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1.1. TCGA and TCPA datasets

Transcriptomic and whole-genome exome sequencing data of TCGA (The Cancer Genome Atlas
Program) pan-cancer cohort were downloaded from cBioPortal (https://www.cbioportal.org/), and
only primary tumor samples and the matched normal tissue were included. Normalized level 3 data
of reverse phase protein array (RPPA) were downloaded from The Cancer Proteome Atlas (TCPA)
database (https://tcpaportal.org/tcpa/) [1], which quantified 216 proteins of cancer cell lines based on
the Broad Institute Cancer Cell Line Encyclopedia (CCLE) project
(https://portals.broadinstitute.org/ccle). Here, TCPA Level 3 data were utilized, and the proteomic
data normalization was processed as follows (For the details please refer to the FAQ section:

https://tcpaportal.org/mclp/#): 1) Calculate the median for each protein across all the samples. 2)

Subtract the median (from step 1) from values within each protein. 3) Calculate the median for each
sample across all proteins. 4) Subtract the median (from step 3) from values within each sample.

1.2. Drug response profile of NU7441

The drug sensitivity data of cancer cell lines in response to NU7441, a selective DNA-PKcs
inhibitor, were downloaded from GDSC (Genomics of Drug Sensitivity in Cancer) database
(https://www.cancerrxgene.org/). The sensitivity data were reflected using IC50 (half maximal
inhibitory concentration) values. Integrated correlation analysis of IC50 of NU7441 and protein array
data (from TCPA) across solid cancer cell lines was performed to reveal the proteins whose
expression correlates with the IC50 value of NU7441.

1.3. DNA-PKcs interactors

Protein-interacting data querying for PRKDC were downloaded from Agile Protein
Interactomes DataServer (http://cicblade.dep.usal.es:8080/APID/init.action), BioGRID (version 4.0;
https://thebiogrid.org/), and HitPredict (http://www.hitpredict.org/). Venn diagram was generated
using “VennDiagram” package in R software to display the intersection among these three datasets.
The proteins commonly interacting with DNA-PKcs were selected to explore their biological
functions, such as Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), using
the R package “clusterprofiler” [2]. Cnetplot was used to list gene names of the proteins enriched in
the GO pathway.

1.4. Tumor immune infiltrates

Tumor-infiltrating immune cell profiles across the TCGA pan-cancer cohort were downloaded
from TIMER (version 2.0), a comprehensive resource for systematic analysis of immune infiltrates
across diverse cancer types (http://timer.comp-genomics.org/) [3]. Curated immune subtype models

(C1-C6) were based on a previous study [4]. The genes contained in each signature were evaluated
using model-based clustering by p the “mclust” R package. Each sample was finally to be grouped
based on its predominance with the C1-C6 signature.

Cancers 2020, 12, 3389; doi: 10.3390/cancers12113389 www.mdpi.com/journal/cancers


https://www.cbioportal.org/
https://tcpaportal.org/tcpa/
https://portals.broadinstitute.org/ccle
https://tcpaportal.org/mclp/
https://www.cancerrxgene.org/
http://cicblade.dep.usal.es:8080/APID/init.action
https://thebiogrid.org/
http://www.hitpredict.org/
http://timer.comp-genomics.org/

Cancers 2020, 12, 3389 2 of 2

1.5. EMT and stemness signature score

Curated EMT (epithelial-mesenchymal transition) scored as the sum of a mesenchymal gene set
(FN1+VIM + ZEB1 + ZEB2 + TWIST1 + TWIST2 + SNAII + SNAI2 + CDH2) minus that of epithelial
genes (CLDN4 + CLDN7 + TJP3 + MUC1 + CDH1) [5,6]. The curated mRNA-based Stemness Scores
[7] derived by the Stemness group was used and downloaded from UCSC Xena [8].

1.6. Survival Analysis

Forest blots showing the survival analysis of cancer patients stratified by the gene expression of
PRKDC across the TCGA pan-solid cancer cohort. The “high” and “low” expression groups were
stratified by the optimal cutoff value using “survminer” and “survival” packages in R software
(version 3.6.3) [9-11]. p <0.05 was considered statistically significant.
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