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SUMMARY

Large-scale inference of eukaryotic transcription-regulatory networks remains challenging. One
underlying reason is that existing algorithms typically ignore crucial regulatory mechanisms, such
as RNA degradation and post-transcriptional processing. Here, we describe InfereCLaDR, which
incorporates such elements and advances prediction in Saccharomyces cerevisiae. First,
InfereCLaDR employs a high-quality Gold Standard dataset that we use separately as prior
information and for model validation. Second, InfereCLaDR explicitly models transcription factor
activity and RNA half-lives. Third, it introduces expression subspaces to derive condition-
responsive regulatory networks for every gene. InfereCLaDR’s final network is validated by
known data and trends and results in multiple insights. For example, it predicts long half-lives for
transcripts of the nucleic acid metabolism genes and members of the cytosolic chaperonin
complex as targets of the proteasome regulator Rpn4p. InfereCLaDR demonstrates that more
biophysically realistic modeling of regulatory networks advances prediction accuracy both in
eukaryotes and prokaryotes.
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Graphical abstract

In Brief: This work demonstrates that extending the biophysical accuracy of the assumed model of
transcriptional regulation improves large-scale regulatory network inference. As a proof of
concept, Tchourine et al. show that incorporating RNA degradation into the model results in better
network recovery while simultaneously predicting accurate RNA degradation rates.
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INTRODUCTION

Inference of large-scale transcription regulatory networks is an active research area with
many broad applications. Network inference typically assumes that changes in RNA
expression levels inform of regulatory relationships between transcription factors (TFs) and
their target genes. ldeally, orthogonal data on protein-protein and protein-DNA interactions,
such as protein binding assays (Valouev et al., 2008; Mundade et al., 2014), DNA
accessibility assays (Davie et al., 2015), and motif enrichment analysis (Setty and Leslie,
2015; Guo et al., 2012), com plement these expression data. Various machine learning
approaches are then used to infer the network. The approaches have multiple levels of
complexity, ranging from Boolean networks and network module approaches (Shmulevich et
al., 2002; Lahdesmaki et al., 2003; Segal et al., 2003; Pe’er et al., 2001) to approaches that
explicitly or implicitly model dynamics, TF interactions, and activity (Honkela et al., 2010;
Aijo et al., 2013; Intosalmi et al., 2016; Studham et al., 2014).

Recent comprehensive, blind assessments of various network inference approaches
concluded that inference in eukaryotes is systematically more challenging than in
prokaryotes, with nearly random performance in yeast (Marbach et al., 2012). Other recent
studies showed that results from incorporating prior interaction data also dramatically differ
between prokaryotes and eu-karyotes, and performance in yeast remained poor (Greenfield
et al., 2013; Wilkins et al., 2016; Siahpirani and Roy, 2016; Aijo and Bonneau, 2016). This
discrepancy is likely due to increased complexity of eukaryotic transcriptional regulation,
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but most existing inference methods, such as those based on random forest (Huynh-Thu et
al., 2010; Petralia et al., 2015), cannot directly incorporate new parameters.

The Inferelator is a method based on constrained regression (Bonneau et al., 2006;
Greenfield et al., 2013; Arrieta-Ortiz et al., 2015). In contrast to other large-scale inference
methods, it allows explicit modeling of biophysical processes via differential equations (see
Inferelator Implementation in the Experimental Procedures). We and others have shown that
inference of transcription- and translation-related parameters via ordinary differential
equations produces robust genome-wide models in various organisms (Tchourine et al.,
2014; Schwanhausser et al., 2013; Peshkin et al., 2015). Importantly, the differential
equations also allow for incorporation of additional regulatory parameters.

One such crucial regulatory component is RNA degradation. For yeast, experimental data
highlight the large range in RNA half-lives and their extensive changes across different
conditions and genetic backgrounds (Miller et al., 2011; Schwalb et al., 2012; Sun et al.,
2012; Neymotin et al., 2014; Munchel et al., 2011). In addition, high correlation between
degradation and transcription rates across mutant strains suggests extensive feedback
between the two processes, controlled by factors such as XRN1 (Sun et al., 2013). Because
expression regulation also depends on external conditions, networks are remodeled in a
condition-specific manner (Lehtinen et al., 2013; Shivaswamy and lyer, 2008) and can be
captured in a low-dimensional space of expression clusters that correspond to different
biological function that are highly utilized under those conditions (Hart et al., 2015).

These findings render the inclusion of RNA half-lives into condition-specific modeling of
transcription regulation critical. Here we developed InfereCLaDR, an inference framework
derived from the Inferelator, with the addition of expression sub-space clustering and
explicit modeling of RNA degradation rates. InfereCLaDR infers the RNA degradation rate
for every gene and condition cluster in the expression data by optimizing the cluster’s
network inference accuracy and then combines the networks derived using optimized RNA
half-lives. InfereCLaDR also uses a high-quality Gold Standard (GS) data-set we created.
We showed that InfereCLaDR not only improved inference but also resulted in accurate
condition-and gene-specific RNA half-life predictions. The final, combined network
produced by InfereCLaDR has an area under the precision-recall curve (AUPR) of 0.33,
which is far larger than other existing approaches in yeast, providing insights into various
regulatory mechanisms. InferCLaDR is generalizable, as demonstrated by estimation of
global RNA half-lives in other systems, such as Bacillus subtilis, and provides the first proof
of concept that explicitly accounting for RNA degradation is necessary for accurate
regulatory network inference from large and heterogeneous datasets.

Curation and Assembly of Comprehensive Datasets for High-Quality Network Inference

To develop InfereCLaDR, we leveraged the information available for baker’s yeast across a
broad range of experimental conditions. We first assembled a list of 563 potential TFs from
various sources, a Gold Standard of interactions, and an RNA expression dataset (see Data
Acquisition and Normalization and Curation of the Gold Standard of Regulatory Interactions
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in the Experimental Procedures). The expression data originated from 119 labs and diverse
experimental conditions but used the same transcriptomics platform throughout. With 5,716
genes and 2,577 samples (Figure 1C), it is one of the largest expression datasets used for
network inference in yeast (Marbach et al., 2012; Danziger et al., 2014; Petralia et al., 2015;
Siahpirani and Roy, 2016).

We developed a new Gold Standard of regulatory interactions that combines multiple types
of regulatory evidence from several databases (Table S1). It includes 1,403 signed
interactions that distinguish between activation and repression, which is important for
accurate calculation of TF activities (TFAS) (Arrieta-Ortiz et al., 2015). Although the Gold
Standard represents only a fraction of all potential regulatory interactions in yeast, it is
highly enriched in true positives: each interaction is confirmed by at least three orthogonal
sources, one of which is direct (e.g., chromatin immunoprecipitation with DNA microarray
[ChIP-chip]) and two are indirect (e.g., based on TF knockout expression changes). Further,
Figures 3A and S3 show that a small, high-quality gold standard provides more self-
consistent regulatory networks than larger and lower-quality reference sets, such as those
commonly used (Maclsaac et al., 2006; Marbach et al., 2012; Ma et al., 2014; Petralia et al.,
2015; Siahpirani and Roy, 2016).

InfereCLaDR Accurately Estimates RNA Degradation Rates for Condition and Gene

Clusters

To assess whether network prediction is, in general, sensitive to RNA degradation rates, we
first tested the original Inferelator on the entire dataset for a range of preset half-lives.
Indeed, prediction was sensitive to RNA half-lives and affected the AUPR. The AUPR was
maximized for an RNA half-life of 20 to 50 min (Figure 1A; Figures SIA-S1D).
Intriguingly, this range is highly consistent with experimental measurements (Miller et al.,
2011; Neymotin et al., 2014; Munchel et al., 2011).

To demonstrate that network inference is sensitive to transcript stability across organisms,
we also estimated the optimal half-life for B. subtilis (Figures 1B and S1B), predicting 6-13
min as the optimal half-life. Again, this range is similar to experimentally measured RNA
half-lives of < 7 min for about 80% of the transcripts (Hambraeus et al., 2003). These
results, derived entirely from changes in RNA expression, encouraged the inclusion of RNA
half-life in network prediction.

Because the data used in our work span a variety of conditions, we extended RNA half-life
optimization and network inference to 20 bi-clusters consisting of four condition and five
gene clusters (Figures S1E and S1G; Expression Data Clustering in the Experimental
Procedures). This simultaneous clustering of genes and conditions with the subsequent
optimization of RNA half-lives comprises the core of the InfereCLaDR. To maximize the
accuracy of RNA half-life predictions, we used the Split A approach (Figure S2), which
makes use of connectivity information from the entire gold standard. In the Split A
approach, we use the entire gold standard for training TFAs and half-life fitting but exclude
the validation step. For most bi-clusters, the AUPR trajectory peaked inside a narrow range
of half-lives (Figure S4), and the median half-lives for each bi-cluster are summarized in
Figure 1D. For some bi-clusters, especially in the “fermentation” cluster, the AUPR
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trajectory did not peak at a specific half-life, indicating that accurate regulatory network
modeling is not contingent on RNA degradation in these regimes. We excluded the RNA
half-life predictions made in the fermentation cluster from the following analyses.

To validate the newly predicted RNA degradation rates, we compared them with measured
RNA half-lives. Note that our approach predicted bi-cluster and not gene-specific RNA half-
lives, therefore preventing direct gene-wise comparison with experimental measurements
(see RNA Half-Life Estimation in the Experimental Procedures; Figure S11). Therefore, we
tested whether predicted RNA degradation rates for condition and gene clusters that are
significantly different from the norm are similarly different for distributions of
experimentally measured RNA half-lives across the genes in the corresponding clusters.
Figure 2 shows that this is indeed the case; e.g., when comparing all genes under minimally
perturbed conditions (Figures 2A and 2E) with all genes under “transcription inhibition”
conditions (Figures 2D and 2H). The predicted increase in RNA stability under
transcriptional inhibition conditions (Wilcoxon p < 1 x 10719) is corroborated by the fact
that experimental designs that used transcription inhibition to measure RNA decay rates
vastly overestimated true RNA half-lives (Neymotin et al., 2014). In another example,
ribosomal MRNAs are known to be more stable than other transcripts under normal
conditions (Neymotin et al., 2014; Munchel et al., 2011). Indeed, the predicted half-life for
the 115 ribosomal genes in the “translation” gene cluster was signifycantly higher than that
of other genes (Figure 2C; Wilcoxon p < 4 x 1073; see RNA Half-Life Estimation in the
Experimental Procedures), confirming our approach.

InfereCLaDR’s half-life optimization also revealed new trends across bi-clusters. Most
prominently, “nucleic acid metabolism” genes under the “chemostat” and “log phase”
conditions showed very high RNA half-lives (Figures 1D and 2B; Wilcoxon p < 0.02).
Genes in this cluster function in nucleobase-containing small-molecule metabolism
(NCSM), a category of genes that has not been noted for increased RNA half-lives in
existing literature. We extracted the 207 NCSM genes from experimental RNA half-life
measurements (Neymotin et al., 2014) and confirmed that, in line with the InferCLaDR
predictions, the NCSM mRNAs were significantly more stable than all transcripts (Figure
2F; Wilcoxon p < 5 x 10719), The increase in RNA half-lives for both the translation and
nucleic acid metabolism gene categories under normal conditions, as well as the global
increase in RNA half-lives under the transcription inhibition conditions, was also confirmed
when area under the receiver operating characteristic curve (AUROC) was used as an
alternative measure for half-life fitting (Figure S1H), as well as by correlation analysis
(Figure S1I; rg=0.7). These examples support our confidence in accurate predictions of
RNA half-lives within the InfereCLaDR framework.

InfereCLaDR Improves Network Inference by Recovering Condition-Specific Interactions

Next we tested whether rank-combining the bi-cluster-specific networks improves prediction
accuracy. To avoid circularity, we used non-overlapping, randomly chosen subsets of the
gold standard to train the model, fit RNA half-lives for individual bi-clusters, and validate
the predictions (Figure S2, Split B). We repeated the procedure for each of the 20 re-samples
(the choice of 20 is unrelated to the number of bi-clusters, which is also 20), and compared
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InfereCLaDR with other methods (Figure 3A; Table 1). We calculated the AUPR on the
respective validation subset of the gold standard, using the single value of half-life optimized
on the corresponding fitting subset of the gold standard. RNA Half-Life Estimation in the
Experimental Procedures details this method.

The two algorithmic modifications of the InfereCLaDR (bi-cluster-specific network
inference and RNA half-life optimization) improve accuracy significantly over inference
without these advances (p < 0.05; Figures 3A and S1F; Tables 1 and S2). In total, 115 of 120
pairwise comparisons resulted in larger AUPRs when these modifications were used
together and separately (Table 1), showing that half-life estimation and bi-clustering result in
significantly improved network inference and that combining the two significantly improves
inference further. The final AUPR value of 0.33 represents an almost 8-fold increase
compared with Genie3 (Table 1), the best-performing method in a recent competition
(Marbach et al., 2012). Using AUROC yielded a similar outcome (Figure S1; Table S2).
Sub-Sampling the Gold Standard for RNA Half-Life Fitting and Error Estimation in the
Experimental Procedures and the Supplemental Experimental Procedures provide further
details.

To maximize the size and accuracy of the final integrated network, we repeated the whole
procedure with the Split A approach (Figure S2). At 50% precision, this final network
contained a total of 2,924 interactions (Figure 4; Data S1), 1,462 of which were “new”; i.e.,
absent from the Gold Standard. Of these 1,462 interactions, 631 (43%) were validated by
independent data that had been excluded from the modeling (Figure 3B). The high fraction
of independently confirmed interactions suggests that the remaining 831 new interactions are
also strongly enriched in true positives.

Next we compared InfereCLaDR with original Inferelator predictions. We focused on three
categories of interactions: those that were predicted by InfereCLaDR but not the Inferelator
(“gained™), those that were predicted by both InfereCLaDR and the Inferelator
(“conserved”), and those that were not predicted by InfereCLaDR but were by the
Inferelator (“removed”) (Figure 3C). Conserved interactions correlated in rank; i.e., both
approaches had similar confidence in accuracy of these predictions. InfereCLaDR predicted
more interactions than Inferelator, both outside of the Gold Standard (Figures 3B and S61-
S6K) and in total; the number of gained interactions was much larger than that of removed
ones (Figure 3C). Notably, this increase was not due to overfitting or error because
orthogonal support for the gained interactions also increased in InfereCLaDR compared with
the original approach (Figure 3D). These lines of evidence suggest that bi-clustering and
RNA half-life fitting implemented in InfereCLaDR resulted in hundreds of new high-quality
interactions and also removed many false positives.

One of InfereCLaDR’s major strengths lies in recovering condition-specific regulatory
interactions. For example, most of the gained interactions passed the precision = 0.5 cutoff
(Supplemental Experimental Procedures) in only one or two condition clusters; i.e., they
were highly condition-specific. In contrast, most conserved interactions were above
threshold in 3 or 4 condition clusters; i.e., they were more general (Figure 3E). We examined
these gained interactions more closely to determine which bi-clusters accounted for new
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predictions (Figure 3F). Consistent with our expectations, gained interactions occurred
frequently among NCSM metabolism genes in the chemostat cluster, which uses one of the
longest RNA half-lives (Figures 1D, 2F, and S4). Similarly, gained interactions involved
target genes from protein catabolism and cell wall biogenesis when predicted under
perturbed conditions but not under normal conditions; e.g., during log phase growth (Figure
3F), confirming predicted transcript stabilization for these genes under perturbed conditions
(Figures 1D and S4). In comparison, other gained interactions occurred in bi-clusters with
short RNA half-lives; i.e., for protein catabolism genes and cell wall biogenesis genes in the
chemostat cluster, confirming that InfereCLaDR also captured condition-specific network
rewiring events that were independent of RNA half-life changes. In sum, InfereCLaDR not
only outperformed Inferelator and other methods in terms of accuracy of newly gained
interactions but did so by recovering interactions that only appear under specific conditions,
under which RNA half-lives typically deviated from the norm.

New Predictions Are Corroborated by Literature

To illustrate the value of new interactions, we list the top new targets of highly and medium-
connected TFs (Tables 2 and S3). Importantly, many of the predictions are validated by
independent datasets (Tables 2 and S3) and function annotation. For example, Sfplpisa
known regulator of ribosomal protein genes (Marion et al., 2004; Cipollina et al., 2008; Reja
et al., 2015), and all of its top predicted targets are ribosomal subunits and are supported
independently (Table S3). Rpn4p is known to activate proteasome expression (Karpov et al.,
2008a, 2008b), and, indeed, most of its predicted targets of activation are proteasomal genes,
consistent with known biology.

In contrast, InfereCLaDR also predicted that Rpn4p activates the expression of four
previously unknown targets, CCT72, CCT3, CCT4, and CCT8, which are not part of the
proteasome but subunits of the cytosolic chaperonin Cct ring complex and are required for
actin and tubulin function (Chen et al., 1994; Vinh and Drubin, 1994). These four
interactions were largely absent from the existing databases listed in Table S1, and
InfereCLaDR detected them in a subset of regulatory regimes (Data S1). We found
additional evidence that supports the validity of the prediction. Rpn4p is known to bind the
proteasome-associated control element (PACE; 5 -GGTGGCAAA-3"; Mannhaupt et al.,
1999) and also regulates proteasome assembly chaperones through binding to a smaller
region, 5"-(A/G)GTGGC-3, known as the PACE core region (Shirozu et al., 2015).
Examining the promoter region of the CCT genes, all four contained the PACE core element
(Supplemental Experimental Procedures). These interactions were specific to the
transcription inhibition and fermentation clusters (Figure 4; Supplemental Notes), explaining
why they were undetected in previous studies, which typically excluded the condition-
specific regulatory regimes tested here.

Of the 100 new interactions in Table S3, 13 were absent from the orthogonal validation
datasets discussed above. We examined some of these interactions further and found
evidence supporting their validity. For example, Hsflp is a key regulator of diverse stresses
and monitors the cell’s translation status by interacting with the ribosome quality control
(RQC) complex (Brandman et al., 2012). InfereCLaDR predicts that Hsf1p acti vates LSB1
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and SAF1 in a condition-specific manner (Figure 4, transcription inhibition cluster). SAF1
has four other transcription regulators (Burép, Med6p, Spt10p, and Sua7p), which are all,
similarly to Hsflp, detected under various stresses, especially heat shock (Mendiratta et al.,
2006; Venters et al., 2011), suggesting that Hsf1p could also be a member of the heat shock
regulators of SAFL In comparison, Lsb1p controls actin assembly and prion modulation in
yeast (Ali et al., 2014) and has not been reported as a target of Hsf1p. Several recent studies
have linked Hsflp to actin assembly. Yeast deficient in the RQC-Hsf1 regulatory system has
altered actin cytoskeletal structures (Yang et al., 2016), overexpressing HSF1 in worms
increases actin cytoskeleton integrity and lifespan (Baird et al., 2014), and active Hsflp
affects the actin cytoskeleton in mammalian cells (Toma-Jonik et al., 2015). Therefore, it is
tempting to hypothesize that LSB1 is the missing link by which Hsflp affects actin skeleton
assembly. The Supplemental Notes outline additional examples that validate InfereCLaDR’s
new predictions, including condition-specific interactions and combinatorial regulation of
gene categories, which we summarize in Figure 4. In sum, InfereCLaDR predicted hundreds
of novel high-confidence interactions in yeast that are consistent with previously known
roles of the regulators and suggest new regulatory relationships.

DISCUSSION

We present InfereCLaDR, a network inference framework with several conceptual advances
over existing methods (Greenfield et al., 2013; Arrieta-Ortiz et al., 2015; Ciofani et al.,
2012), demonstrating, for the first time, that biophysically relevant models that incorporate
RNA degradation improve large-scale network prediction. InfereCLaDR includes a new,
high-quality Gold Standard of regulatory interactions and infers separate networks across
subsets of genes and conditions. We built the Gold Standard that accompanies this work
from several benchmark datasets (Teixeira et al., 2006, 2014; Monteiro et al., 2008;
Abdulrehman et al., 2011; Cherry et al., 2012; Costanzo et al., 2014; Kemmeren et al.,
2014), and, importantly, accounted for the direction of the interaction (i.e., activation versus
repression) and our confidence in the data source. We show that this approach, which
improved the quality of a gold standard but not necessarily its size, vastly outperformed
alternative approaches (Figure S3). In addition, InfereCLaDR showed that bi-clustering
expression data, cluster-specific network inference, and optimization and use of cluster-
specific RNA half-lives improved prediction accuracy and sensitivity even further (Figures 3
and S1).

Using these advances, InfereCLaDR resulted in a genome-wide regulatory network that is
more accurate and comprehensive than previous approaches. At 50% precision,
InfereCLaDR predicts >1400 new interactions in yeast (Figure 4), 43% of which are
validated by independent datasets, and 57% are entirely new (Figure 3B). Approximately
80% of these interactions were activating and 20% were repressive. Compared with other
approaches (e.g., Genie3), this was an 8-fold improvement. We validated new interactions
using existing direct (i.e., TF-DNA contact) and indirect (i.e., knockout/overexpression)
evidence. The success of rank-combining cluster-specific networks suggested that previous
approaches often missed condition-specific regulatory interactions (Figures 3 and S2; Tables
1), especially for conditions with altered RNA half-lives (Figures 2D and 2H and 3F). The
result was consistent with the findings that both RNA degradation and transcription
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regulation are specific to different gene sets and adjust to changing environmental conditions
(Munchel et al., 2011; Miller et al., 2011; Lehtinen et al., 2013; Hart et al., 2015; Yang and
Leskovec, 2014).

Most importantly, we showed that including RNA degradation in network prediction boosts
inference of transcriptional regulatory networks. To the best of our knowledge,
InfereCLaDR is the only approach capable of doing so on a genome-wide scale.
InfereCLaDR does not make prior assumptions on RNA stability but learns optimal
degradation rates directly from expression data. The resulting rates were similar to
experimentally measured rates, validating our approach. In addition, optimized (predicted)
half-lives accurately reflected expected trends across conditions and across organisms; e.g.,
for ribosomal genes (Figure 2). InfereCLaDR is also generalizable to other organisms. In B.
subtilis, it accurately predicted that bacterial RNA transcripts are less stable than yeast
transcripts (Figure 1), as confirmed by experiments (Neymotin et al., 2014; Sun et al., 2012;
Pelechano and Pérez-Ortin, 2008; Hambraeus et al., 2003).

InfereCLaDR has several applications. First, it can predict RNA degradation rates for
different gene clusters or conditions from expression data alone. Such predictions are
valuable because it is still challenging to measure RNA degradation, and only a few datasets
exist (Miller et al., 2011; Schwalb et al., 2012; Sun et al., 2012; Neymotin et al., 2014;
Munchel et al., 2011). Second, InfereCLaDR can reveal new trends, such as the long half-
lives of genes in nucleic acid metabolism (Figure 2). Third, InfereCLaDR can predict new
regulatory interactions missed before. We showed that even the predicted interactions not
seen in other studies are likely valid.

To the best of our knowledge, our approach is the first attempt at incorporating RNA
degradation into large-scale automated network learning. Our work should therefore be
viewed primarily as a proof of concept, demonstrating that expanding the biophysical
complexity of the underlying model of regulation improves network prediction accuracy
while also accurately estimating the dynamic parameters of transcriptional regulation. This
step brings the field of machine learning-based network inference closer to the field of
detailed mathematical modeling of biophysical processes. However, InfereCLaDR also has
limitations that need to be addressed in future versions. One such limitation is the
requirement of a large enough RNA expression dataset to distinguish between different
modes of regulation under different conditions or cell types. A substantial portion of the data
needs to stem from time series experiments, and the condition cluster label assignments
require semi-manual inspection of the meta-data for heterogeneous expression datasets for
better interpretability. Another limitation is the availability of a reliable gold standard of
interactions. Both of these requirements are already met in well-studied model organisms,
such as £. coli (Fang et al., 2017), C. elegans (Cheng et al., 2011), and some human cell
lines (ENCODE Project Consortium, 2012). As more experimental data become available
through technological advances such as assay for transposase-accessible sequencing
(ATAC)-seq, Infer-eCLaDR in its current form will be applicable to other systems.

In addition, future research will determine the sensitivity of InfereCLaDR to the quality of
the collection of prior known interactions and to the technique employed for bi-clustering
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the data, which are beyond the scope of the present study. Other extensions could expend the
Inferelator framework to infer RNA degradation rates from a continuous distribution and
using the same prior known interactions for both RNA degradation rate fitting and TFA
estimation, which would address limitations regarding the size of the Gold Standard and the
requirement to select a discrete set of potential RNA half-lives. Finally, future extensions
could eliminate the need for gene-wise clustering by estimating the optimal RNA half-life
separately for every gene through application of the same Bayesian model selection the
Inferelator uses to select the best regulatory model for every gene.

In a broader context, InfereCLaDR advances inference methods through improved
biophysical modeling of biological processes by approximating the rates of synthesis and
degradation using mass action laws and experimental designs that include time series. This
approach outperforms other methods that are agnostic of underlying mechanisms (and
unaware of underlying temporal designs), such as Random Forest (Huynh-Thu et al., 2010;
Petralia et al., 2015), conditional entropy (Karlebach and Shamir, 2012), partial correlation
(YYuan et al., 2011), or probabilistic graphical models (Siahpirani and Roy, 2016). The results
of this study encourage further incorporation and recovery of biophysical parameters, such
as interaction terms between co-regulating TFs, separation of transcriptional activators and
repressors, which has only been done on a small scale (Noman and Iba, 2005; Liu and
Wang, 2008; Aijo and Bonneau, 2016; Intosalmi et al., 2016), and modeling protein
modifications that affect TF activity. Given the growing body of literature on RNA-binding
proteins (Hogan et al., 2008; Mittal et al., 2009; Janga and Mittal, 2011), our results also
inspire potential approaches to model the RNA decay term explicitly as a sum of
contributions from RNA degradation factors. Therefore, we argue that it is time to move
inference of transcription regulatory networks toward more biophysically relevant models,
and the work presented here provides an important step toward this goal.

EXPERIMENTAL PROCEDURES

Data Acquisition and Normalization

We acquired four regulatory interaction datasets (known priors) from the sources listed in
Table S1, originating predominantly from ChlP-chip, chromatin immunoprecipitation
sequencing (ChlP-seq), knockout, and overexpression assays (Teixeira et al., 2006, 2014;
Monteiro et al., 2008; Abdulrehman et al., 2011; Cherry et al., 2012; Costanzo et al., 2014;
Kemmeren et al., 2014). The list of 563 TFs includes all genes annotated as either “DNA-
binding” or “Regulation of transcription, DNA-templated” in the Saccharomyces Genomes
Database (SGD) (Cherry et al., 2012; Costanzo et al., 2014) and all regulators in the
YEASTRACT database of regulatory interactions (Teixeira et al., 2006, 2014; Monteiro et
al., 2008; Abdulrehman et al., 2011). We downloaded 179 RNA expression datasets from
119 different labs from the GEO (Edgar et al., 2002; Barrett et al., 2013) using the R
Bioconductor package GEOquery (Huber et al., 2015; Davis and Meltzer, 2007). To obtain a
high-quality, consistent data-set and to avoid platform-specific batch effects, we exclusively
used the Yeast Affymetrix 2.0 platform (GPL2529) because it contained the largest number
of unique samples in the GEO database. Raw CEL files for every GEO sample (GSM)
measured on this platform were downloaded on March 23, 2015, along with their meta-data.
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We processed and normalized the raw CEL files using the R packages affy (Gautier et al.,
2004) and gcrma (Wu et al., 2004), adjusting for background intensities, optical noise, and
non-specific binding in a probe sequence-specific fashion. Methods correcting for batch/lab
effect did not improve inference performance (data not shown). The meta-data were
processed manually to identify time series experiments. The full meta-data, as downloaded
from the GEO, are included in the Data S1. The final yeast RNA expression dataset used for
the work described here included 2,577 samples, each containing the expression data for
5,716 genes.

For B. subtilis, all relevant data, including the gold standard of interactions, the list of TFs,
expression data, and the meta-data, were taken from Arrieta-Ortiz et al. (2015). We used the
BSB1 expression dataset employed in Arrieta-Ortiz et al. (2015), which was measured on
the B. subtilis strain BSB1, a derivative of strain 168. This dataset can be found under GEO:
GSE27219 (Nicolas et al., 2012).

Expression Data Clustering

We scaled the expression data so that every row (gene) had mean 0 and variance 1. The
2,577 expression samples were then clustered using the Euclidean distance metric. We then
performed principal-component analysis on the entire RNA expression matrix and excluded
all but the first 16 dimensions to remove the cumulative effect of noisy low-variance
components and facilitate condition-wise clustering. We then performed k-means clustering
with k = 4. This number was optimized as described in the Supplemental Experimental
Procedures (Figure S1E). We performed all downstream analyses on the resulting clusters
using the original (normalized but unscaled) expression data.

To annotate the four condition clusters, we parsed the meta-data from the GEO, employing
the R packages tm (Feinerer and Hornik, 2015; Feinerer et al., 2008) and SnowballC
(Bouchet-Valat, 2014). First, we used the binomial test to determine which words are
enriched in a given condition cluster compared with the remaining clusters. To avoid words
with a p value of 0 and to minimize lab-specific effects, we then excluded words that had
zero counts in all but one cluster. This resulted in a list of words sorted by p value
enrichment in each cluster. The p values were then corrected for multiple hypotheses testing
using the Bonferroni correction. Word clouds were created from terms with p values smaller
than 10 20 using the wordcloud package in R (Fellows, 2012). The final label assignments
were determined via a detailed, manual inspection of enriched terms in the word clouds
(Supplemental Notes). See the Supplemental Experimental Procedures for more details and
Data S2 for the complete lists of terms.

In addition to condition-wise clustering, we also performed row (gene-wise) clustering. To
do so, we first hierarchically clustered the 997 genes in the Gold Standard and then
generalized these clusters to the 5,716 genes present in the entire expression dataset. This
procedure resulted in five clusters, for which we performed gene ontology enrichment
analysis as described in the Supplemental Experimental Procedures. See the Supplemental
Experimental Procedures for more details.
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The bi-clustering of genes and conditions was used to separate genes with heterogeneous
functions and samples coming from heterogeneous conditions into several broad classes
based on gene function and type of condition. The goal of this bi-clustering was to capture
the known condition and gene specificity of RNA half-lives (Neymotin et al., 2014; Munchel
etal., 2011) and condition-specific network remodeling (Lehtinen et al., 2013; Hart et al.,
2015). Note that this is unrelated to the bi-clustering used in Bonneau et al. (2006) to
identify co-regulated genes and conditions.

Curation of the Gold Standard of Regulatory Interactions

A key aspect of the work was the construction of a high-quality Gold Standard of regulatory
interactions, which we used as prior interactions data for transcription regulatory network
(TRN) training, for fitting RNA half-lives, and for validating the predicted interactions (GS-
train, GS-fit, and GS-fit/GS-validate in Figure S2, respectively). The Gold Standard was
derived by combining binding and expression information from three major sources (Table
S1). We obtained the core data from the YEASTRACT repository (Teixeira et al., 2006,
2014; Monteiro et al., 2008; Abdulrehman et al., 2011), which is a curated repository of >
200,000 regulatory interactions in yeast with >1,300 bibliographic references. The
repository contains two types of evidence for each potential regulatory interaction: direct
and indirect. Direct evidence denotes an interaction coming from an assay that directly
established a physical binding event, such as ChlP-seq or one-hybrid assay. Indirect
evidence comes from differential expression analysis of a TF knockout or overexpression
experiment. We first filtered these data to obtain a conservative list of 2,577 regulatory
interactions that have at least one source of direct evidence and two sources of indirect
evidence. At this stage, these interactions were unsigned; i.e., they did not include
information about whether the regulatory interaction is positive or negative.

Because TFA estimation performs best when all prior known interactions are signed
(Supplemental Experimental Procedures), we processed the list further to maximize the
number of signed interactions. YEASTRACT provides information on the signs for some
interactions; e.g., those derived from expression analysis of knockout mutants. To add signs
from the YEASTRACT database, we used the following rule: a regulatory interaction was
deemed “positive” when the target gene was downregulated upon TF knockout, and
“negative” for the opposite case. Because some interactions were detected in multiple
experiments with opposite sign annotations, we only considered the signs that were
measured in assays conducted under normal conditions, labeled as “YPD medium; mid-log
phase” in the YEASTRACT database. In case there was still a conflict, we employed the
majority rule, and in the case of a tie, the interaction was discarded (set to 0). This procedure
resulted in 1,155 signed interactions in total.

To expand this dataset, we obtained additional, curated regulatory interactions from the SGD
(Cherry et al., 2012; Costanzo et al., 2014) and from a published dataset of 1,484 knockout
experiments (Kemmeren et al., 2014). We used these interactions only to assign signs to
interactions that were still unsigned in the list of 2,577 interactions with one direct and two
indirect evidence types in YEASTRACT (see above). These additions expanded our list of
signed interactions to 1,403.
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These 1,403 interactions constitute the set of signed prior known interactions used
throughout this paper, which we denote as the “Gold Standard.” The Supplemental
Experimental Procedures, Figure S3, and Data S1 describe more details about the creation of
Gold Standard and its performance compared with other collections of interactions.

Inferelator Implementation

We used and modified code for the Inferelator version 2015.03.03 (Bonneau et al., 2006;
Greenfield et al., 2013; Arrieta-Ortiz et al., 2015). We describe the original Inferelator core
model in this section, and more details can be found in the Supplemental Experimental
Procedures. The Inferelator algorithm calculates the optimal model of regulation for each
target gene independently of other genes. The model for each gene 7is based on the
assumption that the dynamics of transcription regulation are governed by the following
relation:

dx, - _
— = —aX+ Z;) p. As (Equation 1)
J € i

where Xjis the RNA expression level of gene /, P;is the set of potential regulators of gene /,
Ajis the activity of TF /, /7i i is the coefficient of regulatory interaction between TF jand

gene / and a,is the RNA degradation rate of gene /.

To estimate the parameters j i, j» We can approximate Equation 1 using finite differences and

divide both sides by a;:
Xt 1)~ X{1) _
T X;= j;iﬁi7 At (Equation 2)

where the time axis ¢has been broken up into discrete time points at which the data was
collected, indexed by k. The left side of Equation 2 is the response variable, whereas the

right side is the design variable. Note that z; = ai_l and is related to the RNA transcript half-
life HL;via HL ;= zlog(2) and 4, i= riﬁi J Also note that, throughout our analysis, no

corrections for cell division times were made because it was impossible to determine them
for each of the 2,577 experiments coming from 119 labs. Given that median RNA half-lives
are much shorter than cell doubling times, we consider the omission tolerable. In the original
Inferelator framework, the RNA half-life had been set to 14 min for all yeast genes and
conditions (i.e., = 20).

Furthermore, note that Equation 1 holds true for both steady-state data and time series data,
which can be used to perform regression simultaneously. For steady-state conditions, the
first term on the left side of the equation is 0, and A{#) becomes A4, where k denotes the
steady-state condition. In the data-sets employed in this paper, 963 of the 2,577 (37%) yeast
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data points and 160 of the 266 (60%) B. subtilis data points were derived from time series
experiments; the remainder were derived from steady-state conditions.

The response variable is first used together with prior known interactions to calculate TFAs
for every TF (Supplemental Experimental Procedures). TFA is derived from expression
changes of the prior known targets of a TF and has been shown to improve TRN inference
dramatically in prokaryotes (Arrieta-Ortiz et al., 2015).

The same prior known interactions are then used in a constrained regression step that selects
the most likely model of regulation for every gene using a data-driven approach called
Bayesian best subset regression (BBSR). To calculate TFA and BBSR, we used the entire
gold standard or a subset of it as prior known interactions. Figure S2 and Sub-Sampling the
Gold Standard for RNA Half-Life Fitting and Error Estimation in the Experimental
Procedures outline the workflows employed in this paper, specifying how the gold standard
was split, sub-sampled, and used for inference. The procedure does not use any training data
for testing. The new framework, InfereCLaDR, is defined by bi-cluster-specific network
inference using the Inferelator and explicit modeling and optimization of the RNA half-life
descriptor z for each gene and condition cluster.

The final output of the Inferelator and InfereCLaDR is a list of confidence scores for all
possible regulatory interactions, determined by a “computational knockout assay.” Each
Inferelator run was performed on 50 bootstraps of the RNA expression data, and the final
confidence scores for all interactions were computed by rank-combining the confidence
scores across bootstraps. For more detail, see the Supplemental Experimental Procedures.

Sub-sampling the Gold Standard for RNA Half-Life Fitting and Error Estimation

To use our gold standard for both parameter fitting and method evaluation without
overfitting, we used two strategies for re-sampling the gold standard (Figure S2). For
assessing the overall dependency of inference accuracy on RNA half-life (Figures 1A and
1B) and obtaining optimal gene- and condition-specific RNA half-lives (Figures 1D, 2, and
S4), we used Split A. This method involved randomly selecting a pre-specified fraction of
gold standard interactions to be in the training set (GS-train), with the rest of the interactions
to be used for fitting half-lives (GS-fit). We set the fraction of data used in the “training” set
to 0.5, although all results also hold for other values (Figures S6A-S6H). The procedure was
repeated 20 times, and for each re-sample, RNA half-lives were fit as described in RNA
Half-Life Estimation in the Experimental Procedures. Note that the choice of 20 re-samples
is unrelated to the number of bi-clusters in the yeast expression dataset used here, which is
also 20.

To assess whether fitting condition- and gene-specific RNA half-lives in this manner
improves performance (Figures 3A; Table 1), we used Split B, where a third set of Gold
Standard interactions (GS-valid) was held out and used only for estimating the accuracy of
our algorithm’s predictions. We created GS-valid to avoid over-fitting, and this set was
exclusively used to estimate the accuracy of the network computed using prior known
interactions in GS-train and half-lives obtained using GS-fit. In other words, the evaluation
set GS-valid was completely separate from the training sets. Each interaction was assigned
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one of the three categories randomly (GS-train, GS-fit, or GS-validate), with probabilities of
0.34, 0.33, and 0.33, respectively. This way of splitting the gold standard was also applied to
the other methods (Genie3 and iRafNet), keeping the random assignments of interactions
into GS-train, GS-fit, and GS-valid identical across the methods for each Gold Standard re-
sample.

In both splitting approaches, the random separation of interactions into two or three
categories was performed on the basis of regulatory interactions between TFs and target
genes. It is also possible to perform the separation on the basis of target genes. However, in
the yeast dataset, 695/993 (70%) of all genes in the yeast Gold Standard have only one
interaction in the Gold Standard (i.e., they are only known to be regulated by one TF). This
number also comprises 50% of all interactions in the Gold Standard. Hence, splitting the
training, fitting, and validation networks based on target genes is essentially equivalent to
splitting them based on interactions, and so the two approaches are basically equivalent.

We used two measures of network prediction accuracy to assess the quality of our
predictions: AUPR and AUROC. The two measures were calculated in the standard way, as
described in the Supplemental Experimental Procedures. All results are similar for both
measures (Figures S1C-S1D, S1F, S5, and S6; Table S2). We focus here on AUPR because
it is more sensitive for high-scoring interactions compared with AUROC, which distributes
the weights more equally across the entire list of predictions. A model with maximal AUPR
is desirable for small-scale, targeted validation experiments. Further, AUPR is superior to
AUROC in a class-imbalanced (skewed) regime, in which the sizes of true positives and
false positives differ substantially (Davis and Goadrich, 2006), which is the case for our
data.

RNA Half-Life Estimation

The primary advance described here is the explicit modeling and incorporation of RNA
degradation rates into large-scale network inference. To do so, we first developed a
procedure to compare different models across parameter settings. As shown in Figure S2,
Split A involves sub-sampling two equal sets of interactions from the gold standard: one for
training TFA and BBSR (GS-train) and one for calculating AUPR (GS-fit). We pre-specified
values of the RNA half-life parameter zat 0, 5, 10, 20, 30, 40, 50, 60, 70, 80, 90, 100, 120,
140, 160, 200, and 250 min, designed to span the range of expected half-lives in yeast
(Neymotin et al., 2014; Munchel et al., 2011; Sun et al., 2013; Schwalb et al., 2012; Miller
et al., 2011). Splitting the Gold Standard into a training and a fitting set is required because
our RNA half-life estimations rely on optimization of network inference. Because our
algorithm already uses some interactions for TFA and BBSR estimation (GS-train), a second
leave-out set of interactions is necessary for unbiased evaluation of network inference
accuracy (GS-fit) and, subsequently, for RNA half-life optimization.

InfereCLaDR uses the Inferelator while setting zto a given value (as specified above) for
every gene under every condition either in the given bi-cluster (Figures 1D and S4, S1H, and
S5) or for the entire dataset (Figures 1A and 1B and S1C and S1D), using GS-train as the
prior known interactions. Precision and recall curves were computed for each run
corresponding to a re-sample and a value of z, using GS-fit as the set of true interactions. We
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compared precision-recall curves across RNA half-lives by taking the element-wise median
of the precision and recall vectors across Gold Standard re-samples for a given value of
RNA half-life (Figures S1A and S1B). Conversely, to create a half-life-versus-AUPR curve
for each re-sample, we compared AUPRs measured for different t’s, without changing GS-
train and GS-fit between z values or bi-clusters. These comparisons are represented by
isochromatic curves in Figures 1A and 1B and S4. We chose an optimal z for each re-sample
by maximizing AUPR along the corresponding curve. We also compared performances
between models with different RNA half-lives using AUROC instead of AUPR, yielding
similar optimal half-lives (Figures S1C, S1D, and S5). For best RNA half-life inference
results, we recommend that at least 30% of samples belong to time series of reasonable
spacing (i.e., measured in minutes or hours but not days or weeks).

Finally, we considered the distribution of optimal RNA half-lives across the 20 re-samples
for each condition and gene bi-cluster using the Split A procedure in Figure S2. These
distributions are shown in Figure 2, and their medians are shown in Figure 1D (and in Figure
S1F for AUROCS). The median values of AUPR constitute the RNA half-life predictions for
each gene and condition bi-cluster. Comparisons of predicted and observed RNA half-lives
in the minimally perturbed condition clusters were performed by comparing median
predicted RNA half-lives across re-samples with the median experimentally measured RNA
half-lives across genes. Predicted and observed median values for each gene cluster were
averaged across the chemostat and log phase growth condition clusters (Figure S11).

To predict RNA half-lives for translation genes only (Figures 2C and S4), we applied the
same AUPR maximization procedure to each condition cluster, using only known
cytoplasmic translation genes and their known regulators for AUPR calculations. To predict
RNA half-lives for nucleotide metabolism genes, we used the entire gene cluster because it
was strongly enriched in the respective genes. Data S3 contains the final RNA half-life
predictions for each gene and condition cluster. For more detail, see the Supplemental
Experimental Procedures.

To demonstrate the improvement in TRN inference gained in InfereCLaDR compared with
the original framework, we first split the gold standard according to Split B into GS-fit, GS-
train, and GS-validate. For a given re-sample, we predicted RNA half-lives by maximizing
AUPR (as measured on GS-fit) on each bi-cluster, using GS-train for training TFA and
BBSR. Using those half-life values and the same re-sample of the gold standard, the model
was trained again, but now using a union of GS-train and GS-fit (GS-train+fit) for TFA and
BBSR computation. We calculated the final precision-recall curve by adding confidence
scores across condition clusters for each re-sample, estimating precision and recall on/y on
the GS-valid set corresponding to that re-sample (because GS-valid was not used to produce
the predicted network) and then taking the element-wise median of the precision and the
recall vectors across the 20 re-samples (Figure 3A). Figure S1F was calculated the same way
but with number of true positives and number of false positives instead of precision and
recall in the last (validation) step. Note that the Split B approach (Table 1) underestimates
the magnitude of the increase in inference accuracy because of half-life fitting compared
with the actual increase in accuracy of our final predicted network, which is produced using
the Split A approach (Supplemental Experimental Procedures).

Cell Rep. Author manuscript; available in PMC 2018 June 05.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Tchourine et al. Page 17

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

Acknowledgments

C.V. acknowledges funding by NIH/NIGMS Grant 1R01GM113237-01 and the NYU Women Faculty Science
Research Challenge Grant. R.B. acknowledges funding from the Simons Foundation.

References

Abdulrehman D, Monteiro PT, Teixeira MC, Mira NP, Lourengo AB, dos Santos SC, Cabrito TR,
Francisco AP, Madeira SC, Aires RS, et al. YEASTRACT: providing a programmatic access to
curated transcriptional regulatory associations in Saccharomyces cerevisiae through a web services
interface. Nucleic Acids Res. 2011; 39:D136-D140. [PubMed: 20972212]

Aij6 T, Bonneau R. Biophysically motivated regulatory network inference: progress and prospects.
Hum Hered. 2016; 81:62-77. [PubMed: 28076866]

Aij6 T, Granberg K, Lahdesmaki H. Sorad: a systems biology approach to predict and modulate
dynamic signaling pathway response from phosphoproteome time-course measurements.
Bioinformatics. 2013; 29:1283-1291. [PubMed: 23505293]

Ali M, Chernova TA, Newnam GP, Yin L, Shanks J, Karpova TS, Lee A, Laur O, Subramanian S, Kim
D, et al. Stress-dependent proteo-lytic processing of the actin assembly protein Lsb1l modulates a
yeast prion. J Biol Chem. 2014; 289:27625-27639. [PubMed: 25143386]

Avrrieta-Ortiz ML, Hafemeister C, Bate AR, Chu T, Greenfield A, Shuster B, Barry SN, Gallitto M, Liu
B, Kacmarczyk T, et al. An experimentally supported model of the Bacillus subtilis global
transcriptional regulatory network. Mol Syst Biol. 2015; 11:839. [PubMed: 26577401]

Baird NA, Douglas PM, Simic MS, Grant AR, Moresco JJ, Wolff SC, Yates JR 3rd, Manning G, Dillin
A. HSF-1-mediated cytoskel-etal integrity determines thermotolerance and life span. Science. 2014;
346:360-363. [PubMed: 25324391]

Barrett T, Wilhite SE, Ledoux P, Evangelista C, Kim IF, Tomashevsky M, Marshall KA, Phillippy KH,
Sherman PM, Holko M, et al. NCBI GEO: archive for functional genomics data sets—update.
Nucleic Acids Res. 2013; 41:D0991-D995. [PubMed: 23193258]

Bonneau R, Reiss DJ, Shannon P, Facciotti M, Hood L, Baliga NS, Thorsson V. The Inferelator: an
algorithm for learning parsimonious regulatory networks from systems-biology data sets de novo.
Genome Biol. 2006; 7:R36. [PubMed: 16686963]

Bouchet-Valat, M. SnowballC: Snowball stemmers based on the C libstemmer UTF-8 library. R
package version 0.5.1. 2014. https://cran.r-project.org/web/packages/SnowbalC/index.html

Brandman O, Stewart-Ornstein J, Wong D, Larson A, Williams CC, Li GW, Zhou S, King D, Shen PS,
Weibezahn J, et al. A ribosome-bound quality control complex triggers degradation of nascent
peptides and signals translation stress. Cell. 2012; 151:1042-1054. [PubMed: 23178123]

Chen X, Sullivan DS, Huffaker TC. Two yeast genes with similarity to TCP-1 are required for
microtubule and actin function in vivo. Proc Natl Acad Sci USA. 1994; 91:9111-9115. [PubMed:
7916460]

Cheng C, Yan KK, Hwang W, Qian J, Bhardwaj N, Rozowsky J, Lu ZJ, Niu W, Alves P, Kato M, et al.
Construction and analysis of an integrated regulatory network derived from high-throughput
sequencing data. PLoS Comput Biol. 2011; 7:¢1002190. [PubMed: 22125477]

Cherry JM, Hong EL, Amundsen C, Balakrishnan R, Binkley G, Chan ET, Christie KR, Costanzo MC,
Dwight SS, Engel SR, et al. Saccharomyces Genome Database: the genomics resource of budding
yeast. Nucleic Acids Res. 2012; 40:D700-D705. [PubMed: 22110037]

Ciofani M, Madar A, Galan C, Sellars M, Mace K, Pauli F, Agarwal A, Huang W, Parkhurst CN,
Muratet M, et al. A validated regulatory network for Th17 cell specification. Cell. 2012; 151:289-
303. [PubMed: 23021777]

Cell Rep. Author manuscript; available in PMC 2018 June 05.


https://cran.r-project.org/web/packages/SnowballC/index.html

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Tchourine et al.

Page 18

Cipollina C, van den Brink J, Daran-Lapujade P, Pronk JT, Porro D, de Winde JH. Saccharomyces
cerevisiae SFP1: at the crossroads of central metabolism and ribosome biogenesis. Microbiology.
2008; 154:1686-1699. [PubMed: 18524923]

Costanzo MC, Engel SR, Wong ED, Lloyd P, Karra K, Chan ET, Weng S, Paskov KM, Roe GR,
Binkley G, et al. Saccharomyces genome database provides new regulation data. Nucleic Acids
Res. 2014; 42:D717-D725. [PubMed: 24265222]

Danziger SA, Ratushny AV, Smith JJ, Saleem RA, Wan Y, Arens CE, Armstrong AM, Sitko K, Chen
WM, Chiang JH, et al. Molecular mechanisms of system responses to novel stimuli are predictable
from public data. Nucleic Acids Res. 2014; 42:1442-1460. [PubMed: 24185701]

Davie K, Jacobs J, Atkins M, Potier D, Christiaens V, Halder G, Aerts S. Discovery of transcription
factors and regulatory regions driving in vivo tumor development by ATAC-seq and FAIRE-seq
open chromatin profiling. PLoS Genet. 2015; 11:e1004994. [PubMed: 25679813]

Davis, J., Goadrich, M. The relationship between Precision-Recall and ROC curves. In: Cohen, W.,
Moore, A., editors. Proceedings of the 23rd International Conference on Machine Learning
(ICML). ACM Press; 2006. p. 233-240.

Davis S, Meltzer PS. GEOquery: a bridge between the Gene Expression Omnibus (GEO) and
BioConductor. Bioinformatics. 2007; 23:1846-1847. [PubMed: 17496320]

Edgar R, Domrachev M, Lash AE. Gene Expression Omnibus: NCBI gene expression and
hybridization array data repository. Nucleic Acids Res. 2002; 30:207-210. [PubMed: 11752295]

ENCODE Project Consortium. An integrated encyclopedia of DNA elements in the human genome.
Nature. 2012; 489:57-74. [PubMed: 22955616]

Fang X, Sastry A, Mih N, Kim D, Tan J, Yurkovich JT, Lloyd CJ, Gao Y, Yang L, Palsson BO. Global
transcriptional regulatory network for Escherichia coli robustly connects gene expression to
transcription factor activities. Proc Natl Acad Sci USA. 2017; 114:10286-10291. [PubMed:
28874552]

Feinerer, 1., Hornik, K. tm: Text Mining Package. R package version 0.6-2. 2015. https://cran.r-
project.org/web/packages/tm/index.html

Feinerer I, Hornik K, Meyer D. Text mining infrastructure in r. J Stat Softw. 2008; 25:1-54.

Fellows I. wordcloud: Word clouds. R package version 2.109. 2012. https://cran.r-project.org/web/
packages/wordcloud/index.html

Gautier L, Cope L, Bolstad BM, Irizarry RA. affy—-analysis of Affymetrix GeneChip data at the probe
level. Bioinformatics. 2004; 20:307-315. [PubMed: 14960456]

Greenfield A, Hafemeister C, Bonneau R. Robust data-driven incorporation of prior knowledge into
the inference of dynamic regulatory networks. Bioinformatics. 2013; 29:1060-1067. [PubMed:
23525069]

Guo Y, Mahony S, Gifford DK. High resolution genome wide binding event finding and motif
discovery reveals transcription factor spatial binding constraints. PLoS Comput Biol. 2012;
8:1002638. [PubMed: 22912568]

Hambraeus G, von Wachenfeldt C, Hederstedt L. Genome-wide survey of mRNA half-lives in Bacillus
subtilis identifies extremely stable MRNAs. Mol Genet Genomics. 2003; 269:706-714. [PubMed:
12884008]

Hart Y, Sheftel H, Hausser J, Szekely P, Ben-Moshe NB, Korem Y, Tendler A, Mayo AE, Alon U.
Inferring biological tasks using Pareto analysis of high-dimensional data. Nat Methods. 2015;
12:233-235, 3, 235. [PubMed: 25622107]

Hogan DJ, Riordan DP, Gerber AP, Herschlag D, Brown PO. Diverse RNA-binding proteins interact
with functionally related sets of RNAs, suggesting an extensive regulatory system. PLoS Biol.
2008; 6:6255. [PubMed: 18959479]

Honkela A, Girardot C, Gustafson EH, Liu YH, Furlong EEM, Law-rence ND, Rattray M. Model-
based method for transcription factor target identification with limited data. Proc Natl Acad Sci
USA. 2010; 107:7793-7798. [PubMed: 20385836]

Huber W, Carey VJ, Gentleman R, Anders S, Carlson M, Carvalho BS, Bravo HC, Davis S, Gatto L,
Girke T, et al. Orchestrating high-throughput genomic analysis with Bioconductor. Nat Methods.
2015; 12:115-121. [PubMed: 25633503]

Cell Rep. Author manuscript; available in PMC 2018 June 05.


https://cran.r-project.org/web/packages/tm/index.html
https://cran.r-project.org/web/packages/tm/index.html
https://cran.r-project.org/web/packages/wordcloud/index.html
https://cran.r-project.org/web/packages/wordcloud/index.html

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Tchourine et al.

Page 19

Huynh-Thu VA, Irrthum A, Wehenkel L, Geurts P. Inferring regulatory networks from expression data
using tree-based methods. PLoS ONE. 2010; 5:e12776. [PubMed: 20927193]

Intosalmi J, Nousiainen K, Ahlfors H, Ldhdesmaki H. Data-driven mechanistic analysis method to
reveal dynamically evolving regulatory networks. Bioinformatics. 2016; 32:i288-i296. [PubMed:
27307629]

Janga SC, Mittal N. Construction, structure and dynamics of post-transcriptional regulatory network
directed by RNA-binding proteins. Adv Exp Med Biol. 2011; 722:103-117. [PubMed: 21915785]

Karlebach G, Shamir R. Constructing logical models of gene regulatory networks by integrating
transcription factor-DNA interactions with expression data: an entropy-based approach. J Comput
Biol. 2012; 19:30-41. [PubMed: 22216865]

Karpov DS, Osipov SA, Preobrazhenskaia OV, Karpov VL. Rpn4p is a positive and negative
transcriptional regulator of the ubiquitin-pro-teasome system. Mol Biol (Mosk). 2008a; 42:518—
525. [PubMed: 18702311]

Karpov DS, Tiutiaeva VV, Beresten’ SF, Karpov VL. Mapping of Rpn4p regions responsible for
transcriptional activation of protea-some genes. Mol Biol (Mosk). 2008b; 42:526-532. [PubMed:
18702312]

Kemmeren P, Sameith K, van de Pasch LAL, Benschop JJ, Lenstra TL, Margaritis T, O’Duibhir E,
Apweiler E, van Wageningen S, Ko CW, et al. Large-scale genetic perturbations reveal regulatory
networks and an abundance of gene-specific repressors. Cell. 2014; 157:740-752. [PubMed:
24766815]

Lahdesmaéki H, Shmulevich I, Yli-Harja O. On Learning Gene Regulatory Networks Under the
Boolean Network Model. Mach Learn. 2003; 52:147-167.

Lehtinen S, Marsellach FX, Codlin S, Schmidt A, Clément-Ziza M, Be-yer A, Bahler J, Orengo C,
Pancaldi V. Stress induces remodelling of yeast interaction and co-expression networks. Mol
Biosyst. 2013; 9:1697-1707. [PubMed: 23471351]

Liu PK, Wang FS. Inference of biochemical network models in S-system using multiobjective
optimization approach. Bioinformatics. 2008; 24:1085-1092. [PubMed: 18321886]

Ma S, Kemmeren P, Gresham D, Statnikov A. De-novo learning of genome-scale regulatory networks
in S. cerevisiae. PLoS ONE. 2014; 9:e106479. [PubMed: 25215507]

Maclsaac KD, Wang T, Gordon DB, Gifford DK, Stormo GD, Fraenkel E. An improved map of
conserved regulatory sites for Saccharomyces cerevisiae. BMC Bioinformatics. 2006; 7:113.
[PubMed: 16522208]

Mannhaupt G, Schnall R, Karpov V, Vetter I, Feldmann H. Rpn4p acts as a transcription factor by
binding to PACE, a nonamer box found upstream of 26S proteasomal and other genes in yeast.
FEBS Lett. 1999; 450:27-34. [PubMed: 10350051]

Marbach D, Costello JC, Kuffner R, Vega NM, Prill RJ, Camacho DM, Allison KR, Kellis M, Collins
JJ, Stolovitzky G, DREAMS5 Consortium. Wisdom of crowds for robust gene network inference.
Nat Methods. 2012; 9:796-804. [PubMed: 22796662]

Marion RM, Regev A, Segal E, Barash Y, Koller D, Friedman N, O’Shea EK. Sfpl is a stress- and
nutrient-sensitive regulator of ribosomal protein gene expression. Proc Natl Acad Sci USA. 2004;
101:14315-14322. [PubMed: 15353587]

Mendiratta G, Eriksson PR, Shen CH, Clark DJ. The DNA-binding domain of the yeast Spt10p
activator includes a zinc finger that is homologous to foamy virus integrase. J Biol Chem. 2006;
281:7040-7048. [PubMed: 16415340]

Miller C, Schwalb B, Maier K, Schulz D, Diimcke S, Zacher B, Mayer A, Sydow J, Marcinowski L,
Ddlken L, et al. Dynamic transcriptome analysis measures rates of mRNA synthesis and decay in
yeast. Mol Syst Biol. 2011; 7:458. [PubMed: 21206491]

Mittal N, Roy N, Babu MM, Janga SC. Dissecting the expression dynamics of RNA-binding proteins
in posttranscriptional regulatory networks. Proc Natl Acad Sci USA. 2009; 106:20300-20305.
[PubMed: 19918083]

Monteiro PT, Mendes ND, Teixeira MC, d’Orey S, Tenreiro S, Mira NP, Pais H, Francisco AP,
Carvalho AM, Lourenco AB, et al. YEASTRACT-DISCOVERER: new tools to improve the
analysis of transcriptional regulatory associations in Saccharomyces cerevisiae. Nucleic Acids
Res. 2008; 36:D132-D136. [PubMed: 18032429]

Cell Rep. Author manuscript; available in PMC 2018 June 05.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Tchourine et al.

Page 20

Munchel SE, Shultzaberger RK, Takizawa N, Weis K. Dynamic profiling of mRNA turnover reveals
gene-specific and system-wide regulation of mMRNA decay. Mol Biol Cell. 2011; 22:2787-2795.
[PubMed: 21680716]

Mundade R, Ozer HG, Wei H, Prabhu L, Lu T. Role of ChIP-seq in the discovery of transcription
factor binding sites, differential gene regulation mechanism, epigenetic marks and beyond. Cell
Cycle. 2014; 13:2847-2852. [PubMed: 25486472]

Neymotin B, Athanasiadou R, Gresham D. Determination of in vivo RNA kinetics using RATE-seq.
RNA. 2014; 20:1645-1652. [PubMed: 25161313]

Nicolas P, Méader U, Dervyn E, Rochat T, Leduc A, Pigeonneau N, Bid-nenko E, Marchadier E,
Hoebeke M, Aymerich S, et al. Condition-dependent transcriptome reveals high-level regulatory
architecture in Bacillus subtilis. Science. 2012; 335:1103-1106. [PubMed: 22383849]

Noman, N., Iba, H. Inference of gene regulatory networks using S-system and differential evolution.
In: Beyer, H-G., editor. Proceedings of the 7th annual conference on Genetic and Evolutionary
Computation. GECCO ’05; 2005. p. 439-446.

Pe’er D, Regev A, Elidan G, Friedman N. Inferring subnetworks from perturbed expression profiles.
Bioinformatics. 2001; 17(Suppl 1):S215-S224. [PubMed: 11473012]

Pelechano V, Pérez-Ortin JE. The transcriptional inhibitor thiolu-tin blocks mMRNA degradation in
yeast. Yeast. 2008; 25:85-92. [PubMed: 17914747]

Peshkin L, Wihr M, Pearl E, Haas W, Freeman RM Jr, Gerhart JC, Klein AM, Horb M, Gygi SP,
Kirschner MW. On the relationship of protein and mrna dynamics in vertebrate embryonic
development. Dev Cell. 2015; 35:383-394. [PubMed: 26555057]

Petralia F, Wang P, Yang J, Tu Z. Integrative random forest for gene regulatory network inference.
Bioinformatics. 2015; 31:i197-i205. [PubMed: 26072483]

Reja R, Vinayachandran V, Ghosh S, Pugh BF. Molecular mechanisms of ribosomal protein gene
coregulation. Genes Dev. 2015; 29:1942-1954. [PubMed: 26385964]

Schwalb B, Schulz D, Sun M, Zacher B, Dimcke S, Martin DE, Cramer P, Tresch A. Measurement of
genome-wide RNA synthesis and decay rates with Dynamic Transcriptome Analysis (DTA).
Bioinformatics. 2012; 28:884—885. [PubMed: 22285829]

Schwanh&usser B, Wolf J, Selbach M, Busse D. Synthesis and degradation jointly determine the
responsiveness of the cellular proteome. BioEssays. 2013; 35:597-601. [PubMed: 23696377]

Segal E, Shapira M, Regev A, Pe’er D, Botstein D, Koller D, Fried-man N. Module networks:
identifying regulatory modules and their condition-specific regulators from gene expression data.
Nat Genet. 2003; 34:166-176. [PubMed: 12740579]

Setty M, Leslie CS. SeqGL Identifies Context-Dependent Binding Signals in Genome-Wide
Regulatory Element Maps. PLoS Comput Biol. 2015; 11:e1004271. [PubMed: 26016777]

Shalem O, Dahan O, Levo M, Martinez MR, Furman |, Segal E, Pil-pel Y. Transient transcriptional
responses to stress are generated by opposing effects of mMRNA production and degradation. Mol
Syst Biol. 2008; 4:223. [PubMed: 18854817]

Shirozu R, Yashiroda H, Murata S. Identification of minimum Rpn4-responsive elements in genes
related to proteasome functions. FEBS Lett. 2015; 589:933-940. [PubMed: 25747386]

Shivaswamy S, lyer VR. Stress-dependent dynamics of global chromatin remodeling in yeast: dual
role for SWI/SNF in the heat shock stress response. Mol Cell Biol. 2008; 28:2221-2234.
[PubMed: 18212068]

Shmulevich I, Dougherty ER, Kim S, Zhang W. Probabilistic Boolean Networks: a rule-based
uncertainty model for gene regulatory networks. Bioinformatics. 2002; 18:261-274. [PubMed:
11847074]

Siahpirani AF, Roy S. A prior-based integrative framework for functional transcriptional regulatory
network inference. Nucleic Acids Res. 2016; 45:2221.

Studham ME, Tjarnberg A, Nordling TEM, Nelander S, Sonnham-mer ELL. Functional association
networks as priors for gene regulatory network inference. Bioinformatics. 2014; 30:i130-i138.
[PubMed: 24931976]

Sun M, Schwalb B, Schulz D, Pirkl N, Etzold S, Lariviere L, Maier KC, Seizl M, Tresch A, Cramer P.
Comparative dynamic transcrip-tome analysis (cDTA) reveals mutual feedback between mRNA
synthesis and degradation. Genome Res. 2012; 22:1350-1359. [PubMed: 22466169]

Cell Rep. Author manuscript; available in PMC 2018 June 05.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Tchourine et al.

Page 21

Sun M, Schwalb B, Pirkl N, Maier KC, Schenk A, Failmezger H, Tresch A, Cramer P. Global analysis
of eukaryotic mRNA degradation reveals Xrn1-dependent buffering of transcript levels. Mol Cell.
2013; 52:52-62. [PubMed: 24119399]

Tchourine K, Poultney CS, Wang L, Silva GM, Manohar S, Mueller CL, Bonneau R, Vogel C. One
third of dynamic protein expression profiles can be predicted by a simple rate equation. Mol
Biosyst. 2014; 10:2850-2862. [PubMed: 25111754]

Teixeira MC, Monteiro P, Jain P, Tenreiro S, Fernandes AR, Mira NP, Alenquer M, Freitas AT, Oliveira
AL, Sa-Correia I. The YEASTRACT database: a tool for the analysis of transcription regulatory
associations in Saccharomyces cerevisiae. Nucleic Acids Res. 2006; 34:D446-D451. [PubMed:
16381908]

Teixeira MC, Monteiro PT, Guerreiro JF, Gongalves JP, Mira NP, dos Santos SC, Cabrito TR, Palma
M, Costa C, Francisco AP, et al. The YEASTRACT database: an upgraded information system for
the analysis of gene and genomic transcription regulation in Saccharomyces cerevisiae. Nucleic
Acids Res. 2014; 42:D161-D166. [PubMed: 24170807]

Toma-Jonik A, Widlak W, Korfanty J, Cichon T, Smolarczyk R, Gogler-Piglowska A, Widlak P, Vydra
N. Active heat shock transcription factor 1 supports migration of the melanoma cells via vinculin
down-regulation. Cell Signal. 2015; 27:394-401. [PubMed: 25435429]

Valouev A, Johnson DS, Sundquist A, Medina C, Anton E, Batzoglou S, Myers RM, Sidow A.
Genome-wide analysis of transcription factor binding sites based on ChlP-Seq data. Nat Methods.
2008; 5:829-834. [PubMed: 19160518]

Venters BJ, Wachi S, Mavrich TN, Andersen BE, Jena P, Sinnamon AJ, Jain P, Rolleri NS, Jiang C,
Hemeryck-Walsh C, Pugh BF. A comprehensive genomic binding map of gene and chromatin
regulatory proteins in Saccharomyces. Mol Cell. 2011; 41:480-492. [PubMed: 21329885]

Vinh DB, Drubin DG. A yeast TCP-1-like protein is required for actin function in vivo. Proc Natl Acad
Sci USA. 1994; 91:9116-9120. [PubMed: 7916461]

Wilkins O, Hafemeister C, Plessis A, Holloway-Phillips MM, Pham GM, Nicotra AB, Gregorio GB,
Jagadish K, Septiningsih EM, Bonneau R, Purugganan MD. EGRINs (Environmental Gene
Regulatory Influence Networks) in Rice That Function in the Response to Water Deficit, High
Temperature, and Agricultural Environments. Plant Cell. 2016; 28:2365-2384. [PubMed:
27655842]

Wu Z, Irizarry RA, Gentleman R, Martinez-Murillo F, Spencer F. A Model-Based Background
Adjustment for Oligonucleotide Expression Arrays. J Am Stat Assoc. 2004; 99:909-917.

Yang J, Leskovec J. Overlapping Communities Explain Core-Periphery Organization of Networks.
Proc IEEE. 2014; 102:1892-1902.

Yang J, Hao X, Cao X, Liu B, Nystrom T. Spatial sequestration and detoxification of Huntingtin by the
ribosome quality control complex. eLife. 2016; 5:e11792. [PubMed: 27033550]

Yuan Y, Li CT, Windram O. Directed partial correlation: inferring large-scale gene regulatory network
through induced topology disruptions. PLoS ONE. 2011; 6:16835. [PubMed: 21494330]

Cell Rep. Author manuscript; available in PMC 2018 June 05.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Tchourine et al.

Page 22

Highlights

Explicitly accounting for RNA degradation improves regulatory network
inference

Network-based optimization of RNA half-lives predicts correct RNA stability
values

Resulting networks are specific to groups of similar genes and conditions

Importance of accounting for RNA half-lives is shown for yeast and B.
subtilis
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Figure 1. Network Inference Is Sensitive to RNA Half-Lives in Both Eukaryotes and Pro-
karyotes in a Condition- and Gene-Specific Manner

(A and B) AUPR is shown as a function of preset RNA half-life (A) in Saccharomyces
cerevisiae and (B) in Bacillus subtilis. Each line denotes one of the 20 independent gold
standard re-samples, and colored dots represent the maximum AUPR for a given re-sample.
(C) Over two thousand expression datasets group into 20 bi-clusters (unrelated to 20 Gold
Standard re-samples) with gene- and condition-specific properties. Red and blue denote high
and low expression levels, respectively. Gene cluster names correspond to the most highly
enriched function category. Condition cluster names represent the most highly enriched
terms in the meta-data. The heatmap shows the 997 genes from the Gold Standard. Note that
the final network was derived from expression data of 5,716 genes mapped onto these
clusters.

(D) Shades of red denote the optimal half-life, in minutes, for each of the 20 bi-clusters. The
color scale is devised to discriminate half-lives < 50 min, which contain 16/20 of the
predictions.

For the full plot of AUPR and AUROC trajectories for every bi-cluster, see Figures S4 and
S5, respectively. See also Figures S1 and S6A-S6H.
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Figure 2. InfereCLaDR Recapitulates Known Differences between RNA Half-Lives of Different
Genes and Conditions and ldentifies New Relationships

(A-H) The boxes show median RNA half-lives with the first and third quartiles. (A)-(D)
show the distribution of predicted values across 20 Gold Standard re-samples, and (E)-(H)
show values measured experimentally across genes. Predicted values are produced by
InfereCLaDR; observed values are from experimental datasets. Magenta color denotes
minimally perturbed conditions (i.e., chemostat and log phase growth) (predicted) and
Neymotin et al. (2014) experimental data for subsets of genes; i.e., nucleobase-containing
small-molecule metabolism (NCSM) and translation. We highlight the NCSM category
because its high half-lives was the most prominent predicted pattern under minimally
perturbed conditions. Light blue denotes all genes predicted or observed under unperturbed
conditions. Green denotes half-lives of all genes predicted or observed under conditions of
transcription inhibition (Shalem et al., 2008). See also Figure S4.
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Figure 3. InfereCLaDR Outperforms Previous Network Inference Approaches by Predicting
New High-Confidence Condition-Specific Interactions

(A) The improvement in the precision-recall curve is a result of the use of a high-quality
Gold Standard, bi-cluster specific network inference, and optimization of bi-cluster specific
RNA half-lives. We compare InfereCLaDR (red line) with Inferelator without bi-clustering
or half-life optimization (black dotted line), with the Inferelator using the Maclsaac gold
standard of interactions (orange dashed line), and with context likelihood of relatedness
(CLR), Genie3, and iRafNet (purple dash-dotted line, blue dashed line, and green dash-
dotted line, respectively). Each curve is constructed using median precision and recall values
across 20 re-samples. For improvement based on AUROC, see Figure S1F.

(B) The number of new predicted interactions (i.e., interactions not in the Gold Standard),
obtained using the optimized bi-cluster-specific half-lives and the full Gold Standard for
training, compares favorably with new predictions from the original Inferelator and from
Genie3. The height of a section within each bar corresponds to the number of new
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interactions that were confirmed by the corresponding type of evidence in orthogonal data.
Direct evidence refers to physical protein-DNA interactions, and indirect evidence refers to
knockout and overexpression assays (Table S1). The number above each bar denotes the
fraction of new interactions supported by at least one orthogonal source. Prec, precision.

(C) High-scoring regulatory interactions correlate between InfereCLaDR and Inferelator, but
InfereCLaDR predicts many new interactions. The vertical and horizontal blue lines show
the precision = 0.5 rank cutoff for InfereCLaDR and Inferelator, respectively (Supplemental
Experimental Procedures). The lower the rank, the higher the confidence in the prediction.
The red line maps the InfereCLaDR rank to the same rank in Inferelator. See also Figures
S61-S6K.

(D) Most (56%) regulatory interactions that were newly predicted by InfereCLaDR have
orthogonal support to validate them. In comparison, Inferelator’s predictions that were
removed in InfereCLaDR have little support, suggesting that they had been false positives.
Black bars denote the bottom right quadrant in (C) (gained), gray bars denote the top left
quadrant in (C) (lost), and white bars denote the interactions in the bottom left quadrant of
(C) (conserved).

(E) InfereCLaDR’s gained interactions are often specific to experimental conditions. Each
bar displays how many regulatory interactions were above the rank-based cutoff
(Supplemental Experimental Procedures) for the given number of clusters. Interactions that
only appear in one cluster are very condition-specific, whereas interactions that appear in all
four clusters are more general and independent of experimental conditions. The graph shows
only the high-confidence predictions that were above the cutoff for at least one cluster prior
to rank-combining.

(F) InfereCLaDR’s gained predictions are often specific to non-standard conditions. Each
interaction was assigned a bi-cluster based on the gene cluster of the target gene and a
condition cluster in which this interaction had the best rank. Red cells represent bi-clusters
with significantly more gained interactions, blue cells represent bi-clusters with significantly
fewer gained interactions, and white cells represent no enrichment (Supplemental
Experimental Procedures).
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Figure 4. Condition-Specific Networks Reveal New Predictions and Regulatory Relationships
beyond What a Global Network Can Show

The figure displays the final high-confidence regulatory network split into four parts, based
on the four experimental condition clusters, where each interaction was detected with the
strongest confidence. Transcription factors are shown in black (center), and target genes are
colored (periphery). Different colors indicate different gene clusters, as shown in the legend.
The colors of the edges correspond to predicted transcriptionally activating (red) and
repressive (blue) regulation, respectively. A stronger color denotes high confidence. A large
font size denotes the five transcription factors that are most specific to each condition
cluster. TFs that were not among the top 5 in terms of cluster specificity in any of the
clusters are not shown.
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Table 1

Expression Data Bi-clustering, RNA Half-Life Fitting, and a High-Quality Gold Standard Underlie
InfereCLaDR’s Superior Performance

Re-samples Outperforming Re-samples Outperformed by
Method Inferelator + GS InfereCLaDR Median AUPR
InfereCLaDR (GS + clustering + RNA half-life)  19/20 - - 0.328
Inferelator + GS + clustering 20/20 17/20 0.319
Inferelator + GS + RNA half-life 19/20 19/20 0.305
Inferelator + GS - 19/20 0.290
Inferelator + Maclsaac 0/20 20/20 0.146
Genie3 + GS 0/20 20/20 0.042
iRafNet + GS 0/20 20/20 0.031

Each modification independently outperforms the original Inferelator using the Gold Standard (second column). “Inferelator + Maclsaac” shows
the results of the Inferelator when the Maclsaac standard of interactions was used for training and Gold Standard for evaluation. Combining all
modifications optimizes performance compared with using them separately (third column). Columns two and three show the number of times one
method outperformed the other in a re-sample, as specified by the corresponding row and column, in terms of AUPR. The fourth column shows the
median AUPR. See Sub-sampling the Gold Standard for RNA Half-Life Fitting and Error Estimation, RNA Half-Life Estimation, and
Supplemental Experimental Procedures for further details. See also Table S2.
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