www.sciencemag.org/content/352/6290/1225/suppl/DC1

Supplementary Materials for
TT-seq maps the human transient transcriptome

Björn Schwalb,* Margaux Michel,* Benedikt Zacher,* Katja Frühauf, Carina Demel,
Achim Tresch, Julien Gagneur,† Patrick Cramer†
*These authors contributed equally to this work.
†Corresponding author. Email: gagneur@in.tum.de (J.G.); patrick.cramer@mpibpc.mpg.de (P.C.)
Published 3 June 2016, Science 352, 1225 (2016)
DOI: 10.1126/science.aad9841
This PDF file includes:
Materials and Methods
Figs. S1 to S17
Tables S1 to S4
Full Reference List

Materials and Methods:
RNA-seq. K562 cells were acquired from DSMZ (Braunschweig, Germany). Cells were
grown in RPMI 1640 medium (Gibco, Carlsbad, CA, USA) supplemented with 10% heatinactivated FBS (Gibco) and 1% Penicillin/Streptomycin (100x, PAA now GE Healthcare,
Chalfont St. Giles, UK) at 37°C under 5% CO2. Cells were labeled in media for 5 min with
500 µM 4-thiouridine (4sU, Sigma-Aldrich, St. Louis, MO, USA.) and harvested through
centrifugation for 2 min at 3,000 rpm. RNA extraction was performed with TRIzol (Life
Technologies, Carlsbad, CA, USA) following the manufacturers’ instructions except for the
addition of an RNA spike-in mix together with TRIzol. The purified RNA was split in two
samples and one of the two samples was fragmented at 240 ng/µl on a BioRuptor Next Gen
(Diagenode, Seraing, Belgium) at high power for one cycle of 30’’/30’’ ON/OFF. Fragmented
and non-fragmented samples were subjected to labeled RNA purification as previously
described (26). Labeled fragmented (TT-seq), labeled (4sU-seq), total (RNA-seq) and total
fragmented (RNA-seq with fragmentation) RNA were treated with 2 units of DNase Turbo
(Life Technologies) and sequencing libraries were prepared with the Ovation Human Blood
RNA-seq library kit (NuGEN, Carlos, CA, USA) following the manufacturers’ instructions.
All samples were sequenced on an HiSeq 1500 sequencer (Illumina, San Diego, CA, USA).
RNA spike-in mix preparation. Six spike-ins (ERCC-00043, ERCC-00170, ERCC-00136,
ERCC-00145, ERCC-00092 and ERCC-00002) from the ERCC RNA spike-in mix (Life
Technologies) were chosen as to have the same nucleotide length and U numbers, but with
different GC content (40 to 60%). Spike-ins were amplified through PCR with the forward
primer containing a T7 promoter sequence. Each spike-in was subjected to in vitro
transcription with the Megascript T7 Transcription Kit (Life Technologies) with either 1:10
4sUTP:UTP ratio for spike-ins ERCC-00043, ERCC-00136 and ERCC-00092 or only UTP
for spike-ins ERCC-00170, ERCC-00145, ERCC-00002; resulting in labeled and non-labeled
spike-ins, respectively. All spike-ins were purified with AMPure XP beads (BeckmanCoulter, Fullerton, CA, USA) and quantified with Nanodrop 2000 (Thermo Scientific,
Boston, MA, USA), agarose gel and Qubit 3.0 Fluorometer (Life Technologies). Spike-ins
were then mixed in equal amount to a final concentration of 6 ng/µl.
Sequencing data processing. Paired-end 50 base reads with additional 6 base reads of
barcodes were obtained for each of the samples, i.e. total RNA (RNA-seq), total fragmented
RNA (RNA-seq with fragmentation), labeled RNA (4sU-seq) and labeled fragmented RNA
(TT-seq). Reads were demultiplexed and mapped with STAR 2.3.0 (for RNA-seq) (27) and
Bowtie 2.1.0. (28) (for ChIP-seq) to the hg20/hg38 (GRCh38) genome assembly (Human
Genome Reference Consortium). Samtools (29) was used to quality filter SAM files, whereby
alignments with MAPQ smaller than 7 (-q 7) were skipped and only proper pairs (-f99, -f147,
-f83, -f 163) were selected. Further data processing was carried out using the R/Bioconductor
environment. For visualization purposes piled-up read counts for every genomic position were
summed up over replicates, size factors for each condition were calculated as described (30)
and used to correct for library size and sequencing depth variations.
Calculation of observed intron over exon ratio. Read counts for all GENCODE annotated
exons and introns were calculated with HTSeq (31) from RNA-seq, 4sU-seq and TT-seq data.
Comparison of intron read counts with respect to flanking exon read counts (both with an
RPK of at least 10) yielded an average proportion of intron coverage to exon coverage of
0.08, 0.23, 0.6 for RNA-seq, 4sU-seq and TT-seq.
Calculation of theoretical exon, intron and mixture densities. Densities were calculated as
relative average read frequencies around the first TSS, 3’SS and last pA site of a transcript in
the following manner. Reads mapping the respective regions were piled up with the use of the
GENCODE transcript annotation (version 22) under the assumption that every single exonic

nucleotide (exon density) or intronic nucleotide (intron density) has been sequenced exactly
once. Mixture densities for 0.08, 0.23, 0.6 and 1 intron over exon ratio were obtained as
relative average read frequencies of a combination of the 1.0x exon read frequencies with
0.08, 0.23, 0.6 and 1.0x the intron read frequencies. The transcript density represents the
combination of 1.0x exon read frequencies with 1.0x intron read frequency, reflecting the
theoretical situation where a transcript has been completely and uniformly sequenced only
once. Accumulation of these mixed read frequencies in a metagene-wise fashion aligned at
the designated loci results in the depicted exon, intron and mixture densities (Fig. S1A).
Chromatin state annotation. ENCODE ChIP-seq data was mapped to the hg20/hg38
(GRCh38) genome assembly (Human Genome Reference Consortium) using Bowtie 2.1.0
(28). Samtools (29) was used to quality filter SAM files, whereby alignments with MAPQ
smaller than 7 (-q 7) were skipped. These data were single-end reads yielding a shift between
the plus and the minus strand coverage. To obtain midpoint positions of the ChIP-seq
fragments, the read ends were shifted in the appropriate direction by half the average fragment
length as estimated by strand coverage cross-correlation. Next, ChIP-seq tracks were
summarized by the number of fragment midpoints in consecutive bins of 200 bp width. The
R/Bioconductor software package STAN (11) was used to learn a standard hidden Markov
model with multivariate, discrete emission function of independent Poisson-Log-Normal
distributions (one for each data track) using the Baum-Welch algorithm. 18 states were
chosen because this provided a high resolution of chromatin states without overfitting. Note
that model selection criteria like BIC or AIC do generally not apply in a genomic context
since their objective is predictive performance rather than interpretability and thus they
suggest an excessively high number of states. State labels (1_Low, 2_Weak_enhancers, etc.)
were provided by inspection of the state emission probabilities.
Transcription Unit (TU) annotation. Genome-wide coverage was calculated from TT-seq
fragment midpoints in consecutive 200 bp bins throughout the genome. Binning reduced the
number of uncovered positions within expressed transcripts and increased the sensitivity for
detection of lowly synthesized transcripts. A two-state hidden Markov model with a PoissonLog-Normal emission distribution was learned in order to segment the genome into
“transcribed” and “untranscribed” states, which yielded an initial prediction of 86,676 TUs. In
order to filter out spurious predictions, we defined a threshold for minimal expression (RPK)
based on TUs overlapping with annotated GRO-cap TSS (5). The threshold was optimized
based on the Jaccard-Index, which resulted in 39,811 TUs with a minimal RPK of 15.5 (Fig.
S4A). To further filter these, we required each TU to overlap with an annotated GRO-cap
TSS, an annotated GENCODE transcript (version 22), or that the TSS of the TU overlaps with
a prediction of an active promoter state (5_Weak_Promoter or 11_Strong_Promoter) or
enhancer state (2_Weak_Enhancer or 15_Strong_Enhancer) from our chromatin state
segmentation. 21,874 TUs were supported by at least one of these external data sets (Fig.
S4B). Subsequently, TUs start and end sites were refined to nucleotide precision by finding
borders of abrupt coverage increase or decrease between two consecutive segments in the two
200 bp bins located around the initially assigned start and stop sites via fitting a piecewise
constant curve to the coverage profiles (whole fragments) for both replicates using the
segmentation method from the R/Bioconductor package "tilingArray" (32).
Transcript sorting. We sorted each TU into one of the following seven classes: eRNA,
sincRNA, asRNA, conRNA, uaRNA, lincRNA and mRNA. First, TUs reciprocally
overlapping by at least 50% in the same strand a GENCODE annotation (version 22) were
classified as mRNAs and lincRNAs. Next, TUs located on the opposite strand of either a
mRNA or lincRNA were classified as asRNA – if the TSS was located > 1 kb downstream of
the sense TSS – as uaRNA if its TSS was located < 1 kb upstream of the sense TSS – and as
conRNA if its TSS was located < 1 kb downstream of the TSS. Each of the remaining TUs

did not overlap with GENCODE annotation and was classified into eRNA – if its TSS fell
into an enhancer state – or as sincRNA – if its TSS fell into a promoter states. This resulted in
19,219 non-ambiguously classified RNAs on which the rest of the analysis was focused.
Estimation of RNA synthesis rates and half-lives. For all 19,219 classified TUs isoformindependent exonic regions were determined using a model for constitutive exons (33). Read
counts for all features were calculated using HTSeq (31). To estimate rates of RNA synthesis
and degradation, we used a statistical model that describes the read counts kij for gene i in
sample j (TT-seq or (total cellular) RNA-seq samples) fragmented or total RNA-seq samples)
by gene-specific amounts of labeled and unlabeled RNA amounts αi, βi. The model also
includes a parameter Li for the length of the respective feature, scaling factors σj that account
for variations in sequencing depth, and cross-contamination rate εj that models the proportion
of unlabeled reads purified in the TT-seq sample. The expectation of the number of reads kij
was modeled as:
𝐸 𝑘!" = 𝐿! ∙ 𝜎! ∙ 𝛼! + 𝜖! 𝛽!
Note that εj is set to 1 for the (total cellular) RNA samples. Sequencing depth σj and crosscontamination rate εj were calculated using the spike-ins data, setting αi = 0 and βi = 1 for the
unlabeled spike-ins and setting αi = 1 and βi = 0 for the labeled spike-ins. The model was
fitted by maximum likelihood assuming negative binomial distribution with dispersion
parameters as calculated by DESeq2 (34). Having sequencing depth σj and crosscontamination rate εj estimated, the same model was applied to all TUs to provide estimates
of the labeled and unlabeled RNA amounts αi, βi. These in turn were converted into synthesis
and degradation rates (µi, λi) assuming first-order kinetics as in (35) using the following
equations:
𝜇!
𝛼! = ∙ 1 − 𝑒 !!! !
𝜆!
𝜇!
𝛼! + 𝛽! =
𝜆!
where t = 5 minutes. And therefore:
1
𝛽!
𝜆! 𝑡 = − ∙ 𝑙𝑜𝑔
t
𝛼! + 𝛽!
𝜇! (𝑡) = (𝛼! + 𝛽! ) ∙ 𝜆! 𝑡
Note that this approach is customized for TT-seq and introduces a conceptually new
interpretation of transcript stability because TT-seq involves the fragmentation of labeled
RNAs prior to the purification of their labeled parts. Labeling and modeling approaches that
were used so far quantify RNAs as newly synthesized despite the fact that they carry a nonnegligible part of pre-existing RNA. This is introducing a bias especially towards longer
genes given our short labeling pulse of 5 minutes. Thus this approach can be applied to
estimate the local synthesis and degradation rates at any genomic position. When applied to a
complete TU, it estimates the typical synthesis rate and half-life of nucleotide bonds within
the TU. We think this is necessary given the complexity of the human genes with regard to
the vast number of transcript isoforms and the elaborate nature of splicing events that all
influence the per gene estimation of synthesis and decay. Note that TT-seq data did not
exhibit the so-called labeling bias (Fig. S3C).
RNA structure and U1 motifs. The first 1000 nt from the RNA 5’-end (TSS) of each transcript
was divided into 100 nt bins, where two successive bins were shifted by 50 nt. The free
folding energy of each of these bins was calculated using RNAfold from the ViennaRNA

package (36) and the bin with the minimal free energy was selected for plotting as a measure
for the most stable local structure within the region (Fig. S8C). Predicted structured RNAs in
the human genome were selected from (37) and overlap with the TT-seq transcript annotation
and half-lives were plotted (Fig. S9B, C). To analyze RNAs for the occurrence of U1 motifs,
the 5’-most 1000 nt of each transcript were screened for occurrences of the consensus
sequence of the U1 binding site (GGUAAG) and for those of the 5’-splice site GGUGAG and
GUGAGU. Transcripts were then divided into ‘zero’ or ‘one or more’ occurrences and
transcript lengths and half-lives were plotted.
Detection and analysis of transcription termination sites (TTSs). Two replicate measurements
of the TT-seq sample were subjected to VST (variance stabilization transformation) to yield
approximately homoscedastic data (34, 38). Size factors for each replicate were calculated as
described (30) and used to correct for library size and sequencing depth variations. For each
gene, the genomic region for site determination (potential termination window, PTW) was set
from the last annotated pA site to the subsequent annotated TSS. PTWs exceeding 10 kb were
trimmed down to 10 kb. 7,658 genes were selected for TTS determination based on two
criteria, (i) the accumulated average coverage from whole fragments of the two replicates in
the first 50 bp of the PTW was at least 2.5, and (ii) the PTW contained a consecutive stretch
of at least 100 bp where no mapped fragment could be detected in both replicates. For each of
the 7,658 TUs, putative TTSs were estimated by finding borders of abrupt coverage drops of
at least 5-fold between consecutive segments via fitting a piecewise constant curve to the
coverage profiles (whole fragments) for both replicates using the segmentation method from
the R/Bioconductor package "tilingArray"(32). This yielded TTSs estimates for 6,977 TUs.
The ultimate TTS was set to be the border dividing two segments were the mean coverage
dropped to 0 at least 500 bp downstream of the last pA-site and could be derived for all 6,977
TUs. The putative strong TTS was set to be the border dividing two segments where the mean
coverage dropped with the maximum difference at least 500 bp downstream of the last pAsite and could be derived for all 5,113 TUs.
TTS sequence motifs. The mean melting temperature for each window of +/-100 bp around
the estimated TTSs was calculated as the gene-wise position based estimate of the melting
temperature of 8-base pair DNA-RNA hybrids (39). K-mer enrichment analysis was
performed comparing the frequency of all possible k-mers in a window of +/- 5 bp around the
estimated TTS for k = 3,…,9 against the background frequency of the respective k-mer
obtained from 10 different windows of the same size shifted 25 bp to 125 bp in steps of 10 bp
downstream, using Fisher’s exact test, yielding virtually the same consensus sequence as
enriched. Testing was also performed for fixed positions (Fig. S10E). K-mer enrichment
analysis was additionally performed comparing the frequency of all possible GC-containing
k-mers versus all possible AT-containing k-mers in a window of +/- 5 bp around the
estimated TTS as described above. The enriched sequence motif (C/G)(2-6)A followed by
(T/A)(3-6) is not found when the termination window length is scrambled (Fig. S14).
In vivo termination experiment. Control (AGTATCGAAGTCAGCAACTG), short/C3AN8T4
(AGTACCCAAGTCAGCATTTT) and long/C7AN8T4 (CCCCCCCAAGTCAGCATTTT)
sequences were inserted 4 times into the pCMV-GLuc 2 (NEB, Ipswich, MA, USA) plasmid
in the 585 bp region after the polyA site of the Gaussia luciferase gene and before the SV40
promoter of the neomycin resistance gene using PCR (see Table 1 for cloning primers). The
polyA site was removed in a similar fashion (Table 1). 2 µg plasmid were transfected into
1x106 K652 cells using the SF Cell line 4D-Nucleofector X kit and unit from Lonza (Basel,
Switzerland). RNA was isolated 4h post transfection using the RNeasy Plus Mini Kit (Qiagen,
Hilden, Germany), reverse-transcribed (Maxima, Thermo Scientific) and qPCR was
performed in technical triplicates using SYBR Select master mix (applied biosystems,
Carlsbad, CA, USA) and appropriate primers (see Table 2 for qPCR primers). Ct-values of the

termination read-through readout were normalized for transfection efficiency using the qPCR
readout assessing the luciferase transcript amount. Additionally, we controlled for a dayspecific effect apparent on the termination read-through readout by setting day-specific
control to 0 and normalizing respective values accordingly. Ct values were transformed to
absolute numbers by taking it to the power of 2.

Fig. S1. TT-seq maps entire transcripts. (A) Metagene analysis comparing TT-seq of 2,323
RNAs to different experimental methods and to theoretical exon, intron and mixture densities
(4). The theoretical densities depict 8% (RNA-seq), 23% (4sU-seq) and 60% (TT-seq) intron
coverage. Average coverage relative to the maximum in the first kb (left) is shown around the
first TSS (left), the 5’-splice site (SS) of an intron of at least 10 kb (first intron excluded,
middle), and the last pA site (right) for the sense (top panel) and antisense (bottom panel)
strand or relative to the maximum in the first kb from the 5’ SS (5’bias, top panel)(B)
Metagene analysis around the first TSS comparing TT-seq to different experimental methods
for 4,388 genes classified as Class II paused genes in (10) (left) and for the complementary set
of 7,535 non-paused genes (right).

Fig. S2. TT-seq enables uniform sampling of pre-mRNAs and detects ncRNAs with high
sensitivity. Coverage profiles of 2,500 most highly expressed mRNA transcripts aligned at the
TSS, sorted by length and merged by averaging into horizontal bins of 10 mRNAs each for all
measured samples with pooled replicates. The number of position-based read counts is colorcoded, ranging from high (dark color) to low (light color). Upper and lower panels represent
sense and antisense coverage, respectively.

Fig. S3. TT-seq is highly reproducible, and RNA fragmentation does neither alter total RNA
levels nor introduce a labeling bias. (A) Scatter plots comparing all measured samples in a
pairwise fashion (upper triangle) and corresponding Spearman correlation (lower triangle).
(B) Fragment size distributions for all measured samples. (C) Scatter plot comparing the
number of uridine residues in bins of 1.5 kb against the respective log-ratio of TT-seq versus
RNA-seq with fragmentation.

Fig. S4. Accurate annotation of transcripts based on TT-seq data using STAN (A) Jaccard
index (compared to GENCODE annotation) for different choices of thresholds (RPK, x-axis).
(B) Venn diagram showing the overlap of the predicted and filtered 21,874 TUs with external
data sets.

Fig. S5. Chromatin states and transcriptional activity of the corresponding genomic regions.
(A) Mean read counts for each chromatin mark and state (Txn, Transcription). (B) The
cumulative FDR is plotted against the recall for this study and ChromHMM-ENCODE. (C)
Fraction of recovered (overlap) GRO-cap TSSs in 4 different states (strong promoter, strong
enhancer, weak/flanking promoter and weak/flanking enhancer) in this study and in
ChromHMM-ENCODE. (D) Fraction of (promoter and enhancer) chromatin states bound by
Pol II and TAL1 are shown for the annotation in this study and the ENCODE ChromHMM
annotation.

Fig. S6. Annotation and lenghts of RNAs mapped by TT-seq. (A) Definition and color code
of seven transcript classes. (B) Number of transcripts in different classes (portions covered by
GENCODE hatched). (C) Distribution of transcript lengths.

Fig. S7. Estimated transcript synthesis rates, half-lives, and predicted RNA structure. (A)
Distribution of synthesis rates per transcript class. (B) Distribution of half-lives of different
transcript classes depending on whether they are predicted to be structured or not (+, -) (37).
(C) Distribution of the minimum free energy in the first 1000 nucleotides per transcript class.
(D) Distribution of percentage of structured RNA in different transcript classes.

Fig. S8. RNA sequence features. (A) Distribution of relative peak occupancies with factors
binding promoters (ENCODE, +/- 100 bp from TSS) for transcript classes. (B) Occurrence of
U1 signal in the first 1000 nt for different transcript classes. (C) Distribution of transcript
lengths in transcript classes depends on the presence of U1 signals in the first 1000 nt.

Fig. S9. Comparison of RNA synthesis downstream of the pA site in different RNA-seq
experiments. (A) Generic gene architecture. Genomic position of the first TSS is aligned at 0.
Last pA site is located at a distance of 5,000 bp from the first TSS for visualization purposes
instead of a median of 24,079 bp for 6,977 investigated genes. The subsequent first TSS is
depicted at a median distance of additional 5,000 bp from the last pA site. (B) RNA-seq
coverage fanned out over 0.05% - 0.95% quantile range, rescaled and aligned according to
schematic in (A) in logarithmic scale for 6,977 investigated genes. (C) RNA-seq with
fragmentation coverage as in (B). (D) 4sU-seq coverage as in (B). (E) TT-seq coverage as in
(B).

Fig. S10. Estimation of ultimate TTSs via segmentation of potential termination window. (A)
Schematic of generic gene architecture showing the last annotated pA site (GENCODE).
Genomic position of the last pA site is aligned at 0. The window for site determination is
extended to the subsequent first TSS or max. 10 kb. (B) Variance stabilization transformed
(VST) TT-seq coverage for two replicates (red, blue) at the ALDH1B1 gene loci. The black
line depicts the optimal stepwise linear function estimated via a segmentation algorithm, the
breakpoints are indicated by the dashed lines. (4). (C) Plot shows the same loci as in (B) for
non-VST normalized data. Dashed and solid arrows indicate putative and ultimate TTSs

resulting from the segmentation depicted in (B). (D) Distribution of estimated TTSs relative
to last pA site for 6,977 investigated genes. (E) Plot showing the top 35 enriched 4-mers
found by comparing the frequency of all possible 4-mers in a window of +/- 5 bp around the
estimated TTS for fixed positions. Testing was done via Fisher’s exact tests against the
(background) frequency of the respective 4-mer obtained from a window of the same size
shifted 30 bp downstream. The respective p-values and odd-ratios are given in the left and
right panel.

Fig. S11. Global detection and nature of TTSs inside the termination window. (A) Generic
gene architecture. Genomic position of the first TSS is aligned at 0. The last pA site is located
at a distance of 5,000 bp from TSS for visualization purposes for 5,113 investigated genes.
The estimated ultimate TTS is depicted at a median distance of 3,359 bp from the last pA site.
(B) TT-seq coverage fanned out over 0.05% - 0.95% quantiles, rescaled and aligned
according to (A) in log-scale for 5,113 investigated genes with the exception that the putative
strong TTS is used in a median distance of 1,593 bp from the last pA. (C) ChIP-exo Pol II
occupancy (23) as in (B). (D) (C/G)(2-6)A kmer count in the corresponding RNA sequence
rescaled and aligned according to schematic in (A). (E) (C/G)(2-6)A and (T/A)(3-6) kmer count
in the corresponding RNA sequence in a window of +/- 100 bp around estimated putative
strong TTS. (F) The mean melting temperature for a window of +/-100 bp around the
estimated putative strong TTS (4). (G) PWM logo representation of -9 to +2 bp of the
corresponding RNA sequence around the putative strong TTS (position 0).

Fig. S12. The derived TTSs coincide with sites of polymerase pausing. (A) Average PRO-seq,
mNET-seq and NET-seq signal is shown around the putative strong TTSs for 5,113
investigated genes relative to maximum. (B) (C/G)(2-6)A and (T/A)(3-6) kmer counts in the
corresponding RNA sequence underlying putative strong TTSs derived from PRO-seq,
mNET-seq and NET-seq for 14,060 investigated genes in a window of +/- 100 bp (the TTS
was set to be the position with the maximum number of 3’end read counts for all three
methods between the last pA site and the next annotated downstream feature). Lower panel
shows C(2-6)A, G(2-6)A, T(3-6) and A(3-6) kmer counts depicted analogously.

Fig. S13. Distribution of (C/G)(2-6)A kmers. (A) Generic gene architecture. The first TSS was
aligned at 0, the last pA site was set at a rescaled distance of 5,000 bp from TSS (real median
distance is 24,079 bp for 6,977 investigated genes) (4). The ultimate TTS is depicted at a
median distance of 3,359 bp from the last pA site (rescaled). (B) (C/G)(2-6)A kmer sequence
count rescaled and aligned as in (A).

Fig. S14. Supporting evidence for derived TTSs. (A) Schematic of generic gene architecture.
Genomic position of the first TSS is aligned at 0. The last pA site is located at a distance of
5,000 bp from the first TSS for visualization purposes instead of a median of 24,079 bp for
6,977 investigated genes. The estimated ultimate TTS is depicted at a median distance of
3,359 bp from the last pA site. (B) TT-seq coverage fanned out over 0.05% - 0.95% quantile
range rescaled and aligned according to schematic in (A) in logarithmic scale for 6,977
investigated genes with the exception that the estimated distances from the last pA to the
ultimate TTS are shuffled across all 6,977 genes. (C) ChIP-exo (Pol II) coverage (23) as in
(B). (D) (C/G)(2-6)A kmer count in the corresponding RNA sequence rescaled and aligned
according to schematic in (A). (E) (C/G)(2-6)A and (T/A)(3-6) kmer count in the corresponding
RNA sequence in a window of +/- 100 bp around estimated shuffled ultimate TTS. (F) The
mean melting temperature for a window of +/-100 bp around the estimated shuffled ultimate
TTS (4). (G) PWM logo representation of -9 to +2 bp of the corresponding RNA sequence
around the shuffled ultimate TTS (position 0).

Fig. S15. The 3’-end of eRNAs contains TTS motifs. (A) Plot showing the top 35 enriched 4mers found by comparing the frequency of all possible 4-mers in a window of +/- 5 bp around
the estimated TTS for fixed positions. Testing was done via Fisher’s exact tests against the
(background) frequency of the respective 4-mer obtained from a window of the same size
shifted 30 bp downstream. The respective p-values and odd-ratios are given in the left and
right panel. (B) (C/G)(2-6)A and (T/A)(3-6) kmer count in the corresponding RNA sequence in a
window of +/- 100 bp around estimated TTS. (C) The mean melting temperature for a
window of +/-100 bp around the estimated TTS (4). (D) PWM logo representation of -9 to 2
bp of the corresponding RNA sequence around the TTS.

Fig. S16. Experimental support for the functionality of the derived TTS motifs. (A) Schematic
of in vivo transcription assay to test the TTS motif. (B) Barplot showing the relative RNA
abundance (qPCR) downstream of four TTS motifs relative to a control sequence without and
with pA site.

Fig. S17. Distribution of hybrid stability at TTS. The mean melting temperature for each
window of +/-100 bp around the estimated TTSs was calculated as the gene-wise position
based estimate of the melting temperature of 8-base pair DNA-RNA hybrids

Table S1: primers used for cloning
Name:

Sequence (5’-3’):

5’ phosphorylation:

Insert 1
control
forward

AGTATCGAAGTCAGCAACTGgcggtgggctctatggctt

yes

Insert 2
control
forward

AGTATCGAAGTCAGCAACTGcccgctcctttcgctttcttcc

yes

Insert 3
control
forward

AGTATCGAAGTCAGCAACTGcttgattagggtgatggttcacgtagtg

yes

Insert 4
control
forward

AGTATCGAAGTCAGCAACTGttataagggattttggggatttcggc

yes

Insert 1
C3AN8T4
forward

AGTACCCAAGTCAGCATTTTgcggtgggctctatggctt

yes

Insert 2
C3AN8T4
forward

AGTACCCAAGTCAGCATTTTcccgctcctttcgctttcttcc

yes

Insert 3
C3AN8T4
forward

AGTACCCAAGTCAGCATTTTcttgattagggtgatggttcacgtagtg

yes

Insert 4
C3AN8T4
forward

AGTACCCAAGTCAGCATTTTttataagggattttggggatttcggc

yes

Insert 1
C7AN8T4
forward

CCCCCCCAAGTCAGCATTTTgcggtgggctctatggctt

yes

Insert 2
C7AN8T4
forward

CCCCCCCAAGTCAGCATTTTcccgctcctttcgctttcttcc

yes

Insert 3
C7AN8T4
forward

CCCCCCCAAGTCAGCATTTTcttgattagggtgatggttcacgtagtg

yes

Insert 4
C7AN8T4
forward

CCCCCCCAAGTCAGCATTTTttataagggattttggggatttcggc

yes

Insert 1
reverse

tccccagcatgcctgctattg

no

Insert 2
reverse

cgctagggcgctggcaag

no

Insert 3
reverse

tcgaggtgccgtaaagcactaaatc

no

Insert 4
reverse

atcaaaagaatagaccgagatagggttgag

no

Remove
pA
forward

ttcttactgtcatgccaagtaagatgctt

yes

Remove
pA reverse

gcggccgcttagtcacca

no

Table S2: primers used for qPCR analysis
Name:

Sequence (5’-3’):

Transfection efficiency readout forward

CCTCAAAGGGCTTGCCAACG

Transfection efficiency readout reverse

CCTTGATCTTGTCCACCTGGC

Termination read-through readout forward

GTGGAATGTGTGTCAGTTAGGGTG

Termination read-through readout reverse

GACTTTCCACACCTGGTTGCT

Table S3: Ct-values from qPCR experiments
Transfection efficiency primers –
Ct values, technical replicates
Samples

1

2

3

pA_Control_A

12.86

12.66

pA_Control_B

12.8

pA_Control_C

4

Termination read-through primers Ct values, technical replicates
1

2

3

4

13.11

17.07

17.1

17.04

12.56

12.69

17.27

17.32

17.03

14.08

14.12

14.1

20.66

20.7

20.81

pA_ C3AN8T4_A

13.07

13.21

13.34

18.05

18.21

18.17

pA_ C3AN8T4_B

13.15

13.02

13.09

17.79

17.67

17.93

pA_ C3AN8T4_C

14.33

14.28

14.35

21.37

21.37

21.44

pA_ C7AN8T4_A

13.05

13.04

13.27

17.55

17.85

17.89

pA_ C7AN8T4_B

13.33

13.42

13.36

18.39

18.28

18.33

pA_ C7AN8T4_C

12.36

12.52

12.47

20.2

20.32

20.39

no_pA_Control1_A

11.73

12.38

12.31

12.45

13.04

13.4

13.27

13.31

no_pA_Control1_B

11.64

12.53

12.32

12.26

12.92

13.23

13.34

13.77

no_pA_Control2_A

13.4

13.79

14.67

14.93

no_pA_ C3AN8T4_1_A

11.69

12.41

12.33

12.27

13.03

13.23

13.8

13.36

no_pA_ C3AN8T4_1_B

12.01

12.64

12.6

12.69

13.02

13.27

13.3

13.46

no_pA_ C3AN8T4_2_A

13.11

13.11

14.24

14.02

no_pA_ C7AN8T4 1_A

11.94

12.63

12.62

12.76

13.37

13.89

13.8

13.84

no_pA_ C7AN8T4 1_B

11.62

12.51

12.46

12.51

12.93

13.41

13.28

13.7

no_pA_ C7AN8T4 2_A

13.78

13.59

14.68

14.48

Table S4: normalized values from qPCR experiment:
normalized qPCR values - technical replicates
Samples

1

2

3

4

pA_Control_A

1

0.979

1.021

NA

pA_Control_B

0.957

0.924

1.13

NA

pA_Control_C

1.045

1.016

0.942

NA

pA_ C3AN8T4_A

0.637

0.57

0.586

NA

pA_ C3AN8T4_B

0.883

0.959

0.801

NA

pA_ C3AN8T4_C

0.744

0.744

0.709

NA

pA_ C7AN8T4_A

0.849

0.689

0.671

NA

pA_ C7AN8T4_B

0.709

0.765

0.739

NA

pA_ C7AN8T4_C

0.458

0.421

0.401

NA

no_pA_Control1_A

1.161

0.904

0.99

0.963

no_pA_Control1_B

1.315

1.061

0.983

0.73

no_pA_Control2_A

1.094

0.914

NA

NA

no_pA_ C3AN8T4_1_A

1.135

0.988

0.665

0.903

no_pA_ C3AN8T4_1_B

1.508

1.268

1.242

1.111

no_pA_ C3AN8T4_2_A

1.053

1.227

NA

NA

no_pA_ C7AN8T4 1_A

1.113

0.776

0.826

0.804

no_pA_ C7AN8T4 1_B

1.388

0.995

1.089

0.814

no_pA_ C7AN8T4 2_A

1.157

1.329

NA

NA
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