ cluster across experimental 
conditions. (C, D) Dot plots displaying differential expression of postsynaptic nuclei marker genes (C) and 
acetylcholine receptor isoforms (D) across myofiber types at different time points after denervation. (E) Spatial 
expression of postsynaptic nuclei markers (warm colors) and non-myelinating perisynaptic Schwann cell markers 
(greens) in control, 3-day denervated, and 7-day denervated myofibers, overlaid onto corresponding H&E images. 
(F-I) Perisynaptic area-specific transcriptional responses at 7 days (F, H) and 3 days (G, I) after denervation, 
identified by comparison with control perisynaptic regions. Genes that were also regulated in the postsynaptic area 
were excluded from the analysis. Results are shown as volcano plots (F, G) and gene ontology enrichment analyses 
(H, I). (J) Spatial expression of postsynaptic nuclei markers (reds), perisynaptic area markers (greens), myelinating 
Schwann cell area markers (purples), Mmp2 (white), and Igf and Igfbp genes (blues), indicating enhanced 
extracellular matrix remodeling and IGF pathway activity around the NMJ following denervation. 
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Figure 2.13 Neuromuscular junction responses to denervation 

(A-C) Expression of the indicated genes across different experimental conditions, visualized using ViolinPlot (A, C) 
and DotPlot (B). (D) Differential expression of postsynaptic nuclei marker genes across different clusters, visualized 
by DotPlot analysis. 
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2.3.12 Non-myocyte responses to denervation 

Finally, we examined transcriptional responses of macrophages and fibroblasts, two non-

myocyte populations closely associated with myofiber integrity and tissue remodeling. In the 

hexagonal grid analysis (Figure 2.1.I and Figure 2.2.C-F), three subclusters were identified for 

each population, designated MACRO1-3 and FIBRO1-3 (Figure 2.14.A-I and Figure 2.14.J-S, 

respectively). 

Across experimental conditions, macrophage populations showed a general trend toward 

increased abundance following denervation, albeit with different kinetics (Figure 2.14.D-F), 

despite substantial variability in overall cell-type representation across samples (Figure 2.1.D-F). 

Concordantly, expression of macrophage-associated marker genes increased after denervation, 

with the highest levels observed at 7 days (Figure 2.14.G-I). These trends were evident across all 

three macrophage subclusters (MACRO1-3), indicating a broadly coordinated macrophage 

response rather than expansion of a single macrophage subtype. 

In contrast, fibroblast populations did not exhibit a clear or consistent change in overall 

abundance following denervation (Figure 2.14.M-O). However, transcriptional profiling revealed 

pronounced condition-dependent remodeling within the FIBRO1 subcluster (Figure 2.14.J, 

2.14.M, 2.14.P, and 2.14.S). Although the relative contribution of FIBRO1 cells remained 

largely stable at both 3 and 7 days after denervation (Figure 2.14.M), their gene expression 

profiles shifted substantially in a time-dependent manner. 

At 3 days after denervation, FIBRO1 cells exhibited increased expression of genes 

associated with early injury and inflammatory responses, including the collagen, Col3a1, the 

chemokine, Cxcl14, and the lysosomal protease, Ctsl (Figure 2.14.P and 2.14.S). By 7 days, this 

transcriptional program transitioned toward enrichment of extracellular matrix-associated genes, 

including Fn1, Mgp, and Dcn, consistent with matrix remodeling processes (Figure 2.14.P and 

2.14.S). These expression patterns were reproducibly observed across individual samples, despite 

moderate inter-sample variability (Figure 2.14.S). 

Together, these data indicate that non-myocyte populations respond to denervation 

through distinct and temporally structured transcriptional programs. Macrophages exhibit a 

progressive increase in abundance and activation, whereas fibroblasts, particularly the FIBRO1 

subpopulation, undergo dynamic transcriptional remodeling without marked changes in 

population size. These findings highlight the importance of condition-dependent, cell type-
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specific gene regulation in shaping the non-myocyte contribution to denervation-induced muscle 

remodeling. 
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Figure 2.14 Denervation responses in non-myocytes 

(A-C) UMAP manifold from Figure 2.1.I highlighting the indicated macrophage clusters, colored by experimental 
condition. All other clusters are shown in gray in the background. (D-F) Population shares of the indicated 
macrophage clusters across experimental conditions. (G-I) Differential expression of cluster-specific marker genes 
in macrophage subclusters across experimental conditions. (J-L) UMAP manifold from Figure 2.1.I highlighting the 
indicated fibroblast clusters, colored by experimental condition. All other clusters are shown in gray in the 
background. (M-O) Population shares of the indicated fibroblast clusters across experimental conditions. (P-R) 
Differential expression of cluster-specific marker genes in fibroblast subclusters across experimental conditions. (S) 
Expression of the indicated cluster-specific marker genes in fibroblast subclusters across individual samples. 
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2.4 Discussion 

Skeletal muscle function is central to movement, metabolic homeostasis, and overall 

organismal health. A defining feature of this tissue is its pronounced cellular and subcellular 

heterogeneity, coupled with a strong dependence on neural input for maintenance of structure 

and function. Understanding how this complex architecture is organized in intact tissue and how 

it is remodeled following denervation is therefore essential for elucidating mechanisms 

underlying neuromuscular disease, aging-associated muscle decline, and recovery from nerve 

injury. Recent advances in transcriptomic technologies have created new opportunities to address 

these questions (51), yet each approach has inherent limitations that have constrained their 

application to skeletal muscle. In this study, we employed Seq-Scope, an ultra-high-resolution 

spatial transcriptomic platform, to generate a comprehensive atlas of normal and denervated 

mouse soleus muscle with single-cell and subcellular resolution. 

To our knowledge, this work represents the first transcriptome-wide spatial atlas of 

skeletal muscle that combines microscopic spatial resolution with unbiased gene coverage in 

longitudinal sections. Previous transcriptomic studies of skeletal muscle have relied primarily on 

scRNA-seq or snRNA-seq, which necessarily disrupt tissue architecture and eliminate spatial 

context, or on spatial platforms such as 10X Visium, whose limited resolution precludes reliable 

discrimination of individual myofibers or subcellular domains (15-22). As a result, prior spatial 

transcriptomic studies of skeletal muscle have been restricted to transverse sections and were 

unable to assess transcriptomic variation along the longitudinal axis of myofibers. More recently, 

imaging-based approaches such as 10X Xenium have achieved cellular-scale resolution in 

skeletal muscle (52); however, these methods rely on targeted gene panels and therefore capture 

only a small fraction (<400 genes) of the transcriptome. By contrast, Seq-Scope provides sub-

micrometer spatial resolution together with whole-transcriptome coverage, enabling direct 

visualization of transcriptional organization within intact myofibers and across tissue 

microenvironments in longitudinal sections. 

To extract biological insight from the resulting high-dimensional dataset, we employed 

two complementary analytical strategies: histology-guided myofiber segmentation and unbiased 

hexagonal grid-based spatial binning. These approaches produced convergent yet distinct results. 

Segmentation-based analysis enabled robust classification of major myofiber types and 

supported comprehensive fiber type-specific differential gene expression analyses. In contrast, 
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grid-based spatial analysis localized transcriptomic phenotypes without reliance on predefined 

cellular boundaries, revealing hybrid myofiber states, subcellular transcriptional domains, and 

localized degenerative signatures that were not resolved by segmentation alone. Importantly, this 

approach also captured spatially organized non-myocyte populations, including macrophages, 

fibroblasts, smooth muscle cells, and adipocytes, as well as specialized structures such as 

neuromuscular junctions and partially degenerating myofiber regions. Together, these 

complementary strategies provide a holistic molecular view of skeletal muscle architecture 

across the longitudinal histological axis.  

Our results further underscore the complexity of denervation-induced remodeling in 

skeletal muscle. At the level of myofibers, denervation elicited robust and fiber type-specific 

transcriptional responses, most prominently at early time points. These responses included 

induction of stress-associated pathways involving heat shock proteins, crystallins, 

metallothioneins, autophagy regulators, and genes related to oxygen metabolism. Notably, these 

transcriptional changes were not uniformly distributed along myofibers. Instead, high-resolution 

spatial analysis revealed localized domains of damage-response gene expression, frequently 

enriched near neuromuscular junctions and associated with histological features of partial 

degeneration. Such spatially restricted responses are difficult to detect using dissociation-based 

approaches or low-resolution spatial methods (15-22) and are not accessible through targeted 

imaging-based assays (52). 

Non-myocyte populations also exhibited distinct and temporally structured responses to 

denervation. Macrophages showed a progressive increase in abundance and expression of 

macrophage-associated genes, consistent with their established roles in injury response and tissue 

remodeling. Fibroblasts, in contrast, did not display a consistent change in population size but 

instead underwent pronounced transcriptional remodeling within a defined subpopulation. Early 

denervation was associated with increased expression of collagens, chemokines, and proteases, 

whereas later stages were characterized by upregulation of extracellular matrix components, 

suggesting a transition from early injury-associated signaling to matrix remodeling. These 

findings indicate that denervation-induced changes in non-myocyte compartments are driven 

largely by dynamic gene regulation rather than simple shifts in cellular abundance. 

At the neuromuscular junction, Seq-Scope resolved coordinated yet distinct 

transcriptional responses across postsynaptic, perisynaptic, and Schwann cell-associated 
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domains. Denervation preserved the transcriptional identity of postsynaptic NMJ nuclei while 

inducing widespread extrajunctional expression of select acetylcholine receptor subunits across 

myofibers, consistent with established activity-dependent regulation of these genes (45, 46). In 

parallel, perisynaptic regions exhibited expansion and robust induction of extracellular matrix 

and injury-response genes, in agreement with previous reports describing activation of terminal 

Schwann cells and associated remodeling processes following nerve injury (36, 47-50). The 

ability to spatially disentangle these compartment-specific responses highlights the strength of 

high-resolution spatial transcriptomics for dissecting multicellular niches within intact tissue. 

In conclusion, this study provides a detailed spatial and transcriptional framework for 

understanding skeletal muscle organization and its remodeling following denervation. By 

leveraging the resolution and transcriptome coverage of Seq-Scope, we uncover heterogeneity 

across fiber types, within individual myofibers, and among diverse non-myocyte populations, 

revealing spatially structured responses that are not accessible with previous transcriptomic 

approaches. While these findings are derived from a murine model and will require validation in 

human tissue and disease contexts, this atlas establishes a reference for future studies of 

neuromuscular pathology, aging, and regeneration. More broadly, it demonstrates the power of 

high-resolution spatial transcriptomics to advance understanding of complex, multinucleated 

tissues and their dynamic responses to physiological perturbation. 

 

2.5 Methods 

 

Mice Muscle Injury Model 

All animal procedures were subject to the regulations established by the University of 

Michigan Institutional Animal Care and Use Committee (IACUC). C57BL/6J mice littermates, 

approximately 6 months of age, underwent sciatic nerve transection (SNT) on their left hindlimb 

and were randomly assigned to a 3-day or 7-day recovery group. Mice were anesthetized using 

5% isoflurane (MWI Animal Health) followed by continuous 2% isoflurane administration to 

ensure an unresponsive state to tactile stimuli. Preoperative analgesia was administered using 5 

mg/kg carprofen (MWI Animal Health). The hindlimbs were shaved and cleaned with 

chlorhexidine and 70% alcohol. A small incision (<10 mm) was made 1 mm posterior and 

parallel to the femur to expose the sciatic nerve. The sciatic nerve was transected with a removal 
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of a 5 mm segment, and the incision was closed with wound clips (Autoclip, BD Clay Adams). A 

sham procedure was replicated on the contralateral leg. Mice were placed on a heating pad after 

the procedure and monitored until full recovery from anesthesia. Mice recovered for either three 

or seven days before being sacrificed and tissue collection. 

 

Seq-Scope array construction (1st-Seq) 

Seq-Scope array was constructed as described previously (24). Seq-Scope array is a solid 

phase transcriptome capturing system, which was constructed on the HiSeq2000 (Illumina) 

platform with HDMI32-DraI, a single-stranded oligonucleotide library (Eurofins), and Read1-

DraI sequencing primer. Through sequence-by-synthesis strategy, 100pM HDMI32-DraI 

oligonucleotides were placed and formed into clusters on the flow cell surface. Sequencer was 

manually set to perform 37bp single-end reading with a custom Read1-DraI primer. The run was 

completed right after 37 cycles, and the flow cell was retrieved. The output FASTQ file from the 

run will provide the sequence and the XY coordinates of the barcodes. The retrieved flow cell 

was further processed into ready-to-use Seq-Scope array. The flow cell was washed with 

nuclease-free water three times and incubated with DraI (R0129, NEB) and CIAP (M0525, 

NEB) enzyme mixture at 37 °C overnight to expose oligo-dT end. The flow cell was then treated 

with exonuclease I (M2903, NEB) cocktail at 37 °C for 45 min to remove non-specific single-

stranded DNA. In the last step, the flow cell underwent a series of washing steps, including three 

times with nuclease-free water, three times with 0.1N NaOH for 5 min each, and three times with 

0.1M Tris pH7.5. The cover of the flow cell was then disassembled using Tungsten Carbide Tip 

Scriber (IMT-8806, IMT) to expose the surface of the array for tissue attachment.  

 

Tissue Preparation, Sectioning, and processing 

Mice subjected to SNT were anesthetized through intraperitoneal injection of 0.5 mg/g 

avertin (2,2,2,- Tribromoethanol 97%, Sigma #T48402, and 2-methyl-2-butanol 99%, Sigma 

#240486-100ml). Soleus muscles were freshly dissected and embedded into O.C.T compound 

(23-730-571, Fisher Scientific). The OCT blocks were snap-frozen by submerging into liquid 

nitrogen pre-chilled 2-Methylbutane (MX0760, Sigma-Aldrich). The sectioning of the OCT-

mounted frozen tissue was performed in a cryostat (Leica CM3050S, -15 °C) at a 5° cutting 

angle with each section 10 μm thick. Sections were attached to the array and re-warmed at room 
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temperature. Attached sections were then fixed in 4% formaldehyde (15170, Electron 

Microscopy Sciences) at room temperature for 10 min, followed by hematoxylin and eosin 

(H&E) staining that was described previously (24). H&E images were captured under the 

Keyence digital darkroom system. 

 

Seq-Scope RNA Library Generation and Sequencing (2nd-Seq) 

Seq-Scope library construction was constructed as described previously (24). In brief, 

tissue sections were permeabilized with 0.2 U/μL collagenase I (17018-029, Thermo Fisher) at 

37 °C for 20 min, followed with 1mg/mL pepsin (P7000, Sigma) in 0.1M HCl at 37 °C for 10 

min. Permeabilized tissue sections were then washed with 1X Maxima RT buffer (EP0751, 

Thermofisher). Reverse transcription was conducted on the array through the incubation of RT 

mixture (1X RT buffer (EP0751, Thermofisher), 4% Ficoll PM-400 (F4375-10G, Sigma), 1mM 

dNTPs (N0477L, NEB), RNase inhibitor (30281, Lucigen), Maxima H-RTase (EP0751, 

Thermofisher)) in a humidified chamber at 42 °C overnight.  

Tissue sections were treated with exonuclease I (#M2903, NEB) cocktail the next day at 

37 °C for 45 min to remove unused single-stranded DNA probes. Sections were then incubated 

in tissue digestion cocktail (100 mM Tris pH 8.0, 100 mM NaCl, 2% SDS, 5 mM EDTA, 16 

U/mL Proteinase K (P8107S, NEB)) at 37 °C for 40 min. After the tissues were digested, the 

array was washed three times with nuclease-free water, three times with 0.1N NaOH for 5 min 

each, and three times with 0.1M Tris pH7.5.  

Secondary stand synthesis was conducted following the washing step. The array was 

loaded with secondary strand synthesis mixture (1X NEBuffer-2 (NEB), 10 uM TruSeq Read2-

conjugated Random Primer (IDT), 1mM dNTPs (N0477, NEB), Klenow Fragment (M0212, 

NEB), and nuclease-free water) and incubated in a humidified chamber at 37 °C for 2 hr. 

Solution was removed upon the completion of the reaction, and the array was washed with 

nuclease-free water three times. The array was then treated with 0.1N NaOH for 5 min to elute 

the barcoded cDNA library. The pH of the elution was neutralized by 3 M potassium acetate, 

pH5.5. Eluted library was then further purified using AMPure XP beads (1.8X bead/sample ratio, 

A63881, Beckman Coulter) according to the manufacturer’s instruction.  

Library amplification was conducted through two rounds of PCR. First round PCR was 

performed using Kapa HiFi Hotstart Readymix (KK2602, KAPA Biosystems), 2μM forward and 
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reverse primers as described in our previous paper (24), and the total eluted library. PCR product 

was purified using AMPure XP beads (A63881, Beckman Coulter) with 1.2X beads/sample 

ratio. Second round PCR was performed using Kapa HiFi Hotstart Readymix (KK2602, KAPA 

Biosystems), indexing primers described in (24), and 2nM of the first round PCR product. PCR 

product was purified again using AMPure XP beads (A63881, Beckman Coulter) with 0.6X 

beads/sample ratio. The size of the library was selected between 400-850bp through agarose gel 

electrophoresis. Selected library was purified using Zymoclean Gel DNA Recovery Kit (D4001, 

Zymo Research). The library was then sequenced with a paired-end (100-150bp) setup. 

 

Generation of Spatial Digital Gene Expression (SGE) Matrix 

Data are processed as described previously (24, 28), combing both 1st-Seq and 2nd-Seq 

FASTQ results. In the processing, 2nd-Seq FASTQ results were first filtered for their presence in 

1st-Seq data table, so that the alignment and data processing could be more efficient. Then 

alignment was performed in STAR to produce spatial digital gene expression matrix matching 

individual gene expression with spatial coordinates identified through HDMI matching between 

1st-Seq and 2nd-Seq. 

 

Alignment between histology and spatial dataset 

From the dataset, spatial transcriptome density is visualized through hillshade function. 

The hillshade image was semi-automatically aligned with H&E image using QGIS (version 

3.22.9) georeferencer function, through manually marking salient spatial features common in 

both images.  

 

Myofiber Segmentation and Hexagonal Gridding 

Myofiber segmentation was performed on QGIS by manually drawing polygons on H&E 

images, according to myofiber boundary lines. Transcripts within each fiber were aggregated 

into a single datapoint, which was treated as a single cell located at a point on surface of the 

polygon. For hexagonal gridding, spatial data are aggregated toward a non-overlapping array of 

hexagons with 14µm sides, which was treated as a single cell located at the center of each 

hexagon. 

 



 96 

Data Analysis and Visualization 

The aggregated DGE matrix was analyzed in the Seurat package (53). Feature number 

threshold was applied to remove the grids (as indicated in the figure and the text) that 

corresponded to the area that was not overlaid by the tissue. Data were normalized using 

SCTransform function. After discovering principal components through RunPCA and generating 

UMAP manifold using RunUMAP, clustering was performed using the shared nearest neighbor 

modularity optimization implemented in Seurat’s FindNeighbors and FindClusters function and 

then annotated to specific myofiber and cell types based on marker gene expression. For 

clustering segmented myofiber transcriptome from control/denervated dataset, clustering was 

sequentially performed, first to differentiate experimental conditions, and then to identify 

myofiber subtypes in each of experimental condition-dependent clusters. Clusters were 

visualized in histological space through plotting hexagonal centers using ggplot2 package 

(hexagonal dataset) or through plotting the whole polygonal area using geopandas and matplotlib 

package (segmentation dataset). FindMarkers and FindAllMarkers functions were used to 

identify Top markers from each cluster, and volcano plot was generated using the output of these 

functions using ggplot2. Level of gene expression was visualized though Seurat functions such 

as VlnPlot, DotPlot and FeaturePlot, and spatial gene expression was visualized through a 

custom visualization software which visualizes discovered genes as colored dots in the 

coordinate space. Area-proportional Venn diagrams were made using DeepVenn (54). 

Overlapping hexagonal grid were generated to allow for multiscale sliding windows 

analysis (24, 28). To make a projection, annotations provided from non-overlapping hexagonal 

analysis were fine-tuned using FindTransferAnchors and TransferData in Seurat. Separately, 

factors learned from clusters of non-overlapping hexagonal analysis were projected into raw 

pixel-level dataset through FICTURE as described in our recent work (55).  
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Chapter 3 Histopathology and Spatial Transcriptomics Jointly Map Myofiber-specific 

Pathological Programs in mTORC1-driven Myopathy 

3.1 Abstract 

Skeletal muscle is a structurally organized and functionally diverse organ composed of 

heterogeneous myofiber types and supporting non-myocyte populations that act in concert to 

generate force, regulate metabolism, and maintain systemic homeostasis. Myopathies occur in 

many different diseases, but the mechanisms that drive these muscle pathologies are still largely 

unknown, partly because conventional approaches cannot link histopathological features to 

molecular states at single-fiber resolution. To address this challenge, we brought histopathology 

and spatial transcriptomics together by applying high-resolution Seq-Scope technology to a 

rodent model of mTORC1 hyperactivation, which produces diverse pathological alterations 

within individual myofibers. Cross-sections from extensor digitorum longus (EDL) and soleus 

(SOL), two muscles with distinct fiber-type compositions, were profiled to determine how 

transcriptome changes are linked to histopathological outcomes. Our analyses reveal that 

mTORC1 hyperactivation elicits distinct, fiber-type–dependent pathological programs. Type I 

and IIa fibers, abundant in SOL but scarce in EDL, were largely resistant to mTORC1-induced 

pathology, exhibiting only minimal morphological alterations and no fiber type-specific 

responses beyond those commonly observed throughout the tissue. In contrast, type IIx fibers, 

shared between both muscles, diverged into opposing fates: in SOL, they underwent abnormal 

enlargement driven by sustained growth signaling, cytoskeletal remodeling, and impaired 

proteostasis with defective autophagy; whereas in EDL, they developed basophilia characterized 

by lipid-supported respiration fueling excessive ribonucleotide synthesis and RNA accumulation. 

Within the same muscle, type IIb fibers displayed striking heterogeneity with discrete 

transcriptional states encompassing canonical stress responses, oxidative metabolic activation, 

and developmental reprogramming. In parallel, non-myocytic populations, including activated 

macrophages and fibroblasts, accumulated preferentially in SOL, forming a fibrotic 

microenvironment supporting inflammation, tissue remodeling and hypertrophy. Taken together, 
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these findings reveal that sustained mTORC1 signaling disrupts muscle homeostasis through 

distinct metabolic and structural routes, directly linking histopathological phenotypes to their 

molecular states at single-fiber resolution. 

 

3.2 Introduction 

Skeletal muscle is a multifunctional organ that drives movement while being critical for 

maintaining metabolic homeostasis. This balanced control of essential functions is critical for 

maintaining health and relies on the heterogeneity of myofibers with respect to contraction and 

energy metabolism. Differences between myofibers underlie the classic classification into slow 

and fast, and oxidative and glycolytic fiber types, a framework that has long explained variation 

in endurance, contractile speed, and fatigue resistance. (1). At the molecular level, this 

classification is largely determined by the expression of distinct myosin heavy chain (MyHC) 

isoforms, which define the major fiber types: type I (MF1; slow oxidative), type IIa (MF2A; fast 

oxidative), type IIx (MF2X; intermediate fast glycolytic), and type IIb (MF2B; fast glycolytic). 

The functional specialization of each fiber type allows skeletal muscle as a whole to support 

diverse physiological demands (2). 

Mammalian target of rapamycin complex 1 (mTORC1) is a central regulator of cell 

growth and anabolism that senses inputs from nutrient, growth factor, and energy signals (3). Its 

kinase activity is activated at the lysosomal surface through the small GTPase RHEB, which is 

inhibited by the TSC1/TSC2 complex during growth factor deprivation or energy depletion. In 

parallel, mTORC1 recruitment to lysosomes is controlled by amino acid availability. Under 

amino acid insufficiency, the GATOR1 complex (DEPDC5, NPRL2, and NPRL3) maintains the 

Rag GTPases (RRAGA/B and RRAGC/D) in their inactive GDP-bound state, thereby preventing 

mTORC1 from translocating to the lysosomal surface and becoming activated (4,5). Disruption 

of either TSC1 or DEPDC5 elevates mTORC1 activity, but full constitutive activation requires 

disruption of both pathways due to the presence of negative feedback mechanisms (6–8). Once 

active, mTORC1 phosphorylates downstream targets such as S6K1 and 4E-BP1 to promote 

mRNA translation, while simultaneously suppresses autophagy initiation through inhibitory 

phosphorylation of ULK1 (9–11). By linking environmental inputs to biosynthetic outputs, 

mTORC1 ensures that cell growth and anabolic metabolism occur only under permissive 

conditions. 
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In skeletal muscle, appropriate mTORC1 activity is indispensable for growth, 

maintenance, and repair (12). Muscle-specific deletion of Raptor, an essential subunit of 

mTORC1, results in profound atrophy and impaired force generation (13), highlighting the 

importance of proper mTORC1 activity in maintaining muscle homeostasis. On the contrary, 

sustained hyperactivation of mTORC1, whether induced experimentally through muscle-specific 

TSC1 deletion or arising naturally during aging, leads to progressive myopathy marked by fiber 

degeneration, metabolic stress, impaired proteostasis, and loss of regenerative capacity (8). In 

our previous work, we produced a mouse strain with depletion of both TSC1 and DEPDC5 in 

muscle tissue (Ckm-Cre Tsc1F/F Depdc5F/F) to enforce constitutive hyperactivated mTORC1 

signaling pathway (6,14). Unlike single-knockout models (7,8), which showed little pathology in 

young mice, Ckm-Cre Tsc1F/F Depdc5F/F mice develop severe early-onset myopathy and skeletal 

muscle dysfunction. This phenotype was associated with excessive oxidative stress, impaired 

proteostasis, and accumulation of the autophagy adaptor SQSTM1/p62, resulting in 

dysregulation of myofiber homeostasis.  

With recent advances in technologies, single-cell (sc) and single-nucleus (sn) RNA-seq 

resources have mapped aging muscle across lifespan and diseases, providing valuable insights 

into cellular composition and aging-associated shifts in regenerative, immune, and fibrotic states 

(15–26). Spatial transcriptomic and imaging-based methods such as MERFISH (27) and smFISH 

(28) have further visualized the distribution of specific transcripts within intact myofibers and 

tissue sections, while multiplex proteomic platforms like CODEX (29) have profiled fiber-type 

mosaics at the protein level. Together, these approaches have greatly expanded our 

understanding of muscle biology and aging. However, they fall short in resolving the fiber-type 

complexity of myopathy. Sc/snRNA-seq relies on tissue dissociation and cannot resolve intact 

myofibers, while spatial methods to date have been constrained to targeted panels or low 

resolution, making it difficult to capture the full complexity of fiber-type heterogeneity in the 

myopathic process. 

To directly address this gap, we applied Seq-Scope, a high-resolution spatial 

transcriptome profiling technology that we recently developed (30,31). Its sub-micrometer 

resolution with unbiased whole-transcriptome coverage enables high-fidelity mapping of 

transcriptional diversity at the single-myofiber level. Using Seq-Scope, we profiled cross 

sections of extensor digitorum longus (EDL) muscles and soleus (SOL) muscles, two 
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anatomically distinct tissues encompassing the major myofiber types, from Ckm-Cre Tsc1F/F 

Depdc5F/F and control littermates. Our analyses revealed that mTORC1 hyperactivation elicits 

both global stress responses and fiber-type-specific remodeling programs. Comparison between 

EDL and SOL demonstrated striking context-dependent plasticity of MF2X, which engaged 

distinct metabolic and cytoskeletal remodeling pathways in each muscle. Within the same 

muscle, MF2B fibers reprogrammed their classical glycolytic transcriptome, acquiring either 

MF2X-like oxidative signatures or undifferentiated myofiber-like developmental signatures. In 

addition, classical myopathic features, such as abnormal myofiber enlargement and basophilic 

fibers, were each linked to characteristic transcriptomic profiles with predicted functional 

outcomes. Overall, this study provides a histopathology-guided, single-fiber spatial framework 

for dissecting fiber-type-specific remodeling under mTORC1 hyperactivation, offering 

molecular insight into the developmental processes of myopathies and a foundation for future 

mechanistic studies of muscle physiology and disease. 

 

3.3 Results 

3.3.1 Seq-Scope enables combined analysis of histopathology and single-myofiber 

transcriptomics 

We have formerly generated a mouse model of unregulated mTORC1 hyperactivation by 

concomitantly deleting Tsc1 and Depdc5, thereby achieving maximal activation of both Rheb 

and Rag arms of mTORC1 signaling (Figure 3.1.A). mTORC1 hyperactivation in skeletal 

muscle severely disrupted tissue homeostasis, leading to loss of muscle function associated with 

various pathologies, including basophilic fibers, enlarged fibers, and centrally nucleated fibers 

(Figure 3.1.A; white, black and green arrows, respectively).  To capture the molecular changes 

underlying these phenotypes at the resolution of individual myofibers, we used Seq-Scope, a 

spatial transcriptomics platform with sub-micrometer resolution (average 0.5–0.7 μm), which we 

have recently developed and optimized (30,31). By aggregating transcripts according to the 

histology-based myofiber segmentation, the spatial transcriptome could be precisely assigned to 

individual myofibers. This approach preserved fiber morphology and spatial context while 

revealing and mapping transcriptomic diversity. 
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In this study, four Ckm-Cre Tsc1F/F Depdc5F/F (muscle-specific deletion of Tsc1 and 

Depdc5) and four Tsc1F/F Depdc5F/F (Cre-negative control) littermates were sacrificed at 10 

weeks of age. EDL and SOL muscles were harvested, embedded in OCT, freshly frozen, and 

sectioned. A total of 16 cross-sections (two muscles per mouse) were placed onto Seq-Scope 

arrays for spatial transcriptomic profiling. The exact same sections were subjected to H&E 

staining and DAPI/WGA imaging on the array surface prior to transcript capture and library 

generation (Figure 3.1.B; first and second row, respectively). Sequencing of the Seq-Scope 

library yielded a total of 700 million unique reads that successfully aligned to the mm10 

reference genome with valid spatial barcodes. The resulting RNA density map (Figure 3.1.B, 

third row) revealed strong localization of transcripts at the periphery of myofibers, consistent 

with known muscle architecture. Using WGA imaging data and Cellpose segmentation algorithm 

to delineate cellular membranes, we segmented 8,616 individual myofibers across 16 tissue 

sections (Figure 3.1.B, fourth row, Figure 3.3.A). Data from each sample was considered 

independent, integrated and clustered to assign myofiber identities. The data showed minimal 

batch effects, aside from the expected separation of SOL and EDL with their distinct myofiber 

compositions (Figure 3.1.C and Figure 3.3.B-D). Myofiber types were also clearly distinguished 

by the expression of their corresponding myosin heavy chain isoforms (Figure 3.1.D and Figure 

3.3.C) and by metabolic genes associated with oxidative (MF1/MF2A) or glycolytic (MF2B) 

pathways (Figure 3.3.E-F).  

To systematically assess the histopathological features observed in mutant muscle, we 

quantified the prevalence of basophilic fibers, enlarged fibers, and centrally nucleated fibers 

across all sections (Figure 3.2.A). Basophilic fibers were further classified by staining patterns: 

transitional basophilic fibers showed scattered dark particles (Figure 3.2.A, right panel, top row), 

whereas developed basophilic fibers displayed dense, strip-like filling (Figure 3.2.A, right panel, 

bottom row). Strikingly, basophilic fibers were observed only in mutant EDL muscle, while 

enlarged fibers were restricted to mutant SOL muscle (Figure 3.2.B, left panel). Fibers with 

central nuclei were also more frequent in mutant SOL muscle. When stratified by fiber type, we 

found that MF2X fibers showed the highest frequency of pathological features relative to other 

fiber types, suggesting that MF2X fibers exhibit the strongest pathological response to mTORC1 

hyperactivation (Figure 3.2.B, right panel, 3.3.G). 

  



 107 

 
Figure 3.1 Seq-Scope enables histopathology-guided single-myofiber transcriptome analysis 

(A) Schematic of the experimental workflow. Arrows indicate pathological phenotypes including basophilia (white), 
hypertrophy (black), and central nuclei (green). Hematoxylin and eosin (H&E) histology, DAPI/wheat germ 
agglutinin (WGA) imaging, and Seq-Scope whole transcriptome analysis are performed on the same slide, which 
allows precise segmentation and single-myofiber transcriptome analysis. (B) Cross-sections of control and mutant 
skeletal muscles examined by Seq-Scope. From top to bottom, images are displayed as H&E histology, DAPI/WGA 
staining, RNA density map from Seq-Scope transcriptome data, single-myofiber segmentation, and spatial myofiber 
type projection, according to the clusters identified in (C). Tsc1F/F Depdc5F/F: control; Ckm-Cre Tsc1F/F Depdc5F/F: 
mutant. SOL: soleus muscle; EDL: extensor digitorum longus muscle. MF1: myofiber type I; MF2A: myofiber type 
IIa; MF2X: myofiber type IIx; MF2B: myofiber type IIb. (C) UMAP manifolds displaying the major myofiber types 
identified by multidimensional clustering. Datasets were integrated across mice. Each point (n = 8616) represents an 
individual myofiber and is colored according to its corresponding myofiber type (center) or its originating muscle 
depot (lower right). (D) UMAP manifold colored by the expression levels of myosin heavy chain (Myh) isoforms 
that represent each myofiber type.  
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Figure 3.2 mTORC1 hyperactivation-induced muscular pathologies 

(A) Pathological phenotypes observed in mTORC1 hyperactivated skeletal muscle. Left panel: centrally nucleated 
myofibers (arrows in the top row) and hypertrophic fibers (arrows in the bottom row). Right panel: transitional 
basophilic fibers (top row, scattered dark particles) and developed basophilic fibers (bottom row, dense and strip-
like filling). Boxed areas are magnified on the right.  (B) Quantification of pathological phenotype prevalence by 
muscle depot (left) or by myofiber type (right). “Other” includes myofibers from control muscles as well as 
morphologically normal fibers from mutant muscles. CTRL, control; KO, mutant. 
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Figure 3.3 Stratification of single-myofiber transcriptome into classical myofiber types 

(A) Distribution of unique RNA features (number of detected genes; left) and transcript counts (right) per segmented 
myofiber, shown separately for EDL and SOL. A minimum cutoff of 200 unique RNA features was applied prior to 
integration and downstream analyses. (B) Data integration performance. The UMAP manifold is colored according 
to the conditions (left) and batches (right) of individual myofibers. All eight biological replicates, from either control 
or mutant mice, contributed to all clusters with similar proportions. (C) Expression of myofiber-specific myosin 
heavy chain isoforms across designated myofiber types. (D) Proportion of myofiber types across muscles (left) and 
batches (right). (E) Dot plot representing the expression of fiber type-specific marker genes in each myofiber type 
cluster. Dot size represents the proportion of myofibers expressing each gene, and dot color represents the average 
expression level. (F) UMAP manifold colored according to the combined scores of metabolic-related genes across 
the oxidative (red) and glycolytic (blue) axis. (G) Distribution of myofiber types within each pathological phenotype 
category. 
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3.3.2 Identification of fiber type-specific responses to mTORC1 hyperactivation 

Skeletal muscle fiber types differ not only in contractile speed but also in metabolic 

specialization (1). These intrinsic differences suggest that individual fiber types may respond 

unevenly to stress. To test this, we conducted differential gene expression analysis to compare 

transcriptomic signatures of each myofiber cluster between control (homeostasis) and mutant 

(hyperactivation) muscle (Figure 3.4.A and Figure 3.6.A). Even though many genes were 

commonly upregulated in response to mTORC1 hyperactivation, representing conserved 

response pathways, substantial number of genes showed myofiber type–specific signatures 

(Figure 3.4.B). As described in the Methods, we have classified the genes upregulated under 

mTORC1 hyperactivation into global response (expressed across all four fiber types, 25%); 

partially specific response (expressed in two or three fiber types, 49.2% in sum); and responses 

specific for MF2A (5.6%, 7 genes), MF2X (4.0%, 5 genes), and MF2B (16.1%, 20 genes) fiber 

types (Figure 3.5.A and Figure 3.6.B-C). Notably, MF1 transcriptome only showed global 

responses, without any unique signatures, consistent with its well-documented resilience to 

metabolic and structural stress (32).  

To systematically evaluate the functional implications of both global and fiber-type–

specific signatures, we performed gene ontology (GO) enrichment analysis. Globally expressed 

genes were enriched in pathways related to ion transport regulation, muscle differentiation, 

cytoskeletal and synaptic remodeling, protein localization to membranes, and proteostasis 

(Figure 3.5.B). These pathways, directly linked to mTORC1 hyperactivation-induced 

proteostasis disruption and damage responses, were also observed in our previous bulk RNA-seq 

findings (6), highlighting the reproducibility of our analysis across different platforms.  

In contrast, enabled by the Seq-Scope technology, the present study revealed novel 

findings of fiber type–specific responses (Figure 3.4.B and Figure 3.5.C). CompareGO clustering 

showed that MF2B myofibers, despite experiencing the same mTORC1-driven stress as other 

fiber types, exhibited little enrichment of oxidative stress or detoxification processes. Instead, 

their response was dominated by reinforcement of carbohydrate metabolic pathways with the 

upregulation of Pkm, Phka1, Agl, and Pfkb3, indicating a rigid glycolytic program even under 

pathological conditions. By contrast, MF2A myofibers enriched heavily in stress-response and 

protein quality-control pathways, reflected by the induction of Tfrc (transferrin receptor, iron 

uptake), Mt1 (metallothionein, oxidative stress buffering), Psmd4, and Psmc3 (proteasome-



 111 

related subunits), alongside regulators such as Igfbp5 (insulin growth factor binding protein) and 

Sln (sarcolipin, calcium handling) that mark contractile and developmental specialization. MF2X 

myofibers, on the other hand, exhibited strong remodeling signatures with elevated Asb15 (E3 

ubiquitin ligase adaptor in myogenesis), Sparcl1 (extracellular matrix glycoprotein), and Actc1 

(cardiac α-actin, muscle development marker), accompanied by stress regulators Ctsb (cathepsin 

B) and Gpx3 (glutathione peroxidase), suggesting greater transcriptional plasticity in structural 

and oxidative adaptation. Together, these results establish a clear correspondence between gene-

level signatures and higher-order functional pathways (Figure 3.5.D), validating the concept that 

different fiber types deploy distinct transcriptional programs in response to mTORC1 

hyperactivation. 
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Figure 3.4 Identification of fiber type-specific responses to mTORC1 hyperactivation 

(A) Schematic of the analytical workflow for fiber type-specific differential expression (DE) analysis comparing 
control (homeostasis) and mutant (hyperactivation) muscle. Upregulated genes are shown (adjusted p-value < 0.05, 
log2FC > 1.5). (B) Representative expression patterns of genes that are exclusively upregulated in individual 
myofiber types, selected from a broader set (Figure 3.6.B). Exclusivity was determined by the Kruskal-Wallis test 
(adjusted p-value < 0.05). Exclusively expressed genes were not identified in mutant MF1 fibers.  
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Figure 3.5 Functional analysis of fiber type-specific responses to mTORC1 hyperactivation 

(A) Venn diagram depicting the uniqueness and overlap of upregulated genes across different myofiber types, with 
numbers and percentages shown for both shared and unique gene sets. (B) Genes upregulated across all four fiber 
types (Global Response) were analyzed by gene ontology (GO) enrichment and visualized as a network. Each node 
represents a GO term, grouped by functional proximity within the enrichment hierarchy. Node size indicates the 
number of genes associated with the term, and node color reflects enrichment significance (adjusted p-value).  (C) 
Genes selectively upregulated in specific fiber types were analyzed using compareGO. GO terms were grouped by 
functional proximity. Node size reflects the number of contributing genes, and node colors are shown as pie charts 
indicating the relative enrichment strength (adjusted p-value) contributed by each fiber type. (D) Genes globally 
upregulated across all fiber types and genes selectively upregulated in specific fiber types were mapped to enriched 
GO groups. The origin of each gene set is indicated by the stratum, and connecting threads represent gene-to-
pathway relationships, colored by GO term identity. 
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Figure 3.6 Validation of fiber type-specific and global gene expression comparisons 

(A) From the UMAP manifold showing fiber type identities (Figure 3.1.C), two condition-specific manifolds were 
generated. Dotted double-arrow lines indicate the fiber type–matched comparisons used for differential expression 
analysis. (B) Expression of mTORC1 hyperactivation-induced genes that are upregulated only in specific myofiber 
types in mutant muscle. The intersection symbol (∩) indicates genes that are upregulated in both of the indicated 
myofiber types. (C) Expression of globally upregulated genes induced by mTORC1 hyperactivation across all 
myofiber types. 
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3.3.3 Distinct mTORC1-driven adaptations of type IIx myofibers in different muscles  

Myofibers type IIx (MF2X), known to express Myh1 isoform, are often viewed as an 

intermediate fast-twitch population positioned between oxidative MF2A and glycolytic MF2B 

with respect to contractile and metabolic features (1). Importantly, MF2X represents the only 

fiber type consistently present in both the predominantly oxidative SOL muscle and the 

glycolytic EDL muscle, positioning it as a shared node across otherwise distinct fiber-type 

compositions (33). Recent snRNA-seq studies in both mouse and human muscle have confirmed 

that MF2X nuclei form a distinct transcriptional cluster, separable from myofiber MF2A and 

MF2B, and that their representation and state can shift under different physiological and 

pathological contexts such as regeneration or denervation (17,28). These datasets highlight that 

MF2X are not a homogeneous class but instead display notable context-specific divergence.  

To investigate how such a dynamic fiber type responds to mTORC1 hyperactivation, we 

isolated total of 1,447 MF2X myofibers from the dataset, representing all different tissue 

samples that integrated well with each other (Figure 3.3.B, Figure 3.7.A, and Figure 3.9.A). 

Although control MF2X fibers from SOL and EDL are mixed well in the UMAP manifold 

(Figure 3.7.A, left), mTORC1-hyperactivated MF2X fibers showed two distinct clusters, 

representing damage-associated MF2X-SOL and MF2X-EDL fibers (Figure 3.7.A, right). 

Notably, MF2X-SOL was predominantly associated with myofiber enlargement (Figure 3.7.B, 

top panel) while MF2X-EDL often exhibited basophilia (Figure 3.7.C, bottom panel).  

Differential expression analysis between control and mTORC1-hyperactivated MF2X-

SOL or MF2X-EDL revealed fiber type-specific transcriptional responses (Figure 3.9.B). Among 

216 genes highly upregulated by hyperactive mTORC1, 26 genes were classified to be EDL-

specific, while 72 genes were classified to be SOL-specific (Figure 3.7.D-E and Figure 3.9.C). 

Other genes were similarly upregulated in MF2X from both muscles. Gene score analysis 

demonstrated that mTORC1 hyperactivation was the predominant driver of these transcriptional 

changes (Figure 3.7.F, right), while such differences were minimal in control muscle (Figure 

3.7.F, left). Histology and spatial profiling of the MF2X myofibers further validated the distinct 

transcriptional and morphological separation between mutant SOL and EDL muscles (Figure 

3.8.A and Figure 3.9.D). While MF2X-EDL fibers remained small or normal in size, MF2X-

SOL fibers frequently exhibited noticeable hypertrophy (Figure 3.8.A and Figure 3.9.E). 
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Using the SOL- and EDL-specific mTORC1-responsive genes (Figure 3.7.D-E and 

Figure 3.9.C), we performed gene set enrichment analysis (Figure 3.8.B and Figure 3.9.F). Three 

categories of pathways emerged: those enriched in global MF2X response (proteostasis & 

apoptosis, muscle contraction, myogenic development, and oxidative stress response), SOL-

specific MF2X response (cytoskeletal complex assembly, and glucose homeostasis), and EDL-

specific MF2X response (ribonucleotide/purine metabolism, and monosaccharide catabolism). 

Together, these findings demonstrate that, even within a shared fiber class, mTORC1 

hyperactivation elicits divergent muscle-specific adaptations, underscoring the context-

dependent plasticity of type IIx myofibers. 
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Figure 3.7 Distinct hyperactive mTORC1 responses of type IIx myofibers in different muscles 

(A) UMAP visualization of myofiber datapoints separated as control (left) or mutant (right) groups, with muscle 
identity (EDL: red, or SOL: blue) annotated within the original MF2X depot (lower left). All other fiber types were 
greyed out. Dotted arrows and shapes indicate the bidirectional shift of the MF2X subclusters in response to 
mTORC1 hyperactivation. (B-C) Enlarged fibers (B) and developed basophilic fibers (C) were marked in the 
UMAP manifold (left). Their proportions were quantified from MF2X cluster of indicated muscles and presented in 
a bar graph (right). (D) Representative expression patterns of genes that are upregulated in response to mTORC1 
hyperactivation in all MF2X fibers (MF2X global upregulation) or specifically in MF2X of EDL or MF2X of SOL, 
selected from a broader set (Figure 3.9.C). Exclusivity was determined using pairwise Wilcoxon tests (adjusted p-
value < 0.05). (E) Venn diagram depicting the uniqueness and overlap of genes upregulated in MF2X of SOL and 
MF2X of EDL. (F) Cumulative module score of muscle-specific upregulated genes displayed in integrated UMAP 
manifold with control (left) and mutant (right) myofiber datapoints separated.  
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Figure 3.8 Systematic revelation of distinct responses from type IIx myofibers in different muscles 

(A) Spatial images of representative mutant sections from each muscle. Boxed areas are magnified below (H&E). 
MF2X myofiber identity (MF2X) and cumulative module scores (Distinct gene scoring) representing the axis of 
SOL- and EDL-specific responses are also visualized at the myofiber level. (B) GO enrichment network 
representing group of genes that are upregulated in response to mTORC1 hyperactivation in all MF2X fibers 
(Global response) or specifically in MF2X of EDL (EDL-specific) or MF2X of SOL (SOL-specific). Pathways were 
grouped by functional similarity. Node size reflects the number of genes associated with each pathway, and node 
colors are shown as pie charts indicating the relative enrichment significance (adjusted p-values) contributed by each 
muscle-specific gene set. For the complete results with GO term names, see Figure 3.9.F. 
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Figure 3.9 Validation of MF2X fiber responses under mTORC1 hyperactivation 

(A) Contribution of different experimental batches to each indicated dataset of MF2X myofibers. (B) Differential 
expression analyses of MF2X fibers in SOL (left) or EDL (right) between control and mutant mice. Significantly 
upregulated or downregulated genes (adjusted p-values < 0.05, Log2FC > or < 1.5) are highlighted. (C) Expression 
of the complete list of genes that are upregulated in response to mTORC1 hyperactivation in all MF2X fibers 
(MF2X global upregulation) or specifically in MF2X of EDL or MF2X of SOL. Exclusivity was determined using 
pairwise Wilcoxon tests (adjusted p-value < 0.05). (D) Spatial images of muscle-specific MF2X cumulative module 
scores (MF2X distinct gene scoring) representing the axis of SOL- and EDL-specific responses. (E) Immunostaining 
of indicated fiber types in control or mutant EDL or SOL muscle. Type I (red), IIa (blue) and IIb (magenta) fibers 
are visualized through specific antibody staining while type IIx fibers appear unstained (black). WGA staining 
(green) outlines myofiber membranes and extracellular matrix. Boxed areas in Merge column are magnified at right. 
(F) Heatmap showing the result of gene set enrichment analysis of genes upregulated in response to mTORC1 
hyperactivation in all MF2X fibers (MF2X global upregulation) or specifically in MF2X of EDL or MF2X of SOL. 
Color represents the enrichment significance (adjusted p-values). The result was used to construct the GO 
enrichment network shown in Figure 3.8.B.  
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3.3.4 Type IIx myofibers in Soleus undergo hypertrophy with structural remodeling 

Abnormal myofiber enlargement is a pathological hallmark observed in diverse muscle 

disorders and experimental models (1). As mTORC1 hyperactivation induced myofiber 

enlargement specifically in SOL muscle (Figure 3.2.B), we investigate its molecular basis by re-

analyzing 2,972 SOL myofibers, with a focus on the difference between control and mTORC1-

hyperactivated muscle tissues (Figure 3.10.A). In mutant SOL muscles, enlarged fibers were 

mainly recognized as MF2X, with only a small contribution from MF2A (Figure 3.10.A-B).  

Fiber size distributions derived from cross-sectional segmentation confirmed that while most 

MF2X fibers in mutant muscle expanded several-fold compared with controls, MF1 and the 

majority of MF2A shrank instead (Figure 3.10.C and Figure 3.12.A). These observations are 

consistent with IHC validation (Figure 3.9.E) and previously reported immunostaining 

quantification (8). We further noted a universal increase in Myh1 expression and decrease in 

Myh7/2 expression (Figure 3.12.B). The proportion of MF2X fibers in general were elevated in 

mutant SOL muscle (Figure 3.12.C). Importantly, this shift was observed consistently across 

independent batches, suggesting a potential fiber-type shift during stress. 

In addition to exhibiting prominent hypertrophy, MF2X fibers also displayed more 

pronounced changes at the molecular level. Among the genes differentially expressed between 

control and mutant SOL tissues, MF2X fibers showed the strongest overall expression changes 

compared with other fiber types (Figure 3.12.D). Since MF2X fibers showed both abnormal 

enlargement and transcriptome alterations, we further evaluated the molecular basis underlying 

the mTORC1-driven enlarged fibers, which occurs only in a subset of MF2X. To address this, 

we directly compared enlarged and non-enlarged fibers, enabling clearer identification of genes 

associated with mTORC1-driven hypertrophy (Figure 3.10.D). These genes were generally 

expressed at low levels in non-hypertrophic fibers and their expressions showed strong positive 

correlations with myofiber sizes (Figure 3.10.E), even after normalization to each myofiber’s 

RNA content (Figure 3.12.E). 

Genes strongly correlated with fiber enlargement included classical autophagy regulators 

such as Sqstm1 (p62), Map1lc3a (LC3A) and Ubb, as well as proteasome or protease 

components such as Psmb5 and Ctsd, suggesting an association between myofiber hypertrophy 

and mTORC1 hyperactivation-driven proteostasis disruption. Genes involved in muscle growth 

and regeneration (e.g., Igfbp5, Mustn1 and Ankrd1) and structural genes indicating sarcomeric 
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and cytoskeletal remodeling (e.g., Actc1, Myl4, Mylpf, Actn3, Tpm1 and Mybpc3) were also 

specifically upregulated in hypertrophic myofibers from mTORC1-hyperactivated muscles.  

In addition, Uchl1, a ubiquitin C-terminal hydrolase, was strongly correlated with fiber 

enlargement. Notably, Uchl1 has been shown to act as a brake on mTORC1 signaling in skeletal 

muscle, where its deletion results in sustained mTORC1 activation, impaired autophagy, and 

progressive muscle atrophy (34). Consistent with this, UCHL1 is also required for maintaining 

ubiquitin homeostasis and proper differentiation in myotubes, with knockdown leading to protein 

aggregation (35). Its elevated expression in enlarged fibers therefore suggests a compensatory 

role in managing proteostasis and restraining excessive mTORC1 activity under hyperactivation.  

Importantly, the specific upregulation of p62, Igfbp5, Actc1, and Uchl1 in hypertrophic 

myofibers was confirmed through IHC staining of their protein products (Figure 3.10.F). This 

coordinated program, combining impaired proteostasis, persistent growth signaling, and 

cytoskeletal remodeling, was reflected in our GO network analysis (Figure 3.11.A and Figure 

3.12.F). Together, these results connect the molecular changes to the enlargement myopathy 

observed in SOL muscle (Figure 3.11.B). 

 

3.3.5 Central nuclei are prevalent across various types of myofibers 

The presence of centrally located nuclei in skeletal myofibers is a well-recognized 

histopathological feature, commonly associated with regeneration, myopathies, and various 

muscle stress conditions (36,37). Histological analysis revealed a higher proportion of centrally 

nucleated myofibers in mutant SOL compared with mutant EDL muscles (Figure 3.1.F and 

Figure 3.13.A, left panel). Although no strong fiber-type specificity was detected, oxidative 

fibers, such as MF1 and MF2A, had a subtle tendency to show more frequent central nuclei 

compared to the glycolytic fibers (Figure 3.3.G, Figure 3.13.A, and Figure 3.13.B, right panel). 

To assess whether central nuclei regions display distinct transcriptional features, we segmented 

430 central nuclei from 2 mutant EDL and 2 mutant SOL muscles using combined H&E, DAPI, 

and WGA staining. Nuclei were dilated by 2, 4, or 6 µm to capture sufficient transcripts, and 

their transcriptomes were compared with 24-µm hexagon profiles from the 4 selected sections to 

generate a spatial single-nuclei–like dataset (Figure 3.14.C-D). The analysis did not reveal strong 

enrichment for a specific gene or pathway, likely reflecting that the central nuclei feature could 

happen for a variety of different myofibers without representing a specific pathway. However, 
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we were able to identify several zinc finger proteins, such as Zfp93 and Zfp429, which were 

significantly enriched in central nucleic regions and may be involved in positioning the nucleus 

during the injury (Figure 3.14.E). 
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Figure 3.10 Type IIx myofibers in Soleus undergo hypertrophy with structural remodeling 

(A) Spatial images of SOL sections. Left: histology overview of 4 control sections (top) and 4 mutant sections 
(bottom) overlaid with fiber type images. Right: Spatial images of magnified boxed area from corresponding 
overview, presenting from left to right as histology, fiber types, enlarged fiber labels, and raw transcripts plotted as 
colored dots. (B) Prevalence of enlarged fibers in different myofiber clusters of SOL was quantified and presented 
as a bar graph. (C) Size of fibers in different myofiber clusters of SOL was calculated and presented as a violin plot. 
One pixel corresponds to ~0.57 µm2. (D) Expression of genes highly upregulated in enlarged fibers were presented 
in a dot plot. (E) Correlation between fiber size and gene expression. Myofibers (x-axis) are ordered from small to 
large. Positively correlated genes (y-axis) are ranked by correlation strength. The expression level of the genes is 
colored based on z-scores. RNA counts within single fiber were normalized by fiber size to estimate RNA density. 
(F) Immunostaining of indicated proteins in control or mutant SOL muscle. WGA staining (green) outlines myofiber 
borders. Staining was performed on two serial sections (top and bottom). Boxed areas highlighting an enlarged fiber 
are magnified at the bottom.   



 124 

 

Figure 3.11 Schematic of soleus Type IIx hypertrophy with structural remodeling 

(A) GO enrichment network based on genes upregulated in enlarged fibers. Pathways were grouped by functional 
similarity. Node size corresponds to the number of genes associated with each pathway, and node color reflects 
enrichment significance (adjusted p-value). For the complete results with GO term names, see Figure 3.12.F. (B) 
Schematic diagram illustrating transcriptome regulation underlying pathological hypertrophy in mTORC1-activated 
type IIx myofibers in SOL. 
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Figure 3.12 Transcriptomic characteristics of pathological features in myofiber enlargement 

(A) Myofiber size visualized in integrated UMAP space, shown separately for control (left) and mutant (right) 
groups. (B) Expression of myofiber-specific myosin heavy chain isoforms across control and mutant SOL muscle 
batches. (C) Proportion of myofiber types in control and mutant SOL muscle batches. (D) Expression of mTORC1 
hyperactivation-driven upregulated genes in SOL myofiber types. Most of these genes show highest expression in 
MF2X fibers in mutant mice. (E) RNA count-fiber size correlation. Right: correlation between transcript counts per 
myofiber (RNA Counts) and fiber size. Left: correlation between size-normalized transcript density (RNA Counts / 
myofiber) and fiber size (Cell size). (F) GO enrichment analysis of genes upregulated in enlarged fibers, 
corresponding to the GO network shown in Figure 3.11.A.  
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Figure 3.13 Transcriptomic characteristics of pathological features in central nuclei 

(A) Centrally nucleated myofibers are marked in integrated UMAP space, separated by control (left) and mutant 
(right) groups. (B) Proportion of centrally nucleated myofibers in indicated subsets. (C) Histology-based spatial 
single-nuclei–like analysis. Central nuclei were identified from the histology images, and central nuclear 
transcriptome was extracted from spatial transcriptome with different radial ranges, reflecting lateral diffusion of 
transcripts. Analysis compared whole-tissue transcriptomes (segmented by 24 μm hexagon gridding) with central-
nuclei transcriptomes. (D) Identification of centrally nucleated fibers by combining DAPI/WGA and H&E staining. 
Central nuclei with different radial ranges are visualized in a gradient on top of H&E images. Boxed areas are 
magnified below. (E) Comparison of central-nuclei transcriptomes with whole-tissue transcriptomes. Differentially 
expressed genes between tissue transcriptome and central nuclei transcriptomes of different radial ranges were 
shown in volcano plots. Upregulated (red) and downregulated genes (green) (Log2FC > 1.5 on either side) are 
highlighted; significantly upregulated genes (adjust p-value < 0.05) are labeled.  
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3.3.6 Basophilic fibers activate lipid and oxidative metabolism to sustain elevated RNA 

synthesis 

Basophilic fibers represent a distinctive histological phenotype, defined by enhanced 

hematoxylin accumulation in the cytoplasm, reflecting elevated nucleotide content and often 

emerging under stress conditions (38). Here, based on H&E histology, we identified and isolated 

48 developed basophilic fibers and 387 transitional basophilic fibers where the majority were 

restricted to MF2X fibers in mutant EDL muscle (Figure 3.14.A-C and Figure 3.16.A, left 

panel). To validate the notion that more hematoxylin staining reflects elevated nucleotide 

content, we quantified RNA abundance in single fibers by counting unique transcripts from the 

spatial transcriptome dataset. Raw counts showed only modest increases in some developed 

basophilic fibers (Figure 3.16.B) likely due to the presence of hypertrophic fibers, which 

occupied more fiber volumes in histology, in non-basophilic fiber group. After normalizing RNA 

counts by fiber area to measure RNA concentration, we then observed a robust elevation of RNA 

content across both transitional and developed basophilic fibers (Figure 3.14.D-E). 

We next examined which genes were specifically expressed in basophilic fibers using 

differential expression analysis. Mitochondrial genome–encoded genes (Figure 3.14.F; those 

beginning with ‘mt-’) were strongly upregulated, along with numerous additional transcripts. To 

systematically understand the molecular characteristics of basophilic fibers, we performed GO 

pathway enrichment analysis (Figure 3.15.A). The result revealed a strong enrichment of genes 

mediating lipid metabolism, mitochondrial transport, tricarboxylic acid (TCA) cycle, electron 

transportation, and nucleotide synthesis (Figure 3.15.A). These findings suggested a pronounced 

upregulation of a coordinated programs in basophilic fibers. 

With further investigation, we identified multiple fatty acid and lipid metabolism-related 

genes, including Fabp3 (fatty acid transport), Acadl (long-chain β-oxidation), Oxct1 (ketone 

body catabolism), Mfn2 (mitochondrial fusion and lipid exchange), Chpt1 (phosphatidylcholine 

biosynthesis), and Gpx4 (lipid peroxide detoxification), prominently upregulated in basophilic 

fibers (Figure 3.14.F), reflecting a broad program enhancing lipid handling and mitochondrial 

lipid utilization. Ckmt2 (mitochondrial creatine kinase) additionally linked lipid-derived energy 

flux to ATP buffering, bridging fatty acid oxidation with downstream energy production. 

Elevated expression of Mb (myoglobin), multiple Cox subunits (cytochrome c oxidase), Atp 
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genes (ATP synthase), and several mitochondrially encoded respiratory chain components, as 

mentioned above, highlighted elevated mitochondrial respiration.  

Enrichment of ribonucleotide metabolic pathways was also observed (Figure 3.14.F, 

Figure 3.15.A, and Figure 3.16.C). Several TCA-associated enzymes contributed both energy 

and building blocks for nucleotide production: Idh2 (isocitrate dehydrogenase, generating 

NADPH for biosynthesis), Ogdh (α-ketoglutarate dehydrogenase, producing NADH while 

channeling carbon through the cycle), Mdh1/Mdh2 (malate dehydrogenases, regenerating 

oxaloacetate that serves as a source of aspartate for nucleotide rings), and Ldhb (lactate 

dehydrogenase B, maintaining NAD⁺/NADH balance and controlling substrate flow into 

mitochondria). In parallel, Mpc2 (mitochondrial pyruvate carrier) supported entry of glycolytic 

carbon into the cycle, while Nmrk2 (nicotinamide riboside kinase 2) contributed to NAD⁺ 

salvage, sustaining redox reactions required for biosynthesis. Together, these signatures point to 

a coordinated program in which fatty-acid oxidation and respiration not only supply ATP but 

also drive TCA cycle flux that yields reducing power and carbon intermediates, thereby fueling 

purine nucleotide synthesis and ultimately resulting in the elevated RNA content of basophilic 

fibers (Figure 3.15.B).  

To illustrate this framework within a histological context, Fabp3, Mb, and Mdh1 were 

highlighted as representative markers of lipid handling, oxidative respiration, and ribonucleotide 

metabolism, respectively (Figure 3.15.C, raw transcripts view). In parallel, A selection of genes 

corresponding to these three pathways were combined into cumulative scores, and their relative 

expression levels were assessed and visualized (Figure 3.15.C, Figure 3.16.A, right panel, and 

Figure 3.16.D). This analysis confirmed the specific activation of all three pathways in 

basophilic fibers, which correspond to MF2X in EDL muscle. Taken together, our results 

indicate that mTORC1 hyperactivation reprograms MF2X fibers in EDL muscle toward lipid-

supported respiration and nucleotide synthesis, giving rise to the basophilic phenotype. 
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Figure 3.14 EDL myofiber type IIx develops basophilia with high RNA content  

(A) Integrated UMAP manifold, colored with transitional (pink) and developed (red) basophilic fibers, shown 
separately for control (left) and mutant (right) groups. (B) The prevalence of basophilia was quantified for each fiber 
type cluster. (C) UMAP manifold displaying MF2X myofibers originated from EDL muscles (yellow). (D) UMAP 
manifold displaying RNA density (size-normalized RNA count) of each myofiber. (E) Violin plot visualizing the 
distribution of size-normalized RNA counts for transitional (pink) and developed (red) basophilic fibers as well as 
other fibers (grey). (F) Dot plot visualizing the expression of genes upregulated in basophilic fibers.  
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Figure 3.15 Basophilic fibers activate lipid and oxidative metabolism to sustain elevated RNA synthesis 

(A) GO enrichment network analysis based on genes specifically upregulated in basophilic fibers. Pathways were 
grouped by functional similarity. Node size corresponds to the number of genes associated with each pathway, and 
node color reflects enrichment significance (adjusted p-value). For the complete results with GO term names, see 
Figure 3.16.C. (B) Schematic diagram illustrating transcriptome regulation underlying mTORC1-induced basophilia 
in type IIx fibers in EDL. (C) Spatial images of a representative section from mutant EDL. Top: overview images 
presenting from left to right as H&E histology, MF2X identity, basophilic states, and cumulative score maps for 
following genes. Lipid handling score: Fabp3, Acadl, Oxct1, Mfn2, Chpt1, Gpx4, and Ckmt2. Respiration score: Mb, 
Cox genes, and Atp genes (see Figure 3.14.F). Mitochondrial gene score: mitochondrial genome-encoded genes (see 
Figure 3.14.F). Nucleotide synthesis score: Idh2, Ogdh, Mdh1/Mdh2, Ldhb, Mpc2, and Nmrk2. Bottom: 
representative basophilic fibers magnified in two views, corresponding to the boxes above in the H&E image. Raw 
transcripts are shown in colored dots as indicated in insets. Crosses and dotted borders highlight representative 
MF2X fibers. For the images from other mutant EDL sections, see Figure 3.16.A. 
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Figure 3.16 Supporting data for oxidative metabolism and RNA synthesis in basophilic fibers 

(A) Spatial images of mutant EDL sections (full set). Left panel from top to bottom: H&E histology, basophilia map, 
and MF2X cluster map. Right panel from top to bottom: maps of lipid-handling module score, respiration module 
score, mitochondrial gene module score, and nucleotide synthesis module score, calculated as in Figure 3.15.C. (B) 
Distribution of RNA counts and fiber sizes across basophilic fiber states. (C) Enriched GO terms corresponding to 
nodes in the basophilic fiber functional network (Figure 3.15.A). (D) Distribution of cumulative module scores 
across basophilic fiber states. 
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3.3.7 Stress-induced reprogramming of type IIb fibers in EDL reveals transcriptional 

adaptability 

Type IIb fibers (MF2B), typically defined as the most glycolytic and fast-contracting 

population, have recently been shown to exhibit transcriptional variation under different contexts 

(19, 32). With deeper investigation of raw transcriptome data, we identified an internal 

heterogeneity among MF2B fibers that was masked by an aggressive batch correction applied 

during integration. To uncover this subtle yet critical diversity, we isolated and sub-clustered 

4,182 myofibers from EDL, a muscle predominantly composed of MF2B fibers, without 

applying any batch correction (Figure 3.19.A-E). Control EDL samples displayed minimal batch 

variation, whereas mutant samples showed somewhat greater variability across biological 

replicates, likely reflecting individual-specific responses or differences in mTORC1 

hyperactivation-induced injury stages. Nonetheless, two mutant batches (KO-M1 & KO-M3) 

integrated well even without any batch correction, which could represent a reproducible 

transcriptome heterogeneity of MF2B myofibers (Figure 3.19.C-D).  

From this dataset, we identified a clear mTORC1 hyperactivation–driven subdivision of 

MF2B into three transcriptionally distinct groups among the two EDL replicates (Figure 3.17.A-

B). All three MF2B subgroups in mutant EDL exhibited elevated RNA content compared with 

controls, indicating active transcriptional responses (Figure 3.19.F). Gene profiling revealed 

divergent programs: MF2B subtype-1 (58% of mutant MF2B) expressed stress-response 

transcripts resembling the global mTORC1 hyperactivation signature; MF2B subtype-2 (22%) 

largely escaped the stress response and instead showed increased expression of genes controlling 

mitochondrial and oxidative metabolism; and MF2B subtype-3 (20%) was characterized by re-

expression of developmental and remodeling genes, including Actc1 and Myl4 (Figure 3.17.C). 

Among these subtypes, we focused on MF2B subtype-2, which suppressed stress 

response and rather upregulated oxidative metabolism. To quantitatively evaluate the 

mitochondrial content and activity, we generated a composite mitochondrial score based on all 

detectable mitochondrially encoded mt genes. The result confirmed that MF2B subtype-2 

exhibited a relatively high mitochondrial level that is comparable to basophilic MF2X fibers, the 

oxidative population in EDL muscles (Figure 3.17.C-D and Figure 3.20.B). However, 

interestingly, unlike basophilic MF2X fibers, MF2B subtype-2 fibers largely maintained normal 

morphology (Figure 3.17.E-F). These findings suggest that a fraction of MF2B adopts oxidative 
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metabolism without altering its myosin isoforms or developing pathological morphology in 

response to mTORC1 hyperactivation. 

MF2B subtype-3, highlighted by developmental and de-differentiation signatures, did not 

display any obvious morphological phenotypes (Figure 3.17.E, G). Transcriptional spatial 

mapping and quantitative analyses validated the elevated expression of Actc1 and Myl4 in this 

subgroup (Figure 3.17.G, right column and Figure 3.20.C). Co-immunostaining of ACTC1 and 

MYL4 revealed both overlapping and non-overlapping fibers (Figure 3.18.A), pointing to a more 

complex downstream regulatory mechanism. 

Despite these wide variations in transcriptome differences between MF2B subtypes, they 

maintained their MF2B identity by robustly expressing its characteristic Myh4 isoform (Figure 

3.19.B); Myh4 expression level was very high across all MF2B subtypes without any notable 

differences between the subtypes.  

Together, these findings demonstrate that type IIb fibers diverge into distinct 

transcriptional trajectories under mTORC1 hyperactivation (Figure 3.18.B) while maintaining 

their fiber-type identity, highlighting previously unrecognized heterogeneity and transcriptional 

adaptability within a fiber type that was traditionally considered uniform. 
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Figure 3.17 Type IIb fibers in EDL exhibit three distinct stress adaptation states without gross morphological 
alterations 

Myofibers from EDL muscles were subset and analyzed to reveal MF2B heterogeneity. (A) UMAP manifold 
showed MF2B clusters in selected control and mutant EDL sections (n = 2). Control MF2B cluster and non-MF2B 
clusters are labeled in dark gray and light gray, respectively. For full analysis, see Figure 3.19. (B) Spatial images of 
selected mutant EDL sections. Left: H&E histology. Middle: MF2B fiber subtype map, according to the clustering 
presented in (A). Right: Spatial map of a cumulative score created with the expression level of mitochondrial 
genome-encoded genes. Boxed areas in H&E images are magnified in (F-G). (C) Expression of genes upregulated in 
each KO-MF2B subtype (1-3). (D) mitochondrial gene cumulative score compared between control and mutant 
MF2B subtypes. (E) Frequency of basophilic fibers in control and mutant MF2B subtypes. (F) Representative views 
of MF2B subtype-2 with histology (H&E), fiber-subtype map, and mitochondrial gene cumulative score map. 
Crosses indicate representative subtype-2 myofibers. (G) Representative views of MF2B subtype-3 with histology 
(H&E), fiber-subtype map, and raw transcript plots of indicated genes. Crosses and dotted borders highlight 
representative subtype-3 myofibers.  
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Figure 3.18 Overview of distinct stress adaptation states in EDL Type IIb fibers 

(A) Immunostaining of indicated proteins in control and mutant EDL muscles. WGA staining (green) delineates 
myofiber membranes. Boxed areas are magnified at the bottom. (B) Schematic diagram illustrating differential 
adaptation responses of MF2B fibers to mTORC1 hyperactivation-induced stress. 
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Figure 3.19 Diversification of MF2B responses to mTORC1 hyperactivation 

(A) UMAP manifold displaying myofiber types from all EDL sections, constructed without batch correction. (B) 
Expression of myofiber-specific myosin heavy chain isoforms across designated myofiber types. All MF2B 
myofiber subtypes express Myh4, a key marker of MF2B. (C) UMAP manifold displaying experimental batches 
from all EDL sections, constructed without batch correction. (D) Proportion of individual batches in different 
myofiber types, presented in a bar graph. (E) Spatial images of 8 EDL sections (4 control and 4 mutant) used for the 
analyses in (A-D). H&E histology (top), fiber type map (middle), and mitochondrial gene cumulative score map 
(bottom) are shown. (F) Distribution of size-normalized RNA counts in different MF2B subclusters.  
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Figure 3.20 Expression of genes in MF2B subtypes in response to mTORC1 hyperactivation 

(A) Expression of mitochondrial genome-encoded genes in different myofiber clusters of EDL. (B) Mitochondrial 
gene cumulative score in different myofiber clusters of EDL. (C-D) Expression of indicated genes in different 
myofiber clusters in EDL, representing the mutant MF2B subtype-3 (C) or the KO-M3 batch effect (D).  
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3.3.8 mTORC1 hyperactivation drives macrophage–fibroblast accumulation in soleus muscle 

Aside from myofibers, or myocytes, many non-myocytic cell types, including fibroblasts, 

endothelial cells, and immune cells, reside within skeletal muscle, where they provide essential 

support for tissue maintenance and homeostasis. To investigate how these populations respond to 

mTORC1 hyperactivation, we profiled non-myocytes using 24-µm diameter (flat-to-flat width) 

hexagon spatial gridding. This revealed diverse cell types, including macrophages, fibroblasts, 

neuromuscular junctions (NMJs), and erythrocytes (RBCs) (Figure 3.21.A-B).  

While resting non-myocytic cell types are equally presented in all batches (Figure 

3.22.A-B), activated macrophages and fibroblasts were highly and specifically enriched in 

mutant SOL muscle (Figure 3.21.C and Figure 3.22.C). The macrophage cluster strongly 

expressed Apoe, marking them as tissue-resident macrophages (TRMs), whereas activated 

fibroblasts, separated from Gsn-expressing interstitial fibroblasts, expressed Mgp, Thbs4, 

Col1a1, and Col3a1, along with relatively low Gsn expression (Figure 3.21.B and Figure 

3.22.D). These observations indicated the development of a fibrotic environment in the 

mTORC1-hyperactivated mutant SOL muscles, which are enriched with histopathological 

features such as myofiber hypertrophy and central nucleus. Importantly, activated TRMs were 

often found in close proximity to activated fibroblasts (Figure 3.21.D), a spatial relationship that 

aligns with the established role of macrophages in driving fibrotic programs through paracrine 

signals that stimulate fibroblast activation and matrix deposition (39–41). 

Overall, these results demonstrate that mTORC1 hyperactivation in myofibers not only 

drives intrinsic fiber pathology but also elicits secondary responses in non-myocytes within a 

specific muscle. The recruitment and activation of these cells are speculated to be triggered by 

altered tissue architecture and hypertrophic myofiber secretory signaling, creating a complex and 

interdependent pathological microenvironment. 
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Figure 3.21 mTORC1 hyperactivation drives macrophage-fibroblast accumulation in SOL muscle 

Non-myocytes were identified in skeletal muscle using 24 μm non-overlapping hexagon gridding. (A) UMAP 
manifold of the hexagonal grid dataset displaying non-myocyte clusters, conducted without batch correction. (B) 
Expression of non-myocyte markers in different cell types. (C) Quantification of macrophage and fibroblast cell 
type prevalence in control and mutant mice. (D) Spatial images showing H&E histology and cluster maps in 
representative muscle sections from each group. Boxed areas are magnified. Transcript expression is displayed as 
indicated color dots. 
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Figure 3.22 Hexagonal grid analyses of non-myocyte populations 

(A) UMAP manifold, colored with batches (left), conditions (middle), or muscle (right), constructed without batch 
correction. Non-myocytes are highlighted in indicated colors, while myocytes are greyed out. (B) Distribution of 
unique transcript counts (left) and gene numbers (RNA features, right) per non-myocytes of indicated batches. (C) 
Quantification of macrophage and fibroblast cell type prevalence in indicated batches. (D) Expression of fibroblast 
activity-associated genes across non-myocyte clusters. 
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3.4 Discussion 

Histopathological features such as basophilic fibers, fiber enlargement, and central nuclei 

have long served as hallmarks of skeletal muscle disease (38,42,43), yet the molecular programs 

underlying these morphologies remain poorly understood. Traditional approaches have struggled 

to connect phenotype with transcriptional state at the level of single fibers, while scRNA and 

snRNA sequencing lose their associated histological information (15–26). By combining high-

resolution spatial transcriptomics with image-guided fiber segmentation, we establish a 

framework to directly link morphological phenotypes with their transcriptomes. This pathology-

guided, single-fiber analysis reveals how sustained mTORC1 hyperactivation drives diverse and 

fiber-type–specific pathological responses across distinct muscle groups. 

Even though the difference in susceptibility between EDL and SOL has long been 

recognized (44–46), our study is among the first to show that pathology-induced transcriptomic 

outcomes diverge sharply between these two muscles. In SOL, MF2X fibers predominantly 

underwent abnormal enlargement, whereas in EDL, MF2X fibers developed a basophilic 

phenotype. These contrasting trajectories indicate that MF2X fibers do not adopt a uniform 

pathological program but instead respond in a muscle-dependent manner. Given the distinct 

baseline fiber-type compositions and metabolic environments of SOL and EDL, it is plausible 

that local tissue context modulates how MF2X fibers respond to mTORC1 hyperactivation. In 

particular, the continuous activation and loading of SOL may contribute to its growth phenotype, 

whereas the relatively low usage of EDL might favor alternative pathological outcomes. It is also 

possible that MF2X fibers arising during development contain latent differences in identity, even 

if their baseline transcriptomes appear highly similar, which could contribute to muscle-specific 

outcomes under stress. Overall, these findings highlight the context-dependent plasticity of 

MF2X fibers and suggest that muscle-specific factors shape their adaptive responses to 

perturbation. 

Through gene enrichment analysis, abnormally enlarged fibers were identified as 

engaging sustained growth signaling, disrupted autophagic homeostasis, and structural 

remodeling (Figure 3.11.A), which is in line with the results from a previous study using bulk 

tissues (8). These processes were also shown to drive physiological myofiber hypertrophy in the 

context of mechanical overload (47). However, under continuous mTORC1 activation, they may 

tip the balance away from normal growth toward pathological remodeling. Even though 
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hyperactive mTORC1 drives ongoing anabolic activity, including increased protein synthesis and 

ribosomal biogenesis, it simultaneously suppresses autophagy, thereby compromising 

proteostasis. This impaired capacity to clear damaged proteins and organelles likely exacerbates 

the imbalance between growth and quality control. Alongside these defects, cytoskeletal 

remodeling signatures, including reorganization of actin filaments and contractile apparatus 

components, suggest structural adaptation aimed at accommodating increased fiber size. 

Together, these processes form a foundation for hypertrophic expansion, but one that is unstable, 

as the combined disruption of proteostasis and autophagy predisposes the fibers to dysfunction 

and degeneration.  

In EDL, MF2X fibers predominantly developed the basophilic phenotype, marked by 

lipid-supported respiration fueling nucleotide synthesis and culminating in elevated RNA content 

(Figure 3.15.B). Even though previous study has marked basophilia as a regenerative and 

metabolically oxidative phenotype (38), why these fibers adopt oxidative features in a glycolytic-

dominant muscle under mTORC1 hyperactivation remains an open question. One possibility is 

that the oxidative shift arises as a means of redox management: by enhancing oxidative 

phosphorylation, fibers increase NADH and FADH₂ turnover, thereby alleviating oxidative 

stress. This process inevitably generates TCA intermediates that could, in principle, be directed 

into multiple metabolic fates. However, under mTORC1 hyperactivation, where anabolic 

programs strongly promote RNA and protein synthesis, these intermediates are likely funneled 

preferentially toward nucleotide production. Alternatively, the oxidative shift may serve a more 

directed purpose with fibers deliberately engaging lipid-supported respiration as the most 

efficient pathway to sustain nucleotide and protein synthesis. In either case, the phenomenon 

underscores the metabolic plasticity of MF2X fibers, which appear capable of recruiting 

oxidative programs to meet the demands of pathological growth within an otherwise glycolytic 

muscle environment. 

Beyond basophilic and enlarged fibers, we also assessed additional pathological features 

commonly associated with myopathy. Fibers with central nuclei were more frequent in mutant 

muscle, consistent with regenerative remodeling (42), but our transcriptomic analysis did not 

yield a broad set of differentially expressed gene signatures for this nuclei population, likely 

reflecting technical difficulties or biological heterogeneity. However, we identified a small group 

of genes, including several zinc finger proteins, that were selectively enriched in central-nucleus 
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fibers, suggesting potential roles in mediating central-nuclei–associated muscle pathology. We 

also noted that different muscle tissues display variability in phenotype prevalence, which we 

attribute to differences in the stage of mTORC1 hyperactivation across muscles. While all the 

sections were included in the integrative analysis, a subset of tissues were more extensively 

focused on to reveal fine-level heterogeneity that was masked during aggressive batch correction 

procedures.  

In addition to these pathological features, our analysis also uncovered unexpected 

adaptability within MF2B fibers (Figure 3.18.B). Traditionally viewed as the most glycolytic and 

least flexible fiber type (48,49), MF2B in EDL diverged into three distinct subgroups under 

mTORC1 hyperactivation. One subgroup displayed the canonical stress-response program, 

consistent with the global transcriptomic changes induced by mTORC1 activation. The second 

subgroup, however, showed elevated expression of mitochondrial and oxidative genes while 

retaining a morphologically normal appearance. We speculate that this reflects a compensatory 

shift, in which a fraction of MF2B fibers adopt oxidative features to support aerobic metabolism 

that would normally be contributed by MF2X fibers, which are diverted into the basophilic 

trajectory. The third subgroup re-expressed developmental and structural regulators such as 

Actc1 and Myl4, pointing to a remodeling program that may reflect partial de-differentiation or 

activation of regenerative pathways. These divergent outcomes suggest that mTORC1 

hyperactivation does not impose a uniform response in glycolytic fibers but instead interacts with 

local or intrinsic cues to channel MF2B into distinct transcriptional trajectories. With responses 

largely independent from overt morphological pathologies, we speculate that these 

heterogeneous programs may be shaped and affected by surrounding non-myocytes or 

neighboring fibers. Importantly, despite these wide variations in transcriptome response, they 

maintained their MF2B identity by expressing their characteristic myosin isoform Myh4 at robust 

levels. These findings reveal that MF2B fibers, long considered metabolically rigid, can mount 

heterogeneous transcriptional responses when challenged, suggesting a previously 

underappreciated capacity for remodeling within this fiber type.  

In conclusion, our study provides a comprehensive view of how sustained mTORC1 

hyperactivation reshapes skeletal muscle at single-fiber resolution. By integrating pathology-

guided segmentation with spatial transcriptomics, we uncovered fiber-type–specific adaptations, 

including divergent MF2X trajectories and unexpected heterogeneity within MF2B, as well as 
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non-myocytic responses that promote fibrotic remodeling. These findings extend our 

understanding of the molecular programs that underlie classic histopathological features of 

myopathy and emphasize the plasticity of fiber types under stress. A limitation of our study is 

that it was performed in murine models of mTORC1 hyperactivation, and further work will be 

needed to determine whether similar adaptive programs operate in other pathological contexts or 

human diseases. Nonetheless, this work highlights the value of spatially resolved transcriptomics 

for linking morphology to molecular state and establishes a framework for future investigations 

into the mechanisms that govern muscle pathology. 

 

3.5 Methods 

 

Sex as a biological variable 

In this study, spatial transcriptomic analyses were performed in male mice. Our previous 

characterization of the same mouse model showed that mTORC1-driven myopathy and 

associated cardiac and respiratory defects occur in both male and female mice (6,14), indicating 

that the core pathological consequences of mTORC1 hyperactivation are not sex restricted. 

Many functional and molecular assays in that work were carried out in males, and the present 

study builds on that dataset by adding high-resolution, fiber type-specific and muscle-specific 

transcriptional information in the same sex. Consequently, the spatial and single-myofiber 

programs described here are defined in male skeletal muscle, and it remains unknown whether 

the detailed histopathological and transcriptional trajectories are identical in females. Future 

studies that include both sexes and are prospectively powered for sex-stratified analyses will be 

required to determine whether sex modifies susceptibility to mTORC1 hyperactivation, the 

responses of individual fiber types, or associated non-myocytic remodeling. 

 

Rodent muscular mTORC1 hyperactivation model 

As previously described (6,14), Tsc1F/F and Ckm-Cre mice (C57BL/6J background) were 

obtained from Jackson Laboratories (stock no. 005680), and Depdc5F/F mice were collected from 

the European Mouse Mutant Archive (EM:10459).  Tsc1F/F Depdc5F/F double knockout mice 

were generated by interbreeding, and progeny were subsequently crossed with Ckm-Cre mice to 

produce skeletal muscle–specific knockout animals. All mice were maintained under protocols 
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approved by the University of Michigan Institutional Animal Care and Use Committee 

(IACUC). To minimize batch effects, four control and four knockout littermates were selected 

for tissue harvest. Immediately after dissection, muscle tissues were embedded in O.C.T. 

compound (23-730-571, Fisher Scientific) and snap-frozen in liquid nitrogen–cooled 2-

methylbutane (MX0760, Sigma-Aldrich). 

 

Seq-Scope array production (1st-Seq) 

Seq-Scope procedures were described in detail previously (30,31). Seq-Scope is a solid-

phase transcriptome spatial capture system that has undergone several upgrades. The latest 

version was built upon Illumina NovaSeq 6000 platform with a 7 mm × 7 mm imaging area. 

Barcoded capture probe clusters on the array surface were generated using HDMI32-DraI, a 

custom single-stranded oligonucleotide library (IDT), and Read1-DraI sequencing primer 

through a sequence-by-synthesis strategy. The sequencing output FASTQ file generated during 

array construction contained the barcode sequences and their corresponding XY coordinates.  

The array originated from Illumina NovaSeq 6000 flow cell contains four channels with 7 

mm × 70 mm imaging areas. Arrays were split and diced into suitable sizes for storage and 

experimental use. Before application, arrays required several preprocessing steps. Arrays were 

first washed three times with nuclease-free water, followed by overnight incubation at 37 °C 

with a DraI (R0129, NEB) / CIAP (M0525, NEB) enzyme mixture. The following day, arrays 

were treated with Exonuclease I (M2903, NEB) for 45 min at 37 °C, then washed sequentially: 

three times with nuclease-free water, three times with 0.1 N NaOH for 5 min each, and three 

times with 0.1 M Tris (pH 7.5). 

 

Seq-Scope spatial transcriptome library generation and sequencing (2nd-Seq) 

Seq-Scope library generation was performed according to our previous paper (30). OCT-

mounted frozen muscle blocks stored at –80 °C were equilibrated in a cryostat (Leica CM3050S) 

at –15 °C for 1 h prior to sectioning. Sections were cut at 10 μm thickness with a 5° cutting angle 

and placed onto cold Seq-Scope arrays, then warmed to room temperature to promote tight 

attachment. Tissue fixation was performed on the array with 4% formaldehyde (15170, Electron 

Microscopy Sciences) at room temperature for 10 min, followed by three PBS washes. Sections 

were then co-stained with DAPI (Invitrogen, D21490) and Alexa Fluor-488 WGA (Invitrogen, 
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W11261) for 15 min at room temperature, washed three times with PBS, mounted in 5% 

glycerol, and imaged on a Keyence digital darkroom system for whole-tissue DAPI/WGA 

capture. The coverslip was then gently removed to avoid tissue damage, after which hematoxylin 

and eosin (H&E) staining was performed and whole-tissue H&E images were captured with a 

Keyence microscope. 

Tissue permeabilization was carried out by incubating sections with 0.2 U/μL collagenase 

I (17018-029, Thermo Fisher) at 37 °C for 20 min, followed by 1 mg/mL pepsin (P7000, Sigma) 

in 0.1 M HCl at 37 °C for 10 min. Reverse transcription was performed between the 

permeabilized tissue and array surface using an RT mixture [1× RT buffer (EP0751, Thermo 

Fisher), 4% Ficoll PM-400 (F4375-10G, Sigma), 1 mM dNTPs (N0477L, NEB), RNase inhibitor 

(30281, Lucigen), Maxima H-RTase (EP0751, Thermo Fisher)] and incubated overnight at 42 °C 

in a humidified chamber. The following day, unbound single-stranded DNA probes were 

digested with Exonuclease I (M2903, NEB). Tissue was removed by incubation with a digestion 

cocktail (100 mM Tris, pH 8.0; 100 mM NaCl; 2% SDS; 5 mM EDTA; 16 U/mL Proteinase K, 

P8107S, NEB) at 37 °C for 40 min. Arrays were then washed three times each with nuclease-free 

water, 0.1 N NaOH (5 min per wash), and 0.1 M Tris, pH 7.5. 

Library generation was performed immediately after washing. Arrays were incubated for 

2 h at 37 °C in a humidified chamber with a library synthesis mixture [1× NEBuffer-2 (NEB), 10 

μM TruSeq Read2-conjugated random primer (IDT), 1 mM dNTPs (N0477, NEB), Klenow 

Fragment (M0212, NEB), nuclease-free water]. The arrays were then washed with nuclease-free 

water, and libraries were collected twice by 0.1 N NaOH elution (5 min each). Eluates were 

neutralized with 3 M potassium acetate, pH 5.5, and purified with AMPure XP beads (1.2× 

bead/sample ratio, A63881, Beckman Coulter) according to the manufacturer’s instructions. 

Libraries were amplified in two rounds of PCR using Kapa HiFi HotStart ReadyMix 

(KK2602, KAPA Biosystems). The first round used 2 μM TruSeq forward and reverse primers 

as described previously (30,31), and products were purified with AMPure XP beads (1× 

bead/sample ratio). In the second round, TruSeq indexing primers were applied, and products 

were size selected with AMPure XP beads (0.6× bead/sample ratio). Library quality was 

assessed on an Agilent 2100 Bioanalyzer (Agilent), with additional purification performed if 

necessary. Final libraries were sequenced using paired-end 100-cycle reads. 
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Raw data processing  

Seq-Scope data processing was using the NovaScope pipeline, as described in detail 

previously (30). 1st-Seq data table was generated from the 1st-Seq FASTQ files, containing 

array region lookup indices, quality-filtered barcode sequences, and corresponding spatial 

coordinates. The 2nd-Seq FASTQ reads were then processed against this table by (i) assigning 

array indices through region lookup, (ii) mapping reads to the spatial barcode map using spatial 

barcode sequences (HDMI), (iii) filtering barcoded reads with validated barcode sequences, and 

(iv) assigning spatial coordinates to the identified reads. Reads with assigned spatial information 

were aligned to the genome using STAR (50), and a spatial digital gene expression (SGE) matrix 

was generated. 

 

Histology and SGE alignment 

H&E images were aligned to SGE matrix using the historef package (version 0.1.3), 

which detects fiducial marks visible in both modalities to guide image registration, as described 

previously (30). DAPI/WGA images were subsequently aligned to the processed H&E images 

using Georeferencer function in QGIS (version 3.22.9). 

 

Myofiber segmentation and hexagon gridding 

Myofiber segmentation was performed in Cellpose (51) using WGA-stained myofiber 

membranes as input. A custom segmentation model was trained to optimize fiber identification, 

and manual adjustments were applied when necessary. Segmentation masks generated by 

Cellpose were exported as NumPy arrays and processed with custom Python scripts to label and 

isolate individual fibers. Transcripts within each segmented myofiber were aggregated and stored 

as an aggregated spatial digital gene expression matrix. Longitudinal and oblique myofibers, 

which are minimally presented within the cross sections, were ruled out during pixel size 

counting.  

For non-myocyte analysis, spatial hexagon grids (24 μm, non-overlapping) were 

generated using NovaScope, where transcripts within each grid were aggregated and treated as a 

single unit, with spatial coordinates assigned to the hexagon center. 

 

Data Analysis and Visualization 
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Single-myofiber datasets were analyzed using Seurat package (52,53). Myofibers with 

low feature counts (nFeature cutoff: 200) were removed to optimize clustering performance. 

Each batch was normalized with SCTransform, and datasets were integrated using SCT-

normalized values. Principal components were calculated using the RunPCA function, and high-

quality components were selected to generate UMAP embeddings, followed by cluster 

identification with the FindNeighbors and FindClusters functions. Myofiber clusters were 

annotated based on marker gene expression, and unique transcript signatures were identified with 

the FindMarkers and FindAllMarkers functions. 

Gene ontology enrichment analysis was performed with ClusterProfiler (54) using the 

org.Mm.eg.db annotation (Carlson, M., Bioconductor). Data visualization was supported by 

various R packages including Seurat, ggplot2, ggvenn (Yan, G., version 0.1.10), 

ggVennDiagram (55), ComplexUpset (krassowski, M., version 1.3.3), ComplexHeatmap (56) 

and enrichplot (54). Spatial myofiber projections were generated from segmentation NumPy 

arrays using custom python scripts. Raw spatial gene expression was visualized with a custom 

software platform that displayed both histology and the SGE matrix. 

Hexagon-based spatial transcriptomes (24 μm non-overlapping grids) were analyzed 

independently without dataset integration, primarily to detect non-myocytes. Each hexagon was 

treated as a single cell. Normalization and clustering were performed in Seurat using 

SCTransform, RunPCA, and RunUMAP function, followed by marker-based annotation. 

 

Statistics 

Genes significantly upregulated in mutant muscle comparing to control muscle were first 

filtered using stringent cutoffs on expression level and fold-change, followed by systematic 

classification on fiber types using a combination of Kruskal–Wallis and pairwise Wilcoxon tests. 

The Kruskal–Wallis test identified genes with significantly higher expression in their top-

expressing fiber type, thereby defining fiber type–specific signatures (adjusted p.value < 0.05). 

The Pairwise Wilcoxon tests were subsequently conducted to compare expression levels across 

fiber types, allowing us to define partially shared gene groups as well as globally enriched 

transcripts (adjusted p.value < 0.05). 
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Immunohistochemistry 

Frozen muscle sections were equilibrated to room temperature before processing. 

Sections were permeabilized with 0.5% Triton X-100 in PBS for 5 min, followed by three PBS 

washes (5 min each). Fiber-type immunostaining was performed using the Mouse on Mouse 

(M.O.M.) Immunodetection Kit (VectorLabs, BMK-2202) according to the manufacturer’s 

instructions. Briefly, sections were incubated overnight at 4 °C with M.O.M. Mouse Ig Blocking 

Reagent, then with primary antibodies diluted in M.O.M. Diluent at optimized concentrations. 

Alexa Fluor–conjugated secondary antibodies (Invitrogen) were diluted in M.O.M. Diluent and 

applied for 60 min at room temperature. For membrane visualization, sections were incubated 

with Alexa Fluor 488–conjugated WGA (Invitrogen, W11261) for 10 min prior to mounting with 

ProLong Gold Antifade Mountant (Invitrogen, P36934). Images were acquired using a Zeiss 

LSM 980 confocal microscope equipped with an Airyscan 2 detector (Carl Zeiss Microscopy). 

Primary antibodies: BA-D5 (MF1), SC-71 (MF2A), BF-F3 (MF2B) were acquired from 

Developmental Studies Hybridoma Bank (DSHB), University of Iowa. ACTC1 (66125-1-IG) 

and MYL4 (67533-1-IG) were purchased from ProteinTech. UCHL1 (PA5-29012) and IGFBP5 

(PA5-37369) were purchased from Invitrogen. SQSTM1/p62 (5114) were purchased from Cell 

Signaling. 
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Chapter 4 Conclusions and Future Directions 

4.1 Summary 

Spatial transcriptomics is a powerful approach for systematically profiling cellular RNA 

expression within intact tissue, revealing critical information that is otherwise masked by 

histological architecture (1). In this thesis, I described the development and methodology of Seq-

Scope, a cutting-edge spatial transcriptomics platform established in our laboratory (2,3). Seq-

Scope enables unbiased transcript capture while maintaining sub-micrometer resolution, offering 

a comprehensive single-cell spatial view of gene expression. I also presented four applications of 

Seq-Scope in pathophysiology, covering skin acne (4), liver senescence, muscle denervation (5), 

and mTORC1-driven myopathies (6), described at different levels of depth. Together, these 

studies demonstrated the versatility of Seq-Scope as both a technology and a discovery tool, 

while also inspiring important follow-up questions in different aspects. 

 

4.2 The future of Seq-Scope: beyond spatial transcriptomics  

The field of spatial omics has expanded rapidly over the past decade (7). Researchers 

have increasingly sought to incorporate spatial context into omics studies as the complexity and 

heterogeneity of tissue microenvironments become more evident. As both a contributor to and a 

competitor in spatial transcriptomics, Seq-Scope has achieved unprecedented resolution while 

remaining relatively straightforward to implement in other laboratories (2,3). Still, it is important 

to acknowledge a key limitation of Seq-Scope: it currently operates primarily within the 

transcriptomic space, whereas other platforms have advanced toward integrated multi-omics 

capabilities (8–10). 

The expansion of Seq-Scope is necessary and ongoing. We proposed redesigning the 

Seq-Scope first-seq synthetic library that is capable of incorporating additional probes beyond 

the original poly(A)-capture probe. By modifying the capture head of these add-on probes, Seq-

Scope can be adapted to collect information beyond the host poly(A) transcriptome. Over the 
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past few years, several promising projects branching from the standard Seq-Scope workflow 

have been initiated. 

(i) Seq-Scope CRISPR-Cas9 in situ screening. CRISPR screening has become a well-

established approach for studying the expansion of somatic mutations that drive cancer 

progression (11,12). In this system, researchers deliver pooled sgRNA libraries into Cas9-

expressing mice, generating single-gene deletions in individual cells. Over time, cells harboring 

advantageous deletions expand within the target tissue, often accompanied by additional 

mutations acquired during uncontrolled proliferation, eventually giving rise to malignant tumor 

microenvironments. This powerful technology has provided valuable insights into somatic 

mutation biology. However, the equally important spatial context underlying these processes 

remains largely inaccessible. One potential solution is to design add-on probes within the Seq-

Scope platform that target conserved regions of sgRNAs used in CRISPR systems. By applying 

sgRNA-Cas9 tissues to a customized Seq-Scope array, it would become possible to capture not 

only the identity of the sgRNA within a given cell, but also that cell’s transcriptome together 

with the transcriptomes of surrounding cells. This integration would enable in situ identification 

of transcriptional shifts associated with specific knockouts by directly linking each cell’s 

transcriptome to its corresponding sgRNA sequence.  

(ii)  Seq-Scope Microbiome. Microbiota are increasingly recognized as critical regulators 

of physiology, participating in diverse processes across tissues ranging from barrier surfaces 

such as the skin and colon to more protected organs such as the brain. However, due to the 

current limitation in technology, it is still challenging to grasp the complex regulatory 

interactions mediated by diverse microbial populations. Here, we propose extending Seq-Scope 

into this area, where it could provide a powerful framework for simultaneously capturing 

microbial identity and host transcriptional responses. By designing add-on probes targeting 

conserved regions of bacterial 16S rRNA (13,14), Seq-Scope could enable simultaneous spatial 

profiling of gut microbiota composition and host transcriptomes. This combined readout would 

provide a framework for examining microbiome-host crosstalk within intact tissue contexts. 

 (iii) Seq-Scope Epitranscriptome. A major limitation of Seq-Scope is its current 

restriction to transcriptomic profiling. Yet studies have shown that post-transcriptional, or epi-

transcriptional, modifications can be just as important as transcript abundance in shaping cellular 

physiology. In this thesis, I further propose extending Seq-Scope into the epitranscriptomic 
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space. Achieving this goal would require substantial modification of the standard workflow, 

because epitranscriptional marks on mRNA cannot be directly preserved through conventional 

reverse transcription into complementary DNA. Rather than reverse-transcribing cDNA directly 

on the barcoded probe, as in the original setup, we propose building the spatial barcodes onto the 

probe-bound mRNA itself. This strategy would preserve endogenous RNA modifications while 

spatially barcoding the transcripts, thereby enabling downstream isolation of modified RNAs 

through immunoprecipitation-based methods such as methylated RNA immunoprecipitation 

(meRIP) (15). The locations of these modifications on transcripts could be further resolved using 

artificial bases and specialized polymerases during library construction. If successful, this 

technological upgrade would allow Seq-Scope to extend into the epitranscriptomic space and 

provide an additional layer of information on cellular regulatory mechanisms. 

While these projects remain technically challenging and are progressing at a slower pace, 

it is important to note that each carries tremendous potential to advance its corresponding field. If 

successful, these efforts would further elevate Seq-Scope as a leading platform and substantially 

broaden its impact across the spatial omics landscape. 

 

4.3 Muscle atlas and muscular microenvironments 

In Chapter 2, this thesis describes the construction of a rodent skeletal muscle atlas and 

the discovery of myofiber and sub-myofiber heterogeneity during denervation (5). While this 

work provided the first comprehensive view of skeletal muscle transcriptomic organization, it is 

fully acknowledged as exploratory and therefore limited in mechanistic insight. Follow-up 

investigations in multiple directions could be established. For instance, the identification of fiber-

type-specific stress responses during denervation motivates studies aimed at defining how and 

why distinct myofiber types exhibit divergent responses. In addition, the localized transcriptional 

shifts at the neuromuscular junction could inspire research explaining the drivers of regionally 

enriched extracellular matrix remodeling programs. Overall, the work presented here is not the 

final answer of muscle physiology, but a foundation on which future mechanistic studies can 

build upon.  
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4.4 mTORC1 hyperactivation-driven myopathies 

In Chapter 3, this thesis documents the integration of histopathology and transcriptomics 

to dissect muscle pathophysiology in a rodent model of sustained mTORC1 hyperactivation (6). 

This study is distinctive in that it linked morphological outcomes to molecular states at single-

fiber resolution. A central finding is the divergent fate of type IIx fibers across muscles: 

hypertrophy accompanied by impaired proteostasis in soleus, versus basophilia associated with 

lipid-supported respiration and RNA accumulation in EDL. Compared with the earlier chapters, 

these results provide clearer mechanistic insight into how sustained mTORC1 signaling reshapes 

myofiber states. 

Important questions remain regarding the drivers of these two trajectories. One possibility 

is that differences in fiber-type compositions between soleus and EDL create distinct 

microenvironments that drives myofiber type IIx toward different pathological outcomes. Future 

studies could test this idea through targeted interventions that alter muscle identity, such as co-

transfecting Six1 and Eya1 expression vectors into soleus to induce a slow-to-fast transition. This 

manipulation has been reported to promote replacement of MyHC I/IIa with faster isoforms, 

activate fast-fiber gene programs, and shift metabolism toward glycolysis (16). 

 

4.5 Perspectives 

This thesis introduces Seq-Scope as a scalable spatial transcriptomics technology with 

subcellular-level resolution and shows how it can connect tissue histology to underlying 

regulatory programs. Through case studies in skin acne, liver senescence, and skeletal muscle 

biology and pathology, the work lays out a broadly applicable strategy to map how gene 

expression is regulated inside cells, among cell populations, and within local microenvironments 

in health and disease. 
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