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Abstract—Alzheimer’s disease usually causes dementia in the
old people and the symptom progression of the disease phenotype
displays certain patterns. One possible reason is that the nerve
cells in the brains of the patients degenerate at different stages.
Here, we analyze the dynamics of disease progression based on its
biomolecular network. We develop a novel computational method
to integrate an ensemble protein network and the hippocampal
gene expression data. Specifically, we construct the induced
dynamical pathways which present particular characteristics at
different disease stages from the control to disease samples. Based
on the network-based method, we reveal that the active pathways
tend to be more complicated during the development of disease.
Also we find that the disease proteins performing important
functions are always located in the cooperations of the identified
pathways. These results also demonstrate that the network-based
analysis can provide knowledge and evidences on the dynamics
and pathological pathways of the complex Alzheimer’s disease.

Index Terms—Protein-protein interaction; differential gene;
dysfunctional pathway; dynamics; systems biology; Alzheimer’s
disease.

I. INTRODUCTION

Alzheimer’s disease (AD) is a debilitating neurodegenera-
tive disorder affecting about 24 millions of elderly individuals
worldwide [1]. Although several hypotheses have been pro-
posed [2] and hundreds of putative AD susceptibility genes
have been witnessed in the past decades [3], the genetics mech-
anism underlying the complex disease is still unclear. Existing
studies reveal that the process of AD has certain patterns of
symptom progression [2], [4]. For example, senile plaques (SP)
and neurofibrillary tangles (NFT) are two common hallmarks
in brains of AD patients [5], [6]. Moreover, many individuals
with AD begin with loss of memory and learning ability,
and then spread to loss control of other aspects of thinking,
judgement, even behavior with the development of severity
[4]. From the temporal perspective, there is clinical category
systems in which disease severity correspond to the incipient,
moderate and severe stages [4], [7].

Recently, the increasing availability of high-throughput ex-
perimental data has provided us new opportunity and challenge
to analyze the complex disease [8] from systems perspec-

tive. For instance, DNA microarray technology presents the
amount of data in the genome-wide measurements of human
transcriptome [7], which can be exploited to bridge the gap
between genotype and phenotype of human complex disease
[9]. The kernel idea is that a cellular process is carried out
through interactions among many genes and their products,
which are coordinated to achieve specific tasks [10]. This
activity is often organized into pathways or networks, i.e. genes
in the same pathway are activated together and thus exhibit
similar gene expression profiles. On the other hand, genes with
similar expression profiles are more likely to encode interacting
proteins to coordinate to achieve the particular function [10],
[11]. In this study, we will identify the pathway of protein
interactions and analyze the specific cooperations guiding by
the information of its corresponding gene expression profiling.

One way to detect molecular pathways is to identify dif-
ferential genes by statistical test and gene set expression
enrichment study [12]–[14]. Another way is to approximate
protein activity by gene expression significance, and then those
differentially scored proteins and all their reported interactions
are regarded as dysregulated pathways [15], [16]. However,
since these methods focus on the gene level, they are inefficient
to detect the specific pathways in protein interaction networks
because some interactions would not truly be activated under
specific conditions. The interactions between proteins are often
both related to their differential expression and their coex-
pression with others. The known protein-protein interactions
(PPI) should be carefully regarded to the expression of genes
and the correlation between them [17]–[19], especially in
the detailed analysis for dysfunctional disease pathway. Here,
we refer to the pathways as specific linkages between two
genes and thereafter proteins directly with the aim to identify
the dysfunctional interactions responding to a particular stage
during AD progression.

In this paper, we identify the key AD dysfunctional protein-
protein interactions by developing a new network-based com-
putational method. Specifically, we firstly collect AD-related
proteins and reconstruct the interactions among them from an

Proceedings of the 2009 IEEE International Conference on Systems, Man, and Cybernetics
San Antonio, TX, USA - October 2009

978-1-4244-2794-9/09/$25.00 ©2009 IEEE
4367



comprehensive human protein-protein interactions. Incorporat-
ing genomic-level gene expression scanning information, we
then score each AD protein and its relevance reliability with
the others. According to gene expression profiling for different
stages of AD, we assign different weights in these AD-related
protein networks. These scores along an edge are further
combined together for measuring the specific dysfunctional
interactions in activation of gene expression. For instance, two
proteins lying in the same induced disease pathway would
correspond to the genes which are differentially up-regulated
expressed themselves and then closely positive correlated each
other.

II. METHODS

Figure 1 gives our schematic framework to identify dys-
regultated pathways. Basically, we weight the protein-protein
interaction (PPI) network by integrating the corresponding
gene expression profiles in different development of disease
stages, and then identify the dysregulated pathways.
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Fig. 1. Schematic framework of our procedure to identify the dysregulated
pathways by integrating protein interaction and gene expression data.

A. Data sources

We collect AD related genes from the AlzGene database
(www.alzgene.org) and that in KEGG (www.genome.jp/kegg)
AD pathway. The total 553 AD related genes are represented
by NCBI Entrez Gene IDs and we extract their corresponding
protein interactions from five available PPI databases, i.e.
HPRD [20], BIND [21], BioGrid [22], IntAct [23] and MINT
[24]. The total binary interactions contain 7533 nodes and
22345 edges. We filter these PPI between AD proteins by
a Naive Bayesian rule to get the interactions that contained
at least in three of the five databases. We use the data
of gene expression profiling research on AD patients with
normal controls in [7], which is downloaded from NCBI GEO
(www.ncbi.nlm.nih.gov/geo) database (ID:GSE1297). The mi-
croarray assessed gene expression from hippocampus CA1
region from 31 individuals, comprising 9 controls, 7 with

incipient AD, 8 with moderate AD and 7 with severe AD. We
transform the absolute expression value by logarithm (base 2)
calculation. Probesets are mapped to NCBI entrez genes using
DAVID [25]. If there are multiple probesets that correspond
to the same gene, we take the average value. The expression
dataset contains 22283 probes and resulted to 13932 genes.
Temporarily, the AD genes with no corresponding proteins in
the integrated PPI network are not be included in the analysis
as well as the AD proteins in the PPI network without a
corresponding gene in the expression experiment. This ends up
with an AD protein network with 235 nodes and 373 edges.

B. Mapping gene expression to PPI network

We use Welch’s upper-tailed t-test to determine the differ-
ential gene between control and different disease stages, i.e.
incipient, moderate and severe stages of AD. The correlated
expressions are measured by Pearson correlated coefficient
upper-tailed test of pair genes in the disease cases individually.
Then we mapped the p-values to the AD protein network.
We use Fisher’s method [26] to define a function as the
combination of statistical significance of an interaction by a
scoring scheme in the following formula:

Score(e(x, y)) = f(diff(x), corr(x, y), diff(y)) (1)

= −2Σk

i=1
loge(pi), (2)

where diff(x) and diff(y) are the p-values to assess the
statistical significance of differential expression of node x and
node y, respectively. corr(x, y) represents the p-value of their
correlation. f is a general data integration method that can
handle multiple data sources differing in statistical power, k
is the number of p values have been combined. Here Fisher’s
method is adopted and mathematically, Score ∼ χ2

2k
[26]. This

method has been widely used in statistical meta-analysis to un-
weighted combine p values from several data sets [27]. In our
paper, the critical value for the combined score is 12.59 (k=3,
df=6, p < 0.05). The expressions for different specific-stages
of AD are mapped respectively and we get different condition-
based weighted AD protein networks.

C. Identifying pathways

Every edge in AD protein network is assigned a combined
p-value score for every disease stage. Then we detect the
induced active pathways in specific disease stages individually.
Generally, identification of maximum scored subnetwork in a
weighted graph is a NP-hard problem [11], [16], [28]. An
alternative is to use a greedy edge expansion algorithm to
detect most significantly dysfunctional pathway by growing
from every locally maximal scored edge respectively, whose
score (rank) is better than its adjacency (see Figure 1). Every
growing new edge will get a probability by a hypergeometric
distribution: p =

∏e−1

i=0

r−i

E−i
. Here E is the number of edges

in AD protein network, e is how many edges have already
been included during extension. This value is used to measure
the probability to get an edge with higher rank than r from
the total E edges when we get the r-rank at present step.
The probability equals to 1 when we choose all edges and
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there is a minimum with the increase of e [29]. We choose
this minimum as our cutoff to terminate the growth procedure.
In this way, we choose the most significant subnetwork as the
identified pathway. For an identical standard in different stages
for comparison, we choose 12.59 as the threshold to filter the
expansions.

III. RESULTS

A. Dysfunctional pathways

For the three stages during AD progression, we identify
the active pathways which are formed due to the cooperations
among proteins from the control to different stages of disease.
Figure 2 shows the topology changes of activated subnetwork
among AD proteins in the development process. Figures 2
(a), (b) and (c) correspond incipient, moderate and severe
stages of the disease individually (larger figures showing the
identifers can be found in our website). Number of edges
containing in three pathways and that of involved proteins
are shown in Figures 3 (a) and (b), respectively. We found
that more than half of integrated interactions (218/373) and
proteins (116/235) in AD network have not been included
in these activated pathways. The number of interactions and
proteins involved in induced pathways will be increased during
AD progression. The edge overlap among the three stages
shows that a few (6/152) of the interactions are consistently
induced in three development process and most (101/155) of
the interactions are dynamically activated during the disease
development. However, the overlap edges in two of three
edges are relatively larger (54/155). Especially, most of the
activated edges during the early stage are also contained in
middle stage (20/45) and in last stage (18/45). Moreover, we
find out the number of proteins activated in incipient stages
are almost contained in moderate (35/48) and serious (32/48)
stages. The overlap of edges and nodes in the dysregulated
pathways provide evidences that the difference and conser-
vation of AD progression mechanism. The result shows that
the active pathways would have more and more edges during
the disease progression during developing stages. In other
words, there are more and more proteins will be activated to
cooperate the dysfunction of AD. In phenotype, this would
cause the development of dementia. The increasing tendency
of complexity among proteins with their cooperations would
imply the development of severity. For instance, the patients
will lose their behavior abilities gradually.

B. Pathways underlying KEGG AD proteins

The identified dysfunctional pathways have certain implica-
tions to the development of dementia of patients in the popular
hypotheses. We will investigate these details in the smaller
KEGG AD gene set. KEGG provides a curated metabolic
pathway related to AD, which is based on higher level of
interactions. We will focus on the dysregulated pathways un-
derlying the smaller set. Figure 4 shows the identified pathways
underlying the KEGG AD proteins, where (a), (b), and (c)
indicate the induced pathways in three stages respectively.
Totally, KEGG contains 28 AD-related genes, in which 27

(a) (b) (c)

Fig. 2. The identified active pathways in three different disease stages among
AD-related proteins. (a), (b), and (c) correspond to incipient (p-value: 1.15e-
54) , moderate (p-value: 8.79e-72) and severe (p-value: 1.01e-77) stages of
AD in induced pathways individually. The network figures are drawn by
Cytoscape.
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Fig. 3. Venn diagrams of overlap among interactions (a) and proteins (b)
involved in these identified pathways in different disease stages.

genes have gene expression data and contains 48 interactions
in our integrated AD network. The active pathways with these
non-active part are shown in Figure 4. In amyloid hypothesis,
APP is cleavaged by γ-secretase and then the concentration of
Aβ peptide would cause senile plaques in the brain. Gene ID
for γ-secretase complex is PSEN1 and PSEN2 (PS), PSENEN
(PEN-2), NCSTN (NCT) and APH1A (APH-1). The induced
pathways among these proteins imply there are more γ-
secretase would be assembled in the disease. From Figure 4,
we can find that the interaction between gamma-secretase and
APP is always induced in three processes. PSEN1 and PSEN2
are two important genes encoding PS part of γ-secretase, which
is known to the subcomponent responsible for the cutting of
APP [5]. Interactions between PS and APP will be activated
during incipient and moderate processes of AD progression,
and the interaction between NCT and APP would be activated
in the severe stage. Generally, γ-secretase will undergo signif-
icant post-translational modification before becoming active,
while NCT is to promote the maturation and proper trafficking
of the other proteins in the complex [30]. This indicates that
Aβ peptide would be produced abundantly during disease pro-
gression, which is the main pathology of amyloid hypothesis.
Direct interaction between β-secretase (BACE1 and BACE2)
and APP would not be involved in three stages. However, it
will be included in identified pathways connecting with APP
through protein LRP1 in the moderate and through γ-secretase
in the severe stage. The relay of β-secretase cooperating with
APP sheds light on that the accelerated production of C99
peptide might accompany with activation of β-secretase with

4369



LRP (LRP1) and nicastrin. The pathway potentially increases
the amount of C99, and the up-stream formation of Aβ peptide
cleavage by γ-secretase. This implies that many C99 fragments
will be produced when the disease steps into its serious stages,
and then the former activation of γ-secretase with APP will
have more possibility to produce Aβ in the cascade hypothesis
of sequential cleavages [6]. APOE is another important protein
related to AD by catalytic the resolution of the short peptide of
APP [5]. It enhances proteolytic break-down of various forms
of β-amyloid peptides. It is known that LRP is a receptor for
apolipoprotein APOE4 import cholesterol into neurons [31].
We found that the pathway between APOE and APP, through
LRP1, is activated in the moderate stage, which means that
APOE will accelerate the speed of dissolution of Aβ peptide
when it is accumulated too much in the process.

During AD progression, the induced pathways will con-
tained 18 of the 48 ensemble interactions in KEGG AD
proteins. Simultaneously, 15 of the 27 proteins are involved
in these dysregulated interactions. The proteins APP and γ-
secretase are always in the pathways during development.
There are more implications from other included proteins
during AD progression, such as GSK3B and MME. GSK3B is
also known to be essential in the pathogenesis of Alzheimer’s
disease by inducing hyperphosphorylation of Tau (MAPT) and
is involved in Aβ-activated neuronal death in hippocampus
region [32]. NFT is another pathological characteristic of
AD caused by hyperphosphorylation of Tau [6]. It has been
reported that Tau-dependent microtubule disassembly initiated
by prefibrillar β-amyloid [33]. The activated GSK3B by APP
might cause the acceleration of phosphorylation. MME is a
major enzyme for degradation of β-amyloid [5]. The pathway
between MME and APP, through APBB1, is activated during
incipient and moderate stage. APBB1 is known to be in
an adaptor Fe65 protein family which binds APP [5]. This
implies that MME is activated during disease development for
accumulating β-amyloid processed by γ-secretase.

C. Consistency of GO functions

To show the functional consistency in these dysregulated
pathways, we identify GO function enrichments underlying the
cooperations. Results are shown in Table I. In three different
stages of AD, there are conserved GO functions in the iden-
tified pathways. From the top three significant GO functions
of induced pathways, some common functions are activated in
three stages. Functional significance of these induced pathways
provides validation of identified pathways. The p-value are
calculated by hypergeometric test [34].

IV. DISCUSSIONS

In this paper, we analyzed dysregulated protein interactions
of AD-related proteins from the temporal perspective of dis-
ease development. We identified the dynamically dysfunctional
pathways underlying AD proteins during AD progression, i.e.
incipient, moderate and severe stages. We firstly integrated a
comprehensive PPI network of AD proteins. From genomic-
level expression profiling of AD patients, we mapped the

Incipient
Moderate
Severe
Incipient & moderate
Incipient & severe
Non-active

Fig. 4. Identified dysregulated pathways underlying in KEGG AD related
proteins in three disease stages. The details of them and the overlap are shown
by different colors.

TABLE I
TOP THREE SIGNIFICANT GO BIOLOGICAL PROCESSES ENRICHED IN

IDENTIFIED INDUCED PATHWAYS OF DIFFERENT STAGES.

Type GO term Description (frequency in pathway/network) P-value
incipient GO:0006355 regulation of transcription, DNA-dependent (13/28) 2.67e-09

GO:0045944 positive regulation of transcription from RNA polymerase II promoter (9/14) 1.01e-07
GO:0007242 intracellular signaling cascade (6/8) 1.93e-05

moderate GO:0006916 anti-apoptosis (11/22) 3.12e-06
GO:0007165 signal transduction (16/51) 6.17e-06
GO:0006355 regulation of transcription, DNA-dependent (11/28) 4.15e-05

severe GO:0006355 regulation of transcription, DNA-dependent (16/28) 1.98e-09
GO:0006629 lipid metabolic process (10/22) 7.59e-05
GO:0045944 positive regulation of transcription from RNA polymerase II promoter (10/14) 5.82e-07

information of differential and correlational expression infor-
mation to the ensemble interactions. Then we detected induced
pathways of protein interactions from control to disease. From
different development stages, we reconstructed the dysfunc-
tional pathways. We found that there are many interactions and
proteins to cooperate together to perform certain dysfunctions.
After detailed analysis of dysregulated pathways in AD key
proteins, we identify the functional enrichments are conserved
in identified pathways. The theoretical results show that the
network-based approach can provide deep insight onto the
essential pathological mechanism and also give implications
on different hypotheses of AD pathologies at the transcriptome
and interactome level.

A. Integrating transcriptome and interactome information

Proteins are functional units in the cell. The complexity
of AD disease is caused by misfolding of Aβ and Tau
proteins in the brain [6]. Proteins cooperate each other to
perform dysfunctions during AD progression. We proposed
a novel framework to integrate gene expression and protein
interaction information to investigate dynamically pathways in
AD related proteins. Recently, [35] and [36] conducted gene
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coexpession study of AD and found AD highly susceptibility
genes are tend to coexpressed together constructing modules.
The molecular network information of protein interaction has
evidenced an application to prioritize AD candidate genes [37].
This evidence implies that both gene expression and protein
interaction can provide useful information for AD study. In
contrast, a novel scheme has been developed here to utilize
expression information efficiently by differential features and
close relationships with others simultaneously. We regarded the
pathways as the dysregulated proteins with highly correlation
between them. We mapped the gene expression in different
stages of AD progression to integrated protein interactions. The
identified pathways show the dynamics of cooperations among
them. AD proteins have been shown to cooperate each other
during the disease progression. These reconstructed processes
of disease progression provide implications for potential AD
mechanisms.

B. Identification of pathways

This work proposed a method to identify dysregulated
pathways of protein interactions at different stages of AD
progression. The detection is conducted by exploring edge
information combined by the corresponding gene expression
of two nodes and their correlation. The method is based on
assumption that proteins in the same pathway are differential
expressed and closed correlations. Dysfunction of AD might
lie in cooperations among certain proteins. We regard the
terminology of pathway as the cooperations in a protein set,
which we identify it by their interactions directly. In contrast
to the methods based on differential expressed genes and
related all the reported interactions [9], [15], [16], [29], our
method consider not only the differential genes, but also the
cooperations among them. In fact, the methods use the iden-
tified distinct proteins, and all their interactions as functional
pathway are failed to detect any specific information [28].

We identified dysregulated pathways based on gene expres-
sion information at protein level. These identified pathways
in our method are those significant or relevant interactions in
different stages in hippocampal CA1 regions. Proteins in the
same pathway are differential expressed and with high corre-
lations in specific AD stages. The gene expression is based
on different individuals and measured by limited samples. The
whole scenario of comprehensive interactions in AD brain with
temporal and spatial processes is still challenging tasks for our
detection.

From the available data so far of gene expressions for
different stages in AD progression and protein-protein interac-
tions, we integrated them to identify the dynamic dysregulated
subnetworks. We observed that interactions among AD pro-
teins become more and more complicated with the progression
of disease severity. In other words, more and more proteins
took part in the active pathways during AD progression.
The risk proteins, such as APP, γ-secretase and β-secretase,
are identified to perform significant interactions with other
proteins. This dynamics provides us valuable information of
the cooperations among them during disease development. The

conservation of functional enrichments in these dysfunctional
pathways gives further evidence of protein cooperations in
the pathways. These results also imply that we should pay
much attention to the complexity of disease from systematic
perspective.

V. CONCLUSION

In this work, we proposed a network-based approach to
analyze the dynamics of protein interactions among AD pro-
teins in different stages during disease progression. The derived
information of AD genes from the transcriptome in different
stages provides valuable insight onto the interactome features.
We identified active pathways involved in interactions among
proteins which are both differential expression individuals
and closely cooperate with others. The identified dysregulated
pathways give more information on development mechanisms
about AD progression. The proteins in the active subnetwork
cooperate together to perform toxicity functions to a neuron
cell. From these induced pathways, the cooperations among the
AD proteins have been investigated in detail. There are changes
and conservations in the protein interactions corresponding to
AD severity. The reconstructed dynamics during AD devel-
opment can be further explored for deciphering mechanisms
at genotype level. The analysis gives a screen displaying the
cooperations among AD proteins, and our method provides a
novel framework to identify dysfunctional pathways which can
be used for studying other complex disease.

ACKNOWLEDGMENT

This work was supported by the National Natural Science
Foundation of China (NSFC) under Grant No. 10631070 and
No. 10801131. Part of the authors are also supported by the
Grant No. 5039052006CB from the Ministry of Science and
Technology of China. The work was also supported by NSFC-
JSPS collaborative project No. 10711140116.

REFERENCES

[1] M.Goedert, M.G. Spillantini, “A century of Alzheimer’s disease,” Science,
vol. 314, pp. 777–781, 2006.

[2] W. Xia, “From presenilinase to gamma-secretase, cleave to capacitate,”
Curr. Alzheimer Res., vol. 5, pp. 172–178, 2008.

[3] L. Bertram, M.B. McQueen, K. Mullin, D. Blacker, R.E. Tanzi, “System-
atic meta-analyses of Alzheimer disease genetic association studies: the
AlzGene database,” Nat. Genet., vol. 39, pp. 17–23, 2007.

[4] P. Dash, N. Villemarette-Pittman, “Alzheimer’s disease,” New York:
American Academy of Neurology Press, 2005.

[5] D.J. Selkoe, “Alzheimer’s disease: genes, proteins, and therapy,” Physiol.
Rev., vol. 81, pp. 741–766, 2001.

[6] Y.H. Suh, F. Checler, “Amyloid precursor protein, presenilins, and alpha-
synuclein: molecular pathogenesis and pharmacological applications in
Alzheimer’s disease,” Pharmacol. Rev., vol. 54, pp. 469–525, 2002.

[7] E.M. Blalock, J.W. Geddes, K.C. Chen, N.M. Porter, W.R. Markesbery,
P.W. Landfield, “Incipient Alzheimer’s disease: microarray correlation
analyses reveal major transcriptional and tumor suppressor responses,”
Proc. Natl. Acad. Sci. USA, vol. 101, pp. 2173–2178, 2004

[8] A. Barabasi, Z. Oltvai, “Network biology: understanding the cell’s func-
tional organization,” Nat. Rev. Genet., vol. 5, pp. 101–113, 2004.

[9] H.Y. Chuang, E. Lee, Y.T. Liu, D. Lee, T. Ideker, “Network-based
classification of breast cancer metastasis,” Mol. Syst. Biol., vol. 3, 140,
2007.

[10] E. Segal, H. Wang, D. Koller, “Discovering molecular pathways
from protien interaction and gene expression data,” Bioinformatics, vol.
19(Suppl), pp. i264–i272, 2003.

4371



[11] T. Ideker, O. Ozier, B. Schwikowski, A.F. Siegel, “Discovering regula-
tory and signalling circuits in molecular interaction networks,” Bioinfor-
matics, vol. 18(Suppl), pp. S233–S240, 2002.

[12] V.G. Tusher, R. Tibshirani, G. Chu, “Significance analysis of microarrays
applied to the ionizing radiation response,” Proc. Natl. Acad. Sci. USA,
vol. 98, pp. 5116–5121, 2001.

[13] A. Subramanian, P. Tamayo, V.K. Mootha, S. Mukherjee, B.L. Ebert,
M.A. Gillette, A. Paulovich, S.L. Pomeroy, T.R. Golub, E.S. Lander,
J.P. Mesirov, “Gene set enrichment analysis: a knowledge-based approach
for interpreting genome-wide expression profiles,” Proc. Natl. Acad. Sci.
USA, vol. 102, pp. 15545–15550, 2005.

[14] D.W. Huang, B.T. Sherman, R.A. Lempicki, “Bioinformatics enrichment
tools: paths toward the comprehensive functional analysis of large gene
lists,” Nucleic Acids Res., vol. 37, pp. 1–13, 2009.

[15] M. Liu, A. Liberzon, S.W. Kong, W.R. Lai, P.J. Park, I.S. Kohane, S.
Kasif, “Network-based analysis of affected biological processes in type 2
diabetes models,” PLoS Genet., vol. 3, e96, 2007.

[16] I. Ulitsky, R.M. Karp and R. Shamir, “Detecting disease-specific dys-
regulated pathways via analysis of clinical expression profiles,” Lecture
Notes in Comput. Sci., vol. 4955, pp. 347–359, 2008.

[17] H. Ge, Z. Liu, G.M. Church, M. Vidal, “Correlation between transcrip-
tome and interactome mapping data from Saccharomyces cerevisiae,” Nat.
Genet., vol. 29, pp. 482–486, 2001.

[18] N. Bhardwaj, H. Lu, “Correlation between gene expression profiles and
protein-protein interactions within and across genomes,” Bioinformatics,
vol. 21, pp. 2730–2738, 2005.

[19] A. Grigoriev, “A relationship between gene expression and protein
interactions on the proteome scale: analysis of the bacteriophage T7 and
the yeast Saccharomyces cerevisiae,” Nucleic Acids Res., vol. 29, pp.
3513–3519, 2001.

[20] S. Peri, J.D. Navarro, R. Amanchy, T.Z. Kristiansen, C.K. Jonnalagadda,
V. Surendranath, V. Niranjan, B. Muthusamy, T.K. Gandhi, M. Gronborg,
et al., “Development of human protein reference database as an initial
platform for approaching systems biology in humans,” Genome Res., vol.
13, pp. 2363–2371, 2003.

[21] C. Alfarano, C.E. Andrade, K. Anthony, N. Bahroos, M. Bajec, K.
Bantoft, D. Betel, B. Bobechko, K. Boutilier, E. Burgess, et al., “The
Biomolecular Interaction Network Database and related tools – 2005
update,” Nucleic Acids Res., vol. 33, pp. D418–424, 2005.

[22] C. Stark, B.J. Breitkreutz, T. Reguly, L. Boucher, A. Breitkreutz, M.
Tyers, “BioGRID: a general repository for interaction datasets,” Nucleic
Acids Res., vol. 34, pp. D535–D539, 2006.

[23] H. Hermjakob, L. Montecchi-Palazzi, C. Lewington, S. Mudali, S.
Kerrien, S. Orchard, M. Vingron, B. Roechert, P. Roepstorff, A. Valencia,
et al., “IntAct: an open source molecular interaction database,” Nucleic
Acids Res., vol. 32, pp. D452–D455, 2004.

[24] A. Zanzoni, L. Montecchi-Palazzi, M. Quondam, G. Ausiello,
M. Helmer-Citterich, G. Cesareni, “MINT: a Molecular INTeraction
database,” FEBS Lett., vol. 513, pp. 135–140, 2002.

[25] D.W. Huang, B.T. Sherman, R.A. Lempicki, “Systematic and integrative
analysis of large gene lists using DAVID Bioinformatics Resources,” Nat.
Protoc., vol. 4, pp. 44–57, 2009.

[26] R.A. Fisher, “Combining independent tests of significance,” American
Statistician, vol. 2(5), pp. 30, 1948.

[27] D. Hwang, A.G. Rust, S. Ramsey, J.J. Smith, D.M. Leslie, A.D. Weston,
P. de Atauri, J.D. Aitchison, L. Hood, A.F. Siegel, H. Bolouri, “A data
integration methodology for systems biology,” Proc. Natl. Acad. Sci.
USA., vol. 102, pp. 17296–17301.

[28] Z. Guo, Y. Li, X. Gong, C. Yao, W. Ma, D. Wang, Y. Li, J. Zhu, M.
Zhang, D. Yang, J. Wang, “Edge-based scoring and searching method for
identifying condition-responsive protein-protein interaction sub-network,”
Bioinformatics, vol. 23, pp. 2121–2128, 2007.

[29] Breitling R, Amtmann A, Herzyk P (2004) Iterative Group Analysis
(iGA): a simple tool to enhance sensitivity and facilitate interpretation of
microarray experiments. BMC Bioinformatics 5:34

[30] Y.W. Zhang, W.J. Luo, H. Wang, P. Lin, K.S. Vetrivel, F. Liao, F. Li,
P.C. Wong, M.G. Farquhar, G. Thinakaran, H. Xu, “Nicastrin is critical
for stability and trafficking but not association of other presenilin/gamma-
secretase components,” J. Biol. Chem., vol. 280, pp. 17020–17026, 2005.

[31] Q. Liu, C.V. Zerbinatti, J. Zhang, H.S. Hoe, B. Wang, S.L. Cole, J.
Herz, L. Muglia, G. Bu, “Amyloid precursor protein regulates brain
apolipoprotein E and cholesterol metabolism through lipoprotein receptor
LRP1,” Neuron, vol. 56, pp. 66–78, 2007.

[32] A. Takashima, “GSK-3 is essential in the pathogenesis of Alzheimer’s
disease,” J. Alzheimers Dis., vol. 9(Suppl), pp. 309–317, 2006.

[33] M.E. King, H.M. Kan, P.W. Baas, A. Erisir, C.G. Glabe, G.S. Bloom,
“Tau-dependent microtubule disassembly initiated by prefibrillar beta-
amyloid,” J. Cell Biol., vol. 175, pp. 541–546, 2006.

[34] The Gene Ontology Consortium (2000) Gene Ontology: tool for the
unification of biology. Nature Genet 25:25–29

[35] J.A. Miller, M.C. Oldham, D.H. Geschwind, “A systems level analysis
of transcriptional changes in Alzheimer’s disease and normal aging,” J.
Neurosci., vol. 28, pp. 1410–1420, 2008.

[36] M. Ray, J. Ruan and W. Zhang, “Variations in the transcriptome of
Alzheimer’s disease reveal modular networks involved in cardiovascular
diseases,” Genome Biol., vol. 9, R148, 2008.

[37] M. Krauthammer, C.A. Kaufmann, T.C. Gilliam, A. Rzhetsky, “Molecu-
lar triangulation: bridging linkage and molecular-network information for
identifying candidate genes in Alzheimer’s disease,” Proc. Natl. Acad.
Sci. USA, vol. 101, pp. 15148–15153, 2004.

4372



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


