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1. Introduction
Neurodevelopmental and mental disorders affect the 
lives of many people all around the world. For instance, 
autism spectrum disorder is estimated to affect ~1% 
of the population of the United States (Christensen, 
2016) and schizophrenia affects more than 21 million 
people worldwide (http://www.who.int/mental_health/
management/schizophrenia/en/). The BrainSpan Atlas of 
the Developing Human Brain (Miller et al., 2014) has been 
deemed an important resource to study neurodevelopment 
and related disorders (Tebbenkamp et al., 2014). The 
resource contains exon-level expression data from 16 
brain regions for 11 brain development stages, from 
postconceptional weeks 5–7 to 82 years (Kang et al., 
2011). This spatiotemporal dataset enables researchers 
to generate coexpression networks of genes, which are 
hypothesized to be functionally related. BrainSpan 
coexpression networks have been frequently used to 
model neurodevelopment and discover disease genes, to 
detect affected pathways/subnetworks, and to understand 
the genetic architecture of complex diseases. Researchers 

have used BrainSpan coexpression networks in the study 
of autism (Willsey et al., 2013; De Rubeis et al., 2014; 
Liu et al., 2014; Hormozdiari et al., 2015), schizophrenia 
(Gulsuner et al., 2013; Gulsuner and McClellan, 2014; 
Maschietto et al., 2015), intellectual disability (Gudenas et 
al., 2015; Riazuddin et al., 2016), and Parkinson disease 
(Liscovitch and French, 2014). 

Despite its central role in neurodevelopmental 
disorder research, which uses the connectivity patterns 
and topological properties of the BrainSpan coexpression 
network, to the best of our knowledge, there is no 
detailed work on analyzing the structural properties of 
the BrainSpan network itself. This is in contrast to other 
important complex networks, for which numerous studies 
have been done, such as the Internet (Calvert et al., 1997; 
Albert et al., 1999; Cohen et al., 2000), and, from the 
biology domain, yeast protein interaction/coexpression 
networks (Jeong et al., 2001; Bu et al., 2003; Van Noort et 
al., 2004). In this work, we analyze the structural properties 
of the BrainSpan coexpression network using the k-shell 
decomposition method, which is a widely used method for 
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finding structurally important nodes in complex networks 
(Seidman, 1983; Bader and Hogue, 2003; Dorogovtsev 
et al., 2003; Wuchty and Almaas, 2005; Alvarez-Hamelin 
et al., 2008; Shao et al., 2009; Kitsak et al., 2010). k-Shell 
decomposition peels back the layers of a network, starting 
from the least connected (shell) until a dense core (nucleus) 
with no nodes with less than k edges remains. This way, 
nodes are classified into groups with different functional 
roles. This method is preferred over degree-based analyses 
as it is possible to obtain similar degree distributions with 
very different network topologies with the latter (Carmi 
et al., 2003; Doyle et al., 2005). k-Shell decomposition can 
be computed in polynomial time unlike finding cliques 
of size k, which is another way of detecting densely 
connected subgraphs. In the context of biology, k-shell 
decomposition has been used to predict protein function 
(Altaf-Ul-Amine et al., 2003), to analyze cancer mutation 
rates for cancer in protein domain cooccurrence networks 
(Emerson et al., 2015), and to analyze yeast protein 
interaction networks (Wuchty and Almaas, 2005). Using 
k-shell decomposition, we found that there are 266 layers 
with a total of 5423 genes, on top of a 267th layer (nucleus) 
of 2584 genes. Comparing the BrainSpan coexpression 
network to the autonomous system level Internet shows 
that despite similarities in percolation transition and crust 
size increase distributions, the BrainSpan coexpression 
network has a significantly large nucleus. We found that the 
genes in the nucleus play an important role in chromatin 
modification. The connected layer above the nucleus is 
found to be involved in “housekeeping” functions. An 
isolated component that needs to connect to the nucleus 
to reach the rest of the layers.

Is found to be relevant to growth and survival functions. 
The rest of the manuscript is organized as follows: in 
Section 2, we describe the methods used, and in Section 
3, we present our results. Finally, in Section 4 we conclude 
with the discussion of the results.

2. Materials and methods
2.1. Data
BrainSpan contains microarray and exon-level RNA 
sequencing data for neurodevelopmental and adulthood 
stages (from postconceptional weeks 5–7 to 82 years), 
sampled from 57 postmortem brains (26 females and 
31 males from many ethnicities) (Kang et al., 2011). 
Neurodevelopment is divided into 15 stages (Kang et al., 
2011; Willsey et al., 2013): embryonic (4–8 postconceptional 
weeks (PCW)), early fetal (8–10 PCW), early fetal (10–13 
PCW), early midfetal (13–16 PCW), early midfetal (16–
19 PCW), late midfetal (19–24 PCW), late fetal (24–38 
PCW), neonatal and early infancy (0–6 postnatal months 
(PM)), late infancy (6–12 PM), early childhood (1–6 
postnatal years (PY)), middle and late childhood (6–12 
PY), adolescence (12–20 PY), young adulthood (20–40 

PY), middle adulthood (40–60 PY), and late adulthood (60 
PY and more). A total of 16 cortical and subcortical brain 
regions are considered. During 4–10 PCW, the dataset 
contains samples from the occipital cerebral wall, frontal 
cerebral wall, parietal cerebral wall, temporal cerebral wall, 
upper rhombic lip, hippocampal anlage, medial ganglionic 
eminence, lateral ganglionic eminence, diencephalon, 
dorsal thalamus, ventral forebrain, and caudal ganglionic 
eminence. From 10 PCW to 82 PY, the dataset contains 
samples from the hippocampus, mediodorsal nucleus 
of the thalamus, amygdala, striatum, orbital prefrontal 
cortex, dorsal prefrontal cortex, ventral prefrontal cortex, 
medial prefrontal cortex, posterior inferior parietal 
cortex, primary auditory cortex, superior temporal 
cortex, inferior temporal cortex, primary motor cortex, 
primary somatosensory cortex, primary visual cortex, and 
cerebellar cortex (Kang et al., 2011; Willsey et al., 2013). 

In this study, we used the microarray data and removed 
the genes that are not brain-expressed. For each gene, 
expression values were obtained and ordered by brain 
region and the age at which the brain sample was obtained. 
We included all available brain regions and developmental 
stages. Note that the latter corresponds to the temporal 
dimension (corresponding to the age of the donor). 
2.2. Coexpression network construction
Gene pairs are considered coexpressed if the absolute 
Pearson correlation coefficient between their expression 
patterns is larger than 0.7. This threshold was also used 
by Willsey et al. (2013) and Liu et al. (2014). The resulting 
network is binary and bidirectional.
2.3. k-Shell decomposition
k-Shell decomposition is an unsupervised method for 
discovering structurally different layers of a network. The 
method starts with k = 1. It then removes all the nodes 
with a single edge and assigns them to the 1-shell. In the 
second iteration, k is incremented to 2 and all nodes with 
a degree of less than or equal to 2 is assigned to the 2-shell. 
This operation lasts until no node can be assigned to any 
further shells. That is, no nodes remain with degree k or 
less. The network is divided into layers and each node is 
assigned to only one shell. Deeper shells (e.g., larger k) 
indicate that the node is located towards the center (core) 
of the network. The union of shells with index of less than 
or equal to k constitutes the k-crust. For instance, union 
of the 1-shell and 2-shell constitutes the 2-crust. Similarly, 
the k-core is the union of shells with index of larger than 
or equal to k. The deepest shell is called the nucleus (Carmi 
et al., 2003). 

Figure 1 shows an illustration of the layers identified 
by the method on a toy example. In this example, we start 
with k = 1, and nodes 1 and 2 are the only nodes that have 
a single edge. Hence, they are assigned to the 1-shell and 
then they are removed from the network. We increment 
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k to 2. Note that as we have removed nodes 1 and 2 in 
the previous iteration, edges 1-3 and 2-5 are already 
removed as well. In the remaining network, nodes 3, 
4, 5, and 6 are the nodes that have degree of less than 
or equal to 2. They are assigned to the 2-shell and then 
consequently removed from the network. When k = 
3, all remaining nodes (7, 8, 9, and 10) have 3 edges. 
They are assigned to the 3-shell and as this is the deepest 
shell (no more remaining nodes), it forms the nucleus. 
The algorithm halts, as there are no more nodes to be 
processed.
2.4. Gene ontology enrichment analyses
Nodes found in various levels (e.g., the nucleus) are 
analyzed for enriched gene ontology (GO) terms. We 
used the Enrichr tool (Chen et al., 2013; Kuleshov et 
al., 2016) for this analysis. For a given gene list, Enrichr 
calculates the enriched GO terms for the Biological 
Function, Molecular Function, and the Cellular 
Component categories. Enriched terms are found using 
the Fisher exact test. A modified version of the Fisher 
exact test that also considers a background distribution 
based on many random runs also provides an adjusted 
P-value and a corresponding z-score. Finally, a 
combined score is provided, which combines the two 
P-values found. For each enrichment analysis that we 
perform, we report the top 5 GO terms, ordered with 
respect to the standard Fisher exact test results.

3. Results
The BrainSpan gene coexpression network contains 8007 
nodes (genes) and 1,562,725 edges (coexpressed pairs 
of genes, self-loops removed, threshold = 0.7). Applying 
k-shell decomposition to this network yielded 267 shells 
(layers). The network is visualized in Figure 2, where 
the shade of each node denotes its shell, darker shading 
denoting a deeper shell. Following Carmi et al. (2003), 
we analyzed both crust sizes and the sizes of the largest 
connected component and the second largest connected 
component in each crust; results are depicted in Figure 3. 
The number of nodes increases when k is increased, but the 
rate slows down as k gets closer to the level of the nucleus. 
The size of the largest connected component also follows a 
similar pattern. When the nucleus is added, we see a peak 
in the size of the deepest crust and the largest connected 
component in this crust. We observe the percolation 
transition at k = 8. Percolation transition is the point 
after which a large connected component is formed and 
the network is “mostly” connected over long ranges. The 
transition is similar to that of the autonomous system level 
Internet (AS) found in the work of Carmi et al. (2003). 
After k = 8, the largest connected component size doubles 
and the average distance between nodes peaks as shown in 
Figure 4. At k = 8 the size of the second largest connected 
component is also the largest (see Figure 3). Again, similar 
to the AS, the crust size converges as it gets deeper. Just 
before adding the nucleus, the 266-crust contains ~67% 
of the nodes, which is similar compared to 70% reported 
for the AS. Only 58 genes are disconnected from the 
remaining 7949 genes. Note that we have only included the 
genes with at least one coexpressed peer, so these genes 
form small clusters among themselves. The connectivity in 
the crust above the nucleus (k = 266) is important for p2p 
connectivity among many genes without the need for going 
through the nucleus. Of the 5423 genes in this crust, 4966 
form a connected cluster and only 457 genes (~6% of the 
network) need the nucleus to connect to other genes in the 
266-crust. This is in contrast to the AS, in which ~30% of the 
nodes need to access the cluster for connecting to the other 
genes outside the nucleus. The BrainSpan coexpression 
network also has a large nucleus of 2584 genes (~32% of 
all network), whereas the AS nucleus constitutes ~0.5% of 
the network. In conclusion, the BrainSpan coexpression 
network follows the Medusa model introduced by Carmi 
et al. (2003), which classifies nodes into three categories: 
(1) the nucleus, (2) the connected crust above the nucleus, 
and (3) the isolated component (which needs the nucleus 
to connect to the nodes in (2)). However, the percentages 
of nodes in categories (1) and (3) are different in the 
BrainSpan coexpression network compared to the AS 
network: (1) ~32% vs. ~0.5%, (2) ~67% vs. ~70%, and (3) 
~6% vs. ~30%.

Figure 1. An illustration of the k-shell decomposition method. 
The method peels out the nodes starting from the 1-shell (k = 
1) until it cannot find any nodes with a degree of less than k = 3. 
Shaded regions show each shell.
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Figure 2. Visualization of the BrainSpan coexpression network. Genes (nodes) are 
colored with respect to their shell. Darker colors denote nodes from deeper shells (more 
connected), whereas nodes with lighter shades of gray are nodes from shallower shells 
(less connected). Cytoscape is used for visualization (Shannon et al., 2003).

Figure 3. Crust size analyses. For each crust, the figure shows the number of the nodes 
in that crust (blue), the size of the largest connected component in that crust (red), and 
the size of the second largest connected component in that crust (green).
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The node degree distribution for the network is shown 
in Figure 5. We checked whether the network was scale-
free as the shape resembled a power law. The absolute 
correlation between the log of the frequencies and log 
of degrees is 0.89, but fitting a power law yields γ = 1.69, 

which is outside of the typical (2,3) bound (optimum 
x is chosen as 8 by the software). We also used a Monte 
Carlo test to check the consistency of the fit (Clauset et al., 
2009). The method randomly generates sets of the same 
sizes and computes a Kolmogorov–Smirnov (KS) statistic. 

Figure 4. Crust distance analysis. For each crust, the figure shows the average distance 
(shortest path) between every pair of nodes in the network. The average distance slowly 
decreases after the percolation transition at k = 8.

Figure 5. Degree distribution of the BrainSpan coexpression network. 
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Comparing the random distribution of KS statistics with 
the KS statistic of the actual data, a P-value is obtained. If P 
< 0.1, the test concludes that the data are inconsistent with 
the power law. We obtained a P-value of 0.0.

We have investigated the functional meaning of the 
cluster of genes that form the nucleus. GO enrichment 
analysis shows that the top enriched biological process 
term is the chromatin modification, followed by covalent 
chromatin modification and histone modification (Table 
1). Disruption of chromatin modification has been 
implicated as an important player in autism etiology. 
Nine out of 107 predicted autism risk genes are chromatin 
modifiers and autism risk genes are found to tightly 
interact with chromatin modifier genes in a transcription 
factor regulation network (De Rubeis et al., 2014). We also 
see the “regulation of neuron projection development” 
term at the 6th ranking. Neuron projection development 
was also recently implicated as a possible risk source for 
autism spectrum disorder (Liu et al., 2014). 

We also analyzed the connected crust above the nucleus 
in the same manner, as shown in Table 2. In this region, 
enriched terms are less specialized than the ones obtained 
for the nucleus. For instance, we obtained the “behavior” 
GO term as one of the top terms. “Behavior” is right below 
the root of the GO biological process term, so it includes 
many genes and it is very general. The only relevant term 

obtained in this category is the “synaptic transmission” 
term. 

Finally, analyzing the isolated component, which needs 
to connect to the rest of the crust via the nucleus, yields 
an interesting result Table 3. The top terms obtained are 
related to “neurotrophin signaling pathway”, which plays 
an important role in the growth and survival of the neurons 
(Reichardt, 2006). We also observe many immune system-
related terms like “regulation of inflammatory response” 
and “neutrophil mitigation”. Separation of these functions 
suggests that the “survival system” of the cell has a different 
agenda than the rest of the crust and only interacts with 
the cluster. Figure 6 shows the Medusa model figure of the 
BrainSpan coexpression network, where the components 
are annotated with their primary functions. In conclusion, 
at the core we see the chromatin modification function, 
whose disruption has been shown to lead to autism; on the 
largest component of the crust above the nucleus we see 
a more general pattern of functions like mitotic cell cycle 
and behavior; and, finally, at the isolated component we 
see the defense mechanism of the neurodevelopment.

4. Discussion
The BrainSpan coexpression network is a frequently 
used resource to understand neurodevelopment. Unlike 
its counterpart complex networks like the Internet, the 

Table 1. GO Biological Process enrichment results for the nucleus of the BrainSpan gene coexpression network. Only the top 5 enriched 
terms are shown, ordered with respect to the P-value. A modified version of the Fisher exact test is used to calculate adjusted P-values 
based on a background distribution. The combined score combines two scores. Enrichr software is used to obtain this table.

Term Overlap P-value Adjusted 
P-value Z-score Combined 

score

Chromatin modification (GO:0016568) 121/475 1.87109E-09 8.83341E-06 –2.40429 27.9787

Covalent chromatin modification (GO:0016569) 75/296 2.71568E-06 0.006410 –2.40007 12.1199

Histone modification (GO:0016570) 73/293 6.06652E-06 0.009546 –2.39598 11.1450

mRNA processing (GO:0006397) 89/397 2.17802E-05 0.025706 –2.38007 8.71353

Gene expression (GO:0010467) 134/672 3.42654E-05 0.032353 –2.32956 7.99283

Table 2. GO Biological Process enrichment results for the crust above the nucleus of the BrainSpan gene coexpression network. The rest 
of the description is the same as for Table 1.

Term Overlap P-value Adjusted P-value Z-score Combined score

Mitotic cell cycle (GO:0000278) 168/404 4.10844E-07 0.0021076 –2.30481 14.202724

Single-organism behavior (GO:0044708) 150/362 1.98764E-06 0.0033988 –2.40311 13.660046

Synaptic transmission (GO:0007268) 174/434 1.58541E-06 0.0033988 –2.34950 13.355307

Behavior (GO:0007610) 191/494 3.22965E-06 0.0041420 –2.40465 13.193317

Organelle fission (GO:0048285) 134/325 8.36204E-06 0.0065487 –2.33607 11.746928
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topological structure has not been examined in detail to 
date. In this paper, we analyzed the network using the 
k-shell decomposition method. Peeling back the layers of the 
network showed that it has a similar structure to that of the 
AS: a nucleus, a connected crust above the nucleus, and an 
isolated component that needs to connect to the nucleus first 
to connect to the rest of the network. However, the nucleus 
is much larger compared to the AS. As also argued by Carmi 
et al. (2003), this 3-layered structure is important for the 

organization and traffic over the networks. That is, the peer-
to-peer connected nodes do not need to load the nucleus 
for interaction. We found that the genes in this layer are 
responsible for the “housekeeping” tasks of the cell like mitotic 
cell cycle and behavior. This is inline with the previously stated 
theory that the nucleus will not be contacted for these more 
general tasks. On the other hand, the nucleus is enriched for 
chromatin modifier genes. Chromatin modification function 
is implicated as one of the most important functions in the 
etiology of autism and the nucleus being responsible for the 
epigenetic mechanisms of the neurodevelopment is feasible. 
Genes in the nucleus have very tight connections to each other 
each with at least 1089 connections on average. This is another 
indication that chromatin modification is a complex task and 
plays an important role in healthy brain development. Finally, 
the isolated component, which needs the nucleus to connect 
to the other genes in the crust, is responsible for the survival 
of the neurons. This is an interesting finding, which indicates 
that the growth and defense mechanisms of the neurons have 
a different agenda compared to the rest of the crust, and they 
only interact with the nucleus. 

In conclusion, neurodevelopment is a complex task that 
involves ~8000 genes interacting in a complex network. 
k-Shell decomposition has helped uncover the structural 
components of this complex process in an unsupervised 
way. We foresee that this initial analysis is going to pave the 
way towards more detailed analyses. One future direction 
is going to be focusing on specific time periods and brain 
regions, which are implied as important for specific 
diseases. For instance, the prefrontal cortex and primary 
motor-somatosensory cortex during midfetal development 
has been marked as an important window for autism, as 
autism genes are clustered there (Willsey et al., 2013; Liu 
et al., 2014). Understanding the network topology in that 
region and comparing/contrasting it with other regions has 
the potential to reveal the functions affecting autism.

Table 3. GO Biological Process enrichment results for the nucleus of the BrainSpan gene coexpression network. The rest of the 
description is the same as for Table 1.

Term Overlap P-value Adjusted 
P-value Z-score Combined score

Neurotrophin TRK receptor signaling 
pathway (GO:0048011) 18/274 0.00010347 0.168914534 –2.432821159 4.326437695

Neurotrophin signaling pathway 
(GO:0038179) 18/278 0.000122847 0.168914534 –2.429897065 4.321237596

Regulation of inflammatory response 
(GO:0050727) 15/247 0.00083354 0.360569806 –2.419403275 2.467959981

Cellular response to transforming growth 
factor beta stimulus (GO:0071560) 12/166 0.000667798 0.360569806 –2.2812 2.327001483

Response to transforming growth factor 
beta (GO:0071559) 12/166 0.0006 0.36056 –2.2785 2.32432988

Figure 6. Medusa model components of the decomposed 
BrainSpan coexpression network and the enriched GO Biological 
Process terms. The nucleus: chromatin modification; the 
connected component on the crust above the nucleus: mitotic 
cell cycle and behavior; isolated component: neurotrophin 
signaling pathway.
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