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In Brief

Krismer et al. present a computational
approach to identify RNA-binding
proteins (RBPs) that modulate post-
transcriptional control of gene expression
using RNA expression data as inputs. By
applying this approach to publicly
available patient datasets, they identify
and experimentally confirm that the RBP
hnRNPC contributes to chemotherapy
resistance in lung cancer.
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SUMMARY

RNA-binding proteins (RBPs) play critical roles in regulating gene expression by modulating splicing, RNA
stability, and protein translation. Stimulus-induced alterations in RBP function contribute to global changes
in gene expression, but identifying which RBPs are responsible for the observed changes remains an unmet
need. Here, we present Transite, a computational approach that systematically infers RBPs influencing gene
expression through changes in RNA stability and degradation. As a proof of principle, we apply Transite to
RNA expression data from human patients with non-small-cell lung cancer whose tumors were sampled at
diagnosis or after recurrence following treatment with platinum-based chemotherapy. Transite implicates
known RBP regulators of the DNA damage response and identifies hnRNPC as a new modulator of chemo-
therapeutic resistance, which we subsequently validated experimentally. Transite serves as a framework for
the identification of RBPs that drive cell-state transitions and adds additional value to the vast collection of

publicly available gene expression datasets.

INTRODUCTION

RNA-binding proteins (RBPs) are major modulators of gene
expression at the post-transcriptional level, where they control
RNA splicing, stability, localization, degradation, and translation
(Gerstberger et al., 2014; Lunde et al., 2007). RBPs play critical
roles in cell differentiation and tissue development, and aberrant
RBP function is implicated in a wide range of diseases, including
neurodegenerative disorders and neuropathies, myopathies,
autoimmune paraneoplastic syndromes, and cancer (Lukong
et al., 2008). For mRNAs, the role of RBPs in modulating global
changes in gene expression at both the RNA and the protein level
becomes particularly important under conditions in which new
gene transcription is repressed, such as during inflammation,
cell stress, and in response to genomic damage (Stumpo
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etal.,2010; Sugiuraetal., 2011; Pereira et al., 2017). Under these
conditions, changes in gene expression have been shown to
result, in part, from alterations in RBP activity (Perron et al.,
2018). Furthermore, mutations affecting the expression or func-
tion of specific RBPs have been implicated in a variety of dis-
eases, including cancer (Cooper et al., 2009; Licatalosi and Dar-
nell, 2010; Lukong et al., 2008; Pereira et al., 2017).

A large subset of RBPs recognize short linear sequence mo-
tifs of 6-8 nt within their target RNAs. Other RBPs recognize
specific structural features in their bound RNA targets, or
bind to RNA promiscuously without clear specificity. However,
for those RBPs that recognize sequence-specific motifs, the
presence of the motifs in the RNAs and sequence-specific
binding by the RBP, as defined by cross-linking immunoprecip-
itation (CLIP), are highly correlated (Van Nostrand et al., 2018).
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This sequence-specific recognition affords the opportunity for
computational approaches to infer the activity of this class of
RBPs using the sequence enrichment of differentially ex-
pressed genes (Coppin et al., 2018). The identity of these mo-
tifs has been determined for a subset of all known RBPs using
various in vitro-based oligonucleotide selection methods such
as SELEX (Tuerk and Gold, 1990), RNAcompete (Ray et al.,
2009), and RNA Bind-n-Seq (Zykovich et al., 2009), and directly
confirmed for a smaller set of RBPs through the experimental
analysis of RBP-RNA interactions using CLIP sequencing
(CLIP-seq) and various extensions thereof. The RNA targets
for most RBPs, as determined by CLIP-seq, however, have
not been identified due to a variety of technical challenges,
including cost, limited antibody specificity, and high back-
ground binding. Furthermore, the direct experimental identifica-
tion of RNA targets of RBPs likely depends on the experimental
situation under which the CLIP-seq was performed. This lack of
direct CLIP-seq data has limited our ability to directly map spe-
cific RBPs onto global changes in RNA levels, including those
in patient-based gene expression datasets, that have been
observed following various stimuli or clinical treatments. How-
ever, it is worth noting that not all RBPs recognize linear motifs;
some notable examples (RNA-induced silencing complex
[RISC]-loading complex subunit TARBP2) recognize structured
elements, whereas others show little to no sequence specificity
at all.

RBPs appear to play a particularly important role in orches-
trating the DNA damage response (DDR) by regulating mRNA
expression changes that control the onset and duration of cell-
cycle checkpoints and drive DNA repair (Reinhardt et al., 2011;
Rieger and Chu, 2004; Gasch et al., 2001). Unbiased large-scale
screening efforts have converged on RBPs as one of the most
enriched classes of proteins modulating the DDR, even more
so than annotated DNA damage repair proteins (Matsuoka
et al., 2007; Paulsen et al., 2009; Hurov et al., 2010; Floyd
et al., 2013; Adamson et al., 2012). In addition, emerging
evidence from a number of labs has identified RBPs as critical
targets of DDR kinases, including both upstream sensor kinases
such as ATM (ataxia telangiectasia mutated), ATR (ataxia telan-
giectasia and Rad3-related protein), and DNA-PK, and down-
stream effector kinases such as Chk1 (checkpoint kinase-1)
and mitogen-activated protein (MAP) kinase-activated protein
kinase-2 (MK2) (Matsuoka et al., 2007; Paulsen et al., 2009;
Wilker et al., 2007; Fan et al., 2002; Kim et al., 2010). The discov-
ery of RBPs as integration points of the cellular response to
genomic damage has important clinical applications, since the
efficacy of many commonly used chemotherapeutic drugs is
dependent on the integrity (or lack thereof) of the DDR (Ciccia
and Elledge, 2010; Jackson and Bartek, 2009). For example,
we found that a key target of the DNA damage-activated MK2
pathway was the RBP hnRNPAO (heterogeneous nuclear ribonu-
cleoprotein A0), which was required for the maintenance of the
G1/S and G2/M checkpoints following cisplatin treatment (Can-
nell et al., 2015; Reinhardt et al., 2010). Furthermore, this finding
has clear clinical relevance for the response of non-small-cell
lung cancers (NSCLCs) to chemotherapy in both mouse models
and human patients, in which the expression levels of 2 critical
hnRNPAO target RNAs, Gadd45q. (growth arrest and DNA dam-
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age-inducible protein o [GADD454]) and p27 (cyclin-dependent
kinase inhibitor 1B), predicted the clinical response of mouse
and human tumors to platinum-based therapy. Despite these
types of data and the recent surge of interest in the roles of
RBPs in cancer chemosensitivity and resistance (Hong, 2017;
Pereira et al., 2017; Reinhardt et al., 2011), general methods
for the systematic identification and prioritization of RBPs that in-
fluence various biological responses, including the DDR in clini-
cally relevant patient-based gene expression datasets, are
lacking.

To address this, we developed a computational approach
called Transite that leverages preexisting gene expression data
and known RBP-binding preferences to infer RBPs that may
be responsible for alterations in RNA levels under a given condi-
tion or perturbation. This approach is analogous to our previous
computational tool Scansite, which predicts the substrates of ki-
nases and modular signaling domains based on phosphorylation
and peptide-binding motifs (Obenauer et al., 2003). With Tran-
site, we hope to expand the utility of RBP biology to the wider sci-
entific community.

RESULTS

The overall approach used by Transite to map RBPs to sets of
differentially expressed genes is illustrated in Figure 1. Transite
starts with a list of differentially expressed genes between two
conditions (i.e., treated versus untreated samples), identifies
short linear oligonucleotide motifs or k-mers that are enriched
or depleted within specific regions of the transcripts they
encode (i.e., 5 UTR, CDS, or 3 UTR), and then matches these
motifs to likely RBPs that bind them using a compendium of
known RBP motifs (see STAR Methods). Transite’s default
setting is to analyze 3’ UTR sequences, since motifs that regu-
late mRNA stability typically reside within the 3’ UTR, but also
allow the same analysis to be performed on the CDS or the
5 UTR. Two different approaches are used, depending on
whether the set of differentially expressed genes is separated
into distinct foreground and background sets or instead is
analyzed as a continuous list of genes ordered by change in
expression level. For the former approach, in which foreground
sets are predetermined by differentially expressed genes, we
developed transcript set motif analysis (TSMA), which looks
for enriched or depleted oligonucleotide motifs based on sys-
tematic differences between the foreground sets and the total
gene expression data (i.e., the background). For the latter
approach (i.e., a list of ranked genes) we developed spectrum
motif analysis (SPMA), which analyzes motif enrichment along
that ordered list of transcripts, similar to the approach taken
by gene set enrichment analysis (GSEA) (Subramanian et al.,
2005). This approach exploits information across the entire
spectrum of changes rather than limiting analysis to the up-
and downregulated extremes, and allows motif enrichment
or depletion to be visually displayed as a color spectrum.
Both TSMA and SPMA then use two distinct methods, a
k-mer-based and a matrix-based method, to score for and infer
candidate RBP in the differentially expressed genes. The
k-mer-based and matrix-based implementations of TSMA and
SPMA are explained in more detail below.
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The initial steps of the Transite data analysis workflow include preprocessing and differential expression analysis of gene expression profiles, which could be
collected in-house or obtained from NCBI and EMBL-EBI repositories such as GEO, SRA, and ENA. Differential expression analysis is used to either identify
groups of upregulated and downregulated genes (for transcript set motif analysis [TSMA]) or to establish a ranked list of genes from most upregulated to most
downregulated (for spectrum motif analysis [SPMA]). Transite then analyzes regions within these genes to identify k-mers and RBPs whose motifs are enriched or

depleted in the differentially expressed genes.

TSMA Identifies Enriched and Depleted k-mers within
Assigned Sets of Upregulated and Downregulated
Genes and Maps Them onto RBPs

TSMA identifies the overrepresentation or underrepresentation of
all of the possible hexamers or heptamers, as well as binding mo-
tifs for 174 well-characterized RBPs in a set (or sets) of transcripts
(i.e., a foreground set), relative to the background of the entire
population of transcripts measured in an experiment (Figure 2A).

Two different methods are used to assign transcript targets to
specific RBPs. One of the methods, k-mer-based TSMA, also
identifies statistically significantly overrepresented and under-
represented hexamers or heptamers within the foreground set,
irrespective of whether they can be associated with a known
RBP motif. Matrix-based TSMA leverages the full position weight
matrix (PWM) representations (see STAR Methods for details) of
known RBP motifs to nominate RBPs whose motifs are overrep-
resented or underrepresented in the foreground set.

In the k-mer-based approach, after foreground and back-
ground sets are defined (Figure 2A) and the preferred sequence
region is selected (5° UTR, CDS, or 3’ UTR), the sequences of
both sets are broken down into overlapping hexamers or hep-
tamers (i.e., k-mers of length 6 or 7, respectively) (Figure 2B,
left column, step 1), and for each k-mer, its frequencies in the
foreground and background set are determined. While Transite
supports both hexamer and heptamer matching, hexamers are
recommended, since computer runtime increases exponentially
with k, and the results for heptamers mirror those for hexamers in
our experience.

The enrichment value of a particular k-mer i, €;, is then calcu-
lated as follows:

o fi/ng
i _bi/nsv

where f; and b; are the absolute counts of k-mer i in the fore-
ground and background set and ng and ng are the total counts
of all k-mers in the foreground and background, respectively.

The statistical significance of the enrichment for each k-mer is
then determined. First, a contingency table C; for k-mer i is

defined as
fi
c - (bi

Second, the p value p; for C; is approximated with Pearson’s 2
test. If p; < 5a,, where o is the decision boundary, p; is replaced by
the p value obtained by Fisher’s exact test for C;. This stepwise
procedure reduces the computation time dramatically (~50-
fold), because the computationally expensive Fisher’s exact
test is used only in cases in which the approximate p value
from the computationally inexpensive %2 test is close to the de-
cision boundary and is avoided in cases in which a precise
p value is unnecessary. Furthermore, Fisher’s exact test is al-
ways used if at least one of the expected counts is <5, because
this constitutes a violation of the assumptions of the approxi-
mate test. The p values are subsequently adjusted for multiple
hypothesis testing. Available p value adjustment methods in
Transite include Holm’s method (Holm, 1979), Hochberg’s
method (Hochberg, 1988), Bonferroni’s method (Dunn and
Dunn, 1961), Benjamini and Hochberg’s method (Benjamini
and Hochberg, 1995), and Benjamini and Yekutieli’'s method
(Benjamini and Yekutieli, 2001).

The list of all of the k-mers with their associated enrichment
values and statistical significance in the foreground sets is then
reported. This is particularly important because it provides an
unbiased way to identify overrepresented and underrepresented
sequences and novel motifs regardless of whether they conform
to known RBP-binding motifs. Although we think that the most
likely explanation for RBP motif enrichment in 3’ UTRs of differ-
entially expressed mRNAs is related to changes in mRNA stabil-
ity, when analyzing preexisting datasets, it is important to
acknowledge the possibility that these enrichments could also
reflect the transcriptional effects of DNA-binding proteins’ bind-
ing to these motifs in the corresponding DNA. The results are

(nF — 1)
(g *bi)>'
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A Transcript Set Motif Analysis: Foreground and background sets

Gene expression profile
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high negative log fold change

Foreground sets: upregulated and downregulated transcripts

foreground set 1

B TSMA: Motif enrichment analysis
k-mer-based TSMA

1. Break down sequences into k-mers:

AGUCCUGAAAGCGGUAUACAUGGAUCAGCAGUCUGAUCAUCGACGGUACUGCAGUGGAAAC. . .
AGUCCU AAAGCG UAUACA GGAUCA CAGUCU AUCAUC ACGGUA UGCAGU
GUCCUG AAGCGG AUACAU GAUCAG AGUCUG UCAUCG CGGUAC GCAGUG
UCCUGA AGCGGU UACAUG AUCAGC GUCUGA CAUCGA GGUACU CAGUGG
CCUGAA GCGGUA ACAUGG UCAGCA UCUGAU AUCGAC GUACUG AGUGGA
CUGAAA CGGUAU CAUGGA CAGCAG CUGAUC UCGACG UACUGC GUGGAA
UGAAAG GGUAUA AUGGAU AGCAGU UGAUCA CGACGG ACUGCA UGGAAA
GAAAGC GUAUAC UGGAUC GCAGUC GAUCAU GACGGU CUGCAG GGAAAC

2. Calculate k-mer enrichment between foreground and
background sets and visualize with volcano plots:

-log,(p)

log,(FC)

3. Obtain p-value estimates of k-mer enrichment by
Monte Carlo sampling:

density

log fold change close to zero

background set

low expression . | high expression

transcripts upregulated in condition 1
Condition 1
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high positive log fold change
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matrix-based TSMA

1. Score whole transcript region (e.g., 3’ UTR) of all
foreground and background transcripts with PSSM and
count putative binding sites (hits):
—
AGUCCUGAAAGCGGUAUACAUGGAUCAGCAGUCUGAUCAUCGACGGUACUGCAGUGGAAAC. . .

PWM
—

AGUCCUGAAAGCGGUAUACAUGGAUCAGCAGUCUGAUCAUCGACGGUACUGCAGUGGAAAC. . .

hit PWM
—

AGUCCUGAAAGCGGUAUACAUGGAUCAGCAGUCUGAUCAUCGACGGUACUGCAGUGGAAAC. . .
hit hit PWM

2. Calculate enrichment of putative binding sites
between each foreground set and the background set.

highly enriched

foreground set 1

background set |

3. Obtain matrix-based motif enrichment and estimate
p-value by Monte Carlo sampling:

highly depleted

density

mean enrichment value

Figure 2. TSMA

enrichment value

(A) Foreground sets in TSMA are defined by differential gene expression analysis of RNA-seq or microarray datasets, usually by selecting statistically significantly
upregulated and downregulated genes. The background set is all of the genes in the microarray platform or all of the measured genes in RNA-seq. In the heatmap
of the gene expression profile, the two rows (condition 1, condition 2) are the mean gene expression values of the replicates of the respective groups (e.g.,
condition 1 could be treated with drug A and condition 2 untreated). The columns of the heatmap correspond to the genes, and the superimposed gray curve is

the log fold change between condition 1 and condition 2.

(B) TSMA estimates the statistical significance of putative RBP-binding site enrichment between each foreground set and the background set. There are 2 ways to
describe the putative binding sites of RNA-binding proteins (i.e., the motif). The column on the left depicts k-mer-based TSMA, which uses a list of k-mers to
describe putative binding sites. The column on the right is matrix-based TSMA, which instead uses position weight matrices (PWMs). See text for details.

visualized using volcano plots that show the enrichment values
on the x coordinate (log transformed) and the associated p
values on the y coordinate (log transformed and multiplied by
—1) for all k-mers. An example is shown in Figure 2B, in which
the black dots represent k-mers without significant enrichment
or depletion, while blue dots denote significantly depleted
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k-mers and red dots significantly enriched k-mers. The k-mers
corresponding to the motif of one particular RBP are indicated
by yellow circles.

Over- and underrepresented k-mers are then mapped onto
specific RBPs. A set of k-mers associated with each RBP is
generated from the known RBP motif PWMs, as described in
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STAR Methods. These RBP-specific k-mers are then assigned
the enrichment values calculated from the data, as shown by
the yellow dots in the volcano plot in Figure 2B. The geometric
mean of the enrichment values of all k-mers that are associated
with that particular RBP is then calculated and analyzed for its
statistical significance using Monte Carlo sampling. A null distri-
bution of mean enrichment values associated with the k-mers of
an RBP is generated by repeated random selection of fore-
ground sets from the background. The null distribution is used
to obtain an estimate of the significance of the true mean enrich-
ment value of the RBP-associated k-mers observed in the exper-
imental data, which is shown as a red dashed line in the histo-
gram in Figure 2B, step 3. A ranked list of RBPs and their
associated p values, corrected for multiple hypothesis testing,
is then provided.

An alternative to k-mer-based TSMA is a matrix-based
approach, in which the sequence motifs of 174 RBPs are main-
tained as PWMs. All of the sequence positions in the transcripts
within the foreground and background gene sets are then
scored, as shown in step 1 of the right column of Figure 2B.
The PWM slides along the sequence and assigns a score to
each position; scores above a certain threshold are considered
putative binding sites (hits) (see STAR Methods). These hits are
tallied in both the foreground and the background set, and
enrichment values and associated p values calculated analo-
gously to the k-mer-based approach. Again, all of the p values
are multiple testing corrected.

One disadvantage of the matrix-based TSMA method relative
to the k-mer-based approach is that a PWM assumes indepen-
dence among positions, making it impossible to construct a
PWM that assigns high scores to AAAAAA and CCCCCC but a
low score to ACACAC. An advantage of our matrix-based
approach, however, is that it retains positional hit information
within the sequence and therefore facilitates the detection of
closely spaced clusters of putative binding sites. Homotypic
clusters of binding sites on DNA, for example, have been shown
to be important for transcription factor binding (Gotea et al.,
2010) and have been postulated to be involved in RNA regulation
(Plass et al., 2017; Mukherjee et al., 2011), but a clear experi-
mental demonstration of their general importance for RBP bind-
ing to RNA has not been unambiguously shown.

SPMA Identifies RBPs with Non-random Arrangement of
Putative Binding Sites in a Ranked List of Transcripts

A limitation of the TSMA method described above is that it will
only capture those RBPs for which putative binding sites are sta-
tistically significantly enriched among a pre-defined foreground
set of differentially expressed genes relevant to a background
set. As an alternative method, we developed SPMA, an
approach that more broadly and generally identifies non-random
distributions of RBP target sites in an ordered list of genes
without having to pre-define a specific foreground set (compare
Figures 2A and 3A).

Instead of using an arbitrary threshold (e.g., p < 0.05) to
assign transcripts to a single foreground set, SPMA subdivides
the entire list of rank-ordered transcripts into a number of bins
of equal width. Each bin is considered its own foreground set,
and enrichment scores for k-mers or PWM motifs are then calcu-

¢ CellP’ress

lated as described above. The enrichment scores for each RBP
across the bins are then visualized as one-dimensional heat-
maps, where red-blue coloring encodes the putative binding
site enrichment values, as shown in Figure 3B, to generate spec-
trum plots. RBPs that are involved in regulating differential gene
expression should show non-random red-blue color patterns in
the spectrum plot, indicating progressive RBP-binding motif
enrichment in the upregulated genes, the downregulated genes,
or both. As shown in the upper left plot of Figure 3C, genes that
are upregulated in condition 1 show a progressive overrepresen-
tation of putative binding sites for a particular RBP, consistent
with that RBP enhancing mRNA stability. In contrast, as shown
in the upper right plot of the same panel, genes that are downre-
gulated in condition 1 show a progressive overrepresentation of
binding sites for a different RBP, consistent with this RBP desta-
bilizing its mMRNA targets.

SPMA generates one spectrum plot for each RBP motif in the
motif database. With 174 motifs available, it is imperative to pro-
vide an analytical means to aid in the identification of biologically
meaningful spectrum plots that exhibit non-random patterns.
Each spectrum plot is therefore examined for whether the distri-
bution of enrichment values among the bins is non-random or
random, based on three criteria: (1) the adjusted R? of a polyno-
mial model fit, (2) the local consistency score, and (3) the number
of bins with a significant enrichment or depletion of putative
binding sites. The significance of the enrichment values is calcu-
lated in an identical fashion to the significance calculation in
TSMA. For the first approach, polynomial regression models of
degrees ranging from 0 through 5 are fitted to the spectrum of
enrichment values, and the model that best reflects the true na-
ture of the data is selected by means of the F test (see STAR
Methods for details on the polynomial model approach). Exam-
ining the coefficient of the linear term in the polynomial depicts
the general increase or decrease in RBP enrichment along the
bins, as illustrated in the first two examples of Figure 3C, respec-
tively. If there is strong evidence for a non-linear relationship,
then this can also be captured by the model, as seen in the third
example shown in the lower left panel of Figure 3C. With the sec-
ond approach, a local consistency score quantifies the local
noise of the spectrum by calculating the deviance between the
linear interpolation of the scores of two bins separated by exactly
one other, and the observed score of the center bin, for each po-
sition in the spectrum. The lower the score, the more consistent
the trend in the spectrum plot (see STAR Methods for a formal
definition of the local consistency score). Spectrum plots are
classified as non-random if (1) the adjusted R? of the polynomial
fit is >0.4 and (2) the p value associated with the local consis-
tency score is <5 x 107, and (3) at least 10% of the bins
have significant (= = 0.05) enrichment or depletion of putative
binding sites.

Website and R Package for Transite Available for
Customizable Use

To make the RBP analysis of gene expression datasets widely
available to the scientific community, the Transite analysis plat-
form is hosted at https://transite.mit.edu. Both the TSMA and
SPMA methods are web accessible, and familiarity with the R
programming language is not required (Figure 4). The full
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(A) Transcripts are sorted by some measure of differential expression (e.g., fold change or signal-to-noise ratio) and the entire spectrum of transcripts is then
subdivided into a number of equally sized foreground bins.
(B) The motif enrichment step is identical to TSMA. SPMA results are visualized as spectrum plots, which are 1-dimensional heatmaps of motif enrichment values,
in which the columns correspond to the bins and the color encodes the enrichment value (strong depletion in dark blue to strong enrichment in dark red) of a

particular k-mer or PWM.

(C) The distribution of putative binding sites (as visualized by spectrum plots) is deemed random or non-random (i.e., putative binding sites are distributed in a way
that suggest biological relevance), based on multiple criteria described in the text. Shown beneath each strip in the heatmap are the log enrichment values for the
RBP motif being analyzed (black dots) and the best first, second, or zero order polynomial fit (blue line), along with 95% confidence intervals (shaded gray).

functionality of Transite is also provided as an R/Bioconductor
package (https://doi.org/10.18129/B9.bioc.transite) to facilitate
a seamless integration of these algorithms into existing bioinfor-
matics workflows. The source code of the Transite package is
hosted on GitHub (https://github.com/kkrismer/transite). Both
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the website and the R package also allow motif enrichment anal-
ysis with user-defined motifs, in addition to the 174 motifs pro-
vided by the Transite motif database, enabling users to search
for enrichment of any RBP motif in a discrete set of genes or a
rank-ordered list.


https://doi.org/10.18129/B9.bioc.transite
https://github.com/kkrismer/transite

Cell Reports

A B

¢? CellPress

OPEN ACCESS

Cc

Step 1: General information

Analysis title:

Analysis approach:
matrix-based

® k-mer-based

Species:
® Homo sapiens

Mus musculus

Graphical output format:
® vector-based graphics (SVG)

raster-based graphics (PNG)

Step 4: Configure analysis pipeline

Number of bins:

@ [ 40] 50

Exemplary spectrum plot:

Merge method for duplicate entries:
highest magnitude v
Number of affected rows: no data uploaded / unknown

Maximum degree of polynomial model for
spectrum evaluation:

1] 5

Step 4: Configure analysis pipeline

Sequence region:
5'UTR
® 3'UTR
mature mRNA
P-value adjustment method:

Benjamini-Hochberg (1995)

P-value combining method:

inverse normal - Stouffer (1949)

k-mer length:

® Hexamer (6-mer)

Exemplary polynomial regression model and spectrum plot:

Step 3: Motifs

RNA-binding protein motifs:

® Transite motif database

Custom motif .III
I

Figure 4. Transite Web Interface
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Datasets are analyzed using TSMA or SPMA in 4 simple steps, some of which are illustrated in (A)~(D). These involve the selection of k-mer or matrix-based
analysis (A), the specification of foreground and background sets for TSMA, the number of bins for SPMA (B), the region of the RNA to be analyzed and the
threshold for statistical significance (C), and the source of RNA-binding motifs to be used for the analysis (D).

Transite Correctly Maps Observed Changes in RNA
Abundance following ZFP36 Overexpression or ELAVL1
Knockdown onto Their Respective RBPs

To test the ability of the Transite algorithms to correctly map
changes in RNA expression onto specific RBPs, we used a pub-
licly available dataset in which RNA expression levels were
measured following overexpression of the RBP mRNA decay
activator protein ZFP36 (also known as TTP). ZFP36 is known
to destabilize its target RNA transcripts by binding to sequence
elements in the 3' UTR (Lai et al., 2003). Mukherjee et al., 2014
reported microarray measurements of differential RNA expres-
sion in HEK293 cells following the inducible overexpression of
an EGFP-ZFP36 fusion protein (GEO: GSE53185). The RNA
expression fold change and associated p values per gene be-
tween the induced and un-induced groups, as reported by the
authors, were used as input for Transite. Genes that were statis-
tically significantly downregulated and upregulated following
ZFP36 overexpression (i.e., p < 0.05 after multiple testing correc-
tions) were chosen as foreground sets for TSMA. Volcano plots
showing k-mer enrichment and depletion in these gene sets
are shown in Figure 5A, and the top 10 empirically identified
k-mers are listed in Tables S1 and S2. The left panel in Figure 5A
shows that k-mers corresponding to the ZFP36-binding motif,
shown in yellow, are among the most highly enriched k-mers in
transcripts that were found to be downregulated, while the right
panel shows conversely that ZFP36-associated k-mers were
highly depleted in the genes that were upregulated after ZFP36
overexpression. This was even more apparent in the spectrum

plot following SPMA of this dataset (Figure 5B), which revealed
a highly consistent nearly monotonic increase in ZFP36-binding
sites when the genes were ranked from those most upregulated
to those most downregulated after ZFP36 overexpression. On
this basis, ZFP36 emerged as the single best RBP out of all
174 RBPs in the database whose motif could rationalize the
observed gene expression changes.

To further validate the utility of Transite to infer RBPs that
modulate gene expression changes, we used a second publicly
available dataset (GEO: GSE29778), in which gene expression
changes were measured following small interfering RNA (siRNA)
knockdown of ELAV-like protein 1 (ELAVL1, also known as HuR)
to 20% of its endogenous levels (Mukherjee et al., 2011). ELAVL1
stabilizes its target RNA transcripts and likely facilitates their pre-
mRNA processing; hence, its knockdown should result in the
reduced expression of its target RNAs. In addition to RNA stabil-
ity, ELAVL1 is known to play a role in the regulation of alternative
splicing of some of its targets (Chang et al., 2014; Akaike et al.,
2014). As shown in Figure 5C, analysis of this dataset using
SPMA resulted in spectrum plots in which the enrichment values
for the ELAVL1 motifs closely varied in direct proportion to the
extent of RNA downregulation that was observed (Figures 5C,
S1, and S2). Figure 5D shows the top 5 RBP motifs that were en-
riched in the upregulated and downregulated genes, revealing
that genes downregulated after ELAVL1 knockdown were en-
riched in U-rich RBP motifs, including those that correspond to
the ELAVL1 motifs in the Transite motif database. In contrast,
genes that were upregulated after ELAVL1 knockdown were
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Figure 5. Unbiased Identification of Drivers of Differential Expression after the Overexpression of ZFP36 or the Knockdown of ELAVL1

(A) TSMA volcano plot showing enriched and depleted k-mers in downregulated transcripts after ZFP36 overexpression (left panel). k-mers associated with
ZFP36 (shown in yellow) are highly enriched. A TSMA volcano plot of k-mer enrichment values in upregulated transcripts after ZFP36 overexpression shows
strong depletion of ZFP36 associated k-mers (right panel).

(B) SPMA spectrum plot depicts the relationship between ZFP36 overexpression and downregulation of ZFP36 targets.

(C) SPMA spectrum plot of 1 ELAVL1 motif depicting the global downregulation of ELAVL1 target transcripts after ELAVL1 siRNA knockdown. When comparing
spectrum plots, please note that the color scales are adjusted for each plot individually and as a result are different between plots with different enrichment score
ranges. Volcano plots of ELAVL1 k-mers before and after knockdown are shown in Figure S1.

(D) Sequence logos of motifs highly enriched in transcripts upregulated (left column) and downregulated (right column) after ELAVL1 knockdown. U-rich ELAVL1
motifs are highly enriched in the 3’ UTRs of downregulated transcripts (GEO: GSE29778).

(E) The 4 most highly enriched hexamers in transcripts upregulated (left column) and downregulated (right column) after ELAVL1 knockdown, as identified by k-
mer-based TSMA.

enriched in alternative RBP motifs that lacked U-rich regionsand  photoactivatable-ribonucleoside-enhanced CLIP (PAR-CLIP)

corresponded to the binding motifs of other RBPs. Furthermore,
the single most highly enriched k-mer in the set of downregulated
genes, AUUUAA, which was empirically identified by k-mer-
based TSMA (Figure 5E; Tables S3 and S4), perfectly matches
the motif of ELAVL1 that was experimentally determined using
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and RNP immunoprecipitation-microarray (RIP-ChIP) (Mukher-
jee et al., 2011). These data indicate that Transite can capture
the specific RBPs responsible for the gene expression changes
caused by the manipulation of RBP levels, thus validating our
approach and providing confidence that predictions derived



Cell Reports

¢? CellPress

OPEN ACCESS

A gene expression profiles of B TSMA RBP enrichment p-value Figure 6. SPMA Identifies ELAVL1 and TIA1
untreated NSCLC patients whose 1. ELAVL1, ELAVL3 1.450 0.000105 Motifs as Highly Enriched in Recurrent
NSCLC tumors failed to respond to 2. TIA1 1.378 0.000105 NSCLC Patients
patients i based py . . . .
3. RALY 1.378 0.000105 (A) Differential gene expression analysis was per-
@M | 4. CPEBS3, CPEB4 1.370 0.000105 formed on samples from patients with untreated
W RP = 5. HNRNPC 1.348 0.000105 NSCLC tumors and patients with recurrent tumors.
! SPMA RBP R? slope  p-value (B) Transite was used to identify RBPs whose tar-
differential gene
expression analysis 1. ELAVL1-3 0.841 0.994  0.000002 gets were overrepresented among upregulated
2. TIA1 0.804 0.868 0.000002 genes in the samples of recurrent tumors. Shown
A ) L 3. RALY 0.804 0.868 0.000002 are 2 tables of k-mer-based TSMA and SPMA dis-
identify potential post-transcriptional
! g s of resi o ch py 4. HNRNPC 0.801 0.800  0.000003 playing RBPs with highly enriched motifs for TSMA
with Transite 5. HNRNPCL1 0.801 0.800  0.000002 and highly non-random motif enrichment patterns
E 1[ 2[ - ;tm:g;:slp ) - for SPMA. Among the top hits are ELAVL1, TIA1, and
- -targets (entire mature m )
C ELAVLA1 pi binding site log(enri ) B - Ll ELAVL1 CLIP-targets (only 3' UTR) hnRNPC. P values were obtained by Monte Carlo
-0.25 0.00 0.50 . . .
1.00 sampling and corrected for multiple hypothesis
. testing using the Benjamini-Hochberg procedure.
§ 075 (C) Spectrum plot from SPMA depicting the distri-
£ o050 ;'; bution of putative ELAVL1-binding sites across all of
% 0.25. E 0.50 the transcripts. The transcripts are sorted by
‘é 00, § ascending signal-to-noise ratios. The transcripts
2 E 25 downregulated in resistant samples relative to un-
S s 3
0z treated samples are on the left, and those upregu-
PR B 0.0} lated are on the right of the spectrum. The putative
highly upregulated in highly upregulated in _ = L : . . .
untreated tumors recurrent tumors o 05 logs folﬂd °change°5 1o binding sites of ELAVL1 are highly enriched in tran-
scripts upregulated in resistant cells (shown in red)
X = non-targets
o ) F §[ i[_ TIA1 CLIP-targets (entire mature mRNA) and highly depleted in transcripts downregulated in
D TiATP binding site log(enr ™ TIAT CLIPtargets (only 3 UTR) resistant cells (shown in blue).
e (D) Spectrum plot of putative TIA1 binding sites us-
3 ing the same transcript order as in (C).
ing th t ipt ord in (C
£ 0.75
20s0° % (E) Enrichment of ELAVL1 targets in resistant
gm £ NSCLC cells is recapitulated in an independent
£ 020 0.50-
g % high-throughput sequencing of RNA isolated by
g 00 2. CLIP (HITS-CLIP) experiment (publicly available
2025 3 data). The distribution of fold changes of transcripts
R R RN TR R Ghh b hdh S d b that have ELAVL1-binding sites is shifted in the
highly upregulated in highly upi in 001

recurrent tumors 08

untreated tumors

from more complex perturbations are more likely to reflect real
changes in RBP binding or activity.

RBPs Involved in the DDR Are Identified by Transite
Using Cancer Patient RNA Expression Data

As an application of Transite-based RBP scoring, we next
analyzed a gene expression dataset from patients with NSCLC
who were either treatment naive or their cancer had recurred af-
ter platinum-based chemotherapy treatment (GEO: GSE7880).
Differences in RNA transcript abundance were ranked between
the set of tumors that were sampled pre-treatment and the sepa-
rate set of tumors that were sampled after recurrence following
treatment, and the ranked transcripts were then analyzed by
Transite to identify potential RBPs that may influence the
response to Pt treatment. Changes in transcript abundance
were ranked based on the signal-to-noise ratio, in which tran-
scripts upregulated in recurrent patients had positive values
and those upregulated in treatment-naive patients had negative
values (see Figure B6A for schematic). k-mer-based TSMA,
focusing on the 3' UTRs of the differentially regulated genes, re-
vealed a set of enriched k-mers in the patients whose tumors

positive direction, even more so when the binding
sites are in the 3" UTR. The p values were calculated
with the 1-sided Kolmogorov-Smirnov test.
(F) As in (E), transcripts with TIA1-binding sites are
upregulated in resistant cells according to an iCLIP
experiment, confirming results from SPMA.

0.0 05
log: fold change

failed Pt treatment that were largely U-rich (Table S5). These k-
mers mapped to the motifs of ELAVL1 and TIA1 as the top 2
hits (Figure 6B, top). SPMA revealed these same top 2 RBPs,
as shown in the bottom part of Figure 6B. Individual spectrum
plots for ELAVL1 (Figure 6C) and TIA1 (Figure 6D) demonstrated
consistent behavior of these motifs across the gene expression
continuum, being enriched in 3’ UTRs of genes that were upregu-
lated in patients with recurrent tumors after Pt treatment and
depleted in 3’ UTRs of genes that were upregulated in naive pa-
tients. The upregulation of ELAVL1 and TIA1-target mMRNAs was
further validated by analyzing the distribution of previously
known CLIP-seqg-identified targets (Kishore et al., 2011; Wang
et al.,, 2010) for these 2 RBPs (Figure 6E and 6F), suggesting
that our motif-based approach can identify bona fide target
genes of a given RBP for which CLIP-seq data are available.
Moreover, both ELAVL1 and TIA1 are known to be involved in
the DDR (Masuda et al., 2011; Lal et al., 2006; Mehta et al.,
2016; Diaz-Munoz et al., 2017). The fact that two well-known
players in the DDR were among the top hits of the motif analysis
provides confidence that the predictions of Transite are likely to
reflect the regulators of the DDR and drivers of chemoresistance.
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Motif Analysis of Recurrent NSCLCs after Cisplatin
Treatment Identifies hnRNPC as a Potential Modulator
of Drug Resistance

We were particularly interested in using Transite as a tool to iden-
tify new RBPs potentially involved in chemosensitivity or resis-
tance to DNA-damaging chemotherapy agents using data from
human clinical trials. We therefore chose to focus on hnRNPC,
one of the highest-scoring RBPs that emerged from both
TSMA and SPMA analyses of chemoresistant NSCLC patients,
and one that, to our knowledge, has not been strongly implicated
in the response to chemotherapy-induced DNA damage
(Shkreta and Chabot, 2015). As shown in Figure 7A, the spec-
trum plot of the distribution of putative hnRNPC binding sites
shows a strong enrichment of mMRNAs with hnRNPC motifs in
their 3’ UTRs in patients whose tumors recurred after Pt therapy.
This Transite prediction was independently confirmed by the
analysis of individual-nucleotide resolution CLIP (iCLIP)-defined
target mMRNAs for hnRNPC (Konig et al., 2010) (which also
showed an overrepresentation of hnRNPC targets in upregu-
lated transcripts in recurrent patients; Figure 7B), with those
with binding in the 3" UTR showing the strongest enrichment.
Since hnRNPC has not been studied closely in the context of
mRNA stability regulation, we wanted to ascertain whether
hnRNPC does indeed regulate mRNA levels. To do this, we
used publicly available data from the ENCODE Project Con-
sortium (2012), in which hnRNPC was knocked down in HepG2
cells by small hairpin RNA (shRNA) followed by RNA-seq to mea-
sure gene expression. Transite analysis of the gene expression
changes upon hnRNPC knockdown (Figure 7C) demonstrated
clear enrichment of hnRNPC motifs in the 3’ UTRs of downregu-
lated transcripts, suggesting a general role for hnRNPC in main-
taining the expression of its 3" UTR target mRNAs. These obser-
vations were further confirmed by examining CLIP-defined
target mMRNAs of hnRNPC (Figure 7D). Further analysis of these
knockdown data by GSEA (Figure 7E) revealed that downregu-
lated genes upon hnRNPC knockdown were enriched for
numerous gene sets relating to resistance to chemotherapy
and regulation of the DDR, highlighting a potential functional
role for hnRNPC in chemoresistance.

To experimentally test these Transite and GSEA predictions,
we examined the effect of knockdown or overexpression of
hnRNPC in T6éa murine lung carcinoma cells on their sensitivity
and resistance to cisplatin treatment. As shown in Figure 7H, col-
ony-formation assays in T6a cells demonstrated that hnRNPC
overexpression promoted resistance to cisplatin, as shown by
a 1.6-fold increase in the number of surviving colonies (Figure 7H,
red bar). Conversely, siRNA downregulation of hnRNPC signifi-
cantly enhanced T6a cell sensitivity to cisplatin, as shown by a
5-fold decrease in the number of colonies formed by cells treated
with hnRNPC siRNA compared to those of control siRNA-treated
cells after cisplatin treatment (Figure 7H, blue bar). We further
tested these predictions by performing colony-formation assays
in H2009 human lung carcinoma cells. As shown in Figure 71,
hnRNPC overexpression in H2009 cells promoted resistance to
cisplatin, as shown by a 1.6-fold increase in the number of sur-
viving colonies (Figure 71, red bar). Conversely, siRNA knock-
down of hnRNPC enhanced H2009 cell sensitivity to cisplatin
as demonstrated by a 1.75-fold decrease in the number of
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colonies formed (Figure 71, blue bar). Western blots of hnRNPC
in T6a and H2009 cells are shown in Figures 7F and 7G, respec-
tively. These data indicate that hnRNPC mediates the resistance
of NSCLC cells to cisplatin chemotherapy, which is consistent
with what was seen in the patient data, and demonstrates that
our computational approach can identify new RBPs influencing
the DDR.

To independently validate the importance of hnRNPC in medi-
ating chemotherapy response in patients, we took advantage of
data from a unique adjuvant chemotherapy trial, JBR.10 (Fig-
ure 7dJ; Winton et al., 2005). In this trial, early-stage NSCLC pa-
tients had their tumors surgically resected and subjected to
gene expression profiling (GEO: GSE14814). Patients were
then randomized to receive cisplatin/vinorelbine combination
chemotherapy or observation and palliative care, allowing us
to specifically query the role of hnRNPC in the response to
chemotherapy. We focused our analysis on stage 2 patients,
since the benefit from adjuvant chemotherapy is most pro-
nounced in this population. The separation of patients based
on hnRNPC expression level revealed that patients whose tu-
mors displayed a low expression of hnRNPC benefited signifi-
cantly from chemotherapy in terms of survival (Figure 7J, right
panel, p = 0.028), while patients whose tumors had high levels
of hnRNPC expression did not show significant benefit (Fig-
ure 7J, left panel, p = 0.68). We did not find a similar relationship
between chemoresistance and expression of RBPs not impli-
cated by Transite (Figure S3). The data in Figure 7 identify
hnRNPC as a new RBP involved in the response to Pt drug treat-
ment in NSCLC and suggest that Transite is an effective tool for
identifying novel RBPs that contribute to chemoresistance in hu-
man cancer patient RNA expression datasets.

DISCUSSION

Despite their crucial role in the post-transcriptional regulation of
gene expression, the majority of RBPs have unknown functions.
To help understand the influence of RBPs on their target tran-
scripts, we developed Transite, a computational method for
the analysis of the regulatory role of RBPs in various cellular pro-
cesses for which differential gene expression data or other rele-
vant gene sets are available. Our analysis is based on the fact
that most RBPs recognize short linear oligonucleotide se-
quences whose overrepresentation can be computed from
gene expression data, and that a large collection of preexisting
motif data for RBPs has been compiled in publicly available da-
tabases (Ray et al., 2013; Cook et al., 2011).

It is important to note that Transite, in its current form, has sig-
nificant limitations. Not all RBPs have strong motif preferences
that are amenable to this type of motif-based analysis. Further-
more, there may be considerable redundancy in motif recogni-
tion by different RBPs, making prediction of a single RBP chal-
lenging. Moreover, the in vitro-derived motifs for RBPs may not
always reflect in vivo binding preferences. These caveats have
raised questions about the ability of consensus motifs and
PWMs to uniquely predict individual RBP mRNA targets a priori
on a genome-wide scale and have led to the development of
more sophisticated approaches for predicting specific RBP
RNA targets (Perron et al., 2018; Weyn-Vanhentenryck and



Cell Reports ¢? CellP’ress

OPEN ACCESS

¥ = non-targets
: " . . : *[ %
A hnRNPC putative binding site log enrichment 7. . | B 3[ z[ — hnRNPC CLIP-targets (entire mature mRNA)
2 * = hnRNPC CLIP-targets (only 3' UTR)
1.00
I ot o 5 4 2 5 EREEE; g .
-
g o g
3 g
= - =
° ‘@ 050
£ 2
$ 00- =]
o K
o 3
= - €025
3
o
highly upregulated in highly upregulated in 0.001
untreated tumors recurrent tumors 05

N log= fold change
hnRNPC putative binding site log enrichment - N non-targets )
c 0.0 0 2 D | %' = hnRNPC CLIP-targets (entire mature mRNA)
* = hnRNPC CLIP-targets (only 3' UTR)

. - - . v o . -n o

0.2 -

0.0 -+

-0.2 - ;
highly downregulated after  highly upregulated after |

o
5
o

o
@
S

log enrichment

cumulative frequency
N
&

0.00
hnRNPC knockdown hnRNPC knockd
-2.0 -1.0 0.0 1.0 20
E log: fold change (sh-hnRNPC)
KANG_DOXORUBICIN REACTOME_G2_M_DNA REACTOME_PROCESSING_OF
RESISTANCE_UP DAMAGE_CHECKPOINT DNA_DOUBLE_STRAND_BREAK_ENDS
@ 0.0 ﬁ @ 0.0
o 02 o o
8 g g8
o 04 a 2 e
P T &
5 £ £
w w | w
UP in hnRNPC DOWN in hnRNPC UP in hnRNPC DOWN in hnRNPC UP in hnRNPC DOWN in hnRNPC
knockdown knockdown knockdown knockdown
| ES NES FDR p-value ES NES FDR p-value | ES NES FDR p-value
-0.76  -2.97 <0.001 -0.62  -2.54 <0.001 -0.58  -2.40 <0.001
F T6a G _H2009 H 3 60
. . 2 0.0095 0.031
siControl sihnRNPC O 3 ! -
. . —_— \ °
Cisplatin (M) 0 4 8 0 4 8 0 W 2
hnRNPC{==="""""l|a-hnRNPC hnRNPC—-Ia-hnRNPC 54
Tubulin==—==—=——=——="lo-tubulin Tubulin{==]lo-tubulin £ £
[T
o 3
| ?G <
o pcDNA FLAG-hnRNPC I B
Cisplatin (M) 0 4 8 0 4 8 00\2\} % %
5
2
hRNPCo TEREleFLAG  pRNPC lehiRNPC £ -
Tubulin{== = == —|o-tubulin Tubulin-==]la-tubuiin 20
S O U
F e & &
J hnRNPC high hnRNPC low €&
1.00 == observation = 1.00 == observation o@‘g & 9(85;
== chemotherapy == chemotherapy I o
2 0.75 2 0.75 o Iml 001
K] K] 3
2 2 S
2 4 >
2 050 Lﬁ) 0.50 P 280
& & 3 =
2. 2. o %-
0.25 0.25 o o
S ©
8 = 40
£ 0.00] pvalue=068 HR=0.82(0.31-2.10) 2 0.00{ p-value =0.028 HR =0.27 (0.09 - 0.86) = g
%
K
Zo
5
. S

0 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8 9

number at risk number at risk
O — 0 —
E 18 16 13 10 8 8 6 2 1 0 g 9 6 4 1 1 1 1 1 1 0 q,(} QQC,JOQ \ev es\v
@=147 14 12 12 12 10 8 6 3 1 ®=116 13 12 12 10 9 8 4 1 1 ¥ .(59;09"\ S &

& & &
0o 1 2 3 4 5 6 7 8 9 0o 1 2 3 4 5 6 7 8 9 0@* & ‘&Q-
time in years time in years o

(legend on next page)

Cell Reports 32, 108064, August 25, 2020 11



¢ CellPress

Zhang, 2016). In contrast to those approaches, Transite does not
attempt to predict specific mMRNAs bound by a particular RBP.
Instead, Transite simply looks at the statistical distribution of
RBP motif representation in sets of expressed genes to infer pu-
tative roles for specific RBPs in some biological processes,
which can then be directly tested experimentally. It is worth
noting that Transite is best suited to picking up signals from cyto-
plasmic 3’ UTR binding proteins that affect mMRNA stability or
translation, if measured by ribosome profiling.

By using 2 approaches to identify non-random distributions of
RBP-binding motifs, followed by back-mapping of those motifs
ontothose of 174 known RBPs, Transite identified 3 RBPsinvolved
in the human DDR, which we could further validate based on inde-
pendent CLIP-seq data of their known mRNA targets in cells,
rather than using motifs derived from in vitro sequence libraries.
These findings suggest that, although there are limitations to using
in vitro-derived motifs, Transite serves as a discovery tool for new
biology. Moreover, since users can define their own motifs in addi-
tion to those from the database, users are able to upload motifs
from CLIP-seq data of their favorite RBP and use that as a means
to analyze enrichment in preexisting datasets. As more RBP motifs
become available, they will be incorporated in future versions of
the Transite analysis platform.

To further demonstrate the utility of Transite, we performed an
analysis of human NSCLC patient data and were able to recover
previously known RBP biology and also identify novel sources of
RBP-mediated chemoresistance. Well-known players in the
DDR such as ELAVL1 and TIA1 were among the top hits in the
tumor resistance gene expression dataset, showing that our
approach is consistent with previous DDR literature. Transite
was also able to identify hnRNPC as a new potential modulator
of cisplatin sensitivity in NSCLC patients. Experimental valida-
tion of the in silico prediction further provides independent sup-
port for a critical role for hnRNPC in mediating the resistance of
NSCLC cells to chemotherapy, which was independently corre-

Cell Reports

lated with clinical responses in an additional NSCLC patient
dataset.

Transite is a versatile tool that can be used with any type of
gene expression data, the only requirements being a list of
gene identifiers and some means to separate foreground and
background sets or rank the gene list. Examples of the other
types of data that are compatible with a Transite style of analysis
include (1) searching for RBP motif enrichment in 5’ or 3’ UTRs of
genes whose translational efficiency changes in response to
some stimulus as measured by ribosome or polysome profiling,
(2) searching for enrichment of RBP motifs in mRNAs that are
localized to specific subcellular compartments, and (3) de novo
motif analysis in the entire mRNA of gene expression changes
upon knockdown of a nuclease of unknown function. The Tran-
site website (https://transite.mit.edu) makes this tool accessible
to a broad group of scientists, provides a means by which the
large body of preexisting gene expression data from microarray
and RNA-seq experiments, for example, can be further lever-
aged to identify changes in mRNA expression associated with
specific RBPs, and reveals potential insights into how RBPs
may contribute to the concerted regulation and function of spe-
cific cellular processes.
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(E) GSEA plots of select gene sets from analysis of hnRNPC knockdown RNA-seq data.

(F) Western blots of hnRNPC levels in T6a cells transfected with hnRNPC-specific siRNA (top) or pcDNA3.1 vector expressing FLAG-hnRNPC (bottom) 24 or 48 h,
respectively, after being treated with the indicated doses of cisplatin. The blot is representative of 3 independent experiments.

(G) Western blots of hnRNPC levels in H2009 cells transfected with hnRNPC-specific siRNA (left, representative blot of 3 independent experiments) or pcDNA3.1
vector expressing FLAG-hnRNPC (right) 48 h after transfection.

In (F) and (G), the blotting antibodies are indicated next to the images. Tubulin was used as a loading control.

(H) siRNA-mediated reduction in hnRNPC levels significantly impairs long-term survival of T6a cells in response to cisplatin (blue bar). The overexpression of
hnRNPC (red bar) protects against cisplatin-induced cell death in T6a cells in colony-formation assays. The bar graphs represent the percent number of colonies
formed, normalized to untreated control cells. The white bars represent cells transfected with control vehicles (control siRNA or empty pcDNA3.1 vector). The
error bars indicate the standard error of the mean of 3 replicates.

() Same as (H), except performed in H2009 cells.

(J) High expression of hnRNPC is associated with decreased efficacy of Pt-based chemotherapy in patients with stage 2 disease from the JBR.10 lung cancer
adjuvant chemotherapy trial (GEO: GSE14814). The p value was calculated with the log-rank test (HR is hazard ratio, with the confidence interval in brackets). The
hnRNPC low group is patients with hnRNPC expression Z scores of <—0.2, and the hnRNPC high group is patients with hnRNPC expression Z scores >0.2.

12 Cell Reports 32, 108064, August 25, 2020


https://transite.mit.edu

Cell Reports

O siRNA transfection
O Overexpression of hLnRNPC in T6a cells
O Overexpression of hnRNPC in H2009 cells
O Immunoblotting
e METHOD DETAILS
O Differential gene expression analysis
Motif databases
Motif representations
Combining enrichment of motif-associated k-mers
Local consistency score
Polynomial regression
CLIP-seq data analysis
Analysis of hnRNPC knockdown RNA-seq data
Package and web development
o QUANTIFICATION AND STATISTICAL ANALYSIS

OO0OO0O0OO0OO0OO0O0

SUPPLEMENTAL INFORMATION

Supplemental Information can be found online at https://doi.org/10.1016/j.
celrep.2020.108064.

ACKNOWLEDGMENTS

We wish to thank members of the Yaffe, Hemann, and Burge labs for helpful
advice and discussions. In addition, we thank Anne E. van Vlimmeren for feed-
back on the manuscript. This work was supported by scholarships from the
Marshall Plan Foundation and the Austrian Federal Ministry for Education (to
K.K., A.G., and T.B.); National Institutes of Health (NIH) grants RO1-
ES015339, R35-ES028374, R01-CA226898, and U54-CA112967 (to M.B.Y.);
the Charles and Marjorie Holloway Foundation; the MIT Center for Precision
Cancer Medicine; and Starr Cancer Consortium Award 19-A9-077 (to M.B.Y.
and I.G.C.). The experimental work was supported in part by the Koch Institute
Support (core) Grant P30-CA14051 from the National Cancer Institute.

AUTHOR CONTRIBUTIONS

Conceptualization, 1.G.C. and M.B.Y.; Methodology, K.K., A.G., |.G.C., and
M.B.Y.; Software, K.K., A.G., and T.B.; Validation, M.A.B., S.V., E.D.H., and
Y.W.K.; Formal Analysis, K.K., A.G., D.A.A., and M.B.Y.; Investigation, K.K,,
M.A.B., S.V., and E.D.H.; Resources, M.B.Y.; Data Curation, K.K.; Writing —
Original Draft, K.K. and M.B.Y.; Writing — Review & Editing, K.K., M.A.B.,
E.D.H, T.B., D.AA,, AH, BAJ.,, YWK, I.G.C., and M.B.Y.; Visualization,
K.K.; Supervision, A.H., B.A.J., Y.W.K,, I.G.C., and M.B.Y.; Funding Acquisi-
tion, K.K., A.G., T.B., .G.C., and M.B.Y.

DECLARATION OF INTERESTS
The authors declare no competing interests.

Received: December 13, 2019
Revised: June 28, 2020
Accepted: August 3, 2020
Published: August 25, 2020

REFERENCES

Adamson, B., Smogorzewska, A., Sigoillot, F.D., King, R.W., and Elledge, S.J.
(2012). A genome-wide homologous recombination screen identifies the RNA-
binding protein RBMX as a component of the DNA-damage response. Nat.
Cell Biol. 74, 318-328.

Akaike, Y., Masuda, K., Kuwano, Y., Nishida, K., Kajita, K., Kurokawa, K., Sa-
take, Y., Shoda, K., Imoto, I., and Rokutan, K. (2014). HuR regulates alternative
splicing of the TRA2 gene in human colon cancer cells under oxidative stress.
Mol. Cell. Biol. 34, 2857-2873.

¢? CellPress

OPEN ACCESS

Andrews, S. (2010). FastQC: a quality control tool for high throughput
sequence data.http://www.bioinformatics.babraham.ac.uk/projects/fastqc.

Benjamini, Y., and Hochberg, Y. (1995). Controlling the false discovery rate: a
practical and powerful approach to multiple testing. J. R. Stat. Soc. B 57,
289-300.

Benjamini, Y., and Yekutieli, D. (2001). The control of the false discovery rate in
multiple testing under dependency. Ann. Stat. 29, 1165-1188.

Cannell, I.G., Merrick, K.A., Morandell, S., Zhu, C.Q., Braun, C.J., Grant, R.A.,
Cameron, E.R., Tsao, M.S., Hemann, M.T., and Yaffe, M.B. (2015). A Pleio-
tropic RNA-Binding Protein Controls Distinct Cell Cycle Checkpoints to Drive
Resistance of p53-Defective Tumors to Chemotherapy. Cancer Cell 28,
623-637.

Chambers, J., Hastie, T., and Pregibon, D. (1990). Statistical models in S. In
Compstat: Proceedings in Computational Statistics, 9th Symposium held at
Dubrovnik, Yugoslavia, 1990, K. Momirovi¢ and V. Mildner, eds. (Springer),
pp. 317-321.

Chang, S.H., Elemento, O., Zhang, J., Zhuang, Z.W., Simons, M., and Hla, T.
(2014). ELAVL1 regulates alternative splicing of elF4E transporter to promote
postnatal angiogenesis. Proc. Natl. Acad. Sci. USA 777, 18309-18314.

Ciccia, A., and Elledge, S.J. (2010). The DNA damage response: making it safe
to play with knives. Mol. Cell 40, 179-204.

Cook, K.B., Kazan, H., Zuberi, K., Morris, Q., and Hughes, T.R. (2011). RBPDB:
a database of RNA-binding specificities. Nucleic Acids Res. 39, D301-D308.

Cooper, T.A., Wan, L., and Dreyfuss, G. (2009). RNA and disease. Cell 136,
777-793.

Coppin, L., Leclerc, J., Vincent, A., Porchet, N., and Pigny, P. (2018).
Messenger RNA Life-Cycle in Cancer Cells: Emerging Role of Conventional
and Non-Conventional RNA-Binding Proteins? Int. J. Mol. Sci. 19, E650.

Diaz-Mufioz, M.D., Kiselev, V.Y., Le Novére, N., Curk, T., Ule, J., and Turner,
M. (2017). Tia1 dependent regulation of mRNA subcellular location and trans-
lation controls p53 expression in B cells. Nat. Commun. 8, 530.

Dimitrova, N., Gocheva, V., Bhutkar, A., Resnick, R., Jong, R.M., Miller, K.M.,
Bendor, J., and Jacks, T. (2016). Stromal Expression of miR-143/145 Pro-
motes Neoangiogenesis in Lung Cancer Development. Cancer Discov. 6,
188-201.

Dunn, J., and Dunn, O.J. (1961). Multiple Comparisons among Means (Amer-
ican Statistical Association), pp. 52-64.

ENCODE Project Consortium (2012). An integrated encyclopedia of DNA ele-
ments in the human genome. Nature 489, 57-74.

Fan, J., Yang, X., Wang, W., Wood, W.H., 3rd, Becker, K.G., and Gorospe, M.
(2002). Global analysis of stress-regulated mRNA turnover by using cDNA ar-
rays. Proc. Natl. Acad. Sci. USA 99, 10611-10616.

Floyd, S.R., Pacold, M.E., Huang, Q., Clarke, S.M., Lam, F.C., Cannell, I.G.,
Bryson, B.D., Rameseder, J., Lee, M.J., Blake, E.J., et al. (2013). The bromo-
domain protein Brd4 insulates chromatin from DNA damage signalling. Nature
498, 246-250.

Garner, M.M., and Revzin, A. (1981). A gel electrophoresis method for quanti-
fying the binding of proteins to specific DNA regions: application to compo-
nents of the Escherichia coli lactose operon regulatory system. Nucleic Acids
Res. 9, 3047-3060.

Gasch, A.P., Huang, M., Metzner, S., Botstein, D., Elledge, S.J., and Brown,
P.O. (2001). Genomic expression responses to DNA-damaging agents and
the regulatory role of the yeast ATR homolog Mec1p. Mol. Biol. Cell 712,
2987-3003.

Gerstberger, S., Hafner, M., and Tuschl, T. (2014). A census of human RNA-
binding proteins. Nat. Rev. Genet. 15, 829-845.

Gotea, V., Visel, A., Westlund, J.M., Nobrega, M.A., Pennacchio, L.A., and Ov-
charenko, I. (2010). Homotypic clusters of transcription factor binding sites are
a key component of human promoters and enhancers. Genome Res. 20,
565-577.

Hochberg, Y. (1988). A sharper Bonferroni procedure for multiple tests of sig-
nificance. Biometrika 75, 800-802.

Cell Reports 32, 108064, August 25,2020 13



https://doi.org/10.1016/j.celrep.2020.108064
https://doi.org/10.1016/j.celrep.2020.108064
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref1
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref1
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref1
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref1
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref2
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref2
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref2
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref2
http://www.bioinformatics.babraham.ac.uk/projects/fastqc
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref4
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref4
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref4
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref5
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref5
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref6
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref6
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref6
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref6
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref6
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref7
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref7
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref7
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref7
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref7
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref8
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref8
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref8
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref9
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref9
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref10
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref10
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref11
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref11
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref12
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref12
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref12
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref13
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref13
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref13
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref14
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref14
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref14
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref14
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref15
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref15
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref16
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref16
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref17
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref17
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref17
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref18
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref18
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref18
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref18
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref19
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref19
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref19
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref19
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref20
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref20
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref20
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref20
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref21
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref21
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref22
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref22
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref22
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref22
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref23
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref23

¢? CellPress

OPEN ACCESS

Holm, S. (1979). A simple sequentially rejective multiple test procedure. Scand.
J. Stat. 6, 65-70.

Hong, S. (2017). RNA Binding Protein as an Emerging Therapeutic Target for
Cancer Prevention and Treatment. J. Cancer Prev. 22, 203-210.

Hurov, K.E., Cotta-Ramusino, C., and Elledge, S.J. (2010). A genetic screen
identifies the Triple T complex required for DNA damage signaling and ATM
and ATR stability. Genes Dev. 24, 1939-1950.

Jackson, S.P., and Bartek, J. (2009). The DNA-damage response in human
biology and disease. Nature 467, 1071-1078.

Kim, H.H., Abdelmohsen, K., and Gorospe, M. (2010). Regulation of HuR by
DNA Damage Response Kinases. J. Nucleic Acids 2070, 981487.

Kishore, S., Jaskiewicz, L., Burger, L., Hausser, J., Khorshid, M., and Zavolan,
M. (2011). A quantitative analysis of CLIP methods for identifying binding sites
of RNA-binding proteins. Nat. Methods 8, 559-564.

Kénig, J., Zarnack, K., Rot, G., Curk, T., Kayikci, M., Zupan, B., Turner, D.J.,
Luscombe, N.M., and Ule, J. (2010). iCLIP reveals the function of hnRNP par-
ticles in splicing at individual nucleotide resolution. Nat. Struct. Mol. Biol. 17,
909-915.

Lai, W.S., Kennington, E.A., and Blackshear, P.J. (2003). Tristetraprolin and its
family members can promote the cell-free deadenylation of AU-rich element-
containing mRNAs by poly(A) ribonuclease. Mol. Cell. Biol. 23, 3798-3812.

Lal, A., Abdelmohsen, K., Pullmann, R., Kawai, T., Galban, S., Yang, X.,
Brewer, G., and Gorospe, M. (2006). Posttranscriptional derepression of GAD-
D45alpha by genotoxic stress. Mol. Cell 22, 117-128.

Langmead, B., and Salzberg, S.L. (2012). Fast gapped-read alignment with
Bowtie 2. Nat. Methods 9, 357-359.

Li, B., and Dewey, C.N. (2011). RSEM: accurate transcript quantification from
RNA-seq data with or without a reference genome. BMC Bioinformatics 12,
323.

Licatalosi, D.D., and Darnell, R.B. (2010). RNA processing and its regulation:
global insights into biological networks. Nat. Rev. Genet. 11, 75-87.

Lukong, K.E., Chang, K.W., Khandjian, E.W., and Richard, S. (2008). RNA-
binding proteins in human genetic disease. Trends Genet. 24, 416-425.

Lunde, B.M., Moore, C., and Varani, G. (2007). RNA-binding proteins: modular
design for efficient function. Nat. Rev. Mol. Cell Biol. 8, 479-490.

Masuda, K., Abdelmohsen, K., Kim, M.M., Srikantan, S., Lee, E.K., Tominaga,
K., Selimyan, R., Martindale, J.L., Yang, X., Lehrmann, E., et al. (2011). Global
dissociation of HUR-mRNA complexes promotes cell survival after ionizing ra-
diation. EMBO J. 30, 1040-1053.

Matsuoka, S., Ballif, B.A., Smogorzewska, A., McDonald, E.R., 3rd, Hurov,
K.E., Luo, J., Bakalarski, C.E., Zhao, Z., Solimini, N., Lerenthal, Y., et al.
(2007). ATM and ATR substrate analysis reveals extensive protein networks
responsive to DNA damage. Science 376, 1160-1166.

Mehta, M., Basalingappa, K., Griffith, J.N., Andrade, D., Babu, A., Amreddy,
N., Muralidharan, R., Gorospe, M., Herman, T., Ding, W.Q., et al. (2016).
HuR silencing elicits oxidative stress and DNA damage and sensitizes human
triple-negative breast cancer cells to radiotherapy. Oncotarget 7, 64820-
64835.

Mukherjee, N., Corcoran, D.L., Nusbaum, J.D., Reid, D.W., Georgiev, S., Haf-
ner, M., Ascano, M., Jr., Tuschl, T., Ohler, U., and Keene, J.D. (2011). Integra-
tive regulatory mapping indicates that the RNA-binding protein HUR couples
pre-mRNA processing and mRNA stability. Mol. Cell 43, 327-339.
Mukherjee, N., Jacobs, N.C., Hafner, M., Kennington, E.A., Nusbaum, J.D.,
Tuschl, T., Blackshear, P.J., and Ohler, U. (2014). Global target mRNA
specification and regulation by the RNA-binding protein ZFP36. Genome
Biol. 15, R12.

Nishida, K., Frith, M.C., and Nakai, K. (2009). Pseudocounts for transcription
factor binding sites. Nucleic Acids Res. 37, 939-944.

Obenauer, J.C., Cantley, L.C., and Yaffe, M.B. (20083). Scansite 2.0: proteome-
wide prediction of cell signaling interactions using short sequence motifs. Nu-
cleic Acids Res. 37, 3635-3641.

14 Cell Reports 32, 108064, August 25, 2020

Cell Reports

Paulsen, R.D., Soni, D.V., Wollman, R., Hahn, A.T., Yee, M.C., Guan, A., Hes-
ley, J.A., Miller, S.C., Cromwell, E.F., Solow-Cordero, D.E., et al. (2009). A
genome-wide siRNA screen reveals diverse cellular processes and pathways
that mediate genome stability. Mol. Cell 35, 228-239.

Pereira, B., Billaud, M., and Almeida, R. (2017). RNA-Binding Proteins in Can-
cer: Old Players and New Actors. Trends Cancer 3, 506-528.

Perron, G., Jandaghi, P., Solanki, S., Safisamghabadi, M., Storoz, C., Karimza-
deh, M., Papadakis, A.l., Arseneault, M., Scelo, G., Banks, R.E., etal. (2018). A
General Framework for Interrogation of mMRNA Stability Programs Identifies
RNA-Binding Proteins that Govern Cancer Transcriptomes. Cell Rep. 23,
1639-1650.

Plass, M., Rasmussen, S.H., and Krogh, A. (2017). Highly accessible AU-rich
regions in 3’ untranslated regions are hotspots for binding of regulatory fac-
tors. PLOS Comput. Biol. 13, €1005460.

Ray, D., Kazan, H., Chan, E.T., Pefia Castillo, L., Chaudhry, S., Talukder, S.,
Blencowe, B.J., Morris, Q., and Hughes, T.R. (2009). Rapid and systematic
analysis of the RNA recognition specificities of RNA-binding proteins. Nat. Bio-
technol. 27, 667-670.

Ray, D., Kazan, H., Cook, K.B., Weirauch, M.T., Najafabadi, H.S., Li, X., Guer-
oussov, S., Albu, M., Zheng, H., Yang, A., et al. (2013). A compendium of RNA-
binding motifs for decoding gene regulation. Nature 499, 172-177.

Reinhardt, H.C., Hasskamp, P., Schmedding, I., Morandell, S., van Vugt, M.A.,
Wang, X., Linding, R., Ong, S.E., Weaver, D., Carr, S.A., and Yaffe, M.B. (2010).
DNA damage activates a spatially distinct late cytoplasmic cell-cycle check-
point network controlled by MK2-mediated RNA stabilization. Mol. Cell 40,
34-49.

Reinhardt, H.C., Cannell, .G., Morandell, S., and Yaffe, M.B. (2011). Is post-
transcriptional stabilization, splicing and translation of selective mRNAs a
key to the DNA damage response? Cell Cycle 10, 23-27.

Rieger, K.E., and Chu, G. (2004). Portrait of transcriptional responses to ultra-
violet and ionizing radiation in human cells. Nucleic Acids Res. 32, 4786-4803.

Ritchie, M.E., Phipson, B., Wu, D., Hu, Y., Law, C.W., Shi, W., and Smyth, G.K.
(2015). limma powers differential expression analyses for RNA-sequencing
and microarray studies. Nucleic Acids Res. 43, e47.

Robinson, M.D., McCarthy, D.J., and Smyth, G.K. (2010). edgeR: a Bio-
conductor package for differential expression analysis of digital gene expres-
sion data. Bioinformatics 26, 139-140.

Shkreta, L., and Chabot, B. (2015). The RNA Splicing Response to DNA Dam-
age. Biomolecules 5, 2935-2977.

Smyth, G.K. (2004). Linear models and empirical bayes methods for assessing
differential expression in microarray experiments. Stat. Appl. Genet. Mol. Biol.
3, Article3.

Stumpo, D.J., Lai, W.S., and Blackshear, P.J. (2010). Inflammation: cytokines
and RNA-based regulation. Wiley Interdiscip. Rev. RNA 7, 60-80.

Subramanian, A., Tamayo, P., Mootha, V.K., Mukherjee, S., Ebert, B.L., Gil-
lette, M.A., Paulovich, A., Pomeroy, S.L., Golub, T.R., Lander, E.S., and Me-
sirov, J.P. (2005). Gene set enrichment analysis: a knowledge-based approach
for interpreting genome-wide expression profiles. Proc. Natl. Acad. Sci. USA
102, 15545-15550.

Sugiura, R., Satoh, R., Ishiwata, S., Umeda, N., and Kita, A. (2011). Role of
RNA-Binding Proteins in MAPK Signal Transduction Pathway. J. Signal Trans-
duct. 2011, 109746.

Tuerk, C., and Gold, L. (1990). Systematic evolution of ligands by exponential
enrichment: RNA ligands to bacteriophage T4 DNA polymerase. Science 249,
505-510.

Van Nostrand, E.L., Freese, P., Pratt, G.A., Wang, X., Wei, X., Xiao, R., Blue,
S.M., Chen, J.-Y., Cody, N.A., Dominguez, D., et al. (2018). A large-scale bind-
ing and functional map of human RNA binding proteins. bioRxiv. https://doi.
org/10.1101/179648.

Wang, Z., Kayikci, M., Briese, M., Zarnack, K., Luscombe, N.M., Rot, G., Zu-
pan, B., Curk, T., and Ule, J. (2010). iCLIP predicts the dual splicing effects
of TIA-RNA interactions. PLOS Biol. 8, e1000530.


http://refhub.elsevier.com/S2211-1247(20)31049-4/sref24
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref24
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref25
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref25
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref26
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref26
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref26
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref27
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref27
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref28
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref28
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref29
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref29
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref29
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref30
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref30
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref30
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref30
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref31
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref31
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref31
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref32
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref32
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref32
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref33
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref33
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref34
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref34
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref34
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref35
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref35
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref36
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref36
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref37
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref37
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref38
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref38
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref38
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref38
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref39
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref39
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref39
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref39
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref40
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref40
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref40
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref40
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref40
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref41
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref41
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref41
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref41
http://refhub.elsevier.com/S2211-1247(20)31049-4/optWidrlC3eC0
http://refhub.elsevier.com/S2211-1247(20)31049-4/optWidrlC3eC0
http://refhub.elsevier.com/S2211-1247(20)31049-4/optWidrlC3eC0
http://refhub.elsevier.com/S2211-1247(20)31049-4/optWidrlC3eC0
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref42
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref42
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref43
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref43
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref43
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref44
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref44
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref44
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref44
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref45
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref45
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref46
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref46
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref46
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref46
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref46
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref47
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref47
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref47
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref47
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref48
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref48
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref48
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref48
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref49
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref49
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref49
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref50
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref50
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref50
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref50
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref50
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref51
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref51
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref51
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref52
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref52
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref53
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref53
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref53
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref54
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref54
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref54
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref55
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref55
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref56
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref56
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref56
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref57
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref57
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref58
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref58
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref58
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref58
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref58
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref59
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref59
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref59
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref60
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref60
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref60
https://doi.org/10.1101/179648
https://doi.org/10.1101/179648
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref62
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref62
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref62

Cell Reports

Weyn-Vanhentenryck, S.M., and Zhang, C. (2016). mCarts: Genome-Wide
Prediction of Clustered Sequence Motifs as Binding Sites for RNA-Binding
Proteins. Methods Mol. Biol. 1421, 215-226.

Wickham, H. (2009). ggplot2: Elegant Graphics for Data Analysis. http://
ggplot2.org.

Wilker, E.W., van Vugt, M.A., Artim, S.A., Huang, P.H., Petersen, C.P., Rein-
hardt, H.C., Feng, Y., Sharp, P.A., Sonenberg, N., White, F.M., and Yaffe,
M.B. (2007). 14-3-3sigma controls mitotic translation to facilitate cytokinesis.
Nature 446, 329-332.

Winton, T., Livingston, R., Johnson, D., Rigas, J., Johnston, M., Butts, C.,
Cormier, Y., Goss, G., Inculet, R., Vallieres, E., et al.; National Cancer Institute

¢? CellPress

OPEN ACCESS

of Canada Clinical Trials Group; National Cancer Institute of the United States
Intergroup JBR.10 Trial Investigators (2005). Vinorelbine plus cisplatin vs.
observation in resected non-small-cell lung cancer. N. Engl. J. Med. 352,
2589-2597.

Yang, Y.C., Di, C., Hu, B., Zhou, M., Liu, Y., Song, N., Li, Y., Umetsu, J., and Lu,
Z.J. (2015). CLIPdb: a CLIP-seq database for protein-RNA interactions. BMC
Genomics 16, 51.

Zykovich, A., Korf, I., and Segal, D.J. (2009). Bind-n-Seq: high-throughput

analysis of in vitro protein-DNA interactions using massively parallel
sequencing. Nucleic Acids Res. 37, e151.

Cell Reports 32, 108064, August 25,2020 15



http://refhub.elsevier.com/S2211-1247(20)31049-4/sref63
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref63
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref63
http://ggplot2.org
http://ggplot2.org
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref65
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref65
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref65
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref65
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref66
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref66
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref66
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref66
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref66
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref66
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref67
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref67
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref67
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref68
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref68
http://refhub.elsevier.com/S2211-1247(20)31049-4/sref68

¢? CellPress

OPEN ACCESS

STARXxMETHODS

KEY RESOURCES TABLE

Cell Reports
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SOURCE
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Antibodies

Mouse monoclonal anti-hnnRNPC1/C2

Santa Cruz Biotechnology

Cat#sc-32308; RRID:AB_627731

Mouse monoclonal anti-hnRNPC1/C2 Abcam Inc Cat#ab10294; RRID:AB_297034
Rabbit polyclonal anti-y-Tubulin Sigma Aldrich Cat#T5192; RRID:AB_261690
Chemicals, Peptides, and Recombinant Proteins

Attractene Transfection Reagent QIAGEN 301005

X-tremeGene 9 Sigma Aldrich XTG9-RO

Lipofectamine RNAIMAX Thermo Fisher 13778150

SYTO 60 Invitrogen S11342
cis-Diammineplatinum(ll) dichloride (cisplatin) Sigma CAS# 15663-27-1
N,N-Dimethylformamide (DMF) Burdick and Jackson Cat# AS076

G418 Sulfate Corning 30-234

Deposited Data

Human reference genome NCBI build 38, GRCh38

Genome Reference

https://www.ncbi.nIm.nih.gov/projects/

Consortium genome/assembly/grc/human/
Experimental Models: Cell Lines
NCI-H2009 (human lung adenocarcinoma) ATCC CRL-5911; RRID:CVCL_1514
LG1233/T6a line (mouse lung adenocarcinoma) Laboratory of Tyler Jacks LG1233; Dimitrova et al., 2016
Oligonucleotides
Silencer Select siRNA targeting mouse hnRNPC Ambion Cat# s67639
Silencer Select siRNA targeting human hnRNPC Ambion Cat# s6720
Silencer Select Negative Control No. 1 siRNA Ambion Cat# 4390843
FLAG-tagged mouse hnRNPC Forward primer This paper N/A
(5’ — 3)- GCCCATAAGCTTATGGACTACAAA
GACGATGACGACAAGGCTAGCAATGTTACC
AACAAGACAGATCCTCGG
FLAG-tagged mouse hnRNPC Reverse primer This paper N/A
(5’ — 3)-GCCCATTCTAGATTATTAAGAGTCAT
CCTCCCCATTGGCGCTGTCTCTG
FLAG-tagged human hnRNPC Forward primer This paper N/A
(5" — 3')- CCATAAGCTTATGGACTACAAAGA
CGATGACGACAAGTCAGGCGGATCCGCCAG
CAACGTTACCAACAAGACAGATCC
FLAG-tagged human hnRNPC Reverse primer This paper N/A
(5" — 3')- TCAGGAATTCTTAAGAGTCATCCTC
GCCATTGGC
Recombinant DNA
pcDNAS.1 Mammalian Expression Vector Invitrogen Cat# V79020
pcDNAS3.1 FLAG-tagged mouse hnRNPC This paper N/A
pcDNA3.1 FLAG-tagged human hnRNPC This paper N/A

Software and Algorithms

Bowtie2

FastQC v0.11.7

RSEM v1.3.0
R3.4.4/3.6.0/4.0.0
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Langmead and Salzberg,
2012

Andrews, 2010

Li and Dewey, 2011
R Core Team

http://bowtie-bio.sourceforge.net/bowtie2/
index.shtml

https://www.bioinformatics.babraham.ac.uk/
projects/fastqc/

https://deweylab.github.io/RSEM/
https://www.R-project.org/
(Continued on next page)
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REAGENT or RESOURCE SOURCE IDENTIFIER

R Bioconductor package - edgeR 3.30.0 Robinson, McCarthy, https://bioconductor.org/packages/edgeR
and Smyth, 2010

R Bioconductor package - BSgenome.Hsapiens. Bioconductor Core Team https://bioconductor.org/packages/BSgenome.

UCSC.hg38 1.4.3 Hsapiens.UCSC.hg38

R Bioconductor package - TxDb.Hsapiens.UCSC. Bioconductor Core Team https://bioconductor.org/packages/TxDb.

hg38.knownGene 3.10.0 Hsapiens.UCSC.hg38.knownGene

R Bioconductor package - org.Hs.eg.db 3.11.1 Bioconductor Core Team https://bioconductor.org/packages/org.

Hs.eg.db

R Bioconductor package - limma 3.44.1 Ritchie, Phipson, Wu, Hu, https://bioconductor.org/packages/limma
Law, Shi, Smyth, 2015

R Bioconductor package - transite 1.6.1 This paper https://bioconductor.org/packages/transite

R package - survminer 0.4.6 Alboukadel Kassambara, Marcin https://cran.r-project.org/web/packages/
Kosinski, Przemyslaw Biecek, survminer/index.html
Scheipl Fabian

R package - survival 3.1-12 Terry Therneau https://cran.r-project.org/web/packages/

survival/index.html

RESOURCE AVAILABILITY

Lead Contact
Further information and requests for resources should be directed to and will be fulfilled by the Lead Contact, Michael B. Yaffe
(myaffe@mit.edu).

Materials Availability
This study did not generate new unique reagents.

Data and Code Availability

The code generated during this study is hosted on GitHub (https://github.com/kkrismer/transite) and licensed under the MIT free
software license. The Transite method can be accessed online at https://transite.mit.edu. For workflow integration and advanced
analysis, the Transite functionality is also offered as an R/Bioconductor package at https://doi.org/10.18129/B9.bioc.transite.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Cell culture and colony formation assays

LG1233/T6a cells (mouse lung adenocarcinoma, in the following referred to as T6a) (Dimitrova et al., 2016) were grown in RPMI-1640
medium supplemented with 10% fetal bovine serum at 37 °C in a humidified incubator supplied with 5% CO,. NCI-H2009 cells (hu-
man lung adenocarcinoma, ATCC CRL-5911, in the following referred to as H2009) were grown in DMEM medium supplemented with
10% fetal bovine serum at 37 °C in a humidified incubator supplied with 5% CO,. Colony formation assays were performed as pre-
viously described (Cannell et al., 2015). Briefly, 48 hours after transfection with siRNAs or pcDNA vectors, T6a and H2009 cells were
treated with 4 and 5 uM cisplatin or vehicle (DMF), respectively, for 4 hours. Cells were then washed in PBS and re-plated in 6-well
plates using 1000 mock-treated or 10,000 cisplatin-treated cells per well. In overexpression assays, 500 pg/ml G418 was added to
the media to select for cells transfected with pcDNA vectors. After 10 to 14 days, cells were fixed with 4% formaldehyde and stained
with SYTO 60 (Thermo Fisher Scientific). Colonies were scanned and quantified using Odyssey ® CLx Imaging System (LI-COR
Biosciences).

siRNA transfection

Silencer Select siRNA (Ambion) transfection was performed using Lipofectamine RNAIMAX following manufacturer instructions
(Thermo Fisher) with a final siRNA concentration of 5 nM for T6a cells (mouse siRNA s67639) and 20 nM for H2009 cells (human siRNA
s6720). 24 hours after transfection, cells were given fresh media. Cells were then treated as described in the previous section.

Overexpression of hnRNPC in T6a cells

pcDNAS.1 vectors expressing FLAG-tagged mouse hnRNPC were generated as follows. First, total RNA was prepared from KP7B
(mouse lung carcinoma) cells using RNeasy purification kit (QIAGEN) and was used to synthesize cDNAs using SuperScript cDNA
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Synthesis System (Thermo Fisher). cDNAs were used as templates in PCR reactions using PfuUltra [l HF DNA polymerase (Agilent)
and the following primers: 5-GCCCATAAGCTTATGGACTACAAAGACGATGACGACAAGGCTAGCAATGTTACCAACAAGACA
GATCCTCGG-3' (forward) and 5-GCCCATTCTAGATTATTAAGAGTCATCCTCCCCATTGGCGCTGTCTCTG-3' (reverse). Restric-
tion sites for Hindlll (in forward primer) and Xbal (in reverse primer) are in bold. Sequences encoding FLAG are underlined. The
PCR products were cleaved with the indicated restriction enzymes (New England BioLabs Inc), purified (QIAquick PCR Purification
Kit, QIAGEN) and cloned into pcDNAS.1 vectors. The integrity of the plasmids were confirmed by sequencing (Eton Bioscience, Inc.).

Attractene (QIAGEN) transfection was performed following manufacturer instructions using 4 g of DNA (empty pcDNAS3.1 vector or
vector expressing FLAG-tagged mouse hnRNPC) and 15 pL of Attractene Reagent per 10cm plate. 24 hours after transfection, cells
were given fresh media. Cells were then treated with cisplatin as described in a previous section.

Overexpression of hnRNPC in H2009 cells

pcDNAB3.1 vectors expressing FLAG-tagged human hnRNPC were generated as follows. First, total RNA was prepared from BT20
(human breast carcinoma) cells using RNeasy purification kit (QIAGEN) and was used to synthesize cDNAs using SuperScript cDNA
Synthesis System (Thermo Fisher). cDNAs were used as templates in PCR reactions using PfuUltra Il HF DNA polymerase (Agilent)
and the following primers: 5-CCATAAGCTTATGGACTACAAAGACGATGACGACAAGTCAGGCGGATCCGCCAGCAACGTTAC
CAACAAGACAGATCC-3' (forward) and 5'-TCAGGAATTCTTAAGAGTCATCCTCGCCATTGGC-3’ (reverse). Restriction sites for Hin-
dlll (in forward primer) and EcoR1 (in reverse primer) are in bold. Sequences encoding FLAG are underlined. The PCR products were
cleaved with the indicated restriction enzymes (New England BiolLabs Inc), purified (QIAquick PCR Purification Kit, QIAGEN) and
cloned into pcDNAS.1 vectors. The integrity of the plasmids were confirmed by sequencing (Eton Bioscience, Inc.).

X-tremeGENE 9 (Sigma Aldrich) transfection was performed following manufacturer instructions with a 3:1 ratio of transfection re-
agent to DNA. 5Aug of DNA (empty pcDNA3.1 vector or vector expressing FLAG-tagged human hnRNPC) was transfected per 10cm
plate. 24 hours after transfection, cells were given fresh media. Cells were then treated with cisplatin as described in a previous
section.

Immunoblotting

T6a cells were harvested 24 (siRNA-transfected) or 48 (ocDNA vectors-transfected) hours after cisplatin treatment and re-plating.
H2009 cells were harvested 48 hours after siRNA of pcDNA transfection. Cells were then lysed in RIPA buffer and subjected to stan-
dard SDS/PAGE electrophoresis and transferred to nitrocellulose membranes. The membranes were immunoblotted with antibodies
against hnRNPC (T6a - ab10294, Abcam Inc.; H2009 - sc-32308, Santa Cruz) and y-tubulin (T5192, Sigma-Aldrich) following man-
ufacturer’s instructions.

METHOD DETAILS

Differential gene expression analysis

Differential gene expression analysis for datasets used in this manuscript was performed with the R/Bioconductor package limma
(Ritchie et al., 2015). A linear model was fit to each row of the log,-transformed expression value matrices, where rows correspond
to transcripts and columns correspond to samples. An empirical Bayes method was used to obtain the magnitude and significance of
the log fold change between sample groups for each transcript (Smyth, 2004). Raw p values were adjusted using the Benjamini-
Hochberg procedure (Benjamini and Hochberg, 1995).

Motif databases

Transite incorporates sequence motifs of RBP binding sites from two databases: CISBP-RNA, a catalog of inferred sequence pref-
erences of RNA binding proteins (Ray et al., 2013), and RBPDB, a database of RNA-binding specificities (Cook et al., 2011). Together
these contribute 174 sequence motifs of varying lengths (between 6 and 18 nucleotides). All motifs were obtained using in vitro tech-
niques for determining RNA targets. The majority of motifs were determined by either systematic evolution of ligands by exponential
enrichment (SELEX) (Tuerk and Gold 1990) or RNAcompete (Ray et al., 2009). The RNA binding specificities of two further RBPs were
obtained by electrophoretic mobility shift assays (EMSA) (Garner and Revzin 1981).

Motif representations
Motif descriptions provided from the databases described above were converted from count matrices to position weight matrices
(PWMs), obtained by normalizing each nucleotide’s probability at each position by the mean probability of each nucleotide, 25%.
For k-mer-based analyses, PWMs were converted to hexamers and heptamers by generating all k-mers for which each position
has a probability higher than a certain threshold. In the work presented here, we used a threshold probability of 0.215, which is a
stringency level that works well empirically with the motifs from the motif databases.
Laplace smoothing (also known as additive smoothing) is applied to avoid zeros in count matrices before conversion to PWMs.
Zeros might occur if the number of sequences on which the position-specific scoring matrix (PSSM) is based, is too small to contain
at least one occurrence of each nucleotide per position. In this case, pseudocounts are introduced (Nishida et al., 2009).
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Combining enrichment of motif-associated k-mers
The overall enrichment of a motif for k-mer TSMA is calculated as the geometric mean of the enrichments of associated k-mers:

n
1
i=1

where e is the vector of enrichment values of motif-associated k-mers. The sum of logarithms is used instead of the product to avoid
arithmetic underflow.

Local consistency score

The local consistency score quantifies the local noise of the gradient in the spectrum by calculating the deviance between the linear
interpolation of the scores of two bins separated by one other, and the score of the middle bin, for each position in the spectrum. The
lower the score, the more consistent the trend in the spectrum plot. Formally, the local consistency score x. of scores vector s is
defined as

1n2

Si+Sii2
Xq(s) =5 ‘%*Siﬂ .

i=1

In order to obtain an estimate of the significance of a particular score x.’, Monte Carlo sampling is performed by randomly permuting

the coordinates of the scores vector s and recomputing x.. The probability estimate p is given by the lower tail version of the cumu-

lative distribution function

Ty)<T(x))+1
n+1

P (T(x)) = 2221

)

where T equals x..

Polynomial regression
An alternative approach to assess the consistency of a spectrum plot is via polynomial regression. In a first step, polynomial regres-
sion models of various degrees are used to fit s, the vector of scores, as a function of b, the vector of bin numbers. Then the model that
reflects best the true nature of the data is selected by means of the F-test. Finally, the adjusted R? are calculated to indicate how well
the model fits the data. These statistics are used as scores to rank the spectrum plots.

In general, the polynomial regression equation is

Yi = Bot+Bixi+Boxt + -+ BnX]" + 61

where mis the degree of the polynomial (usually m <2), and ¢; is the error term. The dependent variable y is the vector of scores s and
x to x™ are the orthogonal polynomials of the vector of bin numbers b.

Orthogonal polynomials are used in order to reduce the correlation between the different powers of b and therefore avoid multi-
collinearity in the model. This is important, because correlated predictors lead to unstable coefficients, i.e., the coefficients of a poly-
nomial regression model of degree m can be greatly different from a model of degree m +1.

The orthogonal polynomials of vector b are obtained by centering (subtracting the mean), QR decomposition, and subsequent
normalization (Chambers et al., 1990).

Given the dependent variable y and the orthogonal polynomials of b x to x™, the model coefficients 3 are chosen in a way to minimize
the deviance between the actual and the predicted values. Ordinary least-squares is used as the estimation method for the model co-
efficients. After polynomial models of various degrees have been fitted to the data, the F-test is used to select the model that best fits
the data. After a model has been selected, the adjusted R? is calculated as an additional way to evaluate the goodness of fit.

CLIP-seq data analysis

The BED files (output from Piranha analysis) for all CLIP-Seq datasets were retrieved from CLIPdb (Yang et al., 2015). Read counts
were mapped to RefSeq identifiers using a UCSC table with either just 3'-UTR sequences or the entire mature mRNA of all human
mRNAs in Hg19 coordinates. RefSeq identifiers were then summarized to gene symbols. For gene symbols with multiple RefSeq
identifiers, the one with the maximum counts was taken, as it was assumed this indicated the most highly expressed transcript.
This analysis created two gene lists, one where there was binding in the 3'-UTR (3'-UTR targets) or where there was binding in
any region of the mRNA (entire mature mRNA targets). These gene lists were then merged with fold change lists from GEO gene
expression dataset GSE7880. To generate the non-targets list, the entire mature mRNA list was subtracted from the GSE7880 list.

Analysis of hnRNPC knockdown RNA-seq data

RNA-seq data for HepG2 cells expressing shRNA targeting hnRNPC were retrieved from GEO. Briefly, HepG2 cells were infected
with either lenti shRNA for hnRNPC (GSE87993) or a non-target shRNA (GSE88174) for 24 hours in duplicate. RNA was collected
6 days later. 100 nucleotide paired-end reads were obtained from lllumina HiSeq2000 (ENCODE Project Consortium, 2012).
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The quality of the RNA-seq data was assessed using the FastQC tool v0.11.7 (Andrews, 2010) before and after removing reads that
mapped to ribosomal RNAs. Paired-end RNA-seq data were mapped to the human genome (GRCh38 build from Gencode) using
RSEM (Li and Dewey, 2011) with Bowtie 2 (Langmead and Salzberg, 2012) as the aligner. Expected counts, expected counts
rounded, TPM, and FPKM files were generated.

EdgeR (Robinson et al., 2010) was used to perform differential gene expression analysis using the expected counts rounded values
file from the previous section. Low count reads were filtered out and TMM normalization (Trimmed Mean of M-values) was used to
account for differences in total reads between samples. Exact test was performed for shRNA hnRNPC versus non-targeting shRNA.

The log fold change-sorted list of genes was used for the Transite analysis. k-mer-based SPMA was performed using the default
settings (Transite motif database, 40 bins, merge method of highest magnitude, 1 degree polynomial, 3'-UTR, Benjamini-Hochberg p
value adjustment, and 5 maximum binding sites per mRNA).

The same list of genes was used for gene set enrichment analysis (GSEA) (Subramanian et al., 2005), which we queried against the
C2_all gene sets from the molecular signatures database using the preranked feature of GSEA.

Package and web development
R package development and documentation was streamlined with devtools and roxygen2, respectively. Core algorithms were im-
plemented in C++. ggplot2 (Wickham, 2009) was used for data visualization.

The website was developed in R with the reactive web application framework shiny from RStudio. The components of the graphical
user interface were provided by shiny and shinyBS, which serve as an R wrapper for the components of the Bootstrap front-end web
development framework.

Human 3’-UTR sequence annotations were obtained from the Bioconductor UCSC hg38 annotation packages.

QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical analyses were carried out in R. Detailed information about R packages and versions is part of the Transite analysis re-
ports, which are available online at https://transite.mit.edu/p/transite-reports.pdf.

All p values reported by Transite are multiple hypothesis corrected using the Benjamini-Hochberg procedure. Significance levels
are denoted by asterisks as follows: **** (p values < 0.0001), *** (p values < 0.001), ** (p values < 0.01), and * (p values < 0.05).
Shaded areas around log enrichment curves in spectrum plots are 95% confidence intervals.

Significance levels of difference between cumulative distribution functions were determined by one-sided Kolmogorov-Smirnov
tests (Figures 6E, 6F, 7B, and 7D).

In Figures 7H and 71, significance of difference in means was calculated with Welch’s two-sample t tests (unpaired, two-sided) with
n=23. Error bars in Figures 7H and 71 are standard error of the mean.

In Figures 7J and S3, significance of difference between Kaplan-Meier survival curves was calculated with log-rank tests. The
range values for the hazard ratios are 95% confidence intervals.
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