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Abstract 

 

Largely devoid of regenerative capacity, the mammalian heart was long considered a 

post-mitotic organ. Recent evidence have challenged this dogma by accessing that specific 

mammalian cardiomyocyte populations are able to maintain some proliferate ability through 

life, although not sufficient to restore cardiac function following injury in the adult. The scarcity 

of these cells together with the lack of cell-surface markers for their prospective identification 

constitute major hurdles to the advancement of the field. 

In line with this, our team has recently unveiled a population of proliferative 

cardiomyocytes prospectively identified by the expression of CD24, a molecule broadly 

associated to immature cell populations that contribute to regenerative responses. To explore 

whether and how this marker impacts on cardiomyocyte biology and contributes to this unique 

phenotype, we performed a computational analysis of the dynamics of CD24 expression in 

cardiomyocytes across mouse and human ontologies, making use of state of the art scRNA- 

Seq technology. 

Based on an extensive comparative analysis on the performance and impact of 

different computational tools, we have herein implemented a bioinformatic pipeline optimized 

for the analysis of CM’s scRNA-Seq data. This pipeline combines several data mining 

techniques including unsupervised clustering, differential expression and machine learning 

models, aiming to identify relevant patterns in the data. We analysed a total of 3062 cells 

pertaining to three publicly available datasets of mouse, human embryos and human healthy 

adults. 

Our results are consistent with the prevalence of CD24 expressing cardiomyocytes 

from embryonic development to adulthood in mouse and human hearts, providing mounting 

evidence of its maintained proliferative ability and possible association with hypoxia. In 

addition, we have put forward a cardioprotective role of CD24 by exposing its correlation to 

key molecular elements that mediate important milestones of cardiac metabolism, including 

apoptosis, calcium homeostasis, hypoxia response and cell cycle regulation, ultimately 

contributing to cardiomyocyte differentiation, proliferation and survival. 

 
 
 
 
 

Keywords: bioinformatics, scRNA-Seq, transcriptomics, mouse, human, heart, 
cardiomyocytes, cardiomyogenesis, CD24, cardiac regeneration 
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Resumo 

 
Amplamente desprovido de capacidade regenerativa, o coração foi durante muito 

tempo considerado um órgão pós-mitótico. Evidências recentes desafiaram este dogma ao 

demonstrarem que os mamíferos retêm ao longo da vida populações específicas de 

cardiomiócitos capazes de proliferar, apesar de não serem capazes de restaurar a função 

cardíaca após uma lesão no adulto. A escassez destas células e a falta de marcadores 

celulares para a sua identificação constituem problemas fundamentais para o avanço 

científico desta área. 

Neste contexto, a nossa equipa identificou recentemente uma população de 

cardiomiócitos proliferativos que podem ser identificados pela expressão de CD24, uma 

molécula amplamente associada a populações celulares imaturas que participam na resposta 

regenerativa de vários sistemas. Para explorar se e de que forma este marcador tem impacto 

na biologia dos cardiomiócitos e contribui para o seu fenótipo, realizamos uma análise 

computacional da sua dinâmica de expressão em cardiomiócitos ao longo da ontologia do 

murganho e humano, utilizando para isso a tecnologia de scRNA-Seq. 

Com base numa análise comparativa extensa de diferentes ferramentas 

computacionais, desenvolvemos uma pipeline bioinformática otimizada para a análise de 

dados de scRNA-Seq de cardiomiócitos. Esta pipeline combina diferentes técnicas de data 

mining para extrair padrões relevantes dos dados incluindo clustering não supervisionado, 

expressão diferencial e modelos de machine learning. No total, analisamos 3062 células 

referentes a três datasets distintos de murganho, embriões humanos e indivíduos adultos 

saudáveis, publicamente disponíveis. 

Os nossos resultados são consistentes com a prevalência de cardiomiócitos que 

expressam CD24 desde o desenvolvimento embrionário até á vida adulta em corações de 

murganho e humano, fornecendo evidências que suportam a manutenção da sua 

capacidade proliferativa e possível associação à hipoxia. Para além disso, os nossos 

resultados sugerem que o CD24 pode estar envolvido em mecanismos de proteção cardíaca 

ao revelarem a sua correlação com elementos moleculares chave que medeiam processos 

fundamentais do metabolismo cardíaco, incluindo apoptose, homeostasia do cálcio, resposta 

á hipoxia e regulação do ciclo celular, desta forma contribuindo para a diferenciação, 

proliferação e sobrevivência de cardiomiócitos. 

 
Palavras-chave: bioinformática, scRNA-Seq, transcriptómica, murganho, humano, coração, 
cardiomiócitos, cardiomiogenese, CD24, regeneração cardíaca 
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Introduction 

 

State of the art 

 
 

In light of new insights portraying mammalian cardiomyocyte renewal for 

the individuals’ lifespan, the conservative view of the heart as a post-mitotic, 

organ was replaced with the knowledge that the organ is endowed with intrinsic 

CM proliferation, sufficient to support a regenerative response in the neonate but 

not in the adult1–4. As controversy raised regarding the cellular origin of the new 

cells, pre-existent CMs kept on an immature/quiescent state that are able to re- 

enter the cell cycle and actively proliferate in response to injury were 

prospectively identified as the dominant source2,3,5–8. 

 
Remarkably, CM proliferation in mammals has long been reported9 but 

evidence that cardiac growth was due to an increase in CM size (hypertrophy) 

instead of their number (hyperplasia)10 fostered its misbelief and only recent 

technological and methodological developments allowed to unequivocally 

capture in vivo CMs turnover2,11. 

 
While addressing this question, our team has recently unravelled a 

putative marker for an immature CM population, heat stable antigen (HSA), a 

surface protein also known as cluster of differentiation 24 (CD24)24. CD24+ 

CMs persist through life, actively proliferate up to postnatal day (P) 7, are able 

to engraft cardiac tissue upon transplantation and acquire spontaneous 

contractile properties in vitro. Importantly, CD24 is expressed on the cell 

membrane, enabling identification and isolation of viable cells through 

traditional methods. To disclose the role of CD24 in cardiomyocyte’ biology, we 

conducted analysis of mouse and human single-cell RNA-Sequencing (scRNA-

Seq) data through implementation of an optimized bioinformatics pipeline. 
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Chapter 1- Cardiovascular Biology 

 
 

1.1. Mammalian Heart Development 

 

 
The heart is the first organ to be formed and to acquire function during 

mammalian embryonic development, being detectable at embryonic day (E) 8.5 and 

identifiable in its final four chambered geometry around E14.5 in mouse 1 and between 

14-20 weeks gestational age (WGA) in humans2. The cardiac developmental sequence 

observed in both organisms is remarkably similar supporting the use of mouse models 

for the study of human development1. 

The adult mammalian heart is composed by three distinct layers, the 

endocardium, myocardium and epicardium. The endocardium and epicardium 

correspond to the inner and outermost layers of the heart, underlying and surrounding 

the myocardium, respectively. Both tissue layers contribute with essential cellular 

populations and mitogens for the developing heart33,34. Furthermore, recent reports have 

evidenced their crucial role during heart regeneration and fibrotic response in 

mammals3–5. In turn, the myocardium is responsible for the contractile and pump 

functions of the heart and is mainly comprised by CMs. 

To date, three main sources of multipotent precursors were identified in mouse 

that arise at specific spatiotemporal periods and contribute to the formation of the distinct 

cardiac structures6: cardiogenic mesoderm7 - gives rise to both ventricular and atrial 

CMs8 and endothelial and smooth muscle cells for the outflow tract (OFT) between E7 

and E89,10; cardiac neural crest - cells contribute to the smooth muscle and 

mesenchymal cells that participate in the septation of the OFT trunk around E9.511; and 

the transient proepicardial organ - present between E8.5 and E10.5 and gives rise to 

the epicardium layer besides contributing with stromal cells/interstitial fibroblasts and to 

the coronary vasculature12. 

 
At early stages of development, CMs greatly contribute to rapid heart growth by 

extensive proliferation13. Yes-associated protein (Yap), a transcriptional cofactor in the 

Hippo signalling pathway, was shown to promote proliferation of embryonic CMs by 

activation of the insulin-like growth factor and Wnt signalling pathways14. In addition, 

cardiac deletion of Yap impairs neonatal heart regeneration while its constitutively forced 

expression improves cardiac function of the adult heart after myocardial infarction (MI)15. 
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In mammals, embryonic and fetal cardiac development occurs in a physiological state 

nearing hypoxia16 essential for the ability of the mouse embryo cardiac cells to 

proliferate, self-renew, and differentiate, partly because of its protective role from 

oxidative stress and damage6,17. As a consequence, embryonic CMs preferably rely on 

anaerobic glycolytic metabolism to obtain energy and exhibit a lower mitochondrial 

content18–20. Particularly, hypoxia inducible factor 1 (HIF1a) and vascular endothelial 

growth factor (VEGF) play central roles in hypoxia-dependent signalling, namely in 

glycolytic metabolism and cell cycle regulation, as well as heart remodelling and 

coronary vessels formation16,21. Noteworthy, hypoxia is a hallmark of the environment 

and metabolism of other highly proliferative cellular populations such as quiescent 

mammalian hematopoietic stem cells (HSC)22 and tumors23, where it promotes 

angiogenesis through HIF1a/VEGF signalling. 

As the gestation proceeds, cardiac cells become more differentiated and different 

stages of CMs maturation coexist. These stages can be identified by specific markers24, 

being the most immature population characterized by the expression of CD24, activated 

leukocyte cell adhesion molecule (ALCAM), melanoma cell adhesion molecule (MCAM), 

and troponin T (TNNT), and absence of caveolin 3 (CAV3). In turn, the maturation of 

these cells leads to downregulation of these markers and upregulation of CAV3. 

 
 
 

1.2. Cardiomyogenesis in neonatal stage 

 

 
The moment of birth denotes a drastic shift from a hypoxic to a normoxic 

environment, which is likely to impart on postnatal response to injury. Interestingly, 

neonatal mice retain a transitory regenerative potential, fostered by proliferation of pre- 

existing CMs25–27, that is rapidly lost during the first week of life, concomitant to CM’s cell 

cycle withdrawal and binucleation (polyploidization in humans)18. Hence, whereas 

neonatal P1 mice are capable of restoring cardiac tissue and become fully functional 

after ischaemic injury, P7 mice have lost regenerative ability and exhibit a fibrotic 

response similar to that seen in the adult. 

 
In fact, the significant increase in oxidative stress and damage owing to the switch 

from anaerobic glycolytic to oxidative metabolism for energy production18,28 is likely 

responsible for CM’s cell cycle arrest in a process tightly regulated by the transcription 

factor Meis129. Adding to this, Nakada et al. showed that gradual exposure to severe 
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systemic hypoxia in adult mice submitted to MI induces a robust regenerative response 

accompanied by inhibition of oxidative metabolism and consequent reduction on reactive 

oxygen species production and oxidative damage, highlighting the importance of 

hypoxia to CMs proliferative ability and its potential therapeutic role in regenerative 

medicine30. 

 
It is still not well established whether human neonates exhibit the same 

regenerative potential as mice, although some clinical reports seem to evidence such 

resemblance. For instance, complete recovery of myocardium and normal heart 

functions were restored after massive neonatal MI injury in newborn infants31,32. Further 

studies revealed impressive repair potential and the contribution of CM turnover for 

cardiac hypertrophy in young children, highest in early childhood33,34. 

 
 
 

1.3. Cardiomyogenesis in adult mammals 

 

 
The hallmark in cardiac regeneration research was the evidence of CM renewal 

in the adult human heart provided by the original work of Bergmann and co-workers 

using radiocarbon (14 C) retrospective birth dating of cardiac cells35,36. Applying 

mathematical models, the authors were able to predict that CMs renew steadily at a rate 

of 1% in young adults (20 years), declining with time to 0.3% in individuals at the age of 

75. Notably, further studies described similar rates in adult mice, highlighting the 

contribution of a rare subset of mononucleated CMs that proliferate under hypoxic 

conditions and in response to myocardial injury 37,38. Mounting evidence further suggests 

that the E2f/Rb network plays a central role in the transcriptional divergence of bi- and 

mononucleated cellular populations, being the latest usually characterized by a smaller 

size, typical diploidy and greater potential to proliferate28. 

 
 
 
 
 
1.4. Proliferative CMs populations described in the literature 

 

 
Recent reports evidence that CM proliferation in adult heart rely on the presence 

of populations with similar properties to embryonic counterparts, although some variance 

has been indicated in the literature. Recently, we have identified a mouse cardiac 
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population of immature mononucleated CMs, distinguishable by the expression of CD24, 

that actively proliferate up to 1 week age, persist throughout adulthood and increase in 

frequency after injury24. Bersell et al. suggested the existence of mononucleated 

quiescent CMs that are able to proliferate and re-enter cell cycle induced by neuregulin1 

and its tyrosine kinase receptor (NRG1/ErbB4) signalling, a metabolic pathway involved 

in CM proliferation during prenatal development39. Moreover, Xiao et al. identified a 

population of p53 expressing cardiac myocytes that displayed membrane localization of 

troponin proteins, previously observed in cycling CMs in both zebrafish and mouse 

models of heart regeneration, that were highly proliferative during the first postnatal 

month and capable of mounting regenerative response and contribute to myocardium 

renewal following injury in neonatal mice40. Moreover, Kühn et al. evidenced the 

perisotin-induced proliferative potential of mononucleated differentiated CMs following 

MI41. Perisotin is a mitogen present in the developing myocardium that besides being 

able to induce proliferation of neonatal CMs also reduces infarct size and fibrosis and 

improves cardiac function after ischaemic injury. 
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Chapter 2- CD24 Biology 

 
 

Under physiological conditions, some adult tissues including skin, intestine, bone 

marrow, bone and liver retain the capacity for homeostatic self-renewal. This property is 

attributable to the proliferation and differentiation of stem, transit-amplifying, and 

differentiating cells, tightly regulated by cell-cell or cell-matrix interactions or by secreted 

factors. Nieoullon et al. suggested the involvement of mouse CD24 in these events as a 

general regulator of cell homeostasis governing the balance between proliferation and 

differentiation of immature cells42. 

 
CD24 (a.k.a. HSA/heat stable antigen) is widely expressed in mouse and human 

from embryonic development to adulthood42. It consists on a mucinlike43 heavily- 

glycosylated cell surface protein anchored to the cell membrane by phosphatidylinositol 

(GPI)44 that functions as an adhesion molecule and has potential to act as a co-receptor 

in cellular signal transduction42,45. Since CD24 is expressed on the outer surface of the 

cytoplasmic membrane and has no trans-membrane domain, its actions likely rely on 

interactions with other proteins in signalling pathways that have, to date, remained 

largely unknown. 

 
Although known to be distinctively expressed, sequence and methylation 

analysis of CD24 promoter revealed characteristics of constitutive genes 46, highlighting 

the complexity and lack of comprehension of the mechanisms in which it is involved. 

 
While being heavily expressed during development, in adult mice CD24 is 

generally constrained to proliferative immature cell populations actively involved in tissue 

growth, regeneration or repair 42, being already identified in the brain47, heart24, liver48, 

kidneys49 and bone50. In accordance, Liu et al. suggested that CD24 was responsible 

for the repression of the host response to damage associated molecular patterns 

(DAMPs), used to refer the collection of intracellular components released in response 

to tissue injury, and further demonstrated that, in these conditions, CD24 interacts with 

some members of the Siglec family, namely Siglec G in mice and its human homologue 

Siglec 10, ultimately affecting NF-kB activation 51. 
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All these evidences highlight the importance of CD24 as a marker for immature 

proliferative cellular populations that commonly persist through adulthood and contribute 

to regenerative responses in a variety of organs including brain, skin, liver, kidneys and 

bone, supporting previous work in which we identified a population with similar 

characteristics in the heart. 

 
CD24 is also thought to be involved in the adaptive immune response43, 

autoimmune diseases51–53, wound healing53 and tumorigenesis45. Furthermore, CD24 

was shown to mediate cellular migration and invasion properties by functioning as an 

alternative ligand for P-selectin, an adhesion cellular receptor54,55. These properties 

represent key aspects of carcinogenesis and wound healing events as they impact 

tumour cells motility and invasion as well as the recruitment of immune system 

associated cells in the primary inflammatory response to tissue injury. Interestingly, 

wound healing and cancer exhibit similar cellular behaviour as they both rely in increased 

cell proliferation, survival, invasion and migration, remodelling of extracellular matrix and 

new blood vessel formation, all properties previously related, either direct or indirectly, 

with CD24 expression. 
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Chapter 3- Single-cell Transcriptomics 

 

 
3.1. Single-Cell Sequencing Principles 

 

 
The transcriptome of a cell refers to its ever-changing content of RNA molecules 

originated from the transcription of the genome, comprising both protein coding and non- 

coding transcripts56. Because these molecules accurately reflect gene expression and 

due to its vital importance in many cell processes, transcriptomics has become one of 

the essential key features to elucidate the phenotypic and functional cellular status56. 

The last decades fostered extensive advances in transcriptomics research 

technologies currently enabling the study of transcriptome profiles of complex tissue 

samples and, at a deeper level, isolated single cells. For this purpose, there are distinct 

methods available including single-cell quantitative polymerase chain reaction (qPCR), 

single-cell (sc) microarray analysis, and single cell RNA sequencing (scRNA-Seq)57,58. 

scRNA-Seq methodologies benefit from the study of the transcriptional heterogeneity 

and diversity in a broader range whereas its former counterparts are restrained to the 

study of a limited number of known genes and reliant on hybridisation protocols59,60. In 

particular, opposing to bulk RNA-Seq analysis which gives information regarding the 

average expression profile of a pool of cells, scRNA-Seq provides a static snapshot of 

the holistic transcriptome landscape of individual cells within the dynamic time frame of 

its lifespan56,60,61. Importantly, analysis of cell-to-cell heterogeneity by scRNA-Seq 

enables the characterization of novel subpopulations of cells previously masked by bulk 

analysis. Noteworthy, this has been reported in what were assumed to be relatively 

homogeneous populations such as embryonic stem cells (ESC)62 and particular cellular 

components of the nervous system63. Further reports of single-cell analysis have 

emphasized discrepancies within bulk RNA-Seq experiments. For example, while 

measuring siRNA knockdown of the GAPDH gene in individual Jurkat T lymphocyte 

cells, Nicholas Toriello and its team unequivocally showed that, under the same 

conditions, the measurements performed on a set of cells did not resemble the 

stochastic diversity of individual cellular response64. Another study analysing gene and 

allele-specific expression profiles of fibroblasts from trisomy 21 discordant twins showed 

that the expected and previously observed overexpression of trisomic genes in trisomic 

vs. diploid bulk RNA-Seq is not detectable in identical single-cell analysis and is instead 

a reflexion of the higher incidence of trisomic cells simultaneously expressing these 

genes65. All these reports highlight the relevance of scRNA-Seq for cellular 
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characterization and pertinent transcription patterns unravel over bulk average analysis. 

Adding to this, recently developed methodologies now enable the processing of 

thousands of single cells in parallel allowing the study of the cell as a functional unit at 

an unprecedented resolution58. scRNA-Seq has hence become a valuable asset to 

expand our insights in complex tissue composition and disease conditions, among many 

others applications61. 

 
 
 

3.2. Single-Cell Sequencing Methods 

 

 
Although the technologies and methodologies applied in each particular scRNA- 

Seq method may differ, they all follow a common workflow which includes66: 

 
- Cell isolation 

Cell isolation methods vary in the number of cells processed (high-throughput or 

low throughput) and how the cells are selected (biased or unbiased)67. Initially this step 

was accomplished by manual picking and processing of individual cells, either by 

fluorescence-activated cell sorting (FACS)60 or micromanipulation66. While this may be 

advantageous to perform a detailed analysis of specific and/or rare cell populations, it is 

not appropriate to process a large number of cells66. Droplet-based technologies are 

currently a valuable solution to address this question as they offer a high-throughput, 

unbiased solution capable of processing thousands of cells in parallel using microfluidic 

or microwell plate-based approaches58,60,67. Briefly, droplet-based microfluidics 

technique encapsulates single cells in oil nanoliter-sized droplets that significantly 

reduce the reaction volume and hence the amount of reagents required, increasing the 

concentration of target molecules in a cost-efficient manner56. 

 
- RNA capture and reverse transcription to cDNA 

This step consists on RNA isolation, following cell lysis, and its conversion into 

cDNA. The most common approach uses oligo(dT) primers to capture RNA transcripts, 

taking advantage of mRNA signature polyadenylated (poly(A)) tails. oligo(dT) primers 

sequence is specifically designed to carry anchor sequences and specific cellular 

barcodes which are later incorporated into the newly synthesized cDNA68. Regarding 

droplet-based technologies, each droplet houses the rupture of a single cell and capture 

of its RNA content by oligo(dT)-coated beads. This facilitates the performance of cDNA 
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and library generation for all cells in one single tube since every transcript will be marked 

with a specific barcode identifiable of its origin cell. 

Once the RNA molecules have been captured, they must be converted into double 

stranded cDNA. 

 
- cDNA amplification 

The generation of high throughput sequencing libraries requires the presence of 

significant amounts (nanograms) of genetic material68,69. While a typical mammalian cell 

contains only 10-30 micrograms of RNA70 a crucial step in scRNA-Seq methodologies 

is the amplification of cDNA obtained from reverse transcription. Two of the most used 

methods are polymerase chain reaction (PCR) and in vitro transcription (IVT). 

PCR is a cyclic method that results in an exponential increase of the double stranded 

cDNA content allowing the generation of several million copies from a single molecule 71. 

However, PCR amplification is prone to introduce significant bias to the cellular gene 

expression profile and its efficiency is sensitive to G-C content. In turn, IVT employs 

linear amplifying methods which contribute to bias reduction68. 

 
- Library Preparation and sequencing 

Currently, before sequencing, all samples must go through a final step of library 

preparation. This mainly requires the fragmentation of cDNA and inclusion of specific 

adapters to the extremities of the transcripts to be sequenced, resulting on a random 

collection of cDNA fragments ready for downstream sequencing. The sequencing 

methods presently available are based on full-length sequencing and/or end-counting 

methodologies. The full-length approach allows sequencing of the transcriptome as 

reads are generated from across the entire length of genes67,72. This method is more 

sensitive and hence is advantageous to analyse isoform usage or allelic expression66. 

However, it becomes very expensive when sequencing a large number of cells68 and 

tends to be biased for longer genes67. In turn, end-counting methods provide a 

compromise between cost and transcriptome coverage by sequencing only the 3’- or 5’- 

end of the transcripts68. This approach can be applied when the goal of the experiment 

is transcript identification and quantification, such as for subpopulation detection, and is 

more advantageous to sequence a large number of cells providing a cost-effective high 

throughput solution66,67. This approach still suffers from read bias directed to the 

extremity that is sequenced67. 

Another factor to consider is the sequencing depth. While analysing high read 

depths may increase the cost of sequencing, low read depths may fail to provide detailed 
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information on the transcriptome profile and hence subtle signatures may be lost. If the 

goal is to identify and/or characterize cellular populations, the experiment design benefits 

from a low read depth and analysis of a large number of cells. In turn, if the goal is to 

characterize particular aspects of the transcriptome at a high resolution a high depth 

analysis is required while sacrificing the number of cells analysed73. 

 

 
3.3. Single-cell Sequencing Problems 

 

 
A major challenge of scRNA-Seq is the systematic introduction of errors 

throughout the common experimental procedure which may ultimately conceal the 

relevant biological variance in the data and lead to erroneous interpretations and 

conclusions60. 

 
The more prominent source of noise is the introduction of bias and technical 

variability associated with the RNA capture, reverse transcription and cDNA amplification 

steps. In fact, the efficiency of these procedures is thought to differ widely from 10% to 

40%73. As a result, it is estimated that only a limited sample of 5% to 15% of the 

transcriptome of each cell is captured leading to significant alterations on the broad gene 

expression and potential loss of lowly expressed transcripts, a phenomenon referred to 

as dropout60,74. This missing data problem is intensified at a first stage by the differences 

amongst cells but more importantly by the variation between different batches. Batch- 

effect arises among groups of cells that are processed and sequenced separately and 

acts as yet another substantial confounding factor60. 

The impact of technically driven variation raises special concerns amongst the 

scientific community as it significantly alters the signal of interest in the data and 

consequently hampers its downstream analysis60, wherefore several experimental and 

computational strategies have been developed to its alleviation. One example is the 

incorporation of unique molecular identifiers (UMIs) sequences to each individual 

molecule as a way to reduce amplification bias66,75. The number of UMIs linked to a 

particular gene is a direct measure of the number of cDNA molecules associated to that 

gene and hence it can be used to obtain amplification independent expression estimates 

by accounting only for the number of unique barcodes mapped to that position. Despite 

the advantages of UMI-based protocols, it is important to be aware of the existence of 

other sources of technical variability and the occurrence of sequencing errors in the UMIs 

sequence that might result in the appearance of spurious molecules66. 
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Another strategy developed to account for differences in read sequencing depths 

between cells was the usage of extrinsic spike‐ in molecules. These molecules are 

incorporated in equal amounts in all cells and are hence used as standards to facilitate 

normalization of gene expression levels across single-cell libraries66. That is to say, for 

each individual cell, the ratio of detected over expected ERCC spike-ins is used to 

estimate gene normalized expression values76. Spike-ins can be used in combination 

with UMIs providing more robust results but it requires additional precautions66. 

Apart from the introduction of technical driven variation addressed, scRNA-Seq 

data interpretation is also undermined by biological noise. This refers to biological 

properties of the samples, such as cell size, cell cycle stage, and transcriptional kinetics, 

that introduce variability independent of the signal of interest and may act as additional 

confounding factors66. 

 
 
 

3.4. Single-nucleus Sequencing 

 

 
In spite of the valuable insights provided by scRNA-Seq methodologies, the 

dissociation of complex tissues into intact viable cells represents a major technical 

challenge to its broadly application77,78. In the case of the adult mammalian heart, this 

poses a particular hurdle due to the CMs’ large size and irregular morphology, which 

additionally hampers their capture by most standard scRNA-Seq platforms77,79,80. In fact, 

whereas commercially available single-cell platforms can currently sort cells that are ≤25 

to 50 μmol/L in diameter, an adult mammalian CM can be up to ≈125 μmol/L along the 

longitudinal axis. Alternative capture approaches have been developed but are more 

expensive and present bias towards larger cells leading to underrepresentation of 

smaller cardiac cell types78,81. These issues make scRNA-Seq technology unable to 

correctly describe the relative abundance of all adult cardiac cell types which led to a 

higher incidence on embryonic and neonatal stages or adult non-myocyte populations 

studies79. Driven by these obstacles, single nucleus RNA-Seq (snRNA-Seq) has 

emerged as an alternative transcriptomic approach especially relevant for CM 

analysis78. The use of nuclei bypasses the preparation of intact single-cell suspensions, 

allows the operation of cryopreserved or fixated samples and provides reduced 

dissociation bias and transcriptional impact of enzymatic digestion, hence holding 

several technical advantages with regard to scRNA-Seq technologies78,79,82. However, 

it lacks to explore to which extent CMs binucleation and/or polyploidization may impart 

the outcome. Although snRNA-Seq suffers from the loss of cytosolic RNA, several 

reports show 
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evidence that it is representative of the whole cell and yields similar results to scRNA- 

Seq, if reads mapping to intronic regions are included77–79. Effectively, albeit scRNA-Seq 

shows higher gene detection, it is enriched for ribosomal, mitochondrial and artefactual 

stress response genes wherefore it does not translate significant differences and cell 

identification is not impaired83. In turn, snRNA-Seq is more sensitive to transcripts 

enriched in the nucleus, namely intronic reads and long non-coding RNAs77 which were 

for a long time considered non-functional transcripts but are now known to regulate 

crucial processes including cardiovascular development, post-transcriptional control, 

CM proliferation and disease establishment84,85. 

 
The limited coverage of single cell and snRNA-Seq technologies poses the more 

prominent issue towards studying the heart. While this renders particularly hard to profile 

rare cell populations, such as cardiac progenitors or proliferating CMs, high-throughput 

sequencing of large numbers of cells is imperative to increase the chance of detecting 

such cellular subtypes. Equally important is the use of appropriate mining strategies so 

that relevant molecular mechanisms, albeit portraying lowly expressed genes, are 

inferred from the data. 

As such, although valuable insights may be provided, one must realize that the 

absence of evidence cannot be used to exclude hypotheses and all findings must be 

subsequently validated using more established experimental techniques such as in situ 

hybridization or immunohistochemistry81. Despite the indicated points of caution, 

transcriptomic profiling at single unit resolution has an unprecedented potential to 

advance our knowledge of cardiac biology and pathology events. 
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Motivation 

 
 

Knowledge that MI remains one of the leading causes of death worldwide, along 

with organ donation shortage, places a high demand on the scientific and medical 

communities to develop alternatives that circumvent heart transplant. Although not 

sufficient to restore the injured tissue, evidence of CM division in adult heart raised 

expectation on CM’ cell cycle manipulation-based therapies in which myocardial 

regeneration is accomplished, ideally, by inducing proliferation mechanisms on pre- 

existing CMs. Scarcity of these cells and lack of cell-surface markers for their prospective 

identification constitute however major hurdles to the advancement of the field. 

 

Using an approach combining multiparametric surface marker analysis with single- 

cell transcriptional profiling and in vivo transplantation, our team recently unravelled a 

rare population of mouse CMs that preserve immature features and proliferate actively 

up to P7. While at low numbers, these CMs persist in adult hearts where they expand 

after ischaemic injury and are readily isolated by means of their expression of CD24 at 

the cell-surface. CD24 expression, decreasing steadily from the early embryo cardiac 

progenitors/precursors to the late fetal stages, correlates best with mononucleated 

immature-like CMs, devoid of CAV3 (a membrane protein typical of fully mature CMs), 

and keeping proliferative activity24. Remarkably, the distinctive feature of these CMs is 

the expression of the molecule CD24, long described as a marker for immature 

proliferative cell-populations that commonly persist through adulthood and contribute to 

regenerative responses in a variety of organs including brain47, bone50, kidneys49 and 

liver48. Overall, CD24 appears as an essential cell homeostasis regulator that governs 

the balance between proliferation and differentiation of immature cells42. 

 

All these evidences instigated us to further CD24 as a candidate marker of 

immature proliferative CMs and to investigate a potential contribution of CD24 

expression for the proliferative competence of the newly identified CM compartment. 

With this in mind, and following our hypothesis that CD24+ CMs may contribute to 

both myocardial homeostasis and regeneration/repair processes24, we proposed, firstly, 

to perform an exhaustive bioinformatics analysis to characterize the dynamics of CD24 

expression in the CMs’ compartment from early embryo development through adulthood 

in mouse and seek translation of the observed evidence in human. To meet these 
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objectives, we conducted an in sillico analysis of relevant scRNA-Seq data sets available 

on public repositories to, at a cellular level: 

i) Evaluate the expression of CD24 and potentially correlated genes across 

different ontogenetic stages; 

 

ii) Identify molecular partners with which CD24 may engage in the CMs. 

 
 

Results from these analyses have the potential to provide valuable insights 

regarding CMs biology and will ultimately guide the experimental design of the team 

research by exposing candidate genes for biological validation to an extent that would 

be unlikely to be achieved experimentally. 

 
Execution of this project required three main tasks: 1- the selection of the 

datasets; 2- the implementation of a bioinformatics pipeline optimized for the analysis 

of CMs; and 3- the biological interpretation of the obtained results. 
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Task 1- Literature review and relevant data-set 
selection 

 
This task consisted on screening the literature for relevant datasets. Since the 

objective of this work was to study a specific population of CMs, that is, expressing 

CD24, single-cell RNA sequencing data were prioritized as a requisite so that a detailed 

analysis could be performed at cell-level, while bulk population sequencing only portrays 

the average expression of an ensemble of cells. 

 

Due to technical limitations on obtaining adequate samples, we were not able to 

construct timely our own dataset based on specifically designed experiments. However, 

the analysis of CD24 expression profile in the cardiovascular system was still in our 

highest interest since we recognize the value of this molecule as a putative candidate 

for elucidating cardiovascular regeneration/repair mechanisms. Hence, we decided to 

proceed with the study using suitable datasets available in the literature, already 

validated on its original work, aware that the existing data may not meet the ideal 

demands. Moreover, in this project, the purpose of reusing data extends from the ethical 

side (reducing animal experimentation) to the validation of our findings in the frame of 

gene expression data collected in distinct experimental settings. 

 

To complete this task, we exhaustively searched two of the most used databases 

for data disposal, namely ArrayExpress86 and GEO DataSets87, and the database 

Pubmed88 to pursue relevant works that might have been neglected (results resumed on 

Appendix Table 1). When using the keywords “heart AND mus musculus” and “heart 

AND homo sapiens” we get a total of 862, 400 and 37818, 27954 results in Array Express 

and GEO Datasets, respectively. These numbers reduce slightly if we narrow the field 

of search by using the keywords “cardiomyocytes AND mus musculus” or 

“cardiomyocytes AND homo sapiens” (126, 38 for Array Express and 3920, 82 for GEO 

Datasets, respectively). Of note, the higher number of results in GEO Datasets does not 

necessarily reflect an increase of unique works, but rather the differences between the 

two databases architecture, as GEO Datasets upload offers more flexibility to the user, 

whereas Array Express presents the results neatly organized on a table. Most of the 

available data consist of bulk transcriptional studies, mainly RNA-Seq, Chip-Seq and 

microarray, ATAC-Seq, genomic, methylation and chromatin assays, and a residual 

proportion of single-unit methodologies. In addition, there is an evident discrepancy on 
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the numbers of studies on mouse and human, fostered by not only the shortage in 

biological samples but also the reluctance of some authors to its public provision. 

The controversy associated with scRNA-Seq and the fact that this technology is 

still very recent, renders the offer of publicly available datasets very limited. Moreover, 

isolation and sequencing of CMs poses particular technical challenges wherefore the 

data, while existent, may not meet the expected quality and not represent accurately the 

cellular environment. Combining the previous results with pubmed search using the key 

words “cardiomyocytes AND single-cell RNA Seq AND mus musculus” and 

“cardiomyocytes AND single-cell RNA Seq AND homo sapiens” we identified a total of 

19 potential datasets, 12 for mouse, 5 for human and 2 comprising both organisms. 

 

From the mouse available datasets, one consisted of induced CM (iCMs) 

reprogrammed from neonatal fibroblasts and was hence excluded. Two more studies 

comprised FACS-purified Nkx2-5+ and Isl1+ cells and a set of neonatal and adult Ki67- 

RFP+ proliferative cardiac cells (MI also available). While posing interesting approaches, 

they do not meet the ideal requirements to serve as starting point for this project. The 

remaining consist on whole heart or ventricle samples from embryonic developmental 

stages to adulthood, under normal and disease conditions, namely transversal aortic 

constriction (TAC) and MI models. Due to the wide period addressed, we choose to 

analyse a dataset representing the transcriptional landscape during heart development, 

comprehending embryonic to adulthood timepoints (from E9.5 to P21) hence 

representing the organism ontology. 

 

The offer for human data is evidently more restrict. Three of the seven studies 

comprise CMs derived from stem cell reprogramming, namely human embryonic stem 

cell (hESC), induced pluripotent stem cells (hiPSC) and were therefore excluded. From 

the remaining, two corresponded to embryonic stages and other two to adult samples of 

healthy and end-stage failing heart donors (non-ischemic dilated cardiomyopathy 

[DCM]). There is no data available for myocardial ischaemic injury. We selected the 

embryonic dataset reflecting the wider period, covering from five to twenty-five weeks of 

gestation. Nevertheless, although DCM pathology does not involve ischemia and cell 

death and is hence not suitable to study the evidence of cardiomyogenesis, we could 

still use the control groups of these studies as representative of adult healthy subjects. 

 

From the beginning, our task was severely constrained by the restriction of data, 

pointing to an interesting niche of study with enormous potential for further research. 
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Selected Datasets 

 
In this section, we will briefly describe the datasets used, also summarized in 

Table 1. 

To study the dynamics of expression of CD24 across mouse ontology, we 

selected a dataset originally designed to characterize lineage-specific, temporal-spatial 

heart developmental programs89. The dataset comprises total murine cells isolated from 

atrial and ventricular compartments (and the respective primordial structures when 

applied), at seven time points, spanning from embryonic development to adulthood, that 

capture important cardiac milestones, namely: heart looping, when the atria and ventricle 

become morphologically distinct (E9.5); left and right cardiac chambers formation 

(E11.5); septation and development of compact and trabecular layers of myocardium 

(E14.5); metabolic remodelling (E18.5); left atria and ventricle hemodynamic changes 

due to higher systemic pressures at birth (P0); and at P3, P7, and P21 as the heart 

transitions from proliferative growth (P3) to hypertrophic growth (P21). 

 

Through a high-resolution time course analysis, the authors were able to 

characterize the cardiac longitudinal developmental programs and identified three 

stages of CM maturation that co-exist as an heterogeneous population while exhibiting 

distinct transcriptional profiles, implicated in different heart maturation processes: an 

immature population that shows expression of genes that integrate the sarcomere 

structure and are involved with fatty acid oxidation; an intermediate population 

expressing genes involved in glycolytic metabolism and proliferation, which expression 

decreases as development proceeded; and lastly a mature population characterized by 

genes related to mitochondrial activity and calcium metabolism that are lowly expressed 

at early stages (E9.5/E11.5) but increase steadily from E14.5. In addition, the authors 

showed that whole tissue RNA-Seq data averages the expression of these different 

maturation stages, confirming that this technique is not suited for distinguishing specific 

cellular populations based on gene expression. 

 

For human, we used a dataset originally designed to map the transcriptional 

landscape of human fetal heart development comprised by approximately 4,000 cardiac 

cells from 18 human embryos, ranging from 5WGA to 25WGA. The considered 

timepoints comprise some of the cardiac events encompassed by the mouse dataset, 

namely septation and myocardium thickening and remodelling, which in human take 

place around 6WGA and within the first trimester (complete by 12WGA), respectively90. 

The authors were able to identify critical signalling pathways potentially involved in the 
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differentiation and maturation of CMs, namely the Notch signalling pathway, which 

regulates neuregulin (NRG)/ERBB signals to promote CM differentiation from the 

trabecular layer during the early stage (5WGA-7WGA), and the BMP signalling pathway 

that promotes cardiac progenitor cells commitment to CMs. 

 

Although widely reported as a good model to study the human cardiovascular 

system91, there are significant differences between mouse and human heart’s size and 

beating rate92. To elucidate the impact of these differences at the transcriptional level 

and hence make better use of cardiovascular mouse models, the authors performed a 

comparison of transcriptome differences between the two organisms during cardiac 

development. They concluded that CMs are the most similar of the four main cardiac cell 

types (CMs, fibroblasts, endothelial cells and epicardial cells) being E10.5 of mice and 

7WGA of humans the most related timepoints. 

 

We completed the human set of data with adult samples adapted from a study 

that aimed to reveal the mechanisms and functional signatures of pressure overload 

hypertrophy heart failure. This dataset comprises isolated rod-shaped CMs from normal 

subjects and patients with DCM, from which we only used the control groups. The limited 

number of cells may raise some concerns, however we want to highlight that considering 

all the technical limitations on sample availability, CM isolation and sequencing, this is 

very optimist number of cells for human adult tissue and it is very unlikely to obtain a 

much higher number of cells unless a more appropriate protocol is developed. 
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Table 1. Summary of relevant information of the datasets used. 

 
  

Mouse Ontology 

 
Human Heart Development 

 
Adult Human Heart 

 
Accession 

 
GNomEx Database 272R,274R, 

275-292R, 439R, and 440R 

 
GSE106118 

 
GSE95143 

 
Year 

 
2016 

 
2019 

 
2018 

 
 
 

Title 

 
 

Single-cell Resolution of 
Temporal Gene Expression 
during Heart Development 

 

Single-Cell Transcriptome 
Analysis Maps the 

Developmental Track of the 
Human Heart 

 
CM gene programs 

encoding morphological 
and functional signatures in 

cardiac hypertrophy and 
failure 

 
Organism 

 
Mus Musculus 

 
Homo Sapiens 

 
Homo Sapiens 

 
 

Condition 

 
total heart cells from mouse 

embryos (E9.5; E11.5; E14.5; 
E18.5; P0; P3; P7; P21) 

 
total heart cells from human 

embryos (5W - 25W of 
gestation) 

 

rod-shaped CMs from adult 
normal subjects’ samples 

 
Library Protocol 

 
Smart-Seq 

 
STRT-Seq 

 
Smart-Seq2 

 
Sequencing Mode 

 
paired-end 

 
paired-end 

 
paired-end 

 
UMIs 

 
No 

 
Yes 

 
No 

 
Spike-Ins 

 
No 

 
No 

 
No 

 
Ref 

 
89 

 
92 

 
91 

 
 

 
Overall, the sequencing methods employed revealed high sensitivity, detecting 

transcripts in a broad dynamic range (10⁻ ⁴ - 10⁻ ⁷) between the least and most 

abundant. However, the different protocols applied to each dataset construction results 

in significant differences in their characteristics (Figure 1). In fact, although STRT-Seq 

development fostered a leap forward in the scalability of scRNA-Seq protocols56, it also 

implied a compromise on the sequencing accuracy. This phenomenon is clearly 

observed in the human embryonic dataset in which, while a significantly larger number 

of cells are being sequenced, a big portion likely corresponds to empty droplets or non- 

viable cells as evidenced by the read counts (Figure 1B) and feature detection (Figure 
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1E). In turn, Smart-Seq protocols provide an improved read coverage across transcripts69. 

This is observed in the mouse dataset where we see a more homogeneous distribution 

of the cells and the presence of some outliers with discrepant read count values, likely 

corresponding to non-viable cells or multiplets (Figure 1A and D). Particularly, Smart- 

Seq2 protocol was previously reported as one of the most sensitive methods93,94, in line 

with the observed profile of the adult human dataset as higher sequencing depth and 

feature detection rate are achieved (Figure 1C and F). 

 

 

 

Figure  1.  Representation  of  read  and  feature  counts  as  data  quality  measures.  Histogram  and  scatter plot 

representations of raw CMs’ read and features counts as quality indicators mouse (A and D), human embryonic (B and 

E) and human adult (C and F) datasets. CM-Cardiomyocyte. 

A B C 

E F G 
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Task 2 – Implementation of the Optimized 
Computational Pipeline 

In order to streamline the analysis of large volumes of data, a pipeline optimized for CM’s 

scRNA-Seq data was implemented. The principal methods employed will be hereafter 

described, as well as the pipeline structure and validation. 

 

Data Processing 

Once the datasets have been selected, raw read data must be processed and converted 

into a count matrix where columns represent cells and rows genes (N (cells) × m (genes)). 

The main concern regarding this step is the huge volume of data usually associated with 

scRNA-Seq experiments considering that thousands of cells can be analysed on a single run. 

A regular processing protocol usually includes quality assessment and trimming of low-quality 

reads, mapping of the reads to a reference genome, obtaining counts matrix of genes 

expression per cell, normalization and filtering of non-viable cells. 

 

Figure 2 summarizes all the steps implemented in the processing task, briefly described 

thereafter. 
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Figure 2. Summary of the procedure adopted for raw data processing. 
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I. Trimming 

Reads quality was assessed using fastqc95 (v0.11.9) and a complete report 

combining all cells was constructed using qualimap96 (v2.2.1). Trimming of low-quality 

reads was conducted with bbduk from bbmap tools97 (v38.79). Adapter sequences 

were removed, low quality bases excluded and the first 15 5’ nucleotides were clipped. 

 

II. Mapping 

Reads were aligned to the correspondent organism ensemble genome 

reference files98 (release version 99) using STAR99 (v2.7.3a) with default parameters. 

Due to divergence in the literature and lack of conclusive benchmarking studies, two 

regularly used alignment approaches were compared, namely STAR and kallisto100 

(v0.46.1). STAR is a heuristic approach capable of mapping large sets of high-

throughput sequencing reads while maintaining accuracy and speed by combining a 

split/search/extend algorithm with a speed-efficient suffix array search for the 

maximum mappable length of a read99. Kallisto, in turn, is a pseudoaligner that gives 

estimates of expression values based on identifying the transcripts from which each 

read, or fragment could have originated, not trying to pinpoint exactly how the 

sequences align. To do so, it implements a hash-based approach together with 

construction of a the Bruijn graph (T-DBG) from k-mers present in the transcriptome, 

providing accurate and fast results100. 

Based on the obtained data, and despite the high demand on RAM memory, 

STAR was selected to integrate the pipeline. Results are available in the appendix 

section (Appendix Figure 1) and briefly explored on the expression count matrix 

section. Our results corroborate the recent work of Yuheng Du and co-workers as they 

found that mapping with STAR leads to better cell-type annotation by detection of a 

higher number of genes, while compromising computational efficiency101. 

 

 
III. Feature Annotation 

Features were annotated with featureCounts (v1.22.2) algorithm applied to 

STAR alignment considering weighted multi-mappers reads. 

Three options to obtain the count matrix were compared: kallisto output; STAR 

output; featureCounts output. Kallisto was excluded because, adding to the fact that 

its output is given in transcripts per million (tpm) units, its predicted transcript 

abundances were significantly lower in relation to the other methods (Appendix Figure 

1). Comparing STAR and featureCounts outputs, based on the same alignment, it is 

evident that the inclusion of multi-mappers reads, while posing a compromise in 
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mapping quality, results in an increase of identified features and dropout event 

mitigation (from ~85% to ~75% ) (Appendix Figure 1C) and hence we integrated 

featureCounts on the pipeline. 

To maintain data processing as similar as possible when UMIs are included the 

protocol described on UMI-tools102 was followed. This includes mapping with STAR, 

feature assignment with featureCounts and an additional step of UMIs count that was 

accomplished with the respective UMI tools method. 

 

 
IV. Expression Recovery 

Expression recovery, also referred to as imputation, is a computational 

approach designed to alleviate dropout related issues. Dropout emerges from the 

limited coverage of single-unit transcriptomic technologies which results in significant 

loss of transcripts expression. Hence, absence of expression might be an outcome of 

technically introduced variance instead of biological relevance. Expression recovery 

methods propose to predict the impact of dropout events on the data and impute the 

corresponding values to its real expression. This procedure significantly alters the data 

and is consequently often excluded/neglected from the analysis. 

In our case, we decided to include this step on the pipeline as we found it crucial 

to maintain biological relevance of our data. We performed a comparison of three 

highly cited but very distinct methods: Markov Affinity-based Graph Imputation of Cells 

(MAGIC74; v1.5-9), scImpute103 (v0.08) and Adaptively-thresholded Low-Rank 

Approximation (ALRA104; v3.0). 

A key step of MAGIC is the construction of a Markov transition matrix, which is 

then used to impute missing expression values based on shared information across 

similar cells. As most common imputation methods, MAGIC does not distinguish 

technical from biological zeros, treating all missing values as technical bias. As a 

consequence, MAGIC is prone to introduce spurious signals to the data as 

demonstrated by previous reports103,105 and also corroborated by our results. In turn, 

scImpute and ALRA focus on imputing missing expression values of dropout genes 

while retaining the expression levels of non-affected genes103. To achieve this goal 

scImpute first learns each gene’s dropout probability and then imputes the highly 

probable dropout values by borrowing information of the same gene in similar cells. 

scImpute outperformed other methods in comparison studies, achieving high accuracy 

up to 75% dropout proportion. When considering our data, applying scImpute was 

crucial to maintain biological consistency namely by correctly describing the temporal 
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emergence of cardiac populations and their respective markers (Appendix Figure 2). 

For these reasons, scImpute was integrated on the pipeline. 

 

V. Normalization 

Count depths of sequenced cells may vary from sample to sample due to 

variability inherent to the sequencing protocol or biological effects. Therefore, to 

compare gene expression values between cells, the data must be normalized in order 

to obtain correct relative gene expression abundances106. In other words, the goal of 

normalization is for differences in normalized data to represent differences in true 

expression107. 

Nowadays, there is a huge variety of methodologies to normalize read count 

data. The efficiency of a normalization procedure will eventually depend on choosing 

the appropriate method for the data. In this project, we tested 3 different protocols, two 

adapted from bulk RNA-Seq protocols that aim to normalize data by library size (counts 

per million (cpm) and tpm, both integrated in the scater108 package, (v1.16.2); and one 

that was specifically developed to deal with scRNA-Seq data, SCnorm109 (v1.10.0), 

which uses quantile regression to estimate the dependence of transcript expression on 

sequencing depth for every gene. SCnorm is better suited when the count-depth 

relationship varies among genes but performs poorly for very sparse matrices. In turn, 

normalizing by library size approaches assume that the amount of total expression is 

the same under the different experimental conditions, that is, each condition has the 

same amount of mRNA/cell. However, it has shown good results when applied to 

scRNA-Seq data. 

Despite SCnorm developers reported its outperformance in relation to tpm, it is 

computationally and timely far more demanding and the results presented on the 

original paper show similar clustering outcomes. In accordance, our results did not 

show significant differences between the two methods (Appendix Figure 3) that would 

justify the compromise in computational resources and hence, tpm normalization was 

selected and implemented in the pipeline. 

Following normalization, data was logarithmically transformed (log2(1+data)) 

and integrated on a Seurat object. This transformation has three important effects: 

convert differences between expression values to log fold changes; mitigation of 

mean–variance relationship in data ; reduces the bias of the data to approximate the 

assumption of many downstream analysis tools that the data are normally 

distributed106. 

Figure 3 summarizes the alterations performed on the data from raw to 

normalized expression matrix. 
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Finally, the data was scaled to vest lowly and highly expressed features with 

equal weights and unwanted sources of variation were regressed out, namely batch 

effect and, when applied, UMI counts, hence resulting in negative values. 
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Figure 3. Comparison of the data global aspect and characteristics between different scenarios of data processing 

concerning expression recovery and normalization steps. The left superior corner corresponds to the original raw data 

whereas the right inferior corner results from data processing with the methods implemented in our pipeline. 

 
 

VI. Cell Type Annotation & CM Isolation 

 
Although we had access to whole heart data, herein we were particularly 

interested on ventricular and atrial CMs. These were hence isolated following cardiac 

populations annotation using SingleR110 (v3.11). SingleR employs an unbiased cell 

type recognition approach by leveraging bulk RNA-Seq reference datasets of pure cell 

types to infer the cell of origin of each single cell110. 
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VII. Filtering 

Low quality cells were filtered from the dataset by a method adapted from 

Guangshuai Jia et al111. This method includes analysis of six per-cell metrics: number 

of genes detected (nFeature); total number of molecules detected (nCounts); the 

percentage of gene dropouts (percent.dropt); the percentage of alignments to exons 

(percent.exonic); the percentage of transcripts of the genes Rplp0 for mouse and the 

human homologue RPLP0 as cardiac housekeeping genes (percent.rplp); and the 

percentage of transcripts that map to mitochondrial genes (percent.mt). 

Cells are excluded when falling more than one parameter, considering the 

following criteria for defining a low-quality cell: 

● percent.mit exceeds in 1.5 median-absolute-deviations (MADs) the median; 

● nFeature is 2 MADs above or below the median; 

● percent.dropout exceeds in 2 MADs the median; 

● percent.rplp is 2 MADs below the median; 

● nCount is 1.5 MADs above or below the median; 

● percent.exonic is 2 MADs below the median. 

 
 

All these parameters are defined on the Parameters.R script and can be 

modified at any time. The fact that this method rests on a measure of median variation 

in place of a static cut-off allows it to dynamically adjust to any data. 
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Computational Analysis 

 
This task consisted on the implementation of a sequential protocol for 

computational analysis of the processed data obtained on the previous steps. The count 

data and additional relevant information was integrated in a Seurat R object allowing 

consolidation of the outputs of several methods, outlined on Figure 4 and briefly 

described thereafter. 

 

 

 

  
 
 
 
 
 
 
 
 
 
 
 

Figure 4. Summary of cell and gene level methods implemented for computational analysis of the data. 

 
 
 
 

I. Clustering 

A standard approach to deal with high dimensionality data is to firstly 

perform dimension reduction (describe the inherent variance in a low dimension 

space) and then cluster similar entities according to shared common features. 

We used principal components analysis (PCA) to perform dimensionality 

reduction and t-distributed stochastic neighbour embedding (tSNE) or uniform 

manifold approximation and projection (UMAP) for the correspondent 

visualization. For clustering, we applied the method implemented in Seurat 

package112 (v3.0) as it often performed better than other methods on a 

benchmarking study performed by Angelo Duò and his co-workers113. Seurat 

applies an unsupervised graph-based clustering approach. Briefly, first cells are 

Differential Expression Analysis 
Wilcoxon test 

Clustering 
KNN graph 

Gene Set Enrichment Analysis 
clusterProfiler 

GO KEGG 

Molecular Partners Analysis 
Spearman’s correlation 

Cell Cycle Scoring 
Seurat 

 
Gene Targeted Characterization 
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embedded in a nearest neighbours (KNN) graph based on the respective 

Euclidean distance in PCA space and edges are drawn between cells with similar 

expression patterns. Then, the edges weights between cells are refined 

according to the shared overlap in their local neighbourhoods (Jaccard distance) 

and the graph is partitioned into clusters using the Louvain algorithm optimization. 

 

II. Gene Targeted Characterization 

This analysis consists on the characterization of a cellular population 

expressing a specific target gene by accessing the co-expression of that gene 

with a set of biologically relevant gene markers. Our particular interest is to 

validate and characterize CD24 expressing CMs and hence we used the following 

cardiac genes sets: 

 
I) combination of mouse well established CM markers Nkx2-5, TNNT2, atrial 

specific myosins (Myl7, Myh6), Des, ventricular specific myosins Myh7, Myl2, 

Gja5; with the hypoxia marker HIF1a, permitting us to broadly characterize 

the cellular population and validate its assignment; 

 
II) genes that allow characterizing the maturation state of mouse CMs. 

Immature CMs are recognized by the presence of what we previously 

identified as immature state markers such as CD24, ALCAM, MCAM, Gja1, 

Actn2; and absence of maturity markers including CAV3, markers for mature 

sarcomere structures (Pde4dip, Mybpc3) and markers for contractile function 

(Ryr2); 

 
III) genes that allow inferring the proliferative capacity of CMs including the 

marker of proliferation mKi-67, proteins that accumulate in the G2 phase of 

the cell cycle (Kif23, Cenpe), and genes that encode proteins involved in the 

assembly of the cleavage furrow during cytokinesis (Sept7, Anln, Aurkb). 
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Table 2. Summary of the gene sets designed for co-expression analysis. 

 
Gene Set 

 
CM Validation 

NKX2-5, ACTA2, TNNT2, MYL7, MYH6, DES, MYH7, MYL2, GJA5 

CAV3, HIF1a 

Maturation State 

Markers 

CD24, CAV3, ALCAM, MCAM, PDE4DIP, MYBPC3, RYR2, GJA1, 

ACTN2 

Proliferation 
Markers 

MKI67, KIF23, CENPE, SEPT7, ANLN, AURKB 

 
 

 

III. Cell Cycle scoring 
 

Cell cycle scores were calculated using a method integrated on the Seurat 

package (v3.0). To each cell, G2-M and S scores were assigned based on its 

expression of correspondent marker genes. These scores are then used to 

predict the cell cycle phase, either G2-M or S for cycling cells, or G1 if the cell does 

not express either genes and is hence considered non-cycling. 

 
 

 
IV. Differential Expression 

Differential expression (DE) analysis consists on statically infer 

quantitative changes in gene expression levels between experimental groups or 

conditions. Charlotte Soneson and Mark D Robinson performed an extensive 

study comparing different approaches for DE from which they concluded distinct 

methods outcomes varies considerably with the number and characteristics of 

the genes called differentially expressed114. They further showed that some of the 

most common methods adapted from bulk protocols do not perform worse than 

those developed specifically for scRNA-Seq, although their efficiency is 

significantly affected when lowly expressed genes are included on the analysis. 

This aspect is very important for this work since our target gene is most likely not 

very abundant. Hence, although compromising the global efficiency of the 

technique, it was not our intention to prefilter lowly expressed genes and risk 

losing relevant relationships. Considering this, we chose to apply statistical 

Wilcoxon test with conservative Bonferroni correction to determine differentially 

expressed genes across the different conditions in study and the inferred data 
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clusters as it exhibited good performance when all genes were used in the 

analysis. 

 

V. GSEA 

To complement the analysis and translate the long list of differentially 

expressed genes in meaningful information, gene set analysis (GSA) was 

performed with the package clusterProfiler115 (v3.16.1). Whilst analysing 

differentially expressed genes may disregard subtle relations, GSA aggregates 

the per gene statistics within a gene set, therefore evidencing small but 

coordinated changes that likely represent relevant phenotypic differences. 

clusterProfiler integrates several methods for statistical analysis and visualization 

of gene sets’ functional profiles, including: gene ontology (GO); kyoto 

encyclopedia of genes and genomes (KEGG); disease Ontology (DO); disease 

gene network (DisGeNET); wikiPathways, molecular signatures database 

(MSigDb). We employed GO enrichment to elucidate implied gene functions and 

active biological processes; and Kegg enrichment to reveal putative molecular 

interactions and networks, indicators of the concomitant cellular processes, 

metabolism and environment. 

 

VI. Molecular Partners 

Potential molecular partners of the gene of interest were identified by 

accessing its correlation with Spearman’s coefficient and selecting the most 

significant relations. 

 

 
Pipeline Structure 

 
The pipeline was implemented on a linux environment and runs through R 

language and command line instructions integrated on bash scripts. It is organized in 

four scripts: 

 Preprocess: implementation of all steps referent to processing of the data; 

 ComputeAnalysis: implementation of all methods involved in the 

computational analysis of the data; 

 Parameters: combines information regarding the datasets and parameters 

to be used in specific methods of the tasks; 

 helper: definition of general functions required for the execution of the 

tasks. 

http://disease-ontology.org/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4397996/
http://software.broadinstitute.org/gsea/msigdb
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Pipeline Validation 

 
To validate our pipeline, we employed the same adopted methods to a dataset that 

allowed us to evaluate CD24 detection accuracy. The fact that the expression of CD24 

is still not throughly described and its possible constitutive expression renders the 

selection of an adequate dataset very difficult. We opt for a dataset comprising scRNA- 

Seq of intestine’s cripts cells from 3 week and 8 week old mice116 (GSE25109) including 

Lgr5 lineage tracing cells (YFP), a subset of those enriched in CD24 by FACS 

(YFPCD24) and a group of sorted non-traced CD24+ control cells (CD24). With this, we 

expect our pipeline to be able to correctly identify the predominant expression of CD24 

on the enriched groups. 

 
The results indicate that the groups CD24 and YFPCD24 express higher levels of 

CD24(Figure 5B). Differential expression analysis further revealed that CD24 expression 

is significantly higher in the CD24 group and lower in the YFP group (p-value < 0.01), 

hence validating our protocol ability to detect CD24 expression. 

 

A 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 5. Pipeline validation. A) t-SNE representation of the dataset used in pipeline validation. Dataset composition: 

intestine’s crypts cells from 3-week- and 8-week-old mice including Lgr5 lineage tracing cells (YFP), a subset of those 

enriched in CD24 by FACS (YFPCD24) and a group of sorted non-traced CD24+ control cells (CD24). B) CD24 

expression and differential expression within the three groups. FASCS enriched cells show significantly enhanced 

expression CD24. * p-value < 0.05, ** p-value < 0.01. tSNE- t-distributed stochastic neighbour embedding; FACS- 

Fluorescence-activated cell sorting. 

B 
* * 
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Task3- Biological Interpretation 

 

Description of the datasets and CD24 expression characterization 

 
The mouse ontology dataset is composed by a total of 1252 cells spanning from 

8 stages, E9.5, E11.5, E14.5, E18.5, P0, P3, P7 and P21. We were able to identify the 

three most common cardiac cellular populations, CMs comprising 70% (884 cells), 

fibroblasts 18% (222 cells) and endothelial cells 11% of the dataset (138 cells); and a 

residual population of macrophages (0.6%, 8 cells) (Figure 6A). As previously reported, 

the methods developed to attenuate the technical challenges of isolating and sequencing 

CMs tend to be biased for larger cells and disregard the smaller cardiac types, 

particularly in adult, that was also observed in this case as the expected proportion of 

CMs should not exceed 30%81. 

 
From the 884 CMs, 865 passed our filtering parameters and were hence 

considered viable cells. This step excluded outlier cells with very low and very high 

number of detected features whilst keeping a reasonable single-transcript sensitivity, 

detecting  transcripts  within  a  ~10⁴  read  counts  range  (Figure  6B).  Dimensionality 

reduction and clustering of the filtered CMs revealed 9 distinct clusters, illustrated on 

Figure 6C. CD24 was not differentially expressed between the clusters. However, we 

can see a tendency for an increased expression in the cells of clusters 1, 6 and 8 (Figure 

7). 

 
The results corroborate our previous evidence of the existence of a CD24 

expressing CM population, revealing a decline on the marker’s expression throughout 

development accompanied by a progressive loss of proliferative activity (Figure 8). 

Effectively, whereas at E9.5 ~75% of the cells were CD24+ and ~92% of these were 

actively cycling (51.8% in G2-M, 38.1% in S and 10.1% in G1), as development 

progresses both percentages drop significantly and at P0 only ~24% of cells are CD24+ 

of which ~34% were cycling (24% in G2-M, 9.6% in S and 66.3% in G1). At the following 

postnatal stages, CD24 expressing cells were particularly scarce (8.1%, 4,5% and 1,2% 

at P3, P7 and P21, respectively) which will substantially impair our analysis. 

Nevertheless, although the remaining cells are non-cycling, at P7 there is evidence of 

one cell to be at G2-M phase of the cellular cycle. 
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Figure 6. Exploratory Analysis of mouse ontology dataset. A) t-SNE visualization of all cells comprised on the dataset 

coloured by cell type. Light blue: CMs; Dark blue: Endothelial Cells; light green: Fibroblasts; Dark green: Macrophages B) 

Scatter plot representation of the filtered CMs’ read per feature counts as quality indicator. C) Histogram representation 

of the filtered CMs’ read counts per number of cells as quality indicator; D) t-SNE visualization of unsupervised knn 

graph-based clustering of all viable CMs coloured by clusters. Light blue: cluster 0; Dark blue: cluster1; Light green: 

cluster 2; Dark green: cluster 3; Pink: cluster 4; Red: cluster 5; yellow: cluster 6; orange: cluster7; violet: cluster 8. E) t-

SNE visualization of unsupervised KNN graph-based clustering of all viable CMs coloured by timepoint. The dataset, 

adapted from the original work Single-cell Resolution of Temporal Gene Expression during Heart Development, 

comprises total murine cells isolated from atrial and ventricular compartments at eight time points, spanning from 

embryonic development to adulthood, that capture important cardiac milestones, namely: E9.5 during heart looping, when 

the atria and ventricle become morphologically distinct; E11.5 when left and right cardiac chambers form; E14.5 when 

septation occurs with development of compact and trabecular layers of myocardium; E18.5 when the heart undergoes 

metabolic remodelling; at birth (P0) when the left atria and ventricle experience hemodynamic changes due to higher 

systemic pressures; and at P3, P7, and P21, when the heart transitions from proliferative growth (P3) to hypertrophic 

growth (P21). tSNE- t-distributed stochastic neighbour embedding; CM- Cardiomyocyte; knn- k nearest neighbours; E- 

embryonic day; P-Postnatal day. 
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Figure 7. Mouse CMs’ CD24+ expression. t-SNE visualization of all viable cardiomyocytes coloured by the log- 

transformed CD24 expression of each cell. tSNE- t-distributed stochastic neighbour embedding; CM- Cardiomyocyte. 

 
 
 

 
Table 3. Summary of CD24+ mouse CMs counts per timepoint 

 

  

Number of 
Cells 

 

Number of 
CD24+ Cells 

Proportion 
of CD24+ 

Cells 

Proportion of 
CD24+ proliferative 

cells 

E9.5 193 145 0.751 0.917 

     

E14.5 103 25 0.243 0.600 

     

P0 202 48 0.238 0.500 

     

P7 88 4 0.045 0.250 

P21 82 1 0.012 0.000 

It includes the total number of cells per timepoint; the number of CD24+ cells per 
timepoint; the ratio of CD24+ cells over the total; and the ratio of CD24+ proliferative 
cells over total CD24+ cells. CM- Cardiomyocyte, E- Embryonic day; P- Postnatal day. 

E11.5 86 67 0.779 0.940 

 

E18.5 74 16 0.216 0.188 

 

P3 37 3 0.081 0.000 
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Figure 8. Mouse CD24+ CMs cell cycle phase distribution per timepoint. Barplot illustrating the number of mice 

CD24+ CMs in each cell cycle phase, per timepoint. Cell cycle scores were calculated using a method integrated on the 

Seurat package (v3.0). To each cell, G2-M and S scores are assigned based on the expression of its correspondent 

marker genes. These scores are then used to predict the cell cycle phase, either G2-M or S for cycling cells, or G1 if the 

cell does not express either genes and is hence considered non cycling. CM- Cardiomyocyte. 

 
 

Within the scope of unravelling whether CD24 expression, and the associated 

cell population kinetics previously reported in the mouse is preserved in human, we 

conducted an identical analysis on data corresponding to human embryonic 

development and adult stages. The human embryonic dataset is composed by a total of 

4902 cells from whole heart samples spanning from 13 weeks (w) of gestation, 5w, 6w, 

7w, 9w, 10w, 13w, 15w, 17w, 20w, 22w, 23w, 24w and 25w (Figure 9). Besides the three 

most common cardiac cellular populations, in which CMs were also the most abundant 

(51.0%, 2489 cells), followed by fibroblasts representing 36.6% of the dataset (1793 

cells) and endothelial cells (6.4%, 317 cells), we identified residual populations of blood 

cells including macrophages (5.1%, 252 cells), NK cells (0.4%, 19 cells), T cells (0.3%, 

14 cells), granulocytes (0.2%, 11 cells), monocytes (0.008%, 4 cells), B cells (0.004%, 2 

cells) and erythrocytes (0.002%, 1 cell) (Figure 9). From the total CMs, only 2142 passed 

our  filtering parameters and were  hence considered viable cells.  The adult  dataset is 

composed by a total of 71 rod-shaped CMs isolated from healthy donors, from which 55 

were considered viable (Figure 10). 

 
The filtering step excluded outlier cells with very low and very high number of 

detected features whilst keeping a reasonable single-transcript sensitivity, detecting 

transcripts within a ~10⁴ read counts range (Figure 9). Dimensionality reduction and 

clustering of the filtered CMs revealed 15 and 2 distinct clusters for the embryonic and 

adult data, respectively, illustrated on Figure 9C and Figure 10A. 
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Figure 9. Exploratory Analysis of human embryonic dataset. A) t-SNE visualization of all cells comprised on the 
dataset coloured by cell type. Light blue: B cells; Dark blue: CMs; Light green: endothelial cells; Dark green: erythrocytes; 
Light pink: fibroblasts; Red: granulocytes; yellow: macrophages; Orange: monocytes; Violet: NK cells; Purple: T cells; B) 
Scatter plot representation of the filtered CMs’ read per feature counts as quality indicator. C) Histogram representation 
of the filtered CMs’ read counts per number of cells as quality indicator; D) t-SNE visualization of unsupervised graph-
based clustering of all viable CMs coloured by clusters. Light blue: Cluster 0; Dark blue: Cluster 1; Blue-green: Cluster 
2; Light green: Cluster 3; Dark green: Cluster 4; Light brown: Cluster 5; Pink: Cluster 6; Red: Cluster 7; Light orange: 
Cluster 8; Intermediate orange: Cluster 9; Dark orange: Cluster 10; Violet: Cluster 11; Purple: Cluster 12; Grey: Cluster 
13; Beige: Cluster 14; Dark brown: Cluster 15. D) t-SNE visualization of unsupervised graph-based clustering of all 
viable CMs coloured by timepoint. Light orange: 5w; Dark orange: 6w; Violet: 7w; Purple: 9W; Light blue: 10W; Blue: 
13W ;Blue-green: 15W; Light green: 17W; Dark green: 20W; Light Brown: 22W; Pink: 23W; Red: 24W. tSNE- t-
distributed stochastic neighbour embedding; CM- Cardiomyocyte; W- Weeks. 
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Figure 10. Exploratory Analysis of human adult dataset. A) t-SNE visualization of unsupervised graph-based 

clustering of all viable adult human CMs coloured by clusters. Light blue: Cluster 0; Dark blue: Cluster 1. B) Scatter plot 

representation of the filtered CMs’ read per feature counts as quality indicator. C) Histogram representation of the 

filtered CMs’ read counts per number of cells as quality indicator. tSNE- t-distributed stochastic neighbour embedding; 

CM- Cardiomyocyte. 

 
 

Our results evidence the existence in human of CD24 expressing CMs, which 

are, overall, more abundant than in mouse (Figure 11, Table 4). In opposition to mouse, 

we did not observe a progressive loss of CD24 through development, possibly masked 

by the large heterogeneity in the number of cells per timepoint. As indicated on Table 4, 

at 5w of gestation is when we observe a higher number of CD24+ CMs (76.7%). From 

6w to 17w CD24 expression declines considerably, ranging from 16.4% and 26.6% of 

the cells. At 20w the percentage of cells expressing CD24 raised again to 55.6% and 

remained relatively high at 22w (41.5%), only to decrease once again at 23 and 24w 

(20% and 26.1%, respectively). At 25w of gestation, none of the cells expressed CD24. 

The most deviating result is in the adult, where surprisingly ~42% of the cells expressed 

CD24. Our results also indicate human CD24+ CMs to be more proliferative than mouse 

counterparts (Figure 12A and B). Between 5 to 7w the percentage of proliferative CMs, 

this is cells predicted to be in either G2-M or S phase of the cell cycle, ranges from 55.5 

to 67.4%. Between 9w and 17w the percentage of proliferative cells decreases slightly 

(27.3-40%) to increase again at 20w where 72% of cells were predicted to actively cycle. 

For 22-24W the percentage of proliferative cells is slightly lower, ranging from 21.6 to 

33.3%, hence exhibiting a similar pattern to the one observed above. Finally, in the adult, 

~74% of CD24+ CMs were proliferative. 
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CD24 was not differentially expressed between the clusters in neither human 

dataset. However, we can see a tendency at the embryonic stages for an increased 

expression on clusters 7, 8, 9, 10, 11, 12 and 13 (Figure 11A). 

 

 

 
Figure 11. Human CMs’ CD24+ expression. t-SNE visualization of all viable embryonic (A) and adult (B) CMs coloured 

by the log-transformed CD24 expression of each cell. tSNE- t-distributed stochastic neighbour embedding; CM- 

Cardiomyocyte. 
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Table 4. Summary of CD24+ human CMs counts per timepoint. 

 
  

Number of 
cells 

 

Number of 
CD24+ cells 

 

Proportion of 
CD24+ cells 

Proportion of 
CD24+ proliferative 

cells 

5W 275 

6W 169 

7W 505 

9W 76 

10W 114 

13W 281 

15W 74 

17W 96 

20W 90 

22W 246 

23W 45 

24W 157 

25W 14 

211 

 
45 

 
123 

 
15 

 
28 

 
46 

 
19 

 
22 

 
50 

 
102 

 
9 

 
41 

 
0 

0.767 

 
0.266 

 
0.244 

 
0.197 

 
0.246 

 
0.164 

 
0.257 

 
0.229 

 
0.556 

 
0.415 

 
0.2 

 
0.261 

 
- 

0.578 

 
0.556 

 
0.675 

 
0.400 

 
0.286 

 
0.326 

 
0.316 

 
0.273 

 
0.720 

 
0.216 

 
0.533 

 
0.317 

 
- 

Adult 55 23 0.418 0.739 

It includes the total number of cells per timepoint; the number of CD24+ cells per 
timepoint; the ratio of CD24+ cells over the total; and the ratio of CD24+ proliferative 

cells over total CD24+ cells. CM- Cardiomyocyte; W-weeks. 

 
 

                         

 

 

 

 

 

 

 

 

 

 

 

 
Figure 12. Human CD24+ CMs cell cycle phase distribution. Barplot illustrating the number of human CD24+ CMs in 
each cell cycle phase in embryonic (A) and adult (B) stages. Cell cycle scores were calculated using a method integrated 

on the Seurat package (v3.0). To each cell, G2-M and S scores are assigned based on its expression of correspondent 

markers genes. These scores are then used to predict the cell cycle phase, either G2-M or S for cycling cells, or G1 if the 

cell does not express either genes and is hence considered non cycling. CM- Cardiomyocyte. 
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Co-expression Analysis 

 
We previously showed that mouse CD24+ CMs were characterized at E9.5 by 

the expression of Nkx2-5, TNNT2, Isl1 and Tbx5; at E17.5 by the expression of Nkx2-5, 

TNNT2, Des and Gja5, plus Myl7 and Myh6 for the atrial compartment or Myl2 and Myh7 

for ventricular; and at P21 by the expression of TNNT2, Myl7, My6 and Des24. Hence, to 

validate and characterize CD24 expressing CMs on the present study, we analysed the 

co-expression of CD24 with this set of established CM’s markers. 

 
Our results in mouse (Table 5 and Figure 13) indicate that at E9.5 only 51% and 

60% of the CD24+ CMs express Nkx2-5 and TNNT2, respectively, whereas Des and 

Gja5 are expressed by 70% of these cells. At E11.5 and E14.5, the expression of Nkx2- 

5 decreases even further (37% and 20 % of the cells, respectively), TNNT2 expression 

remains approximately the same (63% and 64% of the cells, respectively) and an abrupt 

decline from 69% to 52% of the cells and 79% to 44% of the cells expressing Des and 

Gja5, respectively, is observed between the two timepoints. At E18.5, while 94% of the 

CD24+ CMs express TNNT2, 75% express Des, but only 56% express Nkx2-5 and 31% 

express Gja5. 

The four-chambered heart morphology is completed by E14.5 of mouse 

development however sarcomere proteins only become chamber specific or cease being 

expressed after septation or birth90. In accordance, but opposing to our previous 

evidence, our results do not indicate differences on the expression of atrial and 

ventricular specific markers within all embryonic timepoints, nor a clear segregation of 

the two compartments. In fact, at E18.5, all the cells express both Myh6 and Myh7 and 

88% also express Myl2. An evident pattern is only marked at P0, at which timepoint 

CD24+ cells express significantly higher levels of Myl7 and Myh6 (p-value < 0.01) and 

the majority of cells expressing both markers are negative for Myh7 and Myl2, which 

indicate the prevalence of atrial phenotype of the cells collected at this stage. The 

CD24+ cell identified at P21 shares the transcriptomic signature we previously indicated, 

expressing TNNT2, Des and Myh6, but also Nkx2.5, Myl2 and Myh7. 

 
We also included the gene HIF1a in this panel as an indicator of the environment 

oxidative status since hypoxia is a key factor for embryonic development and an adult 
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CM population exhibiting proliferative activity was recently referred to reside an hypoxic 

niche37. Our results indicate that HIF1a is significantly upregulated in CD24+ CMs (Figure 

13B, p-value < 0.01) especially during embryonic development when it is present in 68% 

to 80% of the cells. At P0, an abrupt decline is observed (Figure 13C, p-value < 0.01) 

with only 25% of the cells expressing the gene. The majority of the cells of postnatal 

timepoints also express HIF1a, including the cell at P21, supporting the hypothesis of 

the maintenance of a hypoxic environment. Moreover, we found a significant positive 

correlation between the expression of CD24 and HIF1a (Spearman correlation=0.28, p- 

value < 0.01; Figure 13D). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 
 

  

 

 
Figure 13. Co-expression analysis of CD24 and the genes HIF1a, Myl7, Myh6, Myh7, Myl2, Gja5, Des, TNNT2 and 
Nkx2.5. A) Heatmap featuring single cell scaled log-transformed expression of the genes HIF1a, Myl7, Myh6, Myh7, Myl2, 
Gja5, Des, TNNT2 and Nkx2.5 of CD24+ mouse CMs per timepoint. B) Boxplot representation of the scaled log- 
transformed HIF1a expression in mouse CD24+ and CD24- CMs (E9.5-P21) C) Boxplot representation of the scaled log- 
transformed HIF1a expression in mouse CD24+ CMs, per timepoint D) Correlation analysis of CD24 and HIF1a 
expression in mouse CMs (E9.5-P21). We determined the Spearman correlation and employed local regression by locally 
estimated scatterplot smoothing (LOESS) fitting to analyse the correlation of the two variables, obtaining a statistically 
significant coefficient of 0.28 (p-value < 0.01). * p-value < 0.05, ** p-value < 0.01. CM- Cardiomyocyte; E- embryonic day; 
P-Postnatal day. 
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Table 5. Percentage of CD24+ mouse CMs the genes HIF1a, Myl7, 
Myh6, Myh7, Myl2, Gja5, Des, TNNT2 and Nkx2.5, per timepoint. 

 

 
E9.5 E11.5 E14.5 E18.5 P0 P3 P7 P21 

HIF1A 0.70 0.79 0.60 0.88 0.25 0.67 0.75 1.00 
 

MYL7 1.00 0.85 0.72 0.69 0.67 0.00 0.25 0.00 

MYH6 0.54 0.39 0.36 1.00 0.79 0.67 1.00 1.00 
 

MYH7 0.72 0.76 0.76 1.00 0.46 0.67 0.50 1.00 

MYL2 0.47 0.79 0.56 0.88 0.35 1.00 1.00 1.00 
 

GJA5 0.70 0.79 0.44 0.31 0.69 0.00 0.50 0.00 

DES 0.70 0.69 0.52 0.75 0.56 0.67 1.00 1.00 
 

TNNT2 0.60 0.63 0.64 0.94 0.77 0.67 1.00 1.00 

NKX2-5 0.51 0.37 0.20 0.56 0.5 0.33 0.25 1.00 

The values correspond to the ratio of CD24+ cells expressing the marker over the total 
of CD24+ cells. CM- Cardiomyocyte; E- embryonic day; P-Postnatal day. 

 
 

 

We had previously shown that CM maturation occurs progressively throughout 

development as an asynchronous and apparently stochastic process, prospectively 

identified by the phenotypic signature of the genes CD24, MCAM, ALCAM, and CAV324. 

At E9.5, immature CMs are characterized by the co-expression of CD24, MCAM, ALCAM 

and absence of CAV3. Concurrently, CAV3 starts to be transcribed and expression of 

immature markers is progressively lost such that at E17.5 the majority of CMs are 

negative for all markers, with exception of a subset of ventricular CMs that remains 

CD24+MCAM+ALCAM-. CD24+ is the last profile to be lost, hence coexisting a four 

stages of CM maturation along development: CD24+MCAM+ALCAM+CAV3-; 

CD24+MCAM+ALCAM-CAV3-; CD24+MCAM-ALCAM-CAV3-; CD24-MCAM-ALCAM- 

CAV3+. 

Our results indicate that CD24+ CMs are significantly enriched in ALCAM and 

CAV3 (Figure 14B, p-value < 0.01). Particularly for the later, this result contradicts our 

previous work as we would expect CAV3 to be more expressed by CD24- cells at later 

stages, which we also did not observed as demonstrated on Figure 14D. In turn, 

PDE4DIP and Ryr2 expression was significantly higher at P21 (p-value <0.01) hence 

evidencing a more mature state. 
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With the exception of the inconsistencies regarding CAV3 expression, our results 

corroborate our previous findings as the majority of CD24+ cells at earlier timepoints 

express the markers ALCAM and MCAM, whereas later timepoints tend to lose this 

signature ( Figure 14D), reflecting the progressive maturation of CMs. At E9.5, however, 

we see the prevalence of CD24+MCAM-ALCAM+CAV3- cells and accordingly 92% of 

CD24+ CM express ALCAM, 25% express CAV3 but only 9.6% express MCAM (Figure 

14A and D and Table 6) and at E11.5 we also observed an unexpectedly high percentage 

of cells expressing CAV3 (72%). Lastly, at P7 and P21 all CD24+ expressed CAV3.
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Figure 14. Co-expression analysis of CD24 and maturation state markers, per timepoint. A) Heatmap featuring 
scaled log-transformed single cell feature expression of the genes Pde4dip, Mybpc3, Ryr2, ALCAM, MCAM and CAV3 of 
CD24+ mouse CMs per timepoint. B) Boxplot representation of the scaled log-transformed expression of the genes 
Pde4dip, Mybpc3, Ryr2, ALCAM, MCAM and CAV3 in mouse CD24+ and CD24- CMs (E9.5-P21) p-value < 0.01 C) 
Boxplot representation of the scaled log-transformed expression of the genes Pde4dip, Mybpc3, Ryr2, ALCAM, MCAM 
and CAV3 in mouse CD24+ CMs, per timepoint p-value <0.05 D) Transcriptional characterization of CD24+ mouse CM’s 
phenotype. The scatterplots show the scaled log-transformed expression of phenotype markers CD24, CAV3, ALCAM 
and MCAM, each dot representing a cell coloured by timepoint. * p-value < 0.05, ** p-value < 0.01. CM- Cardiomyocyte; 
E- embryonic day; P-Postnatal day. 
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Table 6. Percentage of CD24+ mouse maturation markers per 
timepoint. 

 

 
E9.5 E11.5 E14.5 E18.5 P0 P3 P7 P21 

PDE4DIP 0.33 0.48 0.40 0.69 0.69 0.33 1.00 1.00 
 

MYBPC3 0.60 0.60 0.44 0.69 0.56 1.00 1.00 1.00 

RYR2 0.53 0.30 0.28 0.75 0.79 0.33 1.00 1.000 
 

ALCAM 0.92 0.75 0.60 0.25 0.21 0.00 0.25 1.00 

MCAM 0.096 0.69 0.60 0.44 0.46 0.00 0.75 1.00 
 

CAV3 0.25 0.72 0.44 0.62 0.79 0.67 1.00 1.00 

 

The values correspond to the ratio of CD24+ cells expressing the marker over the total 
of CD24+ cells. CM- Cardiomyocyte; E- embryonic day; P-Postnatal day. 

 

 

Unlike murine models, information regarding the dynamics of gene expression 

during heart development in humans is very scare. Therefore, although the cardiac 

developmental processes observed in mouse and human are very similar1,90, it is 

important not to make false and unfounded assumptions. For instance, whereas myosin 

light chain mRNA is generally regarded as chamber-restricted post-septation in mice, the 

same is not observed during human heart development and adulthood90. Furthermore, 

to our knowledge, there is no reference of ALCAM and MCAM expression in human 

CMs, with exception of CMs enriched human embryonic stem cells (hESC) populations 

that distinctively express ALCAM117. In turn, CAV3 has been previously described in 

human CMs as an important structural and regulatory component of caveolae 

membranes, in particular in association with annexins118.Taking this into account, we 

limited this analysis to the genes HIF1a, CAV3, MCAM and ALCAM in order to ascertain 

whether our findings regarding CD24+ CMs in mouse are translated to human. 

 
For both embryonic and adult stages, we found HIF1a is differentially expressed 

between CD24+ and CD24- CMs (Figure 15). Our results show that during embryonic 

development HIF1a is preferentially expressed in CD24+, being up-regulated at 5W and 

24W in relation to the others timepoints and exhibits a positive correlation with CD24 
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expression (Spearman correlation=0.39, p-value < 0.01). In contrast, in the adult, HIF1a 

is predominantly expressed in CD24- and, accordingly, exhibits a negative correlation 

with CD24 expression (Spearman correlation=-0.72, p-value < 0.01). 
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Figure 15. Co-expression analysis of CD24 and HIF1a in mouse CMs. A) Boxplot representation of the scaled log- 

transformed HIF1a expression in human embryonic CD24+ and CD24- CMs (5W-24W) B) Boxplot representation of the 

scaled log-transformed HIF1a expression in human embryonic CD24+ CMs, per timepoint C) Correlation analysis of 

CD24 and HIF1a expression in human embryonic CMs (5W-24W). We determined the Spearman correlation and 

employed local regression by locally estimated scatterplot smoothing (LOESS) fitting to analyse the correlation of the two 

variables, obtaining a statistically significant coefficient of 0.39 (p-value < 0.01). D) Boxplot representation of the scaled 

log-transformed HIF1a expression in human adult CD24+ and CD24- CMs. E) Correlation analysis of CD24 and HIF1a 

expression in human adult CMs (5W-24W). We determined the Spearman correlation and employed local regression by 

locally estimated scatterplot smoothing (LOESS) fitting to analyse the correlation of the two variables, obtaining a 

statistically significant coefficient of -0.72 (p-value < 0.01). * p-value < 0.05, ** p-value < 0.01. CM- Cardiomyocyte; W- 

Weeks. 
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In human CMs, CAV3 was not differentially expressed between CD24- and 

CD24+ cells (Figure 16B and Figure 17B). Albeit it is not known when CAV3 expression 

starts, our results revealed a progressive increase on CAV3 expression throughout 

development (Figure 16A and C). While at 5W of gestation CAV3 expression is 

significantly down-regulated in relation to the other time points, being expressed by only 

0.95% of the cells, it increases steadily up to 20 and 22W of gestation when it becomes 

up-regulated and is expressed by 84% and 89% of the cells, respectively (Table 7). By 

the 23rd and 24th weeks, CAV3 expression decreases slightly and is almost entirely 

absent in the adult, with exception of one CD24+ cell (Figure 17). MCAM and ALCAM 

followed a similar expression pattern, being up-regulated in mid to latter stages of 

development, namely at 15W and 22W and at 20W and 22W, respectively, and not 

differentially expressed between CD24+ CD24- CMs (Figure 16 and Figure 17). These 

results suggest a transient pattern of expression of these genes in the heart during 

human embryonic development. 

 
Our results indicate that during embryonic development only a scarce subset of 

CD24+CAV3- cells are MCAM+ALCAM+, pertaining the 5W, 6W, 7W, 13W, 17W, 20W 

and 22W of gestation, while the majority are ALCAM- (Figure 16D). We also found 

evidence of CD24+MCAM-ALCAM+CAV3- spanning 5W, 6W, 7W, 17W, 22W and 24W 

of gestation. Conversely, in the adult, most CD24+ cells are MCAM+ALCAM+CAV3-, 

although there is also evidence of MCAM-ALCAM+CAV3-, MCAM+ALCAM-CAV3- and 

MCAM-ALCAM-CAV3- cells (Figure 17C). 
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Figure 16. Co-expression analysis of CD24 with ALCAM, MCAM and CAV3 in human embryonic CMs. A) Heatmap 

featuring scaled log-transformed single cell feature expression of the genes ALCAM, MCAM and CAV3 of CD24+ human 

embryonic CMs per timepoint. B) Boxplot representation of the scaled log-transformed expression of the genes ALCAM, 

MCAM and CAV3 in human embryonic CD24+ and CD24- CMs (5W-24W) C) Boxplot representation of the scaled log- 

transformed expression of the genes ALCAM, MCAM and CAV3 in human embryonic CD24+ CMs, per timepoint;  D) 

Transcriptional characterization of CD24+ human embryonic CM’s phenotype. The scatterplots show the scaled log- 

transformed expression of phenotype markers CD24, CAV3, ALCAM and MCAM, each dot representing a cell coloured 

by timepoint. * p-value < 0.05, ** p-value < 0.01. CM- Cardiomyocyte; W- Weeks. 
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Figure 17. Co-expression analysis of CD24 with ALCAM, MCAM and CAV3 in human adult CMs. A) Heatmap 

featuring scaled log-transformed single cell feature expression of the genes ALCAM, MCAM and CAV3 of CD24+ human 

adult CMs per cluster. B) Boxplot representation of the scaled log-transformed HIF1a expression in human adult CD24+ 

and CD24- CMs C) Transcriptional characterization of CD24+ human adult CM’s phenotype. The scatterplots show the 

scaled log-transformed expression of phenotype markers CD24, CAV3, ALCAM and MCAM, each dot representing a cell. 

* p-value < 0.05, ** p-value < 0.01. CM- Cardiomyocyte. 

 
 

 
Table 7. Percentage of CD24+ human CMs expressing maturation stage marker genes per timepoint. 

ALCAM 0.34 0.31 0.46 0.27 0.071 0.41 0.84 0.45 0.88 0.89 0.55 0.56 0.83 

CAV3 0.0095 0.22 0.32 0.33 0.61 0.63 0.84 0.41 0.84 0.89 0.56 0.42 0.043 

The values correspond to the ratio of CD24+ cells expressing the marker over the total of CD24+ cells. 
CM- Cardiomyocyte; W- Weeks. 

 
5W 6W 7W 9W 10W 13W 15W 17W 20W 22W 23W 24W Adult 

 

MCAM 0.51 0.58 0.54 0.73 0.50 0.67 0.95 0.54 0.64 0.92 0.55 0.1 0.74 
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Lastly, we designed a set of proliferative markers involved in mitosis and 

cytokinesis processes to assess whether CD24+ cells are prone to undergo division. 

 
Mouse results are in accordance with the cell cycle predictions previously 

obtained (Figure 8). All the genes in study are expressed in a high percentage of cells at 

the earlier stages E9.5 and E11.5, spanning from 79% to 92%, decreasing slightly from 

E14.5 onward (Table 8 and Figure 18). In particular, KIF23, AURKB and ANLN were 

significantly highly expressed at E9.5 (p-value < 0.01). In turn, while at E9.5 and E11.5, 

91.7% and 94.1% cells, respectively, were considered cycling (G2-M or S), at E14.5 only 

60% of the cells were proliferating. The percentage of both cycling cells and cells 

expressing proliferation markers decreases even further at E18.5 (18.7% and 38-56%, 

respectively), only to rise again at P0 (50.0% and 48-64%, respectively). Of note, Sept7 

is consistently the gene expressed by a higher number of cells from E9.5 to P0. At P3 

none of the cells was cycling and accordingly one of the three cells analysed was 

negative for markers and the two others only expressed Sept7. At P7, whereas only one 

cell was considered proliferative, two of the four CD24+ cells showed expression of all 

markers, whilst one of the remaining was negative for all markers and the other 

expressed exclusively Cenpe. Finally, the only analysed P21 CD24+ CM was considered 

non-cycling and, expectedly, did not display transcripts for any of the genes but Sept7. 

Overall, our results indicate the existence of at least a subset of mouse CD24+ CM 

across development that possess proliferative ability and do not show evidence of 

binucleation which would be reflected by an asynchronous expression of the mitosis and 

cytokinesis markers. 

 
In addition, we addressed whether and how this subset of proliferative cells 

correlates to CAV3 expression and observed a tendency to a decline in proliferative 

markers expression as CAV3 expression increases. Cells expressing proliferative 

markers were consistently CAV3- (Figure 18D). 
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Figure 18. Co-expression analysis of CD24 and proliferative markers per timepoint. A) Heatmap featuring scaled 
log-transformed single cell feature expression of the genes MKI67, KIF23, CENPE, SEPT7, ANLN and AURKB of CD24+ 
mouse CMs per timepoint. B) Boxplot representation of the scaled log-transformed expression of the genes MKI67, KIF23, 
CENPE, SEPT7, ANLN and AURKB in mouse CD24+ and CD24- CMs (E9.5-P21) p-value < 0.01 C) Boxplot 
representation of the scaled log-transformed expression of the genes MKI67, KIF23, CENPE, SEPT7, ANLN and AURKB 
in mouse CD24+ CMs, per timepoint p-value <0.05 D) Scatterplot representation of the scaled log-transformed expression 
of CAV3 versus the proliferative markers AURKB, CENPE, KIF23, MKI67 and SEPT7 in mouse CMs (E9.5-P21). Each 
dot represents a cell coloured by gene E) We employed local regression by locally estimated scatterplot smoothing 
(LOESS) fitting to analyse the correlation of the expression of CAV3 and the genes AURKB, CENPE, KIF23,MKI67 and 
SEPT7 in mouse CMs (E9.5-P21). * p-value < 0.05, ** p-value < 0.0. tSNE- t-distributed stochastic neighbour embedding; 
CM- Cardiomyocyte; E- embryonic day; P-Postnatal day. 
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Table 8. Percentage of CD24+ mouse CMs expressing proliferation 
markers per timepoint. 

 

 
E9.5 E11.5 E14.5 E18.5 P0 P3 P7 P21 

MKI67 0.86 0.92 0.48 0.38 0.52 0.00 0.50 0.00 
 

KIF23 0.81 0.90 0.60 0.38 0.48 0.00 0.50 0.00 

CENPE 0.81 0.92 0.56 0.38 0.54 0.00 0.75 0.00 
 

SEPT7 0.85 0.92 0.80 0.56 0.64 0.67 0.50 1.00 

ANLN 0.83 0.91 0.48 0.44 0.52 0.00 0.50 0.00 
 

AURKB 0.79 0.91 0.40 0.38 0.54 0.00 0.50 0.00 

  

The values correspond to the ratio of CD24+ cells expressing the marker over the total of 
CD24+ cells. CM- Cardiomyocyte; E- embryonic day; P-Postnatal day. 

 
 
 

 

In human adult data, the profile of CD24+ and CD24- CMs is very similar, with 

only Anln being significantly up-regulated in the later (p-value <0.05, Figure 20B). In 

accordance with the herein predicted percentage of proliferative CMs (~74%), a 

substantial percentage of cells, expressed the mitosis markers mKi67, Kf23 and Cenpe 

(17%, 35%, 83% respectively, Table 9). In turn, a small percentage of cells expressed 

the cytokinesis markers Sept7, Anln, Aurkb (30%, 4.3%, 13%, respectively), suggestive 

of a tendency for an increased polyploidy. 

During embryonic human development, we found CD24+ CMs to be significantly 

enriched in Aurkb, mKi67 and Sept7 (Figure 19B). In particular, at 5W of gestation Kif23 

and Sept7 are up-regulated whereas Cenpe and mKi67 are down-regulated, at 10W 

Aurkb, Kif23 and mKi67 are down-regulated and at 24W Sept7 and Aurkb are down-

regulated, in comparison to the other timepoints. Overall, mitosis and cytokinesis 

markers were not distinctively expressed, thus not suggestive of polyploidization. 
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Figure 19. Co-expression analysis of CD24 and proliferative markers in human embryonic CMs, per timepoint. A) 

Heatmap featuring scaled log-transformed single cell expression of the genes MKI67, KIF23, CENPE, SEPT7, ANLN and 

AURKB of CD24+ human embryonic CMs per timepoint. B) Boxplot representation of the scaled log-transformed 

expression of the genes MKI67, KIF23, CENPE, SEPT7, ANLN and AURKB in human embryonic CD24+ and CD24- CMs 

(5W-24W) C) Boxplot representation of the scaled log-transformed expression of the genes MKI67, KIF23, CENPE, 

SEPT7, ANLN and AURKB in human embryonic CD24+ CMs, per timepoint. * p-value < 0.05, ** p-value < 0.01. CM- 

Cardiomyocyte; W- Weeks. 
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Figure 20. Co-expression analysis of CD24 and proliferative markers in human adult CMs. A) Heatmap featuring 

scaled log-transformed single cell expression of the genes MKI67, KIF23, CENPE, SEPT7, ANLN and AURKB of CD24+ 

human adult CMs, per cluster. B) Boxplot representation of the scaled log-transformed expression of the genes MKI67, 

KIF23, CENPE, SEPT7, ANLN and AURKB in adult embryonic CD24+ and CD24- CMs. * p-value < 0.05, ** p-value < 

0.01. CM- Cardiomyocyte. 

 
 
 
 
 
 

Table 9. Percentage of CD24+ human CMs expressing proliferative markers per timepoint 

MKI67 0.49 0.55 0.70 0.53 0.11 0.67 0.84 0.54 0.80 0.84 0.67 0.46 0.17 

CENPE 0.40 0.49 0.70 0.53 0.32 0.61 0.89 0.41 0.68 0.76 0.55 0.56 0.83 

ANLN 0.63 0.55 0.69 0.67 0.11 0.67 0.84 0.32 0.64 0.74 0.44 0.41 0.043 

The values correspond to the ratio of CD24+ cells expressing the marker over the total of CD24+ cells. 
CM- Cardiomyocyte; W- Weeks. 

* 

 
5W 6W 7W 9W 10W 13W 15W 17W 20W 22W 23W 24W Adult 

 

KIF23 0.66 0.47 0.63 0.47 0.11 0.37 0.79 0.18 0.70 0.72 0.33 0.32 0.35 

 

SEPT7 0.90 0.67 0.72 0.60 0.32 0.76 0.68 0.54 0.76 0.75 0.44 0.41 0.30 

 

AURKB 0.69 0.60 0.76 0.60 0.071 0.41 0.89 0.18 0.4 0.62 0.55 0.24 0.13 
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Molecular Partners Analysis 

 
Potential CD24 molecular partners were identified by its correlation of expression. 

The correlation measures the degree of association between variables, this is, if the 

change in the magnitude of 1 variable is associated with a change in the magnitude of 

another variable, either in the same (positive correlation) or opposite (negative 

correlation) direction, in a way not expected by chance alone119,120. 

We employed Spearman’s correlation test, which consists of a ranked 

nonparametric method. Briefly, it assess how well the relationship between two 

variables can be described using a monotonic function by firstly ranking the data within 

the variables. The coefficient (ρ) is then calculated with the ranks of each variable 

instead of their actual values119. Since it uses a nonparametric approach it adjusts well to 

non-linear or distribution-free data and hence to scRNA-Seq data. Because the 

coefficients are calculated over each variable ranks, in this particular case, the 

correlation implies that cells expressing the highest values of 1 gene tend to be the 

ones expressing either the highest (positive correlation) or lowest (negative correlation) 

values of the other gene, and vice versa, and can hence indicate unknown interactions 

and/or causality/dependence relations. 

As a rule of thumb, was considered, in absolute values, 1 as a perfect correlation, 

0.7-0.9 a very strong correlation, 0.5-0.6 a strong correlation, 0.3-0.4 a moderate 

correlation, 0.2 a weak correlation and 0.1 negligible correlation120. 

 
 

CD24. 

Figure 21summarizes the top 50 genes whose expression correlates most to 

 
 

In mouse (Figure 21A), CD24 strongly to very strongly correlates with Sphkap 

(ρ=0.65, p-value < 0.01), involved in the compartmentalization of PKA, directly impacting 

its signalling specificity in governing the balance between pro- and anti- apoptotic signals 

121–123.; Melk (ρ=0.63, p-value < 0.01 ), a serine/threonine-protein kinase involved in 

various processes such as cell cycle regulation and self-renewal of stem cells, that acts 

as a mediator of cellular apoptosis as it can either induce or supress apoptosis by 

phosphorylating MAP3K5/ASK1 or BCL-G, respectively124; Fign (ρ=0.65, p-value < 0.01), 

microtubule-severing enzyme which generate internal breaks in microtubules serving as 

positive or negative regulator of its dynamic depending on whether the severed 

microtubules are stable and able to regrow125; Hmga2 (ρ=0.64, p-value < 0.01), an 

essential transcriptional regulator of skeletal muscle myogenesis important for cell cycle 

regulation126,127; Zc3hc1 (ρ=0.60, p-value < 0.01), an essential component of the SCF 

complex conferring its specificity to target CCNB1 to proteasome-mediated degradation, 
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hence ensuring cell cycle progression128,129; Cdca8 (ρ=0.63, p-value < 0.01), a 

component of the chromosomal passenger complex (CPC) which orchestrates many 

aspects of mitosis130,131; Copr5 (ρ=0.63, p-value < 0.01), a histone-binding protein 

required for histone H4 methyltransferase activity of PRMT5 known to play an important 

role in muscle cell differentiation by modulating its recruitment to the promoter of genes 

involved in the coordination between cell cycle exit and muscle differentiation; Sinhcaf 

(ρ=0.62, p-value < 0.01), a part of the SIN3A repressor complex, which controls cellular 

metabolism, cell cycle and cell survival, linking its function to hypoxia response132. 

 
In human embryonic CMs (Figure 21B) we found a strong to very strong 

correlation between CD24 expression and SHKBP1 (ρ=0.52, p-value < 0.01) which is 

assumed to promote EGFR signalling pathway by inhibiting its degradation133; SHISA2 

(ρ=0.52, p-value < 0.01), endoplasmic reticulum (ER) protein essential for the maturation 

of presomitic mesoderm cells by antagonizing FGF and Wnt signaling134,135 and the 

fusion of muscle satellite cells-derived primary myoblasts136; NRARP (ρ=0.51, p-value < 

0.01), regulator of the canonical Wnt and Notch pathways 137; NGFR (ρ=0.51, p-value < 

0.01 cell surface receptor that binds with low affinity to NGF, an endogenous CM’s 

prosurvival and antiapoptotic factor which levels dramatically increase following MI138139; 

HAUS3 (ρ=0.5, p-value < 0.01) which contributes to mitotic spindle assembly, 

maintenance of centrosome integrity and completion of cytokinesis as part of the HAUS 

augmin-like complex; PAK1 (ρ=0.50, p-value < 0.01), serine/threonine protein kinase 

that governs several regulatory processes, including cardiac growth and survival, Ca2+ 

homoeostasis, cell apoptosis and microtubule dynamics140–144; SLC35G1 (ρ=0.51, p- 

value < 0.01), a specialized protein in the plasma membrane and ER that tightly regulates 

intracellular calcium145. 

 
Lastly, in human adult CMs Figure 21C) we found a very strong correlation 

between CD24 and the genes ANKLE2 (ρ=0.77, p-value < 0.01) which contributes to the 

integrity of the NE and its reassembly at the end of mitosis by coordinating kinase and 

phosphatase activities during mitotic exit and tightly regulating the phosphorylation state 

of BAF146–148; CTNND1 (ρ=0.76, p-value < 0.01), a key regulator of cell-cell adhesion, 

gene transcription and the activity of Rho family GTPases149,150; CD38 (ρ=0.76, p-value 

< 0.01), an ectoenzyme that plays an important role in the regulation of extra- and 

intracellular NAD homeostasis linked to Ca2+ signalling151; and EGFR (ρ=-0.74, p-value 

< 0.01), cell surface protein that binds to epidermal growth factors and mediates several 

signalling cascades, converting extracellular cues into appropriate cellular responses, 



FCUP 60 
HSA/CD24: a cardiomyocyte precursor biomarker and/or a gateway to cardiomyogenesis 

 

including the RAS-RAF-MEK-ERK, PI3 kinase-AKT, PLCgamma-PKC, NF-kappa-B and 

G protein-coupled receptor152–154. 

 
Interestingly, we observed a temporal segregation of relevant CD24 correlated 

genes as illustrated on Table 10. In mouse and human embryonic development, genes 

with strong correlation exhibited a moderate to strong correlation on the correspondent 

alternate model, whereas no correlation was detected in the human adult, thus 

suggesting an embryonic specific trait. HMGA2 correlation to CD24 was particularly 

interesting due to previous evidence for its involvement in skeletal and cardiac 

myogenesis and linkage to CD24 in smooth muscle. HMGA2 has been reported to 

induce myogenic commitment of mouse embryonic stem cells and to modulate satellite 

cells activation and cell cycle re-entry, both in vitro and in vivo, through activation of 

IGF2BP2 expression126,155. Additionally, it has been shown to promote cardiogenesis 

through the transcriptional activation of Nkx2.5 in frog embryos and has been linked to a 

CD24 expressing infrequent population of immature cells in the myometrium that upon 

activation originated CD24 low mature cells156. Furthermore, SHKBP1 has been reported 

to participate in post-MI inflammation events, which play a crucial role in the subsequent 

cardiac repair mechanisms157. 

ZC3HC1 exhibited a moderate to strong correlation in the three conditions analysed 

whilst Sinhcaf and NRARP, NGFR and SLC35G1 show a strong correlation to CD24 

exclusively in mouse and human embryonic CMs, respectively, evidencing organism 

specificity. Conversely, the genes identified as very strongly correlated in human adult 

CMs exhibited a weak to moderate correlation in the embryonic stages. Of note, Ankle2 

absence contributes to the acquisition of postmitotic fate and polyploidization of CMs 

during the first weeks after birth due to strong chromosomal and nuclear envelope 

instabilities, suggestive of the importance of Ankle2 in the maintenance of a normal 

ploidy, an essential characteristic of actively dividing cells with particular relevance for 

CMs biology148. In addition, CTNND1, CD38 and EGFR have been implied in several 

cardiovascular conditions. CTNND1 was shown to improve cardiac function after MI and 

promote CM proliferation in vitro by inducing cell cycle re-entry upon melatonin 

stimulation158. CD38 activates transient Ca2+ channels essential for CM bioenergetics 

maintenance in the context of ischaemia-reperfusion (I/R) injury151 and its deficiency 

significantly protects the heart from I/R injury and lipid induced oxidative stress. 

Transactivation of the EGFR pathway has been associated with hypertension, heart 

failure, and cardiac hypertrophy and appears to be essential to AR-mediated cardiac 

protection and signalling152–154. Particularly, EGFR showed a moderate and very strong 
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C 

negative correlation with CD24 in mouse and human adult CMs, respectively, but a 

moderate positive correlation in human embryonic CMs. 

 

A 

 
 
 
 
 
 
 
 
 
 
 

 
B 

 
 
 
 
 
 
 
 
 
 
 

 

 
 

 

Figure 21. Putative CD24 molecular partners. Top 50 of highest CD24 expression correlated genes in mouse (E9.5- 

P21) (A), human embryonic (5W-24W) (B) and human adult (C) CMs. Correlation was calculated using Spearman’s test 

with holm correction. p-value < 0.05. CM- Cardiomyocyte; E- embryonic day; P-Postnatal day. 

 
 
 

To complement this analysis, we looked for genes that, similarly to the ones 

already reported, showed a significant correlation with CD24 in the three models in study 

(Figure 22). The results reveal a strong to very strong correlation, in adult human CM, 

whereas, weak to strong correlation in mouse and human embryonic data for the genes 
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HIF1A (ρ=0.28 in mouse, ρ=0.29 in human embryonic CMs, ρ=-0.73 in human adult 

CMs, p-value < 0.01), a master transcriptional regulator of the adaptive response to 

hypoxia159,160; KSR1 (ρ=0.29 in mouse, ρ=0.29 in human embryonic CMs, ρ=0.73 in 

human adult CMs, p-value < 0.01), is a positive regulator of the Raf/MEK/ERK 

phosphorylation cascade (which governs diverse cellular processes downstream of the 

small GTPase Ras including apoptosis, differentiation, proliferation, and survival) by 

binding Raf, MEK, and ERK and facilitating pathway activation161; NUF2 KSR1 (ρ=0.50 

in mouse, ρ=0.39 in human embryonic CMs, ρ=0.73 in human adult CMs, p-value < 

0.01), a component of the Ndc80/Nuf2 complex which have been shown to be important 

in formation of stable kinetochore-microtubule attachments and chromosome alignment 

and segregation during mitosis162–164; DCLRE1B (ρ=0.47 in mouse, ρ=0.36 in human 

embryonic CMs, ρ=0.7 in human adult CMs, p-value < 0.01), a DNA nuclease essential 

for telomere maintenance165,166; NME4 (ρ=0.57 in mouse, ρ=0.30 in human embryonic 

CMs, ρ=73 in human adult CMs, p-value < 0.01), which contributes to cellular apoptosis 

and mitophagy by mediating externalization of cardiolipin to the mitochondrial 

surface167,168; PRELID1 (ρ=0.39 in mouse, ρ=0.36 in human embryonic CMs, ρ=78 in 

human adult CMs, p-value < 0.01), involved in the modulation of the mitochondrial 

apoptotic pathway by ensuring the accumulation of cardiolipin in mitochondrial 

membranes and hence promoting cell survival169; and PMAIP1 (ρ=-0.17 in mouse, 

ρ=0.45 in human embryonic CMs, ρ=7 in human adult CMs, p-value < 0.01), which is a 

appears to be a crucial proapoptotic protein in cell death decisions by targeting the 

prosurvival molecule Mcl1 for proteasomal degradation170,171. Of note, HIF1A and KRS1 

showed a moderate positive correlation in mouse and human embryonic CMs and, in 

contrast, a very strong negative correlation in the human adult counterparts, whereas 

PMAIP1 exhibited a moderate to very strong correlation in the human cells but a weak 

negative correlation in mouse CMs. 

Of these, Hif1a raises particular interest as it is not only required for proper 

cardiovascular development and embryonic cell survival, which occur in an oxygen 

deprived environment, but also responsible for inducing survival mechanisms following 

ischaemic injury159,160. Furthermore, a scarce population of hypoxic proliferative CMs that 

display neonatal characteristics were shown to contribute to new CM formation in the 

adult heart37. Additionally, DCLRE1B may play an important role in mediating CM 

proliferative ability as the convergence of premature telomere shortening and 

dysfunction due to postnatal telomerase inhibition with increased ROS production during 

the first week after birth contributes to CM’s permanent cell-cycle arrest and a decrease 

in their proliferation172,173. 
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Figure 22. Putative CD24 molecular partners common to mouse, human embryonic and human adult data. Top 50 

of the highest CD24 expression correlated genes commonly found in mouse, human embryonic and human adult data. 

Correlation was calculated using Spearman’s test with holm correction. p-value < 0.05. 

 

Table 10. Correlation of CD24 relevant putative molecular partners in mouse, 
human embryonic and adult data. 

 

 Mouse Human Embryo Human adult 

SINHCAF 0.62   

SPHKAP 0.66 0.31  

FIGN 0.65 0.40  

CDCA8 0.63 0.39  

COPRS 0.63 0.42  

HMGA2 0.64 0.36  

MELK 0.63 0.23  

SHKBP1 0.36 0.52  
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SHISA2 0.50 0.52  

HAUS3 0.45 0.50  

PAK1 0.29 0.50  

NRARP  0.51  

NGFR  0.51  

SLC35G1  0.51  

CD38 0.23 0.15 0.76 

CTNND1 0.22 0.25 0.76 

ANKLE2 0.29 0.38 0.77 

EGFR -0.41 0.38 -0.74 

HIF1A 0.28 0.39 -0.72 

KSR1 0.29 0.29 -0.73 

NUF2 0.50 0.39 0.73 

DCLRE1B 0.47 0.36 0.74 

NME4 0.57 0.30 0.73 

PRELID1 0.39 0.36 0.78 

PMAIP1 -0.17 0.45 0.74 

ZC3HC1 0.6 0.44 0.65 

p-value < 0.05 

 
 
 

Overall, by exposing significant correlations between CD24 and key molecular 

elements, these results highlight relevant putative cellular processes in which CD24 may 

participate, displaying different temporal and species specificity. Significantly, these 

processes suggest a cardioprotective role of CD24, likely by mediating important 

milestones of cardiac development, function and CM metabolism, namely: calcium 

homeostasis, cell cycle  regulation, apoptosis, hypoxia response, CM 

proliferation/survival and myogenic differentiation (Figure 23). 
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Figure 23. Summary of CD24 putative molecular partners. By exposing CD24 correlation to key molecular elements 

that mediate important milestones of cardiac metabolism, including apoptosis, calcium homeostasis, hypoxia response 

and cell cycle regulation, which ultimately contribute to CM differentiation, proliferation and survival, we have elucidated 

the cardioprotective role of CD24 in the mammalian heart. CM- Cardiomyocyte. 
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Conclusion 

Herein, we attempted to portray the dynamics of CD24 expression in mammalian 

CMs through development to adulthood, taking advantage of benchmarking scRNA-Seq 

analysis of relevant datasets publicly available. Through an exhaustive transcriptomics 

analysis of mammalian CMs, we have provided evidences that support the important role 

of CD24 in cardiac protection mechanisms, ultimately contributing to CM survival and 

proliferative capacity. 

 
We first conducted an extensive comparative analysis of different computational 

methods for mapping, feature annotation, expression recovery and normalization 

procedures. We observed that different computational strategies impact significantly on 

the data and ultimately chose to implement the ones that maintained higher biological 

accuracy, namely STAR, featureCounts, scImpute and tpm. While laying at the interface 

of statistics, computer science and biology, this highlights the fragile nature of these 

analyses as it is fostered by distinct scientific expectations, often gives rise to divergent 

outcomes and is further limited by the biological question and data at hand. Whilst the 

computational community efforts are put on keeping a high novelty rate and offering new 

strategies that circumvent the existent issues, from a biological perspective, this renders 

serious questions regarding the degree of confidence with which the results may be 

interpreted and poses further difficulties for the comparison between different works and 

the search for a standardized protocol. 

Taking this in consideration, we have implemented a bioinformatic pipeline 

optimized for the analysis of CMs scRNA-Seq data, particularly designed to target the 

dynamics of CD24 expression across mammalian ontology. 

 
Corroborating our previous work, we show evidence in mouse of a highly 

abundant and proliferative CD24 expressing CM population at E9.5 whose affluence 

significantly declines as development proceeds, accompanied by a progressive loss of 

proliferative capacity. In fact, whereas 75,1% of the CM at E9.5 were CD24+, from which 

92% were proliferative, at P21 only 1,2% of the cells expressed the gene. Importantly, 

this value resembles the percentage of adult CD24+ CMs we previously reported (~1%) 

and also the results of a distinct study in which a hypoxic adult CM subset exhibiting 

proliferative activity represented ~1% of the myocardium37. Interestingly, our results also 

revealed a positive correlation between CD24 and HIF1a expression, giving support to 

the hypothesis of hypoxic profile maintenance. 
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The low amount of mouse postnatal and adult CD24+ CM precluded many of the 

analyses for these stages. Based on the statistical inference results and relative 

abundance of CD24+ CM along the timepoints, we predict that at least 50-150 cells are 

required for achieving 90% confidence, corresponding to a total of 4166-12500 

sequenced cells. While the current technical challenges regarding scRNA-Seq of adult 

heart tissue persist, it is our belief that the most reliable and efficient manner to study its 

transcriptome at a single-unit resolution is through snRNA-Seq. 

 

Additionally, we have elucidated, for the first time, the prevalence of a CD24+ CM 

population in embryonic and adult human hearts. Whereas the embryonic stages share 

many similarities with the mouse counterpart, in the adult these cells were more 

abundant and proliferative, consisting of ~42% of the CM, from which 74% were still 

cycling. These results might reflect a biased enrichment on this particular population 

caused by the low number of cells in study (55 rod-shaped CMs) and the fact that these 

cells were specifically selected by their shape, or the fact that this population is for some 

reason more prone to subsist the technical challenges of isolating adult mature CMs. 

Moreover, whilst during embryonic development HIF1a expression was positively 

correlated with CD24, adult CM exhibit a negative correlation between the two genes. 

 

Although there is not much knowledge regarding the expression of ALCAM, 

MCAM and CAV3 in human CM, co-expression analysis of CD24 with these phenotypic 

markers is suggestive of a transient pattern of expression during embryonic 

development, being the highest values observed within 13W to 22W of gestation. In 

addition, co-expression analysis of CD24 with proliferative markers revealed in human 

adult but not embryonic nor mouse CMs an uncoordinated pattern of expression of 

mitosis and cytokinesis markers suggestive that these cells, although standing at the 

G2M/S phase of mitosis, are not capable of completing a successful division and hence 

acquire an increased polyploidy. 

 
 

In conclusion, we hypothesize that CD24 may act as a signalling nexus, 

conveying external signals in cellular responses that impact on important milestones of 

cardiac development, function and CM metabolism including apoptosis, calcium 

homeostasis, hypoxia response, cell cycle regulation, CM differentiation, proliferation 

and survival. Thus, following our previous findings that CD24 marked an immature 

cycling CM’s population in the murine heart, we propose that CD24 is potentially 

preponderant for the maintenance of this pool and its proliferative activity, with further 
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implications on its response to injury that are yet to be elucidated and should be the topic 

for future work. 

Table 11 offers a succinct perspective of the principal biologically relevant results 

of this work. 

 
. 

Table 11. Summary of the principal results of the work. 
 Mouse Human 

 Embryonic Adult Embryonic Adult 

Number of CM 456 82 2142 55 

% of CD24+ cells 21,6-77,9 1,2 16,4-76,7 41,8 

% of proliferative CD24+ 

cells 

 
34-90 

 
0 

 
21,6-67,4 

 
74 

HIF1a correlation 

coefficient 

 
0,28 

 
0,39 

 
-0,72 

Polyloidization 

evidence 

 
No 

 
No 

 
Yes 

 Sphkap, Melk, Fign, Hmga2, SHKBP1, SHISA2, NRARP, CTNND1, CD38 

 Zc3hc1, Cdca8, Coprs, Sinhcaf, NGFR, HAUS3, PAK1, EGFR, ANKLE2 

Relevant CD24 putative ANKLE2, Nuf2, Cd38, Ctnnd1 SLC35G1, ANKLE2, NUF2, NUF2, DCLRE1B, 

molecular partners Egfr, Dclre1b, HIF1a, Ksr1, Nme4, CD38, CTNND1, EGFR, HIF1A, KSR1, NME4, 

 Prelid1, Pmaip1 DCLRE1B, HIF1A, KSR1, PRELID1, PMAIP1 

  NME4, PRELID1, PMAIP1  
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Appendix Table 1. Summary of keywords used while screening Array Express, Pubmed and Geo 
Datasest databases for relevant datasets and the correspondent results obtained. 

 

 
Data Base 

 
Keywords 

Number 
of 
entries 

(at 22/06/2020) 

 
Notes 

 
 
 

 
Array 

Express 

heart AND homo sapiens 400 
 

heart AND mus musculus 862 
 

cardiomyocyte AND mus 
musculus 

126 
 

cardiomyocyte AND homo sapien” 38 
 

 
 
 
 
 
 
 
 

Pubmed 

heart AND mus musculus 69,864 
 

heart AND homo sapiens 1,078,392 
 

cardiomyocytes AND mus 
musculus 

17,695 
 

cardiomyocytes AND homo 
sapiens 

25,800 
 

heart AND single cell RNA Seq 

AND mus musculu 

56 2006-2020 

heart AND single cell RNA Seq 
AND homo sapiens 

49 2006-2020 

cardiomyocytes AND single cell 
RNA Seq AND mus musculu 

20 2014-2020 

cardiomyocytes AND single cell 
RNA Seq AND homo sapiens 

19 2016-2020 

 
 
 
 
 

GEO 
Datasets 

heart AND mus musculus 37818 (("heart"[MeSH Terms] OR heart[All Fields]) AND ("mice"[MeSH Terms] OR "Mus 
musculus"[Organism] OR mus musculus[All Fields])) AND "Mus musculus"[porgn] 

heart AND homo sapiens 27954 (("heart"[MeSH Terms] OR heart[All Fields]) AND ("humans"[MeSH Terms] OR "Homo 
sapiens"[Organism] OR homo sapiens[All Fields])) AND "Homo sapiens"[porgn] 

cardiomyocytes AND homo 
sapiens 

4684 (("myocytes, cardiac"[MeSH Terms] OR cardiomyocytes[All Fields]) AND 
("humans"[MeSH Terms] OR "Homo sapiens"[Organism] OR homo sapiens[All Fields])) 

AND "Homo sapiens"[porgn] 

cardiomyocytes AND mus 
musculus 

3920 (("myocytes, cardiac"[MeSH Terms] OR cardiomyocytes[All Fields]) AND ("mice"[MeSH 
Terms] OR "Mus musculus"[Organism] OR mus musculus[All Fields])) AND "Mus 

musculus"[porgn] 

heart AND single cell RNA Seq 
AND mus musculus 

82 (("heart"[MeSH Terms] OR ("heart"[MeSH Terms] OR heart[All Fields])) AND (("single 
person"[MeSH Terms] OR ("single person"[MeSH Terms] OR single[All Fields])) AND 
("cells"[MeSH Terms] OR ("cells"[MeSH Terms] OR cell[All Fields])) AND RNA Seq[All 
Fields]) AND ("mice"[MeSH Terms] OR "Mus musculus"[Organism] OR ("mice"[MeSH 

Terms] OR "Mus musculus"[Organism] OR mus musculus[All Fields])) AND "Expression 
profiling by high throughput sequencing"[Filter]) AND "Mus musculus"[porgn] AND 

"Expression profiling by high throughput sequencing"[Filter] 
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Data Base 

 
Keywords 

Number 
of 
entries 

(at 22/06/2020) 

 
Notes 

 
heart AND single cell RNA Seq 

AND homo sapiens 
42 (("heart"[MeSH Terms] OR heart[All Fields]) AND (("single person"[MeSH Terms] OR 

single[All Fields]) AND ("cells"[MeSH Terms] OR cell[All Fields]) AND RNA Seq[All 
Fields]) AND ("humans"[MeSH Terms] OR "Homo sapiens"[Organism] OR homo 

sapiens[All Fields])) AND "Homo sapiens"[porgn] AND "Expression profiling by high 
throughput sequencing"[Filter] 

cardiomyocytes AND single cell 
RNA Seq AND homo sapiens 

13 ("myocytes, cardiac"[MeSH Terms] OR cardiomyocyte[All Fields]) AND (("single 
person"[MeSH Terms] OR single[All Fields]) AND ("cells"[MeSH Terms] OR cell[All 

Fields]) AND RNA Seq[All Fields]) AND ("humans"[MeSH Terms] OR Homo 
sapiens"[Organism] OR homo sapiens[All Fields]) AND "Expression profiling by high 

throughput sequencing"[Filter] 

cardiomyocyte AND single cell 
RNA Seq AND mus musculus 

31 (("myocytes, cardiac"[MeSH Terms] OR cardiomyocytes[All Fields]) AND (("single 
person"[MeSH Terms] OR single[All Fields]) AND ("cells"[MeSH Terms] OR cell[All 

Fields]) AND RNA Seq[All Fields]) AND ("mice"[MeSH Terms] OR "Mus 
musculus"[Organism] OR mus musculus[All Fields])) AND "Mus musculus"[porgn] AND 

"Expression profiling by high throughput sequencing"[Filter] 
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AFigure 1. 

STAR E9.5 STAR E11.5 STAR E14.5 STAR E18.5 

STAR P0 STAR P3 STAR P7 STAR P21 
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kallisto E11.5 

C 
kallisto E9.5 

kallisto E18.5 
kallisto E14.5 

AFigure 2. 

kallisto E9.5 kallisto E11.5 kallisto E14.5 kallisto E18.5 

kallisto P0 kallisto P3 kallisto P7 kallisto P21 

 

 
 
 
 

featureCounts E9.5 featureCounts E11.5 featureCounts E14.5 featureCounts E18.5 

featureCounts P0 featureCounts P3 featureCounts P7 featureCounts P21 
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AFigure 3. 

C 
 

STAR featureCounts kallisto 
 

STAR featureCounts kallisto 

 
 

Appendix Figure 1. Comparison of feature annotation methods. (A) UMAP representations 

showing the results from the different approaches tested for feature annotation namely, STAR, 

featureCounts and kallisto. (B) Dotplot representations showing the expression of cardiomyocytes, 

fibroblasts and endothelial cells relevant marker genes, namely Actn2, Cd3a1 and Pecam1, per 

timepoint, using different methods for feature annotation. With this, we wanted to infer which of 

methods (STAR, featureCounts or kallisto) represented more accurately the temporal and cellular 

distribution of known genes. (C) Comparison of the percentage of dropout obtained with different 

feature annotation methods, namely STAR, featureCounts and kallisto, for the whole experiment and 

per timepoint. 
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B 

scImpute E9.5 scImpute E11.5 scImpute E14.5 scImpute E18.5 

scImpute P0 scImpute P3 scImpute P7 scImpute P21 
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ALRA E9.5 ALRA E11.5 ALRA E14.5 ALRA E18.5 

ALRA P0 ALRA P3 ALRA P7 ALRA P21 

MAGIC E9.5 MAGIC E11.5 MAGIC E14.5 MAGIC E18.5 

MAGIC P0 MAGIC P3 MAGIC P7 MAGIC P21 
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Appendix Figure 2. Comparison of expression recovery methods. (A) UMAP representations 

showing the results from the different approaches tested expression recovery namely, MAGIC, 

ALRA and scImpute. (B) Dotplot representations showing the expression of cardiomyocytes, 

fibroblasts and endothelial cells relevant marker genes, namely Actn2, Cd3a1 and Pecam1, per 

timepoint, using different methods for expression recovery. With this, we wanted to infer which of 

methods (MAGIC, ALRA or scImpute) represented more accurately the temporal and cellular 

distribution of known genes. 
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TPM E9.5 TPM E11.5 TPM E14.5 TPM E18.5 

TPM P0 TPM P3 TPM P7 TPM P21 
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CPM E9.5 CPM E11.5 CPM E14.5 CPM E18.5 

CPM P0 CPM P3 CPM P7 CPM P21 

scnorm E9.5 scnorm E11.5 scnorm E14.5 scnorm E18.5 

scnorm P0 scnorm P3 scnorm P7 scnorm P21 
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Appendix Figure 3. Comparison of normalization methods. (A) UMAP representations 

showing the results from the different approaches tested expression recovery namely, cpm, tpm 

and SCnorm. (B) Dotplot representations showing the expression of cardiomyocytes, fibroblasts 

and endothelial cells relevant marker genes, namely Actn2, Cd3a1 and Pecam1, per timepoint, 

using different methods for expression recovery. With this, we wanted to infer which of methods 

(cpm, tpm and SCnorm) represented more accurately the temporal and cellular distribution of 

known genes. 


