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1
1.1
1.1.1

Supplementary Methods
Experimental Methods
Sample collection

Buffy coats from 60 healthy donors were obtained from Indiana Blood Center (Indianapolis, IN,
USA). Only individuals self-reported as currently healthy, not under medication were included
in the study. In addition, each donors blood was tested for standard blood-borne pathogens, and
samples were used only they tested negative for all of pathogens assessed. A signed written
consent was obtained from all of the participants and the project was approved by the ethics
committee at the CHU Sainte-Justine (protocol #4022). All individuals recruited in this study
were males of African-American (N=30) or European-American (N=30) descent between the
age of 18 and 55 years old. We decided to focus on only one sex to avoid the potentially confounding effects of sex-specific differences in gene expression levels on response phenotypes.
1.1.2

Bacterial preparation

We infected macrophages with two bacteria, Salmonella typhimurium and Listeria monocytogenes . The day prior to infection, aliquots of Salmonella typhimurium (Keller strain) and
Listeria monocytogenes (strain X) were thawed and bacteria were grown overnight in Tryptic
Soy Broth (TSB) media. Bacterial culture was diluted to mid-log phase prior to infection and
supernatant density was checked at OD600 .
1.1.3

Isolation and infection of macrophages

Blood mononuclear cells were isolated by Ficoll-Paque centrifugation. Monocytes were purified from peripheral blood mononuclear cells by positive selection with magnetic CD14 MicroBeads (Miltenyi Biotech). Monocytes were then cultured for 7 days in RPMI-1640 (Fisher)
supplemented with 10% heat-inactivated FBS (FBS premium, US origin, Wisent), L-glutamine
(Fisher) and M-CSF (20ng/mL; R&D systems). Cell cultures were fed every 2 days with complete medium supplemented with the cytokines previously mentioned. Before infection, we
checked the differentiation/activation status of the monocyte-derived macrophages by flow cytometry, using antibodies against CD1a, CD14, CD83, and HLA-DR (BD Biosciences). Only
samples presenting the expected phenotype for non-activated macrophages (CD1a+, CD14+,
CD83, and HLA-DRlow) were used in downstream experiments. The resulting monocytederived macrophages were infected at a multiplicity of infection (MOI) of 10:1 for Salmonella
typhimurium and an MOI of 5:1 for Listeria monocytogenes. A control group of non-infected
macrophages was treated the same way but with only medium without bacteria. After 2 hours in
contact with the bacteria, macrophages were washed and cultured for another hour in the presence of 50 µg/ml gentamycin in order to kill all bacteria that could be present in the medium.
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The cells were then washed a second time and cultured in complete medium with 3µg/ml gentamycin for an additional 2h and 24h, which are the timepoints to which we refer to in the main
text.
1.1.4

BrdU Cell Proliferation Assay

Macrophages and LCL cells were cultured and infected as described above. The amount of
5-bromo-20 -deoxyuridine (BrdU) incorporated into the cells was measured following the procedures according to the manual in the kit (BrdU Staining Kit for Flow Cytometry FITC, eBioscience). Briefly, 5 × 105 cells were cultured in the presence of BrdU (10 µM) during 2h and
24h after infection. Incorporation of BrdU was measured with an Anti-BrdU FITC Antibody.
Flow-cytometric analysis was done with the BD FACSCaliburTM .
1.1.5

RNA extraction, library preparation, and sequencing

Total RNA was extracted from the non-infected and infected macrophages using the miRNeasy
kit (Qiagen). RNA quantity was evaluated spectrophotometrically, and the quality was assessed
with the Agilent 2100 Bioanalyzer (Agilent Technologies). Only samples with no evidence
for RNA degradation (RNA integrity number > 8) were kept for further experiments. RNAsequencing libraries were prepared using the Illumina TruSeq protocol. Once prepared, indexed
cDNA libraries were pooled (6 libraries per pool) in equimolar amounts and the majority were
sequenced with single-end 100bp reads on the Illumina HiSeq2500 (9 2hr libraries and all 18
24hr libraries were sequenced with single-end 101 bp reads). This resulted in a mean of 35
million reads per library (Table S1).
1.1.6

miRNA libraries & sequencing

miRNA libraries were prepared using the Illumina TruSeq Small RNA library protocol.We multiplexed 36 libraries per lane and sequenced the pool in two lanes with single-end 100bp reads.
We obtained an average of 9.6 million raw reads per sample with a minimum yield of 5 million
reads.

1.2
1.2.1

Computational Methods
Quantifying gene expression data

Adaptor sequences and low quality score bases (Phred score < 20) were first trimmed using
Trim Galore (version 0.2.7) (for the MISO analyses, this step was skipped since MISO requires
all reads to be the same length). The resulting reads were then mapped to the human genome reference sequence (Ensembl GRCh37 release 65) using TopHat (version 2.0.6) and using a hg19
transcript annotation database downloaded from UCSC (date: 2011-08-30) (11). Gene-level expression estimates were calculated using featureCounts (version 1.4.6-p3) (15). Transcript-level
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expression values were obtained using RSEM (14) and a reference-free aligner, Kallisto (3).
For the RSEM analysis we started by mapping reads against the genome using STAR (version 2.4.1c) (14) in order to obtain aligned reads in transcriptome coordinates. The following
parameters were used for index generation (other than default): –genomeSAindexNbases 2 –
genomeChrBinNbits 14 –sjdbOverhang 99. For the alignment we used the following options
specifically recommended for downstream analyses with RSEM: –outSAMattributes NH HI –
outFilterMultimapNmax 20 –outFilterMismatchNmax 999 –outFilterMismatchNoverLmax 0.04
–alignIntronMin 20 –alignIntronMax 1000000
–alignSJoverhangMin 8 –alignSJDBoverhangMin 1 –quantMode TranscriptomeSAM –runThreadN
12. Both RSEM and Kallisto were run using default parameters considering the mean (178bp)
and standard deviation (58bp) of insert sizes across our RNA-seq libraries.
1.2.2

Differential isoform usage (DIU) following infection

To detect genes with differential isoform usage between two groups of non-infected and infected samples, a multivariate generalization of the Welch’s t-test is applied (26). The proportional abundances of each target gene’s isoforms are first calculated using RSEM estimations
of transcript-level TPM values. Specifically, assuming that the target gene has D isoforms, the
relative isoform usage for this gene is denoted by a vector of size D, with its ith element being
the proportional abundance of isoform i. Afterwards, an statistical hypothesis test is performed
to verify whether the means of two multivariate distributions are equal between the non-infected
and infected groups. Suppose that the first group is the group of non-infected samples, and the
second group refers to the samples taken from infected cells. Assume that ni samples have
been collected for group i, and let πij = (πij1 , · · · , πijD ) denote the vector of proportional
isoform
abundance for sample j of group i, with i ∈ {1, 2} and j ∈ {1, · · · , ni }. Note that
PD
π
d=1 ijd = 1, where πijd is the relative isoform usage associated with isoform d. The relative
isoform usage data is a type of compositional data (1), which are vectors representing proportions of a whole that sum to a constant k (in this case, k = 1). The space of compositional data
with size D is mathematically defined by
(
)
D
X
S D = (x1 , · · · , xD ) xd > 0 ∀ d ∈ {1, · · · , D},
xd = k ,
d=1

where S D is an open simplex (i.e., a generalization of the notion of a two-dimensional triangle to higher dimensions) (6). It follows that S D is not a vector space, since the proportions
having a fixed sum leads to dependency between relative isoform usage values within each
sample. In fact, the approaches taken in the statistical analysis of compositional data are majorly affected by this characteristic. For one thing, the familiar Euclidean geometry cannot
be applied when dealing with compositional data; in particular, although one is used to computing the distance between two real vectors with the standard Euclidean metric, it is not the
proper metric to use for compositional data. To illustrate, consider the following pairs of com5

positions: {(0.25, 0.05, 0.7), (0.25, 0.1, 0.65)} and {(0.25, 0.5, 0.25), (0.25, 0.55, 0.2)}. The
Euclidean distance between the compositions in the first pair equals that of the second pair, as
the element-wise difference between the compositions is (0, 0.05, −0.05) for both pairs. However, the second component has doubled in the first pair, while it has only increased by ten
percent in the second pair. The fold changes associated with the third components are more
comparable between the pairs (0.9 and 0.8 for the first and the second pairs, respectively). In
other words, while the Euclidean distances between compositions of both pairs are equal, fold
changes imply that the actual distance is larger for the first pair. Therefore, the relative variation
of components, rather than their absolute differences, provide the basis to the statistical analysis of compositional data. A commonly-used geometry for compositional data is the Aitchison
geometry (1), which lends a linear vector space structure to the open simplex and provides us
with a way to work with compositional data that is analogous to the real space. Although any
multivariate statistical analysis on compositional data can be performed using this vector space
structure, it is not easy to follow and sometimes even difficult for the trained eyes. As a result,
it is more straightforward to use alternative methods based on transformations of compositional
data to the familiar real space. For instance, (2) proposes a couple of transformations on compositional data, the most important of which are the additive log-ratio transformation (alr) and
the centred log-ratio transformation (clr). Neither of these transformations are associated with
an orthogonal coordinate system in the simplex; consequently, (6) introduces the isometric logratio transformation (ilr), which maps the log of a given composition to a real vector of size
D − 1, using a set of D − 1 orthonormal vectors as the basis for S D . As the distance-preserving
ilr transformation removes the inter-dependency between vector elements for each sample, it is
yields vectors in RD−1 , for which the familiar Euclidean geometry can easily be adopted.
Since there exist more than one orthonormal basis for the simplex, the ilr transformation is
not unique. The specific one used in this paper is as follows (6). For any x = (x1 , · · · , xD ) ∈
SD,
ilr(x) = log(x) × U,
where U = [U1 , · · · , UD−1 ] is the D × (D − 1) orthonormal basis, with Ui ∈ RD denoting its
ith column:
 q
i
1


 i qi+1 , if j ≤ i
i
Uji = −
, if j = i + 1
i+1



0,
otherwise
for j ∈ {1, · · · , D}.
Before applying the ilr transformation on relative isoform usage vectors, the statistical hypothesis test for differential isoform usage between the non-infected and infected groups is
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initially given by
H0 : µπ1 = µπ2
H1 : µπ1 6= µπ2 ,
where µπi is the mean relative isoform usage for group i. To proceed with the transformation
and statistical test, the following two steps are implemented to prepare the data. First, any
isoform with an average relative abundance of less than 0.05, across samples, in both groups
is removed from statistical testing analysis, to yield biologically meaningful conclusions about
DIU. Second, any relative isoform usage value that is remained after this elimination, and is
estimated as zero, is then replaced by 0.025 so that all the samples belong to the open simplex
S D . Afterwards, the ilr-transformation is performed on all the samples of both groups, and the
differential isoform usage test is modified to
H0 : µilr(π1 ) = µilr(π2 )
H1 : µilr(π1 ) 6= µilr(π2 ) ,
where µilr(πi ) is the mean of ilr-transformed relative isoform usage vectors of group i. Similar to the approach taken in (17), we assume that the relative isoform usage data after ilrtransformation has a multivariate normal distribution on RD−1 as follows:

for i = 1, 2,
ilr(πi1 ), · · · , ilr(πini ) ∼ ND−1 µilr(πi ) , Σi
where Σi is the covariance matrix for group i, with Σ1 6= Σ2 . Consequently, differential isoform usage boils down to testing the equality of means of two multivariate normal populations,
with distinct covariance matrices. This problem is referred to as the multivariate Behrens-Fisher
problem, and different approaches have been proposed to tackle the multi-dimensional case. In
this paper, we adopted the method proposed by (12), which reduces to the well-known Welch’s
t-test for one-dimensional data (or equivalently, when D = 2) (26). This test, referred to as
TKY herein, cannot be employed when D − 1 ≥ min{n1 , n2 } (a case that results in either of
the estimated covariance matrices to be singular and non-invertible). This is not a problem in
our analysis, since we have a large number of samples per group (n1 = n2 = 60). The results
of differential isoform usage test is reported in Table S4, where estimation of isoform expression values was done using the RSEM software package. Out of the 11353 genes tested, 1455
genes (13%) and 2861 genes (25%) showed statistically significant differential isoform usage
after infection with Listeria and Salmonella, respectively (FDR of 0.01, Benjamini–Hochberg
procedure) (Figure S1). We confirmed these patterns by estimating isoform-specific expression
levels using an alignment-free quantification method, Kallisto, and observed that 74% and 78%
of genes were also identified as having DIU at an FDR of 5%.
We adopted a second method alongside TKY to back-up our numerical results. This method,
introduced by (21) and labeled TSKK here, does not require the estimated covariance matrices
to be invertible. In addition, (4) propose another method for tackling this problem, relaxing the
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assumption of multivariate normal distribution for the samples. This method has been proven,
theoretically by (21) and using simulation by (17), to be inferior to TSKK in terms of power. As
a result, we focus our attention solely on TKY and TSKK . A permutation approach is adopted
to control for TSKK type I error, as suggested by (17). This issue basically arises from the
fact that the null distribution of the test statistic asymptotically converges a standard normal, as
(n1 , n2 , D) → ∞ (see (21)). For each test (or target gene), we ran 2000 permutations, obtained
by shuffling the group labels of samples. For each of the permutations, we computed a new pvalue with the new group labels and reported the proportion of p-values less than or equal to the
original p-value (with correct group labels) as the modified p-value for that gene. A Spearman
correlation of 0.84 and 0.89 was observed between p-values of TKY and p-values of TSKK (with
permutations) for infection with Listeria and Salmonella, respectively.
1.2.3

Isoform diversity

Diversity of a data set, which consists of distinct types of individuals, is defined as a function
of the number of types present and the evenness (uniformity) with which the individuals are
distributed among these types (9). Several diversity indices have been proposed to measure the
diversity of data sets. In this paper, Shannon entropy Hsh (also known as Shannon index (18))
was applied to measure the diversity of isoforms for each target gene before and after infection.
Specifically, for sample j of group i with D isoforms, Shannon diversity index is calculated by
Hsh := −

D
X

πijd log (πijd ),

d=1

where Hsh quantifies the uncertainty in the prediction of next transcript type, if one is to sequentially observe the isoforms, belonging to the pool of transcripts for a specific gene. If all
isoforms are equally common, then Hsh = log (D), while Hsh → 0 if all abundance concentrates on only one transcript (Hsh ∈ (0, log (D)]). Therefore, to quantify the change in isoform
diversity after infection
NI
H I − Hsh
∆Shannon := sh
log(D)
was used, with I and N I denoting the infected and non-infected sample, respectively. Positive
and negative ∆Shannon values correspond to genes with an increase or a decrease in their transcriptional diversity upon infection. Following this analysis, 7198 genes (63%) and 7724 genes
(68%) were identified with an increase in isoform diversity (∆Shannon > 0) after infection with
Listeria and Salmonella, respectively (Figure 1D, Table S5). Further analysis was focused on
the overlap between DE genes and genes showing a large change in isoform diversity following
infection. To this end, all genes were divided into 20 bins according to (an increasing order of)
their ∆Shannon values, such that all bins contain the same number of genes. To illustrate, bin
one contained genes with the lowest ∆Shannon values, which were negative, and bin 20 contained genes with the highest ∆Shannon values, which were positive. It followed that genes with
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high (low) ∆Shannon values were enriched for DE genes (Figure 1E), and specifically, for downregulated (up-regulated) genes (Figure S1D). The enrichment of down-regulated or up-regulated
DE genes among the genes with extreme ∆Shannon values (i.e., very low and negative, or very
high and positive values) was assessed using logistic regression. For instance, for the high
∆Shannon case, all genes were classified into two categories based on whether they belonged to
high
bins with very high ∆Shannon values. Specifically, I∆
is an indicator function, the value of
which equals one if the target gene falls in any of the five bins with the highest ∆Shannon values (i.e., bins 16, 17, 18, 19, and 20) and zero otherwise. The corresponding logistic regression
model was then set up as follows:
n
o
high
P I∆
=1
o = β0 + β1 X1 + β2 X2 ,
log n
high
P I∆
=0
where X1 (X2 ) is an indicator function of whether a gene is both DE and down-regulated (upregulated). Figure S1D depicts the log2 of ratio of odds for both low and high ∆Shannon among
the set of up-regulated, down-regulated, and all the DE genes, where the odds ratio for, say,
down-regualated DE genes is obtained by
o
o  n
 n high
high
P I∆ = 0|X1 = 0
P I∆ = 1|X1 = 1
o  n
o ,
exp(β1 ) =  n
high
high
P I∆ = 0|X1 = 1
P I∆ = 1|X1 = 0
with X1 = 1 indicating significant differential expression and down-regulation.
Alongside the Shannon diversity index, the Gini-Simpson diversity index (see (20))
HG = 1 −

D
X

2
πijd

d=1

was also adopted to measure the changes in isoform diversity and to verify the results obtained with the Shannon index. A Spearman correlation of 0.94 and 0.95 was observed between
∆Shannon and ∆Gini values for infection with Listeria and Salmonella, respectively.
1.2.4

Analysis of alternative RNA processing events

Changes across individual RNA processing events were quantified using the MISO software
package (v0.4.9) ( (10)) using default settings and hg19 version 1 annotations (downloaded
from the MISO website, http://miso.readthedocs.org/en/fastmiso/annotation.html). Events were
used for further downstream analyses if they were detected in both non-infected and infected
conditions in at least 90% of samples. For each sample, a percent spliced in (PSI) value was
calculated for each event. Differential RNA processing was estimated using MISO by pairwise
comparisons matched non-infected and infected samples to calculate a ∆Ψ value and a Bayes
9

Factor (BF ) for each sample-condition combination. Events were considered to be significantly changing after infection if at least 10% (n >= 6) of samples had a BF >= 5 and the
|mean∆Ψ| >= 0.05 (Table S6).
Analysis of RNA processing after 24hrs To assess RNA processing changes at a longer timescale, six out of the 60 initial samples were sequenced after 24hrs of infection with a similar
study design (Listeria-infected condition, Salmonella-infected condition, and a matched noninfected control that was also cultured for 24 hours). To account for differences in power when
using only 6 samples, samples sequenced at both 2 hours and 24 hours after infection were
analyzed independently of the larger batch of 2 hour samples. Specifically, for each event type,
events were used for further downstream analyses if they were detected in both non-infected and
infected conditions in 100% of samples at both timepoints. For each sample, a percent spliced
in (PSI) value was calculated for each event. Differential RNA processing was estimated using
MISO by pairwise comparisons of non-infected and infected samples (using the matched noninfected sample from the corresponding timepoint) to calculate a ∆Ψ value and a BF for each
sample-condition-timepoint combination. Events were considered to be significantly changing
after infection if at least 50% (n >= 3) of samples had a BF >= 5 and the |mean∆Ψ| >=
0.05 (Table S6).
1.2.5

Inter-individual analyses

Candidate trans-regulatory factors were identified by correlating variation in genome-wide
RNA processing shifts and variation in the fold changes of gene expression levels across individuals. An individual-specific genome-wide RNA processing shift was measured by taking
the mean ∆Ψ across all events for each RNA processing category. For each gene expressed in
either non-infected or infected conditions, we calculated a Spearman correlation between the
fold changes in gene expression and the individual-specific mean ∆Ψ values. To assess significance, we performed a 1000 permutations by scrambling the individual labels and assigned
a p-value based on frequency of a more extreme correlation value occuring in the permuted
data relative to the observed correlation value. P-values were then corrected by the BenjaminiHochberg method to arrive at an FDR. Functional categories for known RNA binding proteins
were assigned based on gene ontology annotations.
1.2.6

Enrichments of splicing regulatory elements

To search for splicing regulatory elements we considered kmers of length 6 that matched mammalian motifs identified by the following sources: exonic splicing enhancers (ESEs) from Fairbrother et al. 2002 (7), exonic splicing silencers (ESSs) from Wang et al. 2004 (25), intronic
splicing enhancers (ISEs) from Wang et al. 2012 (24), and intronic splicing silencers (ISSs)
from Wang and Wang 2014 (23). For each skipped exon, we used both (1) the entire exon to
search for ESEs and ESSs or (2) the 100nt of intronic sequence upstream and downstream of
10

each exon to search for ISEs and ISSs. For each category of SREs, an enrichment score was
calculated as follows:
P
P
kmersSRE / kmerstotal in significant SEs
P
fold enrichment = P
kmersSRE / kmerstotal in non-significant SEs
Significance of each enrichment was assessed using a Fisher-exact test.
1.2.7

Gene Ontology ananlyses

To test for enrichment of functional annotations among genes differently expressed upon infection we performed a Gene Set Enrichment Analyses (GSEA) on a list of genes ranked by
p-values, as implemented in the GOrilla software tool (5).For all other GO-enrichment analyses
we used a custom script to test for enrichment of functional annotations among genes significantly changing splicing in response to infection, in order to avoid significant gene ontology
terms with overlapping gene sets. Specifically, the script uses the gene ontology annotation
databases downloaded from the Gene Ontology Consortium website (cite) and searches for the
gene ontology term with most significant enrichment of significantly changing splicing changes
relative to a background of all expressed genes with annotated splicing events of the same event
type. Genes that belong to the most significant gene ontology term are then removed from
the foreground and background sets of genes and the process is repeated iteratively until no
genes are left in the foreground set. P-values are computed using a Fisher-exact test and then
corrected using a Benjamini-Hochberg multiple test correction. For the gene ontology representations in Figure 2B and Figure S5A, we used the REVIGO web interface (22) to summarize
the significant gene ontology terms (F DR ≤ 10%) into super-clustered of gene ontology terms.
1.2.8

Analysis of miRNA-seq data

After demultiplexing, sequences matching the 30 adaptor sequence were identified and trimmed.
A minimum matching of the 6 first bases of the adaptor sequence was required, following which
we discarded all reads shorter than 16 or longer than 26 bases, corresponding to the known
length distribution of mammalian miRNAs. After these filtering steps, we obtained an average
of 5.8 million (minimum 3.1 million) clean, short reads per sample that were used for small
RNA quantification (Table S9).
miRNAs quantification. Sequences were aligned to the human reference genome
(build GRCh37/hg19) using bowtie (v0.12.7) ( (13)) allowing for 2 mismatches (-v 2) and reported all best alignments for reads that mapped equally well to more than one genomic location
(-a best strata). We suppressed reads with more than 50 possible alignments (-m 50). On average, 96% of reads aligned to the human genome, of which 60% aligned uniquely. The remaining
40% of reads had more than one best alignment, which is expected given that miRNAs are short
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and tend to occur in families that share highly similar sequences. To avoid cross-mapping artefacts, we used a correction strategy that assigns weights to each of the candidate mapping loci
of multiply aligning reads (REF), as we have described previously ( (19)).
miRNA differential expression We used DESeq2 (16) to identify differentially expressed
miRNAs upon infection. Specifically, for each experimental condition we compared miRNA
expression levels between non-infected and infected samples at the same time point limiting
the analyses to miRNAs having an average expression higher than 10 reads in at least one
of the experimental conditions. In order to increase power to detect differentially expressed
miRNAs we explored the paired nature of our data by specifying donor identity in our model.
We corrected for multiple testing using the Benjamini-Hochberg FDR method (Table S9).
Enrichment of miRNA target sites. All predicted miRNA target sites within annotated TandemUTR core and core+extended regions were obtained using TargetScan (v6.2) (8). Further
analyses used target sites matching the following set of criteria: (1) the miRNA was expressed
(corrected count ≥ 4) in either the non-infected or infected condition, (2) the TandemUTR region was expressed and met the criteria outlined in Supplementary Section 1.2.4, and (3) there
was at least 1 target site for a given miRNA in the extended regions of expressed TandemUTRs.
Following all of these selection criteria, we considered the target sites for 163 miRNAs in Listeria and 161 miRNAs in Salmonella. Target site counts per region were normalized by the
length of the region to get the density of miRNA target sites. For each miRNA, we calculated
the fold enrichment of target site densities as follows:
fold enrichment =

mean(xi ) for significant TandemUTRs
,
mean(xi ) for non-significant TandemUTRs

where xi = target site density in the extended region of a 3’ UTR for miRNA i
Significance of each fold enrichment was assessed using a Mann-Whitney U test between the
mean density of target sites for non-significant and significant UTRs. P-values for multiple
testing using the Benjamini-Hochberg FDR method.
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Figure S1: Gene expression and isoform diversity after infection. (A) Volcano plots showing differentially expressed genes after infection with Listeria and Salmonella in the left and
right panels, respectively. The −log10 p-values (y-axis), which test the null hypothesis of no
difference in expression levels between infected and non-infected samples, are plotted against
the average log2 fold changes in expression level (x-axis). Genes that were not classified as
differentially expressed are shown in black, while genes that were significantly differentially
expressed after infection (F DR ≤ 0.1% and |log2 (fold change)| ≥ 0.5) are shown in blue.
(B) Histograms of the distributions of p-values for the differential isoform usage test upon
infection with Listeria and Salmonella. The expected distribution of p-values under the null
hypothesis of no significant difference between the mean relative isoform usage of infected and
non-infected samples, is shown in grey. (C) Proportion of differentially-expressed genes among
the background of all the tested genes (grey) and among the genes that show significant DIU
after infection with Listeria and Salmonella (dark pink/dark khaki), indicating an enrichment
of DGE within the set of genes with DIU. (D) log2 fold changes for odds of low ∆Shannon and
high ∆Shannon with standard error bars plotted respectively on the x-axes of the left and right
panels, among the set of all the differentially expressed genes, the set of up-regulated differentially expressed genes, and the set of down-regulated differentially expressed genes, following
infection with Listeria (dark pink) and Salmonella (dark khaki).
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Figure S2: Representative examples of immune-related genes with significant DIU after
infection.
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Figure S3: RNA processing changes 24hr after infection. (A) Proportion of significantly
changing events (x-axis) after 2 hours of infection (dark colors) and 24 hours of infection (light
colors) with either Listeria (top) or Salmonella (bottom). Numbers indicate the significant
events at corresponding timepoints using only the 6 individuals used for these cross-timepoint
analyses. (B) Distribution of ∆Ψ values (x-axis) for significantly changing events in each event
type after either 2 hours (top) or 24 hours (bottom) of infection.
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Figure S4: Relationships between RNA processing and gene expression changes after infection. (A) Distributions of overall fold changes in gene expression (y-axis, log2 scale) for
genes that have significant splicing changes in each event type (colored boxplots) and genes
with no splicing changes after infection (grey). Gene expression values are calculated using either full transcript models (top) or only constitutively included exons (bottom). (B) Distribution
of spearman correlations between the ∆Ψ of an event and the fold change in gene expression,
across individuals, for events that are not significantly changing after infection (left) and significantly changing events (right). Solid lines represent the observed values and dotted lines
represent a distribution of correlations after permuting the correspondence between ∆Ψs and
fold changes in gene expression.
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Figure S5: Characteristics of significantly changing skipped exon events. (A) Significantly
enriched gene ontology categories for genes with significant skipped exon changes after infection. Color indicates the fold enrichment of the number of observed genes relative to the number
of genes expected to be in that category. (B) Fold changes in gene expression (y-axis, log2 scale)
after infection for 2 families of splicing factors (hnRNPs and SR proteins) relative to a background distribution of fold changes in all genes (C) Fold enrichments of splicing regulatory
elements (SREs) in exonic regions and surrounding intronic regions (± 100bp). SREs assessed
included exonic splicing enhancers (green in exons), exonic splicing silencer (red in exons),
intronic splicing enhancers (green in introns), and intronic splicing silencers (green in introns).
Enrichments were calculated separately for significantly included skipped exons (top) and significantly excluded skipped exons (bottom). Shading of the bars indicates the significance of
the enrichment.
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Figure S6: Inter-individual variation of global shifts in alternative splicing. (A) Distribution
of mean ∆Ψ values per individual, where the mean is across all significant events, for skipped
exons (purple) and tandemUTRs (blue) in each comparison. (B) Spearman correlations between
the mean ∆Ψ value per individual and the mean fold change of gene expression per individual
for corresponding genes.

21

Figure S7: Identifying RNA binding factors that might be involved in trans-regulation of
RNA processing after infection. For both TandemUTRs (A) and Skipped exons (B), the top
panel is a scatter plot of Spearman correlations between the individual-specific mean ∆Ψ values
and individual-specific fold change of gene expression values for all expressed genes (grey) in
both Listeria (x-axis) and Salmonella (y-axis). Genes with significant correlations (F DR ≤
1%) in both Listeria and Salmonella conditions are plotted in black, and those factors with
known RNA-binding properties are colored by their functional category. The bottom panels
show distributions of the average Spearman correlation values for each of the RNA-binding
functional categories with significant correlations.
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Figure S8: Cellular proliferation after bacterial infection. BrdU cell proliferation assay in
macrophages (top panel) and LCLs (bottom panel) in non-infected cells and in cells infected
with Listeria or Salmonella for both 2 and 24 hours. BrdU incorporates into newly synthesized
DNA and therefore the quantity of BrdU incorporated into cells (x-axis) is a direct indication
of cell proliferation. No evidence for cellular proliferation was observed in macrophages, in
contrast to the high rates of proliferating cells observed in our positive control population of
LCLs.
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Figure S9: Density of miRNA target sites in 30 UTR regions. Barplots in grey indicate Tandem 30 UTRs that are not changing after infection, while colored barplots indicate Tandem 30
UTRs that are significantly changing after either Listeria (pink) or Salmonella (yellow) infections.
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