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Abstract of Thesis 

 

 

Leveraging RNA Velocity To Assess Impact Of SNVs On Splicing Dynamics In Cancer 

Cells 

 

 

Single-cell RNA sequencing techniques have the ability of sequencing reads at the 

cellular level with greater sensitivity and accuracy. This has allowed us to distinguish 

between intronic and exonic reads, giving us insight into the abundance of spliced and 

unspliced RNA in cells. However, the abundance of the intronic and exonic sequences 

are captured in a static time frame. To overcome this limitation, RNA velocity has been 

developed as a computational technique to leverage the ratio of spliced and unspliced 

mRNA to predict future states of cells in terms of gene transcription over a time period. 

This concept is based on the principle that cells with higher relative abundance of 

unspliced RNA will undergo splicing over time and undergo degradation when they 

consist of lower abundance of unspliced RNA. This technique determines the rate of 

change of unspliced and spliced RNA over time to predict future cell states. In this study, 

a computational workflow leveraging a framework scVelo is developed to determine 

splicing dynamics in various cancer types. We introduce Single Nucleotide Variants 

(SNVs) observed in scRNA-seq datasets within the workflow to understand the 

correlation of presence of SNVs with splicing dynamics of different cells by visualizing 

cells consisting of these variants. Identifying SNVs that correlate with unexplained 

splicing dynamics will help us gain a deeper understanding of gene expression being 

impacted in various cancer cell types.  
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Chapter 1: Introduction 

 

1.1. RNA Velocity  

Single-cell RNA sequencing (scRNA-seq) technologies have revolutionized the study of 

gene expression at the cellular level. One of the most significant aspects of scRNA-seq is 

its ability to detect both intronic and exonic sequences (1). However, scRNA-seq captures 

gene expression at a specific time point, providing a static snapshot of the cell's 

transcriptional state. To overcome this limitation, RNA velocity has been developed as a 

computational method that leverages the relative abundance of spliced and unspliced 

reads from scRNA-seq datasets to predict the future state of a cell’s gene expression, 

trajectory, and the rates of splicing and degradation. The principle here is that cells 

consisting of higher proportions of unspliced RNA are predicted to undergo splicing and 

transcribe a gene due to their relatively high abundance, while cells consisting of 

unspliced mRNA in relatively lower abundance will undergo degradation. (2) 

 

Various scRNA-seq protocols such as SMART-seq2, inDrop, and 10x Genomics 

Chromium, have revealed that 15-20% of the reads consist of unspliced intronic 

sequences, a finding that has also been observed in bulk RNA-seq (3)(4). The abundance 

of these intronic and exonic sequences can be used to estimate the rates of gene 

transcription and degradation over a given time period. This information allows us to 

infer the rate of change of cell states and the direction of change in a transcriptome space.   
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RNA velocity quantifies the change in abundance of spliced and unspliced mRNA and 

represents it through a mathematical model. This model includes a steady state, which is 

defined as the condition where the rate of transcription remains constant over time and is 

represented in a time-space asymptotically. The steady state is represented by the 

following equations -  

𝑑𝑠

𝑑𝑡
=  𝛽𝑢 −  𝛾𝑠 (1) 

𝑑𝑢

𝑑𝑡
=  𝛼 −  𝛽𝑢 (2) 

 

 

This model represents RNA velocity which is solved by the framework for calculating 

RNA Velocity. The first equation represents the change in the abundance of spliced (s) 

mRNA over time which is represented by the product of rate of degradation (𝛾)  and the 

abundance of spliced mRNA (s) subtracted from the product of rate of splicing (𝛽) and 

the abundance of unspliced mRNA (u). The steady state relationship is represented by a 

fixed slope relationship which is given by –  

𝑢 =  𝛾𝑠 (3) 

This equation represents that when the abundance of unspliced mRNA is equal to the rate 

of degradation and spliced mRNA abundance, the gene is in a steady state. When the 

quantity of unspliced RNA is greater than the rate of degradation and spliced RNA 

abundance, the gene is being actively transcribed. This can be represented as –  

𝑢 >  𝛾𝑠 (4) 

The equation here represents the relationship between the abundance of unspliced RNA 

and rate of degradation with amount of spliced RNA. Similarly, when a gene is being 
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actively degraded, where the abundance of unspliced mRNA is less than the rate of 

degradation and spliced mRNA, the relationship can be represented as –  

𝑢 <  𝛾𝑠 (5) 

RNA velocity assesses the impact of increase or decrease in the abundance of pre-mRNA 

or mature mRNA. It assigns cells the different states that they are in based on the 

transcriptional dynamics of the gene which is derived based on gene splicing.  

The equations above describe the relationship between the rates of splicing and 

degradation and how they represent the overall abundance of spliced and unspliced RNA 

in a cell (5). By applying this mathematical model on scRNA-seq data derived from 

various samples, researchers can gain insights into the cellular dynamics and predict the 

future state of a cell based on its current transcriptional profile.  

 

1.2. RNA Velocity as a Computational Method 

RNA Velocity is a technique that assumes the above model to represent the relationship 

between unspliced mRNA and spliced mRNA to infer the splicing dynamics of different 

genes computationally in single-cell RNA-seq data. This model was solved through a 

computational framework called Velocyto, which is the pioneer framework to utilize 

RNA velocity for the purpose of studying cell-splicing dynamics. It utilizes the 

abundance of intronic and exonic sequences to predict the future state of gene 

transcription in individual cells. The utility of the framework was demonstrated by 

analyzing a dataset of mouse chromaffin cells, where RNA velocity was determined 

through Velocyto to capture the transcriptional dynamics of the individual cells as well as 

predict their future states and the overall direction of the differentiating cells. This dataset 



 4 

was sequenced using SMART-seq2 technique which has improved transcription, template 

switching and preamplification to increase both yield and length of cDNA libraries from 

individual cells. Chromaffin cells arise from Schwann cell precursors whose 

differentiation can be studied using RNA velocity (6). Velocyto was able to demonstrate 

the application of RNA velocity accurately by mapping the overall trajectory of the cells 

in a given transcriptome space towards the chromaffin state.  

 

Velocyto was also tested on a mouse hippocampus dataset where the transcriptional 

dynamics of neutrophil maturation in mouse bone marrow and light-induced neuronal 

activation mouse cortex was measured using inDrop protocol and hippocampus 

development through 10x Genomics Chromium technique (7). By implementing RNA 

velocity using Velocyto, the authors were able to predict the future cell states and reveal 

gene states – whether they were in an active state through splicing or in an inactive state 

through degradation. This was visualized on phase-portraits, where the cells are in an 

active state if they are present above the steady-state line in a graph. In addition, the t-

SNE maps can reveal the overall direction of various cell states along with the cell-type 

clusters. This allows us to understand the fate of different cells as they differentiate over 

time.  

 

Velocyto was also used to demonstrate the application of RNA velocity from human 

embryo cells. Droplet-based single-cell mRNA-seq of human forebrain was performed, 

which was focused on the glutamatergic neuronal lineage. A pattern was observed here as 

well, where RNA velocity mapped the origin in the cell from an initial proliferating state 
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which was the radial glia and proceeded through a sequence of neuroblast stages to 

mature differentiate glutamatergic transporter cells. This developmental pattern was 

validated using in situ hybridization which corresponded with the predicted gene 

expression from RNA velocity (8). Thus, these studies have demonstrated that RNA 

velocity is a viable and an accurate technique that can be utilized for the purpose of 

predicting cell differentiation, gene splicing dynamics and future cell states based on 

gene expression.  

 

1.3. Detection of Single Nucleotide Variants from scRNA-seq Samples 

Single Nucleotide Variants (SNVs) can be detected at the genome-wide scale from 

single-cell RNA sequencing (scRNA-seq) data, as well as through complementary 

methods such as bulk RNA sequencing (RNA-seq), chromatin immunoprecipitation 

sequencing (ChIP-seq), and whole genome sequencing (WGS). The identification of 

SNVs from scRNA-seq data enables researchers to investigate various aspects of cellular 

heterogeneity and gene regulation, including intra-tumoral heterogeneity, allelic 

expression, ploidy estimations, haplotype inference, and quantitative trait loci (QTL) 

analysis. (9) 

Accurate detection of genetic variants is crucial for understanding the relationship 

between genotypes and molecular-level phenotypes, such as gene expression patterns. 

The advent of scRNA-seq technologies allowed the function of genetic variants to be 

analyzed at the single-cell level, providing unprecedented insights into cell-to-cell 

variability and the impact of genetic variation on individual cells. Various workflows 

have been developed to facilitate the detection of SNVs from scRNA-seq datasets with 
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the goal of overcoming challenges associated with the data. This includes low sequencing 

depth, high level of technical noise and dropout events. To overcome these challenges, 

researchers have utilized workflows that integrate expression QTL studies with scRNA-

seq to characterize the function of genetic variants at the single-cell resolution. However, 

eQTL studies in conjunction of scRNA-seq requires genotype information from WGS 

data or genotype array. This is a still a challenging task due to the cost of sequencing as 

well as the small number of biological problems that require both genotype data and 

scRNA-seq data. Thus, there has been a focus on developing techniques to call SNVs 

from scRNA-seq data, as sequencing reads contain valuable SNV information. (10) 

 

One of the techniques that can call SNVs from other datasets is a tool called 

SCReadCounts. This workflow utilizes raw sequencing reads which consist of cell 

barcodes, barcoded scRNA-seq alignments and alleles of interest to provide the reference 

read counts, variant read counts and Variant Allele Frequency (VAF) counts. 

SCReadCounts estimates the read counts for each allele and for each cell. SCReadCounts 

was developed to leverage scRNA-seq samples which are publicly available in the 

Sequence Retrieval Archives (SRA) to identify SNVs that have the potential of causing 

different mutations in different cancer cells. This pipeline was implemented across 6 

different types of cancer across 28 different samples which resulted in the identification 

of over 200,000 SNVs. Over 70% of the SNVs identified from this pipeline were 

previously unreported SNVs. (11) 
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Chapter 2: Aim of the Study 

 

In this study, publicly available scRNA-seq datasets were utilized to leverage RNA 

velocity to solve transcriptional dynamics of different genes that are potentially involved 

in various cancer types. This was to identify how cell states are affected in different 

clusters and the different transitional states that the cells undergo when being analyzed. 

Furthermore, we wanted to identify whether SNVs have an impact on the splicing 

dynamics of the cells in different genes across these cancer types. This included 

integrating SNV data into the RNA velocity framework. The SNV data was generated in 

a tabular format consisting of Variant Allele Frequencies of the SNVs which were called 

from SCReadCounts to identify cells that consisted of SNVs that correlate with 

unexplained cell trajectories.  

 

There were four specific cancer types that were studied for this study to demonstrate the 

utility of RNA velocity to gain a deeper understanding into the impact of SNVs and 

splicing dynamics on cancer datasets.    

 

2.1. Prostate Cancer 

Prostate cancer is a largely incurable cancer type that affects males despite intensive 

therapeutic interventions. It is the type of tumor that is extremely heterogenetic at the 

cellular and genetic level. (12) The level of tumoral heterogeneity and lack of information 

on cell origins of prostate cancer makes it difficult to detect and identify biomarkers for 

this disease through bulk RNA-seq methods. Therefore, identification of novel 

biomarkers through utilizing scRNA-seq platforms is a promising approach towards 
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studying the heterogenous tumor environment and identifying novel biomarkers that play 

a potentially impactful role in the progression of cancer therapy. (13) 

 

2.2 Neuroblastoma 

Neuroblastoma is the most common solid tumor affecting pediatric patients and account 

for nearly 15% of childhood cancer mortalities. The cancer type is primarily observed in 

children of around the age of 2 years and they originate within the abdomen or the pelvis, 

with half of them occurring in the adrenal medulla (14). One of the challenges that 

remain with neuroblastoma is that the underlying developmental origin remains largely 

unknown. scRNA-seq methods have allowed for the detection of various cell types as 

well as the developmental trajectories within the cells. (15) 

 

2.3 Cholangiocarcinoma 

Cholangiocarcinoma is the second most common liver malignancy. These are diverse 

epithelial tumors which occur in the liver or from large bile ducts. Patients with advanced 

stages have a median survival rate of 2 years. While surgical treatment is an option for 

some of the patients, it remains limited only to patients in the early stages. The overall 

survival rate of patients with the disease is less than 10%. Due to the heterogeneous 

nature of the cancer, there are no molecular biomarkers that can be targeted, and most of 

the treatment options are limited to chemotherapeutic regimens or surgical resection. (16) 

Thus, scRNA-seq data derived for cholangiocarcinoma samples allow us to determine the 

genetic diversity of cholangiocarcinoma cells at a cellular level. (17) 
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2.4 Building Implementation of RNA Velocity  

RNA velocity as a computational method demonstrated its ability to track cell lineage, 

cell trajectories and changes in gene expression states over given period as well as predict 

future state of gene expression based on spliced and unspliced mRNA. This has been 

demonstrated with Velocyto package. However, other packages have been developed that 

are based on the model mentioned before for estimating RNA velocity. One of them is 

scVelo which overcomes two assumptions made by Velocyto which are -  

1. That the full splicing dynamics are captured during sequencing.  

2. All the genes have a constant splicing rate.  

However, these assumptions do not always hold true as a cell population can consist of 

heterogenous sub-populations which display different kinetics. This is defined by the 

authors as a steady-state model, which is utilized in Velocyto. scVelo is a likelihood-

based dynamical model to determine the transcriptional dynamics of individual genes. It 

utilizes an expectation-maximation framework to infer reaction rates of transcription, 

splicing, and degradation as well as assigning a laten time to the cell based on its gene 

transcription state which is based on the abundance of unspliced and spliced mRNA (18). 

This model has been tested by the authors on dentate gyrus neurogenesis dataset as well 

as pancreas endocrinogenesis, where the utility of the dynamical model has been 

observed to been accurately identified the transcriptional state as well as more consistent 

velocity estimates (19). Therefore, in this study, scVelo was chosen for the purpose of 

studying transcriptional dynamics of cancer cells across a variety of cancer samples. The 

goal was to implement a workflow that would allow aligned barcoded samples from 

scRNA-seq data along with cell cluster annotations to resulting in visualization of RNA 
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velocity and provide insights into cell splicing dynamics and velocity estimation on 

UMAPs. 

 

2.5. Integration of SNV Dataset into RNA Velocity 

SNVs identified from SCReadCounts are generated as tab-seperated files and consist of 

cell barcodes, position of SNVs, and their corresponding VAFs (11). The aim here was to 

integrate the data with the reads associated with the cells in which the SNVs were 

identified so that they could be visualized.  

 

2.6. Visualization and Identification of SNVs Impacting Splicing 

The integration of SNV data into the RNA velocity would be followed by visualizing the 

how the SNVs play a role in the splicing dynamics of various cells across different cancer 

samples. The cells consisting of SNVs were highlighted according to VAFs, thus leading 

to the identification of cells that consist of SNVs correlating with unexplained splicing 

dynamics in the cell.  
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Chapter 3: Materials and Methods 

 

3.1 Datasets for RNA Velocity 

Cancer datasets were obtained from the Sequence Read Archive (SRA), a publicly 

available database managed by the NIH and the largest repository of high-throughput 

sequencing data. These datasets were previously aligned and processed using Seurat for 

earlier studies and have been utilized in RNA velocity analyses. 

 

The workflow for scVelo, which calculates RNA velocity, requires BAM files, text files 

containing cell barcodes, and a reference genome file in GTF format, cell-cluster 

annotations, and loom files. The BAM files were generated using samtools from data 

extracted from the SRA. Since these files were aligned and preprocessed in prior studies 

by other lab members, no additional preprocessing was necessary for this analysis. These 

datasets have also been used previously for single-cell variant calling with 

SCReadCounts. RNA velocity is a computationally intensive process, and thus all 

analyses were carried out on a high-performance computer.  

 

BAM files are Binary Alignment Map files which are the binary representation of SAM 

files. It is compressed by the BGZF library. It can be sorted by coordinate to prevent 

redundant alignments into the memory. It is generated using samtools, which is a library 

for parsing SAM and BAM files. The advantage of using BAM files is that they are 

compact, thus take up less memory and allow for quick access for alignments. (20) 

 

3.2 Generation of Loom Files 
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Loom file is a file format which is commonly utilized to store and large-scale omics 

datasets which includes scRNA-seq datasets. They consist of various layers consisting of 

the main matrix with gene expression data, rows which correspond to each gene and 

columns which correspond to a single cell barcode. It has the option of adding additional 

layers which could include different kinds of metadata such as graph information, cell 

cluster annotations, position for genes, among other attributes.  (21) 

scVelo requires loom files for the calculation of RNA velocity which is generated from 

Velocyto. A shell script which requires BAM file, cell matrix file, and reference genome 

file which was used to generate the aligned BAM files is required for the generation of 

loom file. The file consists of the quantification of spliced mRNA and unspliced mRNA. 

This data is stored in a loom object which is then inputted into scVelo.  

 

3.3 Cell Cluster Annotations 

Cell clusters in the datasets used for RNA velocity analysis were annotated using Seurat, 

an open-source R package designed for preprocessing single-cell RNA sequencing 

(scRNA-seq) data. Seurat facilitates several key preprocessing steps: it conducts a quality 

control process to filter out cells with low-quality reads, performs clustering to group 

similar cells, identifies differentially expressed genes, and assigns cell type identities to 

each cluster (22).  For cell type identification, SingleR which is an open-source R 

package available on Bioconductor had been used along with Seurat to annotate the 

clusters. SingleR provides an unbiased approach to recognizing cell types from scRNA-

seq data. (23) These files had undergone preprocessing for prior studies by other lab 

members and were saved as RDS data format, which is a file format used to store R 
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objects efficiently. The RDS files were converted to loom files as well to integrate it with 

scVelo. A script using the R programming language was written in order convert the 

RDS file to loom file. (22) 

 

3.4. Implementation of scVelo 

scVelo is available for implementation as a Python package. This package has several 

dependencies which includes Scanpy, Pandas, Matplotlib, and Numpy (24) (25) (26). The 

input files for the script consists of a single loom object which contains several layers 

which includes the ratio of spliced and unspliced reads, cell cluster annotations, cell 

barcodes and gene names. For this study, the two loom files – 1. Consisting of spliced 

and unspliced reads, 2. Preprocessed loom files converted from RDS files consisting of 

cell-type annotations - were merged into a single loom object consisting of various layers 

essential for the calculation of RNA velocity. This step was followed by data 

normalization and preprocessing which is also a part of scVelo. However, since the files 

were already preprocessed through Seurat, this step was skipped in the main script and 

the gene-splicing dynamics were calculated for every gene. The package was set to 

dynamical mode which is available in scVelo to calculate the learned dynamics of each 

gene to visualize the cell splicing dynamics. Once gene splicing dynamics were 

calculated, the output of the analysis resulted in a UMAP consisting of Seurat Clusters 

along with cell-cluster type annotations and velocity embeddings displaying the overall 

direction of the cell clusters as well as Louvain graph displaying the velocity of each 

individual cells for a more detailed view. In addition, phase portrait graphs were also 

generated for each individual gene chosen based on the presence of SNVs in them. These 
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graphs display the gene expression, velocity of the gene in each cell as well as the 

splicing dynamics of the cells for that gene expression – which is whether the cell 

expressing the gene is in an active state by undergoing splicing, steady-state, or whether 

it is in an inactive state by undergoing degradation, and cells which deviated from those 

learned dynamics displaying unexplained kinetics defined in scVelo.  

 

3.5. Integration and Visualization of SNV Data in Conjunction RNA Velocity 

The implementation of a robust computational workflow for calculating RNA Velocity 

using scVelo was followed by the process of integrating the SNV data into the loom 

object from a tabular data file, which was the result of the output of SCReadCounts. This 

process of integrating the dataset into the loom file was performed using Pandas package 

in Python, and was integrated as an additional layer of the loom file. The integration of 

the SNV data was performed by intersecting the common cell barcodes which consisted 

of the SNVs, and those cells present in the initial loom object. The primary goal was to 

integrate the observed VAF of the SNVs into the loom object. The cells with VAFs are 

visualized according to the value of the VAF when analyzing the distribution of the 

SNVs across different cell clusters and when the splicing dynamics in different genes are 

being analyzed for a cancer cell. This allows us to understand the distribution of cells 

consisting of SNVs across the transcriptome space along with their dynamics. These 

visualizations provide an insight into the role that SNVs may have in splicing dynamics 

across the cells.  

VAF is an indicator of tumor heterogeneity. It is defined as the proportion of alleles at a 

given location on the genome consisting of a particular variant relative to the total 
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number alleles in the reference genome. It is a useful indicator in measurement of genetic 

variation and is also used for the estimation of mutation rates. It is represented by the 

following equation –  

𝑉𝐴𝐹𝑟𝑛𝑎 =
𝑛𝑉𝐴𝑅

𝑛𝑉𝐴𝑅 + 𝑛𝑅𝐸𝐹
 

Here, the 𝑛𝑉𝐴𝑅 represents the number of detected variants in a read and 𝑛𝑅𝐸𝐹 represents 

the number of variants in the reference. VAF is calculated between 0 and 1. (27)  
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Chapter 4: Results 

 

 

 

Figure 1 - Workflow implemented to visualize RNA velocity using scVelo 

The workflow consisted of running Velocyto as a shell script on the Linux server, for 

which it was optimized. Running this script resulted in loom files consisting of spliced 

and unspliced counts. The time taken to generate loom files from the input files was 

between 6-9 hours, depending on the size of the sample.  

Seurat objects were converted through an R script which was developed through 

importing Seurat and loomR package. The output of the script resulted in the loom file 

consisting of cell cluster annotations as well as preprocessed datasets.  

The implementation for scVelo was written into a python script where the data 

processing takes place in seven steps. These steps consist of -   

1. Importing required packages 

scVelo relies on various dependencies, in addition to packages need specifically 

for this study. This included pandas, numpy, scanpy, matplotlib, igrpah.  

2. Importing loom files for analysis 



 17 

This step involved importing the two loom objects into the script for analysis. The 

data columns were edited to match with the format in both the datasets to ensure 

that they can be merged in the next step.  

3. Merging of the loom objects 

The datasets are merged into a unified object to ensure that only the cells included 

in the Seurat preprocessing are included in the unified loom objects. The loom 

objects consist of various layers from both Seurat and Velocyto.  

4. Calculation of RNA velocity 

The parameters for calculating RNA velocity and plotting the images are set 

according to the parameters specified f Seurat clustering and preprocessing. Since 

data is already normalized and the genes are filtered, scVelo skips this step to 

calculate UMAP and calculate velocity embeddings. RNA velocity is set to 

dynamical mode, while all the other parameters are left to default parameters. 

This process took 5-25 minutes, which depends on the size of the sample being 

analyzed.  

5. Determine Driver Genes 

Genes displaying the most active splicing dynamics are ranked according to the 

maximum likelihood method. These genes according to scVelo are identified as 

putative driver genes.  

6. Plotting of Images 

Plots with velocity embeddings, UMAPs displaying overall velocities, phase 

portraits, and Louvain graph displaying direction and speed of each cell in each 

transcriptome space are generated and saved to specific folders.  
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4.1. Projection of Overall RNA Velocities Across Cell Clusters 

4.1.2. Prostate Cancer 

 

Figure 2 – Prostate cancer clusters with velocity embeddings in SAMN16086829 

 

Figure 3  - Prostate cancer clusters with velocity embeddings  in SAMN16086830 
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Two samples from prostate cancer were analyzed for this analysis – with the accession 

numbers SAMN16086829 and SAMN16086830 derived from SRA. The samples were 

sequenced on the 10XGenomics platform, and the cells were derived from cancer 

patients. (13) 

In the sample SAMN16086829, it can be observed that there are 5 cell clusters which are 

Epithelial cells, Endothelial cells, Fibroblasts, Monocytes and CD8+ cells. The arrows in 

the cell clusters indicate the overall direction of the cells and the length of the arrows 

correspond with the rate at which their cell-states are changing and the direction of the 

cell-states in the given transcriptome space over latent time. It can be observed that 

endothelial cells are moving towards an overall direction towards the center of the 

clusters, and they show active splicing and degradation state before reaching an endpoint. 

Endothelial cells are relatively stable and do not show any splicing dynamics, indicating 

they are most likely in a steady state. 

In the sample SAMN16086830, it can be observed epithelial cells are undergoing 

activation and degradation, with the overall direction of the cells in towards the upper 

part of the cluster where they are being actively spliced. In this sample, Adipocytes are 

also observed where some of the cells are not in a steady state, whereas some other cells 

have trajectories in the direction of Fibroblasts. In both the samples, Monocytes and 

CD8+ T cells are in a steady state, and their trajectories seem to be stable. We can 

observe from both the samples the cell clusters display similarities in their trajectories 

and their rate of movement from one state to another.  

 

4.1.2. Neuroblastoma 
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Figure 4 - Neuroblastoma clusters with velocity embeddings from SAMN15453964 

 

Figure 5 - Neuroblastoma clusters with velocity embeddings from SAMN12799274 
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Figure 6  - Neuroblastoma clusters with velocity embeddings from SAMN12799270 

 

Figure 7 - Neuroblastoma clusters with velocity embeddings from SAMN1279975 
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Neuroblastoma samples were also processed through the workflow developed – which 

consisted of running two samples from neuroblastoma. The neuroblastoma sample on the 

left with accession number SAMN15453964 resulted in the following cell clusters 

identified from Seurat – Monocytes, Melanocytes, Adipocytes, and Fibroblasts. It can be 

observed from these samples that the Fibroblasts in this clusters consist of cells with cell-

states showing active transition moving in the direction the steady-state cells. It can 

further be observed that about half of the fibroblast cells are in a steady state, that is they 

do not show any active cell splicing dynamics as compared to other cells in the same 

cluster. Some of the monocytes can be observed to display the trajectories towards 

Melanocytes, whereas other cells in the clusters can be observed to show trajectories in 

other directions in the transcriptome space. Neurons in the sample are observed to be in a 

steady state, showing little transition to other states.  

In the neuroblastoma sample with accession number SAMN12799274, we can observe 

slightly different splicing dynamics being displayed by cells. The number of Neurons that 

are in a transitional state appear to be greater than that of the other samples, and are 

transitioning to different directions, with some of the cells being within the same clusters. 

Some of the fibroblast cells can be observed to be transitioning towards Endothelial cells 

as well.  

In figure 7, in the sample with accession number SAMN12799270 we can observe the 

trajectory of Monocytes towards CD8+ cells, and some of the CD8+ cells which are 

moving transitioning to the steady state within the cluster. Various transitional states of 

the cells can be noticed in case of the sample with accession number SAMN1279975.  
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4.1.3. Cholangiocarcinoma 

 

Figure 8 – Cholangiocarcinoma clusters with velocity embeddings in from SAMN13012145 

 

 
Figure 9 - Cholangiocarcinoma clusters with velocity embeddings from SAMN13012146 

 

Cholangiocarcinoma dataset was processed through the workflow developed to obtain the 

RNA velocity plot for a cholangiocarcinoma sample. The sample was under the accession 
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number SAMN13012145 in the SRA database. It can be observed that this sample 

consists of Keratinocytes, Epithelial cells, Fibroblasts, Adipocytes and Monocytes as 

identified clustered by Seurat and identified by SingleR. One of the major observations 

that can be made from the UMAP for the cholangiocarcinoma dataset here is that some of 

the epithelial cells can be observed transitioning towards keratinocytes, while some of 

them transition towards the steady state within the cell cluster itself.  

In figure 9, for the Cholangiocarcinoma dataset with the accession number 

SAMN13012146, most epithelial cells are observed to be in a steady state, with some 

cells showing active splicing and transitioning to a different state within the cluster itself. 

However, it can be observed that monocytes show a trajectory towards a specific state of 

the cluster and showing active splicing dynamics as compared to the sample in figure 8.  

 

4.2. Integration of RNA Velocity Workflow with SNV Data 

The SNV data generated from SCReadCounts was integrated into the loom object being 

used by scVelo with the help of the Pandas. The goal of integrating the SNVs was to 

highlight and visualize the cells consisting of the SNVs of interest and which would have 

shown a significant impact on splicing dynamics of different cells in different cancer 

types. They were highlighted according to the VAF which lies between 0 and 1. Cells 

consisting of SNV with VAF <0.75 were considered to have high VAF and those with 

VAF >0.5 were considered to have low VAF. Different SNVs were merged into the data 

object and visualized on UMAP, and phase portrait generated through scVelo for various 

cancer datasets. This can be seen in figure 1.  
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4.3. Impact of SNVs on Splicing Dynamics in Cancer Samples 

More than 200,000 SNVs were detected from SCReadCounts across 28 different samples 

from six types of cancer. The majority of these SNVs were previously unreported SNVs. 

Therefore, the selection of SNVs for the purpose of understanding their role was 

primarily through selecting genes that were classified as putative driver genes by scVelo, 

as well as the number of cells that consisted of those SNVs in those genes and genes 

classified through literature playing an essential role in the cancer types (28). SNVs from 

germline and somatic cells were selected across different cancer samples to visualize the 

SNVs with a focus on high VAF – and their correlation of abnormal splicing dynamics 

and impact on RNA velocity on cells that contain the SNVs.  

 

 

Figure 10 -Distribution of SNVs in SYNE2 in Cholangiocarcinoma 
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Figure 11 - Phase portrait displaying SNVs in conjunction with splicing dynamics, velocity of each cell, gene 

expression level respectively 

 

Figure 10 is a Louvain graph displaying the direction of individual cells in different 

clusters in cholangiocarcinoma from the sample SAMN13012145. The VAF of the SNV 

is highlighted from 0 to 1, with 1 being the highest. Only cells which have SNVs detected 

in them are shown in the graph. It can be observed that most of the cells with a high VAF 

are observed in the epithelial cells and keratinocytes, with a few cells in other clusters as 

well. They consist of most cells in the cluster. In figure 11, the phase portrait shows the 

distribution of the cells according to the abundance of unspliced and spliced reads. The 

curved solid line represents the learned dynamics of the cells, which follow the splicing 

and degradation path when gene is being transcribed and when the gene is being 

degraded.  Cells above the dashed straight line representing the steady state are being 

actively transcribed, while cells falling below it have the gene in inactive state. The cells 

here are highlighted according to the VAFs, from 0 to 1. It can be observed that most 

cells which deviate from the learned dynamics of the cell consist of high VAF. In 

addition, almost all cells that consist of very low abundance of unspliced mRNA consist 
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of high VAF and deviate significantly from the learned dynamics for this gene in the 

sample. Thus, the presence of the SNV may be the cause of impact on the rate of splicing 

for this gene, where it correlates inversely with active transcription of SYNE2.  

 

Figure 12 - Distribution of SNVs in ATE1 in Cholangiocarcinoma 

 

 

Figure 13 - Phase portrait displaying SNVs in conjunction with splicing dynamics, velocity of each cell, gene 

expression level respectively at position at 10:121913824 
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In figure 12, the distribution for SNV in ATE1 for the cholangiocarcinoma sample can be 

observed. It can be observed that the cells consisting of the VAFs are distributed 

uniformly across all the clusters. However, upon observing the phase portrait in figure 12, 

it can be observed that the cells consisting of high VAFs in ATE1 have a slower rate of 

degradation and are closer to the predicted steady state. The SNV in this gene results in a 

synonymous mutation, where the base pair T is substituted by C.  

 

 

Figure 14 - Distribution of cells with SNVs in CALD1 in Prostate Cancer 
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Figure 15 - Splicing dynamics of CALD1 for SNV at position 7:134922220 

 

 

 

In figure 14, the distribution the cells with SNVs in gene CALD1 can be observed. This 

is observed in the prostate cancer sample with the accession number SAMN16086830. It 

can be observed that the cells which consisting of moderate VAF levels are present 

uniformly in one of the clusters. In addition, few cells with active splicing dynamics can 

be seen expressing high VAF, however, most cells regardless of their trajectories consist 

of VAFs that are low. In figure 15, the phase portrait shows a high concentration of cells 

with VAF around 0.5 that have a high abundance of unspliced mRNA and are actively 

undergoing splicing for the gene. However, few cells with high VAF can be observed to 

be closer to the steady state, and some of them following the learned dynamics predicted 

by scVelo.    
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Figure 16 - Distribution of SNVs at X:23683687 in PRDX4 gene 

 

  

 

Figure 17 - Phase-portrait showing splicing dynamics and gene expression of PRDX4 

In figure 16, it can be observed that cells expressing the SNV at X:23683687 have a low 

VAF. In addition, in figure 17, the cells do not consist of any learned dynamics, and RNA 

velocity for these cells is unknown. This is because scVelo classifies PRDX4 gene as a 

low-likelihood gene, and therefore it predicts that it does not impact the cellular dynamics 
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in the dataset. We can also observe that the lack of impact on cellular dynamics is 

correlated with low VAF as well, which may indicate that the presence of the SNV in this 

position does not have an impact splicing dynamics of the cell.  
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Chapter 5: Discussion and Future Directions 

 

Implementing RNA velocity through scVelo gives us an insight into the various cell 

states in cancer samples sequenced through various protocols. They reveal a dynamic 

landscape within various tumors, as well as tumor heterogeneity in the same cancer type 

with different samples. In figure 2 from the prostate cancer sample, we can observe that 

epithelial cells show active splicing dynamics with trajectories towards a specific position 

in the transcriptome space, where some cells are undergoing splicing, and others are 

undergoing degradation. The UMAPs with the embeddings reveal the overall general 

landscape of the various states that a cell goes through. This provides an insight into the 

various inferred future direction of the cells. scVelo has the option of ranking genes using 

the likelihood method that drive these cellular dynamics. It ranks genes in each identified 

cluster according to the likelihood that it influences the velocity of the cells and are 

labelled as putative driver genes based on the learned dynamics from the expectation 

maximization and maximum-likelihood model. These genes, however, do not capture the 

unexplained dynamics of some cells. In phase-portraits in the figures above, it can be 

observed that many cells are present outside the solid curved line that represent the 

learned dynamics of the cells, while many of the cells follow this curve. The cells which 

fall outside the curve are classified by scVelo to be cells display unexplained dynamics. 

We attempt to show that these cells displaying unexplained dynamics may be influenced 

by the presence of SNVs in various chromosomes across different genes which influence 

the process of splicing and degradation. It can be observed in the figures that the cells 

with high VAFs correlate with the unexplained dynamics, where the rate of degradation 
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is lower than the learned rate of degradation as seen with gene ATE1 in the 

cholangiocarcinoma sample.  

 

5.1. Impact of Genes 

Integration of SNVs and their visualization by VAF along with RNA velocity revealed 

previously unreported insights in cancer cells. In the figure displaying the splicing 

dynamics of SYNE2 in cholangiocarcinoma sample, we observe that the SNV results in a 

mutation that impacts the cell degradation for the gene. The SNV visualized in the 

chromosome position 14:64052737 is an SNV in a germline cell that results in a missense 

mutation (28). It has been observed to have affected 114 cells in the sample. SYNE2 has 

been observed in other carcinomas through clinical studies such as ovarian cancer, breast 

cancer and in hepatocellular carcinoma. The gene encodes for the nesprin-2 protein. (16) 

Thus, further investigation of the gene may reveal greater insights into the functioning of 

the gene in cholangiocarcinoma.  

 

Another SNV in the gene ATE1 in the position 10:121913824 resulted in a synonymous 

mutation case of the cholangiocarcinoma dataset. The cells consisting of this SNV with 

high VAF were consistent with their rate of degradation slowing down. The gene has 

been observed to be expressed as a fusion gene with FGFR2 in cholangiocarcinoma 

patients through fluorescence in-situ hybridization and RNA sequencing (29). Therefore, 

the gene has the potential to be investigated further to understand the impact of the SNV. 

ATE1 gene encodes for Arginyltransferase and has been observed to play crucial roles in 

various functions which include cardiovascular development, muscle contraction, and 
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angiogenesis. It has been observed to play an essential role in growth and malignancy of 

liver cancer. Downregulation of this gene has been aggressive tumor growth and has also 

been observed as a poor prognostic factor for survival rate among patients (30). The gene 

can be further investigated in cholangiocarcinoma to understand if a similar correlation 

can be observed, and whether the expression of the SNV is implicated.  

 

In prostate cancer, expression of SNV at position 7:134922220 in CALD1 gene results in 

a missense mutation. Cells with high VAF correlated with them being in an immature 

state – i.e. they consist of VAF in high proportions. CALD1 has been observed to one of 

the genes associatioed with prostate cancer. CALD1 is an actin cytoskeleton regulating 

gene and encodes for a protein called Caldesmon. The expression of this protein has been 

reported to increase with upregulation of glucocorticoid receptors and regulates 

metastasis in certain types of prostate cancer. (31) 

 

5.2. Future Directions 

The integration of the SNVs with RNA velocity analysis is a promising approach towards 

gaining a deeper understanding on how gene transcription is impacted by their presence. 

However, there are various challenges that need to be overcome. One of the challenges is 

that there are over 200,000 SNVs that have been observed across various cancer types in 

different datasets. Most of these SNVs have been previously unreported. Therefore, a 

systematic approach needs to be developed in order to understand the role of SNVs in 

cancer cells by distinguishing between SNVs reported from germline and somatic cells, 

and mutations that they result in such as missense, synonymous, etc. Furthermore, the 
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presence of SNVs does not imply that it plays a role in cancer cells. Cells with low VAF 

less than 0.5 are observed in large numbers. These SNVs are therefore most likely to be 

random and their presence does not have a functional impact on the cells. It can be 

observed from the above figures, that some SNVs are uniformly distributed across all the 

cell clusters in significant numbers. Thus, SNVs with functional impact on splicing 

dynamics in one cluster need to be identified in order to help outline correlations between 

the presence of these SNVs and impact on cellular dynamics. Additionally, there are 

various frameworks other than scVelo for the calculation of RNA velocity. scVelo makes 

certain assumptions when RNA velocity is being determined which is that that the cells 

go through a cyclic trajectory when undergoing transcription. This is because cells 

undergo various complex differentiation trajectories and kinetics. Thus, integrating SNV 

analysis with RNA velocity workflows using different frameworks will allow for more 

consistent results and understand if SNVs that correlate with certain splicing dynamics do 

so across all the frameworks. Some of the other frameworks that utilize RNA velocity are 

VeloVI, cellDancer, and DeepVelo.  

VeloVI is a framework that that utilizes a deep generative model for estimation of RNA 

velocity. It learns gene specific dynamical model for RNA metabolism which allows it to 

improve the goodness of fit, as well as a more stable pipeline (32). cellDancer is another 

framework that can be utilized for the purpose of determining RNA velocity. This 

framework utilizes a scalable deep neural network to infer velocity for each cell and 

provides velocity kinetics at single-cell resolution (33). DeepVelo a framework that 

utilizes graph convolutional networks to calculate RNA velocity (34). Therefore, 

frameworks that utilize different models and algorithms for the purpose of modelling 
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transcriptional dynamics of cells can be employed for understanding how SNV 

expression correlates with gene splicing.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 37 

Chapter 6: Conclusion 

 

In this study, we implemented a robust computational workflow to implement RNA 

velocity on a variety of scRNA-seq datasets from a variety of cancer samples and 

demonstrated its utility by analyzing scRNA-seq datasets. Here, we introduced the idea of 

studying SNVs present in different cells to be studied in conjunction with RNA velocity. 

This has allowed us to gain an insight on how cell splicing dynamics are impacted in 

cancer cells. Furthermore, analyzing SNVs with RNA velocity is a promising approach 

towards understanding how expression of SNVs impacts the transcriptional dynamics in 

individual cells. The identification of SNVs correlating with specific transcriptional 

trends can reveal the role it plays on impacting splicing in different cell types. Thus, this 

workflow can be utilized on various scRNA-seq datasets to identify SNVs playing a role 

in cancer progression due to their impact on splicing dynamics.  
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