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Stress-induced transcriptional
readthrough into neighboring genes
is linked to intron retention

Shani Hadar,"-? Anatoly Meller,"-? Naseeb Saida,’ and Reut Shalgi'>*

SUMMARY

Exposure to certain stresses leads to readthrough transcription. Using polyA-
selected RNA-seq in mouse fibroblasts subjected to heat shock, oxidative, or
osmotic stress, we found that readthrough transcription can proceed into prox-
imal downstream genes, in a phenomenon previously termed “read-in.” We
found that read-in genes share distinctive genomic characteristics; they are GC-
rich and extremely short, with genomic features conserved in human. Using ribo-
some profiling, we found that read-in genes show significantly reduced transla-
tion. Strikingly, read-in genes demonstrate marked intron retention, mostly in
their first introns, which could not be explained solely by their short introns
and GC-richness, features often associated with intron retention. Finally, we
revealed H3K36me3 enrichment upstream to read-in genes. Moreover, demarca-
tion of exon-intron junctions by H3K36me3 was absent in read-in first introns. Our
data portray arelationship between read-in and intron retention, suggesting they
may have co-evolved to facilitate reduced translation of read-in genes during
stress.

INTRODUCTION

Gene expression is known to be highly regulated in response to stress.' In the past decade, it is becoming
increasingly clear that post-transcriptional RNA processing is also tightly regulated in response to stress,”
including splicing,”> and polyadenylation.® In particular, intron retention is dynamically regulated in
various environmental and physiological conditions.”’*® In heat shock, for example, widespread intron
retention in more than a thousand genes was shown to occur, leading to the accumulation of polyadeny-
lated, stable, intron-containing mRNAs in the nucleus.” Indeed, one of the prevalent fates of intron-con-

taining mRNAs is the prevention of nuclear export, leading to nuclear retention.’

More recently, it was found that several stress conditions, including heat shock, osmotic, oxidative

1917 and hypoxia,'” lead to pervasive transcriptional readthrough, resulting in long continuous tran-

stress,
scripts that can extend up to thousands of kilobases downstream to gene ends and affecting thousands of
genes in human and mouse cells.'%"" This phenomenon, which also happens during viral infection'*'* and
in renal carcinoma,'” is thought to occur due to reduced efficiency of polyadenylation.'® Nevertheless,
although it was shown to be regulated, rather than the result of a random failure,'" and even though several
characteristics of readthrough genes have been identified,'’ the underlying selectivity of stress-induced
transcriptional readthrough still remains elusive. Key genomic characteristics of readthrough-affected
genes include depletion of polyadenylation motifs downstream to gene ends, %' open chromatin marks

past gene ends,'""” and close proximity to neighboring genes."

Although several underlying pathways have been found to contribute to transcriptional readthrough
during viral infection,'® and in osmotic stress,'” the consequences of this fairly newly identified phenome-
non are still largely a mystery. Antisense regulation by readthrough transcripts has been proposed as one
potential consequence'’ and was demonstrated to occur during senescence.”” Interestingly, using nascent
RNA-seq performed during HSV-1 viral infection, it was observed that readthrough transcription can
extend into neighboring genes, which were therefore termed “read-in” genes.'® Read-in was also shown
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Figure 1. Stress leads to readthrough into downstream neighboring genes

(A-C) Read density plots (gray) for three examples of read-in genes, shown using IGV plots (Integrative Genomic Viewer 2.12.2°
stress (KCI, 2 h) for expression (RNA-seq) and translation (Ribo-seq). Data are strand specific; strand is indicated. On the bottom, gene annotation tracks (in
blue) are shown with the gene names. Regions of interest are highlighted with colors: the DoG region is highlighted in green, the readthrough gene in

*%), in control and osmotic

purple, and the read-in gene in orange. RT-PCR primer locations used in (E) are indicated in red for Tnfrsf12a-Thocé (A).

(D) Read-in gene sets are common between stresses. UpSet plot,”” visualizing the sizes of set intersections, of the overlap of the four stresses with the largest
number of identified read-in genes, shows significant overlaps between them, with 59 read-in genes shared by all four (p = 3.33e-268, exact test of multiset
intersection”®). See Figure S2E for overlap with additional conditions.

(E) RT-PCR gels performed for the predicted osmotic stress readthrough-read-in chimeras Furin-Fes and Tnfrsf12a-Thocé and the non-chimeras Nectin2-
Tomm40 and Tmemé2-Cendbp1. The four pairs were PCR amplified from cDNA of osmotic stress (2h) or control cells, in replicates, using primers spanning
the intergenic region. Primers locations for Tnfrsf12a-Thocé are indicated in red in panel (A) and for the other pairs in Figures S3A-S3C (see STAR Methods
and Table S5). Positive bands are shown for both predicted readthrough-read-in chimeras in the stressed cells, whereas both negative non-chimeras did not
show any amplification, and no bands were observed in the no-RT controls (RNA samples without reverse transcriptase) validating the lack of genomic DNA
contamination. Amplicons expected sizes: 1864 and 1344 for Tnfrsf12a-Thocé and Furin-Fes, respectively, and 1598 and 986 for the Nectin2-Tomm40 and
Tmemé2-Cendbp, respectively; ladder sizes are indicated on the left.

these chimeric read-in transcripts can be detected as mature mRNAs, and what their potential fate is, has
remained unknown.

Here we show that stress induces readthrough into neighboring read-in genes, which are evident by the pres-
ence of mature, polyadenylated, mRNA transcripts in RNA-seq data, and can potentially generate chimeric
readthrough-read-in transcripts. Read-in genes tend to reside close to their upstream readthrough genes,
as expected. However, read-in is not simply a function of distance from the readthrough gene, as there are
genes proximally downstream to readthrough genes that do not show read-in. We found that read-in genes
have distinct genomic characteristics; they are significantly short, they have fewer introns and their introns are
shorter, and they tend to be GC-rich. In addition, genes with a high degree of read-in transcription are largely
translationally inhibited. Importantly, we found that read-in genes display marked intron retention, especially
in their first introns. Our analyses showed that although introns of read-in genes share characteristics associ-
ated with intron retention, namely they are short and GC-rich, the high degree of intron retention observed
could not be simply explained by these properties. We further identified that regions upstream of read-in
genes are highly enriched with H3K3éme3 chromatin mark, which is typical of actively transcribed gene bodies.
Moreover, demarcation of exon-intron junctions by a sharp decrease in H3K36me3 was largely absent from
first introns of read-in genes. Finally, we showed that read-in gene properties are conserved in human. As
intron retention is known to be associated with nuclear retention, we speculate that these properties were
evolutionarily retained, and therefore facilitate nuclear retention of read-in transcripts, thereby preventing po-
tential aberrant translation resulting from readthrough of chimeric read-in genes during stress conditions.

RESULTS
Stress induces transcriptional readthrough into neighboring genes

To compare the transcriptional and translational responses to stress, we analyzed polyA-selected mRNA-
seq, as well as ribosome footprint profiling (Ribo-seq), performed in mouse NIH3T3 fibroblasts subjected
to heat shock (42-44°), oxidative stress (H202), or osmotic stress (KCl), for acute (2 h) or sustained (7-8 h)
treatments. Comparison of the fold changes at the level of the mRNA versus the level of translation re-
vealed a population of mRNAs with marked induction of expression level, with no change at the level of
translation, which were apparent mainly at the acute responses to all three stress conditions, as well as
at the sustained response to heat shock (Figure S1). As we previously characterized widespread transcrip-
tional readthrough in these conditions,’’ we hypothesized that these may represent readthrough genes
(also termed DoGs, downstream of genes containing transcripts). However, mapping of DoGs using the
DoGFinder tool'? showed a very small overlap between DoG-generating genes and the aforementioned
population. Instead, manual examination of individual genes from these populations showed that some
of these genes were located downstream of readthrough regions, where the DoGs seem to continue
into the downstream gene (Figures TA-1C, S2A-S2D, and S3A). Such a phenomenon has been docu-
mented before using analysis of nascent RNA following HSV-1 infection,'® a condition known to induce
transcriptional readthrough, and was termed “read-in.""® However, our data included sequencing of
mature, polyA-selected mRNAs. We therefore sought to characterize the read-in phenomenon more glob-
ally in this dataset. To that end, we set to systematically identify read-in genes, which we defined as genes
with substantial RNA-seq read coverage at the “read-inregion,” i.e., the region 1 kb upstream to their most
upstream isoform transcription start site (TSS, see STAR Methods), and which were additionally
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Figure 2. Read-in genes are significantly short, with fewer shorter introns, and GC-rich

(A-C) Distribution of feature lengths (log2 kbp) of read-in (red), non-read-in (green), and all expressed genes (blue)
presented as cumulative distribution function (CDF) plots. p values were calculated using Wilcoxon rank-sum test,
between either read-in or non-read-in distributions versus all expressed genes; ***p < 0.001, p indicated when significant
(p < 0.05). Shown are the length of the entire gene (A): p (read-in versus expressed) = 3.23e-73, p (non-read-in versus
expressed) = 2.33e-8, p (read-in versus non-read-in) = 1.47e-23, number of introns per gene (B), p (read-in versus
expressed) = 2.16e-9, p (non-read-in versus expressed) = 4.2e-1, p (read-in versus non-read-in) = 1.37e-6, and introns
lengths distributions (C) p (read-in versus expressed) = 1.87e-294, p (non-read-in versus expressed) = 3.37e-73, p (read-in
versus non-read-in) = 1.32e-49.
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Figure 2. Continued

(D) GC content was significantly higher in the Tkb upstream regions of read-in genes; p values were calculated using
Wilcoxon rank-sum test; ***p < 0.001, p (read-in versus expressed) = 2.49e-10, p (non-read-in versus expressed) = 7e-1, p
(read-in versus non read-in) = 1.87e-5.

(E) PolyA signals were significantly depleted in read-in regions (1 kb upstream regions), compared to the corresponding
regions upstream to all expressed genes. p (read-in versus expressed) = 1.05e-9, p (non-read-in versus expressed) =
4.51e-1, p (read-in versus non-read-in) = 8.77e-7. Additional variants of the polyA signal showed similar trends, Figure S5J.
p values were calculated using Wilcoxon rank-sum test; ***p < 0.001.

(F) The frequencies of the canonical polyA signal AAUAAA (left panel) versus non-canonical polyA signals (right panel),
within the 3’ UTRs of genes in each group, showed higher frequencies of non-canonical polyA signals in 3’ UTRs of DoG-
producing genes, as well as non-read-in and read-in genes (p < 0.05, chi-square test) compared with all expressed genes
(see Table S2 for all p values). (D-F) Data are presented as mean +/— SEM of regions of interest of all genes within
respective groups.

overlapping a readthrough event (a DoG) on the same strand (see STAR Methods). This process identified
overall 307 read-in genes, which were most abundant in the acute responses to all three stresses, and in the
sustained heat shock (Table S1 and Figure 1D). Notably, this number is much higher than the number of
read-in genes expected by chance given our selection criteria (307 versus 11, see STAR Methods for addi-
tional details). The sets of read-in genes showed significant overlap between the four conditions (Figure 1D,
59 genes, p = 3.33e-268, see also Figure S2E), with a higher overlap between the acute stress conditions
(Figure 1D, 73 genes, p = 6.65e-202). Overall, 63 read-in genes were identified in control conditions, of
which only one was exclusive to non-stressed conditions (Figure S2E).

Examination of RNA-seq gene coverage plots (Figures 1A-1C, S2A-S2D, and S3A) suggested that read-
through-read-in gene pairs generate continuous transcripts, forming chimeric RNAs. To validate this possibil-
ity, we chose two such readthrough-read-in gene pairs, Tnfrsf12a-Thocé (Figure 1A) and Furin-Fes (Figure S3A),
and performed RT-PCR in untreated (control) or osmotic stress (2 h)-treated cells, using primers spanning from
the end of the readthrough gene to the beginning of the read-in gene (red arrows, Figures 1A and S3A,
Table S5, see STAR Methods). As control non-chimeras, we selected two gene pairs, Tmemé63-Cendbp
and Nectin2-Tomm40 (Figures S3B and S3C respectively), with a similar, or shorter, intergenic distance be-
tween them, and that did not show any readthrough in our data albeit robust expression in osmotic stress.
In addition, no-RT controls (parallel RNA samples without Reverse Transcriptase) were used to eliminate
the possibility of DNA contamination. Positive bands were observed for both predicted readthrough-read-
in gene pairs in the stressed cells, substantiating the presence of chimeric RNAs, whereas both negative
non-chimeras did not show any amplification (Figure 1E). The absence of genomic DNA contamination was
validated using PCR of RNA samples without reverse transcriptase (no-RT, Figure 1E). Thus, RT-PCR indeed
established the presence of specific chimeric RNA transcripts in osmotic stress (Figure 1E).

To get a sense of whether read-in transcripts tended to terminate early, or whether they continued through
the entire gene, we examined the distribution of read density ratios between the first and the last exons in
read-in genes and compared it with that of all expressed genes. We found the distributions were highly
similar or slightly shifted compared with the distributions of all expressed genes (Figure S3D), indicating
that for the majority of read-in transcripts, transcription mostly continued to the end of the read-in
gene. Overall, these results suggest that most read-in genes were detectable as chimeric transcripts
with their upstream DoG and readthrough gene.

Read-in genes are exceptionally short and GC-rich

Next, we sought to examine whether read-in genes demonstrated specific genomic characteristics. Exam-
ination of the distribution of distances to their upstream gene ends (on the same strand) showed that, as
expected, read-in genes tended to be much closer to their upstream neighboring genes. Although shifted,
the distributions of distances to the same-strand proximal gene for read-in and for DoGs without read-in
overlapped (Figure S4). This suggested that read-in is not merely a consequence of proximity to a read-
through gene. We therefore wanted to identify additional properties that characterized read-in genes.
In order to control for potential confounding factors, we decided to compare the group of read-in genes
with a control group of genes that were downstream of DoGs, and had a similar constraint on the distances
to their upstream readthrough gene ends, but were not classified as read-in genes in any of the conditions
we tested. We termed this control group “non read-in genes” (see STAR Methods). Our first analysis
showed that read-in genes tended to be significantly short (Figure 2A), with a median length of about
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6 kb, which is less than one-third of the median length of expressed genes (22.9 kb). We note that this result
was not due to the specific parameters used in the read-in identification process (see STAR Methods). Non-
read-in genes showed an intermediate length, with a median of 14.4 kb. Next, we asked in which gene re-
gions this difference manifested, and, although exon lengths of read-in genes did not differ from the back-
ground of expressed genes (Figure S5B), all other gene regions examined were significantly shorter
(Figures 2C, S5A, S5C, and S5D). Most significantly, read-in genes had fewer introns (Figure 2B), which
were also much shorter (Figure 2C), whereas non-read-in genes had a similar number of introns as the entire
population of expressed genes (Figure 2B), with a median length of 0.7 kb, which was much longer than that
of read-in genes (0.3 kbs) but shorter than the median of the entire population (1.2 kb, Figure 2C).

Next, we focused on the read-in region, i.e., the 1 kb region upstream to read-in genes, and found that this
region was significantly GC-rich compared with both the background of all expressed genes as well as non-
read-in genes (Figure 2D). Read-in genes also had GC-rich introns (Figure S5E) and were overall signifi-
cantly GC-richer than expressed genes (Figure S5F). DoGs upstream to read-in genes also tended to be
GC-rich compared with other DoGs, as well as DoGs upstream of non-read-in genes (Figure S5G), and their
corresponding upstream genes were GC-richer (Figures S5H and S5I). Thus, it seems that the genomic envi-
ronment of read-in genes tends to be significantly GC-rich.

Previous studies have shown that DoG regions, i.e., readthrough regions downstream of the canonical polyA
site of the readthrough gene, tend to be depleted with polyA signals compared to intergenic regions right
downstream of non-readthrough genes polyA sites.'”""""* One interpretation of this result was that multiple
polyA signals downstream to gene ends could assist with promoting efficient termination in times when the
termination process is partly impaired. We therefore analyzed the polyA signal density in the read-in regions
and found that, here too, polyA signals were significantly depleted compared with corresponding background
regions of all expressed genes, as well as those of non-read-in genes (Figures 2E and S5J). We then turned to
examine the 3'UTRs of DoG-producing genes upstream of read-in genes. Interestingly, a higher proportion of
them contained non-canonical polyA signals, as opposed to the canonical one, AAUAAA, in comparison to the
proportion in all expressed genes 3’ UTRs (Figure 2F, chi-square p = 3.3%e-5, see STAR Methods). However,
this tendency was not specific to 3' UTRs upstream of read-in genes but was rather apparent for all DoG-pro-
ducing genes (Figure 2F, chi-square p = 2.99e-17, compared with all expressed genes). Therefore, higher prev-
alence of non-canonical polyA signals, which are considered weaker, UTRs may promote readthrough
in stress conditions, and the scarcity of extra polyA signals downstream to gene ends may further contribute to
read-in into the downstream gene.

25,26
25in3

Genes with a high degree of read-in are translationally inhibited in stress conditions

Having observed several examples of read-in genes that showed low levels of translation in stress
(Figure 1C), or lack of translation altogether albeit having robust expression in stress conditions
(Figures 1B, S2A-S2C, and S3A), we asked if this trend could be generalized for the entire group of
read-in genes. Our analyses showed that, following acute osmotic stress, read-in genes showed a signif-
icant induction at the mRNA level; however, their translation was unchanged (Figure S6A). In acute heat
shock and oxidative stress, read-in genes were induced at the level of expression, whereas at the level of
translation, a significant but milder effect, on average, was observed (Figures S6B and S6C). Next, we
asked whether read-in is associated with a translational shutoff during stress. A comparison between
mRNA expression and translation levels showed that only a subset of the read-in genes was translationally
inhibited (Figures 3A and S7). Manual examination of several examples indicated that, in some cases, the
expression of the upstream DoG seemed to be similar to that of the read-in gene (as in Figures 1B, S2A,
and S2B), whereas in other cases, the expression of the read-in gene was clearly higher than that of its
upstream DoG (as in Figures 1A and S2D). We therefore sought to quantify this effect for all read-in genes,
reasoning that read-in genes mRNAs with similar levels of expression as their upstream DoGs are prob-
ably mostly expressed due to readthrough transcription, whereas those with a higher expression than
their upstream DoG represent a mix of readthrough transcription and independent expression.
We therefore calculated a metric termed “read-in estimation,” which is simply the read density in the
read-in region (1 kb upstream to the TSS of the read-in gene) divided by the read density over the entire
read-in gene mMRNA (see STAR Methods). Stratifying read-in genes into three equal-sized groups accord-
ing to their read-in estimation values showed that the subset of genes with high read-in estimation values,
meaning that most of their expression could be attributed to readthrough transcription, had the lowest
levels of translation in all conditions (Figures 3A, 3B, S7, and S8). Furthermore, the higher the read-in
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Figure 3. Read-in genes tend to be lowly translated

(A) Expression versus translation levels (Log2 TPM values of RNA-seq on the x axis and Ribo-seq on the y axis) of genes
during osmotic stress (KCI, 2h). Read-in genes were stratified by their read-in estimation values (cyan, brown, and
magenta) corresponding to 33% quantiles of read-in estimation values (see STAR Methods, Table S3). All expressed
genes are shown in gray. High read-in estimation read-in genes tend to have lower levels of translation given their
expression levels. Similar trends were also found in other conditions (Figure S7).

(B) CDF plot of the translation levels (Ribo-seq TPM, in log2) of genes with different read-in estimation groups in osmotic
stress (2 h) showed an inverse correlation between the degree of read-in and the level of translation. p values were
calculated using Wilcoxon rank-sum test, ***p < 0.001, **p < 0.01, (see Table S2 for exact p values). Similar trends were
also found in other conditions (Figure S8).

(C) Random sampling analysis of translation efficiency (translation normalized to expression), where randomly sampled
groups were matched for levels of expression with their corresponding read-in estimation group (high, medium, and low,
color-coded, see STAR Methods) in osmotic stress (2 h). Dashed lines represent the mean translation efficiency value for
each read-in group. The analysis demonstrated a significantly lower translation efficiency for high and medium read-in
estimation genes (***p < 0.001 for both, see Table S2 for exact p values) compared to the expected translation levels
given their expression levels (solid colored distributions). Similar trends were also found in other conditions (Figure S9).

estimation was, the lower the translation levels were in all conditions (Figures 3A, 3B, S7, and S8). To un-
derstand whether these translation levels could merely reflect the expected translation given the levels of
the mRNA, we calculated the ratios between translation and expression levels (often termed “Translation
Efficiency” or “TE") and compared the mean TE values of high, medium, or low read-in estimation genes
with the mean TE values of randomly sampled groups of mRNAs with expression levels that were matched
to those within each read-in gene group (see STAR Methods). We found that, although for read-in genes
with low read-in estimation values translation levels were no different than expected given their corre-
sponding mRNA levels, read-in genes with high read-in estimation values were significantly less translated
than expected given their expression levels in all conditions (Figures 3C and S9). Genes with intermediate
levels of read-in estimation showed significantly lower translation-to-expression ratios than expected in
the three acute stress conditions and in sustained heat shock (Figures 3C and S9). Therefore, read-in
genes with high read-in estimation, i.e., for which expression is mainly due to readthrough, are indeed
translationally repressed.
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Figure 4. Read-in genes show marked intron retention

(A) Violin plots demonstrate significantly higher degrees of intron retention for all groups compared with all expressed
genes, which increase with the extent of read-in estimation. Each gene is represented by the maximal value of intron
retention among all its introns in osmotic stress (2 h). Boxes indicate median, 25t and 75 percentiles for each of the
groups. Wilcoxon rank-sum test p value calculated for each group versus all expressed genes, ***p < 0.001, *p < 0.05, see
Table S2 for exact p values. Similar trends were also observed in other conditions (Figure S11).

(B) Scatterplot of translation levels (log2 Ribo-seq TPM, y axis) versus maximal intron retention (log2 IR value, x axis) for
read-in genes in osmotic stress (2 h) exhibit a significant negative correlation (R = —0.407, p(R) = 2.4e-08). The color axis
shows the read-in estimation values (in log2), further demonstrating that the more the intron is retained the higher the
read-in estimation tends to be (R = 0.475, p(R) = 3.55e-11). Similar trends were also observed in other conditions
(Figure S14). The relationship between translation levels and intron retention is shown in Figure S13.

Read-in genes show marked intron retention

Looking at several individual examples of read-in genes, we noticed that they showed high levels of intron
retention in their first intron (Figures 1B, 1C, and S2A-S2D) and occasionally for other introns (Figures 1A,
1B, and S2B). We therefore asked how prevalentintron retention is in read-in genes, in a systematic manner.
We first calculated the IR value (intron retention) for each intron in the genome, as a metric to evaluate the
extent of intron retention (see STAR Methods). Indeed, we found that, overall, read-in genes tended to
show much higher levels of intron retention compared with other genes (Figures 4A and S11), in all condi-
tions. Furthermore, intron retention was not restricted to first introns, although the highest levels of intron
retention were found in first introns (Figure S12). Interestingly, the higher the read-in estimation levels were,
the higher the degree of intron retention was observed (Figures 4A and S11). Because intron retention is
known to lead, in many cases, to nuclear retention,”” this could explain why genes with high read-in esti-
mation levels are lowly translated. Indeed, translation levels showed a negative correlation with intron
retention, also for the background population of all expressed genes, although intron retention was always
higher within read-in genes (Figure S13). Examination of all three factors together—read-in estimation,
intron retention, and translation levels—showed that, indeed, the higher the degree of intron retention
was, the lower the translation levels were, and the higher the read-in estimation was for read-in genes
(Figures 4B and S14).

Intron retention in read-in genes is much higher than expected given their intronic features

We found that read-in genes have particularly short introns, which were significantly GC-rich (Figures 2C
and S5E). It was previously shown that these two properties, i.e., short intronic length and high GC content,
are associated with an increased tendency for intron retention.” We analyzed the entire set of introns and
indeed observed that these tendencies are largely recapitulated in our data (Figure S15). We therefore
asked whether these properties alone could explain the marked degree of intron retention that we
observed in read-in genes. To answer this, we performed a random sampling test, where sets of introns
with the same length and GC content distributions as those of read-in genes were randomly sampled
from the set of all expressed genes, and the mean degree of intron retention was calculated for each
random set (see STAR Methods). This would allow us to specifically control for the two intronic properties
known to be associated with intron retention. Surprisingly, this analysis showed that these two features
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Figure 5. Read-in genes intron retention levels are much higher than expected given their genomic characteristics

(A) A thousand randomly sampled comparison groups, matched for GC content, and intron lengths distributions as in osmotic stress (2 h) read-in genes,
were generated from the set of all expressed genes (see STAR Methods). For each randomly sampled comparison group, the mean value of the maximum
intron retention (log2 IR) per gene was calculated and plotted as a histogram (gray). Confidence intervals (+/—99.8%, corresponding to 3*STD) are presented
as dashed black lines. The mean value of the maximum intron retention (log2 IR) of read-in genes (red) is significantly higher than the distribution of the mean
intron retention values, even when controlling for GC content and intron lengths (***p < 0.001); however, those of other groups were either no different than
the background (non-read-in genes in green and genes upstream to read-in genes in olive) or even lower than the read-in genes-matched controls (all DoG-
producing genes in black). Similar trends were also observed in other conditions (Figure S16).

(B) CDF plots of 5’ (left) and 3’ (right) splice site strengths, calculated as MaxEnt scores”’ (see STAR Methods), showed significantly weaker splice site
strengths distribution for first introns in read-in genes (red) compared with all expressed genes (blue), whereas non-read-in genes splice site strengths
(green) were similar to those of all expressed genes. p values were calculated using Wilcoxon rank-sum test; ***p < 0.001, **p < 0.01. For 5’ splice sites: p
(read-in versus all expressed) = 4.78e-3, p (non-read-in versus all expressed) = 0.12, for 3’ splice sites: p (read-in versus all expressed) = 7.8e-7, p (non-read-in
versus all expressed) = 0.77.

could not explain the high degree of intron retention observed in read-in genes, which was significantly
higher than expected in all conditions (Figures 5A and S16), and in particular in the acute stress conditions
(with z-scores of 4.04, 7.4, and 9.65, number of STDs above the mean of the expected population, for acute
heat shock, oxidative, and osmotic stresses, respectively, Figure 5A). Moreover, these differences were
specific to read-in genes, as non-read-in genes, and the DoG-generating genes upstream to read-in genes
were no different from the background (Figures 5A and S16).

We then turned to examine another property that may partly explain the extreme intron retention that we
observed in read-in genes, namely splice site strength”’ (see STAR Methods). We quantified splice site
strength for all first introns using MaxEnt.”” Our analysis showed that first introns in read-in genes have
significantly weaker splice sites, in both 5 as well as 3’ splice sites, compared with the background distri-
bution of first introns, whereas first introns in non-read-in genes were no different than the entire popula-
tion (Figure 5B). However, although retained introns in both read-in genes and expressed genes demon-
strated overall weaker 5 splice site strengths than non-retained introns, this trend was much noisier for the
3’ splice site (Figure S19). Thus, although a higher proportion of read-in genes have weaker 5" and 3’ splice
sites, the impact of this on read-in-associated intron retention still requires further investigation

Regions upstream to read-in genes show higher H3K36me3 chromatin marks

Next, we sought to identify chromatin features that may be specific to read-in genes and read-in regions.
To that end, we examined histone modification ChIP-seq data in mouse cell lines (see STAR Methods) avail-
able through the ENCODE project database.”® It was recently shown that proximal genes on the same
strand tend to have distinct chromatin features, as the region downstream of one gene end intermixes
with the promoter of its downstream neighbor.”’ Because read-in genes tend to be proximal to their
same-strand upstream neighboring genes (Figure 54), we wanted to control for any potential confounder.
Thus, we generated an additional control group, comprised of expressed genes that were matched for
their intergenic distances (to their upstream genes on the same strand), to the distribution of read-in genes
(see STAR Methods). We then tested, for each chromatin mark, whether it tended to be more present within
read-in regions (the 1 kb upstream to the TSS of the gene’s most upstream isoform) of read-in genes
compared with respective regions of non-read-in genes, as well as compared with the respective regions
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Figure 6. H3K36me3 profiles show enrichment upstream to read-in genes and diminished demarcation of exon-intron junctions in read-in genes
first introns

(A-D) Peak density profiles (mean and STE of H3K36me3 peaks across all genes within a group) of H3K36me3 histone modifications in G1E cell line (using
ENCODE ChlIP-seq data) are shown within (A) read-in regions, (B) first introns, (C) last introns, and (D) entire gene body, demonstrating significant
enrichment of H3K36me3 in read-in regions of read-in genes compared with the respective regiong of all other control groups (see STAR Methods). Each
region was normalized to the same length and plotted in the center, with the addition of flanking regions of 1 kb on each side. See Figure 520 for additional
cell lines showing the same trends. Bottom panels show FDR-corrected Wilcoxon ranksum p values for the differences along the positions between read-in
genes profile and each of the other groups.

(E) H3K36me3 peak density profiles of first, last, and all introns of all expressed genes, demonstrating a basin-like shape, with peaks around 5" and 3’ exon-

intron junctions which sharply decrease toward the intron body.

of the intergenic distance-matched controls (see STAR Methods). This comparison resulted in a single sig-
nificant chromatin mark, which was present in significantly higher proportions in read-in genes read-in re-
gions compared with the corresponding regions of both control groups: H3K3éme3 (Table S4), a typical
mark of actively transcribed gene bodies.® This trend was significant in multiple cell line datasets from
ENCODE (see Table S4 for p values). Furthermore, quantitative enrichment was also significant when exam-
ining the H3K36me3 profiles (Figures 6A and S20A). The levels of expression of the three groups were
similar (Figure S271C), and examination of the H3K36me3 patterns throughout read-in gene bodies showed
similar H3K36me3 profiles to that of both control groups (Figures 6D and S20D), ruling out differences in
expression levels as confounders of this effect. These results indicated that, indeed, the regions upstream
to read-in genes tend to be more prone to active transcription.

H3K36me3 demarcation of 5’ and 3’ exon-intron junctions is absent in read-in genes first introns

31733 although the exact mechanism

Interestingly, H3K36me3 was previously linked to regulation of splicing,
underlying the mutual effects between H3K36me3 and the spliceosome are still largely elusive. It was
demonstrated that H3K36me3 demarcates exon bodies, as its profiles were shown to peak at the middle
of the exon, in line with nucleosome proﬁles.33 This previous literature, as well as our findings above,
prompted us to examine H3K36me3 profiles within introns. We were particularly interested in introns of
read-in genes, as they showed pronounced intron retention, especially in the first introns (Figures 4, 5,
and S12). In general, H3K36me3 profiles along introns tended to show a basin-like shape, with peaks
around 5’ and 3’ exon-intron junctions, which sharply decreased toward the intron body (Figures 46E and
S21A). Because there is a sharp increase in H3K36me3 marks along gene bodies from 5 to 3’ (as seen in
Figures 6D and S20D), we separately examined the first and the last introns. We observed that, indeed,
the last intron H3K36me3 profiles were much higher than those of the first intron, and their shapes were
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somewhat different (Figures 6E and S21A). Nonetheless, from an intron-centric perspective, both first and
last intron profiles showed a drop in the 5 and 3’ exon-intron borders (Figures 6E and S21A). Thus, a sharp
decline in H3K36me3 seems to demarcate the 5" and 3’ exon-intron junctions.

We next compared the H3K36me3 profiles within the first and last introns of read-in genes with those of
both control groups. The H3K36me3 profiles in the last introns of read-in genes were overall similar in their
shapes and heights to the control groups in all cell lines (Figures 6C and S20C). Interestingly though, in the
first intron, we found that, although both control groups maintained the basin-shape profiles typical to first
introns, the shape of the H3K36me3 profile around first introns of read-in genes did not preserve the sharp
boundaries at the exon-intron junctions (Figures 6B and S20B). Instead, it showed a steady decline toward
the middle of the intron (Figure 6B, see Figure S20B for other cell lines), which was also evident from the
slope analysis (Figure S21B). Thus, the sharp decline that generally demarcates 5" and 3’ exon-intron junc-
tions, was absent in first introns of read-in genes.

Read-in genes features are conserved in human

Finally, we asked whether genomic features of read-in genes that we identified in mouse were conserved in
the human genome. First, we looked for conservation of the pairing between the readthrough-read-in gene
pairs and found that, although the overall conservation of gene organizations (tandem genes on the same
strand) between mouse and human is high (91.87%), the fraction of conserved pairs of readthrough-read-in
genes is significantly higher (97.3%, chi-square p = 0.0021). Because read-in genes tend to be close to their
upstream genes (Figure S4), we checked the fraction of conserved pairs within proximal pairs in mouse (see
STAR Methods) and found that it was 93.8%, still significantly lower than the fraction of conserved read-
through-read-in gene pairs (chi-square p = 0.0346). We then asked whether the distances between
readthrough-read-in gene pairs tended to be more conserved. To that end, we calculated the distances
of readthrough gene ends to the read-in gene starts (using their most downstream and most upstream iso-
forms, respectively), and looked at the differences between them, in mouse compared with human. To
strictly control for the fact that read-in genes tended to be close to their upstream genes, we sampled
from all expressed tandem gene pairs, multiple random groups with a similar distribution of intergenic dis-
tances to that of readthrough-read-in gene pairs defined in mouse, and asked if the distances are overall
more or less conserved in human. We found that, overall, intergenic distances tended to be longer in human,
with a median of 418 bases in the matched controls; however, for readthrough-read-in gene pairs, they were
only 207 bases longer (median, Figure 7A, p = 0.0045, see STAR Methods), indicating a constraint on their
divergence. We then continued to look at the conservation of intron lengths of read-in genes in human.
Intron lengths of the human orthologs of read-in genes were overall significantly shorter than the back-
ground (Figure 7B), in agreement with our findings in mouse (Figure 2C). When examining conservation
of their lengths, again using the same randomly sampled controls as above, we found that introns were
generally longer in human, by 207 bases (on average per gene, median) for the matched controls, whereas
for read-in genes, the median difference was only 70 bases (Figure 7C, p = 1e-4, see STAR Methods). This
indicated that introns of read-in genes might be under evolutionary pressure to remain short.

Thus, genomic properties of read-in genes, including their organization, distance to their upstream read-
through genes, and intron lengths, are broadly conserved in human.

DISCUSSION

Under stress conditions, reduced polyadenylation and termination efficiencies lead to widespread read-
through transcription.'® This phenomenon leads to read-in into downstream neighboring genes, as we
identified here, which tend to have short introns and high GC content, and present marked intron retention.
Importantly, previous studies focusing on transcriptional readthrough,'®"" some of which indicating that
readthrough transcription may continue into downstream genomic loci,”* have mainly relied on the analysis
of pre-mRNA, using either rRNA-depleted nuclear RNA'%""?" or nascent RNA-seq."® In the current study,
we utilized mature, polyA-selected mRNA-seq, which enabled us to establish the existence of read-in tran-
scripts in the cell as mature, stable, RNAs.

Previous studies found that housekeeping genes are generally short.** However, read-in genes did not
significantly overlap with the set of housekeeping genes (hypergeometric p > 0.999, housekeeping genes
taken from®"), and pathway analysis showed no significant enrichment with any particular functional cate-
gory. Interestingly, early studies highlighted a correlation between GC-content and gene-dense genomic
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Figure 7. Conservation of read-in genes features in human

(A) Ten thousand randomly sampled comparison groups, matched for intergenic distances to the distribution of
readthrough-read-in genes intergenic distances were selected, and the median of the differences between mouse and
human intergenic distances was calculated to generate the background distribution (gray). +/—95% confidence intervals
(Cl)indicated by dashed lines. The median intergenic distance difference between mouse and human is significantly more
conserved, i.e. closer to zero, for read-in genes (red line, p = 0.0045), whereas that of non-read-in (green line) is no
different from the background.

(B) As in Figure 2C, intron lengths of the human orthologs of the set of read-in genes defined in mouse are significantly
shorter than both all expressed genes orthologs (p = 2.52e-40) and non-read-in genes orthologs (p = 3.21e-9).

***p < 0.001, Wilxocon rank-sum test.

(C) Conservation analysis of intron lengths of read-in genes showed that read-in genes intron lengths (mean intron length
per gene, red line) were significantly more conserved (the difference between mouse and human is closer to zero)
compared with the background distribution (p < 0.0001, using random sampling test, gray shows the background
districution as in A, +/—95% confidence intervals [Cls] are indicated by dashed lines), whereas that of non-read-in genes
(green line) is no different from the background.

regions.®® Nevertheless, when we examined non-read-in genes, which have a similar gene proximity distri-
bution to that of read-in genes, we observed that upstream regions of non-read-in genes have the same GC
content as that of the expressed genes background (Figure 2D). When looking at the gene itself, the GC
content of non-read-in genes was higher than that of the expressed genes background but still significantly
lower than the GC content of read-in genes (Figure S5F). Thus, read-in genes seem to be GC-richer than
expected even given their tendency to be proximal to their upstream genes.

Our data showed that a higher fraction of 3'UTRs upstream to DoG-producing genes contained more weaker,
non-canonical, polyA signals (Figure 2F). In addition, in the read-in regions, read-in genes had a significantly
lower frequency of polyA signals, both canonical and non-canonical, compared with non-read-in genes
(Figures 2E and S5J). This could contribute to the increased tendency for readthrough when polyadenylation
and termination efficiency are compromised, which is further enhanced upstream to read-in genes.

Our data showed that read-in is associated with intron retention (Figures 4 and 5). This may be combined

with splicing inhibition under stress, as was shown to occur in heat shock,” to increase intron retention even
further. Interestingly, Alpert et al. showed that when Nab2, a protein involved in polyA cleavage and polyA
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tail length, was depleted in yeast, readthrough transcripts invade downstream genes, and these read in
transcripts were not able to be spliced, likely due to the wrong intron-exon structure.®® Thus, it seems
that introns are not recognized by the splicing machinery when they occur in fusion transcripts in yeast,
whereas in mammalian cells, some, but not all, introns, and in particular first introns, fail to be recognized,
as we present here during naturally occurring stress-inducing, readthrough promoting conditions. These
further highlight the mechanistic links between read-in and splicing inhibition.

Our current study revealed specific sequence and chromatin features related to read-in. We found
increased H3K36me3 active transcription chromatin marks upstream to read-in genes, indicative of these
region being predisposed to active transcription, in multiple mouse cell lines (Figure 6A and S20A). Inter-
estingly, mutations in SETD2, a major H3K36 methyltransferase, were previously associated with increased
transcriptional readthrough in renal carcinomas.' Furthermore, H3K36me3 has also been linked to regu-
lation of splicing in various ways,**’ =7 and indeed, we uncovered that a sharp decrease in H3K36me3
demarcates the 5" and 3’ exon-intron junctions in general; however, this sharp decrease is absent particu-
larly in first introns of read-in genes (Figures 6B and S20B). Although the mechanistic relationship of
H3K36me3 with the spliceosome is still unclear, tumors with a global defect in H3K36 trimethylation
have shown marked increase in intron retention.’” In light of these findings, our observations raise the
intriguing possibility that spliceosome recognition might be compromised in cases where the
H3K36me3 differences are absent at the exon-intron boundaries, a hypothesis that remains to be explored.
Finally, it has been shown that the Cap-binding complex has a critical role in splicing of the first intron.*"*? It
is therefore possible that, due to read-in transcripts being continuous with their upstream DoG-producing
transcripts, the lack of a cap in proximity to the first read-in gene intron impedes its efficient splicing. This
possibility too remains to be explored in future experiments.

The use of paired mRNA-seq and ribosome profiling allowed us to specifically determine that mRNAs
with high degrees of read-in show reduced translation (Figure 3). This result raises the question of
what would be the underlying mechanism that prevents translation of these read-in transcripts. Intron
retention was shown to be conserved in evolution and correlated with proteome complexity.”” In addi-
tion, widespread intron retention can be induced in response to some stress conditions, such as heat
shock, leading to the accumulation of stable, polyadenylated, intron-containing mRNAs, which are re-
tained in the nucleus.” Intron retention in mMRNAs may lead to a variety of fates, most of them resulting
in translation inhibition.” In some instances, nuclear-residing, retained-intron mRNA (previously termed
detained-introns) were shown to be spliced in response to specific stimulations.”** In rare cases,
intron-containing mRNAs might be exported from the nucleus, where they are subjected to nonsense-
mediated decay (NMD).2*> Nonetheless, the most common fate of intron-retained mRNAs is nuclear
retention,” where they may subsequently be degraded in an NMD-independent manner.”® Here, using
polyA-selected mRNA-seq data representing a steady-state snapshot of polyadenylated, mature,
whole-cell mRNAs, it seems that read-in transcripts were not degraded postmaturation, but rather
were stable enough to allow their detection as mature, polyadenylated transcripts. Thus, although it
cannot be excluded that these transcripts are subjected to NMD, it is likely that they are indeed nu-
clear-retained, which explains their reduced translation. To what extent stress-induced read-in transcripts
are nuclear retained still remains to be determined.

We showed that genomic features of read-in genes are largely conserved between mouse and human. Itis
therefore possible that read-in genes have co-evolved with genomic properties that favor much higher de-
grees of intron retention, thereby aiding the nuclear retention of read-in gene transcripts during read-
through-promoting stress conditions. Our findings suggest that read-in genes, as previously shown for
readthrough, are not merely a by-product of stress-induced failure in polyadenylation and transcription
termination. The properties of read-in genes may facilitate the quality control for read-in transcripts, ulti-
mately allowing stress-induced readthrough transcription to persist, while preventing the nuclear export of
read-in transcripts, and precluding their unwarranted translation.

STARXxMETHODS

Detailed methods are provided in the online version of this paper and include the following:
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RNA-seq and ribosome This paper GEO: GSE197536

footprint profiling data

Ribosome footprint profiling
data for heat shock

https://doi.org/10.1016/
j-molcel.2012.11.028

GEO: GSE32060

Original DNA gel images This paper https://data.mendeley.com/
datasets/znryjb62y3/1

Experimental models: Cell lines

NIH3T3 mouse fibroblasts ATCC CRL-1658
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Primers used for RT-PCR of Furin-Fes, forward: This paper N/A
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Primers used for RT-PCR of Furin-Fes, reverse: This paper N/A

TGATTCCTGCTTCCTCCTCC

Primers used for RT-PCR of Tnfrsf12a- This paper N/A

Thocé, forward:

CACGGAAACAACCATCTCCC
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Thocs, reverse:

CTGTCGCCCAGCAACTAAGG

Primers used for RT-PCR of Nectin2- This paper N/A

Tomm40, forward:

CTGGGCATCTGGGTTGGGAATTT

Primers used for RT-PCR of Nectin2- This paper N/A

Tomm40, reverse:

CCGAGCGGCGGCAGAGTGAA

Primers used for RT-PCR of This paper N/A

Tmemé62-Cendbp1, forward:

CACCGATCATGGGCTTTCTG

Primers used for RT-PCR of This paper N/A

Tmemé2-Cendbp1, reverse:

CGGAGCAAGGAAGGGGAC

Software and algorithms

R language Version 4.2.1 https://www.r-project.org/

RStudio Version 2022.02.3 https://www.rstudio.com/

DoGfinder Wiesel et al., 2018'* https://github.com/shalgilab/DoGFinder

STAR Dobin et al., 2013*/ https://github.com/alexdobin/STAR

RSEM Li and Dewey, 2011 https://github.com/deweylab/RSEM

Bowtie2 Langmead et al., 2009*? https://bowtie-bio.sourceforge.net/bowtie2/
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Bedtools Quinlan and Hall, 2010% https://github.com/arq5x/bedtools2

Integrative Genomics Viewer (IGV) Robinson et al., 2011°° https://software.broadinstitute.org/
software/igv/

Other

ENCODE CHIP-seq data for Mus https://www.encodeproject.org/ https://www.encodeproject.org/

musculus cell lines chip-seq-matrix/?type=Experiment&
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RESOURCE AVAILABILITY

Lead contact

Further information should be directed to the lead contact, Reut Shalgi (reutshalgi@technion.ac.il).

Materials availability

Requests for resources and reagents should be directed to the lead contact, Reut Shalgi (reutshalgi@
technion.ac.il).

Data and code availability
® All RNA-seq and ribosome footprint profiling data were deposited in GEO, accession number GEO:

GSE197536. Ribosome footprint profiling data for heat shock was taken from GEO, accession number
GEO: GSE32060.

® Original DNA gel images have been deposited at Mendeley, dataset znryjb62y3 (Mendeley Data:
https://data.mendeley.com/datasets/znryjbé2y3/1), and are publicly available as of the date of publica-
tion.

e Custom scripts and any additional information required to reanalyze the data reported in this paper are
available from the lead contact (reutshalgi@technion.ac.il) upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

NIH3T3 mouse fibroblast cells were seeded into 15cm plates. Cells were grown in DMEM medium (Sigma-
Aldrich, D5796) supplemented with 10% Fetal Bovine Serum (Gibco, 16000044) and 1% Pen Strep (Sartorius,
03-031-1B) at 37°C and 5% CO2 conditions.

METHOD DETAILS
Datasets

Transcriptomics, using polyA selected RNA sequencing, and translatome mapping, using Ribosome
footprint profiling, were conducted in duplicates, in two separate experiments, each having its own
respective control. NIH3T3 mouse fibroblast cells were exposed to Heat shock (44°C for 2 h or 42°C
for 8 h), or kept at 37°C as control. Additionally, NIH3T3 were exposed to Oxidative stress (0.2mM
H202 for 2 or 7 h) and Osmotic stress (80mM KClI for 2 or 7 h). RNA was extracted using the RNeasy
Mini kit (Qiagen, #74104) with on-column DNAse (Qiagen, #79254). Libraries were prepared using the
NEBnext Ultra Il Directional RNA library prep kit (NEB, E7760) with polyA selection, and sequenced using
the BGI DNBseq platform, with read length of 100 bases. Illumina Nextseq 500 was used for QC and to
validate the results from the BGI platform. Libraries were sequenced to a depth of 29-52M reads per li-
brary, and subsequent downsampling was performed using the DoGFinder package (see below). Ribo-
some footprint profiling was performed in house as in Sabath et al.,” and libraries were sequenced using
an lllumina Nextseq 500 platform.
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Mouse gene annotation

NCBI Refseqg mm10 and UCSC RefSeq mm10 tables were downloaded from the UCSC genome browser
website, using UCSC Table Browser data retrieval tool. To facilitate discovery of DoGs and read-in re-
gions, NCBI Refseq annotation of mm10 mouse genome was combined with the UCSC Refseq
annotation, by adding the isoforms unique to UCSC Refseq to the NCBI Refseq annotation.
Annotations of non-translated short RNAs, such as snoRNAs, miRNAs and pseudogenes, were
filtered out.

RNA-seq and Ribo-seq analysis - initial read mapping and transcript quantification

For RNA-seq analysis, preliminary filtering of sequences was performed. The raw reads were mapped to
sequences of rRNAs using the STAR" aligner, with all mapped reads discarded. Following the filtering,
the remaining raw reads were mapped to mm10 mouse genome, using the STAR aligner with the following
parameters: —outFilterMatchNminOverLread 0.6. Transcriptome sequences were taken from the mm10
mouse genome annotation described above.

For Ribo-seq, preliminary filtering of non-mRNA footprint sequences was first performed. Raw reads post
adapter trimming were mapped to sequences of rRNAs, tRNAs and snRNAs, using the STAR aligner, with
all mapped reads discarded. Following filtering, the remaining reads were mapped to the coding se-
quences (CDS) of the mm10 mouse genome annotation described above, which were clipped by 30 nucle-
otides from the start and end of each CDS, since there is a positional bias of the ribosome in those areas.
The mapping was done using the Bowtie2 aligner.”” After alignment of RNA-seq and Ribo-seq samples,
quantification was performed using the RSEM software package.’® RSEM returns a raw read count and a
normalized TPM (Transcripts Per Million) value for every gene and every isoform in the annotation. Ex-
pressed genes were defined as genes that had an RNA-seq TPM value larger than 4 in at least one sample
(we note that they could potentially have lower TPM values in some of the samples, such as in Figure 3A). A
total of 11,074 genes were defined as expressed using this criterion.

Identification of DoGs

Sorted bam files produced by RNA-seq STAR genomic alignment were used as input for the DoGFinder
tool'” in order to identify readthrough (DoG) regions. The annotation described above was used. We
note that the DoGFinder tool downsampled all RNA-seq bam files (to a depth of 37M reads per library
in the osmotic and oxidative stress experiments and corresponding controls, and to 29M reads per library
in the heat shock experiments and corresponding controls) to have the same number of mapped reads, in
order to avoid biases of DoG discovery between stress and control due to variable sequencing depths. The
Get_DoGs function was run with the following parameters: -S -minDoGLen 100 -mode W -minDoGCov 0.6.
DoGs RPKM were calculated using the DoGFinder tool. DoGs were filtered to have RPKM values of at least
one and a total number of mapped reads of at least five. This resulted in an overall number of 1810 DoGs
which were expressed in at least one condition, with, on average, 6.1% of all expressed genes having DoGs
in each of the conditions. We note that, in cases where the DoG reached the TSS of a downstream gene on
the same strand, the DoGFinder tool artificially determines the DoG end to be the TSS of the down-
stream gene.

Read-in genes

For each DoG-producing gene, a downstream genomic read-in region was defined as a Tkbp 5’ flanking
region of the most upstream isoform of the proximal downstream gene on the same strand. In cases
where the distance between genes was less than Tkpb, the entire region between the two genes was
used. Coverage and read counts of the read-in regions were calculated using Bedtools.”” Read-in genes
were defined as genes located downstream of a DoG on the same strand, and for which the read-in re-
gion, namely the Tkb region upstream to the TSS of their most upstream isoform, overlapped with their
upstream DoG, had an RPKM value of at least one (representing on average the top 2.69% of the distri-
bution of RPKMs among all potential “read-in regions” within the population of all expressed genes) and
read coverage of at least 0.6 (representing on average the top 3.7% of the distribution of read coverage
among all potential *
TPM value of at least four for the read-in gene itself in the same condition. A set of all read-in genes was
defined as all genes that were defined as read-in in at least one sample, resulting in a total of 307 read-in

read-in regions” of the population of all expressed genes), in addition to requiring a
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genes. To define read-in genes under a particular condition, a union of the read-in genes of the two
replicate samples of that condition was taken.

To calculate the number of expected read-in genes given the selection parameters, we multiplied the
average frequency for all of them within expressed genes, by the number of expressed genes, and the num-
ber of total samples:

%(read — in — region RPKM > 1) x %(read — in — region coverage > 0.6)x
%(DoGs) * N(all expressed genes) = N(total samples) =
0.026 %+ 0.037 « 0.061 « 11074 % 16 = 11.69

This resulted in 11 genes, even without any further restrictions (which were inflicted on the read in gene
group, i.e. to have their read-in region overlapping with their upstream DoG). Repeating this calculation
with specific parameters of each of the conditions resulted in a similar number of 11 expected read-in
genes.

RT-PCR of readthrough-read-in RNA chimeras

To validate the presence of readthrough-read-in RNA chimeras, NIH3T3 mouse fibroblast cells were
exposed to osmotic stress (80mM KCI) for 2 h, or harvested in normal growth conditions (control), in rep-
licates. RNA was extracted using the RNeasy Mini kit (Qiagen, #74104) with on-column DNAse (Qiagen,
#79254), and cDNA was generated using MMLV reverse transcriptase (Promega, #M170A). A 100ng of
cDNA was added to a 25ul PCR reaction using Phusion polymerase (NEB, #M0535L) according to manufac-
turer's instructions, for 25 cycles. no-RT control samples were generated similarly, but without the addition
of the reverse transcriptase enzyme, to assess potential genomic DNA contamination. As shown in
Figure 1E, no genomic DNA contamination was detected in the samples. The tested chimeras were chosen
based on RNA-seq data, with both readthrough and read-in genes expressed in osmotic stress condition.
Negative non-chimera tandem gene pairs were chosen to have similar intergenic distances and robust
expression in osmotic stress condition, with no readthrough or read-in detected by RNA-seq. Primers
were designed to amplify from the end of the readthrough gene, through the intergenic region to the start
of the read-in gene (see primers in Table S5). PCR products were loaded on a 1% agarose gel and sepa-
rated by electrophoresis. All gels were run simultaneously in the same running apparatus and exposed
together (Figure 1E).

Non-read-in genes

A set of non-read-in genes was defined as a control group out of all expressed genes, by taking a set of all
genes that were located downstream to DoGs on the same strand, but were not defined as read-in genes in
any of the conditions. In addition, to further control for confounding factors related to gene proximity, this
group of genes located downstream to DoGs was filtered by their distance from the end of their upstream
DoG-producing gene, such that the distance was lower than the maximal distance between readthrough-
read-in gene pairs (shown in Figure S4, a distance less than 12,190 bp). This resulted in a total of 241 non-
read-in genes.

Feature analysis of gene sequences

For the analysis of gene length, coding sequence (CDS) length, exon length, intron length, 5" and 3’ UTR
lengths, number of introns and GC content of introns, the isoform most expressed in the RNA-seq control
samples, as calculated by RSEM, was selected for each gene.

We examined the possibility that the result of read-in genes being short was confounded by our read-in
selection parameters, and that longer read-in genes were polyadenylated before the end of the gene
and therefore our selection criteria did not pick them up. We reasoned that if there were such longer
read-in genes, with overall lower read coverage toward the end of the gene, they would not pass the
required expression criteria of a TPM of 4 or above. Only 20 genes answered to all other criteria for
read-in gene selection, while having a TPM <4, and they were shorter than read-in genes (9kb on average
compared to 9.9kb of read-in genes). Thus, read-in gene length was not confounded by our selection
criteria.
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For the analysis of read-in regions GC content and polyA signals, the read-in region, defined as the Tkbp 5’
flanking region of the most upstream isoform of the gene, was used. In cases where the distance between
genes was less than Tkpb, the entire region between the two genes was used.

Non-canonical polyA signals analysis

A list of non-canonical polyA signals was taken from?® and further supplemented by all remaining se-
quences that were one base-pair different from the canonical AAUAAA signal, resulting in a set of 19
6-mers (AUUAAA, UAUAAA, AGUAAA, CAUAAA, GAUAAA, AAUAUA, AAUACA, AAUAGA, AAAAAG,
ACUAAA, AAAAAA, AACAAA, AAGAAA, AAUUAA, AAUCAA, AAUGAA, AAUAAU, AAUAAC and
AAUAAG). Frequency of occurrence of the canonical polyA signal (AAUAAA) and the set of all non-canon-
ical polyA signals was calculated for the 3’'UTR ends (50 bases upstream to annotated gene ends) of DoG-
producing genes (or all expressed genes). For Figure 2F, each group of 3'UTR ends was divided into those
that had a canonical polyA signal (left) and these that did not have it, but instead had at least one non-ca-
nonical polyA signal. We aggregated multiple 3 UTR ends (50 bases upstream to annotated gene ends)
when a gene had more than one 3’ end isoform, such that when at least one of them contained the canon-
ical polyA signal, the gene was considered to have that signal. Chi-squared test was used to calculate the
significance of the change in proportions of genes that had a canonical polyA, or any of the non-canonical
polyA signals between different gene sets.

Read-in estimation values

For each read-in gene, and for each sample, read-in estimation value was defined as follows: the read den-
sity of the read-in region was divided by the read density of the most highly expressed isoform of the pu-
tative read-in gene in the specific sample. Read-in estimation values for a given stress were defined as the
mean of the values of the two replicate samples.

read — in region read density

Read — in estimation = . - -
read — in gene (isoform) read density

When read-in genes were stratified according to their read-in estimation (low, medium and high), they were
splitinto three equal-sized groups, and the values differed slightly according to the specific condition. For
the osmotic stress, 2h (Figure 3B, 3C, and 4A), low read-in estimation values were less than 15.73%, high
were above 67.48%, and medium was anything in between. For the cutoffs for each condition see Table S3.

Intron retention

For each intron and for each sample, the number of exon junction reads and intronic reads was extracted
using the Bedtools software,?” and read densities were calculated. IR (Intron Retention) was calculated us-
ing the following formula:

B intron read density
" intron read density + flanking exon junction read density

Introns that had a flanking exon junction read density of zero were discarded. For each gene in each sam-
ple, the most highly expressed isoform was selected, and the intron with the highest IR value was selected
to represent the maximum intron retention for this gene. For analysis of first introns retention, the first
intron of the most highly expressed isoform was selected. Intron retention for a given condition was defined
as the mean of the IR values in the two replicate samples of that condition.

Splice site strengths analysis

For splice site strength analysis, the most highly expressed isoform for each gene was chosen, and a custom
R script was used to generate fasta files of splice site sequences of the first intron of the isoform. The
MaxEnt software was used to calculate the 5" and 3 splice site strength scores.”’

Analysis of read-in genes translation

To assess the difference in translation given the expression levels of read-in genes compared to all ex-
pressed genes, translation efficiency (TE, defined as translation TPM values divided by expression TPM
values) was calculated for each gene in each sample. TE of a gene for a given stress was defined as the
mean of the TE values in the two replicate samples. For each of the three read-in estimation groups
(low, medium and high), mean log2 TE was calculated, and groups of 1000 random samples of TE values
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were taken from the set of expressed genes, while matching the range of TPM values to that of the read-in
genes within the specific group. p-values were calculated by comparing the distributions of the mean log2
TE values of the random samples to the mean values of each of the read-in estimation groups. See Fig-
ure S10 for the distributions of TE values for the different groups of interest, together with those of all
randomly-selected matched control groups (aggregated).

Controlled analysis of intron retention within read-in genes

Read-in genes were divided into 16 groups according to a combination of 4 quantiles of intron lengths and
4 quantiles of intronic GC content. Then, 1000 randomized comparison groups with the same GC content
and intron lengths distributions as read-in genes were randomly picked from the set of all expressed genes
without read-in genes (See Figure S17 for the distribution of GC content and intron length of the random
controls vs. that of read-in genes). For each comparison group, the mean value of the maximum IR for each
gene was calculated. See Figure 518 for the distributions of IR values for the different groups of interest,
together with that of all randomly-selected matched control groups (aggregated).

Distance-matched control genes

A set of intergenic distance-matched control genes were defined by taking a set of genes (set A) which be-
longed to the all expressed genes set but were neither read-in nor non-read-in genes, and for which their
upstream gene on the same strand was also defined as an expressed gene, but not a DoG-producing gene.
From this set A, a subset of genes was randomly sampled, which had a similar distribution of intergenic dis-
tances as that of read-in genes. Sampling was performed by splitting the read-in genes upstream inter-
genic distances into 5 quantiles, and sampling from set A equal numbers of genes that belonged to
each of the distance quantiles. This resulted in a total of 220 distance-matched control genes.

Histone modification analysis

In order to explore the histone modification landscape in genomic regions of interest, we used the
ENCODE database of CHIP-seq experiments.”” We downloaded the ChIP-seq histone experiments in all
available mouse cell lines. The processed data was downloaded in the narrowPeak bed and bigWig for-
mats. Bedtools?” was used to find overlaps between ChlP-seq bed files and genomic regions of interest,
such as read-in regions, intronic regions, etc. For each histone modification, first, an equality of proportions
hypothesis test was performed to see if the histone modification tended to be more present within read-in
regions, i.e. the Tkb upstream to the TSS of the most upstream isoform of the gene, in read-in genes
compared to non read-in genes and compared to the intergenic distance-matched control group (see
above). We considered significance only for modifications which showed a significantly higher proportion
of presence in read-in genes compared to both background control groups in each specific cell line exam-
ined. To generate H3K36me3 profiles, the EnrichedHeatmap R package®’ was used. bigWig format ChlIP-
seq data files were mapped to regions of interest, such as gene bodies, read-in regions and introns, using
the normalizeToMatrix function of the EnrichedHeatmap package, generating a length-normalized peak
density values vector for each region of interest and each gene, with additional flanking regions of 1kb.
Mean and standard error vectors for each of the three gene groups of interest (read-in genes, non-read-
in genes and intergenic distance-matched control genes), as well as of all expressed genes, were then
calculated and plotted (Figures 6, S20, and S21).

Profile difference p values between different gene groups were calculated, for each coordinate along the
normalized region of the peak density plot, by performing a Wilcoxon ranksum of the peak density values in
that specific coordinate (Figures 6 and S20, bottom p value panels, FDR corrected). Normalized peak den-
sity slope values of introns of different gene groups (Figure S271B) were generated by smoothing (R function
supsmu, span = 0.175) and Z score normalizing the peak density vector in Figures 6 and S20B, and then
calculating the slope at each point by denoting the difference between each vector element and the
element before it.

Analysis of human orthologs

For an analysis of human gene orthologs, NCBI Refseq hg38 tables were downloaded from the UCSC
genome browser website, using the UCSC Table Browser data retrieval tool, and orthologs were deter-
mined by name. Annotations of non-translated short RNAs, such as snoRNAs, miRNAs and pseudogenes,
were filtered out. A table of genes and their upstream neighboring genes on the same strand for the human
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and mouse genomes was constructed. Conserved gene pairs were defined as gene orthologs that had the
same upstream neighboring gene orthologs in the mouse and human genomes. As an additional control
for proximal pairs, we restricted the mouse all expressed gene pairs to those that had an intergenic dis-
tance in mouse smaller than the cutoff used to generate the non read-in gene group (see above). Chi-
squared test was then used to calculate the significance of the change in proportions of conserved pairs
between different gene groups. For Figures 7A and 7C, random sampling of gene groups, with distribution
of distances to their upstream neighboring genes matched to that of read-in genes (as described above)
was performed 10,000 times. Median values of the differences in intergenic distances between mouse and
human genes (7A), as well as median values of the differences in mean intron length (per gene) between
mouse and human genes (7C) were calculated and plotted as the background, and compared to the cor-
responding median values of the read-in and non-read-in gene groups, in order to assess significance of
conservation of distances.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical details of the experiments (significance tests and p values) can be found in the figure legends.
Wherever asterisks are used to indicate significance, (*) indicates p < 0.05, (**) indicates p < 0.01 and (***) in-
dicates p < 0.001.
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