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Results

A new machine learning tool for the discovery of TIRs

We recently introduced a machine learning tool for the detection of regulatory elements using
GRO-seq and other run-on and sequencing assays (dREG) (Danko et al. 2015). Here we introduce a new
implementation of dREG which makes several important optimizations to identify regulatory elements
with improved sensitivity and specificity using the multiscale feature vector introduced in dREG. We
implemented dREG on a general purpose graphical processing unit (GPU) using Rgtsvm (Wang et al.
2017). Our GPU implementation decreased run-times by >100-fold, allowing analysis of datasets which
took 30-40 hours using 32 threads in the CPU-based version of dREG to be run in under an hour.

We used the speed of our GPU-based implementation to train a new support vector regression
(SVR) model that improved dREG accuracy. We trained dREG using 3.3 million sites obtained from five
independent PRO-seq or GRO-seq experiments in K562 cells (Supplemental Fig. S1 and Supplemental
Table S1). To improve the accuracy of dREG predictions in the unbalanced setting typical for genomic
data, where negative examples greatly outnumber positive examples, dREG was trained on a dataset
where bona-fide positive TREs represent just 3% of the training data. Together these improvements in
the composition and size of the training set increased the area under the precision-recall curve by 70%
compared with the original dREG model when evaluated on two datasets that were held-out during
training (Supplemental Fig. S2).

We developed a novel strategy to identify regions enriched for dREG signal, which we call
transcription initiation regions (TIRs), and filter these based on statistical confidence (see Methods; Fig.
1A and Supplemental Fig. S3). We estimate the probability that dREG scores were drawn from the
negative class of sites (i.e., non-TREs) by modelling dREG scores using the Laplace distribution. The
Laplace distribution was used to model SVR scores previously (Lin and Weng 2004), and fits dREG scores
in negative sites reasonably well (Supplemental Fig. S4). To improve our statistical power to identify
bona-fide regulatory elements, we merge nearby candidate sites into non-overlapping genomic
intervals, or candidate TIRs, each of which contains approximately one divergently oriented pair of
paused RNA polymerases (Core et al. 2014; Scruggs et al. 2015). We compute the joint probability that
five positions within each TIR are all drawn from the negative (non-regulatory element) training set
using the covariance between adjacently positioned dREG scores (see Methods). This novel peak calling
strategy provides a principled way to filter the location of TIRs based on SVR scores estimated using
dREG.

Comparison to orthogonal genomic data

To evaluate the performance of dREG in real-world examples we analyzed two datasets, PRO-
seq in K562 and GRO-seq in GM12878, that were held out during model training. Holdouts were
selected because they cover a range of library sequencing depths and a new cell type that together
allowed us to determine whether the dREG model generalized to additional datasets. dREG predicted
34,677 and 71,131 TIRs in K562 and GM12878, respectively. dREG recovered the location of the majority
of regulatory elements defined using orthogonal strategies at an estimated 5% false discovery rate:
81.3% or 96.1% of DNase-I hypersensitive sites (DHSs) marked by transcription (using PRO-cap pairs) and
58.4% or 71.8% of DHSs marked by the acetylation of histone 3 lysine 27 (H3K27ac) (Fig. 1B). Sensitivity
for both PRO-cap and H3K27ac-DHSs was >2-fold higher for dREG than for the elegant model-based Tfit
program (Azofeifa and Dowell 2016) when run on the same data. Transcription initiation regions display
a range in the efficiency of initiation on the two strands (Scruggs et al. 2015; Duttke et al. 2015), and
dREG was able to identify the location of both uni- and bi-directional transcription initiation sites
(Supplemental Fig. S5).
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chromatin accessibility, we trained a logistic regression model to predict whether TIRs discovered using
dREG intersect a DHS. Transcription factor binding alone predicted the presence of DHSs better than
using the dREG score in a matched set of holdout sites (ROC= 0.88 [TF binding], ROC= 0.75 [dREG score],
Supplemental Fig. S10). Thus specific transcription factors were predictive of which TIRs lacked nuclease
hypersensitivity.

To identify transcription factors that contribute to this signal, we computed the ratio of binding
sites that were found using dREG but not DNase-l-seq, to those that were found using both assays
(referred to as dREG+DHS-/dREG+DHS+). As expected, only a small fraction of most transcription factors
were bound without creating a DHS (Fig. 3B). However, different transcription factors exhibited a broad
range of binding in dREG+DHS- sites. The highest scoring transcription factors were RPC1155 and BRF2
(ratio of dREG+DHS-/dREG+DHS+ = 0.37 and 0.29, respectively), which encode the catalytic core of RNA
Polymerase (Pol) Ill and a Pol Il initiation factor. Thus, Pol Ill promoters were often not sufficiently
exposed to the DNase-l enzyme to be detected in DNase-lI-seq data. Members of the core Pol I
transcriptional machinery were also represented as outliers (CHD1, POLR2A, and TAF7) consistent with
some Pol Il promoters being inaccessible as well. Many of the other transcription factors enriched in the
dREG only class were associated with heterochromatin (KAP1, ZNF274, and EZH2), consistent with the
lower amount of transcription that distinguishes sites without DHSs (Fig. 2A).

Several sequence specific transcription factors were also observed to have a high fraction of
sites that were dREG+DHS-. For example, CEBPB, NFYB, GATA2, and SPI1 had a relatively high fraction of
binding sites outside of DHSs. Intriguingly, the subset of DHS+ and DHS- binding sites for these four
transcription factors had distinct profiles in the flanking chromatin. All four transcription factors were
enriched for increased MNase-seq read density centered on the binding site and spanning a region
approximately 300 bp in DHS- sites (Fig. 3C), suggesting systematic differences in the chromatin
environment in these regions. By contrast, binding sites for MAZ and ZNF143, which exhibited a low
fraction of binding sites outside of DHSs, did not show as promanant of an increase in MNase-seq signal
in DHS- binding sites (Fig 3C). Transcription factors also showed differences in their enrichment of
histone post-translational modifications. NFYB exhibited no enrichment of active histone modifications
in DHS- binding sites, but was flanked on both sides by high levels of H3K27me3 (Fig. 3C). GATA2, SPI1,
and CEBPB binding sites were enriched for marks of both active and repressive chromatin, with a narrow
enrichment of H3K27me3 signal localized at the putative binding site (Fig. 3C). Likewise, histone
modification ChlIP-seq in DHS- regions notably lacked the dip in the center of TIRs characteristic of a
nucleosome depleted region. Thus, in some cases regulatory elements discovered by dREG, but not by
DNase-l-seq, appear to reflect binding of strong transcriptional activators that do not meet the current
description of a regulatory element.

Taken together, these results suggest that dREG identified thousands of TIRs that were not
discovered using DNase-I-seq data, but which were reproducibly associated with specific transcription
factors. These observations may reflect transcription factor binding events that tolerate deviations from
the core TRE architecture, preventing their discovery using more widely applied molecular tools.
Collectively these observations suggest that no molecular assay has fully saturated the repertoire of
active regulatory elements, even in well studied cell types like K562.

Web server provides access to dREG

We developed a web interface for users to run dREG on their own PRO-seq, GRO-seq, or ChRO-
seq data. Users upload PRO-seq data as two bigWig files representing raw counts mapped to the plus
and minus strand. A typical run takes ~4-12 hours depending on server usage. Users are required to
register for an account, which keeps track of previous jobs. Once dREG completes successfully, users can
download dREG peak calls and raw signal. Additionally the dREG web interface provides a link to
visualize input PRO-seq data, dREG signal, and dREG peak calls as a private track hub on the WashU
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Epigenome Browser. dREG is available on the Extreme Science and Engineering Discovery Environment
(XSEDE) as a science gateway (Gesing and Lawrence; Knepper et al. 2017) and is implemented using the
Airavata middleware (Marru et al. 2011; Pierce et al. 2015). The dREG science gateway is available at

https://dreg.dnasequence.org/.
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Figure 3. dREG TIRs were reproducibly associated with specific transcription factor binding. (A) Plot
shows the number of elements discovered using dREG, but not found in DNase-I hypersensitivity or H3K27ac
ChlIP-seq (Y-axis) for PRO-seq datasets in K562 and GM12878 cells. The color denotes other functional marks
intersecting sites discovered only using dREG. (B) Histogram representing the fraction of binding sites for 100
transcription factors supported by a dREG TIR that was not also discovered in DNase-| hypersensitivity data (i.e.,
dREG+ DHS- / dREG+ DHS+). Several of the outliers are shown. The color denotes whether the factor is a
member of the Pol Il pre initiation complex (green), Pol Il preinitiation complex (red), associated with H3K9me3
or H3K27me3 heterochromatin (purple), or is a sequence specific transcription factor (blue). (C) Metaplots show
the raw signal of DNase-l hypersensitivity, MNase-seq, and ChlP-seq for H3K4me1, H3K4me3, H3K27ac, and
H3K27me3 for six transcription factors, including MAZ, ZNF143, GATA2, SPI1, NFYB, and CEBPB. Signals are
shown for dAREG+DHS- (green) and dREG+DHS+ (purple) sites.
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