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Abstract—Alzheimer's disease is a severe, neurodegenerative condition that gradually breaks memories, thinking
abilities, and the ability to carry out even the most basic tasks. The hub genes of AD were examined in this study.
They understand how interactions between proteins and non-protein substances are crucial to understanding how
proteins work. Network investigations of protein-protein interactions, in particular, help understand biological issues.
This article offers a novel approach to identifying essential proteins using weighted PPI networks and Hyperlink-
Induced Topic Search (HITS) algorithm. We discovered the top 10 hub genes linked to AD using a protein network
analysis: AKT1, TGFB1, GRB2, NFKB1, PIK3CA, PIK3R1, TNF, IFNG, VEGFA, and TP53. It was discovered by
gene enrichment that most gene activities might be categorized as vital to the plasma membrane, including
engagement in signaling cascades, G-protein composite reliability activation, and cell contact. The prioritized genes
were determined by the convergent functional genomics ranking AKT1, TGFB1, GRB2, NFKB1, PIK3CA, PIK3R1,
TNF, IFNG, VEGFA, and TP53. To better understand AD pathophysiology and find new biomarkers or medication
targets for AD treatment, these molecular pathways hub genes will be helpful.

Keywords—HITS algorithm, PPI networks, Hub genes, Alzheimer’s disease, Functional enrichment
I.  INTRODUCTION [6,7].Hu_ gr_}d co.IIeag.ue_s have addresse_d_ _the issn_Je of

o ] ] ] reproducibility by identifying a number of utilizing two sizable,

The majority of instances of dementia related to aging—  well-characterized clinical samples, we examined the causes of

50%-60%—are caused by Alzheimer's Disease (AD), which is  activation linked to the development of AD [8,9]. O’Bryant
characterized by a progressive memory loss coupled with  and colleagues [10,11]good diagnostic accuracy across cohorts
additional cognitive deficiencies in judgment, abstraction,  was also noted. Cross-validation across different cohorts has
language, attention, and visuoconstructive ability [1]. Around  also been employed by plasma proteomics researchers to solve
the world, AD affects 36 million people, and by 2050, it's  the over-fitting issue in high dimensional investigations. It has
predicted that 110 million people will be affected [2,3]  been proposed it due to AD being a disease associated with
Therefore, AD is incurable, and current knowledge of its  protected system malfunction and mitochondrial dysfunction
pathogenic processes is incomplete. Later, the same team used [12,13], concentrating on genes implicated in pertinent
several bioinformatics techniques to evaluate independent data  pathways could aid in the finding of biomarkers[14 ,15]. Only
and found that most of those 18 proteins were associated with 3 small number of earlier investigations, though, have modeled
the concentrations of A or tau proteins in CSF [4,5] Since the  ysing biological data. Various efforts have been made to far to
publication of these two papers, several profiling strategies  predict hub proteins using Hub protein discovery methods
have suggested protein panels with significant diagnostic  hased on biological experiments and networks. Despite the use
potential, but repeatability has remained the primary concern  of conventional experimental techniques like gene knockout
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stages [16,17] , RNA interference and conditional knockouts
[18,19], they take more time and money, yet they can predict
hub proteins accurately. Technologies with high throughput,
like the yeast two-hybrid approach, have been developed [20],
mass spectrometry analysis [21,22]. Based on existing PPI
data, some academics have proposed various computational
ways to overcome these experimental limits. According to
certain research, the centrality-lethality rule—which states that
essential proteins in PPl networks tend to be strongly
connected proteins [23] . The PPl networks can entirely
breakdown in the absence of highly linked protein nodes,
which would be fatal to the organism itself. There are several
different network centrality measurements, like Degree
Centrality (DC) [24], Neighborhood Centrality (NC),
Information Centrality (IC), Eigenvector Centrality (EC),
Betweenness’ Centrality (BC), Closeness Centrality (CC), Sub-
graph Centrality (SC), and Local Average Connectivity
(LAC)[25] . To determine essential proteins, certain centrality
methods are applied because of these research' findings, but
they have some limitations because there are many false
positive and false negative outcomes with PPI data. As a result,
numerous techniques for detecting hub proteins have been
suggested.

It was first introduced by Kleinberg in 1998, and is known
as "hypertext induced topic search™ (HITS) in the field of web
structure mining[26]. Prior to joining them in the link structure,
Kleinberg separated authority pages and hub pages from
network pages. The former offers the best information on
search-related issues; the more network pages cite it, the
greater its authority value. The latter offers significant linkages
and the more authoritative pages it cites, the greater its hub
value. Web searches frequently use the HITS algorithm, which
effectively addresses various real-world including web
community[26].An innovative computational technique is
presented in this study, to identify essential proteins using
weighted PPl networks and the HITS algorithm. First, we
create a directed network from the original undirected PPI
network. After that, we weighted PPI networks using biological
data and network topological properties and assess three
factors: protein functions, false positives and false negatives,
and protein locations. The biological information employed in
this technique includes data on gene expression, and Gene
Ontology (GO) annotation. As an illustration understanding
PPI networks' topological characteristics [27]. Then, using the
authority and hub principles produced using HITS method, the
rank the proteins. This research used protein-protein
interactions to discover the hub genes responsible for
Alzheimer's disease and HITS algorithm. Finally, we obtained
the top 10 genes related to AD.

Il. MATERIALS AND METHODS

A proposal is used the dataset of PPI network of human is
integrated from HPRD (the Human Protein Reference
Database), have 37437 genes. The datasets GWAS (Genome-
wide association study) downloaded the GWAS association
results for AD [26]. The GWAS have 668 genes involved in
AD.Methods of detailed description of all the algorithms,
formulas and methods that helped to present proposal used the
HITS algorithm and extra-biological information to identify
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and evaluate hub genes, as shown in Figure (1). It consists of
three stages:

e Constructing Weighted Protein-Protein Interaction

Network
e Hypertext Induced Topic Search (HITS) Algorithm

e Evaluating Identifying Hub Gene based on HITS
Algorithm

A. Constructing Weighted Protein-Protein Interaction
Network

The most common way to depict a protein-protein
interaction network is as an undirected graph G = (V, E), where
V is a set of vertices that stands for proteins and E is a
collection of all interactions between proteins[26]. We start
from the assumption that protein connections are interactive
and transform the undirected PPI network G = (V, E) into a
bidirectional network G'= (V, E') that is similar to it in order to
defy accepted wisdom. Mentioning certain networks in
biology, like kinase networks, are exempt from the
mathematical process that converts an undirected graph into a
directed graph. The high number of false positives in high-
throughput PPI networks, and false negatives will affect the
prediction accuracy. In order to resolve this issue, we weigh
edges separately using network topological traits and biological
information. Nodes with high-quality biological data are
anticipated to be directed to using nodes that indicate higher
topological data that vice versa, based on the HITS algorithm.
The building of the weighted PPI network is illustrated with an
example in Figure (2).

‘ Dataset | l
| Constructing Weight |
I 2 D e N
| Biological Topological |
I Information Structure |
| |

HITS Algorithm

|
|
|
|
: Enrichment
|

Figure 1. Block diagram of the proposal for the prediction of
Alzheimer's diseases
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Figure 2. An example of a weighted PPI network

Network topology weighted edge: Edge Betweenness
Centrality (EBC) is a method of measuring how much effect a
node has on the information flow in a graph. It is frequently
used to identify nodes that connect two distinct regions of a
graph. The number of times a node is observed to be located
along the shortest path connecting two other nodes, in addition
to betweenness, is a measure of centrality [28]. It is equal to the
total number of shortest routes between every vertex and every
other vertex that go via that node. If we assume that the
shortest paths are used for item transfer, a node with high
betweenness centrality has a significant impact on the
transmission of items through the network. The quickest path is
taken by the brain to digest information in order to conserve
time and energy, according to studies. In order to reflect the
shortest paths in our model, we chose proximity and
betweenness centrality as measurements [28]. Betweenness
Centrality CB for the graph G = (V, E) (V) is given in Equation
(1). EBC (V) can be defined ,as follows [28]:

ost(v)
EBC (V)= ys#V#tz oSt (1)

WhereO'St is the total number of shortest paths from

node sto nodet and @St (V) is the number of those paths
that pass through",as shown in Figure (3).

Figure 3. Betweenness centrality [28]

Biological information weighted edge: Several genes
linked to AD were found via Genome-Wide Association
Studies (GWASSs). The biological pathway is a method using
which a gene's information is utilized in a creation from a
useful gene produce.
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B. HITS algorithm

The Hyperlink- Induced Topic Search algorithm, an
iterative algorithm, was first suggested to evaluate a
significance of online pages [26]. The HITS algorithm rates the
web page via analysing all of its in-links and out-links, which
is reliant on the search query. Each page receives two attributes
in the HITS algorithm: the hub and the authority. Many high-
quality hub pages will link to the authority, which is a high-
quality authority page. The values of each page's authority that
the page hub links to together make up its value [29] . Hubis a
top-notch hub page that links to humerous top-notch authority
pages. The total hub values that point to the page make up the
page authority value. Illustrates how to determine the hub and
authority's value, as shown in Figure (4).

a(L)=h(K) +h(M)

a(M)=h(K)+h(E)
h(L)=a(l)+a(E) h(M)=a(L)+a(l)

Figure 4. An example of how to calculate hub and
authority values simply [26]

The Hub (h) score and Authority (a) score for a node
is calculated the technique below[26]:

1. Begin with a hub score and authority score of 1 for
each node

2. Implement the Authority Updating Rule

at(v) =>(u, v) € E ht-1(u) (2)
3. Run the Hub Update Rule
ht(v) = >(u, v) €E at-1 (u) 3)

4. To normalize the numbers, divide the values by the
square roots of the sum of the squares of all Hub scores
and all Authority scores

5. Continue as necessary from steps two and three

C. Identifying Hub Gene based on HITS Algorithm

The suggested HITS approach is applied, and weighted PPI
networks are constructed. The ultimate score is calculated by
combining the authority value and the hub value via Eq. (4).
The notice that in every change in weight some common genes
appear and new genes also appear, this lead to conclusion that
it is better to make the value a half to each of the h=0.5 and
a=0.5 to make the network balanced, as presented in the Table
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(1), to fully assess each gene's significance, where [0, 1]
utilized to modify a ratio (o) between these two marks. Only
when the value of is equal to 0 does the sorting score depend
on the topological data. A sorting score is calculated using a
biological data if the value of is 1. The definition of gene
scores (V) states that they anticipate that various parameters
will have an impact on its performance a. To reduce the
selection pressure of the parameter and make it easier to apply
gene scores to various organisms to discover hub genes. The
balance of the effect is set to 0.5. The proposed approach
described in pseudo-code as two phases in Algorithm (1). The
first stage uses edge betweenness centrality to weigh PPI
networks with biological documents and topological features.
The HITS method is used in the second stage to find the hub
gene, which is based on Eq. (4).

Gene Score (V)=axa((v)+ (1 —a)xh(v)

“)

Where o € [0, 1] is employed for modify a ratio of these
two scores, where v represents a node. Algorithm to weighted
PPI networks [30].

Algorithm (1): HITS algorithm

Input: DG: Directed Weighted Graph, G: Network Graph, V:
Nodes, E: Edge, h: hub, a: authority, t= no of iteration
Output: Identify hub genes related to Alzheimer’s disease
Stepl

1: Transform G to Bidirectional Graph G (V, E)

2: for each interrelating protein pair (a, b) in PPI do

3: Compute EBC /* Find shortest path between of two
nodes*/
4: Calculate the ratio of related gene to disease (DG) // 0 if

no gene related to disease, 1 if two genes related to disease,
0.5 if one gene related to disease //

5: end for

6: for each interacting protein pair (a,b) in G™ do

7. edge (a,b) = EBC (a,b)

8: edge (b,a) =DG (b,a)

9: end for

Step?2

10: for tin [1, max_iter] do

11: foreachvinV do
12:  Run the Authority Update Rule by using Eq.(2)
13:  Run the hub Update Rule by using Eq.(3)
14: at= —t—
max(ag)

. _ b
15: - max(ht)
16: t=t+1

17: until jat —at-1| + |ht — ht=1| <y //y: Denote collect the
highest-ranked pages // from a text-based search

18:  return (at, ht)
19: end for
20: end for

21: Calculate the score of each gene via Eq.(4)
22: Return hub genes
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1. RESULTS AND DISCUSSION

The HITS algorithm's effectiveness needed to be
demonstrated, the performance of the algorithm was evaluated
by changing the values (o) .

That suggests that the HITS algorithm was successful in
locating hub genes, it determined the top ten hub genes linked
to AD: AKT1, TGFB1, GRB2, NFKB1, PIK3CA, PIK3R1,
TNF, IFNG, VEGFA and TP53.

TABLE I. SHOWS THE WEIGHT FOR H AND A
h Ratio | a Ratio Top 10 Genes

05 05 AKT1,TGFB1,GRB2,NFKB1,PIK3CA,PIK3R
1, TNF,IFNG,VEGFA, TP53

06 0.4 AKT1,TGFB1,NFKB1,GRB2,IFNG,TNF,PIK
3CA,PIK3R1,TP53,VEGFA

0.4 06 PIK3R1,TGFB1,AKT1,PIK3CANFKB1,TNF,
VEGFA,GRB2,IFNG, TP53

07 03 AKT1,TGFB1,IFNG,NFKB1,GRB2,TP53, TN
F,VEGFAPIK3CA,IL1B

03 07 PIK3R1,PIK3CA TGFB1,TNF,AKTL1,VEGFA,
GRB2,NFKBL,IGF1R,IL6

08 02 AKT1,TGFB1,NFKB1,IFNG,TP53,GRB2,TN
F,.VEGFA TRAF6,FYN

0.2 08 PIK3R1,PIK3CA TGFB1,TNF,VEGFA,GRB2,
NFKB1,AKT1,CAV1,IGFIR

00 10 PIK3R1,PIK3CA TNF,CAV1,IRS1,PDGFRB,
CXCL8,ESR1,IGF1R,IL6

10 00 AKT1,TGFB1,IFNG,NFKB1,TP53,GRB2,TR
AF6, VEGFA TNF,FYN

09 01 AKT1,TGFB1,NFKB1,IFNG,TP53,GRB2,VE
GFA TNF, TRAF6 ,FYN

01 09 PIK3R1,PIK3CA TNF, TGFB1,CAV1,VEGFA
,CXCL8,ESR1,IGF1R,IL6

A. Functional Enrichment Analysis

The FunRich analysis is a predominant bioinformatics tool
for annotations of genes and their products, in term Biological
Pathways (BP).In general, the tool includes 200 biological
pathways, and when the 10hub genes are entered into the tool
to be analyzed in the biological pathways the results appeared
33 biological pathways containing 100% of the ten hub genes,
as shown in Figure (5).

Hog10(p)

a
3
2
1
0

Regulation of Telomerase

Biological pathway

Figure 5. Hub genes in the biological pathways of
Alzheimer's disease
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B. Prioritizing Hub Genes

Using the CFG technique, which took into account several
types of evidence connected to AD, the probable driver genes
were ranked from AD-specific modules [31] .

A CFG scores ranged starting zero to five, with five
denoting the utmost importance. Five evidences for AD were
found: 1) Genetic correlation A gene received one point if it
possessed at most one locus that was expressively related with
Alzheimer's according to the International Genomics of
Alzheimer's Project's statistical data in overview [IGAP];
otherwise, it received a zero value. 2) Genetics controls gene
expression a gene received one point if it was linked to
Expression Quantitative Trait Loci (eQTLS) in IGAP data that
indicated an AD-risk; otherwise, it received zero points. 3)
Protein interaction one point was if a gene made a physical
connection to any of the Alzheimer disease genes known.
(APP, PSEN1, PSEN2, APOE, or MAPT); otherwise, zero
points were given. 4) Interaction of proteins if any of the AD
core genes were physiologically interacting with a gene (APP,
PSENL1, PSEN2, APOE, or MAPT). 5) Mouse brain with early
signs of AD change. When a gene's expression in the
hippocampus of 2-month-old AD mice differed from that of
one point was awarded for age-matched wild-type mice;
otherwise, 0 points were given, as shown in Table (2).

TABLE II. THE CFG APPROACH ASSIGNS THE 10 IDENTIFIED CANDIDATE
GENES A PRIORITY
o > >~
S = a I s S kb g
o o ; o > < = S o O
D o 5 < 3 T Q
& o o ©
PSEN2,MAPT, ' -
AKT1 0 0 APOE NA 0.253,n 0.266,n5 1
APP,MAPT, 0.871,* .
TGFB1 1 0 APOE NA . 0.681, 3
APP PSEN1, 0.110.n
GRB2 5 0 | PSEN2,MAPT, | NA ' s ! 0.138,ns | 2
APOE
APP PSEN2, 0.731,*
NFKB1 1 0 MAPT NA o 0.247ns | 3
APP PSENL1, - )
PIK3CA 2 0 | PSEN2,MAPT, | NA | 0.170,n 0.485 ns 2
APOE S s
PSEN1,PSEN2, 0.005,n -

PIK3R1 2 0 MAPT,APOE NA S 0.141,ns 2
TNF NA | 0 - NA NA NA 0
IFNG NA | 0 MAPT NA NA NA 1

APP,PSEN2, : -

VEGFA 2 0 APOE yes O.Zis,n 0.758,%* 4

APP PSENL1,
TP53 1 0 PSEN?2 NA NA NA 2

C. Protein—protein Interaction Network (PP1)

The PPI network was visualized using the Cytoscape
software. The PPl network contained 5664 nodes and 37219
edges, as shown in Figure (6). In all, the 10 hub genes with

strong connections were AKT1, TGFB1, GRB2, NFKBI1,
PIK3CA, PIK3R1, TNF, IFNG, VEGFA, and TP53.

Now we all knew that after enough iteration, hub and
authority would always converge to a specific value, as shown
in Figure (7).

(@
AKT1 — TGFB1
/ \\  NFKB1
GRB2 ‘ ) / /|
S\ § I~
TN TNF
A XL \
/ \ |
PIKSCA | X~ X : ‘TP53
e\ IFNG
VEGFA \|/
PIK3R1
(b)

Figure 6. (a) An Overview of the PPI. The network has
3397 nodes and 37219 edges. The hub genes, which are
displayed as large blue nodes, are interacted with other genes
linked to Alzheimer's disease by the red nodes. (b) top 10 hub
genes.
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Figure 7. Performance Measurement for convergence

In order to identify the relationship between total edges and
computation time, we perform 100 iterations with a varied
number of total edges. You can see that the relationship
between the inference of edges and computing time is almost
linear, which is really good, as shown in Figure (8).

The edges' connections to one another, which are why it
isn't entirely linear, will also, have a small impact on how long
it takes to compute. For example, 500 iterations are still not
enough. The computation time will also be slightly affected by
the connections between the edges, which are why it is not
totally linear.

HITS computation time with different number of edges

. /

0.2 A mman

Time (sec)

0.1 4

4000 6000 8000

Edges

o 2000

Figure 8. Measure the HITS computation

Iv. CONCLUSION

Understanding the basic processes that underlie cellular life
is significant for identifying key genes. This article introduced
a novel computer method to determine important proteins via a
weighted PPI network and the HITS algorithms.

A weighted PPl network is used to discover essential
proteins using biomedical information and network topology.
DEGs with up-regulation showed a strong link with osteoclast
differentiation, lysosome, neutrophil degranulation, and
immune response.
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In contrast, DEGs showed a major connection to the
ribosome, translation, peptide production, and oxidative
phosphorylation through down-regulation. Consequently, we
discovered AKT1, TGFB1, GRB2, NFKBL, PIK3CA, PIK3R1,
TNF, IFNG, VEGFA, and TP53as essential genes in AD
determined by PPI network analysis. This HITS method is used
in this study for extensive bioinformatics investigation to
deepen our understanding of the molecular basis of AD. It may
provide a hint for developing a medication for AD patients.
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