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2.0 Methods

2.1 Differentially Expressed Gene (DEG) Analysis

Overview of analysis workflow

2.1.1 Pre-processing of NGS Raw Reads
Paired-end  reads  are removed  of  low  quality  reads  (below  Phred  score  Q20)  and  sequence  adaptor  using
Cutadapt version: 1.18 (Martin 2011) implemented in trim-galore V0.650
(https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/).  Quality  of  clean  reads  are inspected  using
FastQC (version 0.11.8) and compiled into a single report using MultiQC V1.12 (Ewels et al. 2016). 

2.1.2 Alignment of Clean Reads
Clean reads are mapped onto the reference genome using STAR aligner V2.7.10a (Dobin et al. 2013). Detection
of chimeric reads is enabled in STAR by specifying the parameter –chimSegmentMin and --chimOutType Within
BAM.  Additionally,  the  following  recommended  settings  were  applied  to  improve  sensitivity  (-
outFilterMultimapNmax  50  --peOverlapNbasesMin  10  --alignSplicedMateMapLminOverLmate  0.5  --
alignSJstitchMismatchNmax  5  -1  5  5  --chimSegmentMin  10  HardClip  --chimJunctionOverhangMin  10  --
chimScoreDropMax 30 --chimScoreJunctionNonGTAG 0 --chimScoreSeparation 1 --chimSegmentReadGapMax 3
--chimMultimapNmax 50). 

2.1.2 Quantification and Normalization of Aligned Reads
Aligned RNA-seq reads in BAM format are quantified using featureCounts V2.0.1 (Liao, Smyth, and Shi 2014). 
This gene-level quantification approach utilizes a gene transfer format (GTF v36) containing gene models and 
count the number of reads that align to each gene (read count). In this study, DESeq2 (Love, Huber, and Anders 
2014)  is adopted to perform differentially gene expression (DEG) analysis. The tool takes featureCount output 
(raw counts) as input. Raw read counts are affected by factors such as transcript length (longer transcripts have 
higher read counts, at the same expression level) and total number of reads. Thus, to compare expression levels 
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between samples, raw read normalization is performed. DESeq2 performs an internal normalization where 
geometric mean is calculated for each gene across all samples.

2.1.3 Differentially Expression Testing
Prior to running DEG analysis, sample-level and gene-level QC are performed on the count data. At sample-
level QC, Principal Component Analysis (PCA) is constructed to identify any potential outliers. At gene-level QC,
genes that have zero or little mean read counts (less than 10) are omitted for downstream analysis. This will
increase the power to detect differentially expressed genes. DESeq2 fits negative binomial generalized linear
models for each gene and uses the Wald test for significance testing. DEGs that passed the following filters are
categorized as significant DEGs: p-adjusted value (padj) <0.05 and log fold change (lfc) >1 and <-1.

2.1.4 Functional Profiling and Pathway Analysis

ClusterProfiler V4.2.2 (Wu et al. 2021) is used to perform Over-Representation Analysis (ORA) and Gene Set 
Enrichment Analysis (GSEA) based on Gene Ontology (GO) and KEGG terms with human genome as model. 
Both methods are run with p-value=1 (legend shows gene enrichment with different p-value levels).  ORA is a 
statistical method that determines whether genes from a specific GO term or KEGG pathway are present more 
than would be expected (over-represented) in a subset of data. The significance of each pathway is measured by 
calculating the probability that the observed number of DEGs in a given pathway were simply observed by chance.
A pathway that contains significantly more than expected DEGs will more likely to be truly related to the given 
condition. However, this approach depends heavily on the criteria used to select the DEGs, including the statistical
tests and thresholds used. GSEA is designed to eliminate this dependency on the gene selection criteria by taking 
all gene expression values into consideration, including small but coordinated changes in sets of functionally 
related genes as they may also be important. GSEA results are further visualized in Gene Concept Network (GCN)
and Enrichment Map constructed using enrichplot (GuangchuangYu 2022). Gene concept network depicts the 
linkages of genes, GO terms or KEGG orthologs as network, allowing the visualization of genes involved in 
enriched pathways. Enrichment map, on the other hand, enrich these terms into network with edges connecting 
overlapping  gene sets. Finally, Pathview 1.34 (Luo and Brouwer 2013) is used to visualize the DEGS (non-
filtered) based on selected KEGG pathways. 

2.2 Fusion Gene Analysis (only for human genome)
2.2. Fusion Gene Calling
Arriba V2.1.0 (Uhrig et al. 2021) is used for fusion gene detection. Arriba is a command-line tool for the detection
of gene fusions from RNA-Seq data.  Arriba extracts the supplementary alignments evidence about translocations,
inversions,  duplications,  and  deletions  from  STAR  output,  follow  by  applies  a  set  of  filters  ( i.e.,
blacklist_hg38_GRCh38_v2.2.1,  known_fusions_hg38_GRCh38_v2.2.1)   to  remove  artifacts  and  transcripts
observed in healthy tissue. The final output is a list of fusion predictions which pass all of Arriba's filters. Filter
parameters applied are by default. Publication-quality visualizations of the transcripts involved in predicted fusions
is constructed using accessory R script from Arriba. This is only acheivable when a fusion gene is detected. 



3.0 Results and Discussion

1. QC 
For QC statistics of reads that passed QC:  Folder 1.QC>multiqc_report.html

2. mapping statistics
contains per sample raw read counts extracted using FeatureCounts

3. DESeq2_Pairwise_Comparison
contains  DESeq2  results  (i.e, DESeq2_UnfilteredResults),  filtered  DESeq2  results  (i.e.,  p<0.05  ,
DESeq2_SigResults),  read  counts  normalized  with  DESeq2  that  have  been  filtered
(NormalizedGeneCount_SigResults),  PCA plot  and  volcano  plot.  All  results  in  this  folder  are  for  pairwise
comparison between two groups of sample with appropriate study design.

DESeq2 results in excel sheet format allows cross checking of gene assignment 



 Interactive volcano plot and MA plot allow easy data exploration.

                                     Volcano plot

4. DESeq2_Pairwise_Correlation
contains  all  log2  transformed  DESeq2  normalized  count  (rlog),  Pearson  correlation  coefficient  of  samples,
constructed using log2 transformed DESeq2 normalized count (rlog_CorrCoeff), and the associated (1-CorrCoeff)
correlation heatmap.



5. DESeq2_Pairwise_Heatmap
contains log2 transformed of DESeq2 normalized count that are significantly enriched (rlog_Heatmap) and its
associated heatmap. Please note that a heatmap will not be generated if <2 genes are present.

6. GeneSet Enrichment
contains ORA and GSEA data and their associated barplots in KEGG term. 

                                                       Gene Set Enrichment Analysis



                       Gene Set Enrichment Analysis                                                                      ORA Analysis

7. GeneConceptNetwork
contains Enrichment  and Gene Concept Networks (GCN) in KEGG term.

                      Gene Concept Network                                                             Gene Enrichment Map



8. Pathview
contains visualization of up and downregulated genes (between two group of samples) identified using DESeq2 on
selected KEGG pathways.

9.DESeq2_All_Comparison (optional when there are more than 2 groups in the dataset)
Contains PCA plot,  heatmap and Pearson correlation of all  group of samples (>2 groups). Data used is log2
transformed of DESeq2 normalized read count. 

10. Fusion Gene Analysis Results
There are three key output files generated by Arriba for each sample. *fusions.tsv contains fusions which pass all
of Arriba's default filters. It should be highly enriched for true predictions. *fusions.discarded contains all events
that Arriba classified as an artifact or that are also observed in healthy tissue. All filters are enabled by default. The
column filters in the output file lists the filters that discarded the event or part of the reads supporting an event.
Both  files  can  be  opened  using  Microsoft  Excel.  Detailed  description  for  both  sample_fusions  and
sample_discarded is available at   
https://arriba.readthedocs.io/en/latest/.

File *sortedByCoord.out.bamcan be loaded to Integrative Genomics Viewer (IGV) to inspect the fusion to identify
alignment artifacts. Documentation of IGV is available at http://software.broadinstitute.org/software/igv/. By loading
the BAM into IGV, all  supporting reads of predicted fusions can be checked simply by pasting the breakpoint
coordinates into the location field separated by white-space.
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