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Abstract
All tumors are characterized by intratumor heterogeneity at varying degrees. Cancer stem cells
have been put forward to be an essential element that promotes heterogeneity. Myxoid
liposarcoma, which is a lipogenic cancer that develops in deep soft connective tissues, is
characterized by intermediate intratumor heterogeneity. Despite recent therapeutic advances,
the post-treatment recurrence rate remains relatively high. Identifying sub-populations of
myxoid liposarcoma tumors can help in characterizing their molecular signatures and
tumorigenic capabilities leading to developing better therapeutics. Single-cell transcriptomic
approaches can highlight deviations in gene expression patterns among different subpopulations within the tumor. In this study, a multi-algorithmic pipeline was developed to make
a fast, simple and efficient process for characterizing cellular sub-populations of cancer cells and
gain insight about the molecular signature of the cancer stem sub-population. This pipeline
consists of four successive steps, read counts’ pre-processing, cellular clustering and pseudotemporal ordering, defining differential expressed genes and defining biomarker genes. The
results showed a harmonic integration between the algorithms that constitute the backbone of
the proposed pipeline leading to a reduction in the limitations of some of these algorithms. The
outcome of this study is a panel of 33 genes nominated as possible biomarkers for stemness and
aggressiveness. To optimize and validate these biomarker candidates, further investigations are
required. Moreover, additional functional coupling analysis is necessary to nominate biomarkers
for each of the sub-populations based on the defined differential expressed genes.
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Introduction
Background
All tumors are characterized by cellular heterogeneity at varying degrees (Marusyk and Polyak,
2010; Diaz-Cano, 2012). Cellular heterogeneity has been reported across different geographical
regions within tumors and referred to as intratumor heterogeneity (Tellez-Gabriel et al., 2016).
Intratumor heterogeneity is the diversity in the morphological, genotypic and phenotypic
profiles of the cells that constitute the bulk of the tumor. This type of heterogeneity emerges
due to the interaction of genetic, epigenetic and micro-environmental factors (Tellez-Gabriel et
al., 2016). A growing body of evidence highlights the involvement of cancer stem cells (CSCs) in
promoting intratumor heterogeneity (Sun and Yu, 2015). CSCs form a small population of cells
that are capable of self-renewing and initiating various cell types found in the tumor bulk (Tan et
al., 2006; Wicha et al., 2006). Furthermore, CSCs have an essential role in metastasis and therapy
resistance (Mani et al., 2008; Oravecz-Wilson et al., 2009). Treating tumors without considering
CSCs can be comparable to the process of clearing out farms from dandelions by harvesting the
upper-ground aerial components of dandelions remaining the roots in the ground (Jones and
Matsui, 2007). Subsequently the weed grows and spreads again. These findings opened a new
horizon for cancer therapy based on defining and eliminating CSCs (Meacham and Morrison,
2013). The spectral degrees of intratumor heterogeneity are dependent on the cancer type and
grade (Sun and Yu, 2015). Most soft tissue sarcomas, including osteosarcoma and angiosarcoma
are characterized by high intratumor heterogeneity (Thomas et al., 2014; Morrow and Khanna,
2015). Myxoid liposarcoma (MLS), which is a lipogenic cancer develops in deep soft connective
tissues at the fibrous envelope of the limbs’ muscles, is characterized by intermediate
intratumor heterogeneity (Loubignac et al., 2009; Nishida et al., 2010). Most MLS tumors arise in
the thigh (figure 1). From a clinical point of view, the most common used therapy for treating
MLS tumors is a combination of resection and radiation. However, the post-treatment
recurrence rate remains relatively high (Dürr et al., 2018). For that reason, identifying subpopulations of MLS tumors can help in characterizing their molecular signatures and tumorigenic
capabilities. Traditional methods, including fluorescence-activated cell sorting (FACS), spheroids
assay and flow cytometry are not able to precisely detect CSCs. (Britton et al., 2011). On the
other hand, genomic analysis approaches provide deep intuitive understanding of the mosaic
architecture of the tumor from genetic aspects. Most studies conducted so far on CSCs have
examined larger populations of cells but without considering the issue of mixed cellular subpopulations (Navin et al., 2011). Single-cell transcriptomic approaches can highlight deviations in
gene expression patterns at high resolution among different sub-populations (Ståhlberg et al.,
2011). Furthermore, the cell-to-cell heterogeneity can have a comprehensive involvement in
cancer progression and recurrence. One aggressive single cancer cell, surviving from therapy, can
give rise to a new sub-population of resistant malignant cells. Moreover, single-cell RNA
sequencing (scRNA-seq) provides a reliable high-throughput platform to detect the unique
molecular signature of each cell and find patterns of transcriptional profiles at single-cell level
(Chiu et al., 2014). This can lead to clusters of cells with similar expression patterns (figure 2).
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Figure 1: Tumors of soft connective tissue. (a) Types of sarcoma. (b) The
common sites where liposarcoma can develop. (c) The most common site
where MLS can develop.

Several studies have proved the capability of single-cell analysis in detecting sub-populations of
MLS cells. Many single-cell analyses were dependent on principal component analysis (PCA)
implemented over gene expression values obtained by real-time PCR in single-cells (Ståhlberg et
al., 2011; Dolatabadi et al., 2017). The major drawback of such analyses is the limitation in the
number of examined genes, where only a panel of some selective transcripts can be profiled. On
the other hand, the high-throughput transcriptomic profiling enables insights into the underlying
molecular mechanisms of tumor initiation and progression at single-cell level through single-cell
RNA sequencing (scRNA-seq). Several algorithms have been developed to handle scRNA-seq
data. Most of these algorithms have a certain function. For example, GRM and SAMstrt were
developed to normalize the scRNA-seq read counts (Katayama et al., 2013; Ding et al., 2015).
Model-based analysis of single-cell transcriptomics (MAST) and single-cell differential expression
analysis (SCDE) were developed to handle differential analysis at single-cell level (Kharchenko et
al., 2014; Finak et al., 2015). Although MAST was design to overcome the limitation of two-class
comparisons of SCDE, the computational efficiency of SCDE remains higher than MAST (Jaakkola
et al., 2016). Some algorithms can contend with multiple single-cell analysis tasks. For example,
rare cell type identification (RaceID) and GiniClust were developed for cellular sub-population
identification after normalization and gene selection processes (Grün et al., 2015; Jiang et al.,
2016). Both RaceID and GiniClust are highly sensitive to rare sub-population detection. However,
GiniClust is not effective for large sub-populations detection (Jiang et al., 2016). Monocle and
tools for single-cell analysis (TSCAN) were developed to generate a pseudo-temporal cellular
ordering (Trapnell et al., 2014; Ji and Ji 2016). Both algorithms order cells based on minimum
spanning tree. However, Monocle’s minimum spanning tree is assembled to link individual cells
not clusters leading to a complex and unstable tree causing the cell ordering to be irrelevant
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from biological point of view. Bayesian analysis of single-cell sequencing data (BASiCS) and
Brennecke et al. technical noise gene filtration were developed to identify highly variable genes
based on a set of external RNA controls consortium (ERCC) spike-ins (Brennecke et al., 2013;
Vallejos et al., 2015). The mechanism of both algorithms is very similar, but they differ in the
normalization method applied during the pre-processing. Brennecke et al. technical noise
normalizes the read counts using the median normalization method, which is the same method
applied by RaceID. To date, no single algorithm can perform all the single-cell analysis tasks
optimally. For that reason, combining several algorithms can lead to better characterization of
the studied cells. The outcome can be used for further application, such as drug screenings. A
recent study conducted a high-throughput drug screen on three different MLS cell-lines (De
Graaff et al., 2017). The selected drugs were picked depending on their potential clinical
applicability. Such high-throughput drug screens would be more precise if they were based on a
list of nominated biomarker genes resulted from a comprehensive gene expression analysis
between sub-populations with different drug resistance degrees (Strimbu and Tavel, 2010).
There are several bioinformatic approaches that can lead to stable selection of biomarkers. The
first approach is the identification of a phenotype-associated pathway based on differentially
expressed genes (DEGs). Another approach is the identification of the genes association network
structure based on DEGs and their protein-protein interaction networks (Chuang et al., 2007; Jin
et al., 2008). These network biomarkers can highlight some hub genes, which are highly
connected genes. These hub genes are selected based on gene connection degrees in the gene
co-expression network and they are anticipated to have an essential role in a biological
mechanism (Bi et al., 2015; Das et al., 2017). A key component of biomarker discovery is
supervised machine learning techniques (Swan et al., 2013). Several promising biomarkers were
nominated using decision tree classification tools based on gene expressions (Tung et al., 2013).

Figure 2: The heterogeneity of gene expression. (a) The total number of transcripts
for each gene at a population level. (b) The total number of transcripts for each gene
at sub-population level for the same population as (a) but based on single-cell
transcriptomic analysis. Adapted from Dolatabadi et al. (2017).
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The NGS revolution and the increment of the amount of data generated by single-cell NGS
technologies impose a serious need for integrating statistical methods with several bioinformatic
tools in pipelines. Such pipelines can be made up of a panel of successive processing steps of
scripts and algorithms that aim to transfer raw data into accountable outcomes. The efficiency of
the pipeline outcomes is highly dependent on the data pre-processing stage, where raw data will
be subjected to formation, normalization and gene filtration leading to focused clustering
analysis (L’Yi et al., 2015). Furthermore, the quality of the clustering results is dependent on the
applied clustering algorithms and their parameters. For that reason, validating the clusters
statistically and in the biological context is a must. Efficient pipelines are recommended to be
proposed with a guideline, including configuration profiles, reference databases and prescribed
analytical steps (Siegwald et al., 2015).

Aim
The principal aim of this master thesis project is to gain insights about tumor heterogeneity by
developing a multi-algorithmic pipeline to make a fast, simple and efficient process of
characterizing cellular sub-population of MLS cells and defining potential biomarkers for
stemness and aggressiveness. These biomarkers can be potential candidate targets for systemic
therapy of MLS. The ultimate aim of this project is broken down into two objectives. The first
objective is to optimally select tools to constitute the backbone algorithms for the desired multialgorithmic pipeline. Together these tools should be able to establish a comprehensive
normalized scRNA-seq dataset, define clusters and DEGs, and order cells based on differentiation
degree. The second objective is to define potential biomarkers by integrating several
bioinformatic tools, including machine learning, networking analysis and annotation enrichment
analysis tools.

Materials and Methods
Dataset
The data analysis was carried out over a dataset of scRNA-seq of myxoid liposarcoma cells
belonging to MLS 1765-92 cell-line. This dataset includes 96 cells stained with a fluorescent DNA
marker, Vybrant DyeCycle violet dye, and sorted according to cell cycle phases G0/G1, S, and
G2/M using FACS. The outcome of the quality control assessment (Figure 3) suggested excluding
two G1 cells due to the abnormal expressing of housekeeping genes, including Gapdh and Actb.

Figure 3: Description of the MLS dataset. (a) The samples passed the
quality control assessment. (b) The phases of the cell-cycle.
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Data analysis
All the analyses were carried out in the statistical programming language R and complemented
with bioinformatic tools, including STRING, GSEA and FunCoup (Subramanian et al., 2005; Jensen
et al., 2009; R Core Team, 2013; Schmitt et al., 2014). The multi-algorithmic pipeline, as
described in detail below, consists of four successive steps, each of which contains several substeps.
1. Data pre-processing
Prior to applying data analysis methods, it is standard to pre-process the raw read counts
resulted from the sequencing. This raw dataset includes only the samples that passed the quality
control assessment (figure 4a). The pre-processing consists of four successive steps: formatting,
normalization, transformation and gene filtration.
1.1 Dataset formatting

The dataset was formatted in a data frame with 94 columns and 59838 rows, where each
column refers to a sample and each row refers to a gene. The last 94 rows refer to external RNA
controls consortium (ERCC) spike-ins. This dataset was called “MLS.Original.Dataset” and used to
filter genes. Another dataset was created by removing the ERCC spike-ins from the
“MLS.Original.Dataset”. This dataset was called “MLS.Raw.Dataset” and used in the subsequent
pre-processing step. In both datasets, the first row shows the name of the samples. Samples
were given short informative names that identify the sample number and cell-cycle phase (G1 -S
- G2). Then, samples were ordered based on the given names starting with “G1-1” cells and
ending with “G2-32”. The first column shows the ENSEMBL gene names, which are the
sequencing gene names.
1.2 Normalization of read counts

To account for RNA composition and sequencing depth among samples (single-cells), the
normalization method “median of ratios” was used. This method takes the ratio of the gene
instantaneous median to the total counts for all genes in that cell (column median). The gene
instantaneous median is the product of multiplying the median of the total counts across all cells
(row median) with the read of the target gene in each cell. This normalization method makes it
possible to compare the normalized counts for each gene equally between samples (Risso et al.,
2011). The normalization method median of ratios was done by implementing the preprocessing function in RaceID algorithm. RaceID stores the normalized read counts in a slot
called “sc@ndata”.
1.3 Transformation of read counts

In the literature, it is common that scRNA-seq read counts are presented in log scale, since
scRNA-seq data usually shows typical skewness (Yip et al., 2017). Transforming scRNA-Seq data,
which resembles a normal distribution, is required for some of the downstream analyses, such as
PCA that assumes normality (Balsera et al., 1996). Furthermore, transforming the data can
improve the performance of the analysis throughout the pipeline, except for the differential
analysis (Zwiener et al., 2014). For instance, the parametric k-means algorithm, which assumes
normality in the dataset, performs superiorly comparing to the nonparametric k-means (Tarpey,
2007). In this project, the dataset was subjected to log transformation, which minimized the
5

extreme values leading to better clusters and gene expression visualization. Prior to performing
data transformation, a pseudo value of 0.1 was added to all the normalized reads to avoid taking
the logarithm of zero, which is infinite. The normalized read counts stored in sc@ndata were
subjected to log transformation using R core function “log2()”. The transformed normalized read
counts were stored back in sc@ndata.
1.4 Filtering of genes

Selection of relevant genes for cellular clustering is an essential task in most gene expression
studies. The key idea in filtering genes is to appoint the genes that manifest abundant variation
across samples. Filtering genes is a critical step due to its dramatic impact on the downstream
analysis. Genes with very low counts across all samples interfere with some of the statistical
approximations performed in the downstream analysis in the pipeline. For that reason, these
genes should be filtered out. However, it is critical to account for moderately expressed genes
across all samples in data analysis. And this is because filtering them out might negatively affect
the accuracy of the clustering due to neglecting some genes with crucial biological role (Sha et
al., 2015). In this project, genes were filtered based on variability in comparison to a noise level
estimated from the ERCC spike-ins according to an algorithm developed by Brennecke et al
(Brennecke et al., 2013). This algorithm utilizes the dependence of technical noise on the
average read count and fits a model to the ERCC spike-ins. Firstly, the size factor of each cell,
which is the median of the ratios that were obtained by dividing column by the geometric means
of all the rows, was computed by applying the “estimateSizeFactorsForMatrix()” function from
the DESeq package (Anders and Huber, 2010). Secondly, columns were divided by size factors for
normalizing purposes and all the ERCCs that have an expression below the expression of the low
expressed genes were not used for the fitting. Thirdly, the generalized linear model was used to
fit the technical noise strength on read counts and based on the valid ERCCs by performing the
"glmgam.fit()" function from the statmod package (Smyth, 2012). All genes with squared
coefficient of variation above the noise level were selected for further analyses and called the
selected genes. The names of these 5326 selected genes were used to extract the transformed
normalized read counts from sc@ndata. The transformed normalized read counts of the
selected genes were stored in a slot called “sc@fdata”. For defining differentially expressed
genes (DEGs), the names of the selected genes were used to extract the raw read counts of
these genes from “MLS.Raw.Dataset” and stored in “MLS.Raw.Filtered.Read.Counts.R”.
2. Cell clustering and pseudo-time ordering
2.1 Defining sub-populations

Rare cell type Identification algorithm (RaceID) was used to cluster the pre-processed data using
k-means on a similarity distance matrix, which was based on Pearson correlation and the
similarity matrix was computed as “1 – Pearson correlation” (Mcqueen, 1967). The approach of
the proposed clustering, i.e., applying k-means on a similarity distance matrix using the
Euclidean metric, improves cluster separation (Grün et al., 2015). RaceID estimates the number
of clusters by finding the minimal clusters' number at the saturation level of gap statistics, which
standardizes the within-cluster dispersion. To identify sub-population of MLS cancer stem cells,
the function “clustexp” from the RaceID package was applied by setting the “metric” parameter
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to Pearson correlation and activating the gap statistic parameter to determine the best number
of clusters.
After detecting the clusters, RaceID can search in the clusters for outliers, which are defined, by
default, as cells with a minimum of two number of outlier genes. To identify outlier cells in the
generated clusters, the function “findoutliers” was performed by setting the minimum outlier
genes “metric” parameter according to the recommendation of De Vienne et al. (De Vienne et
al., 2012). The “metric” was set to 26, which corresponds to 5% of the number of filtered genes.
These 26 outlier genes can be detected by their low expression, which is below the gene
transcript count variability across all cells in the examined cluster. To visualize the detected
clusters, two dimensionality reduction tools were implemented (figure 4b). The first tool was the
t-distributed stochastic neighbor embedding (tSNE), which is a non-linear dimensionality
reduction method that places similar cells close to each other and dissimilar cells distant to each
other (van der Maaten and Hinton, 2008). To plot the clusters in tSNE map, both the function
“comptsne” from the “tsne” package and the function “plotexptsne” from RaceID package were
applied (Platzer, 2013; Krijthe, 2015). The second tool was the principal component analysis
(PCA), which is a linear dimensionality reduction method that displays each cell into the two
dimensions with greatest amount of variance in their expression (Hotelling, 1933). PCA preserves
the global data structure and shows how the measurements themselves are related to each
other. To generate a PCA plot, the “FactoMineR” package was used and the function “PCA” and
the function “plotellipses” were applied (Lê et al., 2008).
RaceID enables the assessment of the robustness of the detected clusters in terms of stability
and consistency using Jaccard’s similarity statistics and silhouette coefficients. Jaccard’s
similarity index provides a comparison of members among clusters to evaluate the stability of
the clusters with a range from 0% to 100%. The higher the percentage, the more stable the
cluster is. Silhouette coefficients estimate how close each sample in one cluster is to samples in
the neighboring clusters, reflecting the consistency of each cluster with a range of [-1, 1]. The
higher the cluster mean coefficient, the more consistent the cluster is. To evaluate the
generated clusters, both the stability and consistency were examined by applying Jaccard’s
similarity statistics and silhouette coefficients using RaceID functions: “plotsilhouette()” and
“plotjaccard()”. In this project, a cutoff of 0.5 will be used to evaluate the cluster stability and a
cutoff of 0.1 will be used to evaluate the cluster consistency. These cutoffs are based on the
recommendations of RaceID developers (Grün et al., 2015).
2.2 Pseudo-time ordering

To order cells and give high-resolution view of transcriptional changes associated with
differentiation, tools for single-cell analysis (TSCAN) algorithm was implemented (figure 4b).
TSCAN uses a panel of selected genes to cluster cells in low-dimensional space using a modelbased clustering. A minimum spanning tree, which is a subset of a network, where all the nodes
are covered with minimum possible sum of distances, is assembled on the clusters to join the
centers of the clusters. The process of projecting each cell onto the tree leads to the
establishment of a pseudo-temporal ordering of cells based on differentiation (Ji and Ji, 2016). In
this project, the transformed normalized read counts of the selected genes were used as input to
the function “exprmclust()”, which clusters the cells and generates a minimum spanning tree.
7

However, the clustering can be deactivated by assigning the “cluster” parameter to the desired
clustering outcomes. The deactivation of clustering function of TSCAN helped in ordering the
cells based on RaceID clusters. The pseudo-temporal ordering function “TSCANorder()” was
implemented over TSCAN and RcaeID clusters separately. The outcome of this function was
plotted in tSNE map, where cells were colored according to their position along the generated
pseudo-time ordering.

Figure 4: A flowchart of the proposed multi-algorithmic pipeline for identifying cellular subpopulations of cancer cells using scRNA-seq data. (a) Pre-processing the raw read counts, resulted
from the sequencing, through four successive steps. (b) Cell clustering and pseudo-time ordering.
The detected clusters will be visualized by PCA and tSNE maps. (c) Identifying differential expressed
genes by SCDE through five successive steps. (d) Identifying biomarkers

3 Identifying differential expressed genes
Differentially expressed genes between clusters were identified using single-cell differential
expression analysis (SCDE) developed by Kharchenko lab (Kharchenko et al., 2016). The analysis
was done for both the “MLS.Raw.Dataset”, which contains unnormalized untransformed
expression read counts, and the filtered dataset. The implementation of the differential analysis
was carried out through five steps (figure 4c). Firstly, a factor vector was created to recognize
between the two desired clusters. Secondly, the function ”clean.counts()” was used to clean up
the dataset. The cleaning function is dependent on two parameters, which are the “min.reads”
8

and the “min.detected”. The minimum expression value was set based on the second - third
quartiles (the median – median of the top half) obtained by the generic R function “quantile()”.
The cleaning process aims to exclude both unexpressed genes and cells with poor coverage over
measured genes. Thirdly, error models were generated using the function “scde.error.models()“.
The process of fitting error models depends on a panel of vigorous genes defined through
several cross-cell comparisons based on a combination of negative binomial distribution and
low-magnitude Poisson distribution. The outcome of this function is a dataframe with error
model coefficients for each cell. Fourthly, the function “scde.expression.prior()” was applied
over the cleaned data and which was based on the error model coefficients to define an
expression magnitude prior for the genes. Finally, the function “scde.expression.difference()”
was applied over the cleaned data depending on the individual cell error. The output of this
function is a data frame that includes the log fold change and the statistical significance as
signed Z-score, which was used to compute the p-value and the false discover rate (FDR).
4. Identifying biomarker genes
4.1 Defining protein-protein interactions and gene set analysis

To define protein-protein interactions (PPI), the identified up-regulated genes obtained from
differential expression analysis in each cluster, were used as input for STRING analysis and
functional coupling analysis (FunCoup) to analyze the predicted networks (Jensen et al., 2009;
Schmitt et al., 2014). Gene set analysis (GSEA) was performed using the molecular signatures
database (MSigDB), which is a collection of comprehensive databases of annotated gene sets
(Subramanian et al., 2005). The list of up-regulated genes in each cluster was compared with the
Hallmark gene set and the five most significant gene sets based on q-value were identified.
4.2 Defining hub genes

The outcome of STRING analysis was stored in tab separated values (TSV) files. These TSV files
served as an input to check both the connectivity degree and the betweenness centrality, which
reflects the communication flow in the defined PPI networks (figure 4d). This was done using
“betweenness()” and “degree()” functions from the “igraph” package (Csardi et al., 2006).
4.3 Decision tree analysis

Decision trees, which are one of the most efficient classification techniques in biomarkers
discovery, were used to predict the sub-population of a target cell based on transcriptomic data
(figure 4d). Two types of decision trees, which are classification and regression trees (CART) and
J48, were performed. The decision tree analysis was implemented over a training dataset, which
consisted of the DEGs obtained by SCDE. The “rpart()” function from the “rpart” package was
used to generate a recursive partitioning tree (Therneau et al., 2015). It starts with the entire
genes at the root node and scans the entire set of variables for the optimal one to split on. The
generated tree was plotted using the package “rpart.plot” (Milborrow, 2015). The J48 decision
tree, which is a simple C4.5 classification decision tree was performed using the function “J48()”
from the “RWeka” package (Hornik et al., 2009). It builds a binary tree. The generated tree was
plotted using the package “partykit” (Hothorn and Zeileis, 2015). The performance of the
generated trees was evaluated for error estimation by ten-fold cross validation assessment using
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in-house function. The nominated genes by both decision trees were checked for PPI using both
STRING and FunCoup tools.

Alternative data analysis methods
All the selected methods in this project, except for hub genes identification, are designed for
single-cell RNA sequencing analysis. One of the very powerful algorithms for defining DEGs is the
significance analysis of sequencing data (SAMseq) developed by Tibshirani and colleagues
(Tibshirani et all., 2015). SAMseq depends on a resampling normalization strategy in addition to
Wilcoxon rank statistic for generating reliable DEGs. However, it was developed for analyzing
sequencing data in general but not particularly for single-cell sequencing data. Since scRNASeq
data is usually characterized by high dimensionality and severe noise, this makes what is
designed for sequencing data imprecise to be applied for single-cell sequencing analysis
(Andrews and Hemberg, 2017). For that reason, SCDE was selected instead. Moreover, SCDE has
shown high efficiency and even higher than SAMseq (Andrews and Hemberg, 2017). An
alternative algorithm for defining DEGs is the model-based analysis of single-cell transcriptomics
(MAST), which was developed to handle differential analysis at single-cell level (Finak et al.,
2015). Although MAST was designed to overcome the limitation of two-class comparisons of
SCDE, the efficiency of SCDE remains higher than MAST (Jaakkola et al., 2016).
Some clustering algorithms, including Single-Cell Consensus Clustering (SC3), have a beneficial
feature of combining multiple clustering solutions through a consensus approach to find the
optimal parameters for the clustering (Kiselev et al., 2017). One drawback of the SC3 is its
limited capability in detecting rare sub-populations, such as cancer stem cells. Contrastingly,
GiniClust algorithm is highly sensitive to rare sub-population detection but is not effective for
large sub-populations detection (Jiang et al., 2016). In this project, RaceID was selected as a
clustering algorithm because it combines the three main clustering approaches, which are the
partitioning clustering method through k-means, distance matrix and dimensionality reduction
through tSNE. RaceID is highly effective for both large and rare sub-populations detection.
Regarding the pseudo-temporal cell ordering in single-cell RNA-seq data, just a few algorithms
have been systematically examined. The algorithm Monocle uses the same pseudo-temporal cell
ordering method as TSCAN (Trapnell et al., 2014). However, Monocle’s minimum spanning tree
is assembled to link individual cells and not clusters, leading to a complex and unstable tree
causing the cell ordering to be irrelevant from a biological point of view. For that reason, TSCAN
was selected due to its stable pseudo-temporal cell ordering and its relevant representation of
the true biological ordering of cells.

Results
Gene filtration
Genes were selected by accounting for technical noise based on the variation and expression of
the ERCC spike-ins which were added to each sample before library preparation (figure 5). The
plot shown in figure 1 demonstrates the degree of variation against the average read counts of
10

each gene (yellow dots). A total of 5326 genes (black dots) have a variation above this noise level
(red curve).

Figure 5: Gene filtration by accounting for technical noise based on
the variation and expression of the valid ERCC spike-ins (blue dots).
A noise level (red curve) was fitted from these spike-ins. Black dots
represent the genes above the noise line (5326 genes).

Cell clustering and pseudo-time ordering
To identify sub-populations of MLS stem cells, RaceID algorithm was applied over both the
“MLS.Raw.Dataset” and the filtered normalized dataset. RaceID groups cells using k-means
clustering on a similarity distance matrix using the Euclidean metric. The number of clusters,
which was estimated to be 4, was determined based on the saturation level of gap statistics
(figure 6).
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Figure 6: Gap statistics demonstrate the statistics by number of
clusters (k). Error bars correspond to the standard error of gap.
The optimal value of k is marked in green.
The four clusters defined by RaceID were visualized by tSNE map (figure 7a) and PCA (figure 7b),
where black dots represent cells of cluster one, red dots represent cells of cluster two, green
dots represent cells of cluster three and blue dots represent cells of cluster four. Figure 7c shows
the clusters with labeled cells according to the names of the samples. Figure 7d shows cells
color-coded according to their group based on the cell-cycle phase in which they belong to,
where squares represent G1 cells, plus signs represent S cells and tringles represent G2 cells.

Figure 7: Identification of MLS sub-populations. (a) tSNE map visualizing clusters of MLS cells
identified with k-means according to the RaceID algorithm. (b) PCA plot visualizing clusters
identified with k-means according to the RaceID algorithm and plotted by FactoMineR. Colored
ellipses show 95% confidence around all samples that represent clusters. (c) The plot from (a) with the
cells of the four clusters labeled according to the names of the samples (d) The plot from (a) with cells
colored according to their group based on cell-cycle phases.

The stability and consistency of the generated clusters by RaceID algorithm were examined by
applying Jaccard’s similarity statistics and silhouette coefficients (figure 8). Figure 8a,
demonstrates the stability of the clusters, where each one has a minimum Jaccard’s similarity
that is greater than 0.6. Figure 8b, demonstrates the consistency of the clusters, where each one
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has a silhouette coefficient average that is greater than 0.1. Both plots show that there is a
reasonable structure to the clusters, with most observations appeared to belong to the cluster
that they are in.

Figure 8: Stability and consistency of the generated clusters by RaceID algorithm. (a)
A bar-chart plot of minimum Jaccard’s similarity, with all values above 0.6. (b) A
plot of silhouette coefficients, with all values above 0.1. On the y-axis cells in each
cluster are ordered by decreasing silhouette value. Very few cells belonging to clusters
3 and 4 show negative silhouette values.

RaceID detected three outlier cells in the generated clusters; two outliers in cluster 1 and one
outlier cell in cluster 3 (figure 9a). Removing these outlier cells did not affect the quality in terms
of stability and consistency of cluster 1 but it negatively affected the consistency of cluster 3
(figure 9b). Therefore, the complete clusters were used for further analysis.

Figure 9: Defining outlier cells (a) A bar-plot of the outlier probabilities of all cells across
clusters generated by RaceID algorithm. (b) A plot of silhouette coefficients for each of
the four RaceID clusters after removing the outlier cells from clusters 1 and 3.

Throughout the process of generating a pseudo-temporal ordering by TSCAN algorithm, TSCAN
generated four clusters. These clusters were visualized by tSNE map (Appendix 1a) and PCA
(Appendix 1b). Evaluation of these clusters can be found in Appendix 1c-d. Only 26% of the cells
were clustered into the same clusters as the clusters generated by RaceID (Appendix 2/table 1).
Most of these cells belong to cluster 4. The consistency (median silhouette coefficients) of the
generated clusters by TSCAN algorithm was significantly less than the consistency of the
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generated clusters by RaceID algorithm, analyzed by Wilcoxon rank sum test (P-value =0.029)
(Appendix 1e). Due to the unsatisfactory consistency of the clustered generated by TSCAN
algorithm, only RaceID clusters will be used for identifying DEGs and biomarkers.
TSCAN generated a different pseudo-temporal ordering for the cells that were clustered by
RaceID in comparison to the cells clustered by TSCAN itself (figure 10). Only 14 cells showed
relatively similar ordering in clusters generated by both RaceID and TSCAN (Appendix 2/table 2).
The pseudo-temporal ordering in RaceID clusters showed a gradual transition between the cells
transcription profiles across clusters. Cells of cluster 1 were ordered in the foreground ordering,
considering them as the least differentiated cells comparing to the rest cells in all the other
clusters. Cells of cluster 3 took the last positions in the pseudo-temporal ordering, indicating a
higher differentiation degree than the cells in all the other clusters. On the other hand, the
pseudo-temporal ordering in TSCAN clusters showed mixed ordering within each cluster, where
many cells from clusters 3 and 4 were ordered as foregrounded.

Figure 10: Pseudo-temporal ordering. (a) tSNE map with cells colored according to their position
along a pseudo-time ordering obtained using the TSCAN algorithm over RaceID clusters. (b) tSNE
map with cells colored according to their position along a pseudo-time ordering obtained using the
TSCAN algorithm over TSCAN clusters. In both plots cells were numbered from 1–94.

Identifying differential expressed genes
To further define the molecular signature of the clusters generated by RaceID, SCDE algorithm
was implemented to identify differentially expressed genes between all pairs of clusters and
between each of the four clusters and the rest combined (table 1). By using a cutoff of FDR=0.1
and comparing individual clusters to the rest combined (shaded rows), 4 panels of up-regulated
genes were defined. In total, 7 genes (TUBG2, HMGCR, MBNL2, MFGE8, TIFA, ZNF143 and
CASC4) were up-regulated in the first cluster (Appendix 3a), 10 genes (PIAS2, HELLS, PCSK7,
RRM2, RMI1, LRRC75A, HIST1H4C, SERTAD4-AS1, SNORD3B-1 and SH3PXD2B) were up-regulated
in the second cluster (Appendix 3b), 6 genes (ELAC2, PLPPR2, CNDP2, ERLIN2, NUAK2 and
AL390719.1) were up-regulated in the third cluster (Appendix 4a) and 12 genes (CDC27, KIF22,
NDC80, SH2D4A, KIF20A, GAS2L3, KIF2C, POGLUT1, AC098864.1, FBXL2, ZNF114 and CYB5RL)
were up-regulated in the fourth cluster (Appendix 4b).
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Table 1: Up-regulated and down-regulated genes among RaceID clusters identified by SCDE
algorithm using a cutoff of FDR=0.1

CL1
CL1
CL1
CL1
CL2
CL2
CL2
CL3
CL3
CL4

vs
vs
vs
vs
vs
vs
vs
vs
vs
vs

CL2
CL3
CL4
CL2,3,4
CL3
CL4
CL1,3,4
CL4
CL1,2,4
CL1,2,3

Filtered dataset
Up
Down
5
12
6
3
6
12
4
57
28
6
9
22
5
30
3
16
2
119
9
18

Complete dataset
Up
Down
3
35
19
10
8
36
7
184
54
11
12
36
9
61
6
35
6
280
9
34

Union
Up
8
19
9
7
60
16
10
8
6
12

Down
43
10
39
194
13
39
64
39
297
40

Identifying biomarker genes
Defining protein-protein interactions and gene set analysis
STRING analysis was performed to detect PPIs between the up-regulated genes of each cluster.
In the first cluster, only two genes out of 43 genes were interacting with each other (Appendix
5a). In the second cluster, 23 genes out of 123 genes were interacting (Appendix 5b). In the third
cluster, only 6 genes out of 37 genes were interacting (Appendix 5c). In the fourth cluster, 30
genes out of 130 genes were interacting (Appendix 5d). Furthermore, MSigDB was used to
investigate the up-regulated gene lists for GSEA. Neither significant biological states nor
processes were identified for the 1st and 3rd clusters. In the second cluster, genes encoding cellcycle related targets of E2F transcription factors and genes up-regulated through activation of
mTORC1 complex were significantly identified (FDR= 0.012). In the 4th cluster, genes involved in
the G2/M checkpoint, as in progression through cell-cycle in addition to genes encoding cell
cycle related targets of E2F transcription factors were significantly identified (FDR< 0.001).
Defining hub genes
Betweenness centrality and connectivity degree were examined for all genes in the detected
networks by STRING using “igraph” package. In the second cluster, 3 genes (MCM4, CHAF1B and
INO80) have the highest betweenness centrality and connectivity degree comparing to the rest
of the genes in the network (Appendix 6/table 1). In the fourth cluster, 8 genes (PLK1, CDC20,
UBE2C, FZR1, CCNB2, NDC80, KIF20A and CCNB1) have the highest betweenness centrality and
connectivity degree comparing to the rest of the genes in the network (Appendix 6/table 2).
Decision tree analysis
Two decision tree algorithms, RPART and J48, were performed to identify potential genes for
predicting the sub-population identity of a target cell, whether it belongs to cluster 1 or a group
of differentiated cells (clusters 2, 3 or 4). The decision tree generated by RPART (figure 11)
resulted in 17 nodes: 8 genes as decision nodes and 9 leaf nodes. The master decision gene is
COTL1 with an expression threshold of 514. Cells with an expression value less than 514 are
predicted based on UBE2C gene to belong to cluster 1 if UBE2C expression value is less than
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1143, otherwise they belong to the differentiated cell group. Cells with expression value of 514
or higher are predicted based on a panel of 6 genes, which are AEN, MCCC1, ZNF436, PPP5C,
KIF22 and CORO1C. The performance metric of the RPART decision tree is relatively high, with an
accuracy of ~81%, specificity of ~84%. and sensitivity of ~66%.
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Figure 11: A schematic figure explaining the decision trees to predict the sub-population identity of a
target cell, whether it belongs to cluster 1 or a group of differentiated cells (clusters 2,3 and 4)
generated by (a) RPART algorithm (b) J48 algorithm.

The decision tree generated by J48 (figure 11b) resulted in 15 nodes: 7 genes as decision nodes
and 8 leaf nodes. The master decision gene is KIF22 with an expression threshold of 251.79. Cells
with an expression value of 251.79 or less are predicted to belong to cluster 1. Cells with
expression value higher than 251.79 are predicted based on a panel of 6 genes, which are RXRA,
ZBTB34, GPR39, PLIN3, RMI2 and RNF139. The performance of the J48 tree on the training set
showed two false positives and 1 false negative. The performance metric of the J48 decision tree
is lower, with a sensitivity of ~22%, accuracy of ~73% and specificity of ~86%. The decision nodes
of both trees were examined by FunCoup to identify any functional coupling between these
gene nodes (figure 12). A panel of 12 genes, YWHAE, CCT4, KPNB1, CCT7, RUVBL1, UBC, PCNA,
NCL, RPN1, PABPC1, PPP1CA and VDAC2) were predicted by FunCoup algorithm to interact with
most of these decision node genes (Appendix 7).

Figure 12: The interaction network predicted by FunCoup for the decision
node genes, generated by J48 and RPART (circles with black edges), and their
predicted interactors.

Discussion
Single-cell RNA sequencing was used to characterize sub-populations of myxoid liposarcoma
(MLS), which is signalized by moderate heterogeneity. Single-cell analysis was chosen to enable
an accurate high-throughput platform to detect the unique molecular signature of each cell and
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find patterns of transcriptional profiles at single-cell level. Identifying a sub-population of MLS
cancer stem cells (CSCs) can help nominating biomarkers for stemness and aggressiveness in
MLS tumors. CSCs are known to exhibit a slow cell-cycling rate and a relative quiescence (Lyle
and Moore, 2011). Therefore and prior to generating the sequencing library, cells were sorted
based on cell-cycle phases: G1, S and G2. The cellular clustering was performed according to the
gene expression profiles to detect a cellular sub-population with stem-like properties rather than
to count on the cell-cycle phase.
RaceID is a powerful tool for single-cell RNA sequencing analysis. However, it has some
limitations in the way it deals with filtering the genes and defining differentially expressed genes.
Furthermore, it does not generate pseudo-temporal ordering, which is an important indicator for
cellular differentiation degree. Prior to performing clustering analysis, genes were filtered. The
choice of the filtering method was based on the outcome of testing two gene filtering
techniques. The fist technique was discarding genes based on minimum expression in certain
number of cells. This technique, which is a default step of RaceID pre-processing, led to
generating cluster with low stability and consistency. The second technique was accounting for
technical noise using an algorithm developed by Brennecke et. al. (Brennecke, Anders et al.
2013). Filtering the genes depending on the noise level estimated from the ERCC spike-ins led to
generating cluster with reasonable stability and consistency. Clustering cells with and without
technical noise filtering led to same contents of clusters with minor differences in the cluster
numeric name (figure 13). The contents of the second cluster were clustered in the fourth
cluster, and vice versa. However, the stability and consistency of the clusters were much lower
by keeping genes with insufficient variation across cells. Using the gene filtering function of
RaceID, which is based on minimum expression in certain number of cells, did not improve the
stability and consistency of the clusters. These observations highlighted a drawback in RaceID
algorithm since several studies assured the importance of reducing the bias in cluster analysis at
single-cell level by filtering the genes optimally. This is because simultaneous analysis of huge list
of genes experiences statistical challenges (Andrews and Hemberg, 2017). The accuracy and
robustness of the clustering are highly affected by the list of genes to be analyzed (Tritchler et
al., 2009). Selecting the optimal gene filtering method can be critical. However, the outcome of
this study showed efficient integration between gene filtration by accounting for technical noise
and k-means clustering with RaceID algorithm. All the clusters generated by RaceID showed
heterogeneous cell-cycle phases reflecting a diversity in the molecular signature of the cells with
same cell-cycle phase.
In addition to RaceID, a model-based clustering in low-dimensional space was tested using
TSCAN algorithm. Only 26% of the cells were clustered in same clusters as RaceID clusters. The
consistency of the clusters was significantly low reflecting the superiority of k-means clustering
over model-based clustering for single-cell RNA sequencing data. This contradicts the findings of
Si el al., which showed the superiority of probability model-based clustering over k-means
clustering for RNA sequencing data (Si et al., 2013). This demonstrates that what is optimal for
RNA sequencing data at histological level might not be the best option for RNA sequencing data
at single-cell level. Using TSCAN to order cells based on k-means clustering by RaceID has
improved the pseudo-temporal ordering. Furthermore, by adding the feature of generating
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pseudo-temporal ordering by TSCAN to RaceID in the proposed pipeline, one gap in RaceID was
filled and the link between clusters became more pronounced.

Figure 13 Identification of MLS sub-populations with k-means by RaceID algorithm performed
over all the genes without any gene filtration. (a) tSNE map visualizing the clusters. (b) A plot of
silhouette coefficients (c) A bar-chart plot of Jaccard’s similarity, with all values below 0.6.

Clusters generated by both RaceID and TSCAN were visualized using different dimensionality
reduction methods, principal component analysis (PCA) and t-distributed stochastic neighbor
embedding tSNE. Considering the distinctive separation, tSNE maps showed effective projection
of the contents of RaceID clusters with more spatial integrity than PCA. Contrarily, PCA plots
showed intact projection of the contents of TSCAN clusters. One possible explanation could be
that the linear probabilistic processing of PCA matches with the probability model-based
clustering, which generates a model for every cluster and computes the best fit of the data to
the generated model (Shah et al., 2012; Bellas et al., 2013). On the other hand, the nonlinear
dimensionality reduction nature of tSNE provides a high local validity with optimal preservation
of close neighbor relationships leading to efficient projections of k-means clusters (Bushati et al.,
2011; Platzer, 2013). Plotting the pseudo-temporal ordering of the cells depending on RaceID
clusters using the TSCAN algorithm showed a gradual transition between the cells’ transcription
profiles across clusters. Cells of cluster 1 were ordered in the foreground cellular ordering
considering them as the least differentiated cells comparing to the rest cells in all the other
clusters. To check the cell-cycle transcriptional activity, the mean expression of a panel of 148
cell-cycle genes detected by Reactome was plotted as color-coded dots overlaid on the tSNE
map of RaceID clusters (Fabregat et al., 2016). Figure 14 demonstrates the low mean expression
of these cell-cycle genes in the first and second clusters comparing to the high mean expression
in the third and fourth clusters. An independent samples t-test showed a statistically significant
difference in mean expression of cell-cycle genes between clusters 1 and 2 together comparing
to clusters 3 and 4. (95% CI, -0.42 to -0.31), p-value < 0.01. This confirms the findings of the
cellular pseudo-temporal ordering assuring the stem-like properties of cells of the first cluster.
However, there was no difference in mean expression of cell-cycle genes between cluster 1 and
cluster 2.
The outlier detection feature of RaceID identified in total three G1 outlier cells, 2 outlier cells
were detected in the first cluster and 1 outlier cell was detected in the third cluster. These
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outlier cells contained at least 26 outlier genes due to a deviating expression between these cells
compared to the remaining cells in the examined clusters. However, removing these cells neither
improved the stability and consistency of the clusters nor affected the differential expression
analysis. It is recommended but not necessary for the cells in the cluster to express all the
unique differentially expressed genes in that cluster (Kharchenko et al., 2016).

Figure 14: Mean expression of cell-cycle genes defined by Reactome. (a) tSNE maps showing the
cells of the RaceID clusters color-coded based on the mean expression of 148 cell-cycle genes.
(b) A bar-chart showing the significant difference in the mean expression of 148 cell-cycle genes.
between clusters 1 and 2 comparing to clusters 3 and 4. Statistical significance was determined
using an independent samples t-test. (*** P-value <0.001).

The first signature detection approach was to identify differentially expressed genes (DEGs)
between clusters. RaceID demonstrated a weak technique to detect DEGs since it depends only
on the deviation between mean expression in the cluster and all cells depending on binomial
counting statistics. For that reason, SCDE algorithm was used to identify DEGs between all pairs
of clusters and between each of the clusters and the rest combined using a cutoff of FDR=0.1
(Kharchenko et al., 2016). For each cluster, a panel of unique genes was defined. Importantly, a
panel of 7 genes (TUBG2, HMGCR, MBNL2, MFGE8, TIFA, ZNF143 and CASC4) related to
metastasis, stemness or resistance to chemotherapy were found to be significantly up-regulated
in the first cluster. Tubulin, gamma 2 (TUBG2) is known to play an essential role in breast cancer
progression and metastasis (Lei et al., 2016). Overexpression of human 3-hydroxy-3methylglutaryl-coenzyme A reductase (HMGCR) induces tumor growth rate, invasion and
metastasis in prostate cancer (Ashida et al., 2017). Furthermore, HMGCR was found to be
significantly up-regulated in induced pluripotent hepatocytes stem cells (Wang et al., 2016). Milk
Fat Globule – EGF – factor VIII (MFGE8) was found to be overexpressed in mesenchymal stem
cells (Jang et al., 2017). Moreover, MFGE8 promotes epithelial mesenchymal transition, which is
a necessary step for cancer stem cells during metastasis, in both ovarian and triple negative
breast cancers (Yang et al., 2011; Tibaldi et al., 2013; Ishiwata, 2016). Interestingly, MFGE8 is
overexpressed in all the MLS cells of the first cluster whereas many cells from the remaining
clusters do not express it at all reflecting the stem-like properties of cluster 1 cells. One of the
most interesting upregulated genes in the first cluster is TRAF-interacting protein with a
forkhead-associated domain(TIFA). Several studies demonstrated the role of TIFA in activating
IκB kinase (Minoda et al., 2006). The proinflammatory pathway of IκB kinase and nuclear factor20

κB was found to be associated with a cancer stem-like cell phenotype (Li et al., 2012; Zhang et
al., 2016). The Zinc Finger Protein 143 (ZNF143) was found to form a complex that regulates the
expression of cell proliferation and cell-cycle regulatory genes (Parker et al., 2014). Furthermore,
overexpression of ZNF143 in lung adenocarcinoma was found to be associated with poor
differentiation and strong invasion capability (Kawatsu et al., 2014). The cancer susceptibility
candidate 4 (CASC4) is well known for coding an antiapoptotic protein which causes a sever
deficiency in apoptosis pathways (Chabot and Shkreta, 2016). Much evidence indicates that
cancer stem cells express antiapoptotic proteins inducing resistance to chemotherapy (Safa,
2016). Moreover, microarray gene expression analysis showed a strong association between
overexpression of CASC4 with advanced stages of cholangiocarcinoma in rats (Dumur et al.,
2010). In the literature, the muscleblind-like RNA binding proteins (MBNL2) seemed to promote
differentiation in embryonic stem cells through inhibiting a transcription factor called FOXP1
(Han et al., 2013). FOXP1 controls pluripotency through activating Yamanaka transcription
factors: Oct4, Klf4, Sox2 and c-Myc (Takahashi et al., 2007; Gabut et al., 2011). In this study, the
expression of MBNL2 anticorrelates with the expression of FOXP1 in the cells of the first cluster
whereas the cells of the remaining clusters express MBNL2 and FOXP1 relatively in similar
expression level (figure 15a - 15b). However, the expression of Yamanaka transcription factors
was not correlated with the expression of FOXP1. Both the Oct4 and Sox2 were neither
expressed in cluster 1 cells nor in the remaining clusters where FOXP1 was overexpressed. Both
c-Myc and KLF4 were overexpressed in cluster 1 cells (figure 15c – 15d). These findings might
highlight one of the differences between cancer stem cells and embryonic stem cells.

Figure 15: Expression profiles of MBNL2 and FOXP1 and two of Yamanaka
factors. Cells are color-coded based on the color of the clusters (black: cluster 1,
red: cluster 2, green: cluster 3 and blue: cluster 4). Mean expression and standard
deviation are indicated by the gray solid and broken lines, respectively.
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Neither significant biological processes nor hub genes were defined in the first clusters and this
is due to the limited number of DEGs in the first cluster. Functional coupling analysis by FunCoup
algorithm predicted UBC as an interactor with TUBG2, MFGE8, ZNF143 and HMGCR (Schmitt et
al., 2014) (figure 16a). However, there was no difference in the mean expression of UBC
between cluster 1 and the remaining clusters (figure 16b).

Figure 16: (a) The interaction network predicted by FunCoup for up-regulated genes in the first
cluster (circles with black edges). (b) Expression profile of UBC. Mean expression and standard
deviation are indicated by the gray solid and broken lines, respectively.

Three surface biomarkers for stemness (CD44, CD73 and CD90), which were suggested by
Stratford et al to be expressed in liposarcoma cells based on previous studies of Zhu et al, were
checked (Zhu et al., 2010; Stratford et al 2012). All the three biomarkers were highly expressed
in most of the cells with slightly higher mean expression in the first cluster (figure 17). These
observations thus might either confirm the stemness ability of MLS cells with slight differential
levels or reduce the robustness of these genes as stemness biomarkers in MLS.

Figure 17: Expression profiles of three surface markers for stemness. Cells are color-coded based on
the color of the clusters (black: cluster 1, red: cluster 2, green: cluster 3 and blue: cluster 4). Mean
expression and standard deviation are indicated by the gray solid and broken lines, respectively.
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Decision tree analysis was performed to detect potential genes to predict the sub-population
identity of a target cell, whether it is a stem-like or a relatively differentiated cell. The RPART
tree was dependent on 7 down-regulated genes and only 1 up-regulated gene (AEN) in the first
clusters whereas the J48 tree was dependent on both up-regulated genes (RXRA, PLIN3 and
RMI2) and 4 down-regulated genes in the first clusters. The gene KIF22 was predicted as a
decision node by both trees. The performance of the RPART tree was much higher than the J48
tree. This might be because J48 is an unpruned decision tree and it allows no tree depth
restrictions. On the other hand, RPART is pruned decision tree and it generates the tree
depending on a numerical splitting indicator recursively performed over the data (Grubinger et
al., 2014). Many of these decision genes from both trees were found by FunCoup to interact with
a panel of 12 interactor genes (YWHAE, CCT4, KPNB1, CCT7, RUVBL1, UBC, PCNA, NCL, RPN1,
PABPC1, PPP1CA and VDAC2). The combination of the 14 decision node genes predicted by both
RPART and J48 trees in addition to the 7 up-regulated genes in cluster 1 defined by SCDE and the
12 interactor genes predicted by FunCoup can be a starting point for both experimental and in
silico biomarker discovery in MLS.
In this study, a multi-algorithmic pipeline was developed to characterize sub-populations of MLS
and gain insights about the molecular signature of the MLS cancer stem sub-population. The
results generated by this pipeline showed a harmonic integration between the backbone
algorithms leading to a reduction in the limitations of some of these algorithms. The outcome of
this study is a panel of 33 genes (TUBG2, HMGCR, MBNL2, MFGE8, TIFA, ZNF143, CASC4, COTL1,
UBE2C, AEN, MCCC1, ZNF436, PPP5C, CORO1C, KIF22, RXRA, ZBTB34, GPR39, PLIN3, RMI2,
RNF139, YWHAE, CCT4, KPNB1, CCT7, RUVBL1, UBC, PCNA, NCL, RPN1, PABPC1, PPP1CA and
VDAC2) nominated as possible biomarkers for stemness and aggressiveness. However, further
investigations are required to optimize and validate these possible biomarker candidates.
Moreover, additional functional coupling analysis is required to nominate biomarkers for each
MLS sub-population based on the defined DEGs and possible detected hub genes. In conclusion,
the integration of the data obtained from sorting myxoid liposarcoma cells by FACS based on
cell-cycle phases and the data obtained from examining the molecular expression signature of
these cells using a multi-algorithmic pipeline has succeeded in identifying a sub-population of
MLS cells with stem-like properties. This sub-population of MLS cancer stem cells was enriched
with pseudo-temporal ordering and a panel of genes defined by differential analysis, functional
coupling and decision tree analysis. Many of these genes are involved in stemness, metastasis
and aggressiveness. To optimize and validate these biomarker candidates, further investigations
are required.

Ethical aspects and impact of the research on the society
The data analysis in this project was carried out over a dataset generated by performing singlecell RNA sequencing on myxoid liposarcoma cells belonging to MLS cell line 1765-92, which was
established from MLS patients with anonymous identities (Åman et al., 1992; Thelin-Järnum et
al., 1999). Intellectual property was respected by taking a written permission for analyzing the
MLS scRNA-seq dataset from associate professor Anders Ståhlberg who owns the dataset.
Objectivity and honesty were taken into consideration throughout the project starting with the
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experimental design and ending with analyzing the sequencing data and reporting the results.
The impact of this project on the society can be summarized in three points based on the
findings and results. Firstly, the outcome of this study, which is a panel of 33 genes nominated as
possible biomarkers for stemness and aggressiveness, can open new therapeutic doors to
myxoid liposarcoma tumors. Secondly, the proposed multi-algorithmic pipeline for characterizing
sub-populations of a sub-type of sarcoma and nominating biomarker candidates for stemness
and aggressiveness can potentially be carried out over different scRNA-seq datasets belonging to
different tumors. Furthermore, it is possible to implement this pipeline for the discovery of a
wide spectrum of biomarker types. Thirdly, this project highlighted that investigating the
stemness of cancer stem cells based on the stemness of embryonic stem cells requires rethinking although several studies looked at both stemness types as one (Stratford et al 2012).

Future perspectives
Further research could include four perspectives. The first perspective is expanding the pipeline
by also clustering the cells using GiniClust algorithm, which is designed to detect rare subpopulations (Jiang et al., 2016). The outcome of GiniClust will be pseudo-temporally ordered by
TSCAN algorithm and then compared to the outcome of RaceID and the pseudo-temporal
ordering. The main focus will be on the first 20% of the cellular ordering since GiniClust is not
effective for large sub-populations detection. The second future perspective is performing
functional coupling analysis and gene annotation enrichment analysis to nominate pathways and
biomarkers for each MLS sub-population based on the defined DEGs and possible detected hub
genes. Moreover, literature search is required to get insights about what is known about the
detected genes and pathways. The third perspective is performing other decision tree algorithms
to predict the sub-population identity of a target cell. One option could be the EvTree, which is
an evolutionary algorithm for learning globally optimal classification and regression trees
(Grubinger et al., 2014). And then the outcome of the EvTree will be compared to the outcome
of RPART and J48 decision trees. The fourth perspective could be merging cluster 1 with cluster 2
in one group and cluster 3 and cluster 4 in another group and then defining DEGs between these
two groups. This perspective is inspired by the outcome of pseudo-temporal ordering and the
statistically significant difference in mean expression of cell-cycle genes between these two
groups (figure 14). This perspective requires investigating the DEGs detected between cluster 1
and cluster 2 to get insights about the differentiation degree between these two clusters.
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Appendix
Appendix 1: Identification of MLS sub-populations with a model-based clustering by TSCAN

Figure 1: Identification of MLS sub-populations. (a) tSNE map visualizing clusters of MLS
cells identified with a model-based clustering by TSCAN algorithm. (b) PCA plot
visualizing TSCAN clusters plotted by FactoMineR. Colored ellipses show 95% confidence
around all samples that represent clusters. (c) A plot of silhouette coefficients for each of
TSCAN clusters (d) A bar-chart plot of Jaccard’s similarity, with all values above or equal
to 0.6. (e) A bar-chart showing the significant difference in the Median Silhouette
Coefficients between the clusters generated by RaceID and TSCAN algorithms. Statistical
significance (P-value =0.029) was determined using a Mann-Whitney U. (* P-value <0.05).
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Appendix 2: Differences in MLS sub-populations between RaceID and TSCAN algorithm
Table 1: The contents of clusters generated by both RaceID and TSCAN algorithms. Shaded columns
represent the ID of the cells whereas unshaded columns represent the cluster number of the
corresponding cell in RaceID and TSCAN clusters respectively.
Cell ID

RaceID Clusters TSCAN Clusters Cell ID

RaceID Clusters TSCAN Clusters

G1_1

1

2

S_18

1

3

G1_2 *
G1_3 *
G1_4 *
G1_5 *
G1_6 *
G1_7 *
G1_8 *
G1_9
G1_10 *
G1_11
G1_12
G1_13
G1_14
G1_15

4
2
1
1
2
2
4
3
4
3
1
3
1
1

4
2
1
1
2
2
4
2
4
1
2
2
2
2

S_19
S_20
S_21
S_22
S_23
S_24
S_25
S_26
S_27
S_28 *
S_29
S_30
S_31
S_32

2
4
2
2
2
2
2
2
4
3
4
4
4
3

3
3
3
3
3
3
3
3
3
3
3
3
1
3

G1_16
G1_17
G1_18 *

2
3
2

4
1
2

G2_1
G2_2 *
G2_3

4
4
2

1
4
4

G1_19 *

2

2

G2_4

3

3

G1_20
G1_21
G1_22 *

2
3
1

3
4
1

G2_5
G2_6
G2_7 *

1
2
4

4
4
4

G1_23

4

3

G2_8 *

4

4

G1_24 *

2

2

G2_9

2

4

G1_25

1

3

G2_10

1

4

G1_26 *

4

4

G2_11

3

1

G1_27

3

4

G2_12

4

3

G1_28

2

3

G2_13 *

1

1

G1_29
G1_30
S_1

4
4
2

2
1
3

G2_14 *
G2_15
G2_16

4
3
2

4
4
3

S_2

2

1

G2_17

1

4

S_3
S_4

2
4

3
3

G2_18
G2_19 *

1
4

4
4

S_5
S_6
S_7
S_8

4
2
4
1

3
3
4
3

G2_20 *
G2_21 *
G2_22
G2_23

4
4
1
3

4
4
4
4

S_9

2

3

G2_24

2

4

S_10
S_11
S_12
S_13
S_14
S_15
S_16
S_17

4
4
4
4
1
2
2
2

3
3
3
3
3
3
3
3

G2_25
G2_26
G2_27
G2_28
G2_29 *
G2_30
G2_31 *
G2_32

2
3
3
4
4
1
4
2

4
4
4
3
4
4
4
4

*: Cells that are clustered similarly by both algorithms.
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Table 2: TSCAN pseudo-temporal ordering based on clusters of RaceID and TSCAN. The shaded
columns represent the ID of the cells whereas unshaded columns represent the pseudo-temporal
ordering of the corresponding cell in RaceID and TSCAN clusters respectively.
Temporal Order
RaceID clusters

Temporal Order
TSCAN clusters

Temporal Order
RaceID clusters

Temporal Order
TSCAN clusters

G1_1
G1_2
G1_3
G1_4 *
G1_5 *
G1_6
G1_7
G1_8
G1_9 *

17
74
35
9
7
29
46
79
83

94
19
86
4
6
87
91
12
88

S_18
S_19
S_20
S_21
S_22 *
S_23
S_24
S_25
S_26

13
28
63
44
42
24
22
31
40

73
65
51
76
52
81
66
54
71

G1_10
G1_11
G1_12
G1_13 *
G1_14

71
85
16
87
5

30
2
93
82
92

S_27
S_28
S_29 *
S_30
S_31

64
90
55
69
66

49
47
53
56
7

G1_15
G1_16 *

14

85

S_32

92

48

23

17

G2_1

50

11

G1_17
G1_18

86
39

8
84

G2_2
G2_3

53
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43

G1_19

32

83

G2_4
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44

G1_20

43
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G2_5 *

8

18

G1_21

88
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G2_6

20

39

G1_22 *
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3

G2_7
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25

G1_23

67

55

G2_8
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24

G1_24

36

90

G2_9

49

23

G1_25

11

72

G2_10

18

45

G1_26

62

26

G2_11

91

10

G1_27

89

22

G2_12

70

46

G1_28

37

79

G2_13 *

10

1

G1_29
G1_30

76
60

89
9

G2_14
G2_15

73
94

16
29

S_1

33

67

G2_16

27

77

S_2

41

5

G2_17 *

15

14

S_3
S_4 *

34
51

64
61

G2_18
G2_19

4
72

34
28

S_5
S_6
S_7
S_8
S_9
S_10
S_11
S_12

56
47
57
2
48
54
52
58

68
75
37
63
70
69
74
78

G2_20
G2_21
G2_22
G2_23
G2_24
G2_25
G2_26
G2_27

61
68
6
82
19
45
81
84

36
15
41
32
38
31
33
50

S_13 *
S_14
S_15
S_16
S_17

59
1
38
21
30

57
60
58
62
59

G2_28
G2_29
G2_30
G2_31
G2_32 *

80
65
3
77
26

21
27
40
35
20

Cell ID

Cell ID

*: Cells that are ordered relatively in similar temporal order by both algorithms.
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Appendix 3: Expression profiles of SCDE differential expressed genes in clusters 1 and 2

Figure 3: Expression profiles of SCDE differential expressed genes in clusters 1 and 2. (a)
Expression profiles of the up-regulated genes in the first cluster plotted in two sets of clusters (cl1
and cl2,3,4). (b) Expression profiles of the up-regulated genes in the second cluster plotted in two
sets of clusters (cl2 and cl1,3,4). (a and b) Cells are color-coded based on the color of the clusters
(black: cluster 1, red: cluster 2, green: cluster 3 and blue: cluster 4). Mean expression and standard
deviation are indicated by the gray solid and broken lines, respectively.
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Appendix 4: Expression profiles of SCDE differential expressed genes in clusters 3 and 4

Figure 4: Expression profiles of SCDE differential expressed genes in clusters 3 and 4.
(a) Expression profiles of the up-regulated genes in the third cluster plotted in two sets
of clusters (cl3 and cl1,2,4). (b) Expression profiles of the up-regulated genes in the
fourth cluster plotted in two sets of clusters (cl4 and cl1,2,3). (a and b) Cells are colorcoded based on the color of the clusters (black: cluster 1, red: cluster 2, green: cluster 3
and blue: cluster 4). Mean expression and standard deviation are indicated by the gray
solid and broken lines, respectively.
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Appendix 5: Protein-Protein interaction networks

Figure 5: Protein-Protein interaction networks for the up-regulated genes in each cluster.
(a) Interacted up-regulated genes in the first cluster. (b) Interacted up-regulated genes in
the second cluster. (c) Interacted up-regulated genes in the third cluster. (d) Interacted upregulated genes in the fourth cluster.
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Appendix 6: Betweenness centrality and connectivity degree
Table 1: Betweenness centrality and connectivity degree between the genes in STRING network of
up-regulated genes detected by SCDE in the second cluster.

Cell Symbol

Betweenness centrality

Connectivity degree

MCM4
FEN1
RRM2
INO80D
MED9
RYBP
CHAF1B
HIST1H4C
SH3PXD2B
MAP3K3
HELLS
SFXN2
PCSK7
INO80
EP400NL
CDC6
MED26
AFAP1L1
MGAT4B
LMNB1
FLT1

0.3
0
0
0
0
0
1.3
0
1
0
3
0
0
4.3
0
0
0
0
0
0
0

6
5
6
1
1
1
6
4
2
2
6
1
1
4
1
8
1
1
1
1
1

38

Table 2: Betweenness centrality and connectivity degree between the genes in STRING network of
up-regulated genes detected by SCDE in the fourth cluster.
Cell Symbol
PLK1
CDC20
CDC27
UBE2C
FZR1
CCNB2
NDC80
KIF2C
CDCA8
KIF20A
TACC3
CCNB1
PRC1
CEP97
LMNB1
SLC30A6
SRPX2
HIST1H3D
CKAP2
AURKA
MAP3K3
ACTRT3
TUBB6
GNB1L
ZNF516
STK11IP
DUSP18
KIF22
SLC30A4
ADAMTS4
CORO1C
PPP5C
ZNF507
TAGLN
PRKCD

Betweenness centrality

Connectivity degree

27.2
6.2
0
3.3
5.5
5.6
7.9
0.9
0.9
1.2
0.2
2.2
1
0
0
0
0
0
1
0.6
0
2
9.3
0
0
0
0
0
0
0
0
0
0
0
0

18
15
10
16
13
16
17
14
14
15
12
16
14
1
7
1
1
4
13
17
2
4
5
2
1
1
1
14
1
1
1
2
1
1
1
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Appendix 7: Interaction networks predicted by FunCoup

Figure 7: Interaction networks predicted by FunCoup for the decision node genes, generated by
J48 and RPART (circles with black edges), and their master predicted interactor (red asterisk).
(a) Interactions of YWHAE gene. (b) Interactions of CCT4 gene. (c) Interactions of KPNB1
gene. (d) Interactions of CCT7 gene. (e) Interactions of RUVBL1 gene. (f) Interactions of UBC
gene. (g) Interactions of PCNA gene. (h) Interactions of NCL gene. (i) Interactions of RPN1
gene. (j) Interactions of PABPC1 gene. (k) Interactions of PPP1CA gene. (l) Interactions of
VDAC2 gene.
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