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Abstract Alzheimer’s disease (AD) is a major neurodegenerative disorder leading to dementia in
the elderly. We proposed a network-based systems biology approach to detect the dysfunctional
crosstalk of pathways in six brain regions of AD disease patients. We identified the relationship be-
tween AD pathways and its neighbor pathways to investigate their intersections and relationships.
The significance of pathways developed in the fatal disorders and the overlapping strength indicate
the impacts of neighbor pathways to AD development. The crosstalk with AD pathways provides
evidences for the particular tasks of important neighbor pathways as well as the associations be-
tween them.
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1 Introduction

Alzheimer’s disease (AD) is a debilitating neurodegenerative progressive and fatal
disease. The genetic mechanisms of AD are far from being clearly clarified although
there are several popular hypotheses about its pathogenesis [1]. In the post-genomic era,
the large-scale of genome-wide data have provided unprecedented opportunity to analyze
complex diseases [2]. The recent advances in gene expression microarray technologies
present genome wide scale data for AD [3]. To date, a key challenge has been to identify
the biological processes or signaling pathways that play significant roles in the disorder.
Improving the understanding of the complexity of molecular pathways underlying AD
phenotypes is essential to uncover the dysfunctional processes of disease progression in
different brain regions. Moreover, systems biology approaches such as network-based
methods have been applied to elucidate the mechanism of diseases [2, 4]. The infor-
mation of human transcriptome and interactome can potentially bridge the gap between
genotype and phenotype [5]. The availability of protein-protein interaction data provides
the screenings of protein cooperations in the cell survival and growth. The interrelated
transcriptomic and interactomic information could be integrated together to investigate
pathways [6] and the crosstalk of pathway interactions [7, 8].
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In this paper, we present a network-based analysis of the crosstalk between AD path-
ways and its related pathways in different AD brain regions by integrating ensemble pro-
tein interactions and region-specific gene expression profiles. First, we collect gene set of
KEGG AD pathway and that of its related pathways, which contain at least one overlap-
ping gene with KEGG AD gene set. Then we propose a scoring scheme to identify the
dysfunctions of AD related protein interactions combining gene differential expression
and coexpression data. The crosstalk between these pathways are measured by their over-
lapping significance in the specific regions. We cluster the pathways by their identified
relationships each other in different brain regions individually. These related pathways
are simultaneously sorted by the defined score of dysregulation. We demonstrate that the
brains process complex crosstalk of pathways when affected with AD on the protein level.

2 Results

2.1 Clusters of dysregulated pathway

We build the network of pathways by integrating KEGG AD pathway and all its neigh-
bor pathways of protein interactions. Figure 1(a) shows the network. The red part is the
KEGG AD pathway. Figure 1(b) shows the global topology of AD pathway and its neigh-
bor pathways. The red node represents the red part of the AD pathway in Figure 1(a).

Figure 1: Network of pathways. (a) is the protein interaction network constructing KEGG
AD pathway and its neighbor pathways. (b) is topological linkages between these path-
ways. A pathway is represented by a node.

After we weight the network by integrating gene differential expression and coexpres-
sion data in six different regions, we can evaluate the interaction significance between
these pathways. The overlapping score and its significance can be used as the similarity
measurements of the pathways. Figure 2 gives the clustering result of these pathways
based on their interaction significance in EC region. In Figure 2, the red cluster is the
module of KEGG AD pathway (ID: hsa05010) and its closest interaction pathways. Dif-
ferent colored clusters describe different modules of clustering. The grey color is the
part of pathways which can not be grouped to any individual cluster distinctly. We can
find that several pathways of neurodegenerative diseases are grouped together, such as
Parkinson’s disease (hsa05012), Huntington’s disease (hsa05040) and Dentatorubropalli-
doluysian atrophy (hsa05050). This result indicates the close relationship between these
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neuron diseases. The significant interaction between these pathways provides evidences
for their interrelations. We also do the similar clustering in other five regions (Data is not
shown). Pathways are grouped into similar clusters as that in EC region. This provides
more evidences not only for the closely related neuron diseases [9], but also for the effec-
tiveness of our method. Moreover, we identified some closed related pathways with AD
in the same cluster, e.g. Oxidative phosphorylation (hsa:00190), p53 signaling pathway
(hsa04115) and Apoptosis (hsa04210). Genetic evidences have supported the results that
oxidative phosphorylation is closely related to AD [10]. Functionally important reduc-
tions in oxidative phosphorylation enzyme activities appear to occur in AD and may be
related to B-amyloid accumulation, which is the main phenotype in AD patient brains.
Thus this kind of dysfunctional defects could play an important role in the pathophysiol-
ogy of AD. The critical role of p53 is evidenced by the fact that it is mutated in a very large
fraction of tumors. It is an important transcriptional activator whose activity is regulated
by phosphorylation. p53 is also known as a potential biomarker for AD for its special
alternation presented in Af} accumulation [11]. The signaling pathway can cause the cell
to enter apoptosis process (pathway ID: hsa04210). The brains of AD patients contain
dying neurons displaying apoptosis [12]. The close relationship between pathways of
apoptosis and AD indicates that apoptosis plays an important role in the progression of
the disease. From this viewpoint, the therapies of AD must consider the apoptosis features
of the neuron cell. These clusters of pathways provide us a global relationship between
these pathways.
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Figure 2: Clustering of the pathways in EC region. Different color represents differ-
ent modules. The red one represents the cluster in which KEGG AD pathway has been
grouped.

2.2 Dysfunctional crosstalk between pathways

From the clusters, we identified the modules of these pathways. The crosstalk of AD
pathways not only underlies the same cluster of pathway grouped in the former section,
but also underlies dysfunctional relationship of all its neighbor pathways. As to these re-
lated pathways, we also defined the dysregulated score and its significance criterion (see
Methods). We identified the significance of their dysfunctions individually in different
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regions. Table 1 lists the top five rank pathways in every region. The dysfunction score
of every pathway neighbored to AD pathway represents the activation status during the
AD progression in the form of pathway of protein cooperations. We found that Apopto-
sis (hsa04210), Notch signaling pathway (hsa04330), Wnt signaling pathway (hsa04310),
and Cytokine-cytokine receptor interactionare (hsa04060) are listed on the top of six re-
gions respectively. From the rank, we give a quantitative measure of the simultaneous
activation when AD pathway performs its dysfunctions of toxic processes. From the
pathways in the same cluster with AD pathway, we can find that some of them are also
the most significant pathways. Apoptosis is the pathway not only with high interaction
significance, but also with high dysfunction significance. The result gives more evidence
for strong relationship between the apoptosis of the cell and AD process [12]. Especially,
Notching signaling pathway is listed on the first one twice in the six regions. The pathway
is crucial in communication between the cells, which involves important processes dur-
ing embryonic and adult life [13]. When developing medicines for AD, the side effect for
Notch signaling pathway is an important factor because it functions to inhibit the drug tar-
gets [13]. Wnt signaling pathway often involves Ca2+ signaling, which leads to transient
increases in cytoplasmic free calcium that subsequently activates the calcium kinase and
the phosphatase calcineurin [14]. It is now known that the Ca2+ is often crucial to AD,
which is known as the calcium hypothesis [15]. If the calcium level is not properly con-
trolled, it would lead to nerve cell dysfunction and death. Cytokines are also crucial to cell
death. Proinflammatory cytokines may lead to neuronal death and dysfunction by variant
mechanisms. Inhibition of cytokines has been tested as a therapy method for the treat-
ment of AD [16]. The significant neighbored pathways indicate their crosstalk between
those pathways and AD pathway. The critical influences from the neighbor pathways are
identified from the dysfunctional crosstalk.

Table 1: Rank of related pathways. The top 5 pathways which significant in every region
are listed individually.

Region ) Size | Edge | Node | P-value Description
EC hsa04210 89 156 72 0.000001 Apoptosis
hsa04060 279 259 220 0.000002 Cytokine-cytokine receptor interaction
hsa04620 102 110 69 0.000695 Toll-like receptor signaling pathway
hsa05220 75 181 69 0.003802 Chronic myeloid leukemia
hsa05120 68 54 40 0.003899 Epithelial cell signaling in Helicobacter pylori infection
HIP hsa04310 152 152 83 0.000000 Whnt signaling pathway
hsa05214 65 113 52 0.000000 Glioma
hsa04060 279 259 220 0.000001 Cytokine-cytokine receptor interaction
hsa04012 87 200 71 0.000002 ErbB signaling pathway
hsa05215 90 181 72 0.000002 Prostate cancer
MTG hsa04330 46 59 34 0.000000 Notch signaling pathway
hsa05120 68 54 40 0.000000 Epithelial cell signaling in Helicobacter pylori infection
hsa04310 152 152 83 0.000003 | Wnt signaling pathway
hsa04520 78 105 59 0.000024 Adherens junction
hsa04210 89 156 72 0.000388 Apoptosis
PC hsa04060 279 259 220 0.000000 Cytokine-cytokine receptor interaction
hsa04640 87 49 62 0.000000 Hematopoietic cell lineage
hsa04115 69 72 46 0.000049 p53 signaling pathway
hsa04210 89 156 72 0.000689 | Apoptosis
hsa05217 55 33 26 0.001264 Basal cell carcinoma
SFG hsa04330 46 59 34 0.000000 Notch signaling pathway
hsa04510 203 340 150 0.000000 Focal adhesion
hsa04920 67 79 39 0.000002 Adipocytokine signaling pathway
hsa04210 89 156 72 0.000009 Apoptosis
hsa05120 68 54 40 0.000190 Epithelial cell signaling in Helicobacter pylori infection
vCX hsa04060 279 259 220 0.000000 Cytokine-cytokine receptor interaction
hsa04640 87 49 62 0.000000 Hematopoietic cell lineage
hsa04340 57 14 11 0.000121 Hedgehog signaling pathway
hsa04510 203 340 150 0.000279 Focal adhesion
hsa04662 65 93 51 0.002533 B cell receptor signaling pathway
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As to the crosstalk of GO functional relationship between these pathways, we identi-
fied the hypergeometric significant GO functions in every pathways. The results of link-
age for the top three GO terms in part of the pathways are shown in Figure 3. The most
significant biological processes in AD pathway are proteolysis (GO:0006508), membrane
protein ectodomain proteolysis (GO:0006509) and electron transport chain (GO:0022900).
The functions correspond to the main process of A3 accumulation the AD progression in
the EC region. The significant functions of neighbor pathways provide a flow of transport-
ing of molecules (macromolecules, small molecules, protons and other ions) of substances
into, out of, within or between cells (GO:0006810, GO:0015992). Other pathways intro-
duce one or more phosphate groups into a phosphoinositide (GO:0046854). Especially,
the Apoptosis pathway (hsa04210) enrichs the conversion of proteins, and induces or sus-
tains apoptosis to an active form (GO:0008633). From the significant GO enrichments,
we know the crosstalk of GO biological processes during the disease development in EC
region. The GO significance among these pathways provides high correlated functions in
these pathways which provide implications that the close related pathways are crucial to
the dysfunction of AD pathway during the disease progression accumulating abnormally
folded A-beta and tau proteins in the brain regions.
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Figure 3: Top 3 GO enrichments in the crosstalk of some dysfunctional pathways.

3 Conclusion

In this work, we identified the clusters of pathways related to AD pathway in dif-
ferent brain regions based on a novel network-based method. In the ensemble protein
network, we first build the network of pathways by integrating KEGG AD related gene
sets. The crosstalk of interaction significance between these pathways and their dys-
functional score were detected by corresponding transciptome information in six disease
brain regions. The analysis of dysfunctional crosstalk with AD pathway is based on the
pathway clusters and all its neighbor pathways. Some of the crosstalk that we identified
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between the pathway are consistent with our knowledge for AD. Some of them provides
valuable alternatives for AD mechanism, especially from the pathway relationship per-
spective. The interaction and crosstalk of these dysfunctional pathways provides more
insights for the AD progression in variant brain regions. This work provides evidence
that the complication of AD needs more comprehensive and detailed analysis comple-
menting for the traditional approaches from the systematic perspective, especially for the
complex disease of neurodegenerative disorder.

4 Methods

4.1 Data sources

We downloaded the KEGG AD gene set and detected all its neighbor gene sets of
pathway which have at least one overlapping gene. There are total 77 neighbored path-
way gene sets in KEGG intersecting with 176 KEGG AD genes. All these gene-related
proteins were obtained from NCBI (www.ncbi.nlm.nih.gov) and are represented
by their NCBI Entrez Gene IDs. Then we construct ensemble PPI by integrating the in-
teractions existing in three of five human PPI databases, i.e. HPRD (www.hprd.org),
BIND (www.bind. ca), BioGrid (www.thebiogrid.orq), IntAct (www.ebi.ac.
uk/intact)and MINT (mint .bio.uniroma2.it/mint).

We used the data of gene expression profiling research on AD patients with nor-
mal controls in [3], which were downloaded from NCBI GEO (www .ncbi.nlm.nih.
gov/geo) database (ID:GSE5281). These data were used to study AD patients [3] and
contained six distinct regions in human brains. Temporarily, these genes with no cor-
responding proteins in the integrated PPI network were not be included in the analysis
as well as the isolated proteins in every gene sets and those in the PPI network without
a corresponding gene in the expression experiment. This ended up with an KEGG AD
pathway with 54 nodes and 79 edges and the neighbor 70 pathways. All these pathways
contain 1401 proteins and 2888 interactions among them.

4.2 Mapping gene expression to PPI network

We used Welch’s t-test to determine the differential gene between control and dis-
ease brains. The correlated expressions were measured by Pearson correlated coefficient
test of pair genes in the disease cases individually. Then we mapped the p-values to
the protein network. We used Fisher’s method [17] to define a function as the com-
bination of statistical significance of an interaction by a scoring scheme in the formula:
Score(e(x,y)) = f(diff(x),corr(x,y), diff(y)) = —2ZK_, log.(p:), where diff(x) and diff(y)
are differential expression p-values of node x and node y, respectively. corr(x,y) repre-
sents their correlation p-value. f is a general data integration method to combine the
p-values. The expressions for different specific regions of AD were mapped respectively
and we obtained different condition-based weighted pathways of protein networks.

4.3 Interaction significance between pathways

We define an interaction function to evaluate the significance of all non-empty over-
laps between two pathways, i.e. O;; = PNP;, i,j € S,0;; # @, where P, and P; are
two pathways, and O;; is their overlapping. Specifically, the interaction score between
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one pathway and one of its neighbor pathways is estimated by their overlapping status of
weighted pathways in the following formula:

C(P,P) =Y Sle).

eEO,—j

The overlapping score is the summation of the overlapping edge score between pathways.
To estimate the significance of the overlapping during the different disease brain regions
individually, we random sample 10° times of the same size two pathways in the edge
sets of two pathways and calculated their overlapping scores. The frequency larger than
C is used as the interaction significance p-value. From the scores, a distance matrix of
these pathways are built for clustering them into pathway groups. Hierarchical clustering
is implemented for grouping the pathways into clusters with dynamic hierarchy tree cut
(www.r-project.orq).

4.4 Dysregulation of related pathways

To define the dysfunction of a pathway P, we summarize all the scores of edges S(e)
of every pathway, i.e.
Sp= Z S(e).

ecP
To estimate a p-value for significance of this pathway, we iteratively compute similar
scores 10° times on randomly generated pathways of the same size as that of pathway
P. The frequency of scores that are larger than Sp is used as the significant p-value of
pathway P to describe its dysregulation in specific region. In every region, we get a
ranked list of dysregulated pathways.
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