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SUMMARY 

Tendon injuries are common and often heal poorly. While developing tendons heal 

without scarring, this capacity declines with age, yet the underlying cellular transitions 

remain poorly defined. Here, we integrate histological, single-nucleus, single-cell, and 

spatial transcriptomic profiling of human Achilles and quadriceps tendons across 

embryonic, foetal, and adult stages, including ruptured adult tendons. We identify 

seven embryonic progenitor states that give rise to three distinct tendon-associated 

fibrillar, connective tissue, and chondrogenic lineages. These populations diversify 

during development and occupy distinct spatial niches, adopting specialised roles in 

matrix synthesis, tissue remodelling, and mechanical adaptation. While non-fibroblast 

populations remain transcriptionally stable with age, fibroblasts undergo marked 

reprogramming, shifting to homeostatic or injury-responsive states. In ruptured adult 

tendons, a subset of fibroblasts partially reactivates developmental programs but 

remains transcriptionally distinct from their regenerative counterparts. These findings 



define the cellular architecture of human tendon development and ageing and reveal 

lineage-specific targets for therapeutic repair.  

INTRODUCTION  

Tendons are essential connective tissues that transmit force between muscles and 

bones, enabling movement and stabilising joints. Despite their remarkable strength 

and resilience, tendons are vulnerable to injuries and degenerative conditions (often 

termed tendinopathies), which cause pain, swelling, and impaired function, severely 

affecting quality of life.1–4 

The capacity for tendon repair varies drastically across the lifespan. Whereas foetal 

and neonatal tendons can regenerate with minimal scarring, adult tendons typically 

heal through fibrosis or ectopic ossification, resulting in disorganised extracellular 

matrix (ECM) and compromised mechanical properties.5–10 These contrasting 

outcomes appear driven by intrinsic differences in tendon-resident cell behaviour, 

rather than external environmental factors.6,8,11–17  

Recent spatial and single-cell/nucleus RNA-sequencing studies have begun to 

uncover the cellular heterogeneity underlying these differences, though findings vary 

across species and anatomical locations.13,18–26 Beyond the well-characterised 

COL1A1+TNMD+MKX+ intrafascicular tenocytes responsible for ECM production and 

fibre alignment,27–30 tendons also harbour fibroblasts with elevated COL3A1 

expression,20–26,31 PTPRC/CD45+ immune cells,13,19–22,24–26 PECAM1/CD31+ 

endothelial cells,13,19–26 MCAM/CD146+ pericytes,19,26 NOTCH3+ mural or ACTA2+ 

smooth muscle cells,20,21,24–26 and, in some studies, muscle cells,21,24,26 neural 

cells,19,24,26 adipocytes,24,26 and fibro-adipogenic progenitors.13,20 Despite this 

emerging complexity, consistent identification of canonical tendon stem/progenitor 

cells (TSPCs) – marked by STRO-1, MCAM/CD146, ENG/CD105, THY1/CD90, 

CD44, SCX, TNMD, COMP, and TNC32,33 – remains elusive. Instead, recent studies 

describe injury-responsive, sheath-derived progenitors expressing SCX-

TPPP3+PDGFRA+ 13,34 or AXIN2+ 12,17 signatures in adult tendons. 

Evidence from murine models highlights that tendon healing is age- and context-

dependent. Neonatal tendons exhibit robust regenerative capacity driven by intrinsic 



Scx+ cells,9 while adult tendons predominantly heal through fibrotic mechanisms, 

involving extrinsic Scx-Acta2+9 or Sca1+35 cells. Mechanical load and TGF-β signalling 

further modulate Scx expression and ECM organisation, shaping whether repair 

proceeds via regenerative or fibrotic pathways.9,12,35–45 Yet, major gaps remain 

regarding how tendon cell identity, plasticity, and niche-specific behaviours evolve over 

time from development into adulthood, particularly following injury. Moreover, whether 

developmental tendon lineages are retained, reactivated, or replaced after rupture in 

adult humans is not yet understood. 

Here, we map the transcriptional landscapes of human tendons across development 

and ageing. Using single-nucleus, single-cell, and spatial RNA-sequencing, we profile 

cell populations within embryonic (6-9 post-conception weeks (pcw)), foetal (12-20 

pcw), and adult (25-76 years) human tendons. We further characterise how rupture 

remodels the cellular composition and cell state in adult quadriceps tendons. This 

study identifies conserved and divergent fibroblast populations across life stages, 

revealing signatures of intrinsically regenerative fibroblasts and defining how ageing 

and injury reshape tendon cell fate and function. 

RESULTS 

To characterise cell populations in intrinsically (re)generative human tendons, we 

performed single-nucleus RNA sequencing (snRNA-seq) on Achilles (N=8) and 

quadriceps tendons (N=7) from nine human foetal donors aged 12, 17, and 20 pcw 

(Figure 1A, Table S1). In parallel, spatial transcriptomics was conducted on Achilles 

(N=1) and quadriceps tendons (N=2) from a single 20 pcw donor (Figure 1B). 

Following data processing and quality control, scVI-integrated46 snRNA-seq data from 

91,859 nuclei were clustered and annotated, identifying distinct fibroblasts, 

chondrocytes, immune, endothelial, muscle, and nervous system cells (Figure 1C) 

across the ages (Figure 1D). Cell2location47 analysis mapped these snRNA-seq cell 

type signatures to their likely spatial locations within the tissues (Figure 1F).  



 

Figure 1. Experimental design, histological and spatial profiling, and compositional 
shifts in developing human tendons. (A) Overview of experimental design. Stars and circles 
indicate numbers of Achilles and quadriceps tendons analysed per timepoint, respectively. (B) 
H&E-stained cryosections (10 μm) of Achilles tendon (AT) and two quadriceps tendons (QT1, 
QT2) used for 10X Visium spatial RNA-seq. Tissue orientation is annotated by adjacent bone 
structures (calcaneus, patella). Black scale bar = 1 mm. Insets show zoomed regions (white 
boxes) with anatomical features annotated: tendon body, loose connective tissue (LCT), and 
muscle. White scale bars = 250 μm. (C) UMAP of scANVI-integrated 12-20 post-conception 
week (pcw) foetal tendon snRNA-seq data, showing annotated cell types. VECs: vascular 
endothelial cells; LECs: lymphatic endothelial cells; SMs: smooth myocytes; NSCs: nervous 



system cells. (D) Bar plot of cell type proportions by foetal age. (E) scCODA-inferred 
compositional changes from 12 to 20 pcw. UMAP highlights significant increases (red) and 
decreases (blue) in cell type proportions. (F) Cell2location spatial mapping of 20 pcw 
quadriceps tendon sections, showing relative abundance of each cell type. 

Single-nucleus and spatial RNA-sequencing reveal heterogenous 
compartmentalised fibroblasts within foetal regenerative tendons 

Fibroblasts dominated the cellular landscape of foetal tendons, forming at least eight 

transcriptional cell states across a few closely related types (Figure 2A). Three 

populations – termed ABI3BP GAS2, KERA TNMD, and CHSY3 MECOM Fibroblasts 

– shared transcriptional similarities, indicating a common lineage with functional 

divergence marked by key gene expression profiles (Figure 2B). The largest, ABI3BP 

GAS2 Fibroblasts, were defined by high levels of COL11A148 alongside ECM- and 

cytoskeletal-regulators ABI3BP, GAS2, SOX5, EXT1 and PLEKHH2, consistent with 

roles in matrix assembly and cellular adhesion (Figure 2B,C). Transcriptionally similar 

to these, KERA TNMD Fibroblasts were enriched for collagens (COL1A1, COL1A2, 

COL6A3, COL6A1, COL12A1) and matrix-associated genes (SPARC, POSTN, 

FMOD, KERA), with low MKX and high TNMD expression (Figure 2B,C), suggesting 

a more specialised, mature fibroblast phenotype.49–55 CHSY3 MECOM Fibroblasts, in 

contrast, expressed ECM-hydration regulator CHSY3, transcriptional regulators 

MECOM and FOXP2, and mineralisation-associated COL24A1,56 SMOC1,57 and 

ENPP1,58 as well as chondrogenic and enthesis markers SOX630 and COL27A131 

(Figure 2B), respectively, suggesting a role in tendon–bone interface remodelling and 

mechanoadaptation.  

Spatial transcriptomic analysis localised these three transcriptionally related fibroblast 

populations within the main fascicular bodies of 20 pcw Achilles and quadriceps 

tendons (Figures 1F, 2E-Factor 0). High expression of canonical TSPC markers ENG, 

THY1, CD44, and NES32 was specifically enriched within spatially-resolved KERA 

TNMD Fibroblasts (Figure S1). 

Temporal pseudobulk differential gene expression (DGE) analysis between 12 and 20 

pcw, followed by Gene Ontology Biological Process (GO:BP) enrichment, revealed 

that by 20 pcw, ABI3BP GAS2, KERA TNMD, and CHSY3 MECOM fibroblasts 

upregulate genes involved in cell growth, metabolism, pattern formation, Wnt 

signalling regulation, histone methylation, and stem cell differentiation (Table S2). 



These populations also showed increased expression of genes linked to immune 

system modulation, while downregulating cell division and contractile programs, 

including those related to muscle contraction and myofibril assembly. These findings 

suggest that these foetal fibroblasts not only promote tendon matrix formation but also 

help modulate the local immune environment and suppress contractile differentiation 

during tendon development. 

 



Figure 2. Transcriptional diversity, marker expression, and spatial localisation of 
fibroblast subtypes in foetal human tendons. (A) UMAP of annotated fibroblast subtypes 
from 12–20 post-conception week (pcw) foetal tendon snRNA-seq data. (B) Dotplots of 
log1pPF-normalised and scaled gene expression showing hierarchically clustered, 
differentially expressed genes across fibroblast subtypes. Dot size indicates cell type 
abundance. (C) UMAPs showing normalised expression of selected fibroblast marker genes 
across annotated subtypes. (D) UMAPs showing expression of selected tendon 
stem/progenitor cell (TSPC) markers: THY1 (CD90), PDGFRA, and CD44. (E) Unsupervised 
non-negative matrix factorisation (NMF) analysis of spatial transcriptomics cell2location output 
across three 20 pcw tendon samples. Dot plot displays NMF factors derived from mean 
normalised UMI counts per factor (dot size and colour reflect gene expression and loading 
strength). Gene loadings indicate the contribution of individual genes to each colocalised 
fibroblast factor. Spatial scatter plots show cell densities (mean normalised UMI counts) per 
NMF factor from one representative 20 pcw quadriceps tendon section. 

A second major group of transcriptionally related fibroblast states was characterised 

by high expression of COL3A1, COL6A6, PDGFRA, DCLK1, TSHZ2, PLAGL1, and 

VCAN, and comprised three dominant subtypes: COL3A1 PI16, COL6A6 FNDC1, and 

NEGR SCN7A Fibroblasts (Figure 2B). The most abundant, COL3A1 PI16 Fibroblasts, 

exhibited high expression of COL3A1, PI16, EBF1, DCLK1, LUM, MFAP5 and FBN1 

(Figure 2B,C), and localised to the loose connective tissue (LCT) regions of Achilles 

and quadriceps tendons (Figures 1F, 2E). These cells also expressed sheath TSPC 

markers TPPP3 and PDGFRA13,34 (Figure S1). From 12 to 20 pcw, they upregulated 

pathways related to Hippo signalling, chondrocyte and epithelial development, and 

suppression of vascular smooth muscle proliferation, while downregulating programs 

associated with muscle development, stress responses, apoptosis, and epigenetic 

modification (Table S2). These features suggest a role in early ECM organisation and 

structural maintenance within the tendon LCT. 

A transcriptionally similar population, COL6A6 FNDC1 Fibroblasts, was distinguished 

by elevated expression of COL6A6, FNDC1, and regulators of chondrogenesis and 

mineralisation SFRP2,61 GNAS,62 and ASPN63–65 (Figure 2B). Like COL3A1 PI16 

Fibroblasts, they resided within the LCT regions (Figures 1F, 2E). Between 12 and 20 

pcw, they upregulated pathways involved in tissue repair while downregulating 

processes linked to cell adhesion, miRNA regulation, synaptic function, metabolism, 

and vascular development (Table S2). These signatures point to a role in maintaining 

tendon structural integrity and modulating immune responses during growth. 

NEGR1 SCN7A Fibroblasts were characterised by high expression of NEGR1, 

SCN7A, EBF2, NRK, and KCNMB2, suggesting involvement in fibroblast 

mechanosensitivity. They also expressed NAV3 and ADAMTSL1, linked to 



cytoskeletal and ECM organisation, respectively (Figure 2B). Spatial mapping located 

these cells between skeletal myocytes within tendon-adjacent muscle LCT regions 

(Figures 1F, 2E, 3E), implicating them in myotendinous junction (MTJ) organisation, 

mechanotransduction, and matrix remodelling. 

Another distinct fibroblast population, FGF14 THBS4 Fibroblasts, occupied the 

tendon–muscle boundaries (Figure 1F) and expressed MTJ-associated genes 

COL22A166,67 and THBS4, alongside high levels of FGF14, SLIT3, TSHZ2, CDH12, 

BMP5, RGS6, EGFR, and FSTL5 (Figure 2B,C). From 12 to 20 pcw, these cells 

upregulated pathways involved in ECM synthesis, angiogenesis, immune interactions, 

and neurogenesis, while downregulating BMP signalling, ossification, and skeletal 

muscle proliferation pathways (Table S2), supporting a role in maintaining a 

specialised MTJ-supporting fibroblast identity. 

Finally, a small CREB5 PRG4 Fibroblast population localised within LCT regions 

(Figures 1F, 2E) expressed synovium- and cartilage-associated CREB5,68,69 alongside 

lubricating PRG4.70–75 These cells also showed high levels of TIMP3, TNXB, and 

NOVA1 (Figure 2B), suggesting roles in ECM maintenance, collagen organisation, and 

tendon lubrication, particularly in regions subject to mechanical stress. 



 

Figure 3. Characterisation and spatial mapping of non-fibroblast cell populations in 
developing human tendons. (A) UMAP of annotated non-fibroblast cell types from 12–20 
post-conception week (pcw) foetal tendon snRNA-seq data. VECs: vascular endothelial cells; 
LECs: lymphatic endothelial cells; SMs: smooth myocytes; NSCs: nervous system cells; MCs: 
mural cells. (B) Dotplots of log1pPF-normalised and scaled gene expression showing 
hierarchically clustered, differentially expressed genes across non-fibroblast cell types. Dot 
size indicates cell type abundance. (C) Immunofluorescence images of 20 pcw Achilles tendon 
sections stained for PECAM1 (green, endothelial cells) and CD163 (magenta, macrophages). 
White scale bars = 100 µm. (D) UMAPs showing normalised expression of selected myocyte 



marker genes. (E) Cell2location spatial mapping of cell types in 20 pcw quadriceps tendon 
sections, with colour intensity indicating relative abundance at each location. 

Vascular, immune, and neural niches emerge alongside fibroblasts to structure 
developing human tendons 

Non-fibroblast populations identified in foetal tendons included vascular and lymphatic 

endothelial cells, smooth muscle cells, nervous system-associated cells, immune 

cells, and myocytes (Figure 3A). Vascular endothelial cells expressed PECAM1, 

CD34, and VWF, while lymphatic endothelial cells were marked by LYVE1, PROX1, 

and FLT4 (Figure 3B,C). Smooth muscle cells showed high expression of ACTA2, 

MYH11, CALD1, NOTCH3, and PDGFRB (Figure 3B). Nervous system-associated 

cells were distinguished by NRXN1, NCAM2, and SOX10 expression, displaying 

transcriptomic features consistent with glial cells (Figure 3B). All these cell types co-

localised within the tendon LCT regions (Figures 1F, 2E, 3E). 

Immune cells broadly expressed PTPRC, CD44, IKZF1, RUNX1, DOCK2, and 

INPP5D. The predominant subset expressed F13A1, CD163, MRC1 (CD206), 

CSF1R, CD36, and LGMN, consistent with macrophage identity (Figure 3B). 

Additional immune subsets included monocytes (FCN1, LYZ, IRAK3), mast cells (KIT, 

CPA3, GATA2) and T cells (SKAP1, CD247, CD96, CD38) (Figure 3B). While 

monocytes and T cells were predominantly co-localised with myocytes in muscle 

regions, mast cells and macrophages were enriched within the tendon LCT, co-

localising with COL3A1 PI16 and COL6A6 FNDC1 fibroblasts (Figure 2E-Factors 3,5). 

Three myocyte clusters were identified within muscle tissue adjoining the tendon MTJ 

(Figures 1F, 2E, 3E). One cluster expressed PAX7, marking satellite cells, while a 

second expressed markers of differentiated skeletal myocytes including DES, NES, 

TNNT3, TTN, MYH3, COL22A1, and TNNC1 (Figure 3B,D). A third small cluster, 

expressing MYOG, FNDC5, EMC10, MEGF10, and overlapping markers from both 

satellite and skeletal myocytes, likely represented a transitional state (Figure 3B,D). 

Finally, in one 17pcw quadriceps tendon sample, a discrete population expressing 

COL2A1, COL9A1, ACAN, COMP, MATN1, and HAPLN1 was detected, consistent 

with a chondrocyte identity (Figure 3B). These cells co-localised with the fascicular 

fibroblasts within the main fibrillar tendon body (Figures 1F, 2E-Factor0), likely 

reflecting minor contamination from adjacent patellar cartilage. 



Second trimester foetal tendon populations shift from MTJ- and muscle-
associated to tendon-building cells 

To quantify changes in cell type proportions over time, we applied single-cell 

compositional data analysis (scCODA),76 a Bayesian modelling approach that 

accounts for sampling biases inherent to single-nucleus sequencing. Nervous System 

Cells were used as a reference group, assuming proportional stability between 12 and 

20 pcw. At 20 pcw, compositional analysis revealed a significant decrease in MTJ- and 

muscle-associated populations, including FGF14 THBS4 Fibroblasts, MYOG 

Myocytes, Satellite Cells, and NEGR1 SCN7A Fibroblasts (Figure 1D). In contrast, 

KERA TNMD Fibroblasts – resembling differentiated tenocytes and expressing 

markers of fascicular TSPCs – showed a substantial proportional expansion during 

this period (Figure 1D). 

Single-cell and spatial transcriptomics of embryonic limbs reveal candidate 
progenitors for foetal tendon fibroblast lineages 

The initiation of cell lineage decisions during early embryogenesis is crucial for 

establishing the cellular diversity required for tendon development. To investigate the 

origins of foetal tendon populations, we analysed published spatial and single-cell 

RNA-sequencing datasets from 6-9 pcw human embryonic limbs.77 Tendon regions 

were manually delineated within an 8 pcw H&E-stained spatial RNA-seq sample 

(Figure S2), and gene expression profiles were extracted as a reference for cell 

identification in the corresponding scRNA-seq dataset. A random forest classifier 

trained on these profiles identified 4,318 tendon-like cells out of 108,617 total cells 

(Figure S3). After filtering and batch correction, seven cell state clusters were 

annotated across 3,092 cells from six donors aged 6.5-9.3 pcw (Figure 4A).  



 

Figure 4. Embryonic progenitor states and lineage trajectories reveal early tendon cell 
fate specification. (A) Harmony-integrated force-directed layout showing the distribution of 
embryonic tendon cells annotated by cell type. Right: the same layout coloured by 
developmental stage (6.5–9.3 post-conception weeks), illustrating temporal dynamics of 
lineage emergence. (B) Dotplots of scaled, log1p-normalised gene expression showing 
differentially expressed genes across embryonic tendon cell types. Lineages are grouped by 
putative fate: fascicular tendon, loose connective tissue (LCT), or chondrocyte. Dot size 
reflects cell type abundance. (C) RNA velocity analysis overlaid on a force-directed layout 
derived from t-SNE embeddings calculated using multiscale diffusion components. Arrows 
indicate the predicted future transcriptional state and directionality of gene expression 



changes among progenitor populations. (D) CellRank-directed partition-based graph 
abstraction map showing lineage trajectories from MSC Precursors toward three terminal 
fates: fibrillar tendon (red), loose connective tissue fibroblast (blue), and chondrocyte (orange). 
Arrow thickness reflects transition probability; dashed lines indicate weaker transitions. Pie 
charts show fate likelihoods per cell type, and bar plots in (E) quantify absorption probabilities. 
(F) Correlation plot of CellRank-derived lineage driver genes. Each axis represents gene 
correlation with terminal cell fates. Top 15 drivers are annotated for each lineage. 

Mesenchymal stem cells (MSCs) were first examined as the likely progenitors of 

tendon fibroblasts. The earliest state, MSC Precursors, was identified at 6.5-7.2 pcw 

and lacked classical MSC markers, but expressed a combination of non-myogenic 

(HMGA2, FOXP2, RUNX1T1)78,79 and myogenic (SIX1)78,80,81 connective tissue fate 

regulators. These cells also expressed genes involved in cell structure, adhesion, 

metabolism, growth, and signalling, alongside low levels of TNMD, TSHZ2, GAS2, and 

VCAN (Figure S4).  

By 8.4 pcw, a distinct COL6A6 Progenitor population emerged, expressing canonical 

MSC markers (CD73/NT5E, CD90/THY1, CD44, TWIST2), along with tendon-

associated matrisomal genes (FSTL1, DCLK1, COL1A1, COL3A1, COL5A1, 

COL6A1, COL12A1, ELN, DCN, ASPN, OGN, FNDC1, LUM, VCAN, EMILIN2, 

MFAP5, TNXB, POSTN) (Figure 4B, S5). This population also expressed LCT-

associated transcription factors OSR1 and OSR2,82,83 suggesting transition toward the 

COL6A6-expressing LCT fibroblast phenotypes observed in second-trimester foetal 

tendons.  

In parallel, three chondrogenic clusters were identified at different stages of 

differentiation. A multipotent RUNX2-expressing population exhibited a hybrid 

transcriptomic profile, co-expressing collagens linked to tendon (COL1A1, COL3A1), 

cartilage (COL2A1, COL9A1–COL9A3), and endothelial basement membranes 

(COL8A1) (Figure 4B). Two more differentiated clusters expressed classic cartilage 

markers (SOX5, SOX6, SOX9, ACAN, CILP2, HAPLN1, COMP, COL2A1, COL9A1–

COL9A3) (Figure 4B, S5). The less mature SOX5 Progenitors additionally expressed 

CREB5 and PRG4, while the more differentiated Chondrocyte cluster was enriched 

for MATN1, MATN3, and MATN4 (Figure 4B). 

Finally, two distinct SCX-expressing progenitor clusters were identified. SCX 

Progenitors were characterised by high expression of FGF14, THBS4, FSTL5, 

CHODL, TSHZ2, CDH12, KERA, POSTN, DCN, OGN, and a broad array of fibrillar 

(COL1A1, COL3A1, COL5A1, COL6A1, COL12A1, COL14A1), basement membrane 



(COL18A1, COL4A1, COL4A2), and MTJ-associated (COL22A1) collagens (Figures 

4B, S5). MKX Progenitors exhibited even higher expression of matrisomal genes, 

along with LOX, MKX, TNMD, ABI3BP, and GAS2, marking a more differentiated 

tenogenic state (Figure 4B, S5). 

Trajectory and regulatory network analyses reveal emergence of three distinct 
tendon-associated lineages during human development 

To reconstruct the differentiation pathways underpinning tendon development, we 

applied RNA velocity84 and pseudotime analysis using Palantir85 and CellRank86–88 

across embryonic progenitor populations. To link embryonic trajectories to foetal 

tendon states, we integrated datasets using scGen89 with batch correction by 

moscot,90 enabling continuous reconstruction of lineage emergence from early 

embryogenesis through the second trimester. Gene regulatory networks were then 

inferred using SCENIC to identify transcription factors and regulatory programs 

associated with lineage specification. 

RNA velocity analysis indicated that MSC Precursors diverged toward four distinct 

fates: MKX Progenitors, RUNX2 Progenitors, SOX5 Progenitors, and MSC-like 

COL6A6 Progenitors (Figure 4C). SCX Progenitors also displayed a bias toward MKX 

Progenitors, consistent with their early tenogenic identity characterised by high SCX 

but lower MKX and TNMD expression levels. 

To further resolve these differentiation pathways, Palantir pseudotime analysis was 

applied. Using extreme values of multiscale diffusion components, MSC Precursors 

were defined as the initiation state, while Chondrocytes (chondrogenic lineage), 

COL6A6 Progenitors (LCT lineage), and MKX Progenitors (tenocyte lineage) served 

as terminal states (Figure S6A). Consistent with RNA velocity, Palantir-CellRank 

analysis mapped a trajectory from MSC Precursors to MKX Progenitors via an 

intermediate SCX Progenitor stage, recapitulating known tenocyte differentiation 

hierarchies (Figures 4D, S6B-D). Chondrogenic differentiation proceeded from 

RUNX2 Progenitors to SOX5 Progenitors, ultimately forming embryonic 

Chondrocytes. Fate probability visualisation confirmed these transitions across donor 

ages, while also indicating that most progenitor populations retained some degree of 

plasticity at later stages (Figure 4D,E). 



Analysis of lineage-driving genes revealed strong anti-correlation patterns between 

competing lineages (Figure 4F). In the tenocyte lineage, genes such as SCX, MKX, 

TNMD, ABI3BP, and GAS2 were negatively correlated with LCT- and chondrocyte-

associated markers, suggesting roles in reinforcing tenogenic identity. Conversely, 

TWIST2, DCLK1, and CELF2 were anti-correlated with tenogenic markers, supporting 

maintenance of LCT fate. The anti-correlation between LCT and chondrogenic 

lineages was less pronounced, indicating closer transcriptional relationships between 

these cell types. Genes like LUM and GPC3 selectively anti-correlated with tenocyte, 

but not chondrocyte, differentiation, highlighting lineage-specific regulatory 

mechanisms. 

 

Figure 5. Integration of embryonic and foetal datasets reveals continuity and 
divergence in fibroblast lineage trajectories. (A) Force-directed layout of scGen-integrated 
embryonic (6-9 pcw) single-cell RNA-seq and foetal (12-20 pcw) single-nucleus RNA-seq 
datasets. Inset highlights embryonic tendon cells, which remain largely segregated, reflecting 
transcriptional divergence likely due to developmental stage differences and platform-specific 
biases. (B) Transition matrix from moscot analysis showing the inferred descendants of 9.2 
pcw fibroblast-lineage progenitor populations within 12 pcw foetal samples. Values represent 
the proportion of cells predicted to transition into each differentiated fibroblast subtype. 



Integration of embryonic and foetal datasets supported these inferred trajectories 

(Figure 5A). MSC Precursors first differentiated into SCX and COL6A6 Progenitors 

(6.5-8.4 pcw), followed by RUNX2 and SOX5 Progenitors (8.4-9.0 pcw). By 9.3-12 

pcw, SCX Progenitors gave rise to FGF14 THBS4 and ABI3BP GAS2 Fibroblasts, 

while MKX Progenitors contributed specifically to ABI3BP GAS2 Fibroblasts (Figure 

5B). In parallel, COL6A6 Progenitors differentiated into COL3A1 PI16, COL6A6 

FNDC1, and NEGR1 SCN7A Fibroblasts, reflecting their broader differentiation 

potential. 

Finally, SCENIC regulatory network analysis of 20 pcw and earlier foetal tendon 

populations revealed an absence of definitive fibroblast-specific regulons (Figure S7), 

indicating that tendon fibroblast transcriptional identities remained heterogeneous and 

incompletely matured at this developmental stage. 

Developing tendons exhibit histological features typically associated with adult 
tendon pathology  

To initiate comparisons between developing and aged tissues, histological and 

histochemical analyses were performed on foetal and adult Achilles and quadriceps 

tendons. Foetal tendons exhibited distinct structural characteristics compared to adult 

tendons, including high cellularity, increased vascularity, and abundant ground 

substance rich in acidic polysaccharides – features typically associated with tendon 

pathology in adulthood.91–93 

Although foetal collagen fibres appeared well-organised, their arrangement was less 

uniform than in mature tendons. Picrosirius red staining under polarised light revealed 

progressive collagen maturation: early foetal tendons (11-12 pcw) displayed loosely 

arranged, thin fibres with low birefringence (consistent with type III collagen), while 16-

20 pcw tendons showed thicker fibres with a transition from blue/green to red 

birefringence, indicative of type I collagen (Figure S8). Collagen crimp patterns also 

evolved over time, becoming more elongated and approaching the adult tendon 

architecture by 20 pcw. 

Quantitative image analysis confirmed a progressive decline in nuclear density from 

11 pcw through adulthood (Figure S9). Nuclear areas decreased between 11 and 15 

pcw before returning to 11 pcw baseline levels by 20 pcw. In adult samples, nuclear 

size was variable, with some nuclei smaller and others comparable to those in late-



stage foetal tendons. Nuclear morphology transitioned from elongated to rounded and 

back to elongated during foetal development, whereas adult tendons exhibited 

regional variability in nuclear shape, associated more with microanatomical site 

differences than chronological age (Figure S10). 

Adult tendon fibroblasts diverge transcriptionally from developmental lineages, 
unlike conserved non-fibroblast populations 

Integration of embryonic (6-9 pcw), foetal (12-20 pcw), and adult (25-76 years) Achilles 

and quadriceps tendon datasets using scANVI showed that developing and adult 

fibroblast populations remained largely distinct (Figures 6A, S11). However, fibroblasts 

from ruptured adult quadriceps tendons (referred here as COL3A1hi Fibroblasts, 

named ADAM12hi Fibroblasts in recent publication26) showed higher expression of 

top differentially expressed genes (DEGs) from foetal ABI3BP GAS2 and COL6A6 

FNDC1 Fibroblasts compared to healthy adult tendons, suggesting a shift toward a 

developmental-like state potentially linked to repair processes (Figures 6B, S12). In 

contrast, foetal DEGs overlapped significantly with non-fibroblast adult populations, 

including immune, endothelial, muscle, and nervous system cells (Figure 6A,B). 



 

Figure 6. Cross-stage and cross-dataset harmonisation reveals conserved and 
divergent tendon cell identities. (A) ScANVI-integrated embryonic, foetal, and adult tendon 
datasets. All embryonic and foetal fibroblast populations are outlined in blue. All non-fibroblast 
populations are outlined in red. The populations that are not outlined are exclusively adult 
fibroblasts. Annotated adult datasets were provided by Dr Carla Cohen (Achilles tendon) and 
Dr Jolet Mimpen (quadriceps tendon); annotations can be found, in full, in Figure S11. (B) 
Clustermap shows normalised overlap of the top 50 differentially expressed genes in foetal 
cell types (rows) with those identified in adult cell types (columns), computed using the 
Wilcoxon rank-sum test. Overlap is expressed as a proportion of the foetal marker gene set, 
with darker shades indicating higher marker overlap. Adult quadriceps COL3A1hi population 



(outlined in black) is the unique fibroblast population specific to ruptured adult tendon. Ach/AT: 
Achilles tendon; Quad/QT: quadriceps tendon. 

Cell type harmonisation using CellHint refined annotations across datasets, confirming 

cross-stage consistency and revealing developmental relationships between foetal 

and adult tendon populations (Figure S13). For instance, foetal immune cells aligned 

to adult MERTK-expressing Macrophages, and foetal Skeletal Myocytes mapped to 

Transitional and Fast-twitch Skeletal Muscle Cells in adult Achilles tendons. Adult 

tendons also exhibited increased cellular diversity, including Adipocytes and NR4A1hi 

Fibroblasts. While foetal and adult Achilles tendon Nervous System Cells showed 

continuity, adult quadriceps tendon Nervous System Cells appeared developmentally 

distinct, lacking a clear foetal counterpart. 

This analysis also supported previous trajectory findings. Embryonic MKX Progenitors 

were linked to foetal ABI3BP GAS2 Fibroblasts; SCX Progenitors to foetal FGF14 

THBS4 Fibroblasts; COL6A6 Progenitors to foetal COL3A1 PI16 Fibroblasts; and 

SOX5 Progenitors, RUNX2 Progenitors, and embryonic Chondrocytes to foetal 

Chondrocytes (Figure S13). While foetal ABI3BP GAS2 Fibroblasts were traced to 

adult ITGA10hi and FBLN1hi Fibroblasts in healthy Achilles and quadriceps tendons, 

respectively, foetal COL3A1 PI16 and NEGR1 SCN7A Fibroblasts were linked to 

NEGR1hi and ABCA10hi Fibroblasts in adult tendons. Notably, embryonic RUNX2 

Progenitors, foetal Chondrocytes, and injury-responsive TSPC marker-expressing 

COL6A6 FNDC1 Fibroblasts were traced to ruptured quadriceps COL3A1hi 

Fibroblasts. In contrast, MTJ-associated foetal FGF14 THBS4 Fibroblasts had no clear 

adult counterpart, indicating a likely transient developmental role. 

DGE analysis between foetal and adult quadriceps tendon fibroblasts revealed 

substantial transcriptional shifts. In adults, 262 pathways were downregulated (Figure 

7A), encompassing energy metabolism, nucleotide and protein biosynthesis, 

apoptosis, cell cycle regulation, telomere maintenance, and stress response 

processes (Table S3). In contrast, 35 pathways were upregulated (Figure 7A; Table 

S3), including cellular signalling, structural organisation, cell migration, and nervous 

system development. Adult fibroblasts significantly upregulated ECM2 while 

downregulating genes associated with cartilage (COL2A1, COL9A1, COL9A3), early 

fibrillogenesis (LUM), growth factor signalling (IGFBP2, IGFBP4, IGFBP5), elastic 

fibre formation (EFEMP1, EFEMP2, EMILIN1, FBLN1, MFAP2, MFAP4), cell adhesion 



(TGFBI, VWA1), collagen deposition (CTHRC1, PCOLCE), and calcification inhibition 

(MGP) (Figures S14-17). These findings suggest a transition from the highly metabolic 

and biosynthetically active foetal state to a more maintenance-oriented state adult 

fibroblast phenotype. 

 

Figure 7. Conserved and divergent pathways and gene regulatory programs in 
fibroblasts across tendon development and ageing. (A) Venn diagrams of intersecting 
upregulated or downregulated gene ontology biological process (GO:BP) pathways in 



CellHint-paired foetal and adult cell types. Only significant (<0.01 BH-FDR) pathways with 
term sizes of 20-500 were used. (B) Hierarchical clustermaps showing z-score normalised 
SCENIC regulon activity in selected fibroblast subtypes from embryonic, foetal, and adult 
tendon datasets. Regulons are clustered using average linkage and Euclidean distance; cell 
types remain in original order. Colour scale indicates relative regulon activity (blue: below 
mean, white: mean, red: above mean). Only regulons shared across all datasets are shown. 
Regulon names are alternately labelled on the left and right axes for clarity. 

Finally, SCENIC analysis of aged human tendons revealed strong cell type-specific 

regulons, with limited regulon conservation across development and adulthood. 

Notably, the RARG regulon remained active in embryonic RUNX2 Progenitors, foetal 

Chondrocytes, and adult ruptured tendon COL3A1hi Fibroblasts (Figure 7B), 

regulating 19 genes (e.g., ARHGEF10L, PIK3R1, BOC, PCDH9, ZFHX3, PDGFD, 

DCLK1) linked to epithelial-to-mesenchymal transition (EMT) and wound healing.94–97 

The EMT regulators controlled by SCX – TWIST1 and SNAI198 – were highly activated 

in ruptured COL3A1hi Fibroblasts compared to healthy fibroblasts. While TWIST1 

regulon was associated with genes regulating ECM remodelling and fibroblast function 

(e.g., BCL7A, BICC1, CACNB2, COL1A2, HMCN1, HTRA1, PLEKHA5), SNAI1 

regulon was linked to genes involved in angiogenesis, cytoskeletal organisation, and 

fibrosis (e.g., COL4A1, EFNB2, KDR, MIR31HG, PALLD, SLC45A4). Additionally, both 

ruptured and healthy adult fibroblasts exhibited high activation of the TBX15 regulon, 

which encompassed 615 associated genes linked to growth, differentiation, ECM 

organisation, and tissue-specific developmental pathways, including Wnt and Notch 

signalling.  

DISCUSSION 

Tendon development and homeostasis rely on complex transcriptional programs that 

guide progenitor differentiation, ECM organisation, and tissue specialisation. By 

integrating single-cell, single-nucleus, and spatial transcriptomic datasets spanning 

embryonic, foetal, and adult human tendons, we mapped the emergence and 

diversification of fibroblast populations across developmental stages and following 

tendon injury. Our findings reveal substantial transcriptional and functional 

reprogramming of tendon fibroblasts from early development to adulthood, with the 

preservation of certain regulatory features – particularly in the context of repair. 



Differentiation trajectories and lineage commitments in embryonic and foetal 
tendon development 

We show that during early development (6.5-8.4 pcw), multipotent MSC Precursors 

diverge into distinct tendon, LCT, and chondrocyte lineages. SCX-expressing tendon 

progenitors transition into MKX Progenitors, committing to fibrillar ECM production and 

forming the core tendon fibroblast lineage. In parallel, MSC-like COL6A6 Progenitors 

give rise to LCT fibroblasts, while RUNX2 and SOX5 Progenitors mark early 

chondrogenic differentiation, progressing toward mature embryonic Chondrocytes 

through coordinated activity of SOX5, SOX6, SOX9, and RUNX3. 

By the second trimester (12-20 pcw), tendon fibroblasts diversify into spatially and 

transcriptionally distinct subpopulations. Within the fibrillar core, ABI3BP GAS2 

Fibroblasts and more differentiated KERA TNMD Fibroblasts contribute to matrix 

organisation, remodelling, and tenocyte differentiation, with the latter population 

becoming more prevalent over time. A small CHSY3 MECOM Fibroblast population 

may contribute to ECM hydration, mineralisation, and tendon–bone interface 

remodelling. Within the LCT, CREB5 PRG4 Fibroblasts likely facilitate lubrication and 

ECM maintenance under mechanical load, COL3A1 PI16 Fibroblasts support tissue 

remodelling and matrix adaptation through cell–ECM interactions, and COL6A6 

FNDC1 Fibroblasts show early injury-responsive and fibrillogenesis-associated 

features, suggesting a developmental link to adult repair processes. At the tendon–

muscle junction, FGF14 THBS4 Fibroblasts contribute to ECM synthesis, 

vascularisation, and immune interactions, but decline in abundance by 20 pcw, 

indicating a transient role in MTJ development. Similarly, NEGR1 SCN7A Fibroblasts 

– localised to the muscle endo- and perimysium – appear to support tendon–muscle 

integration but diminish with maturation. 

A key insight from this study is the identification of a previously uncharacterised SCX-

negative progenitor population expressing COL6A6 and FSTL1, which branches from 

MSC Precursors into both LCT and muscle-associated fibroblasts. These progenitors 

are defined by regulatory programs involving TWIST2, OSR1, OSR2, RUNX1T1, 

DCLK1, and CELF2, and exhibit strong anti-correlation with the SCX–MKX–TNMD–

ABI3BP–GAS2 tenogenic program. Their foetal descendants express injury-



responsive TSPC markers TPPP3 and PDGFRA, implicating this axis as a potential 

contributor to both tendon development and regeneration.13,34 

While our data confirm the presence of SCX-expressing progenitors from early 

embryogenesis through the second trimester, further work is needed to clarify the 

relationship between the SCX-negative COL6A6 lineage at 8.4 pcw and earlier SCX-

expressing FGF14 Progenitors identified at 7.2 pcw. Existing studies have primarily 

focused on SCX-expressing lineages, with limited exploration of LCT origins. This gap 

likely reflects both a historical lack of definitive LCT markers and technical challenges 

in imaging early-stage tendons, where SCX-negative domains may be difficult to 

resolve. For example, murine studies using Scx-GFP reporters suggest uniform Scx 

expression across tendons until late foetal development,99,100 potentially overlooking 

early LCT heterogeneity. 

Fibroblast plasticity contrasts with conserved non-fibroblast programs across 
tendon development and ageing 

Beyond fibroblasts, several non-fibroblast populations play key roles in tendon 

development and homeostasis. PECAM1+ vascular endothelial cells, PROX1+ 

lymphatic endothelial cells, and ACTA2+ smooth myocytes are present during the 

development. Cells expressing neural markers such as NRXN1, NCAM2, and SOX10 

suggest a role in neural development and tendon innervation. Furthermore, PAX7-

expressing satellite cells and myocytes demonstrate gene expression patterns linked 

to muscle differentiation and function, underscoring the interconnectedness of tendon 

and muscle development. Immune cells, predominantly macrophages expressing 

F13A1, MRC1, and CD163, are also abundant, consistent with their known roles in 

tissue patterning and immune regulation.40,101–104 

Notably, these populations persist into adult tendons, maintaining conserved 

transcriptional programs across developmental stages. This suggests they serve 

fundamental, stable roles in tendon physiology, extending beyond development to 

support tissue maintenance, innervation, and vascularisation across the lifespan. In 

contrast, fibroblasts exhibit significant age- and health-specific transcriptional 

divergence. Dimensional reduction embeddings show clear separation between 

developmental and adult fibroblast populations, reflecting adaptive transcriptional 

programs tuned to tissue state and biomechanical demands. While certain populations 



– such as ABI3BP GAS2 Fibroblasts – persist across time and align with adult 

ITGA10hi and FBLN1hi subsets, others, like FGF14 THBS4 Fibroblasts at the MTJ, 

appear transient and lack clear adult counterparts. Furthermore, some cell 

populations, including adipocytes and neural cell types, are exclusive to adult tendons. 

A particularly striking observation is the link between adult rupture-specific COL3A1hi 

Fibroblasts and embryonic RUNX2 Progenitors, foetal LCT COL6A6 FNDC1 

Fibroblasts, and Chondrocytes. These adult fibroblasts express genes typically active 

during foetal development, suggesting a partial reactivation of foetal programs 

following injury – a mechanism potentially beneficial for initiating repair.105–107 

However, these reactivated cells lack TSPC markers and do not recapitulate full 

regenerative programs observed in foetal tendons.6,8 Their precise origin – whether 

reprogrammed fascicular or LCT fibroblasts – remains unclear. 

As tendons age, the synthetic and metabolic activity of fibroblasts declines, correlating 

with increased matrix stiffness and reduced elasticity.108–113 Our DGE analysis 

supports this shift, revealing a global transition from biosynthetic and proliferative 

programs to maintenance-focused gene expression in adult fibroblasts. Upregulated 

pathways include cell signalling, structural regulation, and nervous system 

development, while genes involved in cartilage and elastic fibre formation are 

downregulated. Notably, adult fibroblasts also exhibit reduced expression of 

proteoglycans and early fibrillogenic collagens, aligning with diminished ECM turnover 

after tendon maturation.114–117 

Regulatory network analysis further underscores this divergence. Few regulons are 

shared between developmental and adult tendon fibroblasts, highlighting 

transcriptional reprogramming across maturation. For example, adult rupture-specific 

fibroblasts activate EMT-related regulons associated with migratory and invasive 

phenotypes commonly seen in wound healing and fibrosis,118 suggesting that this 

process may be involved in adult tendon injury repair. 

These findings diverge from murine studies of tendon repair. Our human quadriceps 

tendon samples were collected 8–9 days post-rupture, corresponding to the 

fibroblastic proliferative phase characterised by collagen III-rich granulation tissue, 

prior to collagen I-mediated remodelling.14,119–121 In contrast, mouse models at this 

stage show active infiltration of migrating LCT cells expressing Acta2, Sca1, Axin2, or 



Glast.9,12,35,36,39,42,43 We did not observe expression of these markers in rupture-

specific COL3A1hi or other adult fibroblasts in our dataset. A likely factor is the 

advanced age of the human donors (67–75 years), in contrast to young adult mice 

(2.5–6 months) used in tendon injury experimental models.9,12,35,36,39,42,43 To bridge this 

gap, future work should directly compare human tendon populations across 

developmental and post-injury stages with murine and zebrafish models, enabling 

more accurate mapping of tendon repair processes across ages and species. 

Finally, research to date suggests that tendon healing is most effective before 

significant mechanical loading and fibril expansion occur, with regenerated tendons 

typically displaying smaller, more immature collagen fibrils compared to uninjured 

tendons.5,9 In this study, ruptured adult COL3A1hi Fibroblasts downregulated key 

genes involved in elastic fibre production (EMILIN1, FBLN1, MFAP2) and collagen 

fibril initiation, deposition, and processing (COL11A1, CTHRC1, PCOLCE, MGP), 

potentially impairing structural repair. Alongside reduced metabolic and biosynthetic 

activity, these observations align with previous findings that foetal tendon fibroblasts 

are more proliferative and metabolically active,38,122 and that ECM turnover in adult 

tendons is minimal after late adolescence.116,117 Together, our findings suggest that 

adult tendon fibroblasts primarily maintain tissue homeostasis rather than help 

regenerate it, a limitation that may underlie the poor repair outcomes observed 

clinically. 

In summary, by integrating single-nucleus and spatial RNA-sequencing approaches, 

we mapped the cellular and transcriptional architecture of developing and adult human 

tendons. We defined distinct cell types within foetal Achilles and quadriceps tendons 

and reconstructed the developmental trajectories of seven embryonic progenitors 

contributing to the formation of fibrillar core fibroblasts, loose connective tissue 

fibroblasts, and chondrocytes. Comparative analyses between embryonic, foetal, and 

aged adult tendons revealed profound shifts in cell composition, density, and ECM 

organisation: while vascular, immune, neural, and muscle-associated non-fibroblast 

populations remained transcriptionally conserved across the lifespan, fibroblasts 

showed striking age- and health-specific divergence, transitioning from metabolically 

active, matrix-synthesising phenotypes in development to homeostatic maintenance 

states in maturity. Notably, rupture-associated adult fibroblasts partially reactivated 

developmental gene programs but failed to express canonical TSPC markers or fully 



recapitulate regenerative trajectories, highlighting limitations in the adult tendon’s 

capacity for repair. 

These findings provide a comprehensive atlas of tendon cell diversity across the 

human lifespan. They underscore the need to characterise fibroblast plasticity and 

immune–stromal interactions in greater detail and point to specific cellular targets and 

regulatory pathways that may be leveraged to enhance repair. Future work translating 

these insights into therapeutic strategies – particularly those that emulate or 

reintroduce regenerative developmental programs – could help address the persistent 

clinical challenges of tendon injury, degeneration, and ageing. 

RESOURCE AVAILABILITY 

Lead Contact 

Further information and requests for resources and reagents should be directed to and 

will be fulfilled by the Lead Contact, Sarah Snelling (sarah.snelling@ndorms.ox.ac.uk).  

Materials Availability  

This study did not generate new unique reagents. 

Data and Code Availability  

Processed and annotated foetal tendon single-nucleus RNA-sequencing data is 

available through CellxGene (https://cellxgene.cziscience.com/collections/7b9ae565-

a781-433d-98d4-430394e7802a). Raw data is stored within an AWS bucket and is 

available upon request from the lead contact and the CZI Lattice. Foetal tendon spatial 

RNA sequencing data is available upon request from the lead contact. All code used 

for the analysis is available at https://github.com/AlinaKurjan/DPhilCode. 
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STAR METHODS 

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS 

Human foetal tissue samples 

Human foetal material was supplied by the Joint MRC/Wellcome Trust (grant 

#MR/R006237/1) Human Developmental Biology Resource (HDBR, www.hdbr.org) 

under the MTA license (R60786/CN008) with REC 18/LO/0822. Fresh foetal lower 

limbs aged 9-20 post-conception weeks (pcw) were provided by the HDBR London 

UCL Institute of Child Health. Foetal age was estimated using the independent 

measurement of the crown rump length (CRL), using the formula PCW (days) = 0.9022 

3 CRL (mm) + 27.372 and then rounding up to the full decimal. All samples used in 

this work were sourced from elective terminations with no abnormalities recorded. 

Foetal sample ages in post-conception weeks were as follows: DEV16134 – 12, 

DEV16135 – 12, DEV16171 – 12, DEV16136 – 12, DEV16127 – 17, DEV16569 – 17, 

DEV15983 – 20, DEV15984 – 20, DEV15985 – 20, DEV16126 – 20. DEV16126 was 

used for Visium spatial RNA-sequencing, while the remaining samples were used for 

single-nucleus RNA-sequencing. Sample metadata is summarised in Table S1. 

Human adult tissue samples 

Ethical approval for the Oxford Musculoskeletal Biobank (OMB, 19/SC/0134) was 

granted by the Oxford Research Ethics Committee B for all work on human Achilles 

and quadriceps tendons. Written informed consent according to the Declaration of 

Helsinki was obtained from all patients. Healthy Achilles and quadriceps tendon 

tissues were collected from patients undergoing above- or below-the-knee 

amputations (e.g., OMB0785) or suprapatellar nailing of tibial shaft fracture (e.g., 

OMB1266). Ruptured quadriceps tendon samples were obtained from patients with 

acute full quadriceps tendon ruptures, with surgeries performed 8 to 9 days post-

rupture. Patient ages in years were as follows: healthy Achilles tendon (OMB0785 – 

74, OMB1556 – 51, OMB1250 – 45, OMB1691 – 58, OMB1687 – 76); healthy 

quadriceps tendon (OMB0792 – 29, OMB1266 – 25, OMB1248 – 44); ruptured 

https://www.hdbr.org/


quadriceps tendon (OMB0778 – 67, OMB0793 – 69, OMB0779 – 75). Sample 

metadata is summarised in Table S1. 

 

METHOD DETAILS 

Foetal and adult tendon tissue processing 

The tissues were washed in PBS (phosphate-buffered saline) and dissected to retain 

the regions of interest – whole tendons for foetal tissues, including muscle and bone 

attachment sites; enthesis, midbody, and MTJ regions (~1cm pieces) for adult tissues 

– using anatomical landmarks. Adult tissue cuts were photographed to retain 

topographical reference. 

The tissues were then either formalin-fixed for staining or snap-frozen in liquid nitrogen 

for sequencing as soon as possible after collection. Following formalin-fixation (with 

different lengths of time depending on the size of the samples), the samples were 

resuspended in 70% IMS (industrial methylated spirit) and stored at room temperature. 

After dehydration, formalin-fixed tissues were paraffin-embedded and sectioned. 

Snap-frozen tissues were stored at -70°C to -80°C before being used for single-nuclei 

or spatial RNA-sequencing. 

Foetal and adult tendon nuclei isolation 

Nuclei isolation for foetal and adult tendon samples outlined in Table S1 was carried 

out following protocols for large (adult) and small (foetal) tissues developed and 

published by Mimpen and colleagues from the Tendon Seed Network.123 Briefly, 

tendons were cut into ~1 mm pieces on dry ice and dissociated in CST buffer (292 mM 

NaCl, 20 mM Tris-HCL 7.5 pH, 2 mM CaCl2, 42 mM MgCl2, 0.5% CHAPS, 0.01% 

BSA, RNase and protease inhibitors) on a rotor for 2 or 10 min at 4°C. After addition 

of PBS with 2% or 1% BSA (bovine serum albumin) the suspensions were strained 

through 20 or 40 µm strainers (Greiner Bio-one), with former numbers used for foetal 

and latter for adult tissues. The nuclei-containing suspensions were then centrifuged 

at 500 g for 5 min at 4°C. Following centrifugation, the supernatant was discarded and 

the nuclei within the pellet were stained with DAPI and counted manually using a 

haemocytometer (NanoEntek DHC-N01) and fluorescence microscopy. 



Foetal and adult tendon single-nucleus RNA-sequencing 

Nuclear suspensions, diluted in PBS with 1% BSA to a concentration of 200-1000 

nuclei/μl, were loaded onto a Chromium Next GEM Chip G (10x Genomics) with the 

aim of recovering 1,000-10,000 nuclei per sample. The samples were then processed 

using the Chromium Controller (10x Genomics) and prepared into libraries using the 

Chromium Next GEM Single Cell 3' Reagent Kits v3.1 (10x Genomics) following the 

manufacturer's instructions. Libraries were indexed with the Single Index Kit T Set A 

(10x Genomics). Quality control assessments for cDNA and final libraries were 

conducted using D1000 or D5000 High Sensitivity ScreenTape (Agilent) assays on a 

4150 TapeStation System (Agilent). The final libraries were pooled together and 

sequenced using a NovaSeq 6000 (Illumina) by Genewiz (UK) with a minimum 

sequencing depth of approximately 20,000 read pairs per expected nucleus. 

Adult tendon snRNA-seq data processing 

Human adult tendon single-nuclei RNA-sequencing datasets (N=26 from 12 donors) 

were processed, integrated and annotated by Dr Carla Cohen (Achilles tendon) and 

Dr Jolet Y. Mimpen (quadriceps tendon; published in 26) within the framework of the 

Tendon Seed Network124,125 (Oxford, UK). Briefly, raw sequencing files were 

processed using scflow126 (custom development version; pipeline scflow quantnuclei), 

with reads mapped to the human Ensembl GRCh38 transcriptome (release 106) using 

kallisto bustools127 (v0.27.3). Single-nucleus RNA-seq analysis and annotation was 

performed in R (v4.3.1) and RStudio Server (v2023.03.1, build 446) using 

SingleCellExperiment128 (v1.22.0) and Seurat129 (v4.3.0.1) packages. The counts 

were log-normalised using Seurat’s default functions. QC metrics were calculated with 

scuttle130 (v1.10.1). Filtering thresholds for number of cells, number of features and 

mitochondrial ratios were set manually for each sample to remove poor-quality cells. 

Doublets were detected and removed with scDblFinder131 (v1.12.0) using default 

settings. Ambient RNA was detected using decontX() from celda132 (v1.14.0). Further 

ambient RNA detection was performed using SoupX133 (v1.6.2), and the soupX-

adjusted count matrix was used for downstream analysis. Integration of samples was 

performed using Harmony134 (v0.1), with a combined sample donor and tissue type 

variable specified for batch correction. Clusters were defined with Seurat’s 

FindClusters(), and a cluster comprising nuclei with high decontX scores was 



removed. Annotation was performed by assessing cluster-specific expression of 

manually curated gene sets. 

Foetal tendon snRNA-seq data processing 

Foetal tendon raw sequencing files were aligned with CellRanger135 (v7.0) using 10x 

Genomics' pre-built GRCh38-2020-A reference (compiled from ENSEMBL's 98th 

release of the human reference genome) with default settings. Ambient RNA was 

removed using CellBender136 (v0.2.2) with custom values for expected-cells, total-

droplets-included, epochs and low-count-threshold parameters, which were selected 

based on the properties of individual samples and what was expected. The command 

was rerun until optimal conditions (training and test loss converging, expected number 

of cells selected, no error or warning messages in log files) were achieved for each 

sample. To obtain spliced and unspliced count matrices, velocyto84 (v0.17.17) 

command line function velocyto run10x was used with the aforementioned reference 

genome file and a repeat sequences masked gtf file (h38_repeat_mask.gtf) 

downloaded from UCSC Genome Browser. The resulting loom output files were 

compared with CellBender output files, then merged using scVelo137 (v0.2.5) function 

scvelo.utils.merge() to retain overlapping barcodes. 

Data processing and analysis were carried out using Python and R packages. Briefly, 

merged files were filtered to remove: 1) genes that were detected in fewer than 20 

cells (using Scanpy138 (v1.7.2) function scanpy.pp.filter_genes(adata, min_cell=20)), 

2) genes with 0 UMI counts, and 3) cells with fewer than 200 UMI counts. Following 

this basic filtering, low quality reads were removed using permissive automatic 

thresholding based on median absolute deviations (MAD), as described in single-cell 

best practices guidelines.139 Cells were marked as outliers and filtered out if they 

differed by 5 MADs in their logarithmical total counts, genes-by-counts, and 

percentage counts in top 20 genes. Additionally, cells with more than 10% 

mitochondrial counts and 3 MADs were also removed. Doublets were removed 

individually for each sample using scDblFinder131 (v1.4.0) with default settings. Finally, 

QC plots were analysed to determine the necessity of additional filtering thresholds for 

each individual sample. The cells were then filtered by manually defined minimal 

genes-by-counts thresholds that ranged from 200 to 500.  



For normalisation, the filtered and concatenated anndata object was split into separate 

adult-only and developmental-only sample objects. Each was normalised using a 

shifted logarithm approach based on the delta method (referred to as log1pPF) 

involving scanpy.pp.normalize_total(target_sum=None) followed by 

scanpy.pp.log1p(), as recommended by the recent comprehensive data 

transformation benchmark study.140 Top 3,500 highly variable genes were selected for 

adult-only and developmental-only objects using scIB141 (v1.1.3) package's 

scib.preprocessing.hvg_batch() function, with flavor and batch_key parameters set to 

'cell_ranger' and 'sampletype', respectively. Additional filtering was done to remove 51 

genes detected in less than 5 counts and remove counts with fewer than 200 genes 

expressed. Cell cycle phase was determined using 

scib.preprocessing.score_cell_cycle(). The data were then scaled using a custom 

function split_and_scale() that split the concatenated objects by ‘sampletype’ and 

applied scanpy.pp.scale() individually for each sample. Dimensionality reduction in the 

form of principal component analysis (PCA) was then applied to scaled highly variable 

genes, and neighbours (n_neighbors=30, npcs=15) were calculated to produce 

uniform manifold approximation (UMAP) plots to assess the quality control steps. 

Foetal sample data were integrated and batch-corrected using scvi-tools142 (v0.16.1) 

package’s single-cell variational inference (scVI)46 modelling on all unnormalised gene 

counts, with the main batch effects of interest specified to be 'sampletype' and 

'libbatch', corresponding to different donor and tissue type (e.g., 

DonorID1_AchillesTendon and DonorID1_QuadTendon) and library preparation 

batches, respectively. Model hyperparameters were optimised using manual runs with 

different parameters as well as using scVI's autotune functionality, which determined 

the best fitting parameters to be 'n_latent': 30, 'n_layers': 2, 'dropout_rate': 0.1, 

'gene_likelihood': 'zinb', 'dispersion': 'gene-batch'. The model was trained using 398 

epochs until model training and validation sets were stably converged. 

Data clustering was carried out using Scanpy's Leiden algorithm, identifying a total of 

19 clusters (0-18) at 0.6 resolution. Normalised and log-transformed cluster gene 

counts were ranked using a Wilcoxon rank-sum test with 

scanpy.tl.rank_genes_groups(). The clusters were manually annotated by checking 

known cell type markers and by querying top 350-550 Leiden cluster DEGs with 

CellMESH143 and gProfiler’s g:GOSt functional profiling144 tools. Heatmaps and 



hierarchical clustering dendrograms were also consulted in the process to make the 

best guesses for the previously undefined cell types. Following scVI integration and 

cell type labelling, scANVI145 was run with the scVI model as basis for 25 epochs. The 

resulting latent representation embeddings were used for the computation of a 

neighbourhood graph of observations, producing annotated data UMAPs. 

10X Visium spatial RNA-sequencing of foetal samples 

Foetal Achilles (N=1) and quadriceps tendons (N=2) (Table S1) were dissected from 

both legs of a single 20 pcw foetus and flash frozen in liquid nitrogen. In preparation 

for spatial transcriptomics (ST), the samples were cut to ≤0.65 cm² to fit the 10x 

Genomics Visium ST slide regions. We were able to retain enthesis-to-MTJ as well as 

adjacent muscle tissue regions for both types of tendons. The samples were 

embedded in cold OCT mounting medium (VWR) on dry ice and cut longitudinally into 

10 μm sections, which were then fixed and stained with H&E to verify tissue 

morphology and suitability. The sections were prepared for sequencing according to 

the 10X Genomics recommended protocols using the Visium Gene Expression Slide 

and Reagent Kit alongside a Dual Index Kit TT Set A. Libraries were sequenced using 

Illumina NextSeq500 (paired-end) at a depth of 54,000 (Quad2 tendon), 74,000 (Ach) 

and 119,000 (Quad1) mean reads per spot. The data and images were processed with 

SpaceRanger (v1.3.1; 10X Genomics) using default settings and mapped to the 

GRCh38 reference genome. 

Foetal spatial RNA-seq data processing 

The data were processed using Scanpy138 (v1.9.5) and Squidpy146 (v1.2.3). Briefly, 

tissue objects were manually filtered to remove: 1) cells with fewer than 500-1,000 

counts or more than 10,000-20,000 counts (with exact numbers depending on 

individual sample properties), 2) genes that were detected in fewer than 10 cells, and 

3) any ribosomal and mitochondrial reads. The counts were then normalised to 

log1pPF, and 2,000 highly variable genes were selected with the "cell_ranger" flavor 

using scanpy.pp.highly_variable_genes(). After normalised count scaling with 

scanpy.pp.scale(), PCA was carried out, and neighbours and UMAPs were calculated 

for the data using default Scanpy functions. Finally, all tissue objects were subjected 

to Leiden clustering at 1.0 resolution, identifying 7 clusters for each of the samples. 



The clusters were examined by analysing the outputs of a Wilcoxon rank-sum test run 

using scanpy.tl.rank_genes_groups() 

Foetal cell type mapping to spatial coordinates 

To infer the spatial distribution of cell types within the tissue, processed and annotated 

foetal snRNA-seq data were integrated with spatial RNA-seq information using 

cell2location47 (v0.1.4). Cell2location hyperparameters were specified based on the 

tissue and experiment considerations in mind as having a) expected cell abundance 

per Visium spot set to 17 (average from a range of 10-32 nuclei in different regions), 

and b) regularisation of within-experiment variation in RNA detection sensitivity set to 

20. The model was trained until convergence for a total of 16,000 iterations.  

H&E images were used as basis for microanatomical tissue region identification and 

labelling. To further analyse potential tissue microenvironments in an unsupervised 

manner, non-negative matrix factorization (NMF) using cell2location’s scikit-learn NMF 

wrapper function was also applied to estimated cell abundances. The model was 

trained using a range of factors (5-30) for decomposition of cell abundance data, with 

smaller factors assuming lower numbers of distinct patterns and higher likelihood of 

cell co-location. 

Immunofluorescence staining and imaging of foetal tendons 

Snap-frozen tendon samples were embedded in OCT (VWR) and sectioned at 7 μm 

thickness. All staining procedures followed the Cell DIVE Platform protocol (GE 

Research, Niskayuna, NY, USA). Tissue sections were post-fixed for 1 minute at 4 °C 

in a 1:1 ethanol-acetone solution, then blocked overnight at 4 °C in PBS containing 

3% BSA and 10% donkey serum (Bio-Rad). 

Slides were stained with DAPI (ThermoFisher) and mounted using an antifade medium 

containing 4% propyl gallate and 50% glycerol (Sigma-Aldrich). Initial imaging at 20X 

magnification was performed to capture background autofluorescence, which was 

subtracted from subsequent staining rounds. Following this, coverslips were removed 

in PBS, and slides were incubated with antibodies overnight at 4 °C. After incubation, 

slides were washed three times in PBS (5 minutes each with gentle agitation), re-

coverslipped, and imaged.  



A bleaching step was then performed by decoverslipping and incubating the slides 

three times for 15 minutes in 0.5 M NaHCO₃ (pH 11.2) containing 3% H₂O₂, with 1-

minute PBS washes between each bleach. This was followed by three additional PBS 

washes and a 2-minute DAPI recharge. Slides were then re-coverslipped, and a 

bleached image was acquired for subtraction from the next staining round. Image 

analysis was conducted using QuPath (v0.5.1). 

Histochemistry of foetal and adult tendon tissues 

Histochemical staining of foetal and adult sectioned formalin-fixed tissues was 

performed by the Histology Team at the Kennedy Institute of Rheumatology. The slides 

were stained with haematoxylin and eosin (H&E), alcian blue, masson's trichrome, and 

picrosirius red. Slides were scanned with Motic EasyScan One. PSR-stained slides 

were additionally imaged under polarized light using an Olympus BX40. 

Embryonic whole limb data processing 

Single-cell RNA-sequencing (N=25 from different hind limb regions of 11 donors) and 

10X Visium spatial RNA-sequencing (N=8 from different hind limb regions of two 6pcw 

and one 8pcw donors) files were provided by the Teichmann group at the Wellcome 

Sanger Institute (Cambridge, UK) (Table S1). The tissues were collected, processed 

and sequenced by the group in accordance with the methods published by Zhang et 

al.77. For this analysis, the raw sequencing files were processed and aligned in the 

same way as was done for the foetal samples to minimise bias, using same versions 

of the CellRanger and CellBender packages for the single-cell data and the 

SpaceRanger package for the spatial data.  

Human embryonic spatial RNA-seq data were analysed using Loupe Browser (v6.4.1; 

10X Genomics). Expression of early tenocyte markers (e.g., SCX, MKX, FMOD, 

TNMD, EGR1 etc.) and H&E-stained sections guided tendon tissue annotation. While 

tendon regions could not be confidently defined in 6 pcw samples, a merged 8 pcw 

hindlimb sample enabled identification of developing patellar and quadriceps tendon 

areas (Figure S2). Of 2,439 Visium spots, 28 were annotated as tendon: 18 patellar 

and 10 quadriceps (Figure S2). 

Single-cell embryonic data samples from 6 to 9 pcw (N=25, total of 108,617 cells) were 

processed and integrated using scvi-tools’ scVI modelling on all unnormalised gene 



counts, with the main batch effects of interest specified to be ‘samplename’ (consisting 

of Sample ID), ‘kit’, ‘seq_protocol’, and ‘sex’ (Figure S3A). As before, model 

hyperparameters were optimised with scVI autotune and manual runs to ‘n_hidden’: 

256, 'n_latent': 14, 'n_layers': 3, 'dropout_rate': 0.1, 'gene_likelihood': 'nb', and 

‘dispersion’: ‘gene-batch’. The model was trained using 394 epochs until training and 

validation sets were stably converged. The resulting latent representation embeddings 

were then used as basis for the computation of a neighbourhood graph of observations 

and dimensionality reduction with UMAP. 

To identify tendon cell subsets in embryonic whole-limb scRNA-seq data, a random 

forest classifier was trained using spatial transcriptomics as a reference. Spatial 

Visium data were first divided into 28 tendon and 2,411 non-tendon spots. To address 

the small sample size, “pseudodonors” were created by assigning each tendon and 

an equal number of random non-tendon spots unique identifiers, while the remaining 

non-tendon spots were pooled into a single 29th pseudodonor. The 

aggregate_and_filter() function from Heumos et al.147 was adapted to generate 25 

pseudoreplicates per donor based on estimated cell counts per spot. These were 

aggregated into a spatial reference AnnData object containing 1,425 observations and 

14,208 genes. Both spatial and scRNA-seq data were log1pPF-normalised and 

concatenated to identify 5,000 highly variable genes (flavor="cell_ranger", 

batch_key="modality" (“spatial” vs “single-cell”)).  

To train the random forest classifier, class imbalances of tendon vs non-tendon data 

were addressed using Synthetic Minority Over-sampling Technique (SMOTE) from 

imbalanced-learn148 (v0.12.0) package (Lemaître et al., 2017). Spatial data were then 

split into train and test datasets at a ratio of 80:20. Scikit-learn’s149 (v1.3.0) 

GridSearchCV() was applied to select the best model hyperparameters for classifier 

training, and RandomForestClassifier() was trained with 2,000 decision trees, using 

parameters such as bootstrap sampling and square root feature selection at each split, 

achieving high (>0.96) out-of-bag, accuracy, precision, recall, and F1 scores. Trained 

classifier was then applied to the scRNA-seq dataset, predicting 4,318 tendon cells 

out of 108,617 total. Predictions were validated against spatial gene score-based 

annotations using the top 20 tendon-enriched genes (including SCX, MKX, TNMD, 

ABI3BP, GAS2 etc), computed with sc.tl.score_genes() (Figure S3A,B). 



Embryonic single-cell data were subset to the random forest classifier predictions. 

Only samples with at least 20 cells in each of the batch effect categories 

(‘samplename’, ‘kit’, ‘seq_protocol’, ’sex’) were retained. Samples sequenced with 5’ 

v1 kit as well as those sequenced using NovaSeq 6000 were removed due to 

significant batch effect confounding.  Finally, genes detected in fewer than 5 cells were 

removed, leaving a total of 3,092 cells and 18,119 genes from 6 donors aged 6.5-

9.3pcw. The data were re-normalised to log1pPF, and 4,000 highly variable genes 

were selected with flavor="cell_ranger". The effects of the cell cycle scores were 

regressed out to remove those significant sources of uninteresting variation 

(sc.pp.regress_out(adata, [‘S_score’, ‘G2M_score’])). The regressed counts were 

scaled, and the PCA was carried out with previously identified highly variable genes. 

The data were then clustered using Scanpy’s Leiden algorithm at 0.3 resolution, 

identifying 7 gene expression clusters. Those were manually annotated through 

marker gene exploration using the results from the between-cluster Wilcoxon rank-

sum test. Marker sets from CZ CellxGene’s Cell Guide library for mesenchymal stem 

cells (CL:0000134) and chondrocytes (CL:0000138)150 were used for gene scoring to 

aid annotation. 

Embryonic tendon RNA velocity analysis 

scVelo (v0.2.5) preprocessing functions were applied to the combined, spliced, and 

unspliced counts matrices to re-normalise and filter them using the default settings. 

The neighbours and moments were calculated using regressed PCA embeddings. 

RNA Velocity analysis was carried out using a dynamical gene expression model by 

recovering dynamics, calculating velocities, and constructing a velocity graph with 

default settings. Differential kinetics test was then run using the top 100 dynamical 

genes, and the velocity was recalculated with those in mind.  

Embryonic and foetal tendon trajectory and fate analysis 

Embryonic and foetal tendon sample counts matrices were reorganised by sample age 

in ascending order. Harmony151 (v0.1.4) function 

harmony.core.augmented_affinity_matrix() was used with top 40 PC loadings 

(containing over 90% of total variation) and 20 k-nearest neighbours (knn) to construct 

an augmented affinity matrix that incorporated the developmental age information into 

the similarity measures between cells. Force-directed layouts based on this matrix are 



shown in Figure 4A. This matrix was then used to construct diffusion maps with 20 knn 

using Palantir85 (v1.3.1). The diffusion map embeddings were used to determine the 

multi-scale space of the data through 9 eigenvectors identified at the first eigengap. 

These multiscale space embeddings served as basis for tSNE dimensionality 

reduction, recalculation of the nearest neighbours (knn=15), and creation of the force-

directed graphs shown in Figure 4C.  

Palantir trajectory analysis was run using multiscale space embeddings (knn=20, 

num_waypoints=2000), with differentiation initiation and termination cells selected 

based on the most extreme values in multiscale diffusion components. CellRank86 

(v1.5.1) Palantir pseudotime kernel was initiated, and the transition matrices were 

computed using a Generalized Perron Cluster Cluster Analysis (GPCCA) estimator 

with default settings. By analysing real eigenvalue plots, 3 distinct, stable macrostates 

representing terminal states were identified. Absorption probabilities were then 

computed using default settings, calculating lineage drivers for each terminal state. A 

single initial state was determined using a backward kernel based on the same 

process. Log1pPF-normalised, non-imputed counts were used to calculate 

correlations between lineage drivers shown in Figure 4F. 

To bridge the gap between initial and terminal states, scVelo’s 

scvelo.tl.recover_latent_time() was used to recover latent time, and 

scvelo.tl.paga(adata, groups="cell_type", root_key="initial_states_probabilities", 

end_key="terminal_-states_probabilities", use_time_prior="palantir_pseudotime") 

was applied to calculate a directed PAGA incorporating Palantir pseudotime as prior. 

This was used as basis for plotting cell fate probabilities shown in Figure 4D,E.  

Embryonic and foetal data integration and trajectory inference  

Embryonic scRNA-seq and foetal snRNA-seq datasets were integrated using scGen89 

(v2.1.1), with different sequencing runs specified as batches. The model was trained 

until convergence using default settings for a total of 28 epochs. Corrected latent 

space embeddings were used for the generation of a Harmony augmented affinity 

matrix. This was followed by Palantir multiscale diffusion map calculation and force-

directed graph plotting, as described earlier. Following the generation of PAGA graphs, 

the Immune Cells were removed from further trajectory analysis due to them being 

disconnected from the rest of the cells even at low thresholds. 



To reconstruct developmental trajectories, moscot90 (v0.3.3) was applied. The genes 

were re-filtered to retain only those with more than 20 counts. Next, a 

TemporalProblem object was initiated with scGen-corrected latent embeddings, and 

the proliferation and apoptosis scores were obtained. The temporal problem was 

solved using manually optimised parameters (epsilon=1e-3, tau_a=0.99, 

tau_b=0.999, scale_cost="mean", batch_size=1200). Cell transition scores were 

calculated to determine putative cell ancestors and descendants. 

CellRank88 (v2.0.2) RealTimeKernel was initiated from the TemporalProblem object, 

and the transition matrices were computed with self_transitions="all", 

conn_weight=0.2, and threshold="auto_local". As before, GPCCA estimator was used. 

Overall, 7 macrostates were identified at the largest eigengap, out of which 4 

corresponded to the major foetal tendon fibroblast cell types and were manually set to 

be terminal. The initial states were set manually to the putative tendon fibroblast 

precursor populations identified at 7.2 and 8.4pcw. 

Embryonic, foetal and adult data integration 

Processed, filtered, and annotated adult Achilles tendon (N=6, split by 

microanatomical regions; Table S1) and quadriceps tendon (N=7, healthy or torn 

midbodies; Table S1) datasets provided by the Tendon Seed Network124,125 were 

concatenated with processed and annotated embryonic and foetal tendon datasets. 

Cells with fewer than 200 genes and genes in fewer than 30 counts were filtered out, 

yielding 176,691 cells and 32,869 genes. Top 7,000 highly variable genes were 

selected in a batch-aware manner using scanpy.pp.highly_variable-

_genes(batch_key=”sampletype”). Data integration was performed using scVI 

modelling on unnormalised, highly variable counts, with library preparation batches 

(“libbatch”), “sampletype”, and the cell cycle phase scores (“G2M_score” and 

“S_score”) specified as main batch effects. The model’s hyperparameters were 

optimised with scVI’s autotune to ‘n_hidden’: 256, 'n_latent': 50, 'n_layers': 1, 

'dropout_rate': 0.1, 'gene_likelihood': 'zinb', and ‘dispersion’: ‘gene-batch’. The model 

was trained for 80 epochs until training and validation set convergence. Next, cell type 

labels were harmonised using the scANVI model. The resulting embeddings were 

used for the computation of neighbourhood graphs and dimensionality reduction with 

UMAP. 



The data were normalised to log1pPF and subsequently subjected to Wilcoxon rank-

sum test differential gene expression analysis (scanpy.tl.rank_genes_groups()), which 

was performed separately for foetal and adult cell populations. For each specified cell 

type within foetal tendons, the top 50 differentially expressed genes were extracted. 

Marker gene overlap analysis using scanpy.tl.marker_gene_overlap() was conducted 

to quantify and visualise transcriptional similarities between the foetal top 50 DEGs 

and the marker genes derived from the adult differential expression analysis. 

Normalisation of overlap scores was performed relative to the foetal DEGs, providing 

a proportion of foetal marker genes detected in each adult cell type (Figure S4B).  

To achieve more robust cell type label harmonisation, CellHint152 (v1.0.0) was applied 

to the different tendon types across the embryonic, foetal, and adult age groups. 

Specifically, cellhint.harmonize() function was used to calculate euclidean distances 

between cells within batch-corrected scVI embeddings, constructing a harmonisation 

graph of cell type annotations. The datasets were specified to be harmonised 

sequentially, from embryonic to adult stages. 

Gene regulatory network analysis 

Single-cell regulatory network inference and clustering (SCENIC) analysis was 

performed for embryonic, foetal, and adult quadriceps tendon datasets using 

pyscenic153 (v0.12.1). Gene regulatory networks were inferred using the GRNBoost2 

algorithm with default settings. The input data were raw, unnormalised counts. Human 

transcription factors were predefined using the 'allTFs_hg38.txt' list from the Aertslab 

GitHub repository. The resulting TF-gene interactions were utilised to infer co-

expression modules, identify enriched motifs, and predict regulons with the pyscenic 

ctx command. Genome rankings (.feather) and motif annotation (.tbl) v10 files were 

obtained from the Aertslab cistarget resources webpage. A total of 335 embryonic 

regulons, 285 regulons from 12 pcw foetal samples, 237 regulons from 17 pcw foetal 

samples, 286 regulons from 20 pcw foetal samples, and 193 adult regulons were 

identified.  

Regulon activity within individual cells was quantified using the pyscenic aucell 

command, with an AUC threshold of 0.1 applied to the embryonic dataset and the 

default threshold of 0.05 applied to the foetal and adult datasets. Binarization of 



regulon activity was achieved using a Gaussian mixture model, resulting in matrices 

indicating active and inactive regulons per cell. 

The binarized regulon matrices underwent several transformations to extract and 

normalise regulon activation patterns across different cell populations. Initially, cells 

were grouped according to their cell type annotations, allowing the aggregation of 

active regulons by calculating the sum of active cells per regulon within each group. 

Subsequently, these summaries were normalised based on the total cell count per 

group to account for variations in cell numbers. Next, normalised regulon activation 

frequencies within each group were further z-score normalised, facilitating 

comparative analysis across developmental stages and conditions. The z-scored 

regulon activity patterns were visualised using custom clustermaps. Individual 

regulons were explored and summarised using the STRING database (stringdb,154 

v12.0). Large regulons were subjected to pathway analysis with gProfiler g:GOSt144 

as previously described. 

 

QUANTIFICATION AND STATISTICAL ANALYSIS 

Quantification of foetal cell type compositional changes  

Cell type compositional changes between 12 and 20 pcw foetal tendons were 

assessed using the scCODA155 (v0.1.9) package. A MuData object was generated 

from the foetal tendon snRNA-seq dataset, and scCODA was run with 

modality_key='coda'. The Nervous System Cells cluster was automatically selected as 

the reference. The model was trained using 11,000 NUTS (No-U-Turn Sampler) 

iterations, and statistically credible shifts in cell type proportions were identified. 

Results are summarised in Figure 1E. 

Quantifying metrics from tendon histology 

QuPath156 (v0.4.3) classification functions were used to manually delineate tendon 

regions within H&E-stained tissue samples. From these regions, 3-6 random 250x250 

μm tiles were extracted and processed using ImageJ (v1.53t). First, haematoxylin and 

eosin channels were separated using colour deconvolution. Subsequently, the 



haematoxylin channel was used for nuclei segmentation using the StarDist157 ImageJ 

plugin (v0.3.0) (see Figure S10).  

Following this segmentation, quantitative analyses were performed to determine the 

number of nuclei, the mean area of the nuclei, and the maximum distance to the 

centroid of each nucleus (Figure S9). Statistical analysis was performed using scipy158 

(v1.11.1), statsmodels159 (v0.14.0), and scikit-posthocs160 (v0.9.0). The normality of 

the data distributions for the number of nuclei, their areas, and maximum distances to 

their centres was assessed using the Shapiro-Wilk test as well as visual inspections 

of histograms and Q-Q plots. For data that approximated normal distributions – the 

nucleus area and maximum distance to nucleus centroid variables – analysis of 

variance (ANOVA) was performed to test for significant differences across different 

age groups. For the number of nuclei, which exhibited an almost bimodal distribution, 

the Kruskal-Wallis H-test was used to assess significant differences across age 

groups. Post-hoc analysis was conducted to identify specific group differences. 

Tukey’s Honest Significant Difference test was used following the ANOVA, and Dunn’s 

test with Bonferroni correction was employed after the Kruskal-Wallis H-test. 

Foetal tendon pseudobulk differential gene expression analysis 

For differential gene expression (DGE) analysis of foetal cell types across different 

ages, the raw single-nuclei sequencing counts were converted into “pseudobulk” 

expression profiles using custom functions inspired by Heumos et al.147 Briefly, the 

data were partitioned by distinct cell types, and a donor-filtering criterion was applied 

to retain only tissue donors with a minimum cell count threshold of 30. Three 

pseudoreplicates were then generated by randomly subsampling cells within retained 

donors, and these pseudoreplicates were subsequently transformed into pseudobulk 

samples by aggregating expression counts. Metadata associated with donors, 

experimental conditions, and cell identity were preserved. 

DGE analysis was carried out individually for each of the cell type pseudobulked 

counts using DESeq2161 (v1.40.2). Both LRT and Wald tests were done to assess the 

differences between different developmental timepoints and tissue types. LRT results 

with p-adjusted values of <0.01 were clustered to investigate common patterns in gene 

expression changes over time. The resulting cluster gene lists were subjected to 

pathway analysis against all expressed genes using the gProfiler g:GOSt tool144 with 



Benjamini-Hochberg FDR set to <0.05 and pathway term sizes restricted to between 

20 and 500 terms. Shared or cell type-specific terms for each cluster were then 

isolated and manually grouped into common functional categories to reduce data 

dimensionality and enable comparisons.  

Foetal and adult tendon pseudobulk differential gene expression analysis 

For DGE analysis across different foetal and adult cell types, the raw single-nuclei 

sequencing counts were converted into grouped “donor + tissue type + cell type” 

pseudobulk expression profiles using custom functions inspired by Heumos et al.147 

Differential gene expression analysis was carried out separately for the specified 

groups containing specific CellHint-paired foetal and adult cell types using DESeq2161 

(v1.40.2). Wald tests were used to identify all genes that were significantly up- or 

downregulated in adult cell types compared to the foetal cell types (with p-adjusted < 

0.01, log2FC > +/-1). These genes were used for pathway analysis against all 

expressed genes using the gProfiler g:GOSt tool144 with Benjamini-Hochberg FDR set 

to <0.01 and term sizes restricted to between 20 and 500 terms. The identified up- or 

downregulated GO:BP terms for each CellHint-aligned pair of foetal and adult 

fibroblasts were compared against each other using Venn diagrams made with 

Venny162 (v2.1.0; Figure S12). The pair-specific pathways were then manually 

summarised by common functions into broad categories to enable comparisons 

(Figures S13-16). 

  



KEY RESOURCES TABLE 

REAGENT or RESOURCE  SOURCE  IDENTIFIER  

Antibodies  

PECAM1 (C31.3; AF647) Novus Biologicals, Bio-

techne  

Cat#NBP2-33154; RRID: 

AB_3283994  

CD163 (EdHu-1; AF647) Novus Biologicals, Bio-

techne  

Cat# NB110-40686; RRID: 

AB_714951  

Biological samples      

Human foetal tissues  MRC/Wellcome Trust 

Human Developmental 

Biology Resource 

(HDBR)  

MTA license R60786/CN008, REC 

18/LO/0822; grant #MR/R006237/1; 

www.hdbr.org  

Human adult tendon tissues  Oxford Musculoskeletal 

Biobank  

Ethics approval 19/SC/0134; 

https://www.hra.nhs.uk/planning-and-

improving-research/application-

summaries/research-

summaries/oxford-musculoskeletal-

biobank/  

Chemicals, peptides, and recombinant proteins  

Water, RNase and DNase free  Invitrogen  Cat#10977-035  

D-PBS (phosphate-buffered saline)  Sigma  Cat#D8537  

2M NaCl  Merck  Cat#S9888  

1M Tris-HCL pH 7.5  ThermoFisher Scientific  Cat#1013203  

1M CaCl2  Merck  Cat#383147  

1M MgCl2  Merck  Cat#M8266  

CHAPS hydrate  Sigma  Cat#C3023  

BSA (bovine serum albumin)  Sigma  Cat#A7030  

cOmplete tablets  Roche  Cat#5892791001  

RNaseIn Plus  Promega  Cat#N2615  

https://www.hdbr.org/
https://www.hra.nhs.uk/planning-and-improving-research/application-summaries/research-summaries/oxford-musculoskeletal-biobank/
https://www.hra.nhs.uk/planning-and-improving-research/application-summaries/research-summaries/oxford-musculoskeletal-biobank/
https://www.hra.nhs.uk/planning-and-improving-research/application-summaries/research-summaries/oxford-musculoskeletal-biobank/
https://www.hra.nhs.uk/planning-and-improving-research/application-summaries/research-summaries/oxford-musculoskeletal-biobank/
https://www.hra.nhs.uk/planning-and-improving-research/application-summaries/research-summaries/oxford-musculoskeletal-biobank/


SUPERase In  Invitrogen  Cat#AM2696  

OCT mounting medium  VWR  Cat#00411243  

DAPI  ThermoFisher Scientific  Cat#62248  

Picrosirius Red  Abcam  Cat#ab246832  

Alcian Blue  Atom Scientific  Cat#RRSK300-1000  

Massons Trichrome  Cell Path  Cat#RBK-0601-00B  

Haematoxylin  Leica Microsystems  Cat#3801560E  

Eosin Y 1% aqueous  Cell Path  Cat#RBC-0100-00A  

Critical commercial assays  

Visium Gene Expression Slide and 

Reagent Kit  

10x Genomics  Cat#1000187  

Chromium Next GEM Single Cell 3’ Kit 

v3.1  

10x Genomics  Cat#1000269  

Chromium Next GEM Chip G Single 

Cell Kit  

10x Genomics  Cat#1000120  

Dual Index Kit TT Set A (for Visium ST)  10x Genomics  Cat#1000215  

Single Index Kit T Set A (for snRNA-

seq)  

10x Genomics  Cat#1000213  

High Sensitivity D1000 DNA 

ScreenTape  

Agilent  Cat#5067-5582  

High Sensitivity D1000 DNA 
ScreenTape Reagents  

Agilent  Cat#5067-5583  

High Sensitivity D5000 DNA 

ScreenTape  

Agilent  Cat#5067-5588  

High Sensitivity D5000 DNA 

ScreenTape Reagents  

Agilent  Cat#5067-5589  

Deposited data  

Human embryonic whole limb single-

cell RNA-sequencing data  

Zhang et al.75  

  

ArrayExpress Accession number: E-

MTAB-8813 



(https://www.ebi.ac.uk/biostudies/arra

yexpress/studies/E-MTAB-8813)  

Human embryonic whole limb spatial 

RNA-sequencing data  

Zhang et al.75  

  

ArrayExpress Accession number: E-

MTAB-10367 

(https://www.ebi.ac.uk/biostudies/arra

yexpress/studies/E-MTAB-10367)  

Human foetal tendon single-nucleus 

RNA-sequencing data  

This study  CellxGene (CZI Lattice):   

https://cellxgene.cziscience.com/colle
ctions/7b9ae565-a781-433d-98d4-

430394e7802a  

Human foetal tendon spatial RNA-

sequencing data  

This study  Available upon request.  

Human adult Achilles tendon single-

nucleus RNA-sequencing data  

  

Cohen et al. (in press)  Available upon request.  

Human adult quadriceps tendon single-

nucleus RNA-seq data  

Mimpen et al.26  CellxGene (CZI Lattice): 

https://cellxgene.cziscience.com/colle

ctions/579203e2-182f-47bc-8230-
7aa47247e2a4  

Software and algorithms  

10x Genomics CellRanger v7.0  Zheng et al.121  https://www.10xgenomics.com/suppo
rt/software/cell-ranger/latest  

10x Genomics CellBender v0.2.2  Fleming et al.122  https://github.com/broadinstitute/Cell

Bender  

10x Genomics SpaceRanger v1.3.1  10X Genomics  https://www.10xgenomics.com/suppo

rt/software/space-ranger/latest  

Loupe Browser v6.4.1  10X Genomics  https://www.10xgenomics.com/suppo

rt/software/loupe-browser/latest  

pySCENIC v0.12.1  Aibar et al.135  https://scenic.aertslab.org  

velocyto v0.17.17  La Manno et al.82  https://velocyto.org  

https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-8813)
https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-8813)
https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-10367
https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-10367
https://cellxgene.cziscience.com/collections/7b9ae565-a781-433d-98d4-430394e7802a
https://cellxgene.cziscience.com/collections/7b9ae565-a781-433d-98d4-430394e7802a
https://cellxgene.cziscience.com/collections/7b9ae565-a781-433d-98d4-430394e7802a
https://cellxgene.cziscience.com/collections/579203e2-182f-47bc-8230-7aa47247e2a4
https://cellxgene.cziscience.com/collections/579203e2-182f-47bc-8230-7aa47247e2a4
https://cellxgene.cziscience.com/collections/579203e2-182f-47bc-8230-7aa47247e2a4
https://www.10xgenomics.com/support/software/cell-ranger/latest
https://www.10xgenomics.com/support/software/cell-ranger/latest
https://github.com/broadinstitute/CellBender
https://github.com/broadinstitute/CellBender
https://www.10xgenomics.com/support/software/space-ranger/latest
https://www.10xgenomics.com/support/software/space-ranger/latest
https://www.10xgenomics.com/support/software/loupe-browser/latest
https://www.10xgenomics.com/support/software/loupe-browser/latest
https://scenic.aertslab.org/
https://velocyto.org/


scDblFinder v1.4.0  Pierre-Luc Germain et 

al.126  

https://github.com/plger/scDblFinder  

scVelo v0.2.5  Weiler et al.123  https://scvelo.readthedocs.io/en/stabl

e/  

scIB v1.1.3  Luecken et al.128  https://github.com/theislab/scib  

scvi-tools v0.16.1  Gayoso et al.129  https://scvi-tools.org  

scVI (part of scvi-tools)  Lopez et al.130  https://github.com/scverse/scvi-tools  

scANVI (part of scvi-tools)  Xu et al.133  https://docs.scvi-

tools.org/en/1.3.0/user_guide/models
/scanvi.html  

scanpy   

v1.7.2 (foetal snRNA-seq data)  

v1.9.5 (foetal spatial RNA-seq data)  

Wolf, Angerer and 

Theis124  

https://scanpy.readthedocs.io/en/stab

le/  

squidpy v1.2.3  Palla et al.134  https://squidpy.readthedocs.io/en/sta
ble/  

cell2location v0.1.4  Kleshchevnikov et al.135  https://cell2location.readthedocs.io/e

n/latest/  

Harmony v0.1.4  Nowotschin et al.134  https://github.com/dpeerlab/Harmony

  

Palantir v1.3.1  Setty et al.85  https://github.com/dpeerlab/Palantir  

CellRank  

v1.5.1 (foetal data) 

v2.0.2 (embryonic and foetal 

combined) 

Lange et al.86;  

Weiler et al.88  

https://cellrank.readthedocs.io/en/late

st/  

gprofiler g:GOSt  Raudvere et al.144  https://biit.cs.ut.ee/gprofiler/gost  

QuPath  

v0.4.3 (image quantification) 

v0.5.1 (immunofluorescence image 

analysis) 

Bankhead et al.156  https://qupath.github.io  

https://github.com/plger/scDblFinder
https://scvelo.readthedocs.io/en/stable/
https://scvelo.readthedocs.io/en/stable/
https://github.com/theislab/scib
https://scvi-tools.org/
https://github.com/scverse/scvi-tools
https://docs.scvi-tools.org/en/1.3.0/user_guide/models/scanvi.html
https://docs.scvi-tools.org/en/1.3.0/user_guide/models/scanvi.html
https://docs.scvi-tools.org/en/1.3.0/user_guide/models/scanvi.html
https://scanpy.readthedocs.io/en/stable/
https://scanpy.readthedocs.io/en/stable/
https://squidpy.readthedocs.io/en/stable/
https://squidpy.readthedocs.io/en/stable/
https://cell2location.readthedocs.io/en/latest/
https://cell2location.readthedocs.io/en/latest/
https://github.com/dpeerlab/Harmony
https://github.com/dpeerlab/Harmony
https://github.com/dpeerlab/Palantir
https://cellrank.readthedocs.io/en/latest/
https://cellrank.readthedocs.io/en/latest/
https://biit.cs.ut.ee/gprofiler/gost
https://qupath.github.io/


Fiji ImageJ v1.53t  Schindelin et al.163   https://imagej.net/software/fiji/ 

StarDist ImageJ Plugin v0.3.0  Schmidt et al.157 https://imagej.net/plugins/stardist 

scipy v1.11.1  Virtanen et al.158 https://scipy.org 

statsmodels v0.14.0  Seabold and Perktold159 https://www.statsmodels.org/stable/ 

Scikit-posthocs v0.9.0  Terpilowski160 scikit-posthocs.rtfd.io 

DESeq2 v1.40.2  Love, Huber and 

Anders161 

https://www.bioconductor.org/packag

es/release/bioc/html/DESeq2.html 

Venny v2.1.0 Oliveros162 https://bioinfogp.cnb.csic.es/tools/ven

ny/ 

scflow (custom development version) Cribbs et al.126 

(unpublished) 

https://github.com/cribbslab/scflow  

kallisto bustools v0.27.3  Sullivan et al.127 https://www.kallistobus.tools/kb_usag

e/-kb_count/  

SingleCellExperiment v1.22.0 Amezquita et al.128 https://www.bioconductor.org/packag

es/release/bioc/html/SingleCellExperi
ment.html 

Seurat v4.0.3.1 Hao et al.129 https://satijalab.org/seurat/ 

scuttle v1.10.1 McCarthy et al.130 https://doi.org/10.1093/bioinformatics

/btw777 

celda v1.14.0 Campbell et al.132 https://bioconductor.org/packages/cel

da 

SoupX v1.6.2 

 

Young and Behjati133 https://github.com/constantAmateur/

SoupX 

Harmony v0.1 Korsunsky et al.134 https://portals.broadinstitute.org/harm

ony/articles/quickstart.html 

R v4.3.1 R Core Team (2021). R: 

A Language and 

Environment for 

Statistical Computing, 

Vienna, Austria.  

http://www.R-project.org/  

https://github.com/cribbslab/scflow
https://www.kallistobus.tools/kb_usage/-kb_count/
https://www.kallistobus.tools/kb_usage/-kb_count/
http://www.r-project.org/


RStudio v2023.03.1 

 

RStudio Team (2020). 

RStudio: Integrated 

Development for R. 

RStudio, PBC, Boston, 

MA.  

http://www.rstudio.com/  

scCODA v0.1.9 Büttner et al.155 https://github.com/theislab/scCODA 

scikit-learn v1.3.0 Pedregosa et al.149 http://jmlr.org/papers/v12/pedregosa1

1a.html 

Imbalanced-learn v0.12.0 Lemaître et al.148 http://jmlr.org/papers/v18/16-365.html 

scGen v2.1.1  Lotfollahi, Wolf and 

Theis89 

https://github.com/theislab/scgen  

moscot v0.3.3 Klein et al.90 https://moscot-tools.org 

CellHint v1.0.0 Xu et al.152 https://github.com/Teichlab/cellhint 

stringdb v.12.0 Szklarczyk et al.154 https://string-db.org 

Other  

Analysis code  This paper  https://github.com/AlinaKurjan/DPhil

Code  

10x Genomics GRCh38-2020-A 

human reference genome file (refdata-

gex-GRCh38-2020-

A/genes/genes.gtf)  

10X Genomics  https://www.10xgenomics.com/suppo

rt/software/cell-

ranger/downloads#reference-

downloads  

h38_repeat_mask.gtf  UCSC Genome 
Browser  

https://genome.ucsc.edu/cgi-
bin/hgTables?hgsid=611454127_Ntvl

aW6xBSIRYJEBI0iRDEWisITa&clad

e=mammal&org=0&db=0&hgta_grou

p=genes&hgta_track=refSeqCompos

ite&hgta_table=ncbiRefSeq&hgta_re

gionType=genome&position=&hgta_

outputType=gff&hgta_outFileName=

mm10_rmsk.gtf  

allTFs_hg38.txt file  Aertslab 

SCENICprotocol Github 

Repository  

https://github.com/aertslab/SCENICp

rotocol/tree/master/example  

http://www.rstudio.com/
https://github.com/theislab/scgen
https://github.com/AlinaKurjan/DPhilCode
https://github.com/AlinaKurjan/DPhilCode
https://www.10xgenomics.com/support/software/cell-ranger/downloads#reference-downloads
https://www.10xgenomics.com/support/software/cell-ranger/downloads#reference-downloads
https://www.10xgenomics.com/support/software/cell-ranger/downloads#reference-downloads
https://www.10xgenomics.com/support/software/cell-ranger/downloads#reference-downloads
https://genome.ucsc.edu/cgi-bin/hgTables?hgsid=611454127_NtvlaW6xBSIRYJEBI0iRDEWisITa&clade=mammal&org=0&db=0&hgta_group=genes&hgta_track=refSeqComposite&hgta_table=ncbiRefSeq&hgta_regionType=genome&position=&hgta_outputType=gff&hgta_outFileName=mm10_rmsk.gtf
https://genome.ucsc.edu/cgi-bin/hgTables?hgsid=611454127_NtvlaW6xBSIRYJEBI0iRDEWisITa&clade=mammal&org=0&db=0&hgta_group=genes&hgta_track=refSeqComposite&hgta_table=ncbiRefSeq&hgta_regionType=genome&position=&hgta_outputType=gff&hgta_outFileName=mm10_rmsk.gtf
https://genome.ucsc.edu/cgi-bin/hgTables?hgsid=611454127_NtvlaW6xBSIRYJEBI0iRDEWisITa&clade=mammal&org=0&db=0&hgta_group=genes&hgta_track=refSeqComposite&hgta_table=ncbiRefSeq&hgta_regionType=genome&position=&hgta_outputType=gff&hgta_outFileName=mm10_rmsk.gtf
https://genome.ucsc.edu/cgi-bin/hgTables?hgsid=611454127_NtvlaW6xBSIRYJEBI0iRDEWisITa&clade=mammal&org=0&db=0&hgta_group=genes&hgta_track=refSeqComposite&hgta_table=ncbiRefSeq&hgta_regionType=genome&position=&hgta_outputType=gff&hgta_outFileName=mm10_rmsk.gtf
https://genome.ucsc.edu/cgi-bin/hgTables?hgsid=611454127_NtvlaW6xBSIRYJEBI0iRDEWisITa&clade=mammal&org=0&db=0&hgta_group=genes&hgta_track=refSeqComposite&hgta_table=ncbiRefSeq&hgta_regionType=genome&position=&hgta_outputType=gff&hgta_outFileName=mm10_rmsk.gtf
https://genome.ucsc.edu/cgi-bin/hgTables?hgsid=611454127_NtvlaW6xBSIRYJEBI0iRDEWisITa&clade=mammal&org=0&db=0&hgta_group=genes&hgta_track=refSeqComposite&hgta_table=ncbiRefSeq&hgta_regionType=genome&position=&hgta_outputType=gff&hgta_outFileName=mm10_rmsk.gtf
https://genome.ucsc.edu/cgi-bin/hgTables?hgsid=611454127_NtvlaW6xBSIRYJEBI0iRDEWisITa&clade=mammal&org=0&db=0&hgta_group=genes&hgta_track=refSeqComposite&hgta_table=ncbiRefSeq&hgta_regionType=genome&position=&hgta_outputType=gff&hgta_outFileName=mm10_rmsk.gtf
https://genome.ucsc.edu/cgi-bin/hgTables?hgsid=611454127_NtvlaW6xBSIRYJEBI0iRDEWisITa&clade=mammal&org=0&db=0&hgta_group=genes&hgta_track=refSeqComposite&hgta_table=ncbiRefSeq&hgta_regionType=genome&position=&hgta_outputType=gff&hgta_outFileName=mm10_rmsk.gtf
https://genome.ucsc.edu/cgi-bin/hgTables?hgsid=611454127_NtvlaW6xBSIRYJEBI0iRDEWisITa&clade=mammal&org=0&db=0&hgta_group=genes&hgta_track=refSeqComposite&hgta_table=ncbiRefSeq&hgta_regionType=genome&position=&hgta_outputType=gff&hgta_outFileName=mm10_rmsk.gtf
https://github.com/aertslab/SCENICprotocol/tree/master/example
https://github.com/aertslab/SCENICprotocol/tree/master/example


Genome rankings (.feather) and motif 

annotation (.tbl) files, v10 

Aertslab cisTarget 

resources 

https://resources.aertslab.org/cistarg

et/ 
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