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Chromosomal origin of replication coordinates logically
distinct types of bacterial genetic regulation

Kosmas Kosmidis "2, Kim Philipp Jablonski@®°, Georgi Muskhelishvili* and Marc-Thorsten Hiitt>™

For a long time it has been hypothesized that bacterial gene regulation involves an intricate interplay of the transcriptional
regulatory network (TRN) and the spatial organization of genes in the chromosome. Here we explore this hypothesis both on a
structural and on a functional level. On the structural level, we study the TRN as a spatially embedded network. On the functional
level, we analyze gene expression patterns from a network perspective (“digital control”), as well as from the perspective of the
spatial organization of the chromosome (“analog control”). Our structural analysis reveals the outstanding relevance of the
symmetry axis defined by the origin (Ori) and terminus (Ter) of replication for the network embedding and, thus, suggests the co-
evolution of two regulatory infrastructures, namely the transcriptional regulatory network and the spatial arrangement of genes on
the chromosome, to optimize the cross-talk between two fundamental biological processes: genomic expression and replication.
This observation is confirmed by the functional analysis based on the differential gene expression patterns of more than 4000 pairs
of microarray and RNA-Seq datasets for E. coli from the Colombos Database using complex network and machine learning methods.
This large-scale analysis supports the notion that two logically distinct types of genetic control are cooperating to regulate gene
expression in a complementary manner. Moreover, we find that the position of the gene relative to the Ori is a feature of very high
predictive value for gene expression, indicating that the Ori-Ter symmetry axis coordinates the action of distinct genetic control

mechanisms.
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INTRODUCTION

In spite of the tremendous progress made in Systems Biology'™
and the construction of computational models of biological
cells,** we still lack the appropriate understanding of the
underlying principles of genetic regulation to predict, for example,
the gene expression pattern of a bacterium. Since the beginning
of Systems Biology, the investigation of bacterial gene regulation
has been an important source of hypotheses about the principles
of biological regulation.™ The transcriptional regulatory network
(TRN) of the classical model organism Escherichia coli has been the
subject of a vast number of statistical analyses. In fact, this
network has been the first example of a complex network for
which a non-random network motif distribution (deviations from
randomness of the counts of small subgraphs) has been
reported.®'® In spite of its prominence and the diversity of
investigations, this network has been mostly studied in isolation.

It is becoming ever clearer that beyond network topology itself,
the spatial embedding of complex networks provides an
important additional layer of information for understanding a
network’s function.'”'? While this aspect has been explored in
transportation networks,">'* brain networks'*>'® and a wide range
of other natural and technical systems,'”'® it has not been studied
in much detail in the gene regulatory system. In particular, only
few aspects of the spatial embedding of the E. coli TRN have been
studied before, e.g., the spatial (i.e,, chromosomal) distribution of
genes with and without a reported link in the TRN'®2?° and the
orientation of genes on the genome.?'

It is also intuitive (and in fact a prominent research trend of the
last years, see e.g,'?) that spatially embedded networks need to
be analyzed with a different set of tools than graphs without such

a spatial embedding. For example, the concept of a dimension,
which has been rarely discussed in complex network theory was
found to be an important property of spatially embedded
networks.*? In a spatially embedded network typically long-
ranging links have a different systemic purpose than short-ranging
links. For example, in social networks most people have their
friends in their neighborhood, and the arrangement of connec-
tions in power grids and transportation networks obviously
depends on the distance between the connected units. Consider-
ing the network of passenger flights, it is systemically plausible
that such links occur only above a certain spatial distance. The
transcriptional regulatory network is a somewhat non-standard
example of a spatially embedded network, as the “space”, i.e., the
3D organization of the circular chromosome, is not immediately
obvious. We explore the hypothesis that bacterial gene regulation
is organized as an interplay of two distinct types of control—one
exerted by the TRN (“digital control”) and one arising from the
spatial organization of the chromosome (“analog control”). This
hypothesis has been formulated,”®** put into a broader con-
2526 and supported by statistical analyses®’~%° in a range of
studies over the last decade, but has yet to be confirmed as a
consistent organizational principle across all layers of quantita-
tively assessable information.

Here we first address the interplay of digital and analog control
on a purely structural level, by analyzing the chromosomal
embedding of the TRN of E. coli. Next, we extend this investigation
to a functional level by employing a method proposed in the
ref. 7 to quantify the strengths of the two control types by using
data from the COLOMBOS®® database and perform a large-scale
study of the interplay between digital and analog control.
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Fig. 1 Summary of our investigation and overview of the
workflow. On the structural level (obtained from RegulonDB,*),
the spatial embedding of the TRN within the circular chromosome is
evaluated via the EDURA (Edge Distribution Under Rotation of an
Axis) method. The functional level is contributed by the COLOMBOS
database®® and analyzed jointly with the structural information
using the concepts of digital and analog control strengths,?” as well
as decision trees.

COLOMBOS is a collection of expression data from published
microarrays and RNA-Seq experiments performed in E. coli (and
several other prokaryotes). COLOMBOS combines expression data
analyses across different research papers, labs, and platforms. A
key idea in COLOMBOS is to compare relative expression values to
a reference state as sets of “condition contrasts”. This should
correct for platform-dependent differences between studies. The
expression data contained within the database are also linked to a
manually curated, standardized condition annotation, and ontol-
ogy. Figures 1, 2 summarizes the design of our study.

By analyzing (i) the distribution statistics of links in the
transcriptional regulatory network, (ii) the agreement of gene
expression patterns with both, the TRN and the distribution of
genes in the genome, and (iii) the “learnability” of gene expression
patterns by a decision tree employing various chromosomal and
regulatory features we have been able to establish two main
components of the logic underlying bacterial gene expression: (1)
The Ori-Ter axis is a relevant organizer of gene expression; (2)
Chromosomal structure (“analog control”) and transcription
factors (“digital control”) contribute to regulation in an “either-or”
fashion with one level of control buffering the other.

RESULTS

Structural evidence for the interplay of digital and analog control
and the relevance of the Ori-Ter axis

We start by employing methods from statistical physics of
complex networks, in order to identify the non-random features
characterizing the chromosomal embedding of the transcriptional
regulatory network.

A key assumption of our investigation is that in spite of the
complex and spatiotemporally variable 3D organization of the E.
coli chromosome, the linear organization given by the positional
order of genes along the chromosome is a relevant coordinate
system for investigating a non-random spatial embedding of the
TRN. This assumption is strongly supported by the study of
distributions of genes with and without TRN participation,®® the
statistical analysis of gene expression patterns along the
chromosomal coordinates?’?' and the phenotypic changes
contingent on positional shifts of genes encoding the transcrip-
tion factors in the chromosome 33>
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Fig. 2 lllustration of the edge categories used in the subsequent
analysis. The light blue circle represents the circular chromosome,
while the dots represent genes (red: right chromosomal arm; blue:
left chromosomal arm). Directed edges indicate interactions
between genes. The dashed blue line denotes the axes used for
the assignment of edge categories (with the longer end
representing Ori).

Perhaps unsurprisingly, application of standard tools for the
analysis of spatially embedded networks does not reveal striking
non-random features of the chromosomal embedding of the TRN
and only provides weak evidence for the co-evolution of these
two biological structures®* (see Supplementary Figs 1, 2).

As a consequence, we develop and apply a set of methods
tailor-made for the biological system analyzed here, thus
addressing the core question: Is the transcriptional regulatory
network systematically shaped by the chromosomal embedding?

Given the known relevance of the Ori-Ter axis dividing the
circular chromosome into the right and left arms for genetic
regulation,®’ we can rephrase the question: Is the chromosomal
embedding of the transcriptional regulatory network particular
with respect to the Ori-Ter axis? Our analysis strategy in the
following is to compute network quantities under rotation of this
axis and see, whether the true axis stands out. The method,
termed EDURA (edge distribution under rotation of an axis; see
Fig. 2) is based on the principles described below.

Given the position of an axis, we distinguish between six
categories of edges, namely edges on the right chromosomal arm
pointing away from the origin of replication Ori, r,, or towards the
Ori, r_ and the same on the left arm, [, and I_, respectively, as well
as edges across the two chromosomal arms, from right to left, rl,
and from left to right, Ir. Figure 1 illustrates these categories using
a small sample graph. The labels “left” and “right” are understood
looking from Ori to Ter. A schematic representation of the EDURA
method is given in Supplementary Fig. 3.

It is clear that, when a different axis is chosen, these edge
categories change. The counts n(r.), etc. can now be evaluated for
each position of an axis. Under rotation of the axis an edge will
undergo a systematic sequence of category transitions. Starting
from Ir as an example, a typical sequence under axis rotation will
be Ir -» r,. — rl - |_. As a consequence, counts of link types are
highly correlated and strongly dependent on gene density and
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Fig. 3 Analysis of edge categories in the E. coli TRN. a
Representation of the chromosomally embedded E. coli TRN. As in
Fig. 1 the large light blue circle represents the circular chromosome
and the blue line indicates the Ori-Ter axis. Black dashes on the
chromosome indicate genes. b Edge categories for the chromoso-
mally embedded E. coli TRN from a as a function of the axis position.
The true Ori and Ter positions are indicated as a reference.

node degree. Figure 3 shows the counts n(r,), etc. as a function of
the axis position for the real chromosomally embedded E. coli TRN.
The highly volatile nature of these counts, as well as the strong
influence of gene density, systematic transitions (leading to high
correlations among the curves) and contribution of hubs (e.g.,
dramatic changes in the curves due to many edges changing
category at the same time) are clearly visible.

In order to remove these direct effects on the edge categories,
we have to (1) consider asymmetries, rather than absolute counts,
of the edge categories and (2) subtract the average signal
observed in a randomized graph (see Methods section). The +
asymmetry indicating a mismatch between edges going down
and going up for one chromosomal arm can be defined as
g ) ) 0

= 7 n(r) +n(r) + ()
and accordingly for A’i. The “cross—along” asymmetry, measuring
the asymmetry between edges along the chromosomal arms and
across them, is defined as

40 +n(h) = n(l,) =n(l) = n(r.) = n(r-)
a0 4 () + () +n(0) +n(ra) +n(r)’

which is the number of edges across the arms minus the number
of edges along the arms, normalized by the total number of
edges. Without any clear systematics with respect to a given axis,
the asymmetries will display strong correlations, due to the
transition rules outlined above. Any disruption of these correla-
tions at some axis position is an indicator of the non-random
features of the network for this axis.

Using randomly generated networks with a systematic edge
distribution with respect to an axis (systematic random networks;
see Methods section) we can test and calibrate the EDURA
method (see Supplementary Information). These tests show that,
indeed, a specific axis inscribed in the edge distribution is

)
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Fig. 4 Edge category asymmetry analysis for the real E. coli TRN.
Asymmetries as a function of the assumed axis position (upper
panel). Correlation coefficient of A, and A’ as a function of the
assumed axis position (lower panel).

detected via the EDURA method as drastic drops in correlation
among the edge category asymmetries for this axis position (see
Supplementary Fig. 4). In Fig. 4 the same analysis is performed for
the real E. coli TRN.

The first statistical analysis supports the earlier findings,?® where
via point process statistics it was found that genes under known
direct transcriptional regulation are systematically more distal on
the chromosome than genes without transcriptional regulation,
confirming the general idea that bacterial gene regulation is
organized as an interplay of network-based (digital) control and
(analog) control based on the spatial organization of the
chromosome. In order to go beyond the confirmation of the
previous finding®® we resort to a common technique of network
science, the comparison with randomized graphs as a method for
identifying the higher-order non-random features of a given
network. In this way we find structural evidence for the
chromosomal embedding of the network being systematic with
respect to one characteristic spatial axis in the circular chromo-
some (Fig. 4). This axis is defined by the origin (Ori) and terminus
(Ter) of replication. Previously it was argued that the spatiotem-
poral organization of genomic transcription indeed follows the
two replichores as the main spatial organizers.3' Here we find that
the network architecture itself carries an evolutionary imprint of
this bilinear space defined by the two replichores.

Functional evidence for the interplay of digital and analog control
In order to assess the functional implications of this structural
interdependence of the transcriptional regulatory network and
the spatial organization of the chromosome we resort to the
COLOMBOS representation of the Gene Expression Omnibus
(GEO) database. For a large number of gene expression datasets,
we measure the agreement of significant expression changes with
the network and with chromosomal neighborhoods by employing
the quantification methods for digital and analog control
strengths defined previously.”’

We start our investigation by creating the transcriptional
regulatory network (TRN) and the gene proximity network (GPN)

npj Systems Biology and Applications (2020) 5
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Fig. 5 Digital vs. analog control for gene-level RNA-Seq data. Data
for 104 effective networks resulting from contrasts of RNA-Seq
experiments have been analyzed. Central panel: Scatter plot of the
digital vs. analog control strengths. Top panel: Histogram of the
distribution of analog control strength. Right panel: Histogram of
the distribution of digital control strength.

of the E.coli genome. Details of these two networks are found in
the Methods section.

Then, for each of the ~4000 experimental datasets obtained
from the COLOMBOS database we generate “effective” TRN and
GPN networks by removing the nodes that are not significantly
differentially expressed as well as all their links.

Supplementary Fig. 5 (left) shows and example of such an
“effective TRN". It depicts data from the experiment GSE10158
which contains microarray data on the expression profile of E. coli
treated with cefsulodin and mecillinam, both alone and in
combination. The figure shows the 22 genes whose expression
level was significantly altered comparing the contrasts with id’s
GSM256904_ch1 and GSM256868_ch1. Genes on the graph are
positioned on a circle according to their coordinates on the E.coli
chromosome. Supplementary Fig. 5 (right) presents a view of an
“extended” TRN subgraph which contains the differentially
expressed genes (blue points) plus all the genes that are
connected to the differentially expressed ones in the E. coli TRN
although without significantly altered expression levels (yellow
points). The extended network comprises 90 genes. A complete
understanding of regulatory control, about which the present
manuscript is a first step, should aim in explaining why the “blue”
genes were differentially expressed while the “yellow” ones were
not, despite their immediate connection on the TRN which
indicates a strong interaction between the two.

Figures 5, 6 show scatter plots of the digital vs. analog control
strengths of more than 4000 effective E. coli networks derived
from the COLOMBOS database (see Methods section and
particularly the Effective Networks subsection). Figure 5 shows
data for 104 high quality RNA-Seq experiments. The results
demonstrate an anti-correlation between digital and analog
control strength with a Spearman correlation coefficient of —0.34.

Figure 6 shows data for 3969 effective networks constructed
from contrasts of microarray experiments. The results demonstrate
once more an anti-correlation between digital and analog control
strengths with a Spearman correlation coefficient of —0.16. A
heatmap representation of the corresponding rank-based
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Fig. 6 Digital vs. analog control for gene-level microarray data.
Data for 3969 effective networks resulting from contrasts of
microarray experiments have been analyzed. Central panel: Scatter
plot of the digital vs. analog control strengths. Top panel: Histogram
of the distribution of analog control strength. Right panel:
Histogram of the distribution of digital control strength.

scatterplots is given in Supplementary Figs 15 (RNA-Seq) and 16
(microarray). In line with the negative correlations discussed here,
these heatmap representations show the buffering relationship
between digital and analog control: high rank values of analog
control go along with low rank values of digital control and
vice versa.

Our analysis reveals the systematic anti-correlation of digital
and analog control as a large global trend in bacterial
transcriptomes. In this way, it confirms the buffering of these
two categories of bacterial gene regulation that was hypothesized
before?” based on a set of transcriptome profiles obtained under a
dedicated experimental variation of both, the machinery of digital
control (via the analysis of hub mutants in the transcriptional
regulatory network) and analog control (via the alteration of
supercoiling energy in the genome induced by topoisomerase
poisons). Our new results show that the anti-correlation of these
distinct logical types of regulation is not limited to perturbations
of the regulatory machinery, but persists across a wide range of
experimental conditions (phenotypes) and genotypes.

Strikingly, the anti-correlation between digital and analog
control strengths is much stronger for significantly downregulated
than for upregulated genes, when these two categories are
analyzed separately (see Supplementary Figs 8, 9). This statistical
difference between downregulated and upregulated genes is in
line with the earlier observation®® that the “ground state” (or
default state) in prokaryotic gene regulation is nonrestrictive (or
“on”), as opposed to eukaryotic gene regulation, where the
ground state is restrictive (or “off”). It is then intuitive that the
systematic interplay between digital and analog control reveals
itself in the pattern of deviations from the ground state, i.e., in the
downregulated genes.

We have re-computed our results varying the two main
parameters of our analysis, namely the logFC threshold for
determining differentially expressed genes and the distance
threshold defining links in the GPN (see Supplementary Figs 11,
12). This parameter variation confirms the robustness and strong
statistical validity of our findings. As an additional confirmation we

Published in partnership with the Systems Biology Institute



computed the interplay of digital and analog control strengths
also on the operon level (see Supplementary Figs 13, 14), leading
qualitatively to the same results.

Summarizing, our results demonstrate for the first time that the
tight coupling between digital (network-based) and analog
(chromosomal) control goes far beyond the response to
perturbations specifically designed to affect one of the two
control types (as reported previously®’), but is a universal property
of bacterial gene regulation.

Decision tree analysis of transcriptome profiles and the relevance
of the Ori-Ter axis

In order to ascertain that the anti-correlation observed in the large
set of transcriptome profiles is not dependent on our choice of
quantification method, namely the digital and analog control
strengths, we also used a machine learning framework in order to
measure, which structural features are employed to predict
significant expression changes from the database of transcriptome
profiles, when the feature set consists of nine quantitative
variables (see Methods section, Decision Trees) selected to
represent a wide range of network and chromosomal properties.
This set of features is specifically designed to highlight the
impacts of either digital or analog control in a given expression
profile.

Here we are not interested in the quality of the classification
(and, hence, do not separate the data into training and test data),
but rather in the features employed by the decision tree to split
the genes in an expression contrast into “differentially expressed”
and “not differentially expressed”. As our main goal is to assess the
interplay between digital and analog control at work in these
gene expression patterns, we use a set of features, which can
either be associated with digital control (number of differentially
expressed regulators of a gene in the TRN, hns regulating the
gene, fis regulating the gene, crp regulating the gene) or analog
control (number of differentially expressed neighbors in the GPN,
hns binding site density near a gene’s location, fis binding site
density, crp binding site density), as well as one feature not
directly classifiable as digital or analog control, namely the
position of a gene relative to the Ori. For each gene expression
contrast we can now compute the relative importance of each of
these features in classifying genes according to their differential
expression. The question here is, whether the decision tree
predominantly employs analog features in contrasts with high
analog control strength and, conversely, digital features in
contrasts with high digital control strength.

In this analysis, we use the binding sites only as a proxy for local
structural features of chromosome. Previous studies demonstrated
that the gene order along the Ori-Ter axis is highly conserved in
bacteria.>' This spatial order is apparent not only for the principal
regulatory genes (such as e.g., RNA polymerase sigma factors and
nucleoid-associated proteins) but also for their targets. Further-
more, while the chromosomal position of a gene is thought to be
determinative for the gene copy number and expression level,*¢3°
recent studies strongly suggest that it is also determinative for the
spatial location of the gene product in the cell. In particular, the
regulatory proteins were found to diffuse from their cognate sites
of production forming gradients.***' This suggests that the
genomic distances between the transcriptional regulators and
their targets are subject to evolutionary constraints and that in
general, regulatory genes would be preferentially positioned in
the vicinity of target genes.”’ However, spatial considerations
imply a different effect in the case of highly abundant DNA
architectural proteins, such as e.g., the nucleoid-associated
proteins, that diffuse over relatively large distances, bind
cooperatively at hundreds of chromosomal sites and compact
the DNA by constraining DNA supercoils over extended chromo-
somal regions?***™**  Variable spatial distributions  of
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nucleoprotein complexes formed by global regulators such as
e.g., FIS and H-NS modulate the structural dynamics of the
chromosome exerting continuous or analog effects on genetic
expression reflected in directionally coherent changes of tran-
script patterns involving neighboring genes**® that can be
readily measured by estimating the analog control strength in the
effective networks.

We have generated decision trees for each of the microarray
and RNA-Seq effective networks in our possession and used them
to estimate the importance of all of the nine features in each case.
In order to exclude the effects of randomness in the estimation of
importance, the differentially expressed genes for each of the
individual effective networks were shuffled 100 times and decision
trees were used to estimate the feature importance of these
randomized cases. Subsequently, we subtracted the mean of the
randomized importances from the actual feature importance.

The results form a matrix of nine columns and 3969 rows for the
microarray data and 104 rows for the RNA-Seq data. This matrix
can be augmented, if we include the digitalCTC and the
analogCTC as two additional columns, especially since we are
interested in investigating how the proposed measures of
digitalCTC and analogCTC correlate with the features used to
characterize the expressed E. coli genes. As before, the RNA-Seq
and microarray experiments were analyzed separately. Figure 7
(left panel) shows the Spearman correlation coefficient between
analogCTC and each of the features for networks derived from the
RNA-Seq experiments. Figure 7 (right panel) shows the same, but
for the digitalCTC. Similarly, Fig. 8 (left panel) shows the Spearman
correlation coefficient between analogCTC and each of the
features for networks derived from the microarray experiments
and Fig. 8 (right panel) shows the same for the digitalCTC.

In all cases we observe a high correlation between digitalCTC
and the “digital” features, i.e, trn cont, hns dig cont, fis dig cont and
cp dig cont. We also observe a high correlation between
analogCTC and gpn cont, which is a very characteristic analog
control feature. The overall trend is in agreement of what is
expected by the assumption of the existence of two complemen-
tary forms of transcriptional control and provides a proof that the
quantities of analogCTC and digitalCTC are a reliable means of
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Fig. 7 Feature importance correlations for RNA-Seq data. (Left)
Spearman correlation coefficient between analogCTC and each of
the features for networks derived from the rnaseq experiments.
(Right) The same for the digitalCTC. The color code above each bar
is: blue—analog control feature, red—digital control feature, green
—dual feature (related to the Ori-Ter axis).
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Fig. 8 Feature importance correlations microarray data. (Left)
Spearman correlation coefficient between analogCTC and each of
the features for networks derived from the microarray experiments.
(Right) The same for the digitalCTC. The color code above each bar
is: blue—analog control feature, red—digital control feature, green
—dual feature (related to the Ori-Ter axis).

measuring the impact of digital and analog control mechanisms of
gene regulation in the expression profiles.

The systematic anti-correlation between features associated
with digital control and features associated with analog control, as
well as the relevance of the Ori-Ter axis (via the relevance of the
distance from Ori as a feature integrated in the machine learning
analysis) confirm the results from the previous two sections.

More specifically, we find that the relative position of a gene
with regard to the chromosomal Ori, that is along the Ori-Ter axis,
is a feature of very high predictive value for gene expression.
Despite its clear impact, we cannot readily attribute the influence
of the Ori-Ter symmetry axis either to purely digital or to purely
analog type of control. Therefore, we consider this axis as a third
essential and distinct regulatory element of the system, ie., a
coordinator of gene expression.

DISCUSSION

In this study we set out to integrate two different modes of
transcriptional regulation, one mediated by the TRN and another
by spatial organization of the chromosome. For this purpose we
applied a set of structural and functional analyses. We hypothe-
sized that the TRN is spatially embedded in the chromosome such
that the pattern of directed links is highly non-random with
respect to a single axis converting the circular space (i.e., the
circular chromosome) into two linear branches (the chromosomal
“arms”). We set out to identify this organizational principle, as well
as the position of the axis, by computing a set of statistical
quantifiers for each candidate position of such an axis and then
observing clear systematics in the behavior of these topological
features emerging when we approach the true axis position. This
novel data analysis is called EDURA (Edge Distribution Under
Rotation of an Axis). One counter-intuitive aspect of the EDURA
result is that the disruption of correlations is the relevant signal.
This follows from the transformation properties of link categories
indicated in the previous section with /.. transforming first into r/
and then into r_ upon rotation of the axis. Highly correlated link
counts are therefore the default, while a sudden drop in
correlation is indicative of a systematic arrangement of links with
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respect to this position of the axis. We have tested and confirmed
this view by a detailed analysis of random graphs with a
systematic link distribution bias with respect to a randomly
selected axis (see Methods section, “Systematic random net-
works”; see Supplementary Fig. 4 for an example of EDURA for a
systematic random network). Beyond the set of findings on
bacterial gene regulation, we are convinced that the EDURA
method, together with the axis-systematic random networks, will
be of relevance for the analysis of a range of other spatially
embedded networks.

We discovered a systematic orientation of the network with
respect to the Ori-Ter axis indicative of an evolutionary co-
adaptation of replication and transcriptional regulation. Indeed, in
E. coli and other bacteria the collisions between the transcription
machinery and the replisomes progressing bi-directionally from
the Ori towards the Ter pose problems potentially leading to
genetic instability,”” and this conflict has been widely studied
both in prokaryotes*® and eukaryotes.* It is revealing that we find
an evidence for an evolutionary adjustment of these two
fundamental levels of cellular DNA transactions—replication and
gene regulation—on a purely structural level (via the embedding
of the network in the chromosome), as well as on a functional
level in gene expression profiles. This means that replication and
transcription are coordinated from the same assessment center
using the Ori-Ter axis as a system of coordinates, providing a new
rationale for understanding the evolution of chromosomal gene
organization.

Our results confirm previous observations of two logically
distinct—digital and analog—types of transcriptional regulation in
E. coli*®* and demonstrate an anti-correlation of digital and
analog control strengths across a wide range of genotypes and
phenotypes. Futhermore we clearly show the dualistic nature of
digital and analog control via feature selection in a classification of
transcriptome profiles based on machine learning, with additional
evidence for relevance of the Ori-Ter axis. This is clearly visible in
Fig. 7 (RNA-Seq) and Fig. 8 (microarray), which show the
correlation of each feature with analog (left) and digital (right)
control strengths. First of all, the previously discussed anti-
correlation of digital and analog control strengths is clearly visible.
Furthermore, one can see that, indeed, the analog features tend to
correlate with analog control strengths, while the digital features
rather correlate with digital control strength. Only the position
relative to the Ori stands out: It is (slightly) negatively correlated
with both, digital and analog control strengths. These systematics
of the correlations are the same for RNA-Seq data (Fig. 7) and
microarray data (Fig. 8). Hence we denote this symmetry axis as a
coordinator of genetic regulation. It is noteworthy that our data
predominantly consist of statistical signals made visible by
comparison with null models as well as methods from machine
learning. In all cases we average over a wide range of conditions
and individual cases (for example, the transcriptome profiles of
diverse origins or the high variation in gene density across the
chromosome). As a consequence of these averaging procedures
most of the signals will necessarily be rather faint. We would like
to emphasize, however, that each of the signals reported here is
highly significant and, in combination, the collection of statistical
signals from the structural investigation, the assessment of
transcriptome profiles and the machine learning classification
task furnish a structural and dynamical foundation of digital and
analog control in bacterial gene regulation.

Taken together, these data provide a very clear picture, where
the set of ideas about chromosomal DNA topology as a
fundamental level embedding the transcriptional regulation in
bacteria discussed in the literature already for several dec-
ades?*?*?62720 is confirmed and the evidence for an evolutionary
alignment of two fundamental levels of cellular organization—
replication and gene regulation—is found on a purely structural
level (via the embedding of the network in the chromosome), as

Published in partnership with the Systems Biology Institute



well as on a functional level in the design of gene expression
patterns. Notably, the embedding of a network in space along a
systemically defined axis can potentially be of relevance for a wide
range of systems. Sensory systems for example have an axis along
the hierarchical depth from the input nodes to processing nodes
generating ever more abstract representations of the sensory
input.>>2 The same is true for manufacturing systems with their
hierarchy of input, production and assembly/output layers.>®

The situation we face in our attempts to epitomize the
spatiotemporal constraints imposed on the emergence of gene
expression patterns is reminicent of the work by Brockmann and
Helbing®* on the spread of epidemic diseases. They show that the
complex spatiotemporal pattern of disease occurrences becomes
a simple propagating wave on a tree graph derived from shortest
flight distances. Distances in this “re-arranged world” are much
more meaningful than geographic distances. Here, “space” is the
genome and the air traffic network is the TRN, which facilitates the
spreading of information across the genome. In that work®* the
spatial distance was ignored. Adapting their formalism to the case,
where a mixture of spatial and network distances defines the re-
arranged “world” would allow a completely novel view on gene
expression profiles.

METHODS

Transcriptional regulatory network

In our investigation, a TRN is a graph whose nodes represent genes. If a
gene a encodes a transcription factor A, which regulates another gene b
then a link pointing from a to b is inserted in the graph. The E. coli TRN
used for the present paper was created using data from RegulonDB,>° a
freely available database of the regulatory network of Escherichia coli K-12.
The TRN we have used has 1771 nodes and 3975 edges. Its minimum node
degree is equal to one, the maximum node degree is equal to 496 and the
average degree is equal to 4.49. The largest cluster of the TRN consists of
1678 nodes and has 3788 edges. It is a disassortative network with a
degree assortativity coefficient equal to —0.32 meaning that high degree
nodes tend to connect to low degree nodes and slightly avoid "hub”-"hub”
connections.

It is well known that genes are organized in operons i.e., groups of genes
sharing a regulatory domain. In order to check for and exclude the
contributions of the “operon” effect we have also performed our
investigations on a modified version of the TRN where the nodes are
operons instead of genes and a link between two operons is present if a
gene in one operon produces a transcription factor that regulates a gene
of the second operon. The largest cluster of this operon TRN consists of
816 nodes and 1551 edges with max degree equal to 220 and average
degree equal to 3.80.

Gene proximity network

The GPN is an undirected graph of 4609 nodes and 90,878 edges. It is a
formal representation of the spatial organization of the chromosome.
Following the prescription from earlier work,%” nodes represent genes and
are connected to each other, if their “centers” are separated by a distance
less or equal to a distance threshold of Tgpy = 20 kilobase pairs (kbp) on
the circular DNA chromosome. The info required for constructing the GPN
i.e., gene names and their starting and ending positions on the E. coli
chromosome were again obtained from RegulonDB. As a gene’s “center”
position we have considered the average of its starting and ending
positions.

Transcriptome profiles and effective networks
COLOMBOS offers RNA-Seq and microarray experimental data containing
differentially expressed genes between pairs of experiments. Differentially
expressed genes are determined by computing the log-fold change
(logFC) between the two experimental conditions. We consider three
modes of differential expression depending on the logFC: “differentially
regulated” (absdge) (abs(logFC) > Tgc), “upregulated” (posdge) (logFC >
Tec), “downregulated” (negdge) (logFC < —Tg().

We construct an effective TRN by taking the subgraph from the
complete TRN consisting of all differentialy expressed genes and the links
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among them (see Supplementary Fig. 5 left for an example). Thus, an
effective TRN is a directed subgraph of the TRN where the nodes are only
the genes whose expression level has been significantly altered. Similarly,
we construct an effective GPN by taking the subgraph from the complete
GPN consisting of all differentialy expressed genes and the links among
them. Consequently, each pair of experiments has one effective TRN and
one effective GPN associated with it. In total we have analyzed 104
effective TRNs and effective GPNs from RNA-Seq data and 3969 effective
TRNs and effective GPN from microarray data.

Differential expression on the gene level is translated to the operon level
in the following way: an operon is considered differentially expressed, if
any gene in the operon is differentially expressed. The same rule is applied
for distinguishing between differentially upregulated and downregulated
operons. A potentially conflicting case, where an operon consists of both,
significantly upregulated and downregulated genes in the same experi-
ment, does not occur in the data sets we analyzed.

Unless indicated otherwise, results are shown for Trc = 2.5 and Tgpy = 20
kbp. The robustness of the results under variation of Tec and Tgpy is
demonstrated in Supplementary Figs 11-14.

Systematic random networks

A key component of the structural part of our analysis is the arrangement
of edges with respect to a given spatial axis. In order to interpret the
statistics observed in the real network, we employ a simple graph-
generation algorithm to create random networks with edge counts, which
are systematic with respect to one predefined axis. Parameters of this
algorithm are the number of nodes, N; the number of edges in each
category, n(r), n(r_), n(l,), n(I_), n(rl), n(Ir), with respect to the chosen axis
(see Fig. 1 for an illustration of the edge categories); the position of the
axis, a*; the size of the genome, g. First, random positions for the N genes
are created (N/2 per chromosomal arm). Next, random links within each
category are created according to the axis a*. These networks can
subsequently be analyzed via the same analysis pipeline as the real
chromosomally embedded TRN.

Graph randomization

All the results for the edge category asymmetry analysis shown here are
differences between a given graph and a set of randomized graphs,
serving as a null model. Here we keep the gene positions fixed and
randomize the edges via switch randomization. For each randomized
graph, 5000 randomization steps are performed.

Control strengths

Qualitatively speaking, each control strength measures the agreement
between a set of genes and a given network. In the induced subgraph
spanned by the set of genes we compute the connectivity (specifically we
compute the number of nodes with non-zero degree in the subgraph).
Using a null model of randomly drawn gene sets, we then compute the z-
score of this connectivity. This z-score is the control strength. Applying this
procedure for the TRN yields the digital control strength; applying this
procedure to the GPN yields the analog control strength.

For each effective network the control ratio R is calculated as the
number of connected nodes Nconnecteq (i-€., the size of the connected
subnet component) over the number of isolated nodes Niojateq (i-€., the
size of the unconnected subnet component), R = Nconnected/Nisolated- The
control type confidence, CTC? or control strength, is the z-score of R,
calculated from the mean R and its standard deviation obtained from
10,000 runs of the corresponding null model. In the case of the digital null
model, the same number of affected nodes was mapped randomly on the
TRN. For the analog null model, the same number of affected genes was
mapped randomly on the positions in circular genome.

Decision trees

For the decision tree implementation we choose nine features which will
be the input of our machine learning model. Our decision tree model will
use these features to predict whether a gene will be differentially
expressed or not. These features are the following:

® PosOric = position relative to Ori.

® crp density = crp binding sites density i.e., number of cpr binding sites
in a distance +/—50,000 base pairs around the gene.

® hns density = hns binding sites density i.e., number of hns binding
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sites in a distance +/—50,000 base pairs around the gene.

e fis density = fis binding sites density i.e., number of fis binding sites in
a distance +/—50,000 base pairs around the gene.

® gpn cont = number of affected neighbors in the GPN.

® trn cont = number of affected ancestors in the TRN.

® hns dig cont = binary variable; 1, if hns is in the gene’s direct TRN
predecessors, 0 otherwise.

e fis dig cont = binary variable; 1, if fis is in the gene’s TRN direct
predecessors, 0 otherwise.

® crp dig cont = binary variable; 1, if crp is in the gene’s TRN direct
predecessors, 0 otherwise.

In short, we assume that the differential expression of a gene is a
function f of the above nine variables. The range of fis the discrete set 0, 1
where the value 1 means that the gene is differentially expressed. Thus,
each of the 4602 E. coli genes is characterized by a nine-dimensional
“vector” with the values of these nine variables as coordinates. For each of
these genes the value of f is known (and that is true for each of the ~4000
experiments of the COLOMBOS database). Predicting the values of f and
comparing them to the known values can be seen as a supervised learning
problem. In fact, a decision tree represents a function that takes as input a
vector of attribute values and returns a “decision” i.e., a single output value.
A decision tree reaches its decision by performing a sequence of tests.
Each internal node in the tree corresponds to a test of the value of one of
the input attributes. The algorithm selects a variable and splits the data to
the value of the variable that maximizes the entropy gain (or equivalently
the Gini impurity gain) from the split.>®

In our case at each node which contains for example N genes we
calculate the value S = —(p;In(p;) + poIn(py)) where p; is the fraction of
expressed genes to total genes N on the node and p, is the fraction of
silent genes to N. Then test splittings are performed and the quantity
G = (% Spere + %Sngm) is calculated. The split that maximizes the
difference S — G is selected. The Gini impurity g =p;(1 — p1) + po(1 — po)
is a valid and often used alternative to the entropy S.

Then it does the same for all other variables, finally selecting the variable
and value that leads to the maximum gain among all possible choices.
Thus, the main nodes split in two nodes and the process is repeated for
each of them until a perfect classification is reached. Finally, we calculate
the importance of each feature (variable) used for the classification
process. The way to compute the feature importance values of a single tree
is by traversing the tree and for each internal node that splits on feature i
we compute the error reduction of that node multiplied by the number of
samples that were routed to the node and sum this quantity for all nodes
to estimate the feature importance of variable i. The error reduction
depends on the impurity criterion that you use (Gini or entropy). It is the
impurity of the set of examples that gets routed to the internal node minus
the sum of the impurities of the two partitions created by the split. This is
the way that regression trees are implemented in scikit-learn®” which is
rapidly becoming a standard machine learning tool.

Reporting summary

Further information on research design is available in the Nature Research
Reporting Summary linked to this article.

DATA AVAILABILITY

All data analysed during this study are publicly available via the databases referenced
in the article.

CODE AVAILABILITY

The code used to perform the analyses presented in the current study is available
from the corresponding author on reasonable request.

Received: 30 August 2019; Accepted: 21 January 2020;
Published online: 17 February 2020

REFERENCES

1. Westerhoff, H. V. & Palsson, B. O. The evolution of molecular biology into systems
biology. Nat. Biotechnol. 22, 1249 (2004).

npj Systems Biology and Applications (2020) 5

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

. Hutt, M.-T. Understanding genetic variation-the value of systems biology. Br. J.

Clin. Pharmacol. 77, 597-605 (2014).

. Palsson, B. & Palsson, B. ¢. Systems Biology (Cambridge University Press, Cam-

bridge, 2015).

. Tomita, M. Whole-cell simulation: a grand challenge of the 21st century. Trends

Biotechnol. 19, 205-210 (2001).

. Karr, J. R. et al. A whole-cell computational model predicts phenotype from

genotype. Cell 150, 389-401 (2012).

. Milo, R. et al. Network motifs: simple building blocks of complex networks. Sci-

ence 298, 824-827 (2002).

. Babu, M. M., Luscombe, N. M. Aravind, L, Gerstein, M. & Teichmann, S. A.

Structure and evolution of transcriptional regulatory networks. Curr. Opin. Struct.
Biol. 14, 283-291 (2004).

. Yu, H. & Gerstein, M. Genomic analysis of the hierarchical structure of regulatory

networks. Proc. Natl Acad. Sci. 103, 14724-14731 (2006).

. Alon, U. Network motifs: theory and experimental approaches. Nat. Rev. Genet. 8,

450 (2007).

. Shen-Orr, S. S., Milo, R, Mangan, S. & Alon, U. Network motifs in the transcrip-

tional regulation network of Escherichia coli. Nat. Genet. 31, 64 (2002).

. Barthélemy, M. Spatial networks. Phys. Rep. 499, 1-101 (2011).
. Kosmidis, K., Havlin, S. & Bunde, A. Structural properties of spatially embedded

networks. Europhys. Lett. 82, 48005 (2008).

. Tero, A. et al. Rules for biologically inspired adaptive network design. Science 327,

439-442 (2010).

. Morris, R. G. & Barthelemy, M. Transport on coupled spatial networks. Phys. Rev.

Lett. 109, 128703 (2012).

. Bullmore, E. & Sporns, O. The economy of brain network organization. Nat. Rev.

Neurosci. 13, 336 (2012).

. Chen, Y., Wang, S., Hilgetag, C. C. & Zhou, C. Trade-off between multiple con-

straints enables simultaneous formation of modules and hubs in neural systems.
PLoS Comput. Biol. 9, 1002937 (2013).

. Crucitti, P, Latora, V. & Porta, S. Centrality measures in spatial networks of urban

streets. Phys. Rev. E 73, 036125 (2006).

. Gilarranz, L. J. & Bascompte, J. Spatial network structure and metapopulation

persistence. J. Theor. Biol. 297, 11-16 (2012).

. Warren, P. & Ten Wolde, P. Statistical analysis of the spatial distribution of

operons in the transcriptional regulation network of Escherichia coli. J. Mol. Biol.
342, 1379-1390 (2004).

Sonnenschein, N., Hiitt, M.-T., Stoyan, H. & Stoyan, D. Ranges of control in the
transcriptional regulation of Escherichia coli. BMC Syst. Biol. 3, 119 (2009).
Janga, S. C,, Salgado, H. & Martinez-Antonio, A. Transcriptional regulation shapes
the organization of genes on bacterial chromosomes. Nucleic Acids Res. 37,
3680-3688 (2009).

Daqing, L., Kosmidis, K., Bunde, A. & Havlin, S. Dimension of spatially embedded
networks. Nat. Phys. 7, 481-484 (2011).

Travers, A. & Muskhelishvili, G. DNA supercoiling-a global transcriptional regulator
for enterobacterial growth? Nat. Rev. Microbiol. 3, 157 (2005).

Travers, A. & Muskhelishvili, G. Bacterial chromatin. Curr. Opin. Genet. Dev. 15,
507-514 (2005).

Muskhelishvili, G., Sobetzko, P., Geertz, M. & Berger, M. General organisational
principles of the transcriptional regulation system: a tree or a circle? Mol. BioSyst.
6, 662-676 (2010).

Travers, A., Muskhelishvili, G. & Thompson, J. DNA information: from digital code
to analogue structure. Phil. Trans. R. Soc. A 370, 2960-2986 (2012).

Marr, C., Geertz, M., Huitt, M.-T. & Muskhelishvili, G. Dissecting the logical types of
network control in gene expression profiles. BMC Syst. Biol. 2, 18 (2008).
Sonnenschein, N., Geertz, M., Muskhelishvili, G. & Hitt, M.-T. Analog regulation of
metabolic demand. BMC Syst. Biol 5, 40 (2011).

Beber, M. E., Sobetzko, P., Muskhelishvili, G. & Hiitt, M.-T. Interplay of digital and
analog control in time-resolved gene expression profiles. EPJ Nonlinear Biomed.
Phys. 4, 8 (2016).

Moretto, M. et al. COLOMBOS v3. 0: leveraging gene expression compendia for
cross-species analyses. Nucleic Acids Res. 44, D620-D623 (2015).

Sobetzko, P., Travers, A. & Muskhelishvili, G. Gene order and chromosome
dynamics coordinate spatiotemporal gene expression during the bacterial
growth cycle. Proc. Natl Acad. Sci. 109, E42-E50 (2012).

Fitzgerald, S. et al. Re-engineering cellular physiology by rewiring high-level
global regulatory genes. Sci. Rep. 5, 17653 (2015).

Gerganova, V. et al. Chromosomal position shift of a regulatory gene alters the
bacterial phenotype. Nucleic Acids Res. 43, 8215-8226 (2015).

Kosmidis, K. & Hutt, M.-T. The E. coli transcriptional regulatory network and its
spatial embedding. Eur. Phys. J. E 42, 30 (2019).

Struhl, K. Fundamentally different logic of gene regulation in eukaryotes and
prokaryotes. Cell 98, 1-4 (1999).

Published in partnership with the Systems Biology Institute



36.

37.

38.

39.

40.

41.

42.

43.

44,

45,

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

Schmid, M. B. & Roth, J. R. Gene location affects expression level in salmonella
typhimurium. J. Bacteriol. 169, 2872-2875 (1987).

Couturier, E. & Rocha, E. P. Replication-associated gene dosage effects shape the
genomes of fast-growing bacteria but only for transcription and translation
genes. Mol. Microbiol. 59, 1506-1518 (2006).

Block, D. H., Hussein, R, Liang, L. W. & Lim, H. N. Regulatory consequences of gene
translocation in bacteria. Nucleic Acids Res. 40, 8979-8992 (2012).

Soler-Bistug, A., Timmermans, M. & Mazel, D. The proximity of ribosomal protein
genes to oriC enhances Vibrio cholerae fitness in the absence of multifork
replication. MBio 8, e€00097-e000117 (2017).

Llopis, P. M. et al. Spatial organization of the flow of genetic information in
bacteria. Nature 466, 77 (2010).

Kuhlman, T. E. & Cox, E. C. Gene location and DNA density determine
transcription factor distributions in Escherichia coli. Mol. Syst. Biol. 8, 610
(2012).

Luijsterburg, M. S, White, M. F., van Driel, R. & Dame, R. T. The major architects of
chromatin: architectural proteins in bacteria, archaea and eukaryotes. Crit. Rev.
Biochem. Mol. Biol. 43, 393-418 (2008).

Dillon, S. C. & Dorman, C. J. Bacterial nucleoid-associated proteins, nucleoid
structure and gene expression. Nat. Rev. Microbiol. 8, 185 (2010).

Rimsky, S. & Travers, A. Pervasive regulation of nucleoid structure and func-
tion by nucleoid-associated proteins. Curr. Opin. Microbiol. 14, 136-141
(2011).

Sobetzko, P., Glinkowska, M., Travers, A. & Muskhelishvili, G. Dna thermo-
dynamic stability and supercoil dynamics determine the gene expression
program during the bacterial growth cycle. Mol. BioSyst. 9, 1643-1651
(2013).

Jiang, X,, Sobetzko, P., Nasser, W., Reverchon, S. & Muskhelishvili, G. Chromosomal
"stress-response” domains govern the spatiotemporal expression of the bacterial
virulence program. MBio 6, €00353-e00415 (2015).

Wang, G. & Vasquez, K. M. Effects of replication and transcription on DNA
structure-related genetic instability. Genes 8, 17 (2017).

Merrikh, H., Zhang, Y., Grossman, A. D. & Wang, J. D. Replication-transcription
conflicts in bacteria. Nat. Rev. Microbiol. 10, 449 (2012).

Brambati, A, Colosio, A, Zardoni, L, Galanti, L. & Liberi, G. Replication and
transcription on a collision course: eukaryotic regulation mechanisms and
implications for DNA stability. Front. Genet. 6, 166 (2015).

Dorman, C. J. & Dorman, M. J. DNA supercoiling is a fundamental regulatory
principle in the control of bacterial gene expression. Biophys. Rev. 8, 89-100
(2016).

Kashtan, N. & Alon, U. Spontaneous evolution of modularity and network motifs.
Proc. Natl Acad. Sci. USA 102, 13773-13778 (2005).

Fretter, C,, Lesne, A,, Hilgetag, C. C. & Hiitt, M.-T. Topological determinants of self-
sustained activity in a simple model of excitable dynamics on graphs. Sci. Rep. 7,
42340 (2017).

Beber, M. E. et al. The prescribed output pattern regulates the modular structure
of flow networks. Eur. Phys. J. B 86, 473 (2013).

Brockmann, D. & Helbing, D. The hidden geometry of complex, network-driven
contagion phenomena. Science 342, 1337-1342 (2013).

Salgado, H. et al. RegulonDB v8.0: omics data sets, evolutionary conservation,
regulatory phrases, cross-validated gold standards and more. Nucleic Acids Res.
41, D203-D213 (2013).

Published in partnership with the Systems Biology Institute

K. Kosmidis et al.

np)

56. Breiman, L., Friedman, J,, Olshen, R. & Stone, C. Classification and regression trees,
wadsworth international group, belmont, ca, 1984. Case Descr. Feature Subset
Correct Missed FA Misclass 1, 1-3 (1993).

57. Pedregosa, F. et al. Scikit-learn: machine learning in Python. J. Mach. Learn. Res.
12, 2825-2830 (2011).

ACKNOWLEDGEMENTS

M.H. and G.M. acknowledge support from Deutsche Forschungsgemeinschaft (grant
numbers HU 937/8, MU 1549/13).

AUTHOR CONTRIBUTIONS

KK, G.M. and MH. conceived the research. KK, KJ. and M.H. developed the
computational framework. K.K. and KJ. analyzed the data. G.M. and M.H. contributed
to the results interpretation. KK., G.M. and M.H. wrote the paper.

COMPETING INTERESTS

The authors declare no competing interests.

ADDITIONAL INFORMATION

Supplementary information is available for this paper at https://doi.org/10.1038/
541540-020-0124-1.

Correspondence and requests for materials should be addressed to M.-T.H.

Reprints and permission information is available at http://www.nature.com/
reprints

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims
in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons

(2 Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons license and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this license, visit http://creativecommons.
org/licenses/by/4.0/.

© The Author(s) 2020

npj Systems Biology and Applications (2020) 5


https://doi.org/10.1038/s41540-020-0124-1
https://doi.org/10.1038/s41540-020-0124-1
http://www.nature.com/reprints
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Chromosomal origin of replication coordinates logically distinct types of bacterial genetic regulation
	Introduction
	Results
	Structural evidence for the interplay of digital and analog control and the relevance of the Ori&#x02013;nobreakTer axis
	Functional evidence for the interplay of digital and analog control
	Decision tree analysis of transcriptome profiles and the relevance of the Ori&#x02013;nobreakTer axis

	Discussion
	Methods
	Transcriptional regulatory network
	Gene proximity network
	Transcriptome profiles and effective networks
	Systematic random networks
	Graph randomization
	Control strengths
	Decision trees
	Reporting summary

	References
	References
	References
	Acknowledgements
	Author contributions
	Competing interests
	ADDITIONAL INFORMATION




