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Supplementary Methods

RNA-seq Data Processing

>60 million read-pairs were sequenced per sample. Reads were evaluated by Fastqc (1)
and low-quality reads and adapters identified and removed using Trimmomatic (2).
Passing reads were aligned by STAR (3) with HG38 genome and Gencode V35 (hg38)
genomic annotation using ‘two-pass’ mode. Transcriptome was quantified by Salmon (4)
(Quasi-mapping mode) using Hg38 reference Genrome (a combined reference of Hg38
reference genome, Gencode V35 transcriptome and decoy sequences) with the following
parameters (K-mer=31, standard EM algorithm and ‘ValidateMappings’). Transcript-level

and gene-level expression was measured in transcript-per-million (TPM).

Alternative Splicing Analysis

To identify differentially spliced events, groups were compared using SUPPA2 (5), which
takes the transcript-level expression profile (generated from Salmon) and genomic
annotation to calculate the ‘Percentage of Spliced-In’ (PSI) for each sample and the
average splicing difference (APSI (dPSI)) between the two groups for each event (6). PSI
measures the splicing level of individual AS event with 0 being completely spliced and 1
being completely retained. Seven types of AS events were called (Figure 1A). High
quality differential spliced events were defined using TPM >1, P<0.05 from independent
(paired if two groups were from paired samples) T-test, >50% samples in either group
with detected junction reads (PSI #1), and |dPSI| >10%. Significant events that were
differentially spliced (P<0.05, independent t-test and |dPSI| >10%) compared to normal

BMPCs were kept (Supplementary Figure 1).



UMAP plots

SUPPAZ2 detects differential splicing by the expression ratio of transcript variants involved
in each AS event. We similarly used this ratio of expressed transcript variants (TPM>1)
involved in the top 1% most variable AS events across all samples as features to generate

UMAP plots.

Differential Gene Expression

Log2(TPM+1) transformation was applied to remove missing values and rescale
expression levels. Limma (7) was subsequently applied to identify differentially expressed
genes and estimate their fold changes, in which a moderated t-test was performed to
normalize bias among samples and correct the differential expression. Transcript-level
differential expression was performed in the same way. Differentially expressed genes
had a false discovery rate (FDR)<0.05, absolute logz-fold-change >0.48 (fold change >1.4

or <0.71), log2(TPM+1)>1 in comparisons.

Pathway analysis
GSEA(8) was used to perform pathway analysis for differentially expressed or spliced

genes. ‘Gene Ontology Biological Process’(9) was used as the pathway set.

Defined high and low activity group based on pathway activity

For the ‘ubiquitin’, ‘proteasome’, ‘spliceosome’, ‘homologous recombination’ and ‘non-
homologous end joining’ pathways, the gene set from KEGG was used. For the ‘DNA
repair’ pathway, the KEGG definition contained more than 500 genes so a signature of
17 genes defined for MM were used (10). For the ‘microhomology-mediated end joining

(MMEJ) pathway, no KEGG definition existed and so a previously published signature of



6 genes was used (11). Unsupervised hierarchical clustering was conducted for each of
the pathways across all samples based on the expression level of genes in the set
(Supplementary Figure 8). A complete list of differential pathway samples can be found

in Supplementary Table 6.

APOBEC annotation

APOBEC signature information on samples was taken from a previous publication
(Walker et al. Identification of novel mutational drivers reveals oncogene dependencies
in multiple myeloma, Blood 2018). In this respect, the dominant APOBEC signature was

utilized usually consisting of >30% APOBEC related mutations in the sample.
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