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ABSTRACT

Living organisms are continuously challenged by
changes in their environment that can propagate
to stresses at the cellular level, such as rapid
changes in osmolarity or oxygen tension. To sur-
vive these sudden changes, cells have developed
stress-responsive mechanisms that tune cellular
processes. The response of Saccharomyces cere-
visiae to osmostress includes a massive reprogram-
ming of gene expression. Identifying the inherent
features of stress-responsive genes is of signifi-
cant interest for understanding the basic principles
underlying the rewiring of gene expression upon
stress. Here, we generated a comprehensive cata-
log of osmostress-responsive genes from 5 inde-
pendent RNA-seq experiments. We explored 30 fea-
tures of yeast genes and found that 25 (83%) were
distinct in osmostress-responsive genes. We then
identified 13 non-redundant minimal osmostress
gene traits and used statistical modeling to rank
the most stress-predictive features. Intriguingly, the
most relevant features of osmostress-responsive
genes are the number of transcription factors tar-
geting them and gene conservation. Using data on
HelLa samples, we showed that the same features
that define yeast osmostress-responsive genes can
predict osmostress-responsive genes in humans,
but with changes in the rank-ordering of feature-
importance. Our study provides a holistic under-
standing of the basic principles of the regulation of
stress-responsive gene expression across eukary-
otes.

INTRODUCTION

Sudden environmental changes, such as an increase in os-
molarity, affect all organisms and compromise cell fitness
and survival (1). Adaptive responses of Saccharomyces cere-
visiae to a broad range of stresses have been widely studied
due to its suitability as a model organism and its biotechno-
logical applications. A well-characterized stress in S. cere-
visiae is hyperosmotic stress -an increase in solute concen-
tration of the media—which has been used as a paradigm of
adaptive stress responses (2). Upon hyperosmotic stress, S.
cerevisiae cells display a global adaptive response by regu-
lating virtually all aspects of their physiology, including the
accumulation of the osmoprotectant glycerol and other os-
molytes, the regulation of cell cycle progression, and a mas-
sive reprogramming of gene expression. Central to this re-
sponse is the highly conserved High-Osmolarity Glycerol
(HOG) pathway, orchestrated by the Hogl /p38 Stress Ac-
tivated Protein Kinase (SAPK) (2).

Upon osmostress, mRNA biogenesis is perturbed. The
transcription, stability and translation of housekeeping
genes decrease while Hogl transiently accumulates in the
nucleus to trigger the expression of osmostress-responsive
genes (3). To induce osmostress-responsive genes, Hogl
stimulates transcription initiation directly associating with
target genes and promoting the recruitment of the chro-
matin structure remodeling complex (RSC), histone mod-
ifiers, and the transcriptional machinery (e.g. RNA pol
IT and specific transcription factors (TFs)) (3). Further-
more, Hogl promotes the transcriptional elongation of
osmostress-responsive genes (4,5). The massive transcrip-
tional response of yeast to stress, a phenomenon called
the environmental stress response (ESR), promotes proper
adaptation to several stresses. Essentially, the ESR com-
prises a set of genes commonly regulated by several inde-
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pendent stresses, such as oxidative, heat or osmotic stress
(6). The ESR includes the upregulation of genes involved in
energy-generating functions, detoxification, transport, and
molecular chaperones, as well as the downregulation of
genes related to growth processes, such as ribosome bio-
genesis and translation (7). Beyond the ESR, each type of
stress triggers a specific transcriptional signature. For in-
stance, osmostress induces the upregulation of genes related
to glycerol biosynthesis (6,8). The genome-wide relevance of
the ESR and the specific osmostress response were initially
defined using DNA microarray assays (e.g. (6,8)). Since
its first characterization, the hyperosmotic transcriptional
landscape has been updated with tiling arrays (e.g. (9)) and
RNA-seq (e.g., (5,10,11)).

The characterization of stress genes in terms of their bio-
physical and biochemical properties has remained elusive
and limited to certain features through direct or indirect ob-
servations. For instance, ESR-upregulated genes are gener-
ally less conserved (12), have long mRNA half-lives (13) and
long 5’UTRs (14). However, a systematic and comprehen-
sive study of the features characterizing stress-responsive
genes has not yet been performed. This is an important
step towards understanding gene expression regulation and
improving the tools used in synthetic biology and biotech-
nology. Moreover, it is unclear to what extent yeast and
mammalian stress-responsive genes are conserved and, akin
to yeast, there is a lack of a systematic characterization
of stress-gene features. This has particular implications in
biomedical research as stress responses are intrinsic to dis-
ease initiation or progression (15).

Here, we performed a transcriptome-wide comprehen-
sive interrogation of the features characterizing osmostress-
responsive genes. We identified a subset of 13 defining prop-
erties of osmostress genes and found that, although these
genes are not conserved from yeast to humans, the minimal
core features of yeast retain their predictive power for hu-
man genes.

MATERIALS AND METHODS
Yeast strains

Saccharomyces cerevisiae strain BY4741 (MATa his3-Al
leu2-A0 met15-A0 ura3-A0) and its derivative YGMOI
(HOGI::KanM X4) were used in this study.

Cell growth and stress

Wild-type and hogl mutant (YGMG61) strains were grown
to early log phase in the absence (control) or presence of 0.4
M NacCl for 15 min. For each condition, a total of 15 ml
of cells were harvested and flash-frozen in liquid nitrogen
prior to RNA extraction. For each condition, three biolog-
ical triplicates were done simultaneously.

RNA extraction and library prep

Total RNA extraction was done by hot phenol as reported
previously (9). The quality of the extracted total RNA was
assessed using a 2100 Bioanalyzer system (Agilent, 5067-
1511) with an RNA integrity score (RIN > §). Total RNA
was used to generate whole gene, strand-specific libraries.

Experiment 1 (this study #1). A total of 1 pg of RNA
was used for library preparation using the TruSeq stranded
mRNA v2 (Illumina) following manufacturer instructions.
Quality control of generated libraries was performed with
bioanalyzer and library quantification was done using the
KAP kit (KapaBiosystems) prior to sequencing on an Illu-
mina HiSeq2500 with 50 bp single-end reads.

Experiment 2 (this study #2). A total of 5 pg of RNA
were used as an input for the poly(A) selection module (Lex-
ogen SKU: 039.100), following the manufacturer’s instruc-
tions. Purified poly(A) RNA was used for library prep us-
ing the total CORALL RNA kit (Lexogen; SKU: 095.24),
following the manufacturer’s instructions. The number of
cycles of library amplification was determined using a 1:10
dilution of the resulting libraries using the PCR Add-
on for Illumina (Lexogen, SKU: 020.96). The resulting li-
braries were quantified by Qubit DNA High Sensitivity As-
say (Thermo Fisher, Q33230) and assessed using the Bio-
analyzer High Sensitivity DNA kit (Agilent, 5067-4626).
All libraries were pooled at an equimolar ratio and se-
quenced with a single read (x50 cycles) using an Illumina
HiSeq2500.

Read alignment and counting

S. cerevisiae. Sequencing reads were aligned to the S. cere-
visiae genome (Ensembl, R64-1-1 v89) using HISAT2 (16)
(v2.1.0) using the-rna-strandness parameter to account for
strand-specific information, which differed between the li-
braries. The ‘F’ and ‘R’ labels were used to indicate single-
end stranded and reversely stranded reads, respectively. For
paired-end libraries, we used ‘RF’ ((5): ‘R’; (10): ‘RF’; (11):
‘R’; This study #1: ‘R’; This study #2: ‘F’). Reads were as-
signed to gene-level features (Ensembl, R64-1-1 v89 GTF)
using featureCounts (17) (v1.5.1) in strand-specific mode (-
s 1 for stranded and -s 2 for reversely stranded reads; (5):
2; (10): 2; (11): 2; this study #1: 2; this study #2: 1). Ex-
periment 2 (this study #2) dataset reads contain unique
molecule identifiers (UMIs) that were not used for the anal-
ysis for consistency with the rest datasets. For non-coding
RNAs analyses, reads were assigned using the annotation
from (18) and (19), containing Cryptic Unstable Transcripts
(CUTs) and Stable Unnanotated Transcripts (SUTs).

Homo sapiens. Data from osmostressed (100 mM NacCl,
3 h) HeLa cervical cancer cells (20) were obtained from
GEO (https://www.ncbi.nlm.nih.gov/geo/) under accession
number GSE117699. Sequencing reads (reversely stranded)
were aligned to the Homo sapiens genome (UCSC, hg38)
using Tophat2 (21) (v2.1.0). Reads were assigned to gene-
level features (GENCODE v24 GTF) using featureCounts
(17) (v1.5.1) in strand-specific mode (-s 2). Processed raw
counts from T47D breast cancer cells (22) upon hyperos-
motic stress (110 mM NacCl, 3 h) were obtained from GEO
under accession number GSE111904. Processed raw counts
from HEK 293 human embryonic kidney cells (23) upon hy-
perosmotic stress (80 mM KCI, 1 h) were obtained from
GEO under accession number GSE152059. HeLa oxidative
stress (60 M H,0O,, 8 h) and endoplasmic reticulum (ER;
0.5 pg/ml tunicamycin, 8 h) stress data (24) were down-
loaded from GEO under accession number GSE113171.
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HeLa hypoxia (1% oxygen, 16 h) data (25) were downloaded
from https://osf.io/4a6tg/.

Definition of stress-responsive genes

S. cerevisiae. The catalog of osmostress-responsive genes
in yeast was defined using differential expression anal-
ysis, performed with DESeq2 (26) (v1.26.0). Raw read
counts from the five different experiments were com-
bined and analyzed to assess the effect of the NaCl treat-
ment while accounting for between experiment variabil-
ity: ~experiment + stress_treatment. Genes displaying an
FDR < 0.05 and llog,(fold change)l > 1 were included in
the catalog. As part of the quality control, batch effect re-
moval for principal component analysis (PCA) was per-
formed with the removeBatchEffect function from limma
(27) (v3.42.2).

Homo sapiens. Hela, T47D and HEK293 RNA-seq
raw counts were analyzed individually with DESeq2
(26) (v1.26.0) with a single factor experimental design:
~stress_treatment. Differentially expressed genes were de-
fined as genes displaying an FDR < 0.05 and llog,(fold
change)l > 1.

Definition of Hogl dependency

Hogl-dependent genes were defined with yeast cells lacking
Hogl by using DESeq?2 (v1.26.0) with the following design
with interaction term: ~hogl _genotype + stress_condition
+ hogl _genotype:stress_condition. We selected genes with
FDRinteraction = 0.05 and |10g2(f01d Changeinleraction)l > 0.25
that overlapped with stress-upregulated genes and stress-
downregulated genes defined in the same experiment, en-
forcing opposite logy(fold change) directions (i.e., we con-
sidered genes less upregulated and less downregulated in
HOG! KO).

Functional enrichment analysis

Functional enrichment analysis of osmostress-responsive
consensus genes was performed using g:Profiler (https://biit.
cs.ut.ee/gprofiler/gost) (28) with default settings. Results
for GO:Biological Processes were downloaded in Generic
Enrichment Map format and visualized with the Enrich-
mentMap (29) app for Cytoscape (30).

Gene features characterization: S. cerevisiae

Features of genes were collected from previous publications
and online sources or collected for the first time for this
study. Full details of features already known can be found
in the corresponding publications.

Features related to the 5UTR and 3’UTR sequences
were computed based on the annotation of (31), which
was downloaded in GFF3 format from the SGD genome
browser.

Broad conservation (32). A measure of the number of
species in which a gene has orthologs. The higher the num-
ber, the more conserved a gene is through evolution in the
86 species considered. Orthology relationships were derived
from InParanoid (33) (v7).

NAR Genomics and Bioinformatics, 2022, Vol. 4, No. 1 3

Codon adaptation index (CAI) (32). Reflects the degree
of similarity in codon usage of a gene towards the codon
usage of highly expressed genes.

Codon pair bias (this study). A measure of the bias in the
frequency of specific codon pairs (dicodons) given the fre-
quency of their individual codons. To compute this mea-
sure, we implemented the formulas given by (34), (Sup-
plementary Figure S1 in the original manuscript) in R.
Briefly, we first computed a Codon Pair Score that indicates
whether a given dicodon is over- or under-represented in
the yeast coding genome. We then averaged the Codon Pair
Score of each dicodon of a gene to generate the per-gene
codon pair bias score.

Non-synonymous to synonymous substitution (dN[dS) (32).
A measure of gene conservation. Represents the ratio of
non-synonymous over synonymous mutations for coding
regions of S. cerevisiae as compared to sensu strictu yeast
species (S. paradoxus, S. bayanus and S. mikatae).

GC content (this study). Measured as the percentage of G
and C occurrences in a given sequence. For simplicity of use,
we applied the str_count() function from the seqinr package
(35) (v4.2.4).

mRNA length (this study). Computed using base R. Rep-
resents the number of nucleotides within the CDS of a gene
(from start to end codon) using the Ensembl, R64-1-1 v89
annotation. 5’UTR and 3’UTR length were computed us-
ing the annotation of (31).

Effective number of codons (Nc) (32). A measure of
codon usage bias that quantifies the departure of codon us-
age of a gene from equal usage of synonymous codons. Low
Nc values indicate strong codon bias and high values indi-
cate low bias.

Genetic interaction degree (32). Number of genetic con-
nections of a gene derived from combinatorial perturbation
genetics experiments.

Fitness defect (32). A score that reflects the effect of the
genetic perturbation of a gene on cell growth.

Yeast conservation (32). Analog measure of broad con-
servation but restricted to a set of 23 Ascomycota fungi.

Co-expression degree (32). Number of genes co-expressed
with a given gene, obtained from a co-expression network.
Only genes above the 95th percentile in co-expression were
considered.

Distance-to-median  (DM)  (this study). A mean-
independent measure of RNA abundance variability
in yeast single-cell RNA-seq data (36). We normalized
single-cell RNA-seq data with median-based size factors
using the computeSizeFactors() function from DESeq?2 (26)
(v1.26.0). We then computed distance-to-median using the
DM() function from the scran package (37) (v1.14.6). This
measure removes the relationship between CV? and mean
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expression of an RNA by fitting a median-based trend
to the log-transformed CV? against the log-transformed
mean.

Expression level (32). A measure of RNA abundance in
S. cerevisiae growing in basal conditions using high-density
oligonucleotide arrays.

Expression variation (32). A measure of the variance in
the expression of a gene across different microarray experi-
ments, including distinct growth conditions and replicates.

mRNA half-life (13). A measure of the time needed to re-
duce the abundance of a given mRNA by half, which was
determined using metabolic labeling with 4-thiouracil (4-
TU).

Number of transcription factors (this study). Total number
of transcription factors associated with a given gene accord-
ing to the YEASTRACT database (38) with documented
evidence (DNA and expression evidence). TF motif discov-
ery analysis of Hogl-dependent genes was performed us-
ing the HOMER tool (39) (v4.11.1). We looked for known
TF motifs 400 bp upstream of Hogl-dependent genes us-
ing Hogl-independent genes as a background. TF motif en-
richment analysis of osmostress-upregulated SUTs was per-
formed using the AME tool from the MEME suite (40). The
enrichment was performed considering 200 bp upstream of
SUTs from the YEASTRACT database (38) using shuffled
input sequences as control (default for AME).

PARS score (41). Measures the degree of RNA sec-
ondary structure as captured by deep sequencing of the
RNA treated with structure-specific enzymes. Here we dis-
played the mean PARS score per gene, where higher scores
indicate higher structure.

Variance stabilized transformation (VST ) residual variance
(this study). Another alternative measure of RNA abun-
dance variability. It is the residual variance from a regu-
larized negative binomial regression, computed on yeast
single-cell data (42) using the vst() function from the sc-
transform package (43) (v0.3.1).

Protein  disorder (32). Proportion of unstructured
residues of a protein, as computed by Disopred?2 (44).

Prionic properties (45). A measure of the prion-like char-
acter of a protein predicted by a hidden-Markov model al-
gorithm trained on experimentally determined prion pro-
teins. Briefly, Prion-Like AminoAcid (PLAAC) software
(46) identifies prion sub-sequences inside a protein and gen-
erates a per protein log-likelihood ratio (LLR) score. For
S. cerevisiae we used the already precomputed table for the
whole proteome on the PLAAC webpage (http://plaac.wi.
mit.edu/Scer-all-proteins-2014--05--17 xIs).

Multifunctionality (32). A measure of the number of
functions carried out by a protein defined as the number
of GO terms associated with it.

Number of domains (32). Number of regions of a protein
identified as domains by Pfam.

Number of unique domains (32). Number of unique pro-
tein domains defined by Pfam after filtering out repeated
domains within a protein.

Protein-protein interaction degree (PPI) (32). Number
of physical interactions of a given protein reported in Bi-
oGRID v.2.0.58 (47) restricted to the following terms:
Affinity Capture-MS, Affinity Capture-RNA, Affinity
Capture-Western, Biochemical Activity, Co-crystal Struc-
ture, Co-fractionation, Co-localization, Co-purification,
Far Western, FRET, PCA, Protein-peptide, Protein-RNA
and Reconstituted Complex and Two-hybrid.

Relative synonymous codon usage (RSCU) (48). Measure
of non-uniform codon usage of synonymous codons. RSCU
values are the number of times a particular codon is ob-
served, relative to the number of times that the codon would
be observed for a uniform synonymous codon usage (i.e. all
the codons for a given amino-acid have the same probabil-

ity).

Interpro domains

Interpro domains associated to genes were downloaded
through the BiomaRt’s getBm function (49) (v2.45.9). En-
richment of a given Interpro domain in stress-upregulated
or downregulated genes was assessed with an hyperge-
ometic test.

Gene features characterization Homo sapiens

As humans have a more complex transcriptome annotation
than yeast, with some genes having several annotated tran-
scripts per gene, we decided to keep only the main tran-
script per gene by selecting ‘principal’ transcripts from the
APPRIS annotation (50) accessed through the BiomaRt’s
getBm function (49) (v2.45.9). CDS, 5’UTR and 3’UTR se-
quences were obtained using the getSequence function (49)
from BiomaRt() (v2.45.9). The set of features gathered for
humans was restricted to those deemed important in the
modeling approach in yeast.

Broad conservation (this study). As in yeast, we computed
the number of species in which a human gene has an or-
tholog, for a total number of 100 species. To this end, we
used the ‘hom.Hs.inp.db’ Bioconductor package (33) (v7).

Codon pair bias (this study). Computed as for yeast.
GC content (this study). Computed as for yeast.

mRNA length (this study). Computed using base R. Rep-
resents the number of nucleotides contained within 5’UTR,
3’UTR and start and end codons from GRCh38.pl13
genome assembly annotation downloaded from Ensembl
v101 (ensemble release).

Distance-to-median (this study).. Computed as for yeast
using HeLa single-cell dataset (51). GEO database acces-
sion number: GSE129447.
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mRNA half-life (52). Data obtained from (52), using
BRIC-seq. Briefly, this methodology labels RNAs with 5’-
bromo-uridine and then measures the decrease in RNA lev-
els with sequencing.

Number of transcription factors (this study). To-
tal number of unique transcription factors associ-
ated with each gene extracted from ENCODE. For
its computation, a set of regulatory interactions for
181 TFs was downloaded from Harmonizome (53);
(https://amp.pharm.mssm.edu/static/hdfs/harmonizome/
data/encodetfppi/attribute_set_library_crisp.gmt.gz).

Protein disorder (this study). Proportion of unstructured
residues in a protein obtained from the Database of Disor-
dered Proteins Predictions (D2P2) (54). The D2P2 database
gathers the results of several protein structure prediction
software packages. We accessed the whole D2P2 program-
matically using the fromJSON() function from the rjson
package (v0.2.20) and then parsed the json objects to obtain
disordered residues. Residues were considered disordered
when there is a consensus between > 75% of the predictors
in the D2P2 database at a given position. We selected the
longest protein isoform possible per gene and used human
gene identifiers from Ensembl v63 for compatibility with
D2P2.

PPI degree (this study). As for yeast, a measure of
the number of interactors of a given protein obtained
from BioGRID (47) (v.3.5.181). We downloaded the
whole BioGRID dataset (https://downloads.thebiogrid.
org/File/BioGRID/Release- Archive/BIOGRID-3.5.181/

BIOGRID-ALL-3.5.181.tab2.zip) and processed it with R
to keep the same experimental evidence as for yeast and to
consider only human interactions (taxonomy id: 9606).

Comparison of stress features

We assessed differences in the values of the features be-
tween osmostress-responsive genes (upregulated and down-
regulated) and unresponsive genes using pairwise Wilcoxon
tests with the pairwise.wilcox.test R function. We computed
FDR for multiple testing correction with p.adjust(method
= ‘fdr’) R function. We then summarized the results in cate-
gories (‘Equal’, ‘Lower’ and ‘Higher’) based on the median
value of the feature in each group and the result of the test
(FDR < 0.05). We assigned ‘Higher’ if FDR < 0.05 and
the value of the feature in the stress group was higher than
the value in the unresponsive group. We assigned ‘Lower” if
FDR < 0.05 and the value of the feature in the stress group
was lower than the value in the unresponsive group. The re-
maining features were assigned the ‘Equal’ label.

Stress features filtering for modeling

Multinomial logistic regression requires comprehensive ob-
servations (i.e. each feature to be measured in each gene)
and low levels of collinearity. For the 30 features in yeast,
there were complete observations for only 1164 genes.
Moreover, some of these observations were related or re-
dundant (e.g. the complementary measures of RNA abun-
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dance variability or mRNA abundance and codon adapta-
tion index). We performed a pairwise correlation analysis
between the features and discarded those with a Pearson
correlation >0.35, removing the feature in the pair with the
lowest number of observations. We selected broad conserva-
tion instead of yeast conservation (same number of obser-
vations) since broad conservation comprises more species
and is more informative. We chose DM over VST resid-
ual variance, since, in our data, this measure better removes
the relationship of mRNA abundance variability with mean
expression. We further removed fitness and PARS scores
(5’UTR and 3’UTR) because they have the lowest number
of observations (3466, 2679 and 2882, respectively) and sig-
nificantly impact the number of complete observations for
modeling. Finally, we removed co-expression degree, a fea-
ture expected to be strongly associated with the stress genes,
that we used as positive control for the modeling. We used
the resulting set of 13 unique features for modeling, with
higher information content, for a total number of 3828 com-
plete observations. Pairwise Pearson correlations were com-
puted using the rcorr(type = ‘Pearson’) function from the
Hmisc (v4.4.2) package.

Stress feature modeling

We used (Multinomial) logistic regression and random for-
est models for both S. cerevisiae and H. sapiens using
features as predictors for classifying genes in three cate-
gories: upregulated, downregulated or unresponsive. For
each model, we assessed the performance of the model
and the relevance of the features. When performance was
measured, we divided the data into 70% training and 30%
testing. The performance of the model was measured by
the Area Under the Curve (AUC) of the receiver operat-
ing characteristic (ROC) curve using prediction(), perfor-
mance() and plot() functions from the ROCR package (55)
(v1.0.11). The importance of the features was assessed dif-
ferently for multinomial logistic regression and random for-
est models:

Multinomial logistic regression

Multinomial regression was performed with the multinom()
function from the nnet package (56) (v7.3.14). Logistic
regression was performed with the glm(family = bino-
mial(link = ‘logit’)) function from the stats package. We
used the following three approaches to assess the impor-
tance of the features:

AIC of the univariable model.  We fitted a model for each
feature and used the Akaike information criterion (AIC) to
compare the features.

AIC of the multivariable model (leave-one-out approach).
We fitted a model with all the features, registered the AIC
and then compared it with the AIC of the model after leav-
ing a feature out.

Coefficient of the multinomial regression. We fitted a mul-
tivariable model with the scaled data and compared the
coefficient of the multinomial regression for each feature.
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This coefficient indicates the increase or decrease in the log-
likelihood of a gene being predicted as stress-responsive
(upregulated or downregulated) over unresponsive with an
increase of one (scaled) unit in the feature.

Random forest

Random forest modeling was performed using the random-
Forest(importance = T) function from the randomForest
package (57) (v4.6.14). The importance of the features was
measured as the mean decrease in the accuracy of the model
after permuting the values of each feature.

TCGA data analysis

The Cancer Genome Atlas (TCGA) level 3 RNA-seq and
copy number alteration (CNA) data were downloaded from
Broad GDAC Firehose (https://gdac.broadinstitute.org/),
release 2016-01-28. The RNA-seq data contain the scaled
estimate expression for each type of sample and tumor type,
which we rounded to an integer number for subsequent use
with DESeq2. We kept only tumor-normal matched sam-
ples and only primary solid tumors (n = 1484) by using
TCGA barcodes (01 and 11 for sample types). We then
performed differential expression analysis with DESeq?2 for
each tumor with a paired design: ~patient + condition.
The CNA data describes homozygous and heterozygous
loss, copy number neutral, and low and high gain states.
CNA proportion was computed by dividing the number of
samples with CN alterations (amplification and deletion)
by the total number of samples considered. Fold changes
and CNA proportion were graphically represented with the
Heatmap() function from the ComplexHeatmap package
(58) (v2.2.0).

RESULTS

OsmoAtlas: a comprehensive catalog of osmo-responsive
transcriptome

To study features that define osmostress-responsive genes
in yeast, we first created a comprehensive catalog of tran-
scripts whose expression is regulated in response to os-
mostress. We generated two independent RNA-seq datasets
of cells subjected or not to osmostress (0.4 M NaCl, 15 min).
Moreover, we collected data from three published RNA-seq
datasets performed in triplicates with identical experimen-
tal conditions and genetic background (BY4741) (5,10,11).
This dataset is a high replicate compendium, with a total
of 30 samples (15 per condition) (Figure 1A). This experi-
mental design captures the highest expression peak of the
osmoadaptive response, which is turned on and off within
30 minutes, coinciding with activation/phosphorylation of
Hogl and its nuclear localization. We performed an inte-
grative approach to correct for sample bias and found that
samples in a principal component analysis (PCA) showed
clear stress-dependent clustering, where an osmostress sig-
nature drove the variance in the data up to 96% when con-
sidering ORFs and 51% when considering ncRNAs (Sup-
plementary Figure S1A and B). To generate a complete
gene catalog, we included both protein coding (ORFs) an-
notated in the yeast genome (saccer3, SGD) together with

non-coding (ncRNAs). These include stable unannotated
transcripts (SUTSs) and cryptic unstable transcripts (CUTs)
from steady-state conditions (18) and upon osmotic stress
(19). We defined as osmostress-responsive those transcripts
whose expression shows at least a 2-fold differential expres-
sion upon NaCl treatment considering all the datasets to-
gether (see Materials and Methods).

The OsmoAtlas yielded a high-confidence osmostress-
consensus list of upregulated (683 ORFs; 103 ncRNAs) and
downregulated (652 ORFs, 63 ncRNAs) transcripts (Fig-
ure 1B and Supplementary Figure S1C). We uncovered that
8.7% of ncRNAs were differentially expressed upon stress
(upregulated: 103, downregulated: 63). This ratio was simi-
lar to the one observed for the coding transcriptome (18.7%
of osmo-regulated genes) (Supplementary Tables 1 and 2),
indicating a highly dynamic and proportional regulation
of the non-coding transcriptome upon stress. We also de-
fined a control gene set (unresponsive) with genes with un-
perturbed expression during stress (5629 genes) (Figure 1B,
Supplementary Table 1). The whole catalog correlates with
previously published microarrays (Supplementary Figure
S1D; Spearman’s tho = 0.75) (6) or tiling arrays (Supple-
mentary Figure S1E; Spearman’s rho = 0.69) (9) performed
in similar experimental conditions.

We further characterized the catalog of osmostress-
responsive ORFs in terms of annotated cellular functions.
Expected categories such as carbohydrate metabolism, re-
sponse to stimulus and phosphorylation were enriched in
upregulated genes, while gene expression and translation-
related processes were enriched in downregulated genes (7)
(Figures 1C and 1D). In addition, functions such as au-
tophagy and eisosome assembly, which have been linked to
osmostress (59,60), were also found enriched in upregulated
genes (Figure 1D). These functions are not equally repre-
sented across previous transcriptome-wide studies, thus in-
dicating the high-resolution and comprehensiveness of our
gene catalog. This upgraded catalog of osmo-responsive
genes serves to define common features of osmostress-
responsive genes with high statistical power.

Stress-responsive genes display different features at all levels
of gene expression

To identify the intrinsic features of osmostress-responsive
genes, we compiled a comprehensive set of 30 gene features
(Figure 2A), 9 of which were computed in this study and
21 obtained from public data sources (Supplementary Table
3). We classified these features on the basis of their associa-
tion to DNA (rn = 14), RNA (n = 10) or protein (n = 6).
We then compared them between osmostress-responsive
genes (up- and down-regulated) and unresponsive genes us-
ing a pairwise Wilcoxon test. We found that 25/30 features
(83%) were significantly different (FDR < 0.05; see Mate-
rials and Methods) for at least one group of osmostress-
responsive genes (up- or down-regulated) and 16 of those
(53%) were significantly different in both gene groups (up-
and down-regulated) (Figure 2A and S2A; Supplementary
Table 4). For example, broad conservation—a measurement
of conservation across 100 species from yeast to humans-
showed low values in upregulated genes and high values in
downregulated genes, as compared to unresponsive genes
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Figure 1. A high confidence, RNA-seq-based catalog of osmostress-responsive genes. (A) Experimental and computational outline of the generation and
characterization of the catalog. (B) Volcano plot showing the number of genes that pass the criteria (llog(fold change)l > 1 and FDR < 0.05) to be
included in the catalog of consensus upregulated or downregulated genes. Positive controls are placed in the graph and, as expected, they appear as the
most upregulated genes. Genes upregulated upon stress are shown in red and those downregulated in green. C-D) Functional enrichment regarding GO:
biological Process of osmostress-responsive (C) downregulated and (D) upregulated genes compared to unresponsive genes. Nodes represent functional
terms and their size reflects the size of the term. Nodes are connected if they share a significant number of genes. Significantly enriched terms are clustered
by similarity and then manually annotated. Color-filled circles represent FDR values from functional enrichment analysis. Darker colors represent smaller
FDR values. Panel (A) has figures created with BioRender.com.
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Figure 2. Stress-responsive genes display different features in all levels of regulation. (A) Heatmap summarizing the results for individual Wilcoxon tests
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of a given feature in each group of genes.

(Figure 2B). Interestingly, the dN/dS ratio (ratio of non-
synonymous over synonymous mutations) of osmostress-
responsive genes within S. cerevisiae and 3 closely related
species was generally lower than the dN/dS ratio of unre-
sponsive genes thus indicating higher conservation of stress
genes between proximate species (Figure 2A and S2A).
Remarkably, overall, the number of unique transcription
factors targeting a gene (TFs), co-expression degree and
gene-expression variation of osmostress-responsive genes
were high compared to unresponsive genes (Figure 2A, 2B
and S2A). Thus, with this analysis, we recover known fea-
tures of stress genes (12-14), which proves the robustness
of our analysis, and identify new features of osmostress-
responsive genes. These results suggest that osmostress-
responsive genes have evolved distinct features.

To provide a more detailed picture of osmoresponsive
genes, we have assessed other features benefiting of a high-
level of granularity. In this regard, we measured individ-
ual codon usage (48) in the top 500 most expressed genes
(highly optimized for translation), and compared it with un-
responsive, downregulated, and upregulated genes. As ex-
pected, highly expressed genes showed a specific codon us-
age. Interestingly, osmoresponsive genes, albeit being re-
pressed under steady-state conditions, displayed a simi-

lar codon usage to unresponsive and downregulated genes
(Supplementary Figure S2B). Furthermore, we explored
the distribution of stress genes across chromosomes and
found practically even distribution for all of them (Supple-
mentary Figure S2C). We further characterized the land-
scape of RNA structure at the nucleotide level by analyz-
ing PARS score distribution across 20 nt window, instead
of the mean PARS score per gene. We observed a higher
structure of downregulated CDS mRNA and a more disor-
dered structure of upregulated CDS mRNAs. As previously
reported, UTR regions displayed less secondary structure
than coding regions, whereas the start codon displayed min-
imal PARS score, consistent with an increased accessibil-
ity. While an increase in structure at the coding regions
was expected, downregulated genes were more structured
than upregulated genes, for which the periodicity in struc-
ture observed in the first 200 nt was inverse (Supplemen-
tary Figure S2D). Last, we explored the diversity of pro-
tein domains within differentially expressed genes. By ap-
plying a hypergeometrical test using annotated InterPro do-
mains (61) we found that, in addition to the expected motifs
related to stress-upregulated genes (sugar/inositol trans-
porter and heat shock protein, among others), all five yeast
proteins that contain the UBX domain together with sev-
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eral arrestin-like domain appeared enriched in upregulated
genes (Supplementary Figure S2E). Thus, it could be plau-
sible that UBX or arrestin-like domains could contribute
osmoadaptation with yet uncharacterized mechanisms.

Statistical modeling ranks the most distinctive features of
stress genes

We used a data-driven approach to identify and rank the
key features of osmostress-responsive genes. To this end, we
trained a multinomial logistic regression model to classify
genes into three categories: upregulated, downregulated or
unresponsive, using gene features as predictor variables. We
then evaluated the contribution of each feature to the model
in terms of the AIC or by using coefficients of regression
(Figure 3A).

Before fitting our models, we filtered predictor variables
by balancing two aspects related to gene features: given the
complexity of eukaryotic genomes, certain features are cor-
related between each other (e.g. codon adaptation index
and mRNA structure), which may introduce bias due to
collinearity issues and some of the features are not available
or measured for all genes, yet the regression model needs
complete observations (i.e. only 1164 genes display com-
plete observations for all 30 features). Therefore, we prior-
itized modeling of only non-redundant features that were
measured for the largest number of the genes (Figure 3A).
We calculated the pairwise Pearson correlation among all
features and retained the feature with the greatest number
of observations when the correlation coefficient of the pair
exceeded 0.35 (Supplementary Figure S3A) (see methods).
This resulted in 13 unique ‘minimal features’ with high in-
formation content measured in a set of 3828 out of a total
of 6692 genes (i.e. 57% of the yeast genes).

Next, we applied various multinomial logistic regres-
sion models to the ‘minimal feature set’. The multivariable
model (MVM), which includes all the ‘minimal features’,
showed an AUC of the ROC curve of 0.71 for unresponsive
genes, 0.73 for downregulated genes and 0.74 for upregu-
lated genes (Figure 3B), thus indicating predictive perfor-
mance with just the ‘minimal features’. To assess the speci-
ficity of our model to osmoresponsive or ESR genes, we
created a set of osmoresponsive-independent ESR genes by
gathering ESR genes defined by (6) and removing the os-
mostress genes defined in the same study (sorbitol 1M, 15
min). We obtained AUCs of 0.67 and 0.68 for ESR genes
not classified as osmostress-responsive, pointing to the po-
tential generalization capabilities of the model (Figure 3B),
hence suggesting that ESR genes share intrinsic properties
to enable their multilayered regulation.

We subsequently assessed the individual contribution of
these features and ranked them on the basis of their contri-
bution to the quality of the MVM with a leave-one-out ap-
proach. Briefly, we removed one feature at a time from the
model and measured the change in the AIC with respect to
the full model. A positive change in the AIC denotes a de-
crease in the quality of the model after removal of a given
feature, thus indicating that a specific feature is important
for classification. Conversely, a negative change in the AIC
denotes that a feature does not improve the classification
and can therefore be removed from the model. We found
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that 11/13 selected features (all except CDS length and GC
content of the 5> UTR) were beneficial to the model’s quality
when comparing with the full model AIC. The five most im-
portant features were: the number of TFs targeting a gene,
broad conservation, mRNA half-life, codon pair bias, and
degree of protein-protein interaction (PPI) (Figure 3C).

As an alternative approach, we ranked the 13 features
by their AIC in individual multinomial regressions (uni-
variable model, UVM). Four out of the five top features
remained similarly ranked (number of TFs, broad conser-
vation, PPI degree and codon pair bias), but mRNA half-
life dropped in the ranking, being replaced by distance-to-
median, a measure of RNA abundance variability (Sup-
plementary Figure S3B). To further validate our approach,
we added co-expression degree to the MVM as a positive
control. Co-expression degree is a measure of the correla-
tion in expression, and it is expected to be high for coordi-
nated transcriptional programs, such as the transcriptional
response to osmostress. Accordingly, co-expression degree
is one of the most important features for stress-responsive
genes and was correctly prioritized as the first ranked fea-
ture when added to the model (Supplementary Figure S3C).

To verify that the relevance of each feature persisted when
using a different modeling framework, we built a random
forest model with the same set of genes (class) and fea-
tures (predictors). After training, the random forest exhib-
ited AUCs of 0.71, 0.76 and 0.76 for unresponsive, upreg-
ulated and downregulated genes, respectively (Supplemen-
tary Figure S3D). Reassuringly, four out of five of the fea-
tures previously identified (half-life, number of TFs, broad
conservation and codon pair bias) were again among the
top 5 (Figure 3C versus Supplementary Figure S3E). Sur-
prisingly, the random forest also prioritized CDS length
as an important feature (fourth in the ranking), while the
multinomial regression did not.

Finally, to quantitatively assess the direction and mag-
nitude of change for each of these features, we compared
the coefficients of the MVM for up- and down-regulated
genes (Figure 3D). This analysis yielded known observa-
tions, such as upregulated genes being less conserved (12),
having longer 5> UTRs (14) and higher mRNA half-lives
(13). Furthermore, it revealed new features for upregulated
genes, such as a higher number of TFs and higher expres-
sion variability, while downregulated genes showed higher
codon pair bias. Overall, we identified a variety of patterns,
with certain features displaying similar quantitative changes
in up- and down-regulated genes (e.g. number of TFs) and
others with completely opposite patterns (e.g. broad con-
servation) (Figure 3D).

In summary, by using complementary approaches (uni-
variable and multivariable multinomial logistic regression
and random forest), our modeling analyses consistently
identified the number of TFs, broad gene conservation
and codon pair bias as the most distinctive features of
osmostress-responsive genes. Specially, the number of TFs
and broad gene conservation ranked in the very top in the
three approaches (number of TFs: first in three models;
broad conservation: second in MVM and UVM and third in
random forest). Two of the three modeling approaches re-
vealed degree of PPI, and mRNA half-life as top 5 key stress
features. In addition, our analysis identified the direction
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and magnitude of change of known and novel osmostress-
responsive gene features.

Distinctive features of Hogl-dependent genes

The Hogl SAPK is crucial for transcriptional reprogram-
ming during osmoadaptation, exerting a multilayered con-
trol of gene expression by directly associating to target genes
to regulate all steps of the transcription cycle (3). Our exper-
imental design (0.4 M NaCl, 15 min) was meant to capture
the peak of expression and defined the contribution of Hogl
to the response. Thus, we aimed to provide further insights
into the transcriptional response to osmostress by assessing
the features that define Hogl-regulated genes. We generated
a new dataset to determine Hogl dependency upon hyper-
osmotic stress. Wild-type and hogl-deficient cells were sub-
jected or not (basal) to hyperosmotic stress (0.4 M NaCl,
15 min), and mRNA abundance was determined by RNA-
seq (n = 3 for each condition). As expected, a PCA re-
vealed that the effect of hogl deletion in basal conditions
was negligible, whereas its impact upon osmostress was sub-
stantial (Supplementary Figure S4A). In basal conditions,
only four genes changed their expression at least two-fold by
hogl deletion, as described before with DNA microarray as-
says (Supplementary Figure S4B) (62). We then first defined
Hogl-dependent genes by comparing gene expression in re-
sponse to stress in hogl-deficient cells with respect to wild-
type cells. We considered a gene to be Hogl-regulated when
the change in expression upon exposure to stress varied by
0.25 (with respect to log(fold change)) in the presence of
HOGI (logy(fold changeinteraction) > 0.25 and FDR < 0.05;
see Materials and Methods). Taking into account that a
gene should change at least two-fold to be considered an
osmostress-responsive gene (high stringency), these crite-
ria yielded a total of 279 genes (184 upregulated versus
95 downregulated) Hogl-dependent genes (36% of all re-
sponsive genes identified in this experiment) (Figure 4A).
We validated our defined gene sets by assessing the asso-
ciation of RNA Pol II and Hogl by ChIP-seq using avail-
able data (19). As expected, the Z-score of RNA Pol II as-
sociation increased upon stress to upregulated genes and
dissociated from downregulated genes (Supplementary Fig-
ure S4C). Hogl-dependent genes displayed a stronger RNA
Pol II association, which correlated with Hogl recruitment
(Supplementary Figure S4D). These results were in agree-
ment with previous reports and validated the accuracy of
the criteria used to classify gene sets (19).

Next, we explored which features differentiate stress-
upregulated Hogl-dependent and -independent genes. Like
the previous analyses, we performed logistic regressions us-
ing an MVM with a leave-one-out approach (Figure 4B), as
well as a UVM (Supplementary Figure S4E). Both models
consistently found that the number of TFs was the most im-
portant feature to define Hogl-dependent genes. A random
forest model corroborated these findings (Supplementary
Figure S4F), with an increased number of TFs being the
only relevant feature in the prediction of Hogl-dependency
(Figure 4C).

Since the number of TFs appeared as the most important
feature distinguishing upregulated Hogl-independent from
upregulated Hogl-dependent genes, we sought to further
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explore it. To identify those regulatory elements that might
be relevant for Hogl dependency, we used motif discovery
analysis. We identified 47 motifs enriched among the pro-
moters of Hogl-dependent genes compared to promoters of
Hogl-independent genes (Supplementary table 5). Among
these motifs were motifs of TFs downstream of the Hogl
pathway, including Msn2/4 and Skol (63).Taken together,
our results indicate that a higher number of TFs may also
be a crucial feature for Hogl-dependent genes. Several TF
motifs were found to be enriched among the promoters of
Hogl-dependent genes, suggesting that the palette of TFs
used by Hogl to modulate gene expression is greater than
previously anticipated (3,63).

Additionally, we defined the dependency of the osmosre-
sponsive ncRNAs of the Hogl SAPK. Despite the dynamic
range of ncRNAs being smaller than for coding genes, the
criteria used for defining Hogl dependency was the same as
the used for coding genes for coherence. Similar to coding
genes, we observed a higher dependency on Hogl of non-
coding upregulated genes respect downregulated, detecting
25.86% of upregulated ncRNAs that required the presence
of Hogl for proper expression (Supplementary Figure S4G
and H). To deepen the understanding of the TFs regulating
Hogl-dependent ncRNAs, we characterized the enrichment
of TFs motifs upstream of osmostress-upregulated SUTs
(the ncRNAs with highest transcriptional changes upon
stress) and found a rather limited set of transcription fac-
tors from which Skol scored as the first hit (Supplementary
Table 6), suggesting its preferential use for osmoresponsive
ncRNA expression.

Predictive features of yeast osmo-responsive genes are con-
served in humans

To assess the conservation of yeast stress-dependent genes
features in humans, we applied the same modeling approach
as for yeast. First, we defined a set of osmostress-responsive
genes from a previously published RNA-seq experiment in
HeLa cervical cancer cells treated with hyperosmotic stress
at a concentration and stress duration that balance tran-
scriptional responses and cell survival (100 mM NaCl, 3
h) (20). HeLa cells are widely used to study hyperosmotic
stress response (e.g. (20,64)). As for yeast, we considered
up- and down-regulated genes whose expression varied by
at least 2-fold upon stress (Supplementary Table 7). In total,
we identified a total of 600 downregulated and 1286 upregu-
lated genes. A functional enrichment analysis of these genes
revealed similar processes than in yeast such as upregu-
lated cellular responses to external stresses (chemical stress,
stimulus, immune processes), signalling components and
a downregulation of transcription. Futhermore, we found
new activities specific to human upregulated genes such as
terms related to cell movement, cell adhesion and cell com-
munication and related with pathological processes such
as amyloid fibril formation or cell population proliferation
(Supplementary Table 8).

We then compiled features of human genes (see Materi-
als and Methods) and performed a comparative analysis.
We included all of the features that reached the final mod-
eling step in yeast (i.e. the ‘minimal features’) (Supplemen-
tary table 9). We found that 11/13 (85%) features showed a
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Figure 4. Features of Hogl-dependent genes. (A) Boxplots show the results of the differential expression analysis of the RNA-seq data (this study) from
wild-type (WT) and iogl A cells in response to osmostress (0.4 M NaCl, 15 min). Horizontal lines in the boxplot indicate the median and dashed black lines
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significant difference in any direction when analyzing stress-
responsive compared to unresponsive genes (Figure 5SA, B
and S5A; Supplementary Table 10). Additionaly, to assess
the extensibility of our model to other cell types (cancer-
ous and non-cancerous), we compared the behaviour of
stress-features between HelLa, T47D (22)—NacCl, 3 h and
HEK293 (23)—80 mM KCI, 1 h. We found a high de-
gree of coincidences in stress-features (19/26 for T47D and
15/26 for HEK293) (Figure 5A) with a similar ranking-
order of feature-importance (Figures S5E and F). More-
over, whether trends observed in yeast were retained in hu-
mans seemed to be partially dependent on the molecular
identity of the features (DNA or RNA). Changes of DNA
features tended to be more frequently similar between the
two organisms than those of RNA features, albeit not sta-
tistically significant (P = 0.12, Fisher’s exact test) given our
low statistical power (coincident features: 7 out of 16 DNA
features, 0 out of 6 RNA features; Figure SA).

We used these features to train a multinomial logistic re-
gression to predict osmostress-responsive genes. Similar to
the yeast model, the AUCs in the human model were of 0.78,
0.80 and 0.74 for unresponsive, upregulated and downregu-
lated genes, respectively (Figure 5C), thereby indicating pre-
dictive power in humans with the minimal set of yeast stress
features. Again, a random forest classifier showed a simi-
lar performance for all gene groups (unresponsive: 0.81, up-
regulated: 0.79, downregulated: 0.80) (Supplementary Fig-
ure S5B). We then applied the previously described AIC-
based approach for both an MVM using the leave-one-out
approach (Figure 5D) and a UVM for the multinomial lo-
gistic regression, as well as a random forest (Supplementary
Figure S5C and D). For the MVM, the top 5 ranked vari-
ables by AIC were (in order of relevance): mRNA half-life,
GC content CDS, broad conservation, GC content 5’UTR
and 3’UTR length. In addition, GC content of the 3’UTR,
protein disorder, degree of PPl and 5’UTR length were rel-
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evant for predicting osmostress-responsive genes in human
(Figure 5D). On the other hand, the number of TFs, CDS
length, codon pair bias and distance to median were irrel-
evant to the model. When comparing these findings to the
UVM and the random forest, two features remained consis-
tent among the top 5 of each model (Supplementary Figure
S5C and D). These variables were GC content of the CDS
and mRNA half-life.

As for yeast, we used the coefficients of the MVM to
quantitatively assess the direction and magnitude of change
for each of the features in up- and down-regulated genes.
In upregulated osmostress-responsive genes, GC content
of the CDS increased whereas conservation and half-life
appeared to decrease in osmostress-responsive genes com-
pared to unresponsive ones (Figure SE). Thus, features that
are predictive of osmostress-responsive genes in yeast are
also predictive of it in humans although with a different
rank-ordering of feature-importance.

Stress-responsive genes are dysregulated in cancer

Given the broad physiological relevance of the stress re-
sponse, we next considered its role in human pathologies.
We focused on cancer, a clinically relevant scenario where
cells are challenged by dramatic microenvironmental fluc-
tuations that might cause chronic stress (65). To this end,
we studied the RNA abundance patterns of osmostress-
responsive genes that we defined in HeLa across matched
tumor-normal pairs (n = 1484) from 23 cancer types to
control for confounders such as age and sex (data from
TCGA). Upregulated osmostress-responsive genes were al-
most ubiquitously dysregulated in human cancers (Figure
6A and B). To examine whether the observed dysregulation
of osmostress-upregulated gene expression is a function of
genetic changes in cancer, we analyzed copy number alter-
ation (CNA) data from the TCGA. However, we did not ob-
serve any changes in copy number that could explain the ex-
pression patterns of the osmostress-responsive genes (Fig-
ure 6C and S6A). These results suggest that the dysregula-
tion we observed in gene expression results from the adap-
tive processes that occur during tumorigenesis, rather than
a function of changes in cancer driver gene selection. Since
we defined osmostress-responsive genes using a tumoral cell
line, the TCGA enrichment could be biased due to tumor-
derived stresses (e.g. hypoxia, nutrient deprivation). To as-
sess whether the observed dysregulation is cancerous cell
independent and driven also by osmostress-specific genes
(e.g. not only general stress response factors), we generated
a set of osmostress specific (i.e. do not overlap with oxida-
tive, hypoxia or ER stress upregulated genes) and non-HeLa
specific (i.e. overlap with T47D or HEK?293 upregulated
genes) genes and observed that they displayed similar dys-
regulation levels (Supplementary Figure S6B and C).

DISCUSSION

In this study, we built a comprehensive characterization of
the osmoresponsive transcriptome. To this end, we gener-
ated a catalog of osmostress-responsive genes in S. cere-
visiae that include both the coding and non-coding tran-
scriptome. Using this approach, we identified the specific

features of these genes using computational modeling ap-
proaches. This characterization revealed a minimal set of
features that can be used to predict osmostress-responsive
genes in yeast and humans. In yeast, the most important
features prioritized by all considered models are broad con-
servation and the number of TFs regulating a gene. Con-
versely, in humans, the consistently prioritized features are
GC content of the CDS and mRNA half-life.

Certain features we identified as important for stress re-
sponsiveness have already been linked to stress in previ-
ous studies. For instance, (12) used 3 yeast species from
the Saccharomycotina subphylum (400 million years of evo-
lution) to show that non-conserved and duplicated genes
(i.e. young genes) are more likely to be upregulated upon
stress. In agreement, our analysis of broad conservation,
which used 100 species from yeast to humans (1 billion
years of evolution), reflects the same trend, namely that
upregulated genes were less conserved than the rest of the
genes and consistently ranks broad conservation among
the top 5 features of stress-responsive genes. Alternatively,
dN/dS analysis within S. cerevisiae and three closely re-
lated species (S. paradoxus, S. bayanis and S. mikatae) re-
vealed the conservation of both, upregulated and downreg-
ulated osmostress-responsive genes. This could be because
osmostress-responsive genes have coevolved under similar
circumstances for closely related species than in more dis-
tant species, since environmental stresses are not a contin-
uous selective pressure through evolution. Another exam-
ple of a feature linked to osmostress-responsive genes is
mRNA half-life. In this regard, (13) reported enrichment of
carbohydrate catabolism genes among mRNAs with longer
half-lives. This observation is in agreement with our find-
ings of upregulated (carbohydrate catabolism) genes dis-
playing higher mRNA half-lives. Furthermore, it is known
that highly expressed genes, such as ribosomal proteins, are
optimized for translation and thus display codon usage bias
as well as some unique protein domains (66). Thus, it is un-
surprising that we observed this optimization with codon
usage bias measures such as codon adaptation index and
Nc for downregulated stress genes, as these genes are en-
riched in ribosomal proteins. Thus, the accurate identifica-
tion of several features known to be associated with stress
genes demonstrates the validity of our approach for cor-
rectly recovering known features of osmostress-responsive
genes.

In addition to known transcriptome-wide associations,
we further identified features that were not previously asso-
ciated with stress-responsive genes. Among these, we found
a strong positive association between the number of TFs
targeting a gene and the probability of this gene being
osmostress-responsive. A higher number of interacting TFs
may indicate higher reprogrammability, an essential trait
for stress-responsive genes. This finding thus highlights the
number of TFs as a prevalent gene expression regulator in
yeast. To explore these findings, an interesting starting point
is our observation that Hogl-upregulated genes have more
(1.6 times) TFs than Hogl-independent ones. Due to the
lack of features that can be associated and available for ncR-
NAs, we could not apply the model to identify ncRNA-
features. Nonetheless, we could identify Skol as key regu-
lator for ncRNA expression suggesting a major role for his
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Figure 6. Stress-responsive genes are dysregulated in cancer. (A) Heatmap shows the logy(fold change) of the comparison between tumor and normal
RNA-seq data of TCGA patients (only tumor-normal matched samples are included, n = 1484). Human stress-responsive genes from Figure 5 are shown
as columns of the heatmap. TCGA tumor types included in the analysis are displayed as rows of the plot. Tumor type abbreviations can be found at https:
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TF, a well known Hogl-target, for global transcriptional re-
programming (67).

Hence, to further elucidate the role of the number of
TFs in gene expression plasticity, a future research direc-
tion may be to search for the TFs most predictive of Hogl
dependence by modeling them individually or in combi-
nations, possibly starting with the motifs revealed by our
analysis. Newman and collaborators proposed that stress-
upregulated proteins are noisier than proteins involved in
protein biosynthesis (stress-downregulated) (68). Here, us-
ing yeast single-cell RNA-seq data (36), we showed that
both up- and down-regulated stress genes present higher
distance-to-median (DM) values, a mean independent mea-
sure of gene expression noise. This finding is consistent
with an observation from the same study, in which the
authors reported that genes with a higher dynamic range
(i.e. those that are differentially expressed between differ-

ent conditions) are more variable. In fact, our observation
of osmostress-responsive genes being noisier suggests a link
between gene expression responsiveness and gene expres-
sion noise in yeast, a finding recently reported in Drosophila
(69). In addition, the number of TFs not only determines
dynamic gene expression, as shown here, but also strongly
determines gene expression noise (70). All together, these
observations provide additional evidence of the role of TF
networks as main determinants of gene expression variabil-
ity across and within individuals.

Here, we addressed whether stress-responsive genes are
conserved from yeast to humans and whether these genes
are similar between these species. Since yeast and humans
diverged ~1 billion years ago (71) and were exposed to
completely different environmental pressures, it is not sur-
prising that we found poor conservation of osmostress-
responsive genes from yeast to humans. In contrast, the
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ability to predict human osmostress-responsive genes us-
ing yeast-based features, despite the enormous evolution-
ary distance, suggests conservation of regulatory mecha-
nisms of the osmostress response. For instance, broad con-
servation and mRNA half-life are among the top-ranked
stress features in both species, although with opposite be-
haviours in the direction of change. Given the high degree
of sequence and functional conservation of Hogl (homolog
of human p38) and downstream targets, it is plausible that
DNA features are more likely to be conserved than RNA
features for osmostress-responsive genes due to transcrip-
tion being the first line of response to changes in proteome
composition. While the results presented here support this
notion, assessing such functional conservation and its ex-
tent is beyond the scope of this study.

The ranking of the features and their direction of change
comparing up- versus downregulated stress-responsive
genes are not completely conserved between yeast and hu-
mans. For instance, among the top 5 features in humans,
GC content (especially GC content of the CDS) and mRNA
half-life are the most predictive. The observed higher GC
content of human upregulated-stress genes may be ex-
plained by recent discoveries. Previous studies indicate that
GC-rich mRNAs are more efficiently translated and pre-
dominantly regulated at the mRINA decay level by the heli-
case DDX6 and the 5’-3’ exonuclease XRN1, whereas GC-
poor genes are less efficiently translated, sequestered into P
bodies and more controlled at the translational level (72).
Moreover, GC content correlates with RNA structure, and
itis known that, in addition to their roles in RNA decapping
and degradation, enzymes such as the yeast homolog of
DDX6 helicase, Dhhl (73), and the exonuclease Xrnl (74)
regulate the translation of highly structured RNAs. During
adaptation, upregulated stress genes need to be efficiently
translated to ensure survival. Hence, a GC-rich CDS may
be beneficial for selective translation of these genes, whose
regulation may be mainly orchestrated by RNA decay. Fur-
ther studies on the involvement of the individual contribut-
ing factors may shed light on the mechanisms regulating
RNA translation and decay upon stress. We also observed
an increase of GC in osmostress-responsive yeast genes, al-
though this feature is not in the top ranking in yeast. This
observation may indicate the conservation of RNA decay
and translation control mechanisms between yeast and hu-
mans. Concordant to this hypothesis, in yeast, we observed
highly-structured downregulated and less structured upreg-
ulated CDS (PARS score analysis). It could be plausible
that a more structured RNA around the translation ini-
tiation site (TIS) for downregulated genes favored a tight
translation control of these genes (41), whereas upregu-
lated genes displayed a lower mRNA structure to facilitate
translation initiation. However, research on this direction
is needed to shed light on this possibility. Accordingly, key
regulators such as DDXG6 helicase (Dhhl in yeast) are highly
conserved. Moreover, we did not observe any relationship
between gene expression variability and stress-responsive
genes in humans. This finding is consistent with the reported
lack of correlation between gene expression responsiveness
and gene expression noise in mouse cells (75). Another
interesting observation is that osmostress-downregulated

genes displayed contrasting patterns in yeast and humans,
with yeast downregulated genes showing a higher degree
of PPI compared to unresponsive genes, whereas human
genes show a lower PPI degree. Conversely, osmostress-
upregulated genes in yeast and humans have a lower de-
gree in PPI networks. Osmostress-upregulated genes are in-
volved in stress-protective functions and could be expected
to operate in exclusive functional modules with a few spe-
cific interactors. Alternatively, PPI networks are usually de-
fined in basal conditions and thus PPI may be underrepre-
sented for osmostress-upregulated genes. Further dedicated
research may shed light on these aspects of the osmostress-
response in yeast and humans.

In summary, we present a comprehensive set of yeast
osmostress-responsive genes. Using this information, we de-
fined the most distinctive features of osmostress-responsive
genes, namely a higher number of TFs targeting their
promoter region and their degree of conservation, in 100
species from yeast to humans. Remarkably, in humans, up-
regulated osmostress-responsive genes display a higher GC
content of the CDS, which may implicate the involvement
of the RNA decay machinery in their regulation. Strik-
ingly, while comparison of yeast and human cells indicates
that osmostress-responsive genes are not conserved, distinc-
tive features defined in stress-dependent genes in yeast can
be used to predict osmostress-responsive genes in humans,
thus indicating that their regulatory mechanisms could be
conserved. Our work provides a comprehensive resource of
information that will be helpful for future studies of stress-
responsive genes.

DATA AVAILABILITY
OsmoAtlas

We collected three published RNA-seq experiments and
provided 2 additional experiments to generate an updated
catalog of osmostress-responsive genes, including Hogl de-
pendency. We provide this catalog in an accessible and
ready-to-use format to establish a reference for researchers
in the field (Supplementary Table 1; OsmoAtlas GitHub

page).

Gene features catalog

There is a lack of a unified resource or a compendium of
gene-level features for yeast research. Here we computed,
for the first time, 9 features and gathered the other 21 from
different independent sources to build the largest catalog of
yeast gene features. Similarly to the osmostress-responsive
gene catalog, we provide this catalog of 30 gene features in
a convenient format to reduce the time spent by researchers
in collecting, preprocessing and homogenizing public data
(Supplementary table 3; OsmoAtlas GitHub page).

Data availability

The computer code generated for this study is available in
the GitHub repository (https://github.com/CellSignaling/
OsmoAtlas_StressFeatures_2021).
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