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ABSTRACT

Motifs and degree distribution in transcriptional regula-
tory networks play an important role towards their fault-
tolerance and efficient information transport. In this
paper, we designed an innovative in silico feed-forward
loop motif knockout experiment to assess their impact
on the following six topological features: average short-
est path, diameter, closeness centrality, betweenness cen-
trality, global and local clustering coefficients. The exper-
iments were conducted on the transcriptional regulatory
network of E. coli. The purpose of this study is two-fold:
(i) motivate the design of more accurate transcriptional
network growing algorithms that can produce similar de-
gree and motif distributions as observed in real biological
networks and (ii) design more efficient bio-inspired wire-
less sensor network topologies that can inherit the robust
information transport properties of biological networks.
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1. INTRODUCTION

The ability for networks to rewire it’s links was introduced
by biologists when they realized that biological networks
can resist external perturbations, yet proceed with their
natural activities. This property was referred to as ’Bi-
ological Robustness’ [25], and was mainly attributed to
these network’s topological features [26]. For example in
the proposed bio-inspired self organizing wireless sensor
and actuator network [4], edge rewiring must guarantee
optimal topological preservation in case of nodal collapse.

Among the features that aid in network dynamics, is the
fact that biological networks are sparse [16], or loosely
connected. In such networks, degree distributions can be
expressed using a power law, p(k) ~ k=7 [7], meaning, a
steep negative slope will result from the bi-log plot of the
different nodal degrees vs. the nodes that have such de-
grees. Consequently, few nodes have degrees much higher
than the average degree (i.e hubs) [5], while the bulk of
the remaining nodes have degrees much lower than the
average, resulting in loosely connected components. For
example, most gene nodes in the transcriptional network
of Escherichia coli (herein E. coli), have single incoming
reactions and no outgoing ones.

Most biological networks have 2 < v < 3 [7]- a property
which classifies a network as ’scale-free’ [5]. The signifi-
cance of networks having hub to low degree orientations,
can be expressed through the reduced probability of hav-
ing a detrimental random attack. Most random attacks
will result in loss of minimal links [8]. Similarly with edge
rewiring, the relative overall damage to the entire network
will not be too high. However intentional hub attacks can
be very costly and can result in disconnecting the net-
work [9].

Other network classifications fall under two other ma-
jor categories, namely random(ER) [12] and small-
world(SW) [42] networks. The preceding considers links
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connecting two nodes at equal probabilities during growth,
while the latter is inclined towards minimizing the number
of hops between pairs of nodes. In contrast with scale-free
networks, systems grow using ’the rich get richer and the
poor get poorer’ phenomena. ER and SW networks typi-
cally have tightly connected components, which is different
from that of scale-free networks. Nodal degrees is almost
equal to the average degree, therefore making random at-
tacks as equally costly as intentional attacks [5].

Another important aspect that aids in biological robust-
ness, is the existence of 3—6 nodal substructures known as
‘motifs’ [28]. For example, ecologists believe that synthetic
communities forming motifs can be inserted with weak
interactions to increase the community’s stability [37].
These substructures are labeled ’significant’ because their
numbers in the real networks are much higher as com-
pared with their numbers in multiple randomized versions
of these networks [28, 32]. Moreover, we will show in
this paper that motif abundance aids the overall informa-
tion transport in such transcriptional regulatory networks
(herein TRN).

Understanding the underlying architecture of TRNs can
provide insights in disease dynamics and drug develop-
ment [13, 29]. In a TRN, nodes portray the genes in a
cell, and a set of directed links that correspond to interact-
ing pairs or genes [40]. Interactions could either represent
translation or transcription [14]. Unlike engineered net-
works, TRNs exhibit biological robustness [25, 26] due to
their tolerance of noise during gene expression [35]. This
phenomena arises from feed-back control nodal arrange-
ments and repetitive substructures [35], or motifs.

Among the significant 3-node motifs in TRNs, the feed-
forward loop (or FFL) has received the most attention.
An FFL consists of a transcription factor A that regu-
lates another transcription factor B and a gene C, while
B co-regulates C. This topology allows it to deliver es-
sential tasks like generating pulses, irreversible speed ups
and signal delays [39].

At the nodal level, research has been directed towards as-
sessing robustness correlation with disturbances in the net-
work. For example the effect of nodal collapse has been
modeled to show a decrease in network efficiency [15, 10]-
which is defined as the inverse of the average shortest path
in the network. Successive random nodal deletions have
been plot against network diameter for scale-free and ER
networks [5, 8]. Others model disturbances in the form of
connection failures [11], or partial inactivation [3], where
the length of the links in the TRN of E. coli were increased
to resemble interaction delays.

At the motif level, much attention has been focused to-
wards understanding motif functions. Different motif
configurations have been investigated using mathemati-
cal models of transcription and translation to understand
the relationship between coupling and function of embed-
ded motifs [24, 23]. Experiments with E. coli have been

conducted were transcription factors were rewired and the
tolerance of the bacteria was analyzed [19].

However, little is known regarding the motif distribution
in the network and it’s contributions towards robustness,
particularly in terms of information transport. We ad-
dress this issue with successive in silico FFL knock-outs
in E. coli, while preserving the individual in-, out- and
cumulative degrees of the nodes. After every successive
FFL deletion, different topological metrics were recorded.
Then, Pearson’s correlation coefficient is used to deter-
mine the correlation between each pair of metrics studied
here.

2. MOTIVATION

2.1 Bio-Inspired Wireless Sensor Networks
Resemblance between gene regulation systems and wire-
less sensor networks (herein WSNs) can be described
through transcription, where genes process signals from
adjacent neighbors in the form of transcription factors
that excite/repress other genes by generating mRNA
molecules. TRN nodes interface through conveying sig-
nals (transcription factors), that are then processed into
output signals (mRNAs). WSNs operate in a similar man-
ner, where sensor nodes send signals to others in the form
of data packets. Packets at destination nodes convey for-
warding instructions, which in return relays such packets
to other sensors.

Recently, we have shown that WSNs adopting TRN
topologies, designated as bio-inspired WSNs, are more
efficient than those adopting ER topologies of the same
size in terms of conveying packets to sink nodes [21, 20,
17]. A support vector machine model was constructed
with ~ 90% accuracy to predict packet receipt rates us-
ing the topological features of the networks as input [2,
22] that includes the average degree, network density, as
well as the abundance of FFLs. Each of these three topo-
logical features were ranked higher than the other ones.
It is hence important to study how FFL abundance pos-
itively or negatively correlate with the other topological
features in the network. Such a study will motivate the
design of smart WSN topologies that exhibit similar FFL
abundance as observed in the TRNs of E. coli and hence
will have better efficiency in terms of their average packet
receipt rates.

2.2 Biological Network Growing Algorithms
Another popular area of research includes the transcrip-
tional network growing algorithms primarily based on the
preferential attachment model [6]. Currently, only the
TRNs of E. coli and yeast have been validated experimen-
tally; hence such network growing algorithms are essential
to allow the community to study the properties of such
TRNs, design robust networks, as well as to predict the
TRNs of higher-level organisms. We have recently devel-
oped such a network growing algorithm by extending the
preferential attachment model to produce directed net-
works that mimic the topological properties of E. coli [31]
in terms of their degree distribution and FFL abundance.
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(a) (b)

Figure 1: (a) Embedded and (b) Canonical FFLs.

The algorithm adds one foreign node at a time to an ex-
isting subgraph of candidate nodes. Based on in- and out-
degree centralities of the candidate nodes, attachment ker-
nels are computed [27], which further becomes conditions
for foreign nodes attachments. Although this algorithm
showed good correspondence in terms of FFL abundance
in the predicted networks when compared to the TRN of
E. coli, the corresponding distribution of FFLs measured
in terms of the number of nodes in the network participat-
ing in such FFLs did not match well. Hence, while pref-
erential attachment alone can only produce comparable
degree distribution or motif abundance, additional topo-
logical metrics must be considered to design more accurate
algorithms for growing TRNs. Our work in this paper, is
hence important as we identify the topological metrics that
strongly correlate with FFLs as observed from successive
FFL deletions from the original E. coli TRN.

3. E. COLI TRANSCRIPTIONAL NET-

WORK
We consider the TRN of E. coli, wherein v = 2.1£0.3 [41].
The TRN was rendered using GeneNetWeaver [38]- a
bioinformatics software tool which was originally designed
to asses the accuracy of reverse engineered GRNs of E. coli
and Yeast. E. coli is composed of 1565 nodes and 3758 in-
terconnections, together forming 23 disjoint components.

A TRN is represented using a square matrix 7. A direct
connection originating from node i incident on node j in
a TRN is represented by cell T;; = 1, and the absence of
such connection designates 7;; = 0. Because TRN edges
carry no weight, T can only hold values of 0 and 1.

In a TRN of size n, we consider two methods for counting
the occurrences of FFLs. The first method considers all
available 3 node combinations forming at least one FFL;
we designate such FFLs as the "embedded” FFLs. This
can be determined computationally using,

n n n

ma :ZZZ[TijnTikajk], Tij = Tix = Tjr = 1.

i=1 j=1k=1
(1)

The second method considers all 3 node combinations
which form only FFLs and no other 3 node substructure;
we designate such FFLs as the "canonical” FFLs. This can
be computed using,

mZZZZZ[Tij NTuNTi), Tij =Ty =
i=1 j—1 k—1 (2)
Ty =1, Ty =T =Ty = 0.

Figure 1 illustrates the two types of FFLs considered in
this paper.

4. ANALYSIS ALGORITHM

For simplicity, we designate the initial value of m; as mi o
(i.e., at iteration zero) and m; ; denotes the number of em-
bedded FFLs at the 5 iteration. The algorithm starts by
computing m1,0 and the different topological metrics dis-
cussed in the next section. Next, the network goes through
a predefined number of iterations, wherein at each itera-
tion we make a switch between two edges that involve
four distinct nodes following the method proposed in [34].
The switch picks two edges at random, having two ran-
dom source and destination nodes, si,s2,d1, and da re-
spectively. Edges are next rewired so that s; connects do
and ss connects d.

Every iteration is considered successful if the following two
conditions are satisfied:

1. The rewiring of edges should not affect any other
existing edge in the network. Doing so, the overall
in-, out- and cumulative degree distributions stay ex-
actly the same while the overall topology is altered.
Hence, the number of FFLs are changed.

2. For the j*" iteration, my j < mi ;41 must hold in or-
der to proceed to the next iteration. This guarantees
that one or more FFLs were deleted before starting
the next iteraiton.

If either of the conditions are not satisfied, the iteration
is repeated. This process continues for 200 iterations that
was arbitrarily set and was enough to properly identify
the correlations and trends that we report here. At each
iteration, each of the other topological metrics as discussed
next are also computed. The same process is also followed
for our experiments with mo deletions.

5. TOPOLOGICAL METRICS

Here we report the six topological metrics considered in
this paper. Other metrics were either not affected by
FFL knock-outs or did not show any interesting proper-
ties based on the information transport or edge rewiring
capabilities of the E. coli TRN.
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Figure 2: Changes in Dy, of E. coli’s TRN as a
function of the abundance of (a) embedded FFLs
and (b) canonical FFLs. The solid arrow shows the
direction and the linear trend for the successive
values of Dayg.

5.1 Average Shortest Path

The average shortest path measures the average number
of hops along the shortest paths between all possible node
pairs in the network and is considered as one of the most
robust metrics for assessing network efficiency in terms of
information transport. We compute D,y s using,

Z?:l Z?:l dij
BECET d;ij # 00, (3)

where d;; is the shortest path between nodes ¢ and j. d;; =
oo signifies that a path does not exist. Figure 2 plots the
successive FFL deletions vs D,y and shows that D,y is
negatively correlated with both embedded and canonical
FFLs. FFL structures decrease the average number of
hops between the nodes in the TRN, and hence, play a
major role in it’s efficiency.

Davg -

5.2 Diameter

Although the maximum shortest path Dpax is known to
correlate positively with Dave, and hence negatively with
FFL counts, we find Dyax useful in other means. Since
the metric considers the maximum of the paths, it should
be more stable to changes in m; and msy. As shown in
Figure 3, Dmax sustained almost 350 m1 and 125 mq dele-
tions before increasing in value. However, the points at
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Figure 3: Changes in the diameter of E. coli’s TRN
as a function of the abundance of (a) embedded
FFLs and (b) canonical FFLs.

which D,y increase are focal points for attention because
they can help us pinpoint the more important FFLs.

5.3 Closeness Centrality

The closeness centrality C; measures the relative closeness
of node i to every other node in the network. A close
node is capable of delivering information quicker to other
nodes [33]. Central nodes in biological networks are crucial
because they play the roles of ’organizational hubs’ [43].
The closeness centrality of node i, C;, is computed by,

n—1
Ci= =,
>l di
having values [0, 1], with 0 meaning ¢ is disconnected from
the network, and 1 meaning node 7 has a direct link to
every node.

dij ?é oo, (4)

It is important to note that an increase in C; signifies an
increase in communicative efficiency, however, it is not the
case with resilience to random attacks. For example, if all
nodes have C; = 1, meaning each node is connected to one
another by a direct link. A random attack on any node
would cost the network n — 1 links. For the entire network
we compute the average closeness,

n—1

Cav = <—n 7
ol dy
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Figure 4: Changes in the Cayvg of E. coli’s TRN as
a function of the abundance of (a) embedded FFLs
and (b) canonical FFLs.

Figure 4 depicts a negative correlation between the average
closeness centrality Cavg and the embedded and canonical
FFL abundances. FFLs seem to preserve the ’scale-free’
property of the network wherein a decrease in FFL counts
cause an increase in the average closeness, which further
means that the hub node strengths shift to other nodes in
the network. The availability of centralized nodes fades
as the FFLs are deleted, making the network more com-
municatively efficient, however, less resilient to random
attacks.

5.4 Betweenness Centrality

Betweenness centrality for a node computes the fraction
of shortest paths passing through a node divided by the
number of all shortest paths in the system. Assuming
that information transfer goes along the shortest paths, a
node having high betweenness will have a large influence
in general. For example, a study of yeast has shown that
essential proteins have relatively high betweenness [1].

In order to analyze the whole network, we compute a
global average betweenness as follows,

Bas= 2 YY) izezs o)

v=1i=1 j=1

where 0;; denotes the number of shortest paths between ¢
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Figure 5: Changes in the Bayg of E. coli’s TRN as
a function of the abundance of (a) embedded FFLs
and canonical FFLs.

and j, and o0;;(v) is the number of those paths that pass
through v. The successive FFL deletion plot in Figure 5
shows a weak correlation with average betweenness values.
However, this observation is significant, because between-
ness plays a role in forming communities within the net-
work, hence, affects it’s robustness. Having no correlation
with FFL abundance hence implies that this metric should
be considered separately on top of preferential attachment
models to predict more accurate TRN topologies.

5.5 Global Clustering Coefficient

Clustering coefficient measures the tendency for a net-
work to form clusters. Evidence shows that real-world
networks create denser ties than ER networks [42]. More-
over, robust biological networks having scale-free distri-
butions, exhibit short average paths and high clustering
coefficients [18, 36]. We denote the global clustering co-
efficient by a1, which is computed by dividing thrice the
number of completely connected nodes by the number of
triplets (i.e open loops). Figure 6 shows the changes in
a1 by our FFL knockout experiments. Although we ob-
serve no correlation with FFLs, as with Bayg, this metric
will hence need separate consideration in designing better
TRN growing algorithms.

5.6 Average Local Clustering Coefficient
An alternative to «aq, is the average local clustering coef-
ficient [42], formally defined as
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Figure 6: Changes in the a; of E. coli’s TRN as a
function of the abundance of (a) embedded FFLs
and (b) canonical FFLs.

1 - E;:OT’U
042—527]%(]%_1). (7)

k; denotes the number of neighbours for node ¢, while the
metric measures the number of edges connecting the nodes
as a fraction of the number of possible edges that could
exist in their local communities. At the individual node
level, this metric can be used to quantify relative nodal
participation in embedded clusters. Figure 7 shows a pos-
itive correlation with both embedded and canonical FFLs,
meaning there is a decrease in the number of local commu-
nities as FFLs get deleted. This supports the observation
stated by [18, 36] that scale-free networks typically tend
to form clusters.

6. CORRELATION BETWEEN THE
TOPOLOGICAL FEATURES

As our primary goal was to study the impact of FFLs on
the six different topological features in TRNs, we reported
the correlation of FFL abundance to each of these metrics
above. However, our FFL knock-out experiments also al-
lows us to compute the pair-wise correlation between these
six metrics and FFL abundance using a 7 X 7 correlation
matrix. This correlation matrix was computed using Pear-
son’s correlation coefficient where the values range from
—1 to 1, with 1 showing perfect positive correlation, —1
showing perfect negative dependency, and 0 meaning com-
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Figure 7: Changes in the as of E. coli’s TRN as a
function of the abundance of (a) embedded FFLs
and (b) canonical FFLs.

pletely independent of one another. A Matlab module [30],
colormap(gray) was then used to illustrate the gray scale
matrix of the correlation coefficients in Figure 8. Colors
closer to black correspond to almost —1 correlation, and
white for 1.

The figure summarizes the impact of embedded and canon-
ical FFLs on the other 6 topological features (first col-
umn in the correlation matrix). We observe a strong pos-
itive correlation with the average global and local clus-
tering coefficient and strong negative correlation with av-
erage shortest path and average closeness centrality met-
rics. While the preferential attachment model for TRN
growth algorithms conceptually guarantees high local clus-
tering coefficients, it does not inherently impact the av-
erage shortest path or average closeness centrality. So,
should one consider both of these metrics in addition to
preferential attachment to design new TRN growth algo-
rithms? The correlation matrix however shows a strong
positive correlation between average shortest path and
closeness centralities suggesting that consideration of any
one of these two metrics will be sufficient.

Similarly, average betweenness centrality is not correlated
with FFLs in the network and needs to be considered sep-
arately. Interestingly, betweenness centrality seem to be
independent of all the other features that we have consid-
ered here, meaning that the average betweenness central-

212



D, D

mng max

Cog Bong

‘g

b m D, D

max

-
('m'g Bm.g ap 05

Figure 8: Gray-scale Pearson correlation matrix
between the six topological features and (a) em-
bedded and (b) canonical FFLs.

ity must be checked separately when adding each node to
the substrate network using the preferential attachment
model. Only node additions resulting in an increase of the
betweenness centrality values should be allowed.

7. CONCLUSIONS

In this paper, we designed an innovative feed-forward loop
motif knockout experiment to assess the impact of such
FFL deletions on other topological metrics in the TRN of
E. coli. The purpose of this study is two-fold: motivate
the design of more accurate TRN growing algorithms as
well as design more efficient bio-inspired wireless sensor
network topologies. While similar characteristics were ob-
served for embedded and canonical FFLs, it turns out that
average betweenness centrality is an important metric to
consider on top of preferential attachment models to de-
sign such network topologies. Also, FFL knockouts show
strong negative correlation with average shortest path and
average closeness centrality. As these two metrics are re-
lated and contribute to lower end to end delays for in-
formation transport, such negative correlation indirectly
illustrate the importance of FFLs in facilitating the infor-
mation transport in such networks.
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