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Abstract

Network models combined with gene expression studies have become useful tools for studying complex dis-
eases like Alzheimer’s disease. We constructed a “Core” Alzheimer’s disease protein interaction network by
human curation of the primary literature. The Core network consisted of 775 nodes and 2,204 interactions. To
our knowledge, this is the most comprehensive and accurate protein interaction network yet constructed for
Alzheimer’s disease. An “Expanded” network was computationally constructed by adding additional proteins
that interacted with Core network proteins, and consisted of 4,945 nodes and 26,064 interactions. We then
mapped existing gene expression studies to the Core network. This combined data model identified the MAPK/
ERK pathway and clathrin-mediated receptor endocytosis as key pathways in Alzheimer’s disease. Important
proteins in the MAPK/ERK pathway that interacted in the Core network formed a downregulated cluster of
nodes, whereas clathrin and several clathrin accessory proteins that interacted in the Core network formed an
upregulated cluster of nodes. The MAPK/ERK pathway is a key component in synaptic plasticity and learning,
processes disrupted in Alzheimer’s. Clathrin and clathrin adaptor proteins are involved in the endocytosis of the
APP protein that can lead to increased intracellular levels of amyloid beta peptide, contributing to the pro-
gression of Alzheimer’s.

Introduction study polygenic diseases (Barabasi and Oltvai, 2004; Schadt
and Lum, 2006; Sieberts and Schadt, 2007). Protein—protein
LZHEIMER'S DISEASE (AD) is the most prevalent form of interaction (PPI) network models are useful in identifying key
dementia in aging humans. It is already a significant proteins and cellular pathways in a particular disease and
health problem in the United States, and is predicted by some  provide a framework for investigating the complexities of
to become the dominant health problem in this country within  polygenic diseases like AD. Network models have also found
15 years, surpassing cancer and cardiovascular disease in  widespread use in integrating data from other sources, such
terms of the overall financial burden to the U.S. healthcare as gene expression data (Barabasi and Oltvai, 2004; Camargo
system (Burke, 2007; Culmsee, 2006; Walsh and Selkoe, 2004). and Azuaje, 2007; Kann, 2007; Lu et al., 2007). Mapping gene
Although much progress has been made in identifying expression data to PPI networks provides a more meaningful
the causative factors of genetic diseases where variation in a  biological context for differentially expressed genes. This
single gene is the predominant factor (i.e., monogenic dis- combined approach can identify key cellular pathways or
eases), far less progress has been made in determining the complexes where up- or downregulated gene products clus-
genetic causes of polygenic diseases such as AD and other ter, thus identifying potential disease-associated genes that
neurodegenerative diseases, cancer, and cardiovascular dis- may not be significantly up- or downregulated by themselves.
ease. The difficulties in studying polygenic diseases like AD  PPI network models combined with gene expression data
are due to the presence of multiple genetic variants and their ~ have recently been used to identify key proteins, pathways,
interactions with nongenetic factors (e.g., diet) (Kann, 2007; and novel candidate genes in the study of polygenic diseases
Lesnick et al., 2007; Schadt and Lum, 2006). The complexities  such as cancer (Wachi et al., 2005), atherosclerosis (King et al.,
of polygenic diseases, coupled with the large amount of mo-  2005), and Parkinson’s disease (Lesnick et al., 2007).
lecular interaction data generated by high-throughput tech- We have applied this combination of PPI networks and
niques, has led to the increasing use of network models to  gene expression data to the study of AD. We first constructed
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two PPI networks for AD. The first network (“Core” network)
was constructed by a human review of primary literature and
Web resources related to AD. All Core network proteins and
interactions were known to be associated with AD or AD-
related cellular processes. We focused predominantly on
studies that used multiple methods to experimentally verify
specific PPIs and avoided high-throughput data because of
the high rates of false positive and negative results known to
be associated with this type of data (Batada et al., 2006; Kann,
2007; Zhu et al., 2007). Although other computational or
probabilistic network models of AD have been developed
(Krauthammer et al., 2004; Liu et al., 2006; Soler-Lopez et al.,
2011), genes and proteins present in these models are not
necessarily involved in AD, nor do these networks attempt to
include the majority of genes and proteins involved in AD and
AD-related cellular processes. To our knowledge, the Core
network is the most comprehensive and accurate PPI network
model of AD constructed to date. The second network (“Ex-
panded” network) computationally enlarged the Core net-
work by adding additional proteins that interact with Core
proteins, using data from the Human Protein Reference
Database (HPRD) (Prasad et al.,, 2009). HPRD contains
human-curated interaction data from published literature and
is one of the larger and more comprehensive protein interac-
tion databases (Gandhi et al., 2006). Although the Expanded
network proteins were not known to be associated with AD at
the time of network construction, they could have an effect on
AD-related processes due to their interactions with Core
network proteins.

We performed an initial analysis of the network structure
and protein content of both networks in order to identify key
proteins, protein interactions, and molecular pathways in-
volved in AD. We then mapped existing gene expression
studies to the Core network in order to identify up- and
downregulated genes and where their protein products
clustered in the Core network, focusing in particular on dif-
ferentially regulated genes whose protein products interacted
with each other to form connected clusters in the Core net-
work. We identified two key cellular pathways in particular
that had clusters of differentially regulated genes whose
protein products interacted in the Core network: the MAPK/
ERK pathway, which is key in long-term potentiation and
synaptic plasticity, and clathrin-mediated receptor endo-
cytosis, which is involved in the internalization of the amyloid
precursor protein (APP) that can lead to increased intracel-
lular production of the amyloid beta (Af) peptide (Schneider
et al., 2008).

Materials and Methods
Core network construction

The Core network was built from a review of the primary
literature using Web of Science (thomsonreuters.com)
and PubMed (www.ncbi.nlm.nih.gov/pubmed/) and a con-
tinuous review of current journal titles related to AD and
neuroscience. Other resources used included the Online
Mendelian Inheritance in Man (OMIM) Web pages at NCBI
(www.ncbinlm.nih.gov/omim), the Kyoto Encyclopedia of
Genes and Genomes (KEGG) (Kanehisa and Goto, 2000), the
Alzheimer Research forum Website (www.alzgene.org)
(Bertram et al.,, 2007), and the Autworks Website (aut-
works.hms.harvard.edu/). Approximately 5,000 individual
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articles that were identified by these sources as containing
AD-related PPIs were reviewed in this process.

In some instances, experimental data did not identify every
specific protein that is involved in a particular pathway, so
intermediate proteins in some pathways may not have been
identified. This was an acceptable tradeoff so as to avoid in-
cluding false interactions. In order to fill in the gaps in well-
known pathways, we used additional interactions from either
the NCBI Entrez Gene Web pages (Www.ncbi.nlm.nih.gov/
gene/) or the KEGG database when those pathways were
implicated in AD by the primary literature. We tried to min-
imize these changes, because normal signaling pathways can
be disrupted in disease states (Ideker and Sharan, 2008; Kann,
2007). Although a few intermediaries may have been missed,
the network still indicated the interaction effects as docu-
mented in the original article and the overall pathway and key
signaling proteins involved. (The Expanded network, as de-
scribed below, incorporated some of these missing interac-
tions if they were included in HPRD.)

We also replaced some protein complexes with represen-
tative complex members. For example, the Core network in-
cludes several protein kinase complexes, such as protein
kinases A and C, and receptor complexes, such as NMDA
glutamate receptors, that are made up of multiple subunits. In
most cases, all or most of the relevant subunits were included
in the network, with interactions listed between subunits as
appropriate. However, for interactions between the protein
kinase or receptor complex and other proteins, if a specific
subunit was not listed in the journal article, we chose a sub-
unit as a marker for the complex as a whole and used that
subunit in that particular protein—protein interaction. Choice
of subunits as markers was based as much as possible on
those subunits/proteins known to be common in the central
nervous system (CNS) or involved in AD.

For network visualization and analysis, PPl data were
imported into the software program Cytoscape v2.6.3
(Shannon et al., 2003) and constructed as an undirected graph.
In all cases, the NCBI official symbol was used to identify
network proteins. The Core network was completed in
December of 2009. (A link to a Cytoscape compatible file of the
Core network is included as Supplemental Figure S1. Cytos-
cape software can be downloaded from cytoscape.org)

Expanded network construction

The Expanded network was constructed in December 2009
using the software program MiMi v3.0.1 (Gao et al., 2009), a
plug-in for Cytoscape, which accesses the major on-line data-
bases containing PPI data. Program settings were specified to
use HPRD as the reference database, with all Core network
proteins as input, and to select all input proteins plus their first
neighbors as the undirected output network. The network ex-
pansion was limited to first neighbors of Core network proteins
in order to focus on proteins that could have a direct impact on
known AD-related proteins and to limit the size of the Ex-
panded network. Besides these additional proteins and their
interactions, the Expanded network added additional interac-
tions between Core proteins not identified in the literature as
being associated with AD and thus not included in the Core
network. (A link to a Cytoscape compatible file of the Ex-
panded network is included as Supplemental Figure S2. Cy-
toscape software can be downloaded from cytoscape.org)
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Analysis of network parameters and structure

Network parameters for both Core and Expanded net-
works were calculated in order to analyze network structure
and to identify key nodes. (See Table 1 for a definition of
network and node parameters used for this and subsequent
network analyses.) Calculation and analysis of network
parameters was done using the plug-in programs CentiScape
v1.1 (Scardoni et al., 2009) and NetworkAnalyzer v2.6.1
(Assenov et al., 2008) for Cytoscape, and the igraph library
(Csardi and Nepusz, 2006) in the software program R (Team,
2009).

Core network parameters were compared to populations of
randomly generated networks and rewired versions of the
Core network. Generation of random and rewired networks
and analysis was performed using igraph to produce
rewired networks and the Cytoscape plug-in Random Net-
works v1.0 (sites.google.com/site/randomnetworkplugin/
Home) to create random networks using a Barabasi-Albert
algorithm that produces a scale-free network. One thousand
networks of each type were created for comparison to Core
network parameters. Rewired networks had the same number
of nodes and edges as the Core network, but edges were
randomly shuffled between nodes. The random networks also
had the same number of nodes (775) as the Core network, and
were constructed to also have a similar number of edges in
order to make comparisons of network parameters valid. The
p-values for comparison of network parameters were gener-
ated by taking the proportion of the 1,000 random or rewired
networks whose relevant parameter was greater than or less
than, as appropriate, the Core network parameter under
analysis.

TaBLE 1. DEFINITIONS OF NETWORK
AND NODE PARAMETERS USED FOR NETWORK ANALYSIS
(BAraBASI AND OrT1VAIL 2004; IDEKER AND SHARAN, 2008;
LiN T AL., 2009; ZHU ET AL., 2007)

Parameter Type Description
Degree Node Number of interactions
Average Network Average number of interactions
degree for all nodes in a network
Power law Network Exponent in equation describing
coefficient network degree distribution
Closeness Node Reciprocal of sum of all shortest
centrality paths between a particular node
and all other network nodes
Average Network Closeness centrality averaged for
closeness all network nodes
centrality
Average Network Connectivity of all immediate
clustering neighbors of a particular node
coefficient averaged for all network nodes
Average Network Average of all shortest paths (in
shortest number of edges) between all
path pairs of nodes in network
Density Network Ratio of actual number of edges
in a network to possible
number of edges
Diameter Network Longest shortest path across

network

Parameters for the Core and Expanded networks were
compared to a set of 12 PPI networks taken from Web re-
sources and primary literature:

1. Five networks, consisting of all listed PPIs as of 11/25/
09 for human, A. thaliana, C. elegans, D. melanogaster,
and M. musculus from Biogrid on-line database (Stark
et al., 2006)

2. Five networks, consisting of four human PPI networks
and one yeast PPI network from Cytoscape software
package v. 2.6.3

3. Two disease networks, consisting of one human ataxia
PPI network (Lim et al., 2006) and one mouse model of
asthma PPI network (Lu et al., 2007) from published
journal articles.

Summary statistics for this sample of PPI networks (mean,
minimum, maximum, and standard deviation) were gener-
ated using the software program R.

Gene expression data analysis

Gene expression data from four studies (Blalock et al., 2004;
Nunez-Iglesias et al., 2010; Williams et al., 2009) (unpublished
study conducted by Chen et al.) were mapped onto the Core
network. Data from these studies are available on the NCBI
Gene Expression Omnibus (GEO) page (www.ncbinlm.nih
.gov/geo/). The Blalock et al. (2004) study is GSE1297, the
Nunez-Iglesias et al. (2010) study is GSE16759, the Williams
et al. (2009) study is GSE12685, and the Chen et al. study is
GSE18309. The Blalock study consisted of 31 hippocampal
tissue samples from control, incipient, moderate, and severe
AD; the Nunez-Iglesias study had 16 samples from parietal
lobe cortex; the Williams study had 14 samples from sy-
naptoneurosomes prepared from frontal cortex; and the Chen
study had 9 samples taken from peripheral blood mono-
nuclear cells. Half of the control samples and half of the AD
samples from the Nunez-Iglesias study were analyzed for
miRNA expression; those samples were not included in this
analysis. Three of the samples from the Chen study were from
patients with a diagnosis of mild cognitive impairment rather
than AD; those samples were also not used in this analysis.
Raw data was downloaded as .CEL files and preprocessed in
R with the affy package (Gautier et al., 2004) using the ex-
presso function with mas as the background correct method,
quantiles as the normalization method, mas as the pmcorrect
method, and medianpolish as the summary method (Choe
et al., 2005; Miller et al., 2008). An R script was used to extract
the Core network genes from the overall expression dataset.
Preprocessed data was mapped to the Core network in
Cytoscape as a node attribute. Data for the Blalock study,
which consisted of separate microarray analyses for incipient,
moderate, and severe AD were mapped separately for each
disease level. We selected subpopulations of genes to be
mapped to the network by defining downregulated genes as
those genes showing a decrease in the log 2 expression value
of 0.5 or more compared to control samples and upregulated
genes as those genes having a log 2 increase in expression
values of 0.5 or more compared to control samples. If there
were multiple transcripts listed for any particular gene in the
up- or downregulated lists, we selected the lowest log 2 values
of the replicates for the downregulated list, and the highest
log 2 values for the upregulated list. We then mapped these
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two sets of genes to the Core network, using the network
structure to identify significant clusters of related proteins in
particular pathways with coordinated changes in levels of
expression. This approach has been used successfully to
identify key disease-associated pathways in which individual
gene expression levels vary by as little as 20% (Subramanian
et al., 2005), a smaller change than we used as our minimum
fold cutoff. Once mapped to the original network, subnet-
works were extracted consisting of all Core network nodes
from that study or level of AD severity that were up- or
downregulated. From these subnetworks, we also identified
connected components of up- or downregulated nodes that
were first neighbors in the original Core network.

We used the Wilcoxon rank-sum test, performed in R, to
compare the relative levels of connectivity between these
subnetworks. Comparisons were done using the average de-
gree of each subnetwork of up- or downregulated nodes. Note
that the degree used was the degree of the node in the sub-
network, not its degree in the original Core network. We used
all up- or downregulated nodes in each subnetwork in cal-
culating average degree, not just those nodes in a connected
component, so many nodes had a degree of zero. The average
degree of each group of nodes was calculated using the
CentiScape plug-in in Cytoscape.

Results
Network structure and parameters

The completed Core network contained 775 nodes and
2,204 edges. The Expanded network consisted of 4,945 nodes
and 26,064 edges. We compared selected Core network
parameters (see Table 1 for definitions of network parameters)
with two sets of 1,000 networks generated either by rewiring
of the Core network or construction of similar-sized random
scale-free networks (Table 2). Compared to the rewired
graphs, the Core network average clustering coefficient and
average shortest path were significantly larger. The average
closeness centrality was not statistically significantly differ-
ent. The density was unchanged, because the rewired graphs
had the same number of nodes and edges as the Core graph.

Compared to the random networks, the Core network av-
erage clustering coefficient and average shortest path were
again significantly larger, whereas the power law coefficient
of the degree distribution was significantly smaller.
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We also compared key network parameters for both the
Core and Expanded networks to a random sample of 12 other
existing PPI networks (Table 3). The Core network had a
larger average clustering coefficient and average closeness
centrality, and a smaller average shortest path length com-
pared to the range of values for the other networks. The power
law coefficient of the Core network was toward the low end of
the range of the other networks, whereas the density was
toward the high end of the range. The Expanded network,
with the exception of its average degree, had parameter val-
ues that were within the range of the other networks.

Key proteins in core and expanded networks

We identified the top 25 proteins by degree in the Core and
Expanded networks (Table 4). As the degree indicates the
number of direct interactions a protein has, a high degree can
indicate proteins with an important role in the network; dis-
ruption of these proteins could have a significant impact on
the network’s functioning (Barabasi and Oltvai, 2004; Batada
et al., 2006; Kann, 2007). All of the top 25 proteins by degree in
the Expanded network, with the exception of E1A binding
protein p300 (EP300), were also present in the Core network,
although in some cases with significant increases or decreases
in degree.

Mapping of gene expression data

We mapped gene expression data from four studies
(Blalock et al., 2004; Nunez-Iglesias et al., 2010; Williams et al.,
2009) (unpublished study by Chen et al.) onto the Core net-
work (Table 5). We then looked for clusters of connected
proteins (connected components) in the Core network whose
underlying genes were either all up- or downregulated in the
expression dataset. Mapping of incipient AD downregulated
genes from the Blalock study to the Core network revealed
three significant connected components in the Core network
(Fig. 1), plus two pairs of connected nodes. Upregulated genes
from incipient AD had two connected components of five
nodes each (Fig. 2), plus additional groups of two and three
connected nodes. The largest of the three connected compo-
nents of downregulated nodes consisted of 11 nodes; the
highest degree node in this subnetwork was MAP2K1. The
MAP2K1 protein is a key upstream kinase involved in acti-
vation of the MAPK/ERK pathway. This pathway is key to

TABLE 2. CoMPARISON OF KEY CORE NETWORK PARAMETERS WITH SUMMARY STATISTICS FROM SETS
oF 1,000 REWIRED OR RANDOM NETWORKS

Rewired Random

Parameter Core Mean SD Mean SD
Number of nodes 775 775 0 775 0
Number of edges 2,204 2204 0 2322 0
Average clustering coefficient 0.225 0.046 (p<0.001) 0.002 0.017 (p<0.001) 0.002
Average closeness centrality 0.313 0.142 (p=0.058) 0.067 na na
Average shortest path 3.179 3.13 (p<0.008) 0.019 2.68 (p<0.001) 0.087
Average degree 5.623 na na 5.99 0.00
Power law coefficient 1.302 na na 1.81 (p<0.01) 0.078
Density 0.007 0.007 0.000 na na

See Table 1 for a description of network parameters. The p-values in parentheses indicate whether Core parameters were statistically
different from rewired /random graph values. Boxes marked with “na” mean calculation of that particular parameter was not available in the

programs being used.
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TABLE 3. COMPARISON OF KEY NETWORK STATISTICS FOR CORE AND EXPANDED NETWORKS
WITH SUMMARY STATISTICS FROM A RANDOM SAMPLING OF 12 OTHER PPI NETWORKS

AD Networks

Other Networks

Parameter Core Expanded Mean Min Max SD
Number of nodes 775 4945 3395.7 419 8674 2614.4
Number of edges 2204 26064 9579.8 1089 31656 10,600.3
Average clustering coefficient 0.225 0.154 0.086 0.006 0.195 0.063
Diameter 9 9 14.2 4 29 7.1
Average closeness centrality 0.313 0.048 0.076 0.025 0.182 0.053
Average shortest path 3.179 3.618 5.126 3.390 8.449 1.616
Average degree 5.623 10.542 4.419 2.229 6.815 1.548
Power law coefficient 1.302 1.700 1.679 1.135 1.987 0.243
Density 0.0070 0.0020 0.0023 0.0001 0.0110 0.0029

See Table 1 for a description of parameters. “Min” is the minimum value of the indicated parameter among all the other networks, while
“Max” is the maximum value. “SD” is the standard deviation of the parameter.

several cellular processes, in particular, memory and long-
term potentiation (LTP) (Dudai, 2004; Sekine et al., 2006),
processes that are disrupted in AD. Other downregulated
nodes in this connected component include a variety of
receptors: the AMPA glutamate receptor (GRIA1), cannabi-
noid receptor (CNR1), transforming growth factor-beta
(TGF-p) receptor (TGFBR1), metabotropic glutamate receptor
(GRM2), and the corticotropin releasing hormone receptor
(CRHR?2) and its hormone ligand (CRH), all of which mediate
activation of the MAPK/ERK pathway.

TaBLE 4. Tor 25 PrROTEINS IN CORE
AND EXPANDED NETWORKS BY DEGREE

Core network Expanded network

Rank Protein Degree  Rank Protein Degree
1 Ap 254 1 YWHAG 248
2 APP 174 2 TP53 244
3 PSEN1 97 3 CREBBP 202
4 MAPT 88 4 SRC 196
5 GSK3B 52 5 GRB2 193
6 BACE1 49 6 EP300 190
7 PRKCG 41 7 SMAD3 179
8 PSEN2 38 8 ESR1 172
9 GRIN1 38 9 PRKCA 170

10 AKT1 37 10 CSNK2A1 166

11 CDK5 34 11 SMAD2 163

12 MAPKS 34 12 MAPK1 160

13 NFKB1 32 13 EGFR 156

14 PIK3R1 31 14 TGFBR1 154

15 MAP2K1 30 15 SMAD4 152

16 PRKACG 30 16 TRAF2 151

17 MAP2K2 29 17 FYN 150

18 TP53 29 18 AR 135

19 CASP3 29 19 RB1 134

20 RARB 28 20 CTNNB1 129

21 MAPK3 27 21 PIK3R1 128

22 APOE 27 22 CASP3 127

23 TNF 27 23 YWHAZ 125

24 MAPK1 26 24 PRKACA 123

25 LRP1 22 25 CDC2 120

Bolded proteins in the Expanded network degree column indicate
proteins that are not present in the Core Network.

The next-largest downregulated connected component had
seven nodes; the two highest degree nodes were apolipo-
protein E (APOE) and low-density lipoprotein receptor-
related protein 2 (LRP2). These proteins are key in cholesterol
regulation and transport; the APOE gene has been well
documented as a risk factor for AD, and binding of the APOE
protein to lipoprotein receptors mediates activation of the
MAPK/ERK pathway (Hoe et al., 2005).

The other downregulated connected component contained
the vitamin D receptor (VDR), calbindin 1 (CALB1), the
transcription factors FOS and JUN, and growth-associated
protein 43 (GAP43). As with the MAPK/ERK pathway de-
scribed above, elements of this pathway, in particular, VDR
and CALB1, have been shown to be critical for learning and
memory (Palop et al., 2003).

The connected component centered on APOE and LRP2, or
the APOE or LRP2 nodes individually, were not found in
subsequent mappings of downregulated genes from moder-
ate and severe AD in the Blalock study. In comparison, the
small connected component centered on MAP2K1 found in
incipient AD expression data continued to expand into
moderate (Fig. 3) and severe (Fig. 4) AD, with JUN and
GAP43 from the other small connected component also
becoming part of this larger downregulated connected
component.

In moderate AD gene expression in the Blalock study, this
connected component of downregulated genes expanded to
39 nodes (Fig. 3). The top nodes by degree in this subnetwork
include the key protein kinase C (PRKCG), an NMDA gluta-
mate receptor subunit (GRIN1), and MAP2K1. Additional
nodes include another NMDA glutamate receptor subunit
(GRIN2A), the transcription factor CREB1, MAPK1 (another
key component of the MAPK/ERK pathway), the glutamate
transporter SLC1A1, glutaminase (GLS), and key synaptic
plasticity (ARC) and synaptic receptor scaffolding (DLG2)
nodes. The analysis of key nodes in the Core network by de-
gree, as discussed above, had identified PRKCG as a key
protein in the overall Core network. It is also the highest de-
gree node in this connected component of downregulated
nodes. Downregulation of PRKCG in turn decreases activity
of the MAPK/ERK pathway. PRKCG protein activity in-
creases activity of the alpha-secretase ADAM10, and thus
reduces Af production, so downregulation of PRKCG would
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TABLE 5. COMPARISON OF TOTAL NUMBERS OF UP- AND DOWNREGULATED GENES, SIZE
OF CONNECTED COMPONENTS, AND AVERAGE DEGREE IN FOUR MICROARRAY ANALYSES OF AD-RELATED GENES

Blalock - incipient Blalock - moderate Blalock - severe Nunez-Iglesias  Williams ~Chen
No. downregulated 80 128 167 258 252 180
Average degree 0.58 1.09 1.49 1.92 1.42 1.35
Size of largest connected component 11 39 81 169 122 88
No. upregulated 93 84 198 170 277 277
Average degree 0.41 0.33 0.94 0.59 2.36 1.79
Size of largest connected component 5 4 24 28 187 159
p-Value 1.09x10~7 7.98x107° 0.095 6.42x107™  0.0002 0.038

“No. downregulated” or “No. upregulated” refer to the number of Core nodes that were identified as being up- or downregulated in the
designated study. “Average degree” refers to the average degree of the subnetwork of all up- or downregulated nodes for that study. “Size of
largest connected component” refers to the largest number of nodes that were up- or downregulated in a particular study that directly
interact with each other in the Core network. The p-values are for Wilcoxon rank-sum test to determine if there is a significant difference in

the levels of connectivity (average degree) of up- or downregulated nodes under comparison.

be expected to lead to increased Af production (Argellati
et al., 2009; Yang et al., 2007).

In comparison, the largest connected component of up-
regulated genes in moderate AD consisted of four nodes: the
gamma catalytic subunit of cAMP-dependent protein kinase
(PRKACG), endothelial nitric oxide synthase (NOS3), insulin-
like growth factor 1 receptor (IGF1R), and tyrosine hydroxy-
lases (TH).

In severe AD from the Blalock study, the downregulated
connected component expanded to 81 nodes (Fig. 4). Top
nodes by degree in this subnetwork included GRIN1, PRKCG,
MAP2K1, as well as two metabotropic glutamate receptors
(GRM1 and GRMS5). Other key nodes in the downregulated
subnetwork included Jun N-terminal kinases (MAPKS and
MAPKD9), the kinase CDKS5 and its regulator CDK5R1, STAT1,
and JAK2, members of the JAK/STAT signaling pathway,
and PIK3R1, the regulatory subunit of the phosphoinositide-
3-kinase protein complex PI3K, which is a key intermediary in
the insulin receptor—-AKT1 pathway.

Upregulated nodes from severe AD had four smaller con-
nected components, ranging in size from 11 to 24 nodes
(Fig. 5). The top nodes by degree in these subnetworks in-
cluded PRKACG, clathrin heavy chain (CLTC), choline
acetyltransferase (CHAT), and retinoic X receptor B (RXRB).

The connected component containing CLTC also contained
several clathrin adaptor proteins and receptors, all of which
participate in receptor-mediated endocytosis.

A similar, although larger (169 nodes) connected compo-
nent of downregulated nodes was found in the Nunez-
Iglesias study (see Supplemental Fig. S3), which also included
multiple MAPK/ERK pathway nodes and related receptors.
The top nodes by degree in this downregulated subnetwork
were APP, GRIN1, and MAPKI. The largest connected
component of upregulated nodes consisted of 28 nodes (see
Supplemental Fig. S4); the highest degree nodes in this sub-
network were f-catenin (CTNNBL1), low-density lipoprotein
receptor-related protein 1 (LRP1), and GRIN1, which also
appeared in the downregulated subnetwork. Expression ar-
rays often contain probe sets for multiple transcript variants
of the same gene, so this most likely indicates a change in
expression levels of GRIN1 variants. Given that different
variants of receptor subunits affect the overall functional
characteristics of a receptor complex, downregulation of one
GRINT1 variant and upregulation of another variant could
indicate a shift in performance characteristics of the final
NMDA receptor complexes.

The Williams study had 252 downregulated nodes, with
a connected component of 122 nodes (see Supplemental

FIG.1. Connected components of downregulated nodes from Blalock et al. (2004) for incipient AD that were first neighbors

in the Core network.
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FIG. 2. Connected components of upregulated nodes from
Blalock et al. (2004) for incipient AD that were first neighbors
in the Core network.

Fig. S5). The top nodes by degree in this connected component
were MAPKS, presenilin 2 (PSEN2), and the transcription
factor NFKB1. There were 277 upregulated nodes, with a large
connected component of 187 nodes (see Supplemental Fig.
S6). The top nodes by degree in this connected component
were APP, microtubule-associated protein tau (MAPT), gly-
cogen synthase kinase 3b (GSK3B), and the protein kinase
AKT1.

The Chen study had 180 downregulated nodes, with a
connected component of 88 nodes (see Supplemental Fig. S7).
The top nodes by degree in this connected component were
MAPT, PRKACG, MAPKS8, MAPK/ERK pathway kinase
(MAP2K?2), and GRIN1. There were 277 upregulated nodes,
with a large connected component of 159 nodes (see Supple-
mental Fig. 58). The top nodes by degree in the connected
component of upregulated nodes were presenilin 1 (PSEN1),

MAPT, PRKCG, f-site APP-cleaving enzyme 1 (BACEL), re-
tinoic acid receptor B (RARB), and APOE. As with GRIN1 in
the Nunez-Iglesias study, different variants of MAPT ap-
peared in lists of both up- and downregulated nodes in the
Chen study.

In terms of the overall number of up- or downregulated
genes that corresponded to proteins in the Core network,
there was no distinctive pattern among the studies, with some
studies reporting more upregulated than down regulated
genes, and others reporting the reverse pattern. We also
compared the levels of connectivity within all subnetworks of
up- or downregulated nodes using a Wilcoxon rank-sum test
to compare the average degree of each subnetwork (see Table
5). For the incipient and moderate AD samples from the Bla-
lock study, and the Nunez-Iglesias study, the downregulated
node subnetworks had a significantly higher average degree
(p < < 0.05) than did the corresponding group of upregulated
nodes. For the severe AD samples from the Blalock study,
although the actual average degree of the downregulated
nodes was 59% higher than that of the upregulated subnet-
work of nodes (1.49 vs. 0.94 average degree), the results of the
Wilcoxon test were not significant (p =0.095). In contrast, the
comparison of average degree in the up- and downregulated
subnetworks in the Williams and Chen studies showed that
the upregulated subnetworks were more highly connected
(p=0.0002 and p=0.038, respectively) than were the down-
regulated subnetworks.

Discussion

The Core network had a larger average clustering coeffi-
cient than rewired and random networks, which indicates a
high degree of local connectivity. In addition, the Core net-
work had a power law coefficient that was significantly
smaller than the random networks; it is also smaller than what
is seen for typical biological networks, which generally have a
power law coefficient in the range of 2-3 (Barabasi and Oltvai,

FIG. 3. Connected component of downregulated nodes from Blalock et al (2004) for moderate AD that were first neighbors
in the Core network. Larger nodes indicate the highest degree nodes in this connected component.
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FIG. 4. Connected component of downregulated nodes from Blalock et al (2004) for severe AD that were first neighbors in
the Core network. Larger nodes indicate the highest degree nodes in this connected component.

2004; Raman, 2010). This small power law coefficient indicates
an increased proportion of high-degree proteins (i.e., hubs) in
the Core network (Barabasi and Oltvai, 2004). The Core net-
work also had a higher average clustering coefficient, higher
average closeness centrality, and a shorter average shortest
path length than did a sample of 12 other existing PPI net-
works. The density of the Core network was toward the upper
end of the range of the other 12 networks.

Emerging from these comparisons is a Core network with a
high degree of local structure (high average clustering coef-
ficient), but also a high degree of global connectivity (high
density, short average path length, and high closeness cen-
trality). This overall connectivity is enhanced by the increased
importance of hub proteins, indicated by the small power law
coefficient for the degree distribution. This type of network,
with high local clustering, a larger proportion of high-degree
hubs and a higher level of global connectivity, is often found
in networks that respond to extracellular signals (e.g., neu-
rons), as it allows the cell to rapidly react to changing external
conditions (Zhu et al., 2007). This rapid reaction is beneficial
under normal circumstances, but under pathological condi-
tions such as AD this means that the effects of network dis-
ruptions can spread rapidly.

We identified the key proteins based on high degree in the
Core and Expanded networks. Many of the top 25 Core net-
work nodes by degree are known to have substantial in-
volvement in AD: Af, APP, PSEN1/2, MAPT, GSK3B,
BACEI1, GRIN1, CDK5, APOE, and low-density lipoprotein
receptor-related protein 1(LRP1). Af is the top node by degree
in the Core network, interacting with over 250 network pro-
teins. Besides these well-known proteins, the list of high de-
gree nodes from the Core network identified other key
proteins that are part of important signaling pathways.
PIK3R1 is part of the insulin receptor (INSR)/PI3K/AKT1
signaling pathway that is involved in glucose/insulin meta-
bolism (Burke, 2007; Griffin et al., 2005), inhibition of the
MAPKS pathway (Burke, 2007), protection of cells against Af3
toxicity (Griffin et al., 2005), inhibition of apoptosis (Burke,
2007), and regulation, directly and indirectly via GSK3B, of
phosphorylation and subsequent activity of MAPT (Dickey
et al., 2008; Griffin et al., 2005). The map kinases MAPK1/3,
along with associated protein kinases MAP2K1/2, are mem-
bers of the MAPK/ERK pathway, another key signaling
pathway that is involved in long-term potentiation and
memory consolidation in the hippocampus (Dudai, 2004),
processes that are severely affected in AD, as well as in cell
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FIG.5. Connected components of upregulated nodes from Blalock et al (2004) for severe AD that were first neighbors in the

Core network.

proliferation, development, and transcriptional regulation
(Sekine et al., 2006). Downstream targets of the MAPK1/3
signaling pathway include CREB1, NFKB1, MAPT, ARC, the
y-secretase complex member nicastrin (NCSTN) and GSK3B,
all of which are part of the Core network.

We also determined that all of the top 25 proteins by degree
in the Core network formed a connected component. In gen-
eral, undirected biological networks tend to have few con-
nections between high degree nodes (i.e., disassortative); this
protects the network from disruption (Maslov and Sneppen,
2002). Due to the direct interactions between these top pro-
teins, the Core network is more susceptible to disruption, and
thus in AD, mutations to, or changes in expression levels of
these key nodes, could rapidly affect the rest of the network.

All of the top 25 proteins by degree in the Expanded net-
work are present in the Core network with the exception of
EP300. EP300 is a homolog of the CREB binding protein
(CREBBP) and interacts with numerous transcriptional regu-
latory factors. It also has histone acetyltransferase activity,
interacts with the tumor suppressor protein p53 (TP53), and
binds to CREB1 (Barco and Kandel, 2006). Francis et al. (2007)
found that wild-type PSEN1 enhanced the transcriptional
activity of EP300, but that PSEN1 with AD-associated muta-
tions did not, suggesting a potential role for EP300 in AD-
related processes.

Several proteins that were in the Core network list of top 25
proteins by degree also appeared in the Expanded network
top 25 proteins by degree, including TP53, caspase 3 (CASP3),
PIK3R1, and MAPK]1. This could indicate an even greater role
in AD for these proteins due to their large number of inter-
actions.

One of the reasons we constructed the Expanded network
was to identify additional proteins that could be involved in
AD. Only a few of the top Core proteins by degree appeared in

the list of top 25 proteins by degree in the Expanded network,
indicating that most of the proteins that are recognized as
being crucial to AD pathogenic processes and were highly
connected in the Core network were not necessarily key hubs
in the larger Expanded network. Similarly, several Core pro-
teins with low degree showed a significant increase in degree
in the Expanded network, indicating that these proteins could
play a larger than previously appreciated role in AD. For
example, YWHAG, a member of the important 14-3-3 protein
family, had the largest increase in degree between the Core
and Expanded networks and also had the largest degree of all
nodes in the Expanded network. The 14-3-3 protein family is a
group of key signaling proteins involved in important CNS
functions such as memory and learning, response to stress,
apoptosis, and neurotransmitter production (Ferl et al., 2002;
Limviphuvadh et al., 2007). Several other proteins of the
14-3-3 family appeared in the Expanded network, including
YWHAZ (degree 125, also in the Core network), YWHAB
(degree 111), YWHAE (degree 65), YWHAQ (degree 65), and
YWHAH (degree 50), suggesting a potentially important role
for these proteins in AD-related processes.

To further analyze the Core network, we mapped gene
expression data from four studies onto the network. Mapping
of the Blalock study data, which included gene expression
data from incipient, moderate, and severe AD, identified a
connected component of downregulated nodes, centered on
the MAPK/ERK pathway and related receptors, that contin-
ued to increase in size with disease progression. In severe AD,
this connected component consisted of 81 downregulated
nodes. The Nunez-Iglesias study had a large connected
component of 169 downregulated nodes that also contained
key proteins of the MAPK/ERK pathway. Downregulated
nodes showed a significantly higher level of connectivity to
each other relative to upregulated nodes in the Blalock and
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Nunez-Iglesias studies. The progression of AD, particularly in
the Blalock study, showed a small number of nodes centered
on the MAPK/ERK pathway and related receptors that were
initially downregulated. This small connected component of
downregulated nodes gradually increased in size with disease
progression, affecting a widening number of key receptor-
mediated signaling pathways, related proteins, and down-
stream targets, such as CREB1, which are key in regulation of
subsequent gene expression in the CNS. Given the importance
of the MAPK/ERK pathway and related proteins in memory
and LTP in the hippocampus, one can see the relationship
with key phenotypic characteristics such as impairment of
memory and higher cognitive functions present in AD pa-
tients. The analysis of key network parameters as previously
described also highlighted the importance of the MAPK/ERK
pathway in the Core network and in AD.

Although upregulated nodes in the Blalock study did not
show the same level of connectivity as did the downregulated
nodes, there were still some significant connected compo-
nents of upregulated nodes, particularly in severe AD. The
largest of these consisted of 24 nodes, with PRKACG as the
high degree node. Other nodes in this connected component
included the insulin-like growth factor 1 (IGF1), its receptor
(IGF1R), albumin (ALB), and endothelial nitric oxide synthase
(NOS3). PRKACG, NOS3, and IGFIR also appeared as an
upregulated triplet connected component in moderate AD in
the Blalock study. IGF1, ALB, and IGFIR are involved in
uptake and processing of Af peptides (Subramanian et al.,
2005), so their upregulation in severe AD is possibly a re-
sponse to increased Af levels. Another part of this connected
component centers on CHAT, a key enzyme in acetylcholine
synthesis, and three proteins that modulate CHAT activity
(CALR3, PON1, and OTC). Given the loss of cholinergic
neurons in AD, upregulation of this cluster could be a cellular
response to AD pathology.

Another of the connected components of upregulated
nodes in severe AD in the Blalock study centered on the
clathrin heavy chain protein (CLTC). Other nodes in this
connected component included a group of clathrin adaptor
proteins (APBB2, GGA1, DAB1, APBA1, and LDLRAPI).
These proteins are involved in intracellular trafficking and
clathrin-mediated receptor endocytosis. LDLRAP1 mediates
endocytosis of the LDL receptor (LDLR), which was also part
of this upregulated cluster. APBA1, in conjunction with the
MAPKS interacting protein (MAPKSIP3), and APBB2, in
conjunction with the adaptor protein CBL, act as clathrin
adaptors involved in the trafficking and endocytosis of APP.
MAPKSIP3 and CBL were also in this upregulated cluster.
Upregulation of this connected component could increase
clathrin-mediated receptor endocytosis. Endocytosis of the
APP protein has been shown to increase - and y-secretase
processing of APP and thus increase intracellular Af
(Schneider et al., 2008), so the upregulation of clathrin and
related adaptor proteins could potentially lead to increased
intracellular pathological effects of AS. In a recent study,
Marquer et al. (2011), showed a connection between high
levels of cholesterol, a hallmark of sporadic AD, with in-
creased APP and BACE] clustering in lipid rafts of neurons
and subsequent rapid clathrin-mediated APP endocytosis,
which led to increased levels of intracellular Af production.
Several genes identified by recent association studies as being
linked to AD are also involved in receptor-mediated endo-
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cytosis and/or clathrin interactions (Naj et al., 2011). These
include CD2-associated protein CD2AP (in Expanded net-
work), bridging integrator 1 BIN1 (in Expanded network),
and phosphatidylinositol binding clathrin assembly protein
PICALM (in Core network). Our data plus the results of these
recent association studies point to the potential importance of
clathrin-mediated endocytosis in AD.

The Williams and Chen gene expression studies showed
the opposite pattern from the Blalock and Nunez-Iglesias
studies in terms of the average degree of up- and down-
regulated connected components, with higher connectivity
levels in upregulated nodes. Both the Blalock and Nunez-
Iglesias studies were taken from hippocampal or parietal lobe
tissues of AD patients, whereas the Williams study was per-
formed in vitro on synaptoneurosomes prepared from frontal
cortex samples of subjects diagnosed with incipient AD, and
the Chen study samples were extracted from peripheral blood
mononuclear cells of AD patients. Recent research has shown
a weak correlation between brain and blood gene expression
levels (Cai et al., 2010).

Although it is difficult to draw global assumptions from a
limited sample set, for the four expression studies we mapped
to the Core network, some patterns emerged. Overall there
appeared to be no clear differences between the total numbers
of up- or downregulated genes that mapped to the Core
network across any of the studies. However, the expression
patterns in AD from those studies that used human CNS
samples (Blalock and Nunez-Iglesias) indicated a significant
increase in connectivity of downregulated genes relative to
upregulated genes, and an increased size of the largest con-
nected components of downregulated nodes over upregu-
lated nodes. The Williams and Chen studies, which were not
directly based on CNS samples, showed an increased con-
nectivity of upregulated nodes, along with larger connected
components of upregulated nodes relative to downregulated
nodes. In either case, we surmised that connected (interacting)
proteins in a network, if the underlying genes are concur-
rently up- or downregulated, would be likely to amplify the
effect of shifts in expression levels on cellular processes as
opposed to a similar number of up- or downregulated genes
whose protein products do not directly interact with each
other or appear in the same cellular pathway.

Conclusions

The structure of the Core network model of AD showed a
dense, highly connected network with a larger than expected
number of high degree hubs. Alrhough this type of network is
able to rapidly transduce signals, it is also vulnerable to the
disruption of the key hubs, many of which are known to be
involved in AD pathology. The top 25 proteins by degree
formed a connected component; this direct interaction of key
hubs also makes the network susceptible to disruption.
Coupled with the widespread pathological interactions of Af,
the Core network could suffer rapid and widespread dis-
ruptions during the progression of AD. This suggests that
effective treatment approaches to AD should also be global in
their approach, targeting multiple Core network proteins and
pathways to prevent or slow this disruption.

We identified key proteins and related cellular pathways
in the Core and Expanded networks using an analysis of
network parameters for both networks and mapping of
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expression data to the Core network. Based on the literature
used to construct the Core network, we then looked for
groups of these key proteins that were members of important
pathways known to be involved in AD. The key pathways
identified in the Core network included the INSR/PI3K/
AKT1 pathway and the MAPK/ERK pathway, in conjunction
with glutamate-receptor mediated pathways and related
scaffolding proteins. The INSR/PI3K/AKT1 pathway is a
significant signaling pathway in the CNS that is involved in
glucose/insulin metabolism and energy metabolism, which
can be disrupted in AD. Both the MAPK/ERK pathway and
glutamate receptor complexes (receptors and related scaf-
folding proteins) are key in many critical CNS processes, in
particular learning, memory, and LTP, which suffer major
disruptions in AD. The mapping of gene expression data to
the Core network in particular highlighted the importance of
the MAPK/ERK pathway and glutamate receptor complexes,
several key components of which were downregulated in AD.
One potentially important upregulated pathway identified by
mapping gene expression data to the Core network centered
on clathrin and several clathrin adaptor proteins involved in
receptor endocytosis. This suggests a potential increase in
clathrin-mediated receptor endocytosis, which could include
the endocytosis of APP. This has been shown to lead to in-
creases in intracellular Af production. Several recent AD-
associated genes identified by association studies are also
involved in clathrin-mediated endocytosis or interact with
clathrin, highlighting the potential importance of this pro-
cess in AD.

Although the top proteins in the Expanded network by
degree were predominantly Core network proteins, several
showed a significant increase in degree from the Core to the
Expanded network, such the 14-3-3 family members YWAHG
and YWHAZ. In addition, the transcriptional cofactor EP300
appeared in the list of top 25 Expanded network proteins by
degree, but is not present in the Core network. This suggests
these proteins may play a larger than expected role in AD-
associated processes and could be likely targets for further AD
research.

Although network models and gene expression data are
useful tools in and of themselves, we have demonstrated that
the combination of PPI network models and gene expression
data can provide additional important information in the
study of complex diseases like AD by identifying key genes,
proteins, and cellular pathways involved in disease processes.
This, in turn, can help to prioritize gene and protein targets for
future research.
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