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Structure of the Web

® The in-component, consisting of pages that could
reach the SCC by following links, but were not
reachable from the SCC

® The out-component, consisting of pages reachable
from the SCC but unable to reach the SCC

® Tendrils. Some tendrils consist of pages reachable
from the in-component but not able to reach the In-
component. The other tendrils can reach the out-

component, but are not reachable from the out-
component




Structure of the Web

e Tubes, which are pages reachable from the In-
component and able to reach the out-component,
but unable to reach the SCC or be reached from

the SCC

® [solated components that are unreachable from
the large components and unable to reach those

components



Page Rank Algorithm

® The term PageRank comes from Larry Page
® Idea of “Random Surfers”

® Techniqgue of “taxation” of random surfers



Early Search Engines

terms

inverted index
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Early Search Engines
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Early Search Engines

inverted index

Stop Words List

11



Early Search Engines

How to “hack” to make a SEO {:ja
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Early Search Engines

Te BECOMING A CLINICAL LABORATORY PROFESSIONAL

What is

cal laboratory science professidnéls, often 'c’alled medical laboratorians, are vital healthcare detectives, uncovering and
providing laboratory informzfion from laboratory analyses that assist physicians in patient
diagnosis and treatmen#/as well as in disease monitoring or prevention (maintenance of
health). We use sopfiisticated biomedical instrumentation and technology, computers, and
methods requiring manual dexterity to perform laboratory testing on blood and body

edical laboratory science professional?

cience professionals generate accurate laboratory data that are needed to aid in
detecting cancer, heart attacks, diabetes, infectious mononucleosis, and identification of
bacteria or viruses that cause infections, as well as in detecting drugs of abuse. In
addition, we monitor testing quality and consult with other members of the healthcare
team.

The Data‘Laborator
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Hi there!
HOME WORLD US COMPANIES TECH MARKETS GRAPHICS OPINION WORK & CAREERS LIFE & ARTS HOW TO SPEND I
. . MARKETS > COMMODITIES > OIL
We are highly “SCI-IT-motivated” students from Kazan F s

M o
i

We are here to understand a real world by different aspec

e new g
“Data is the new o1l” )

MARCH 24 2020 Chevron Corp l

Chevron announces spending cuts and halts
buyback programme

Si

Clive Humby

US oil group says capex will fall by $4bn, with Permian
shale operations hardest hit
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Early Search Engines

% Term SPAM
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Go gle innovations

® Web pages would have a large number of surfers
were considered more “important” then pages that
would rarely be visited

® The content of a page was judged not only by the
terms, but by in/out the links to that page
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Go gle innovations
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Go gle innovations

Site #1

unique visits

Site 47 B

Site #6

The Data Laboratory ‘

Hi there!
We are highly “SCI-IT-motivated” students from Kazan F¢

We are here to understand a real world by different aspec

Site #3 W

“Data is the new oil”

Clive Humby

time scale
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Motivations

® Users of the Web “vote with their feet”. They share
links to pages they think are good or useful

® The behaviour of a random surfer indicates which
pages users are likely to visit
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Definition of PageRank

® PageRank is the function f», which assigns a real
number to each page in the Web

Web Page f PR
Site #1  e...
Site #1 0.001
Site #2 ... Site #2 0.00045
Site #3 o ) Site #3 0.0000045
SiteN e Site N 0.00000000...9
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PageRank Sample

transition matrix

A B C D
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PageRank Sample

transition matrix

A B C D

O /28 ()
1439090 4/
e @e - el
71 % A=

1/2:3 M =
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1/4
1/4
1/4
1/4

O O W »r
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PageRank

Vo i M - v,

1st surf

= M- (M- vy =M?*-v,

2nd surf

1 1/3 12 1/2}

= M- (M vy =M" v

n-th surf

,,,,
'''''''

3
What is a mathematical process behind of @
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PageRank Sample

Russian mathematician Andrey Markov

“Markov process is a process for which
one can make predictions for its future
based solely on its present state just
as well as one could knowing the
process's full history. In other words,
conditional on the present state of the
system, its future and past states are
iIndependent.

, ’ Wikipedia
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Main conditions

® The graph is strongly
connected; that is, it's possible

to get from any node to any other
node

® There are no dead ends.
nodes that have no link out

o
}; s

et
Does our graph satisfy both conditions &l
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PageRank

transition matrix

A B C D

0 1/2 1 0
/73 0 0 1/2
143 el & o] f)

J o B, 12} 1¢/3:C 192758 o ()
Yol \AS e, e SHEES SV

M =

O O W »r

M- stochastic matrix
v = AMv

V - principal eigenvector

A - eigenvalue
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Let’s surt

1/4119/241|15/48
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Let’s surt
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Dead Ends

® Dead-ends occur when pages have no out-links.
(~ dangling link)
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Dead Ends

0
1/3 0 1/2
15 “=el) 1/2

13 5 : I/ 3: €16k 2 0

173 ) 12} 12}
Y = N i |

M =

OO OO O
O O W >»

M- substochastic matrix
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Dead Ends

1/4|13/24||5/48
1/4|15/24||7/48

T 14l 524 ) 7148 |
2 1/4 | 524 | 7/48
21/288 0
31/288 0
317288194 0
31/288 0
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Dead Ends

® Drop the dead ends from the graph and also drop

their incoming links
1/2

1/2 /2]
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Dead Ends

“Taxation” method

1/2
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Dead Ends

0 1/2 0 1/37 [1/6] [3/12 2/9
M= 11/2 0 1| v,=|1/3|,|3/6],|5/12],...,14/9
1/2 1/2 0 1/31 |2/6] |4/12 13/9
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Dead Ends
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Dead Ends

| 63
2/9 g;

13/54 Just compute it
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Dead Ends

2/9
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13/54
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Spider Trap

e If there are no links from within a group of pages to
outside of the group, then the group is considered a
spider trap.
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Spider Trap

A B

0 &l/2
1/3 -l
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Spider Trap

1/4][ 3724 [ 5/48
|14l 524 || 7/48
T 14| 11724 ] 29748 |
1/4 ]| 5/24 | | 7/48
21/288 0
31/288 0
205/288 '’ 1
31/288 0
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Spider Trap

O = O O

How we can avoid it
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PageRank Teleporting

e fe[0,1]
p = 0.85

® ¢ isavectorofall 1’s

@® 71 is a number of nodes

® M is a transition matrix

® V is a PR vector of iteration
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Spider Trap

f=0.8
0 M5.0000 0 1/20 ]
s |415 0 0 25 . [1/20
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Spider Trap

1/411 9/60 || 41/300
1/41113/60 ] 53/300
l 1/4 1’1 25/60 |’ 153/300
1/41113/60] | 53/300

543/4500 15/148 | A
707/4500 19/148 | B
2543/4500 """ "’1 95/148

707/4500 19/148 | D

fPR(C) > 50 9% - the reason is in a spider trap
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PageRank Algorithm

Jer(T) | fer(T))

A)=(1-d)+d- F.. A
Jpr(A) = ( )+ (‘Xﬂ) (T

)

® d € [0,1] is a dumping factor
d ~ 0.85

@ C(T;) is anumber of links going out of 7
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PageRank Sample
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PageRank Sample

o fon(A) =7 Go gle article
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PageRank Sample

Jpr(T}) | | Jpr(T},)
ary (T

for@A) = (1 —d)+d-( )

°C(A) =1
N e C(B) =1

® d=10.35
Jpr(B) = 1
fpprA) =0.15+085*1 =1
fpp(B) =0.154+0385*%1 =1
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PageRank Sample
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PageRank Sample

0
I @ fo(A)=0.15+085%—=0.15-
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PageRank Sample

0.47799375
I @ ferA)=0.15+0.85% —— = 0.5562946875
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PageRank Matrix Sample

e € [0,1]
T =

@® ¢ isavectorofall 1’s

® 71 is a number of nodes

® M is a transition matrix

® V is a PR vector of iteration
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PageRank Matrix Sample




PageRank Matrix Sample

1
v = pMv A ezl




PageRank Matrix Sample

9/24| |15/48 3/9
524 =4 11/48 2/9
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Topic-Sensitive Page Rank
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Topic-Sensitive Page Rank
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Topic-Sensitive Page Rank

| am “googling” - jaguar

57



private Page Rank

AT
2 Ideally, each user would have a
X, | private PageRank vector that
I gives the importance of each page
e to that user
218
S
_ o .&:’»‘ «eg:
a e ,x%‘
— | 2 |§ v
Zl’l g . : A""‘:«‘
ST Is it a good idea {5
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Topic- Sensmve Page Rank

®-— | R
K Sensitive
& - — |- PageRank

E]'MIEIE‘ topics

https://dmoz-odp.org




Biased Random Walks

B, D — sport topic

Vv = My A (1_'6)6
PS40

® S={B, D}

o |S|=2

0 IA

® ¢ = L8

S olc

1|D
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Biased Random Walks

0 2/5 4/5 0
4/15 0 0  2/5
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Biased Random Walks

0 2/5 4/5 0 0

= 4/15 0 0 2/5 - 1/10
4/15 0 0 2/5 0

4/15 2/5 0 0 1/10

1 V- 2; 172
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Biased Random Walks

1 13 s 1/2; 1 113 N ) 12

59/210 > 2/9
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How to use

® Decide on the topics for which we shall create specialized PageRank vectors.

® Pick a teleport set for each of these topics, and use that set to compute the
topic-sensitive PageRank vector for that topic.

® Find a way of determining the topic or set of topics that are most relevant for a
particular search query.

® Use the PageRank vectors for that topic or topics in the ordering of the
responses to the search query.
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How to use

® Find a way of determining the topic or set of topics that are most relevant for a
particular search query.

Allow the user to select a topic from a menu.

Mine the topic(s) by information about the user, e.g., their bookmarks
or their stated interests on Facebook.

Mine the topic(s) by the words that appear in the Web pages recently
searched by the user, or recent queries issued by the user.
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Mining Topics

boxing sets autos
basketball _ clothing
bowling food
y
football c\'l shopping sports E gifts
: darts ™. E ®.n
airsoft
health e W, s
baseball h
e books
B health

sport dentistry o

beauty % shopping <

pharmacy

medical tourism
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Mining Topics

S| = {word,word,, ..., word,}
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Mining Topics
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Spam Farm

Site #1

unique visits

Site 47 B

Site #6

The Data Laboratory ‘

Hi there!

We are highly “SCI-IT-motivated” students from Kazan F¢

We are here to understand a real world by different aspec

Site #3 W

“Data is the new oil”

Clive Humby

time scale
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Site #5
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Architecture of a Spam Farm

Spam farm - of pages whose purpose is to increase the PageRank
of a certain page or pages

NN A4
- @

<« From the point of view of the Spammer the Web is divided into 3 areas

i

® Inaccessible pages: the pages that the spammer cannot affect.
Most of the Web is in this part.

® Accessible pages: those pages that, while they are not controlled
by the spammer, can be affected by the spammer.

® Own pages: the pages that the spammer owns and controls.
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Architecture of a Spam Farm
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Architecture of a Spam Farm

o - ‘\“ _‘;";’
Example a links from accessible pages \§§ v
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Architecture of a Spam Farm

OO

Accessible
Pages

o

RomanAtwood Vlogs 5 minutes ago

o Ge

¥OOORTY VPP HEY THERE FRIENDS! I've Something Special inside for you, check it »»» https:/sites.google.com
/site/qgiftcardssforeveryonee/

Reply * 272 1§ 9 @

View all 19 replies v

n RomanAtwood Vlogs 15 seconds ago
hi jessica
Reply * 1y 9 @

m RomanAtwood Vlogs 5 seconds ago
enjoy your gifts

Reply 1 9 @

RomanAtwood Vlogs 12 minutes ago
VUV VV VYRV P HEY THERE GUYS! I've got something HUUUUGE for all of you! https:/sites.google.com
/site/giftcardssforeveryonee/

Reply * 452 1§ 9 @

View all 60 replies v

'@frg Jaylon Johnson 41 seconds ago
Lol you can see the space between your name

Reply « 1 ' @

Nakki plays 19 seconds ago
Viesser RomanAtwood Vlogs buying?

Reply * 1§ 9 @

RomanAtwoodVlogs 8 minutes ago
Who else scrolls through comments while watching?

And Guys | Got Secret:https:/disq.us/t/2ge9915
Reply * 246 1y #% L SR

View all 7 replies v

E RomanAtwoodVlogs 7 minutes ago
Smile More :)
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Analysis of a Spam Farm

Let’s # = 0.85 (taxation parameter of dumping factor)
n - total pages in the Web
m - supporting pages from Spam Farm
X - is the sum of the PageRanks, over all accessible pages with a link to Target Page
y = the unknown PageRank of Target Page

y (I1-=p)
f PR(mi) — ,B . ; -|- N —> PR for each supporting page
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Analysis of a Spam Farm

Page Rank y of Target Page comes from 3 sources

(1) @ Contribution x from outside, as we have assumed.

20 @ [ times the PageRank of every supporting page; that is

Yy d=5

m n

p-p )

3) @® (1 — p)/n,the share of the fraction 1 — B of the PageRank that
belongs to Target Page.

(1 —-p)n—->0
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Analysis of a Spam Farm

y=x+ﬁm(—ﬁy+(1_ﬁ))+0=x+ﬁ2y+ﬁ(1—ﬁ)ﬁ
m n n
y=—" 4 wherec = (1 = B)I(1 = B = BI(1 + )
1 — p? n
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Analysis of a Spam Farm

360 % 46 %

from x from m/n

i’



The Empire Strikes Back

® TrustRank, a variation of topic-sensitive PageRank designed to
lower the score of spam pages

® Spam mass, a calculation that identifies the pages that are likely to
be spam and allows the search engine to eliminate those pages or
to lower their PageRank strongly

/8



TrustRank

TrustRank is topic-sensitive PageRank, where the “topic” is a set of pages believed
to be trustworthy (not spam)

@
- II
, @ II
. t.o ch.eck sites to check sites
’ o with hlghestpr with hlghestf
' - PR
by automatically HPhumah
g based on highest
knowledge
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TrustRank

TrustRank is topic-sensitive PageRank, where the “topic” is a set of pages believed
to be trustworthy (not spam)

O» .

Q ‘ to check sites i i to check sites
with highest fpz with highest fpp

by automatically
based on highest
knowledge

by human

©O»
o>
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TrustRank

TrustRank is topic-sensitive PageRank, where the “topic” is a set of pages believed
to be trustworthy (not spam)

@ - @ - y .

100% 50% 25% 12.5%
Trust Rank Trust Rank Trust Rank Trust Rank

My lovely

site
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TrustRank

TrustRank is topic-sensitive PageRank, where the “topic” is a set of pages believed
to be trustworthy (not spam)

Stanford | Anesthesiology, Perioperative
MEDICINE| and Pain Medicine

i,
“"#ﬂuunﬂ

% = = &
% \,ﬁ
@ ;
TYwhere, gao®

ABOUT QUR PROGRAN IN THE SPOTLIGHT RESIDENT APPLICANTS

STANFORDSPEAKS ~ 'ewn gram: Combined internal | 8 B o
" NV medicine-anesthesia residency at Stanford 3 n
We are plaased %0 announce that we are offering a combined

irtnmal medicne-anasltasis resdency o Stanford of 5 yeans
dur

Yeu

hiyzcome educaticniesidency himi

Year two ogy

g o Secucaton OUR DIVISIONAL WEBSITES

In years 3.5 s dewoted to each specialty

Graduaies wi gitle in both and we sapect them © )

become leaders in peroperatve medcing » Cardiac Anesthesia

Mors nennmem nnd cuericdum cietaiis am avninbls » Crtical Care Medicine

100%
Trust Rank
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Spam Mass

Spam mass, a calculation that identifies the pages that are likely to be spam and
allows the search engine to eliminate those pages or to lower their PageRank
strongly

Let’s page p has fpr(p) = rand frr(p) = tthenfg,,.(p) = r; /
L Node Irr JrR fspam
AT P eSS Ly g5y
"""""" S s
e el e A M
"""""" MRS

S ={B,D} -trusted pages
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Spam Mass

Spam mass, a calculation that identifies the pages that are likely to be spam and
allows the search engine to eliminate those pages or to lower their PageRank
strongly

.........................................................

.........................................................

D | ~—0264<0 -tustedpage

S ={B,D} -trusted pages
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HITS Algorithm

HITS - hyperlink- induced topic search (Hubs and Authorities )

® Certain pages are valuable because they provide information about
a topic. These pages are called authorities.

® Other pages are valuable not because they provide information
about any topic, but because they tell you where to go to find out
about that topic. These pages are called hubs.

RDBMS Authority page

> List of o .............. / o 5 i ,
findi courses ' Python & Authority page
inding a :

special IT course

Hub page

noSQL Authority page

85



HITS Algorithm

HITS - hyperlink- induced topic search (Hubs and Authorities )

((
a page is a good hub If it links

to good authorities, and a
page is a good authority Iif it

Is linked to by good hubs 99
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HITS Algorithm

hubbiness i «—— ‘=0 — authority a

Link matrix L, Ll.j:{l , A1 -
0)
“;<G Transpose matrix LT, LZ,JT — {(1) ,dj =1
@ﬁw A B C D A B C D
,_|ooo0ols 7_|f101 0fs
O 1 0 1]c 0 0 0 Olc
I O O O]bpb 00 1 0lb
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(RITS Algorithm

O @O P QD

oy OO O v
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HITS Algorithm

h = /1 La A - is an unknown constant representing the scaling factor needed
U - is an another scaling constant

a=ulL'h

1] [ [12] [®] [1] [w2] [3r10] forg) [ 1 -
511 1 3/2 1/2 @ 1 6/5 12/29
12 ™m| 1 [m»]1/2 1/6 | »5/3 ] 1/10 | ®] 1/29
E 1 2 2/3 3/2 9/10 2 20/29

1 1 2 o] Lo} |we] |viof | o | L O]

h L'h a La h L'h La h

p=1/2 A=1/3 p=23/5 A =10/29

O - maximum number, need to make a scaling
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HITS Algorithm

a greatest
Authority
a greatest
Hub
0.2087 | A 1. ]A
| B 0.3583 | B
Aithority a= [=71° |Cauesli=16-0° [C
° 0.7913 | D 0.7165 | .D
0 E 0 E
a Hub e - - =
‘: for E only
enotaHub
not an Authority
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HITS Algorithm

h=ALa | W h=AuLL"h

a=uL'h | W a=iul'La

O S ,va=3a+b+2d

31 0 2

1 2 0 0 Ol vhb=a+2b
LLIT=10 0 1 0 Ol ve=c
5 0 0 o

00 0 0

O. .................. ’Vd=2a+2d
O. .................. ’V€:O

v=1/(Ap)
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Other Algorithms

® Block Rank

® Host Rank

® SALSA (Stochastic Approach to Link Structure Analysis)
® Bad Rank

® Traffic Rank
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