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Abstract 

Exploring Expressed Genetic Variants and Isoforms in Tumor Diversity Using Long-

Read Single-Cell RNA Sequencing 

 

Cancer remains a commonly diagnosed, diverse and complex disease. Tumor 

progression is believed to be driven in part by genome instability, which provides a 

selective advantage to cancer cells by altering key biological functions. Identifying 

expressed driving somatic mutations at the single-cell level is essential for 

understanding tumor heterogeneity and adaptation. However, traditional short-read 

sequencing lacks the resolution to fully capture entire transcripts, structural variants, 

and allele-specific expression, limiting insights into transcriptomic plasticity. 

The advent of long-read sequencing has transformed cancer transcriptomics by 

enabling the simultaneous detection of full-length isoforms, structural variants, and 

expressed mutations. When combined with single-cell RNA sequencing (scRNA-seq), 

this approach provides a detailed view of clonal dynamics and functional genetic 

alterations. Despite its potential, long-read scRNA-seq remains underutilized in cancer 

research, particularly in linking transcriptomic diversity to tumor evolution and therapy 

resistance. 

This study focuses on the development of computational workflows for processing and 

analyzing long-read single-cell cancer sequencing data to generate a comprehensive 

molecular profile, integrating gene expression, expressed driving somatic mutations, 

isoform diversity, and RNA modifications. By applying this framework to publicly 

available cancer samples, the aim is to demonstrate the power of long-read scRNA-seq 

data to characterize tumor heterogeneity at single-cell resolution.  
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Chapter 1: Introduction 

 

1.1 Tumor heterogeneity – the role of expressed genetic variants 

Cancer is one of the most researched complex diseases worldwide. With a great 

diversity of cancer types and tumor variations, cancer remains a commonly diagnosed 

disease for which development of new therapies and protocols are constantly under 

testing and development. Continuous research has brought to light discoveries that 

improve our understanding of cancer biology and dynamics 1. 

 

Genome instability is one of the factors that enables neoplasm progression and 

contributes to tumor heterogeneity. Alterations in the genome of cancer cells drives 

heterogeneity which can confer heritable a genotypic advantage that enables growth 

and survival of tumors by modifying biological functions of cell components2. Genomic 

alterations range from point mutations to chromosome level changes, which are 

accumulated by cancer cells in a sequential manner. Increasing chromosome 

rearrangements and high mutational burden ensure the constant evolution of cancer 

cells overtime, maintaining a dynamic mutational makeup driven by environmental 

selective pressures (Figure 1) 3,4. 

 

In addition to the temporal evolution of tumor diversity, molecular heterogeneity is 

observed spatially across cells located in different regions of the tumor which express 

distinct molecular profiles and response to treatment. Heterogeneity is also observed 

between patients, where factors like germline and somatic mutations can affect 

expression of differential phenotypes, contributing to cancer heterogeneity and adding 
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to the complexity of cancer as a disease 4,5. The identification of specific mutations 

expressed by cancer cells is a significant step toward developing an understanding of 

tumor heterogeneity and adaptation. 

 

Figure 1. Tumor heterogeneity is driven by expressed genetic variants. 

Expressed genetic variants accumulate in tumor cells over time, leading to the emergence of 

diverse subpopulations. Genomic alterations can confer fitness advantages, allowing cells to 

proliferate under the selective pressures of the tumor microenvironment. As cells expand to 

different locations, they undergo further selection, resulting in diverse genetic profiles within 

the tumor. 

 

1.2 sceSNVs and consequent changes in allele dynamics 

The rise of genetically diverse tumor subpopulations is in part attributed to the build-

up of somatic mutations which drive distinct phenotypic and behavioral changes across 

tumor subclones. Single-cell expressed single nucleotide variants (sceSNVs) are 

nucleotide base changes at the single-cell level that may increase tumor fitness, exhibit 

neural behavior, or be deleterious 5.  
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sceSNVs contribute to tumor heterogeneity by shifting allele dynamics across 

subpopulations. For instance, the presence of a variant in a certain genomic locus can 

produce changes in binding affinity of transcription factors, in turn, modifying normal 

transcriptional patterns, favoring the expression of one allele over another and causing 

allelic imbalance. Differential patterns in allelic expression can potentially confer 

fitness advantages to some cell populations driving cancer heterogeneity and 

progression 6. 

 

1.3 sceSNV effects in relation to isoforms 

sceSNVs influence mRNA diversification by driving isoform formation and expression 

patterns. Cannonical DNA open reading frames can be expressed as several mature 

mRNA isoforms due to distinct transcription start and end sites, as well as differential 

splicing patterns. Cells express specific isoforms depending on developmental cell fate 

trajectory, paracrine and endocrine signals, type and biological stage of the cell 7. 

 

However, sceSNVs present near or within splicing donor/acceptor sites can alter wild-

type patterns of exon inclusion and exon skipping. Aberrant splicing events can disrupt 

isoform expression ratios, ultimately leading to the modulation of the transcriptional 

profile of cancer cells 7–9. 
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1.4 Single-cell Long-read sequencing technologies and processing methods 

Single-cell RNA-sequencing (scRNA-seq) technologies determine nucleotide 

sequences of a given sample and provide an insight into clonal dynamics by 

simultaneous sequencing of the transcriptome of individual cells. However, short-read 

technologies which are currently more popular may produce low depth data, leading to 

underestimation of sample heterogeneity by overlooking rare subpopulations 5,10.  

 

As a newer alternative method, long-read sequencing technologies like Oxford 

Nanopore Technologies (ONT) and Pacific Biosciences (PacBio) allow the detection 

of entire transcripts and structural variants. These technologies also show 

improvements in discovery of cell specific mutations and generation of detailed 

transcriptional profiles of neoplasms, allowing the quantification and exploration of 

allele frequencies and allelic imbalance 8,10,11.  

 

Additionally, long-read technologies achieve comprehensive isoform characterization 

and discovery by sequencing entire RNA transcripts, creating opportunities for the 

exploration of alternative splicing dynamics and isoform expression assessment 

pertaining to cancer progression 12.  

 

To process and analyze the high throughput data acquired from long-read scRNA-seq, 

robust computational tools are constantly under development 12. As it is a newer 

technology, the generation and optimization of pipelines, able to perform 

comprehensive downstream analysis on long-read data, is important for the 
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identification of sceSNVs and for understanding the underlying role of specific 

mutations in cancer progression. 

 

1.5 Recent advancements in the field 

Currently, only one ONT long-read single-cell RNA-seq human cancer dataset is 

publicly available on the SRA 13 . While other long-read single-cell RNA-seq datasets 

are available, samples do not correspond to human origin, or they are not cancer related. 

Given the current limited data availability, it is essential to develop and optimize 

workflows that enable a comprehensive study and thorough understanding of this data. 

 

PacBio long-read RNA sequencing has emerged as a powerful technology for 

identifying and characterizing full-length transcript isoforms 14,15. However, 

standardized and robust workflows for isoform detection, quantification, and 

differential expression analysis remain a key area of ongoing development 16. The 

generation and application of these workflows to understand the role of isoforms in 

cancer heterogeneity in the single-cell field requires significant further investigation.  
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Chapter 2: Aim and objectives 

2.1 Aim 

Due to the scarcity of long-read scRNA-seq data from human neoplasms and the limited 

characterization of sceSNVs within this data, it is important to describe and explore 

how genetic variation contributes to tumor heterogeneity in these novel, high-

throughput, high-depth datasets. Therefore, the aim of this study is to implement 

workflows that achieve the exploration of expressed genetic variants, isoforms and 

RNA editing in tumor diversity using long-read single-cell RNA sequencing cancer 

data. 

 

2.2 Objectives 

2.2.1 Generate and optimize a workflow to process long-read scRNA-seq ONT data to 

obtain relevant outputs for analysis of sceSNVs. 

2.2.2 Characterize and profile sets of sceSNVs obtained from long-read scRNA-seq 

data based on functionality, novelty, and distribution. 

2.2.3 Identify individual sceSNVs that have potential to drive and contribute to tumor 

heterogeneity. 

2.2.4 Generate and optimize a workflow to process long-read scRNA-seq PacBio data 

to obtain relevant outputs for analysis of isoforms. 
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Chapter 3: Methods 

3.1 Data acquisition 

ONT: To study the role of sceSNVs in tumor heterogeneity on long-read data, a 

publicly available dataset was identified on the National Center for Biotechnology 

Information (NCBI) BioProject website (https://www.ncbi.nlm.nih.gov/bioproject/). 

The selection criteria for the dataset included cancer samples of human origin with both 

single-cell and long-read sequencing data. The PRJNA878505 dataset was chosen for 

this analysis due to the sparse availability of long-read data at the time of the search, 

July 2024. The six available samples corresponding to primary melanoma, melanoma 

brain metastasis, primary renal cell carcinoma (RCC), RCC brain metastasis, cell line 

A375, and cell line H2030, were obtained using the SRA Toolkit and subsequently 

processed through the scNanoGPS (v1.1) 13 pipeline.  

 

PacBio: To generate a workflow for the analysis of isoform data, single-cell long-read 

RNA-sequencing data from human cerebral organoids was acquired from the NCBI 

under accession number PRJNA947248. This dataset contains seven samples 

corresponding to three different timepoints of organoid growth: 84 days (2 samples), 

137 days (2 samples), and 145 days (3 samples). For the purposes of testing the pipeline, 

only sample SRR25656345, corresponding to 145 days of organoid growth was 

employed. 
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3.2 Sample processing with scNanoGPS for ONT data 

The scNanoGPS pipeline conducts quality control (QC) of read length and structure, de 

novo identification of cell barcodes, and allocation of reads to unique barcodes. 

Additionally, it performs alignment of reads to reference genome, generating individual 

cell barcode alignment map files. The workflow integrates additional tools 

for generation of gene expression matrices, variant calling, and isoform quantification 

of ONT samples. 

 

3.2.1 QC 

Fastq files obtained from the SRA were processed for quality control with the NanoQC 

module to obtain read length profiles for each sample. NanoQC also performed the 

extraction of the 100 first and last nucleotides to be analyzed with FastQC (v0.11.8) 17 

for sequencing quality. 

 

3.2.2 Adaptor sequence extraction 

Fastq files were processed using the Scanner module to identify adapter patterns with 

the default penalty and computing parameters (matching: 2, mismatching: −3, gap 

opening: −5, gap extension: −2, editing distance: 2, matching threshold: 0.7, scoring 

threshold: 0.4). Scanner filters out reads without the expected structure and then 

extracts adaptor sequences which contain cell barcodes (CB) and unique molecular 

identifiers (UMI), separating read insert sequences from adaptor sequences. 
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3.2.3 Cell barcode estimation 

Previously generated adaptor sequence files were used by the Assigner module with the 

default parameters to estimate CB number based on supporting UMI reads through the 

iCARLO algorithm. The outcome of this module is a list of true CBs. 

 

3.2.4 Read demultiplexing, curation and mapping 

Using the true CB list, the Curator module of the pipeline assigns reads to unique CB 

to generate single cell read files, which are then mapped to the NCBI reference genome 

using minimap2 (v2.17) 18 with the default parameters. Reads are then collapsed by 

UMI with SPOA (v4.0.3) based on their mapped position, and a second round of 

mapping is performed using the collapsed sequences to generate curated binary 

alignment map (BAM) files. 

 

3.2.5 Generation of gene expression, isoform and SNV profiles 

To generate gene expression matrices, the reporter_expression module was employed. 

This module runs the program featureCounts 19 from Subread (v2.0.1) 20 which uses the 

previously obtained BAM files to quantify reads assigned to genomic features. 

 

Isoform detection and quantification was performed with the reporter_isoform module. 

This module runs Liqa (v1.3.4) 21 on the previously obtained BAM files and generates 

matrices of isoform expression estimates. 
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For generation of SNV profiles, multiple tools were used by the reporter_SNV module. 

Briefly, variant calling was performed with the Longshot (v0.4.1) 22 tool on previously 

obtained BAM files, resulting in the generation of single-cell variant calling format 

(VCF) files. Mutations in single-cell VCFs were collapsed with BCFtools (v1.11) 23, 

filtered by consensus, and scanned with Samtools (v1.3.1) 23 to identify true wild types 

based on supporting reads. Lastly, annotation of variants was performed with 

ANNOVAR24 under default annotation database parameters (refGene, cytoBand, 

gnomad30_genome, avsnp150, dbnsfp42c) to generate final annotated VCF files per 

sample. 

 

3.3 Long-read coverage visualization with IGV 

To directly compare the genomic coverage profiles generated by nanopore long-read 

and 10X short-read single-cell RNA sequencing, the Integrative Genomics Viewer 

(IGV) (v2.17.4) 25 was employed, where single-cell BAM files and the corresponding 

index files for each sequencing method were loaded as separate tracks in IGV. Sample 

A375 from the nanopore long-read dataset, and SAMN16086830 corresponding to a 

human prostate cancer sample from 10X short-read sequencing were used for this 

analysis (Figure 3). 

 

3.4 Characterization of sceSNVs  

A general landscape of sceSNVs was generated using information on the localization 

of identified substitutions obtained from annotated VCF files. Additionally, to obtain 

information on previous documentation of variants, Single Nucleotide Polymorphism  
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Database (dbSNP) 26 annotations from the VCF files, and posterior annotation with the 

Catalogue Of Somatic Mutations In Cancer (COSMIC) 27 database were included in the 

analysis. Histograms and Venn diagrams were generated using the ggplot2 (v3.5.1) 28 

package in R (v4.4.1) 29. 

  

3.5 sceSNV read count estimation 

The tool ReadCounts 30 was used to obtain an estimate of sceSNV counts and allele 

expression metrics; this tool requires two inputs, a list of genomic loci and a BAM file. 

The list of genomic positions was extracted from VCF annotation files and single-cell 

BAM files previously obtained were used as the second input. As a result, files 

containing reference counts, variant counts, and variant allele frequency (VAF) values 

and metrics were obtained per sample. 

 

3.6 Single-cell gene expression QC and processing 

Previously obtained gene expression matrices were processed using Seurat (v5.1.0) 31 

for quality control and filtering. Cells with fewer than 200 features, or more than 7500 

features were excluded from all samples, and cells with over 5% of mitochondrial 

content were also filtered out from further analysis. A Seurat object of the filtered data 

was generated for each sample and used in subsequent analysis.  

 

3.7 sceSNV visualizations 

To explore and visualize sceSNV distribution and dynamics, the scSNViz 32 tool was  
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employed. Seurat objects and ReadCount files were used as inputs to provide gene 

expression and genomic loci metrics respectively. scSNViz integrates multiple tools to 

generate visualizations and analysis of variants of interest. Initially, scSNViz employs 

Seurat to preprocesses the Seurat object data and perform dimensionality reduction with 

the UMAP algorithm. Next, scSNViz computed allele specific expression statistics for 

individual cells, which were then visualized on previously generated UMAP plots. 

 

Additionally, scSNViz generated cell type annotation plots using scType 33. RCC 

samples were annotated with 'Kidney' as the tissue of origin, and H2030 with 'Lung'. 

Since 'Skin' was not available as a tissue type in the scType database, MEL samples 

and the A375 cell line were annotated with 'Lung'. This decision was made after 

evaluating all available tissue options in scType, as 'Lung' was determined to be the 

most biologically related tissue to skin within the database's classification. Moreover, 

scSNViz reports also included copy number variation plots, generated with the copyKat 

(v1.1.0) 34 package. 

 

3.8 Estimation of skewed sceSNV distribution 

To estimate sets of sceSNVs with skewed expression, scSNViz performs an 

asymmetrical distribution test that identifies variants with differential expression 

between cell clusters of a sample. As a result, a list of genetic variants with associated 

p-values is obtained. These sets of sceSNVs with skewed expression were visualized 

per tissue sample and individual variants were selected for further exploration. 
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3.9 Gene exploration in the UCSC Genome Browser 

The UCSC Genome Browser 35 was employed to explore genes of interest MALAT1 

and NEAT1. The browser was located between regions chr11:65,412,830-65,525,49 of 

the reference human genome GRCh38. Tracks of interest included HGNC for 

visualization of genes, TCGA Pan-Can, and dbSNP 155 for identification of reported 

variants. 

 

3.10 Processing workflow for PacBio isoform analysis 

To process single-cell long-read PacBio data for isoform analysis, a comprehensive 

workflow was developed. This pipeline performs the following key steps: adaptor 

removal and cell barcode extraction, read mapping and deduplication, cell type 

clustering and segregation, isoform quantification and expression analysis, and data 

visualization. 

 

3.10.1 Adapter sequence removal and cell barcode extraction 

Raw fastq files were preprocessed to remove adapter sequences and poly(A) tails with 

CutAdapt (v5.0)36. Cell barcodes were extracted with UMI-tools (v1.1.2)37 without 

using a whitelist.  

 

3.10.2 Mapping and deduplication 

Reads were aligned to the human reference genome GRCh38 using minimap2 with 

parameters -ax splice:hq, for splice aware mapping. The UMI-tools package was used 
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to group reads based on UMI and remove duplicate reads, resulting in a processed 

pooled BAM file. 

 

3.10.3 Identification and grouping of distinct cell populations 

Gene-level expression quantification was performed using featureCounts and UMI-

tools, generating a list of gene counts per cell. For downstream analysis, this gene 

counts lists were converted to a matrix format with the DropletUtils (v1.28.0)38 and 

biomaRt (v2.64.0)39 R packages. Subsequently, gene-based dimensionality reduction 

was performed with Seurat and cell cluster annotation and visualization was conducted 

with scType using ‘Brain’ as tissue of origin. Cell barcodes were extracted from each 

annotated cluster and used to filter previously generated alignment files, resulting in 

cell cluster specific BAM files. 

 

3.10.4 Isoform quantification and expression analysis 

Isoform quantification and differential alternative splicing analysis were performed 

using R package bambu (v3.6.0)40 and python package SUPPA (v2.3)41 for each cell 

type. Cluster specific BAM files were used to quantify isoform expression with bambu, 

generating profiles of transcript abundance per cluster which were then compared 

through heatmap visualization for transcript differential expression analysis. To 

confirm and visualize differentially expressed isoforms, cluster specific BAM files 

were loaded into IGV as separate tracks.  
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Chapter 4: Results and Discussion 

 

4.1 Processing and analysis workflow of ONT long-read single-cell cancer 

samples    

 

A dataset of six publicly available long-read single-cell ONT cancer samples was 

retrieved from the NCBI BioProject database under accession code PRJNA878505. The 

scNanoGPS toolkit was employed to process the samples by performing quality control 

on the reads, cell barcode detection, assignment of reads to cell barcodes, mapping to 

the reference genome, generation of gene by cell count matrices, variant calling and 

annotation. 

 

Gene count matrices were processed with the Seurat workflow to generate a Seurat 

object of the filtered and normalized data. The SCReadCounts tool was employed to 

generate a file containing counts for reference and variant reads using the single cell 

alignment files and the variant calling files as input. Then, the Seurat object and the 

SNV count files were used as input for the scSNViz R package which was used for 

sceSNV mapping and exploration (Figure 2). 
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Figure 2. Processing workflow for ONT long-read single cell RNA-seq data.  

Briefly, six samples were obtained directly from the SRA and processed with the scNanoGPS 

tool set. Gene expression matrices were further processed with Seurat for quality control and 

object generation; meanwhile, SCReadCounts was employed to tabulate allele specific 

expression across cells for further analysis and visualization with scSNViz. 
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The processed samples included tissue from primary melanoma (MEL1), melanoma 

brain metastasis (MEL2), primary renal cell carcinoma (RCC1), renal cell carcinoma 

brain metastasis (RCC2), and two cell lines: H2030, isolated from non-small cell lung 

cancer, and A375, derived from malignant melanoma.  

 

A total of 530 million combined reads were processed and consistent with Nanopore 

Technologies’ performance 42, the average read length for each sample was 

approximately 1000 base pairs, demonstrating the extensive transcript coverage 

achieved by long-read RNA sequencing technologies to capture full-transcript 

information (Figure 3).  

 

Figure 3. Long-read sequencing technologies offer extended transcript coverage. 

A. Read length distribution of the A375 sample, generated by NanoQC within scNanoGPS. The 

histogram shows the count of reads at each length. The orange dashed line indicates the average 

short-read transcript length (150 bp), emphasizing the significantly longer coverage achieved 

by long-read sequencing.  

B. IGV visualization of the ACTB housekeeping gene. Short-read sequencing coverage 

(orange) exhibits a 3' UTR bias, while long-read sequencing coverage (blue) demonstrates more 

uniform and extensive transcript coverage. 
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4.2 Landscape of genetic variants across ONT long-read scRNA-seq cancer 

samples 

Across the six samples, 29.930 cells were identified and employed for downstream 

analysis. A total of 21,700 variant calling events were identified with a varied number 

of sceSNVs across samples: A375 (2,041), H2030 (2,226), MEL1 (727), MEL2 

(6,606), RCC1 (6,566), and RCC2 (3,534). Annotation by genomic location of these 

mutations indicated that exonic and 3'UTR mutations were predominant in the A375, 

H2030, and MEL samples. In contrast, the RCC samples showed a greater abundance 

of intronic and non-genic mutations. Across all samples, a significant proportion (over 

50%) of exonic variants were nonsynonymous, suggesting potential protein-altering 

effects. In addition, the primary location of non-genic variants corresponded to 

intergenic regions (Figure 4A). 

 

Detected variants were classified as either previously reported or novel. Up to 70% of 

variants across all samples were found in dbSNP, identified by an rsID. A smaller 

fraction, 1% or less, were present in the COSMIC database, with 15-35% found in both 

databases. Variants lacking rsID or COSMIC annotations were designated as novel. 

Novel variant percentages ranged from 11-16% across samples: RCC1 (16%), RCC2 

(16%), MEL1 (14%), MEL2 (16%), A375 (11%), and H2030 (12%) (Figure 4B). 

 

Further analysis revealed 2,510 unique novel variants. The distribution of novel 

variants across tissue samples revealed that most novel variants are unique to MEL2 

and RCC1, while overlap of novel variants was observed primarily within the MEL and 
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RCC sample groups. Notably, ten novel variants were shared across all four tissue 

samples (Figure 4C). 

 

These results demonstrate the capacity of long-read RNA sequencing to capture known 

and novel variants in diverse genomic locations. Having established the landscape of 

sceSNVs across tissue samples, the next step is to explore distribution and expression 

patterns of identified genetic variants. 

 

 

Figure 4. Landscape of variants across ONT cancer samples. 

A. The distribution of sceSNVs by genomic location across the six cancer samples is illustrated 

in this figure. The stacked bar chart quantifies the number of sceSNVs assigned to each genomic 

location. The accompanying pie charts further explore the composition of exonic and non-genic 

variants, using purple and blue color coding, respectively, to represent subcategories.  

B. Distribution of variants by database annotation in the horizontal bar chart, display the 

proportion of variants categorized as previously reported in the dbSNP and COSMIC databases, 

or novel for variants not reported before.  

C. Distribution of novel variants across tissue samples in the Venn diagram illustrates the 

overlap of unique novel SNVs among MEL and RCC tissue samples, presenting the distribution 

of shared and unique variants. 
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  4.3 sceSNV distribution and expression across ONT cancer samples 

To explore the distribution and expression of sceSNVs in cancer tissue samples, 

variants identified as asymmetrically distributed by the scSNViz package were further 

analyzed. This package produces a statistics file for variants exhibiting skewed 

distribution. Variants with a p-value ≤ 0.0001 were selected for further analysis, 

resulting in the selection of 16 sceSNVs for MEL1, 54 for MEL2, 106 for RCC1, and 

87 for RCC2, which were subsequently visualized. 

 

Plots for the selected sets include sceSNV counts per cell, and single-cell VAF. These 

plots provide a general landscape of the expression and distribution of variant sets 

across cells. For instance, RCC2 appears to have a cluster of cells with a high number 

of variants (N sceSNV in red), but VAF seems to be low for that same region (VAF 

RNA in yellow) (Figure 5). 

 

The 3D plots also display cell type annotation by cluster and CNV. MEL samples are 

labeled with 'Lung' and RCC samples with 'Kidney' to indicate tissue origin. Notably, 

all samples contain clusters annotated as 'unknown,' which exhibit aneuploid copy 

number variation (Figure 5). These non-annotated, aneuploid cells likely represent 

cancer cells. Identifying clusters of potential cancer cells within the samples enables a 

more focused exploration, targeting variants that have higher expression and 

distribution among cancer cells. 
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Figure 5. Profile and distribution of sets of sceSNVs with skewed expression. 

3D UMAP plots of cancer tissue samples generated with scSNViz. Number of variants per cell 

(N sceSNV) and VAF RNA are represented by color gradients for sets of sceSNVs catalogued 

as asymmetrically distributed. Plots also include cell type annotation and CNV classification. 

 

4.4 Identifying MALAT1 and NEAT1 as genomic loci with high variation 

Previously selected sceSNVs with skewed distribution were further characterized based 

on the genomic location of variants. Notably, chromosome 11 displayed the highest  

sceSNV count where all four samples had expressed variants (Figure 6A). Genes in  
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chromosome 11 with the highest sceSNV count included non-coding genes metastasis 

associated lung adenocarcinoma transcript 1 (MALAT1) and nuclear paraspeckle 

assembly transcript 1 (NEAT1) (Figure 6B). 

 

NEAT1 is a highly conserved gene that produces a long non-coding RNA (lncRNA) 

which becomes a structural component of paraspeckles. NEAT1 also acts as a 

transcriptional regulator, influencing genes involved in cancer growth and progression. 

This gene is commonly overexpressed in tumors and associated with adverse cancer 

outcomes 43.  

 

Similarly, MALAT1 is a highly conserved gene that produces a lncRNA involved in 

diverse cellular processes such as transcription, alternative splicing, and miRNA 

blockade. MALAT1 also regulates the transcription of genes that contribute to 

metastasis. This gene appears as highly expressed in tumors and is recognized as a 

driver of pathogenicity 44.  

 

Numerous polymorphisms have been reported in MALAT1 and NEAT1 on dbSNP. In 

contrast, MALAT1 has a higher number of reported somatic variants for diverse tumor 

types than NEAT1 (Figure 6C). Examining the expression and distribution of sceSNVs 

at the MALAT1 and NEAT1 genomic locations holds the potential to reveal novel and 

unique expression profiles of variants that drive tumor heterogeneity, particularly 

because these genes are important and highly conserved drivers of cancer progression. 
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Figure 6. High sceSNV expression in genes MALAT1 and NEAT1. 

A. Area plot of sceSNV count per chromosome among variants with skewed distribution for 

each tissue sample. 

B. Bar chart displaying counts of asymmetrically distributed sceSNVs per gene in chromosome 

11 across all tissue samples. 

C. UCSC Genome Browser visualization displaying genomic location of genes NEAT1 

(chr11:65422798-65445539) and MALAT1 (chr11:65497738-65506515) highlighted in blue. 

Additional tracks include TCGA Pan-Can, with black dots indicating somatic variants found in 

TCGA samples. The dbSNP track indicates previously reported polymorphisms, where blue 

lines represent variants located in non-coding regions. 
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4.5 Distribution and expression of sceSNVs in MALAT1 and NEAT1 genes 

To explore individual variants located in MALAT1 and NEAT1 genes, scSNViz plots 

have been displayed to represent one sceSNV per genomic loci in each sample. 

Individual plots show VAF of the selected variant across single cells in each sample; 

VAF is displayed as a color gradient to indicate allelic expression (Figure 7).  

 

Notably, clusters corresponding to previously denoted cancer cells have higher VAF 

expression of selected individual sceSNVs. Specifically, the variant located in 

MALAT1 of the MEL1 sample displays a clear distribution pattern, clustering in cancer 

cells, while other cell clusters uniquely express reference alleles (Figure 7). These 

observations demonstrate that cancer cells exhibit preferential expression patterns of 

sceSNVs, and that the mutational makeup of the cells in each tumor is highly 

heterogeneous. 

 

These results demonstrate that specific genetic variants contribute to tumor 

heterogeneity by exhibiting distinct behaviors within different cell populations. The 

expression patterns observed offer insights into clonal dynamics and may enable the 

development of more refined profiles of cell subpopulations, potentially allowing for 

the prediction of their behavior based on sceSNV expression 45. 
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Figure 7. sceSNV distribution and expression in MALAT1 and NEAT1 genes. 

3D UMAP plots of cancer tissue samples displaying individual sceSNVs and generated with 

the scSNViz package. For each sample, one sceSNV located in either MALAT1 or NEAT1 

genomic regions is displayed. Plots of VAF RNA show expression and distribution sceSNVs 

across single cells in the tissue samples. 
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4.6 Distribution and expression of novel sceSNVs 

For further exploration of the distribution and expression of novel genetic variants, 

sceSNVs from the MEL1 tissue sample that lacked annotation in the dbSNP and 

COSMIC databases were explored. This selection identified 101 novel sceSNVs within 

the sample, two sceSNVs were chosen for further analysis based on their distribution 

patterns. 

 

15:69455186_A>C is a non-synonymous variant located in the Ribosomal Protein 

Lateral Stalk Subunit P1 (RPLP1), and 5:82276067_G>T is a variant located in the 

UTR3 region of the Ribosomal Protein S23 (RPS23) gene. Neither of these variants 

have been previously reported despite their expressed distribution, where a specific 

clustering of these variants is observed across cell populations but most cells seem to 

express reference alleles only (Figure 8). 

 

While most visualized sceSNVs likely represent germline or somatic DNA alterations, 

some variants could arise from post-transcriptional RNA modifications, including RNA 

editing (base changes at the RNA level) 46. RNA-derived variants are often 

characterized by low abundance and limited distribution. While the role of RNA 

modifications in cancer is an emerging field, understanding these modifications is 

essential for a comprehensive view of tumor heterogeneity and dynamics. 
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Figure 8. Distribution of novel sceSNVs in MEL1 sample 

3D UMAP plots of MEL1 tissue sample displaying VAF RNA of novel sceSNVs 

15:69455186_A>C from RPLP1 and  5:82276067_G>T from RPS23. 

 

Up to this point, the presented results underscore the workflow's capability to resolve 

variant expression, distribution, and dynamics using ONT long-read single-cell RNA-

seq data. This resolution allows for variant analysis at the cellular and subpopulation 

levels, thereby enhancing the characterization of tumoral heterogeneity. 

 

While this workflow produces entirely novel and highly descriptive results, ONT is just 

one long-read sequencing platform. To diversify and broaden the applicability of long-

read data analysis, a workflow for PacBio data analysis is also implemented.  
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4.7 Isoform analysis workflow for PacBio single-cell long-read data 

Alternative splicing supports the production of multiple transcripts from a given gene 

across tissue types and cell cycle stages, enabling physiological responses to biological 

and environmental changes including cancer growth and progression 47. Consequently, 

understanding of isoform dynamics is essential to uncover their role in tumor 

heterogeneity. 

 

To generate a workflow for the analysis of PacBio isoform data, single-cell long-read 

RNA-seq data from human cerebral organoids from the project PRJNA947248. For the 

purposes of testing the pipeline, only sample SRR25656345, corresponding to 145 days 

of organoid growth was employed. Briefly, This pipeline performs the following key 

steps: adaptor removal and cell barcode extraction with CutAdapt and UMI-tools, read 

mapping and deduplication with minimap2, cell type clustering and segregation with 

Seurat and scType based on gene expression matrices previously processed with 

featureCounts and UMI-tools, isoform quantification and expression analysis with 

SUPPA and bambu, and finally data visualization with bambu and IGV (Figure 9). 

 

This pipeline employs tools optimized for long-read sequencing and specifically for 

PacBio technology to maximize analysis quality. It also performs splice-aware 

alignment, enabling the identification of both known and novel transcripts, including 

those arising from alternative splicing 48. This capability leads to more accurate isoform 

quantification, which is crucial for robust differential expression analysis. 
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Figure 9. Processing workflow for PacBio isoform data. 

Briefly, long-read single-cell fastq files from cerebral organoids were preprocessed using this 

pipeline which performs the following key steps: adaptor removal and cell barcode extraction, 

read mapping and deduplication, cell type clustering and segregation, isoform quantification 

and expression analysis, and data visualization. 
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The isoform analysis workflow implemented on a brain human organoid sample led to 

the identification of four distinct cell populations: Astrocytes, Immature neurons, 

Radial glial cells and a set of unknown cells (Figure 10A). To find potential differences 

in isoform expression and splicing between identified cell populations, the glycinamide 

ribonucleotide transformylase (GART) gene was chosen for further profiling based on 

isoform expression levels in the sample. 

 

The GART gene encodes a protein involved in purine biosynthesis, a fundamental 

metabolic process for DNA replication. Located on chromosome 21 and containing 

twenty-four exons, GART exhibits overexpression in certain malignancies, indicating 

a potential role in tumor progression. Alternative splicing of the GART pre-mRNA 

results in the production of two identified isoforms: isoform 1 encodes for a longer 

protein while isoform 2 encodes for a shorter protein 49. While structural variations of 

isoform 1 have been described, the expression dynamics of GART isoforms remain 

largely unexplored. 

 

Visualization of the GART gene across cell populations highlights variations in 

transcript coverage and splicing patterns. Notably, radial glial cells show fewer splicing 

junctions compared to other cell types (Figure 10B). Consistent with this, isoform 

expression analysis reveals an absence of the isoforms in the top rows specifically 

within radial glial cells (Figure 10C). Conversely, isoform 2 (ENST00000361093, 

bottom row in Figure 10C) is expressed across all cell populations, along with diverse  

variations of isoform 1 (bottom 2 to 6 rows in Figure 10C). Interestingly, isoform  
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ENST00000482663 is uniquely expressed in immature neurons, while astrocytes and 

unknown cells exhibit varied expression of isoform ENST00000488791. Limited 

information is currently available regarding the function of these last two isoforms. 

 

These observations illustrate the value of isoform analysis in understanding tumor 

heterogeneity. They also highlight the potential of the described workflow to generate 

new insights from PacBio single-cell long-read RNA sequencing. This expanding 

technology is crucial for future discoveries and requires robust workflows to yield 

significant results. 
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Figure 10. Isoform expression in GART gene on PacBio data. 

A. UMAP representation of brain human organoid clusters including cell type annotation 

performed with scType. 

B. IGV visualization of the GART gene displaying coverage and splice junction tracks for each 

cell type. 

C. Bambu illustration of all identified isoforms of the GART gene. Each row represents a 

distinct isoform labeled with its Ensembl transcript ID, followed by a heatmap depicting 

expression level across cell types. To the right of the heatmap, a schematic representation of 

each isoform's exon structure is shown, directly corresponding to the IGV visualization 

presented above. 
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Chapter 5: Conclusions and Future Prospects 

 

In this study, computational workflows for processing and analyzing long-read single-

cell cancer sequencing data from PacBio and ONT platforms were developed, allowing 

the generation of comprehensive molecular profiles of unexplored data, integrating 

gene expression and expressed somatic mutations, propelling the identification of 

potential RNA editing events, and allowing the characterization of isoforms. 

 

In addition, novel sceSNVs from long-read single-cell RNA-seq data were identified, 

and the landscape of sceSNV distribution and expression across samples, including 

potential RNA editing events, was described for the first time. 

 

Furthermore, isoform expression profiles were generated for cell populations, allowing 

the identification of differentially expressed transcripts and potential isoform 

expression preferences in PacBio long-read single-cell RNA-seq data. 

 

Importantly, these novel methods enable a comprehensive analysis of long-read single-

cell largely unexplored data on genes, isoforms, and SNVs, leading to the generation 

of novel insights and high-impact discoveries. 

 

Future integration of isoform and sceSNV data will be essential for elucidating the 

impact of genetic variants on isoform transcriptional patterns. This integrative analysis 
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will provide a more comprehensive understanding of the factors driving tumor 

heterogeneity.  
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