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Experimental conditions and cellular health

The following assays were performed to characterize the experimental conditions and the overall state of
the cells under treatment. The experiment was conducted in a triplicate, and two replicates of higher data
quality were selected for further analysis.

Appendix Figure S1. Experimental design
We designed the experiment to account for changes in cellular growth over the 30h time period. We grew
cells to 70% confluency before treating the first sample for the “30h treatment period”. After another six
hours, the “24h treatment” was started in a different plate, followed by the other treatments. At the end,
all samples were collected simultaneously at “0 hours”. The treatment periods were: 0, 0.5, 1, 2, 8, 16, 24,

and 30 hours.
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Appendix Figure S2. The half-life of DTT in cell culture medium is approximately 4 hours

We used the small molecule redox reagent dithiothreitol (DTT) to disturb protein folding and induce
reductive stress to the cells. DTT reduces disulfide bonds of proteins, and the accumulation of unfolded
or misfolded proteins in the lumen of endoplasmic reticulum (ER) causes ER stress and the unfolded
protein response (UPR). To define how long the stress lasted in the experiment, we measured the
degradation of DTT in the medium. The assay used the fact that DTT reacts with 5,5’-dithiobis-2-
nitrogenzoic acid (DTNB) to form 2-nitro-5-mercaptobenzoic acid, which can be monitored
spectrophotometrically at 415nm. To quantify DTT concentration, we collected the cell culture medium
containing DTT for each time point. We see that the DTT degrades over time, and its half-life is
approximately four hours. Shown are the averages and standard deviations across quadruplicate
experiments.
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Appendix Figure S3. The majority of the cell population continues to divide despite severe ER stress
The figure displays the complete results for cell assays. The DNA content (A) and active mitosis (B)
experiments were conducted using flow cytometry sorting of propidium iodide labeled cells and the
immunofluorescence staining of mitotic nuclei in red with anti-phospho-Histone H3 antibody,
respectively.

A. To test whether cells are arrested or dead, we fixed the cells with 70% ethanol after stress and quantified
DNA content in samples using nucleic acid stain propidium iodide (PI) followed by flow cytometry
analysis. As can be seen across all time points, most cells were in G1 stage (2N), some cells were
undergoing DNA synthesis (2N-4N), and we also found final mitotic populations (4N). There were
apoptotic cells (<2N) arising in the samples after one hour. The proportion of apoptotic cells peaked at
two hours at 45% of the observed cell population. The figure shows the percentages of apoptotic versus
non-apoptotic cells.

B. Although S phase cells were clearly observed in assay (A), the 4N peak identifying mitotic populations
is small in the 2h, 8h, and 16h time points. To validate that the cells actively divide during the stress
treatment, we tested for the G2/M checkpoint and into M phase using the mitosis marker anti-Phospho-
Histone H3 (Ser 10) antibody. Phosphorylation at Serl0 of histone H3 is tightly correlated with
chromosome condensation during M phase. The immunofluorescence pictures (B) show M phase nuclei
in red (anti-phospho-Histone H3) and nuclei in blue (DAPI). When calculating the ratio between M
phase/all nuclei, we find no significant difference in the percentage of cells undergoing mitosis between
stressed and control groups. The percentages of mitotic nuclei are 6.2% for Oh, 5.9% for 0.5h, 5.6% for
1h, 5.4% for 2h, 4.8% for 8h, 4.7% for 16h, 4.8% for 24h, and 5.0% for 30h. We observe more apoptotic
nuclei debris stained in blue.
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Validation of quantitative mRNA and protein measurements

We performed several tests to validate the accuracy of quantitative mRNA and protein measurements.
These tests included: Principle Component Analysis, function enrichment analysis, correlation across
replicate measurements, and comparison with RNA-seq and western blot data. Based on the phenotypic
assays (above) and the time course expression patterns (below), we defined three phases of the dynamic
response -- early (<2hrs), intermediate (2hrs), and late (>2hrs) — in which concerted changes happened.

Appendix Figure S4. Principle Component Analysis classifies the early, intermediate and late phases
Principle Component Analysis of the normalized expression values of the RNA (A) and protein (B) data
across the time points to describe different phases stress response was performed using the Perseus
software tool (http://www.biochem.mpg.de/5111810/perseus). The figures show the first two components
show for the RNA (A) and protein (B). While the early and late phase are distinctly different, the
intermediate phase (2 to 8 hours) represents a transition period.
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Appendix Figure S5. Clusters of similar gene expression show functional enrichment related to the
Stress response

We measured mRNA expression changes for 18,983 mRNAs over the eight time points across two
replicates, shown as normalized, relative expression data in this figure. The data was divided into 15
clusters with 0.544 as distance threshold, as defined by the Perseus data analysis tool, using hierarchical
clustering with an average linkage (see main text). We performed function enrichment analysis using the
NCBI DAVID GO term enrichment tool on the six largest clusters (see Appendix Dataset EV2)(Huang
et al, 2009a; Huang et al, 2009b). Shown are significantly enriched functions, FDR<5%. Genes related to
transcription regulation and programed cell death were up-regulated in the early phase after stress
(Clusters B and F). During the intermediate phase, genes involved in ER stress and UPR were highly
expressed (Cluster E), while at the same time, genes related to translation elongation, RNA splicing and
transport, and macromolecular complex assembly were suppressed (Clusters C and D). During the late
phase, when the cells were recovering, the genes involved in protein ubiquitination, lysosome, and
glycoprotein / transmembrane protein synthesis were highly expressed (Clusters A and D).

The enriched biological functions are consistent with the findings from the cell assays described above
(Appendix Figure S3). For the majority of the experiment, both apoptosis and stress response occurred
simultaneously. A fraction of the cell population died after stress induction, but when DTT degraded after
the 8h time point, the cell population started to recover, undergoing unfolded protein response to refold
or degrade unfolded or misfolded proteins, and restore homeostasis and cellular functions. Bottom panels
E, I, L mark the early, intermediate, and late phase, respectively.
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Appendix Figure S6. Transcriptome measurements are highly reproducible

A. The figure shows the agreement between the two replicates, as measured by Pearson correlation coefficients
for the complete transcriptomics data (N=16,704, normalized, log-transformed intensity measurements).
The RNA data is highly reproducible, with R>0.97 for all time points. Repl and rep2 denote the two
replicates.

B. The table shows the average fold-change (and standard deviation) observed between replicate
measurements across the time points
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Appendix Figure S7. Transcriptome measurements are accurate

To validate the accuracy of the quantitative measurements of mRNA concentrations, we compared the
microarray measurements to RNA-seq data generated from exactly the same sample for two time points.
The figure shows the scatter plots of the normalized microarray and RNA-seq data for time point 0 and
2hrs. The upper panel shows all data, the lower panel the filtered data. Filtering was based on the findings
by Hebenstreit et al. that reported low accuracy for RNA-seq measurements with RPKM<1 (Hebenstreit
et al, 2011). The correlation between the microarray and the RNA-seq data was very high with highly
significant P-values (Pp and Ps for Rp and Rs, respectively, shown in the figure), suggesting that our
quantitative measurements are accurate.
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Appendix Figure S8. Combining sub-cellular fractions to increase proteomics coverage

To increase the number of identified proteins, we split each cell sample into cytosolic and nuclear fraction.
The ‘nuclear’ fraction was enriched for membrane organelles and the nucleus, but not a pure isolation of
nuclei. A. While proteins identified in the two fractions overlap, combining the output from the two
fractions increased coverage from ~1,300-~2,200 proteins to a total of ~2,600 per sample. B. We tested
different methods to combine the two fractions, and to evaluate the results, the protein concentrations were
compared to the RNAseq data. Protein concentrations were estimated both based on MS1 intensities (left)
and spectral counts (right). The methods we used to quantify the proteins were: using two fractions
separately, calculating the average or sum of the two fractions, using the maximum value between the
two, and using the MaxQuant software to directly treat the fractions similar to fractions from liquid
chromatography. The last method, using MaxQuant provided the best results (greatest coefficient) and
was used for further data analysis.
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Appendix Figure S9. Heatmap of entire protein expression data shows consistent expression patterns
of genes with similar functions

The heatmap shows the normalized, relative protein expression values measured across the time points in
two replicates, prior to matching with mRNA data (N=1,820). The distance threshold of 0.467 was chosen
for total proteome data, and 25 clusters were generated (using the Perseus algorithm as described above).
We performed function enrichment analysis using the DAVID GO term enrichment tool on the largest
cluster (see Appendix Dataset EV2)(Huang et al, 2009a; Huang et al, 2009b). Shown are significantly
enriched functions, FDR<5%. Bottom panels E, I, L. mark the early, intermediate, and late phase,
respectively.
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Appendix Figure S10. Proteomics measurements are consistent across replicates

A. We used the MaxQuant software (v. 1.3.0.5) (Cox & Mann, 2008) for protein identification (UniProt human
database) and subsequent quantification. We quantified 3,235 proteins in total. To obtain a high-quality dataset,
we only retained those proteins without missing values, i.e. 16 measurements across all time points and
replicates. This filtering retained 1,820 proteins which were then matched with the RNA expression data. The
scatter plots show the correlation between quantitative protein measurements for the normalized, log-
transformed data (NV=1,820). The Pearson correlation coefficient is >0.88 across all comparisons. LFQ intensity
— Label Free Quantification, protein intensities as retrieved from MaxQuant.

B. The table shows the average fold-change (and standard deviation) observed between replicate measurements
across the time points.
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Appendix Figure S11. Proteomics provides appropriate estimates of protein concentrations

To verify the mass spectrometry (MS) based proteomic measurements, we confirmed protein
concentration changes for a selected set of proteins using western blot. The figure shows the western blot
data (left), the mass spectrometry data (middle), and the PECA transformed regulatory data (right). Note
that the regulatory data includes variation at the mRNA level which explains some descrepancies with the
concentration data.

For the western blots, we scraped cells from plates and homogenized them in 50 mM Tris-HCI (pH 7.5),
1% NP-40, 0.5% deoxycholic acid, 1% Triton X-100, 1% sodium dodecyl sulfate (SDS), and 2% complete
protease inhibitor cocktail (Roche, Mannheim, Germany). The homogenates were centrifuged and
supernatants were collected and measured by Bradford protein assay. We then diluted samples to be at the
same concentration, and mixed them 1:1 with electrophoresis sample buffer. Proteins were separated using
SDS polyacrylamide gel and transferred to polyvinylidene fluoride membranes (Gelman Sciences Inc.,
Ann Arbor, Michigan, USA). Non-specific binding was blocked for 1hr at room temperature with 5%
non-fat milk or 5% bovine serum albumin. The blots were incubated at 4°C for 8h with the primary
antibodies, followed by horseradish peroxidase-conjugated secondary antibodies, and visualized by the
enhanced chemiluminescence procedure (Pierce Biotechnology, IL, USA).

We selected ATP synthase subunit delta (ATP5D), 20S proteasome core subunits (PSMA7, PSMB1), and
SEC61 complex subunit alphal (SEC61 « 1) using their respective antibodies (anti-ATP5D Rabbit pAb,
14893-1-AP, Proteintech; anti-20S Proteasome Core Subunits Rabbit pAb, ST1053, EMD Millipore; anti-
SEC61A1 Rabbit pAb, SAB2700328, Sigma-Aldrich). MS-based expression values are estimated from
normalized, log-transformed LFQ protein intensities as obtained from MaxQuant.

Stars (*) indicate highly expressed proteins in the western blots and their corresponding values in the
proteomics data.

A. ATPSD is a subunit of the ATP synthase complex (main text). The MS data of ATP5D shows that
protein concentration increases by more than two fold during the intermediate phase, and the increased
expression of ATP5D after 16 hours is confirmed by western blot using an anti-ATP5D antibody.

B. The SEC61 protein complex is an ER membrane protein translocon, functioning in translocating
related proteins into or out of the ER. It is a doughnut shaped pore in the ER membrane with three
major subunits, a, B and y. We detected two of the three subunits in the MS data, SEC61al and
SEC61p, and both of them were up-regulated during ER stress, especially in the late phase (8h-30h).
Anti-SEC61al primary antibody was used to stain al subunit of Sec61 protein complex in the western
blot, and it showed similar expression pattern compared to the MS results: expression reaches a
maximum after 16 hours.

C. Thirteen of the total 14 proteasome core subunits were detected in the proteomics data, with the
exception of subunit a5. The antibody against the 20S proteasome core can detect the a5, a7, f1, and
B7 subunits, but cannot distinguish between expression changes of the individual subunits. The MS
data for three of the four subunits is shown in the right panel (missing a5). The western blot confirms
the expression changes for two of the three detected subunits: expression peaks between one and eight
hours of the treatment, and declines afterwards.
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Appendix Figure S12. Housekeeping genes are comparatively constant in their protein expression
We extracted the proteomics measurements of the normalized LFQ intensities (as estimated by MaxQuant)

for several housekeeping genes (A.-C.).
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Analysis of the integrated mRNA and protein expression data

The following figures present results in addition to what is presented in the main text, analyzing the high-
confidence/core dataset of integrated mRNA and protein expression data (N=1,237).

Appendix Figure S13. mRNA and protein concentrations correlate partially across the time course
A., B. The panels show the relationship between normalized protein and mRNA expression values for
each time point and replicate.

C. For each gene, we calculated the Pearson correlation coefficient between the replicate time series
measurements of normalized, absolute, log-transformed mRNA and protein concentrations, respectively.
These correlation coefficients provide a measure for reproducibility between biological replicates. At a
total of eight datapoints, an R=0.7 corresponds to a P-value=0.053. As can be seen, most genes are shifted
towards high R-values suggesting good reproducibility. However, a fraction appears to have low
correlation between the biological replicates. In many cases, such low correlation can be explained either
by very small expression changes that still result in different profiles between the two replicates (e.g.
HSC70 with <1.5 fold protein expression change in both replicates but a correlation of R=0.09) or by a
peak in expression changes that occurs at two different time points, e.g. many genes show maximal
(minimal) changes at 2 hours in replicate 1 and at 8 hours in replicate 2. We would argue that, despite low
correlation, these profiles are still equivalent in their overall trend.
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Appendix Figure S14. Complete function annotation shows distinct expression patterns for mRNA and

protein

The heatmap shows the normalized, relative expression values for both mRNA and protein measured in
one replicate (N=1,237). The eight largest clusters are marked with red boxes (letters A to H). The cluster
definition is presented in the Appendix Dataset EV2. GO terms enriched in eight major clusters are
shown on the right (FDR < 5%). Bottom panels E, I, L mark the early, intermediate, and late phase,

respectively.
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Appendix Table S1. Fold-changes and dynamic range of the expression data

The table shows the overall average of the minimum and maximum fold changes for each replicate of the
RNA and protein data from our analysis and the work by Jovanovic et al. (Jovanovic et al, 2015). In our
study, the average fold change of protein data is larger than RNA, while in Jovanovic’ study it is vice
versa. This difference is likely due to our study affecting the proteome in major ways, while the LPS
response (Jovanovic) is largely a transcriptional response. The dynamic range of absolute molecule
concentrations are similar for both mRNA and protein, spanning approximately five orders of magnitude.

* Dynamic ranges were not calculated as the proteomics data was reported as SILAC ratios which do not
include absolute values.

Time average of
the minimum
fold change (log
natural base)

Time average of
the maximum
fold change (log
natural base)

Range of absolute
molecule concentrations
(quantile normalized
intensity)

Approx.
dynamic
range (orders
of magnitude)

This study: ER stress response

RNA Replicate 1 -1.56 + 0.81 2.51 +1.06 1.76 — 3.57 x 10E5 5
RNA Replicate 2 -1.76 + 0.85 2.48 = 1.06 4.73 - 3.57 x 10ES S
Protein Replicate 1 -3.88+1.75 6.07 +2.74 | 2.70 x 10E4 — 3.86 x 10E9 5
Protein Replicate 2 -3.00 = 1.40 3.08 = 1.61 1.69 x 10E4 — 5.34 x 10E9 5
Jovanovic et al. Science 2015: LPS response

RNA Replicate 1 -2.96 + 0.81 5.42 +2.72 * *

RNA Replicate 2 -3.38 = 0.96 6.60 = 0.78 * *
Protein Replicate 1 -1.64 = 0.14 2.76 = 0.52 * *
Protein Replicate 2 -2.10 £ 0.50 2.71 £0.42 * *

20




Appendix Figure S15. Changes between consecutive gene expression mRNA and protein measurements
are maximal around 8 hours

The panels show Pearson’s R* values between normalized, absolute expression values of consecutive time
points for the mRNA (A) and protein (B) data. For both RNA and protein, the largest divergence occurred
at around the 8h mark. However, as the main text discusses, the RNA concentrations appear to return to
the pre-treatment levels, while protein concentrations stabilized to new equilibrium levels. RNA-I,
Protein-1 and RNA-2, Protein-2 refer to replicate 1 and 2, respectively.
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Appendix Figure S16. Some genes show discordance between mRNA- and protein-level regulation

A., B. First, we aimed to assess the extent to which discordant regulation occurs, i.e. in how many genes
mRNA- and protein-level regulation occur in opposite directions. To do so, we calculated the Pearson
correlation was in each replicate (A., B.) between the time course RNA- and protein-level rate ratios for
each gene. Genes with (i) significant RNA- and protein-level CPS (FDR<0.05) at any time point and (ii)
rate ratio correlation below -0.5 were considered to be subject to discordant regulation, i.e. counteracting
regulation at the mRNA and protein level. Fifty-five genes adhered to this definition in both replicates and
are listed in Dataset EV1. In the heat map, the rate ratios were normalized against the first time period in
both RNA and protein level analyses.

C. In a modified analysis, we attempted to extract genes that were candidates for ‘buffering’, i.e. in which
discordant mRNA- and protein-level regulation results in constant protein concentrations despite changes
in mRNA expression. Again, we extracted genes whose PECA analysis resulted in at least one significant
change (FDR<0.05) at the mRNA- and one at the protein-level, in opposing directions. We filtered this
set further for protein concentration changes of less than 1.5-fold (normalized, relative log-ratios). This
procedure resulted in three genes shown in this figure. HSPAS is also called HSC70 and a constitutively
expressed chaperone that suppresses apoptosis through transcription inhibition. Its protein concentration
is at high levels throughout the experiment, despite a temporary dip in mRNA concentrations at the 2-
hour time point that are countered by increased protein-level regulation.
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Appendix Figure S17. Splice variants of aminoacyl-tRNA synthetases show some evidence for
differential protein expression

A number of aminoacyl-tRNA synthetases show striking gene expression patterns in which, after an initial
spike in RNA concentrations, protein synthesis appears to be upregulated in the late phase, despite
decreasing RNA concentrations (see main text). Protein synthesis is delayed by several hours, compared
to RNA synthesis. The differential regulation of aminoacyl-tRNA synthetases at the post-transcriptional
level has been observed before in different contexts (Chen et al, 2012; Guan et al, 2014; Kwon et al, 2011;
Park et al, 2012; Wei et al, 2014), but the functional significance and underlying molecular mechanism
has been unknown. A recent publication delivered an intriguing explanation: aminoacyl-tRNA synthetases
were observed to occur in alternative splice variants that often lack the catalytic domain but which often
have, due to additional domains, additional ‘moonlighting’ functions (Lo et al, 2014).

Based on these findings, we hypothesized that the discrepancy between mRNA and protein expression
patterns for some genes in our data might be explained by the differential expression of splice variants. If
this hypothesis was true, we would observe different expression patterns for peptides across the gene’s
alternative splice variants. Since the original mass spectrometry experiment was not designed to target
splice variants, we examined the data manually to test the above hypothesis for example proteins.

Note that profiles for the analysis of splice variants are much noisier as they were conducted on a different
dataset. For the main analyses, we used MaxQuant’s proteinGroups.txt output file which sums over all
peptides contributing to a protein group. This dataset was then normalized as described in the main text.
In comparison, the analyses of splice variants was conducted using the peptides.txt file to obtain
information on individual peptides that mapped to different splice variants.

Of the 13 cytosolic aminoacyl-tRNA synthetases observed in our experiment, eight were observed with
more than one sequence variant as defined by the Uniprot sequence database (SARS, AARS, GARS,
YARS, EPRS, TARS, QARS, MARS). We examined the peptide abundances for each of these eight
proteins, measured by two different ways: the scaled number of unique observations of the peptide (on
the left), and the scaled MSI intensity of the peptide (on the right). All data was obtained from the
MaxQuant output file (peptides.txt). Scaling refers to a normalization procedure in which each value is
adjusted to the overall sum of all values in this experiment. The different entries shown for each enzyme
are protein variants (their Uniprot IDs). If two variants are listed in the same group, their peptide data was
common to both, i.e. we could not distinguish which of the variants the peptides originated from. In
comparison, the data between different groups of sequence variants is unique to each group.

For most of the twelve observed aminoacyl-tRNA synthetases, most observed peptides were not
informative as they were either shared (common) across all sequence variants, present at very low numbers
or not observed at several time points. For three enzymes (AARS, IARS, QARS), enough information
could be assembled to identify groups of peptides from distinct sequence variants, and the groups
displayed different temporal expression patterns: for AARS, IARS, and QARS (A-C), one set of sequence
variants show different average expression across corresponding peptides compared to the rest of the
sequence variants. Since the data in the main text averages intensities across all sequence variants, such
differential expression of splice variants is masked, but could explain discrepancies observed between
RNA and protein expression.

Appendix Figure S18 shows in more detail the example of differential expression of splice variants in
QARS.
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Appendix Figure S18. The three peptide variants of QARS show different expression patterns

This figure shows, at the example of the glutaminyl-tRNA synthetase QARS, how differential expression
of alternative splice variants could be detected. Uniprot reports several variants for QARS
(P47897;B4ADWIJ2;B4DNN3;H7COR3;C9J165). Several peptides were detected at different counts (A).
P47897, BADWIJ2, and B4ADNN3 have identical sequences, hence we show only P47897. The sequences
for H7COR3 and C9J165 are shorter than those for P47897 (B). The observed peptides map to the protein
sequences, and some examples are highlighted in different colors (B, blue, green, red). For example, the
FDDTNPEKKEEAK peptide (green) occurs in P47897;B4DWJ2;B4DNN3, but not in the other variants.
The FHKPGENYK peptide (blue) only occurs in the P47897;B4DWJ2;B4DNN3;C9J165 group, but it
does not occur in H7COR3. The GFHQVPFAPIVFIER peptide (red) does not occur in C9J165. We
averaged the group-specific scaled, unique peptide counts, and these are shown in Appendix Figure S17.
The P47897;B4DWJ2;B4DNN3 group (green) has an expression pattern different to the other two groups:
some peptides specific to the H7COR3 and C9J165 containing groups (blue and red) are up-regulated in
the later phase of the experiment (Appendix Figure S17C).

Since the two shorter splice variants appear to be up-regulated towards the later phase of the experiment
(Appendix Figure S17C), we asked if their sequences and domain architecture may reveal anything about
their function. Panel C shows the domain annotation for the three sequences (note that the coloring of the
domains has a different meaning to the colors in A and B). The domain annotation and mapping of the
splice variants shows that both shorter sequence variants may be dysfunctional with respect to catalyzing
the aminoacylation of the respective tRNA: the catalytic domains are mostly truncated. The upregulation
of these proteins during ER stress may have roles other than stimulating translation.
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A. Peptides

P47897;B4DWJ2;B4DNN3
FDDTNPEKEEAK
LGYFSVDPDSHQGK

FSEGEATLR

AINFNFGYAK

QHLEITGGQVR

ANNGICFLR
P47897;B4DWIJ2;BADNN3;C9J165
FHKPGENYK

TPGYVVTPHTMNLLK
P47897;B4DWIJ2;B4DNN3;H7COR3

GFHQVPFAPIVFIER
VIITNFPAAK
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B. Sequences

>sp|P47897 | SYQ_HUMAN Glutamine--tRNA ligase 0S=Homo sapiens
GN=QARS PE=1 SV=1
MAALDSLSLFTSLGLSEQKARETLKNSALSAQLREAATQAQQTLGSTIDKATGILLYGLA
SRLRDTRRLSFLVSYIASKKIHTEPQLSAALEYVRSHPLDPIDTVDFERECGVGVIVTPE
QIEEAVEAAINRHRPQLLVERYHFNMGL LMGEARAVLKWADGKMIKNEVDMQVLHLLGPK
LEADLEKKFKVAKARLEETDRRTAKDVVENGETADQTLSLMEQLRGEALKFHKPGENYKT
PGYVVTPHTMNLLKQHLEITGGQVRTRFPPEPNGILHIGHAKAINFNFGYAKANNGICFL
RFDDTNPEKEEAKFFTAICDMVAWLGYTPYKVTYASDYFDQLYAWAVELIRRGLAYVCHQ
RGEELKGHNTLPSPWRDRPMEESLLLFEAMRKGKFSEGEATLRMKLVMEDGKMDPVAYRV
KYTPHHRTGDKWCIYPTYDYTHCLCDSIEHITHSLCTKEFQARRSSYFWLCNALDVYCPV
QWEYGRLNLHYAVVSKRKILQLVATGAVRDWDDPRLFTLTALRRRGFPPEAINNFCARVG
VTVAQTTMEPHLLEACVRDVLNDTAPRAMAVLESLRVIITNFPAAKSLDIQVPNFPADET
KGFHQVPFAPIVFIERTDFKEEPEPGFKRLAWGQPVGLRHTGYVIELQHVVKGPSGCVES
LEVTCRRADAGEKPKAFIHWVSQPLMCEVRLYERLFQHKNPEDPTEVPGGFLSDLNLASL
HVVDAALVDCSVALAKPFDKFQFERLGYFSVDPDSHQGKLVFNRTVTLKEDPGKV

>tr1C931651C9J165_HUMAN Glutamine--tRNA ligase (Fragment)
0S=Homo sapiens GN=QARS PE=4 SV=1
MAALDSLSLFTSLGLSEQKARETLKNSALSAQLREAATQAQQTLGSTIDKATGILLYGLA
SRLRDTRRLSFLVSYIASKKIHTEPQLSGWWCQGLTFQEARLSLEFHEIRTLSVHFLEQR
CHKLTGSFFSAALEYVRSHPLDPIDTVDFERECGVGVIVTPEQIEEAVEAAINRHRPQLL
VERYHFNMGL LMGEARAVLKWADGKMIKNEVDMQVLHLLGPKLEADLEKKFKVAKARLEE
TDRRTAKDVVENGETADQTLSLMEQLRGEALKFHKPGENYKTPGYVVTPHTMNLLKQHLE
ITGGQ

>tr|H7COR3 |H7CAOR3_HUMAN Glutamine--tRNA ligase (Fragment)
0S=Homo sapiens GN=QARS PE=4 SV=1
QWEYGRLNLHYAVVSKRKILQLVATGAVRDWDDPRLFTLTALRRRGFPPEAINNFCARVG
VTVAQTTMEPHLLEACVRDVLNDTAPRAMAVLESLRVIITNFPAAKSLDIQVPNFPADET
KGFHQVPFAPIVFIERTDFKEEPEPGFKRLAWGQPVGLRHTGYVIELQHVVKGPSGCVES
LEVTCRRADAGEKPKAFIHWVSQPLMCEVRLYERLFQHKNPEDPTEVPGGFLSDLNLLVF
NRTVTLKEDPGKV

750 Note: Coloring of protein [ IRNESIERERID

H7COR: I |

domains is RNAsynt1cR2
St INDEPENDENT of
pY . .
- coloring of peptides and - tRNAsyntic
sequences. [ tRNAsynt1cC |
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Appendix Figure S19. PECA analysis of the extended dataset
To assess the generality of our findings, we constructed an extended dataset with 2,131 RNA/protein pairs
which is close to twice as big as the high-confidence/core dataset.

A. As the extended dataset comprises genes with missing data points and increased noise levels in the
measurements, we constructed an additional post-processing procedure. To smooth the continuous intensity
data across the time points and impute missing values, we fitted a Gaussian process (GP) regression model
described in (Rasmussen, 2006). GP models require estimation of kernel parameters that determine the
smoothness of the estimated curve. Since the time series is short (i.e. the number of data points per protein is
small), we have to borrow information for parameter estimation across the proteins. To do so, we first perform
agglomerative clustering with maximum linkage and Euclidean distance to divide the proteins into a small
number of groups (i.e. 20 groups in this data) and estimate the kernel within each cluster. Using this model, we
impute missing values and adjust the observed intensity values to the value on the curve for smoothing purposes.
The shows an example of a gene in which there is one missing data in each replicate, represented by black and
blue curves respectively, and the red circle and triangle represent the imputed values.

B. Next further processed the data as described for the core dataset and performed a PECA analysis similar to that
in Figure S in the main text: after grouping the normalized and centered rate ratios for the LPS experiment into
ten clusters (left) using the ‘Correlation’ distance measure and ‘Complete’ linkage clustering as available in the
Perseus software tool. We then calculated the average rate ratios for the four largest clusters (right) which
account almost 60% of the data (1,241 genes). Note that the amplitude of the rate ratios is not meaningful, but
changes between consecutive intervals. Examination of the patterns confirms the findings from Figure 5, albeit
in a noisier way: RNA rate ratios show a spike during the intermediate phase, while most protein rate ratios
change only once around the two-hours mark, and remain at the new steady-state level throughout the remainder
of the experiment.
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Appendix Figure S20. Expression changes across entire transcriptome confirm trends for the core
dataset

To confirm the findings presented in the main text that analyze a subset of the mRNA data, we also
performed PECA on the entire mRNA data (N>18,000 genes)(Appendix Figures S20, S21). We find that
all trends hold true across the entire genome. A. The average fold-change (and standard deviation) of
normalized, relative mRNA expression values is very small. B. Correlation (Pearson’s R’) between
normalized, absolute total RNA expression values of time 0 and the respective time points has its lowest
value at 8 hrs, after which mRNA expression returns to original values. RNA-All-1and RNA-AII-2 refer
to replicate 1 and 2, respectively.
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Appendix Figure S21. PECA results for entire RNA data confirm the trends for the core dataset

The PECA analysis of the entire mRNA data confirms the pattern reported in the main text: mRNA
expression changes in a ‘spike’ like fashion in during the 2 to 8hrs interval. A. The heatmaps of the RNA
expression data with >18,000 genes (blue-yellow color). B. Rate ratio estimates from PECA (blue-red
color), and the CPS scores (white-yellow-red color). The largest rate ratio changes occurred between 2
hours and 8 hours (B, C), while the expression levels at the end of the experiment remained within two-
fold for the majority of the genes (A).
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Mammalian sequence features and other characteristics of expression
regulation

Appendix Table S2. Sequence and other features involved in protein regulation

To generate hypotheses on possible regulatory pathways that produce the observed mRNA and protein
expression patterns, we assembled >160 sequence and other features that have been linked to expression
regulation. The Human (GRCg38.p2) sequences were downloaded from Ensembl website. The features
are listed in the Appendix Dataset EV1, and were tested for significant enrichment across gene clusters.

Features

Rationale

Reference

Nucleotide
composition of CDS,
5'UTR and 3’'UTR

Sequence composition impacts secondary
structure and therefore binding of
miRNA/RBPs/ribosomes and RNA stability.

http://www.ensembl.org/index.html
and (Branco-Price et al, 2005)

Length of CDS, | Length of sequence influences translation and . .
5'UTR, 3'UTR protein folding. http://www.ensembl.org/index.html
RNA secondary | Secondary structure impacts binding of | RNA fold energy in Vienna RNA

structures in CDS, 5,
3'UTR

ribosomes / miRNAs / RBPs and therefore
impacts RNA stability and translation

package to predict from sequence
(Lorenz et al, 2011)

Sequence motifs in 5,
3’ UTR and CDS

Sequence motifs may be binding sites for
miRNAs or RBPs that are not described yet, and
therefore impacts translation and RNA stability.

AU-rich elements (ARE) in 3'UTR
(http://rna.tbi.univie.ac.at/cgi-
bin/AREsite.cgi)

uORFs and
alternative
Translation Initiation

Sites (TIS) and IRES

Elements of the 5'UTR affecting translation
through binding of ribosomes and other
translation proteins.

a) Lee et al (Lee et al, 2012) b)
Perl scripts to predict AUG and CUG
with or without in frame stop codon in
5UTR

Motif and targets of
microRNAs

miRNAs repress translation

a) TargetScan; b) miTAR --
databases of miRNAs and their
targets (Friedman et al, 2009; Garcia
et al, 2011; Grimson et al, 2007;
Lewis et al, 2005)

RBPs regulate translation

a) doRiNA; b) RBPDB; (Cook et al,
2011) c) literature; d) CATRAPID
(Agostini et al, 2013); e) TR Hughes
(Ray et al, 2013)

Targets of RNA-
binding proteins
(RBPs)

Amino acid
composition

For example, cysteine rich proteins may be
post-translationally modified and be non-
observable to mass spectrometry. Enrichment
in PEST sequences can serve as protein
degradation signals.

Sequences were downloaded from
http://www.ensembl.org/index.html
and composition was calculated by
our own scripts

Protein length

Protein length affects the translation and
stability of proteins.

http://www.ensembl.org/index.html

Disordered regions

Proteins with many disordered regions are less
stable.

DisoPred prediction from sequence
(COILS, HOTLOOPS, and REM465)
(Jones & Cozzetto, 2015).

Protein aggregation

Aggregation-prone proteins may form insoluble
clusters that cannot be detected by mass

TANGO based prediction based on
sequence (Fernandez-Escamilla et

spectrometr al, 2004; Linding et al, 2004;
P y: Rousseau et al, 2006)
. Motifs for post-translational modification, e.g. 25 IULEleie 'Llnear_ MOT“f
Sequence motifs resource for Functional Sites in

phosphorylation.

Proteins (Dinkel et al, 2012)
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Other protein features

Transcript counts, low complexity regions,
transmembrane domains affect translation, MS
detection, protein folding and degradation.

Information directly downloaded from
the Ensembl database
http://www.ensembl.org/index.html

Prokaryote /
eukaryote derived
genes in human

Prokaryote derived genes are preferred to be
translated near mitochondria.

Data from Alvarez-Ponce et al.
(Alvarez-Ponce & Mclnerney, 2011)

Subcellular
localization

Localization information for protein is often
found in the N or C termini. The subcellular
location of a protein is important for its
translation, processing, and activity.

TargetP and SignalP to detect
localization signals based on protein
sequence (Emanuelsson et al, 2007)

Ubiquitination

Ubiquitination is a common degradation and
protein re-localization signal.

Assembled dataset for human
(collection of public MS datasets on
general ubiquitination) (Kim et al,
2011)

SUMOylation

Small Ubiquitin-like Modifiers (SUMOs) are
common modifications influencing protein
solubility, interactions, and activity.

Collection of SUMO proteins in
human: a) based on experiments
(Blomster et al, 2009; Blomster et al,
2010; Bruderer et al, 2011; Galisson
et al, 2011; Golebiowski et al, 2009;
Grant, 2010; Lamoliatte et al, 2013;
Manza et al, 2004; Matic et al, 2010;
Rosas-Acosta et al, 2005; Schimmel
et al, 2008; Tatham et al, 2011;
Vertegaal et al, 2006; Vertegaal et al,
2004); b) based on sequence
prediction. The human reference
protecome was downloaded from
European Molecular Biology
Laboratory-European Bioinformatics
Institute (EMBL-EBI) release 2014_4
(http://www.ebi.ac.uk/reference_prot
eomes), and the SUMOylation sites
were predicted by GPS_SUMO (Ren
et al, 2009; Zhao et al, 2014).

Phosphorylation,
Acetylation,
Methylation, Kinase
and kinase substrate

Phosphorylation and other PTMs happen to
regulate protein solubility and activity/signal
transduction.

PhosphoSitePlus (Hornbeck et al,
2015)
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PECA analysis of dendritic cells responding to LPS

In the original publication, PECA was applied to yeast time course datasets (Teo et al, 2014). In this paper,
we have further optimized model parameters in PECA for the analysis of mammalian cells responding to
ER stress through elicitation of prior distributions allowing for larger noise components. To gain insights
into the generality of our findings (see main text), we also used PECA to analyze a published dataset on
dendritic cells responding to LPS treatment (Jovanovic et al, 2015).

Appendix Figure S22. Heatmap of expression values and PECA output of dendritic cells responding to
LPS treatment

We downloaded Appendix Tables 1 and 2 from the publication by Jovanovic et al. (Jovanovic et al, 2015),
containing the modified pulsed SILAC proteomics and RNA-seq transcriptomics data, respectively. For
PECA analysis, we extracted 2,332 genes that are present in both RNA and protein data for LPS and
MOCK treatment. For the proteomics data, we used the sum of medium-light label ratio and heavy-light
ratio (M/L + H/L) as the protein abundance, without separating newly synthesized and existing protein
copies, normalizing each biological replicate separately. We then applied PECA with default parameters
for RNA- and protein-level analysis for each replicate and treatment. The figure shows the PECA results.
A. The heatmaps of the first replicate of LPS stimulation with the RNA and protein expression data (blue-
yellow color) on the left, rate ratio estimates from PECA (blue-red color) in the middle, and the CPS
scores (white-yellow-red color) on the right. B. The heatmaps of the second LPS stimulation replicate,
with the same color settings. Protein regulation is very active upon LPS stimulation in both replicates, as
illustrated by largely changing rate ratios between consecutive time points. In the early hours, the
stimulation triggers many protein-level concentration changes, and then RNA starts reacting after 2-4
hours. Our result shows that both mRNA and protein levels of regulation are very active, in different ways
at early and late time points.
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Appendix Table S3. Significance cutoffs - Jovanovic et al. (Science 2015)

The table lists the CPS thresholds associated with 1% FDR for each analysis of the data from Jovanovic
et al. (Science 2015). mRNAs and proteins with a PECA CPS above this threshold were considered
changing significantly in their temporal expression. The estimated rate ratios were highly consistent
between the two replicates with LPS stimulation. The RNA rate ratios and protein rate ratios had median
correlation between replicates 0.819 and 0.616 respectively.

RNA Protein

LPS, Replicate 1 0.961 0.935
LPS, Replicate 2 0.962 0.935
MOCK, Replicate 1 0.955 0.941
MOCK, Replicate 2 0.946 0.933
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Appendix Table S4. Significantly regulated genes identified in data published by Jovanovic et al.
(Science 2015)

As reported in the table, many PECA-defined regulatory events were detected at the protein level even
though the concentrations changed much more in the RNA data. There are two caveats with the PECA
analysis of this dataset. First, the PECA model could have underestimated regulation in the RNA data
since the fluctuation in the concentrations changed much more in the RNA data than in the protein data,
and the hierarchical Bayes model in PECA penalizes concentration variation with mild fold changes (e.g.
50% changes) during the process of borrowing statistical information across proteins. Second, protein
concentrations were estimated from the sum of two ratio data (M/L + H/L), which has its faults.

Despite these drawbacks, the regulation landscape we observe shows some general principles that cast
additional insights to the interpretation of the data beyond what we discuss in the main text. Although it
is clear that, in agreement with the authors’ interpretation, much of the protein-level concentration changes
are driven by RNA concentration changes, the overall protein-level concentration seems to remain stable
and much of the RNA-level changes seems to have no effect on many proteins. This resistance of proteins
to mRNA changes implies that either there is an elaborate protein-level regulation via tuning of translation
and protein degradation, or that newly synthesized transcripts simply have limited access to translational
machinery in general.

Not — not significant. Sig. — significant regulation according to cutoffs presented in Appendix Table S3.

1h 2h | 4h | 6h oh
Protein
Not Sig Not Sig Not Sig Not Sig Not Sig
LPS Not 1635 | 592 | 1734 | 495 | 1696 | 606 | 1807 | 475 | 2012 | 302
Replicate 1 Sig 48 57 77 26 16 14 35 15 15 3
RNA
LPS Not 1627 | 520 | 1627 | 578 | 1677 | 625 | 1897 | 374 | 1822 | 463
Replicate 2 Sig 68 117 82 45 15 15 49 12 31 16
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Appendix Figure 23. The LPS response shows switch-like regulation at the RNA level

To assess the generality of our findings, we performed an analysis similar to that of Figure 5 in the main
text: after grouping the normalized and centered rate ratios for the LPS experiment into six clusters (left),
we calculated the average rate ratios per cluster (right). The average profiles are different to those detected
in the ER stress response: mRNA-level regulation shows a switch-like behavior, while protein-level
regulation shows mixed patterns, both switch- and spike-like behavior. From these two different studies,
we conclude that the dominant regulatory level, i.e. transcription in the case of LPS treatment, and
translation/protein degradation in the case of the ER stress response might show a switch-like behavior
that leads to establishment of a new steady state. In comparison, the minor regulatory level — translation
in the case of LPS response and transcription for the ER stress response — shows a mix of patterns which
include spikes. Future investigation of additional conditions will show if the interpretation is true.
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