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Package design motivations

Main motivations which lead us to rewrite from scratch the three single sample methods implementations
(i.e. combined z-score, single sample GSEA and singscore) in hacksig are the following:

1. to keep as low as possible the number of package dependencies, favoring a tidyverse integration
(Wickham et al. 2019);

2. to implement additional options for the single sample GSEA procedure (not present in the GSVA
package), such as rank normalization as in the GenePattern module (see github.com/GSEA-
MSigDB/ssGSEA-gpmodule and the help page of the hack_sig() function) and a sample-wise score
normalization in [0,1] (see sample_norm = "separate" in hack_sig());

3. to create a unified and tidy interface for these methods.

An important consequence from point 1 is that common Bioconductor classes, such as SummarizedExperiment,
ExpressionSet or GeneSetCollection, are not supported (at the moment) (Huber et al. 2015). Hence,
inputs to hacksig functions are simple base R objects: matrices or data frames for expression data sets and
lists for gene sets. Nonetheless, if a consistent number of hacksig users will require a tighter integration
with the Bioconductor ecosystem, we will surely consider this for future developments of the package.


https://github.com/GSEA-MSigDB/ssGSEA-gpmodule
https://github.com/GSEA-MSigDB/ssGSEA-gpmodule

Implemented signatures

Table S1 lists all the 23 cancer transcriptomics signatures implemented in hacksig as of February 2022. The
Primary category column shows that most (17/23) of the signatures are immune-related. The Type of tumor
column shows for which types of cancer a signature was developed.

In order to give a unique name to each signature, we adopted the following convention:

e first author name of the original publication;
o year of publication;
o underscore followed by a keyword.

Exceptions are signatures for the CINSARC, ESTIMATE and Immunophenoscore methods (Chibon et al.
2010; Yoshihara et al. 2013; Charoentong et al. 2017).

All functions in hacksig get gene-level information (e.g. gene symbols, model weights) about the implemented
signatures from a hidden object called signatures_data:

hacksig:::signatures_data

## # A tibble: 878 x 8

#it signature_id signature_keywords gene_symbol gene_entrez_id gene_weight
## <chr> <chr> <chr> <chr> <dbl>
## 1 muro2016_ifng muro2016_ifng|ifng|inte~ CXCL9 4283 NA

## 2 muro2016_ifng muro2016_ifng|ifng|inte~ CXCL10 3627 NA

## 3 muro2016_ifng muro2016_ifng|ifng|inte~ IDO1 3620 NA

## 4 muro2016_ifng muro2016_ifng|ifng|inte~ IFNG 3458 NA

## 5 muro2016_ifng muro2016_ifng|ifng|inte~ HLA-DRA 3122 NA

## 6 muro2016_ifng muro2016_ifng|ifng|inte~ STAT1 6772 NA

## 7 fang2021_irgs fang2021_irgs|immune DEFB1 1672 -0.319
## 8 fang2021_irgs fang2021_irgs|immune EDNRB 1910 -0.418
## 9 fang2021_irgs fang2021_irgs|immune ADM 133 0.245
## 10 fang2021_irgs fang2021_irgs|immune BTC 685 0.710
## # ... with 868 more rows, and 3 more variables: signature_method <chr>,

## #  publication_doi <chr>, description <chr>

This object contains also the keywords used to obtain enrichment scores just for particular types of sig-
natures (e.g. signatures = "immune" in hack_sig()) and the score computation method used in the
original publication (e.g. average gene expression, weighted sum between gene expression values and model
coefficients).

The signatures_data R object will be updated whenever new signatures will be added to hacksig.

Comparison

Now, we will compare single sample methods implemented in our package with those in GSVA and singscore
(Hanzelmann et al. 2013; Foroutan et al. 2018). We will show differences in performance (i.e. computation
time) and type of output by considering a toy gene expression matrix (randomly generated gene expression
values for 20000 genes and 20 samples) included in hacksig and the 50 Hallmark gene sets (Liberzon et al.
2015).



Table S1: Cancer transcriptomics gene signatures implemented in hacksig.

Signature ID

Primary category

Typer of tumor

Description

Reference

estimate__immune

Immune

Solid cancers

Immune-related genes based on ESTIMATE
(Estimation of STromal and Immune cells
in MAlignant Tumours using Expression
data).

Yoshihara et al. (2013)

estimate_ stromal

Immune

Solid cancers

Stroma-related genes based on ESTIMATE
(Estimation of STromal and Immune cells
in MAlignant Tumours using Expression
data).

Yoshihara et al. (2013)

rooney2015_ cyt

Immune

Solid cancers

Genes giving a measure of immune cytolytic
activity in tumors.

Rooney et al. (2015)

ips__cp

Immune

Solid cancers

Co-inhibitory and co-stimulatory
biomarkers based on Immunophenoscore.

Charoentong et al. (2017)

ips__ec

Immune

Solid cancers

Infiltration of activated CD8+/CD4+ T
cells and Tem CD8+/CD4+ cells based on
Immunophenoscore.

Charoentong et al. (2017)

ips__mhc

Immune

Solid cancers

MHC class I/II and non-classical
biomarkers based on Immunophenoscore.

Charoentong et al. (2017)

ips__sc

Immune

Solid cancers

Infiltration of immunosuppressive cells
(Tregs and MDSCs) based on
Immunophenoscore.

Charoentong et al. (2017)

muro2016__ifng

Immune

Melanoma

Interferon gamma-related genes found to be
significantly associated with clinical
response to pembrolizumab in patients with
melanoma.

Muro et al. (2016)

ayers2017__immexp

Immune

Solid cancers

Immune expanded gene signature predicting
response to pembrolizumab in multiple
cancer types.

Ayers et al. (2017)

bai2019__immune

Immune

HNSCC-oral cavity

Immune/inflammatory-related prognostic
genes.

Bai et al. (2019)

she2020__irgs

Immune

HNSCC

Prognostic signature of immune-related
genes.

She et al. (2020)

1liu2020__immune

Immune

HNSCC

Immune-related genes associated to overall
survival.

Liu et al. (2020)

liu2021__mgs

Immune

HNSCC

Prognostic signature of myeloid-related
genes.

Liu et al. (2021)

1i2021_irgs

Immune

Thyroid cancer

Immune-related genes associated to
dedifferentiation and immune exhaustion.

Li et al. (2021)

qiang2021__irgs

Immune

HNSCC

Prognostic signature of immune-related
genes.

Qiang et al. (2021)

fang2021_irgs

Immune

HNSCC

Immune-related genes for survival
prediction.

Fang et al. (2021)

eschrich2009_ rsi

Prognostic/Predictive

Solid cancers

Genes aimed at predicting radiosensitivity.
A higher index correspond to a more
radioresistant patient.

Eschrich et al. (2009)

cinsarc

Prognostic/Predictive

Sarcoma

Signature (Complexity INdex in
SARComas) aimed at identifying high-risk
soft-tissue sarcomas and predicting
metastasis outcome.

Chibon et al. (2010)

eustace2013__hypoxia

Prognostic/Predictive

HNSCC-larynx

Hypoxia-related genes aimed at predicting
benefit from hypoxia-modifying treatment.

Eustace et al. (2013)

lohavanichbutr2013__hpvneg

Prognostic/Predictive

HNSCC-oral cavity

Signature prognostic of HPV-negative oral
squamous cell carcinoma.

Lohavanichbutr et al. (2013)

dececco2014__int172 Prognostic/Predictive HNSCC Signature aimed at stratifying HNSCC De Cecco et al. (2014)
patients in high/low risk of relapse.

wu2020__metabolic Prognostic/Predictive HNSCC Metabolic prognostic signature. Wu et al. (2020)

hu2021_ derbp Prognostic/Predictive HNSCC Prognostic signature of genes related to Hu et al. (2021)

RNA-binding proteins.




Performance

Every benchmark will be run on a single core even if all three packages support parallel computation. The
bench package (Hester and Vaughan 2021) will be used to run the functions 50 times each and compare
the results for the combined z-score, raw single sample GSEA (ssGSEA) and undirected singscore methods.
Benchmark results for the normalized ssGSEA and up-regulated singscore procedures will not be shown,
being these similar in performance to the raw ssGSEA and undirected singscore respectively.

From Figure S1, the ssGSEA and singscore implementations in the GSVA and singscore packages respectively
appear to be undoubtedly faster than those in hacksig.
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Figure S1: Benchmark times for hacksig versus GSVA/singscore implementations of combined z-score (A),
raw ssGSEA (B) and undirected singscore (C). Red crosses show median times.

Output

Every dot in Figure S2 represents an enrichment score for the 50 Hallmark gene sets in 20 samples, computed
both with hacksig and GSVA/singscore. Dots lay on the y = « line and hence output from the hack_sig()
function is equal to the corresponding GSVA and singscore counterparts.
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Figure S2: Enrichment scores comparison between hacksig and GSVA/singscore. Each panel shows enrichment
scores computed with hacksig (x—axis) and GSVA or singscore (y—axis) for 5 different procedures: combined
z-score (A), raw ssGSEA (B), normalized ssGSEA (C), undirected singscore (D), up—regulated singscore (E).

Reproducible code

This supplementary document was produced with rmarkdown (Xie et al. 2018). It is possible to reproduce
output and figures above by running the R code reported in this section.

library(hacksig)
library (GSVA)
library(singscore)
library(dplyr)
library(ggplot2)
library (patchwork)

theme_set (theme_bw())
theme_update ( element_blank())

# Store the Hallmark gene sets as a list of gene symbols

hallmark_list <- msigdbr::msigdbr( "Homo sapiens", "H") %>%
distinct(gs_name, gene_symbol) %>%
tidyr: :nest( c(gene_symbol)) %>%
mutate ( purrr: :map(genes,

purrr::compose(purrr: :as_vector, unname))) %>%
tibble: :deframe()

# Benchmarks of hacksig versus GSVA/singscore



res_zscore <- bench::mark(
hacksig = hack_sig(expr_data = test_expr,
signatures = hallmark_list,
method = "zscore"),
gsva = gsva(expr = test_expr, gset.idx.list = hallmark_list,
method = "zscore", verbose = FALSE),
iterations = 50, filter_gc = TRUE, check = FALSE

res_ssgsea <- bench: :mark(
hacksig = hack_sig(expr_data = test_expr,
signatures = hallmark_list,

method = "ssgsea", sample_norm = "raw"),
gsva = gsva(expr = test_expr, gset.idx.list = hallmark_list,
method = "ssgsea", ssgsea.norm = FALSE,

verbose = FALSE),
iterations = 50, filter_gc = TRUE, check = FALSE

ranked_expr <- rankGenes(test_expr, tiesMethod = "average')

hallmark_gsc <- purrr::pmap(
list(hallmark_list,
setlName = as.list(names(hallmark_list))),
GSEABase: :GeneSet

res_singscore <- bench: :mark(
hacksig = hack_sig(expr_data = test_expr,
signatures = hallmark_list,
method = "singscore", direction = "nomne"),
singscore = multiScore(rankData = ranked_expr,
upSetColc = hallmark_gsc,
knownDirection = FALSE),
iterations = 50, filter_gc = TRUE, check = FALSE

# Auziliary function to plot benchmark results
plot_bench <- function(results, title, rev = FALSE) {
p <- autoplot(results, color = "black",
type = "beeswarm",
alpha = 0.6, size = 3, width
stat_summary(fun = median,
color = "red", shape = 4, size = 1) +
geom_text (aes(expression, time, label = median),
data = results %>%
mutate(time = gsub('"m|s", "", median) %>%
as.numeric() %>%
ifelse(. > 100, . / 1000, .),
expression = as.character(expression),
median = as.character(median)),

0.1) +

size = 2,

nudge_x = 0.3, nudge_y = 0,



inherit.aes = FALSE) +
labs(x = NULL, title = title)
if (rev == TRUE) {

p <- p + scale_x_discrete(limits = c("singscore", "hacksig"))
}
P
}
# Figure S1

figla <- plot_bench(res_zscore, "Combined z-score")
figlb <- plot_bench(res_ssgsea, "Raw ssGSEA")
figlc <- plot_bench(res_singscore, "Undirected singscore", TRUE)

figla + figlb + figlc +
plot_layout(ncol = 2) +
plot_annotation(tag levels = "A",
caption = paste("Figure S1: Benchmark times for hacksig versus GSVA/singscore imple:

"raw ssGSEA (B) and undirected singscore (C). Red crosses show medi:
sep = "\n")) &

theme(plot.title = element_text(size = 10, face = "italic"),

plot.tag = element_text(face = "bold"))

# Compute scores with different methods in hackstig and GSVA/singscore
## Combined z-score
z_hacksig <- hack_sig(expr_data = test_expr, signatures = hallmark_list,

method = "zscore") %>%
tidyr::pivot_longer (-sample_id,
names_to = "sig", values_to = "hacksig_score")

z_gsva <- gsva(expr = test_expr, gset.idx.list = hallmark_list,

method = "zscore", verbose = FALSE) %>%
tO ®>h
tibble::as_tibble(rownames = "sample_id") %>%
tidyr::pivot_longer(-sample_id,
names_to = "sig", values_to = "other_score")

## Raw ssGSEA
ssgraw_hacksig <- hack_sig(expr_data = test_expr, signatures = hallmark_list,
method = "ssgsea", sample_norm = "raw") %>%
tidyr::pivot_longer(-sample_id,
names_to = "sig",

values_to = "hacksig_score")

ssgraw_gsva <- gsva(expr = test_expr, gset.idx.list = hallmark_list,
method = "ssgsea", ssgsea.norm = FALSE,
verbose = FALSE) %>%
tO) %%
tibble::as_tibble(rownames = "sample_id") %>%
tidyr::pivot_longer (-sample_id,
names_to = "sig", values_to = "other_score")
## Normalized ssGSEA
ssgnorm_hacksig <- hack_sig(expr_data = test_expr, signatures = hallmark_list,

method = "ssgsea", sample_norm = "all") %>%
tidyr: :pivot_longer (-sample_id,
names_to = "sig", values_to = "hacksig_score")



ssgnorm_gsva <- gsva(expr = test_expr, gset.idx.list = hallmark_list,
method = "ssgsea", ssgsea.norm = TRUE,
verbose = FALSE) %>%
tO %%
tibble::as_tibble(rownames = "sample_id") %>%
tidyr::pivot_longer(-sample_id,
names_to = "sig"
## Undirected singscore
singun_hacksig <- hack_sig(expr_data = test_expr, signatures = hallmark_list,
method = "singscore", direction = "none") %>%
tidyr::pivot_longer(-sample_id,

, values_to = "other_score")

names_to = "sig"

, values_to = "hacksig_score")
singun_singscore <- multiScore(rankData = ranked_expr,
upSetColc = hallmark_gsc,
knownDirection = FALSE) %>%
purrr: :pluck("Scores") %>%
tO) %%
tibble::as_tibble(rownames = "sample_id") %>%
tidyr: :pivot_longer (-sample_id,
names_to = "sig", values_to = "other_score")
## Up-regulated singscore
singup_hacksig <- hack_sig(expr_data = test_expr, signatures = hallmark_list,

method = "singscore", direction = "up") %>%
tidyr::pivot_longer(-sample_id,
names_to = "sig", values_to = "hacksig_score")

singup_singscore <- multiScore(rankData = ranked_expr,
upSetColc = hallmark_gsc,
knownDirection = TRUE, centerScore = FALSE) %>%
purrr: :pluck("Scores") %>%

tO) 5>k
tibble::as_tibble(rownames = "sample_id") %>%
tidyr::pivot_longer(-sample_id,

names_to = "sig", values_to = "other_score")

theme_set (theme_bw())
theme_update(plot.caption = element_text(hjust = 0))

# Auziliary function to plot and compare output from hackstig and GSVA/singscore
compare_pkgs <- function(res_hacksig, res_other, y_label, title) {
res_hacksig %>%
left_join(res_other, by = c("sample_id", "sig")) %>%
ggplot (aes(hacksig_score, other_score)) +
geom_abline(intercept = 0, slope = 1, linetype = 2, color = "red") +
geom_point(alpha = 0.7, size = 2) +
coord_equal() +
labs(x = "hacksig", y = y_label, title = title)

# Figure S2
fig2a <- compare_pkgs(z_hacksig, z_gsva, "GSVA", "Combined z-score")
fig2b <- compare_pkgs(ssgraw_hacksig, ssgraw_gsva, "GSVA", "Raw ssGSEA")



fig2c <- compare_pkgs(ssgnorm_hacksig, ssgnorm_gsva, "GSVA",
"Normalized ssGSEA")

fig2d <- compare_pkgs(singun_hacksig, singun_singscore, "singscore",
"Undirected singscore")

fig2e <- compare_pkgs(singup_hacksig, singup_singscore, "singscore",
"Up-regulated singscore")

fig2a + fig2b + fig2c +
fig2d + fig2e +

plot_layout( 3) +
plot_annotation( "AM,
paste("Figure S2: Enrichment scores comparison between hacksig and GSVA/s
"scores computed with hacksig (x-axis) and GSVA or singscore (y-axi
"z-score (A), raw ssGSEA (B), normalized ssGSEA (C), undirected sin,
"\n")) &
theme ( element_text ( 10, "italic"),
element_text( "bold"))
Session info
## - Session info --------—-— "'
## setting value
## version R version 4.1.2 (2021-11-01)
## os Ubuntu 20.04.4 LTS
## system  x86_64, linux-gnu
## ui X11
## language (EN)
## collate en_US.UTF-8
## ctype  en_US.UTF-8
## tz Europe/Rome
## date 2022-02-24
## pandoc 2.17.1.1 @ /usr/lib/rstudio/bin/quarto/bin/ (via rmarkdown)
##
## - Packages ———————-———————————-—— -
## package * version date (UTC) lib source
## annotate 1.72.0 2021-10-26 [1] Bioconductor
## AnnotationDbi 1.56.2  2021-11-09 [1] Bioconductor
## assertthat 0.2.1 2019-03-21 [1] CRAN (R 4.1.2)
## Dbabelgene 21.4 2021-04-26 [1] CRAN (R 4.1.2)
## beachmat .10.0  2021-10-26 [1] Bioconductor
## Dbeeswarm .4.0 2021-06-01 [1] CRAN (R 4.1.2)
## bench .1.2 2021-11-30 [1] CRAN (R 4.1.2)
## Biobase .54.0 2021-10-26 [1] Bioconductor

.40.0  2021-10-26 [1] Bioconductor
.28.3 2021-12-09 [1] Bioconductor
. 2021-10-26 [1] Bioconductor
.62.0 2021-10-26 [1] Bioconductor

## BiocGenerics
## BiocParallel
## BiocSingular
## Biostrings
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## Dbit 0.4 2020-08-04 [1] CRAN (R 4.1.2)
## bit64 0.5 2020-08-30 [1] CRAN (R 4.1.2)
## bitops .0-7 2021-04-24 [1] CRAN (R 4.1.2)
## Dblob 2.2 2021-07-23 [1] CRAN (R 4.1.2)
## cachem 0.6 2021-08-19 [1] CRAN (R 4.1.2)
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ggplot2
globals
glue

graph
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gtable
hacksig
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htmltools
httr
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knitr
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[1]
[1]
[1]
[1]
[1]
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[1]
[1]
[1]
[1]
[1]
[1]
[1]
[1]
[1]
[1]
[1]
[1]
[1]
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[1]
[1]
[1]
[1]
[1]
[1]
[1]
[1]
[1]
[1]
[1]
[1]
[1]
[1]
[1]
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[1]
[1]
[1]
[1]
[1]
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[1]
[1]
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CRAN (R
CRAN (R
CRAN (R
CRAN (R
CRAN (R
CRAN (R
CRAN (R
CRAN (R
CRAN (R .2)
CRAN (R .2)
CRAN (R 4.1.2)
Bioconductor
Bioconductor
Bioconductor
CRAN (R 4.1.2)
CRAN (R 1.2)
CRAN (R 4.1.2)

1

1

.2)
.2)
.2)
.2)
.2)
.2)
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CRAN (R .2)
CRAN (R .2)
CRAN (R 4.1.2)
Bioconductor
Bioconductor
CRAN (R 4.1.2)
CRAN (R 4.1.2)
Bioconductor

NN NN NS

Bioconductor
Bioconductor
CRAN (R 4.1.2)
CRAN (R 4.1.2)

Bioconductor

CRAN (R 4.1.2)
CRAN (R 4.1.2)
CRAN (R 4.1.2)
CRAN (R 4.1.2)
CRAN (R 4.1.2)
CRAN (R 4.1.2)
CRAN (R 4.1.2)
CRAN (R 4.1.2)
CRAN (R 4.1.2)
CRAN (R 4.1.2)
CRAN (R 4.1.2)
CRAN (R 4.1.2)
CRAN (R 4.1.2)
CRAN (R 4.1.2)
CRAN (R 4.1.2)
Bioconductor

CRAN (R 4.1.2)
Bioconductor

pillar 1.7.0
pkgconfig 2.0.3
plyr 1.8.6
png 0.1-7
profmem 0.6.0
purrr 0.3.4
R6 2.5.1
Rcpp 1.0.8
RCurl 1.98-1.6
readxl 1.3.1
reshape? 1.4.4
rhdf5 2.38.0
rhdfbfilters 1.6.0
Rhdf51ib 1.16.0
rlang 1.0.1
rmarkdown 2.11
RSQLite 2.2.10
rstudioapi 0.13
rsvd 1.0.5
rvest 1.0.2
S4Vectors 0.32.3
ScaledMatrix 1.2.0
scales 1.1.1
sessioninfo 1.2.2
SingleCellExperiment 1.16.0
singscore 1.14.0
sparseMatrixStats 1.6.0
stringi 1.7.6
stringr 1.4.0
SummarizedExperiment 1.24.0
svglite 2.1.0
systemfonts 1.0.4
tibble 3.1.6
tidyr 1.2.0
tidyselect 1.1.2
utfs8 1.2.2
vctrs 0.3.8
vipor 0.4.5
viridisLite 0.4.0
webshot 0.5.2
withr 2.4.3
xfun 0.29
XML 3.99-0.8
xml2 1.3.3
xtable 1.8-4
XVector 0.34.0
yaml 2.3.5
zlibbioc 1.40.0
[1] /home/andrea/R/x86_64-pc-linux-gnu-library/4.1
[2] /usr/local/lib/R/site-library
[3] /usr/lib/R/site-library
(4] /usr/lib/R/library
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