Big Data Management and Analytics
Assignment 11




a) Explain how the PageRank algorithm avoids to get stuck in a ,,dead end”.

What is a ,,dead end”?
- Pages which do not have any outgoing link

\ dead end




a) Explain how the PageRank algorithm avoids to get stuck in a ,,dead end”.

« PageRank avoids getting trapped in such ,,dead ends” by randomly
surfing on any other page = Teleport

 Letn be the number of pages in the graph. The probability to surf on a
specific page is 1/n

* In the graph below, being trapped in D, the next pages A,B,C or D itself
can be visited with a probability of 1/,




a) Explain how the PageRank algorithm avoids to get stuck in a ,,dead end”.

What is a ,,spider trap”?
—> All outgoing links of a group of pages are within the group

\ spider trap




a) Explain how the PageRank algorithm avoids to get stuck in a ,,dead end”.

How can a spider trap being avoided?
- Follow a link with a probability of 8
= Teleporting randomly to any page is done with a probability of (1 — )

\ spider trap




b) Given the graph below, compute the Google Matrix with § = 0.85




b) Given the graph below, compute the Google Matrix with § = 0.85

1. Create the adjacency matrix A and AT
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b) Given the graph below, compute the Google Matrix with § = 0.85

2. Create a matrix M by norming AT

/01/2/4001/2\

0110 01 1 1
1010 10 110 /4 0 /3 0
ar-|0 100 00 M=0/20000
00110 0 14 3 /2
000010 o 0 Y/, 1 0 0
\00001/30




b) Given the graph below, compute the Google Matrix with § = 0.85

2. Create a matrix M by norming AT

/0 Y, Yy 0 0 1/2\
1 0 1/, 01/ o0
o/, o o o o
"o 0 1, 0 1y 1
o 1/, 1

0 0
\o o o o 1/ o /
* This matrix is alread real, non-negative and its columns fulfill the
stochastic property

* In case of a dead end these properties would not hold



b) Given the graph below, compute the Google Matrix with § = 0.85

3. Compute the Google matrix
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b) Given the graph below, compute the Google Matrix with § = 0.85

3. Compute the Google matrix|G = - M + £

n
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b) Given the graph below, compute the Google Matrix with § = 0.85

3. Compute the Google matrix

1

60

1.5
52.5
1.5
1.5
1.5
1.5

1-B

G=B-M+—"-1
27 14.25 1.5 1.5
1.5 14.25 15 185
27 1.5 1.5 1.5
1.5 14.25 15 185
1.5 14.25 525 1.5
1.5 1.5 1.5 18.5

27
1.5
1.5
27
1.5
1.5



c) How can the actual PageRank values be computed by using the Google
Matrix?

« The Google matrix has the stochastic property
- There exists an eigenvector of G with the eigenvalue 1

* Looking at the eigenvalue problem G - x = x ,
vector x is a stochastic vector which consists of the PageRank values

* For getting the eigenvector x; to the corresponding eigenvalue A;
we can solve the following equation system: (Gx — A;Ex) =0

* Inourcase A; =1, thus we need to compute (Gx — Ex) =0
in order to get the eigenvector
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X = np.repeat(l./6., 6)

X _prev = X

for i in range(1000):
print(f'iteration {i}:

x = M.dot(x)

Assignment 11-1

+X)

x = x/np.linalg.norm(x,1)
if np.allclose(x, x_prev):
break

¥X_prev = X
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How can the actual PageRank values be computed by using the Google
Matrix?

Solve the following equation system = (Gx — Ex)O0 :

0.16666667)
0.07222222)
0.08225694)
0.08083536)
0.07207484)
0.07519892)
0.07320732)
0.07314419)
0.07324576]
0.07300B44)

0.
.07303827)
.0730241 )
.07303177)
.07302448)
.07302611)
.07302539)
.07302515)
.07302519)

[ Il R o I Y o Y Y e Y

07306584

14



d) Given the graph as seen below, compute the missing PageRank value of
node E by using the PageRank equation




d) Given the graph as seen below, compute the missing PageRank value of
node E by using the PageRank equation
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