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ABSTRACT

Machine learning techniques may be useful in determining
the features contributing to some biological properties, such
as robustness, which is the tendency for biological systems
to resist a change of state. In this work, we compare tran-
scriptional subnetworks extracted from the bacterium FEs-
cherichia coli and the baker’s yeast Saccharomyces cere-
visiae using in silico experiments. We use the packet receipt
rate as a metric to quantify biological robustness, which is
different from the usual structural metrics since it captures
the dynamic behavior of the network. We define seven-
teen features based on structural significance, such as tran-
scriptional motifs, and conventional metrics, such as aver-
age shortest path and network density, among others. Fea-
ture ranking is performed, based on a grid-search method
to identify Support Vector Machine classifier parameters us-
ing cross validation. Our results indicate that feed-forward
loop based features are important for bacterial transcrip-
tional networks, whereas network density, degree-centrality
based and bifan-based features are found to be significant
for yeast-derived transcriptional networks. Interestingly, re-
sults suggest that feature significance varies with network
size (number of nodes). As a first, this study quantifies the
impact of the feed-forward loop and bifan transcriptional
motif abundance observed in natural networks.
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1. INTRODUCTION

We investigate genetic regulatory networks (GRNs) ob-
tained from the bacterium Escherichia coli (E. coli) and the
common baker’s yeast Saccharomyces cerevisiae, referred to
herein as Yeast, with the aim of uncovering the primary con-
tributions to robustness exhibited by these networks. Such
genetic networks are known to be robust in function, despite
exposure to disruptions such as genetic manipulation [10].
In some cases, robustness can be attributed to properties of
the network structure, such as with a tolerance to mutations
originating with the power-law degree distribution [1] or to
dynamic stability correlated with the abundance of specific
transcriptional motifs, such as the feed-forward loop [19].
The feed-forward loop is just one example of a subnetwork
found more abundantly in nature than in random networks,
collectively network motifs [21]. Special functionality has
been attributed to the feed-forward loop, such as signal-
pulse generation and changing response times [17]. In this
study on significant network features, we explore the perfor-
mance of Support Vector Machine (SVM) features derived
from transcriptional subnetwork motifs, such as the feed-
forward loop or bifan motif (a feed-forward loop motif ABC
consists of edges AB, BC, AC and a bifan motif ABCD con-
sists of edges AC, AD, BC, BD. All edges are directed). An
illustration of FFL and bifan is shown in Figure 1.

Here, we hypothesize that significance of structure-derived
features of transcriptional networks can be explored using
SVM methods. To test this, we first map the gene-gene and
transcription factor-gene interactions obtained from organism-
based GRNs to a network of nodes and edges, wherein genes
and transcription factors are represented by nodes and the
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Figure 1: Illustration of FFL and bifan motifs.

edges represent the interactions between interacting nodes.
Once the biological system is mapped into a directed net-
work, the principles of graph theory [2] may be applied to
study its structural characteristics. Part of these methods
include control theoretical ideas, which can be employed to
alter properties of critical network entities (e.g., nodes or
communities), or to manipulate larger portions of a net-
work [16]. Overall, an improved understanding of the pri-
mary topological features which contribute to certain biolog-
ical properties, such as robustness, may lead to new strate-
gies and algorithms for building randomized network models
prescribed, ab initio, with these or other desired properties.

This work is built upon previous research that aimed to
understand aspects of robustness present in transcriptional
networks, and exploring how to engineer these properties
into wireless sensor network topologies [11, 12, 6], quanti-
fying performance of the test networks using NS-2 [13]. As
such, this paper is organized as follows. Section 2 provides
a discussion on how robustness is described in the litera-
ture across various network contexts. Section 3 details the
extraction of networks, the simulation setup, and the pro-
cedure used to assess results. Section 5 describes the SVM
model and feature ranking method employed in the model
subnetworks of the biological ones.

2. BACKGROUND

2.1 Measures of biological robustness

Definitions of biological robustness are varied, and several
have been proposed in the last decade. Robustness is often
defined as an ability of a system to withstand some level of
disruption, and to perform tasks as intended. Kitano’s ver-
sion embodies this spirit, wherein he described robustness as
“...a property that allows a system to maintain its functions
against internal and external perturbations” [14]. However,
robustness is not a general property per se, but relies on
specific context, and is usually expressed as a property of a
particular metric. For example, dynamical robustness might
refer to persistence of a steady-state, despite small dynami-
cal perturbations [19].

In the realm of complex networks and control theory, ro-
bustness of controllability is defined as the ability to con-
trol aspects of the whole network through manipulation of
a smaller subset of nodes [16]. In this spirit, several node-
based metrics have been proposed to quantify robustness
in complex networks; some are centrality-based (e.g., de-
gree, betweenness, or closeness centrality) and path-based
(e.g.., average shortest path, communicability). Network
“strength” has also been proposed, based on the relative in-
teractions level of the connected components [1].

A recent study by Chan et al. [3] explored the idea of ro-
bustness in complex networks, and one metric they used was
derived from the Estrada index [5], which is only applicable
to undirected networks. Moreover, this is a structural met-

ric which cannot uniquely capture the dynamic behavior of
the transcriptional system, given that such links additionally
modify the regulatory state of the target node. We should
note that none of their analyzed metrics considered impacts
from motif abundance, which has been previously correlated
with dynamical robustness [19]. One network-based metric
that captures the dynamical aspects of information flow over
a network is the packet receipt rate (PRR), which we define
here as the ratio of the number of information packets re-
ceived at one or more given sink nodes to the number of
packets sent by the source nodes.

2.2 Packet receipt as a dynamical metric

We use the network simulator NS-2 as a simulation frame-
work in which to quantify the packet receipt rate. However,
an explanation of its applicability to transcriptional network
is in order, because biological systems don’t obviously com-
municate via information packets, but rather pathway trans-
duction facilitated by passing a sequence of concentration
thresholds. We have previously described a suitable map-
ping for these purposes [6, 11, 12], and briefly explain it
below.

As explained above, a gene regulatory network can be re-
duced to its constituent network of nodes and links, wherein
the transcription factors (TFs) and genes are nodes and the
interactions among them are represented by edges. This
basic structure may be used to transmit information pack-
ets from source nodes, which may be received at sink nodes
(genes). This scheme necessitates selection of suitable source
and sink nodes, and we have explored several methods be-
fore [6, 11]. We restrict transmission properties of the net-
work, such that genes may only receive packets, but TFs
may both send and forward packets; our sink-selection method
is one wherein all nodes with zero out-degree are labeled as
sink nodes, which may only receive packets. Finally, we ex-
press the packet receipt rate in terms of parameters specific
to the communication network, such as network loss, packet
transmission rates, and queue limits.

3. METHODS

Figure 2 provides a graphical depiction of the procedure
followed in this work. Section 3.1 describes the network
extraction—as illustrated in Figure 2 (Step 1)—from E. coli
and Yeast model networks using the GeneNetWeaver soft-
ware [20]. Section 3.2 details the simulation setup and the
determination of robustness—illustrated in Figure 2 (Step 2)—
using NS-2 software. Finally, sections 5.1 and 5.2 discuss
label determination using k-means clustering algorithm and
feature calculation.

3.1 Bacterial and yeast derived networks

Networks of five different sizes were used, measured in
terms of the total number of nodes: 100, 200, 300, 400 and
500. For each size, we extracted 100 sample networks from
either E. coli or S. cerevisiae transcriptional networks using
GeneNetWeaver. Herein we refer to the model networks
derived from either E. coli or S. cerevisiae as, respectively,
E. coli or Yeast networks.

In the analyses explained below, two networks were com-
pared if they were of equal size (i.e. number of nodes), al-
though individual networks may support a variable number
of total links. For two such subnetworks, labeled A and B,
we hypothesize that if the networks exhibit robustness in the
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Figure 2: Illustration of the procedure followed in this work.
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dynamical metric (the packet receipt rate), then there exists
identifiable topological features attributable to the variation
between subnetwork A and B. To test this hypothesis, we
carried out in-silico simulations to identify the best, average
and worst performing networks, as ordered by the numerical
value of their packet receipt rate(s).

Packet receipt rates were measured for each network against
varying levels of “loss” in a given communication channel.
Higher levels of loss correlate with a greater chance that
transmitted packets fail to arrive at the destination node.

3.2 NS2 simulation setup

This work uses our previous approach to quantify network
robustness using packet receipt rate in [11, 12, 13]. Network
robustness is measured across three different loss models:
20%, 35% and 50%. Queue limit at a node is set at five
(packets). All edges are considered to be directed. Nodes
with zero out-degree are considered to be sinks and other
nodes are considered to be source nodes. While sink nodes
only receive packets, source nodes transmit and forward the
packets. This scenario resembles a biological system where
transcription factor(s) regulate gene(s). Packet transmission
follows flooding protocol wherein each node can send ten
packets to its direct neighboring nodes. Packet receipt rate
is calculated as the ratio of number of packets received at all
sinks to the number of packets generated at source nodes.
We represent robustness of a network as a percentage (packet
receipt rate)*100.

Since the simulations consider channel fluctuation and
congestion based packet drops as perturbations, higher ro-
bustness value for a network makes it more robust compared
to a network with lower robustness value.

4. NS-2 SIMULATION RESULTS

Packet receipt rates of best, average and worst performing
networks for sizes 100, 200, 300, 400 and 500 are presented
in Figures 3a, 3b, and 3c.

To compare network performance, we estimated the area
under the plotted curves illustrating the packet receipt rate
to the channel loss (Figs. 3(a-c)). Linear interpolation was
used to extrapolate PRR trends between networks of vary-
ing size, and the trapezoidal rule was used to calculate the
area under the curve. Out of fifteen instances (five differ-
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Figure 3: Comparison of (a) best, (b) average and (c) mini-
mum performing F. coli and Yeast derived networks, respec-
tively, for sizes 100, 200, 300, 400, and 500 nodes



ent network sizes and three different loss models) eleven E.
coli derived networks performed “better” than their counter-
parts, in the sense of higher PRR levels despite conditions
of channel loss. In three cases (200, 400, 500 sizes), Yeast
derived networks performed better than their counterparts.
In one case (100 network size, Fig. 3(a)), both performed
identically. In certain instances (E. coli network - 300 nodes
at 35% and 50%), higher fluctuation in loss might not re-
sult in drop in PRR since there are multiple options for a
packet to be transmitted to sink(s). Full impact of the effect
of multiple sinks across different perturbations needs to be
explored.

Selective features can contribute for better performance
of a specific network. For example, the reasons for robust
behavior of a network can be due to structural redundancy.
Motifs such as feed-forward loop support structural redun-
dancy that can be captured using NS-2 framework. For one
such motif ABC (with directed edges AB, AC and BC), in-
formation can be transmitted from A to C directly or via
B. In order to identify these features, we use Support Vec-
tor Machine (SVM) methods where network data is trained
and tested using a classifier. This is described below in Sec-
tion 5. We define features related to feed-forward loop mo-
tifs among others to understand such behavior. Using the
SVM classifier, we rank features. We first measured a set of
features identified as important by earlier results from the
literature, and then created additional features to generate
a more holistic picture. The next section defines SVM con-
cepts and describes the features and the methodology used
to determine significant features among them.

5. SUPPORT VECTOR MACHINE MODEL-
ING

Machine learning (ML) is now widely used by businesses
to identify email spam, predict airline prices on a busy week-
end, predict football game outcomes, predict national elec-
tion outcomes, credit card fraud detection among a slew of
other applications. For example, one application involves
development of a feature detector to identify Human bodies
and cat faces, using unsupervised learning techniques [15].
As more data regarding cellular interactions become avail-
able, such techniques can be employed to develop improved
predictive models of cellular regulation. In the context of
biological systems, [8] used k nearest neighbors classifier to
predict cellular localization sites of proteins in E. coli and
yeast. ML algorithms such as decision tree, bayes predic-
tion, logistic regression are used by [4] to predict metabolic
pathways. Unsupervised ML algorithms are used to predict
the output (labels) of new datasets based on models built us-
ing historical data. Supervised learning methods are used to
study and classify labeled data. Labels can be understood as
output for a set of described data properties. SVMs, a type
of supervised learning technique, are used here to identify
significant patterns in E. coli and yeast networks. In our
case, we use packet receipt rates as labels (after mapping
them: Section 5.1) and features (Section 5.2) as properties
that describe the network data. Features in our case are
structural properties and properties derived from transcrip-
tional motifs. Each network instance (hundred instances)
for each network size (five sizes) is labeled with an output
which is packet receipt rate calculated using NS-2 simula-
tions. Table 1 describes the data format used to build SVM

Table 1: Data format used to build SVM classifier for each
network size and specific network type (net refers to network
and f.id, fvalue refer to feature id and value respectively)

SVM input data format

netl_output f_idl:net1_f value ... fid17:net1_f value

net100_output f id1:net100_f value ... fid17:net100_f value

classifier for a given network size.

The network datasets obtained above through the GeneNetWeaver

software toolkit were processed using SVM classification mod-
els [7]. We follow the data preprocessing and model selec-

tion style defined by [9]. The features were scaled to the

range [—1, 1] to avoid artificial bias toward high-valued fea-

tures, and we applied this scaling procedure to all network

datasets.

5.1 Label mapping using k-means algorithm

Robustness values of networks fall in the range of 0.0 —
100.0. In order to build a SVM classification model, integer
labels are required. Hence, we map the robustness labels
(in floating point) to integer values. This is performed using
k-means clustering algorithm instead of arbitrary allocation.
For a given set of n points, k-means algorithm partitions the
points into k clusters. Initially, the points are clustered with
a random center for each cluster. Then, the distance of each
point to all the cluster centers is estimated and the point is
reassigned to the cluster center nearest to it. This process is
continued until the centers no longer change. For this work,
we grouped the data into five clusters. Now, this data is
used to perform grid search and identify best parameters to
build an SVM classifier.

5.2 Features

Feature extraction is a critical aspect before choosing the
ML model. We define certain features based on accepted
metrics in research community. Average shortest path mea-
sures the capability of any two nodes in the network to
communicate and hence is chosen to be explored. Network
density captures the sparsity of nodes in the network. We
also measure centrality metrics such as degree centrality, be-
tweenness centrality and closeness centrality as they identify
nodes that work as hub nodes for information flow in a net-
work. Feed-forward loop (FFL) motif has been identified to
contribute to robustness—preserving system function despite
internal and external perturbances—in genetic networks [14].
FFLs are also have been shown to be important for biologi-
cal functions such as generating signal pulses, and speeding
up or delaying response times [17]. Hence, three FFL-based
metrics are defined as features. FFL motifs, despite being
responsible for several biological functions are found to be
less stable than bifan motif [19]. Hence, three bifan-based
metrics are defined as features.

A total of seventeen features are considered to build the
SVM classification model. We define each feature before we
identifying the significant ones.

5.2.1 Network density

Network density (ND) is the amount of edges present in
the network compared to the total number of edges possible



in the network *.

5.2.2 Average shortest path

Average shortest path of the network (ASP) is the ratio of
the sum of shortest paths for all pairs of nodes to the total
number of possible edges.

5.2.3 Genes percentage

Genes percentage (GP) is the percentage of gene nodes
with respect to the total nodes in the network.

5.2.4 Transcription factors percentage

Transcription factor percentage (TFP) measures the num-
ber of transcription factor nodes compared to the total num-
ber of nodes in the network.

5.2.5 Transcription factor network density

Transcription factor network density (TFND) determines
the percentage of total edges connected to transcription fac-
tor nodes.

5.2.6  Genes coverage

Genes coverage (GC) is the ratio of in-degree of all sink
nodes to the sum of the number of source nodes with paths
to the sink nodes.

5.2.7 Centrality measures

a) Degree centrality
For a node, degree centrality determines the fraction of nodes
it is connected to in the network. The average degree cen-
trality of gene nodes (ADCG) and transcription factor nodes
(ADTF) are considered separately. Simultaneously, average
degree centrality of the network (ADC) is considered.

b) Betweenness centrality
Betweenness centrality of a node is the number of shortest
paths the node participates in compared to the total number
of shortest paths in the network. The average betweenness
centrality of transcription factor nodes (ABTF) is consid-
ered.

c) Closeness centrality
Closeness centrality measures the distance of each node to all
other nodes. Here, the average closeness centrality of tran-
scription factor nodes (ACCTF) is considered. A normalized
version of the closeness centrality is used as a feature.

It can be observed that betweenness centrality and close-
ness centrality for gene nodes are not considered as they do
not participate as intermediate nodes in shortest paths since
their out-degree is zero. Eigenvector centrality metric is not
considered since the convergence using power method is not
possible for all the networks.

5.2.8 FFL edge abundance

FFL edge abundance (FFLD) measures the number of
edges participating in FFLs compared to the total number
of edges in the network.

5.2.9 Bifan edge abundance

Bifan edge abundance (BFD) measures the number of
edges participating in bifans compared to the total number
of edges in the network.

!'Equations describing the feature determination for all fea-
tures have been removed for space considerations.

FFLSSPD,
.......... FFLSSP
consider
such edges

., FFLD also
- FFLSSPD is the ratio of number of FFL * considers

participating edges going from source to sink
to the total number of edges from source(s) to these edges
sink(s)

Note
- FFLSSP is the ratio of number of FFL.
participating edges going from source to sink
to the total number of edges in the network

- Transcription Factor (TF)
nodes are source nodes.

- Gene (G) nodes are sink

- FFLD is the percentage of FFL participating ’
nodes.

edges in the network

Figure 4: Demonstration of FFLSSP, FFLD and FFLSSPD
features

5.2.10 FFLSSP

We determine the total edges such that each edge partic-
ipates in an FFL and also goes from a transcription factor
node (source) to a gene node (sink). Two features are de-
rived from this metric: a) the count determined is compared
to the total number of edges in the network (FFLSSP) and
b) the count determined is compared to the total number of
direct edges from transcription factor nodes to gene nodes
(FFLSSPD). Figure 4 illustrates this scenario.

5.2.11 BifanSSP

We determine the total edges such that each edge partic-
ipates in an bifan and also goes from a transcription factor
(source) node to a gene node (sink). Two features are de-
rived from this metric: a) the count determined is compared
to the total number of edges in the network (BFSSP) and
b) the count determined is compared to the total number of
direct edges from transcription factor nodes to gene nodes
(BFSSPD). Figure 4 can be extended to bifan motif.

All features are scaled from -1 to 1 based on the Equation
1.

Fj - szn
Fmaz - szn
where F' is the set of features, Fj, is the scaled jth fea-

ture value, Fj is the jth feature value, Fihaz and Fin are
maximum and minimum values in the F'.

Fio = ( Jx2—1 ()

5.3 Implementation and feature ranking

Python programming language [22] is used to implement
the feature ranking and SVM classification model. We used
scikit-learn [18] package developed using Python for SVM
classification feature ranking and building a classification
model. scikit-learn uses the popular lzbsum and liblinear
packages internally.

As recommended in [9], the best classifier parameters are
determined using grid search with ten-fold cross validation.
Cross validation is performed to avoid overfitting the data.
We considered linear, RBF and polynomial kernels as kernel
options 2. Initially, the classifier was modeled for ten-fold

2Due to limited space the parameters are described here. 1,
10, 100, 1000 are used as C values for Linear, RBF, Poly-
nomial kernels. The set of values 0.0001, 0.001, 0.01, 0.1, 1



Table 2: Best grid search parameters using cross validation
- E. coli, yeast-derived networks

Network | Kernel C Gamma degree
size(s) [60)

yeast - | Polynomial | 1, 1 1,1 3,3
100, 300

yeast - | RBF 10, 1, 10 1,1,2 -
200, 400,

500

E. coli - | RBF 100, 10, 1, | 0.1, 2, 1, | -
100, 200, 100 0.1

400, 500

E. coli - | Polynomial | 1 1 4
300

cross validation. In some instances, number of labels for a
class was found to be less than the number of folds (ten).
Hence, five-fold cross validation is performed. Best param-
eters are identified by taking the mean of accuracy across
five-fold cross validation. For this study, training data is set
at 85% of the entire data and remaining data is for test-
ing purposes. Hence, 85% of the data is used for training
purposes >. Here, the training set is divided into ten sub-
datasets of equal size and each sub-dataset is tested using the
classifier trained on the remaining nine sub-datasets. This is
done for each C' &  pair. Once the best parameters (defined
in Tables 2 for both yeast and E. coli networks) are iden-
tified, feature ranking and classification model building is
performed. An SVM classification model is built for future
purposes to predict the performance of extracted subnet-
works. Accuracy score? is used to identify the accuracy of
the classifier.

Features are ranked using analysis of variance (ANOVA)
F-value metric. ANOVA F-value calculates the ratio of inter-
class variance to within-class variance. This metric is used
from scikit-learn [18]. A higher F-value denotes higher sig-
nificance of a feature. In this work, we filter top five features
out of the defined seventeen features. While F-value cal-
culates the feature significance individually, mutual feature
dependence cannot be estimated by this metric. We intend
to address this aspect in the future work.

5.4 Feature significance

For each network size and specific network type, an SVM
model is created and corresponding features are ranked. Con-
sidering yeast networks first, nine important features are
plotted in Figure 5. Top five features are ranked for each
network size. The superset of all features for five different
network sizes is then selected for comparison. ND and ADC
rank higher than most features for yeast networks. BFD and
BFSSP also feature among the top ranked features. Simi-
larly, this is repeated for E. coli networks. For E. coli net-
works, from Figure 6 it can be observed that there is no
feature that is a clear winner. An interesting observation
is the change in feature ranking for change in network size.
For instance, BFD ranks higher for network sizes 300 and

and 2 are used as -y for RBF kernel. A v value of 1 is used
for Polynomial kernel. 1, 2, 3, 4, 5 are used as degree values
(applicable only to Polynomial kernel).

3Data were also modeled by using 75%:15% data ratio for
training and testing. No significant difference was noticed
in estimating the features.

41t is the ratio of number of true predicted values to the true
values.

400 and ADTF ranks higher for network sizes 200, 300 and
400.

5.4.1 Normalized features

To understand the relative importance of features, nor-
malized ANOVA F-values of all the features is determined
and illustrated in Figures 7a, Tb, 7c, 7d, 8 and 9. At any
given network size, more number of features rank higher for
E. coli networks than yeast networks. A combination of the
highly ranked features can be used to create specialized net-
works in the future which can ensure maximum efficiency.

5.4.2 Feature comparison in E. coli and yeast net-
works

It can be observed from Figs. (7a-7d, 8) that FFLSSPD,
FFLSSP and FFLD rank higher for E. coli networks than
yeast networks. In biological context, this information is
crucial. Since FFLSSPD and FFLSSP consider both the
number of edges in FFLs and direct edges from sources to
sinks, the essence of network robustness is captured in these
metrics.

5.4.3 Feature trend

Figure 9 is used to observe the trend of individual fea-
tures. TFP, GP, BFD, BFSSP, ND, ABCTF, ACCTF rank
relatively higher across all cases in E. coli networks than in
yeast networks. ADTF ranks higher in yeast networks than
its counterpart. ADC performs better in yeast networks
at few network instances (200, 400) than E. coli networks.
This study will help design flexible learning classifiers where
features can be adaptively used as plug-ins depending on
the network type. Since, bifan-based features work better
for yeast networks, bifan interaction within these networks
can offer insights for adaptive information transmission in a
network.

1.0

Normalized ANOVA F-value

100 150 200 250 300 350 400 450 500
Network size (nodes)
— ADTF -+ ADC
=a TFP oo BFSSP
— 6P x> ND
=@ BFD 4—4 ABCTF
=9 ACCTF

Figure 5: Comparison of 8 features across Yeast networks of
sizes 100, 200, 300, 400 and 500.

6. DISCUSSION AND CONCLUSIONS

To compare the relative efficiency of E. coli and yeast
networks, we use quantitative methods to simulate packet
transmission in the subnetworks derived from their regula-
tory networks. As a first, we identify several features that
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Figure 6: Comparison of 8 features across E. coli networks
of sizes 100, 200, 300, 400 and 500.
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Figure 8: Feature comparison E. coli and Yeast networks
for size 500.

potentially contribute to the robustness of networks derived
from both organisms. Feature ranking is performed to iden-
tify significant features using normalized ANOVA F-value
and the superset of top five identified features, across dif-
ferent network sizes, is determined. While ADTF ranks dis-
tinctly higher than other features for yeast networks, [ND,
ADCG, ADC, BFSSP, BFSSPD, BFD] mostly outrank other
features for E. coli networks. To the best of our knowledge,
this is the first study to compare E. coli and yeast networks
using feature ranking.

Machine learning can be a critical tool to understand bi-
ological principles. Our classifier will be improved in the
future by pruning insignificant features. Extensive study
using larger sample size will be carried out to understand
the significance of label mapping using k-means clustering,
choice of training and testing data split ratio. This work
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Figure 9: Normalized ANOVA F-value of features calculated
for a specific network type and size for E. coli and Yeast
networks.

paves a new way to compare biological systems and design
bio-inspired topologies. Specialized bio-inspired networks
can be designed to exploit the identified features such as
ND, ADCG, ADC and biological features such as FFLSSP,
FFLSSPD, FFLD, BFSSP, BFSSPD, BFD that are derived
based on functionally important FFL and bifan motifs. Se-
lective feature usage will help maximize information trans-
mission and help realize network efficiency.
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