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Overview & Findings
Part I Poli�cal Affinity on Twi�er. The behavior of Twi�er followers in respect to theirbeliefs and the effects of their ac�ons in the network.

I Twi�er followers can reveal the poli�cal orienta�on of the users they opt to follow.
I Two perspec�ves of poli�cal orienta�on: categorical (par�es) and arrangement (axis).

Part II User Generated POI Lists. What is the criteria that social network users employ togroup POIs in lists and how does it help recommender systems.
I POI lists are collec�ons of seman�cally related POIs.
I The rela�ons can be u�lized to drive a recommenda�on system.

Part III Preferen�al A�achment. The mechanism under which users select connec�ons insocial networks.
I Preferen�al a�achment is an applica�on of weighted random sampling.
I Accurate and efficient implementa�on of the the Barabási–Albert model.
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Overview

I Social Network Analysis (SNA) methods to derive the poli�cal affinity of par�cularTwi�er users.
I Nodes of Interest (NOIs): MPs of the Greek Parliament & Greek news media.
I Structure-based methods that rely only on the follower sets of the NOIs.

I Two suitable methods: Modularity Clustering, MinLA problem.
I Par��oned the NOIs in their respec�ve poli�cal par�es.
I Arrangement of the poli�cal par�es in the le�-to-right poli�cal spectrum.

I Twi�er users can reveal valuable poli�cal informa�on about the NOIs they opt tofollow (selec�ve exposure).
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Bipar�te Dataset & Projec�ons

F1

F2

F3

F4

F5

F6

N1

N2

N3

Primi�ve Data
NOIs Followers Edges

162 750,537 2,492,237
I Twi�er snapshot: April 2018.
I Follower rela�onships as the only source of informa�on.
I The followers expose the affinity of the NOIs.

Bipar�te Projec�on
Convert to uni-par�te, weighted, complete graph
wij = sim(Ni,Nj).



Part I: Poli�cal Affinity on Twi�er 6 / 38

Modularity Clustering Applica�on
I Modularity clustering via Louvainop�miza�on method.
I Clustering par��ons the NOIs in theirrespec�ve par�es.
I The overlap coefficient is the best forthis se�ng:

O(X, Y) =
|X ∩ Y|

min(|X|, |Y|)
.

I Evalua�on based on real distribu�onof MPs in par�es (≥ 0.9, severalmeasures).
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The Minimum Linear Arrangement Problem

V1
V2

V3 V4

V5

Defini�onFind an arrangement φ : V → [1, 2, . . . , n] such that its cost
c(φ) is minimized.
V3 V2 V1 V5 V4

c(φ) =
∑

(u,v)∈E

wuv · |φ(u)− φ(v)|

Novel applica�on of MinLA in SNA
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The Minimum Linear Arrangement Problem Applica�on
I Applica�on: Local search MinLA algorithm in the NOI projec�on.
I Hypothesis: Members of the same party will appear consecu�vely in the MinLA ofthe NOI projec�on.

Minimum Cost LA

Closest Party Arrangement
I Effec�veness: Over 90% of the theore�cal max Kendall tau-b correla�on coefficient.
I Finding: Closest party arrangement coincides approximately with right-to-le�poli�cal spectrum.



Part II: User Generated POI Lists
What is the criteria that social network users employ to group POIs in lists and how does ithelp recommender systems.
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Overview

I Study the informa�on encoded in user generated POI lists from LBSNs.
I LBSN: Loca�on Based Social Network.

I U�lize POI lists to drive a personalized recommender system.
I List is a collec�on of related POIs.
I Es�mate the similari�es among the POIs.

I Evaluate using online user survey and offline experiment.
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Representa�on of POI Lists
List 1
POI 1
POI 2
POI 3
POI 4...

List 2
POI 2
POI 4
POI 6
POI 8...

. . .

List n
POI 5
POI 8
POI 1
POI 9...

POI 1
POI 2
POI 3
POI 4
POI 5
POI 6

List 1
List 2
List 3
List 4
List 5... ......

POI list collec�ons Bipar�te graph representa�on



Part II: User Generated POI Lists 12 / 38

Hypotheses & Intui�on
Foursquare lists
I Foursquare LBSN: open and public access to lists through API.
I Future check-ins (To-Visit lists).

Advantages of the use of lists
I People o�en want to visit more places than they actually do.
I POIs are categorized based on specific criteria (loca�on, �me).
I Passive, no effort: users create lists for their own reasons.
I Adding a POI on a list is a conscious decision, loca�on history may be inconsistent.
I No royalty or privacy issues.
I Purely structural: can be applied on fields where the lists are implicit.

Intui�on
I Users inten�onally group collec�ons of POIs.
I POIs in a list are, by at least one relevant measure, related to one another.
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Methodology

POI 1
POI 2

POI 3 POI 4
POI 5

POI 6
POI 7

User

POI 1
POI 2

POI 3 POI 4
POI 5

POI 6
POI 7

Bipar�te projec�ons
I Pairwise similari�es among the POIs
I Link predic�on // proximity

I Set theore�c, graph theore�c andsta�s�cal similarity measures

Recommenda�on method
I Recommenda�on score for any POI q:

w(q) =
∑

i∈P P(i)S(i, q)

I Recommend the POIs that appear mostsimilar to the POIs that the user findsinteres�ng
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POI Similarity Measures
β Name Descrip�on
aa Adamic Adamic/Adar index
is Intersec�on Number of common lists
jac Jaccard Intersec�on over union
ka Modified MI Modified mutual informa�on
ku Kulczynski-2 Intersec�on over harmonic mean
mi MI Mutual informa�on of sets
cos Ochiai Cosine similarity or intersec�on over geometric mean
ov Overlap Intersec�on over minimum
ρ Phi Pearson correla�on coefficient
sr SimRank Itera�ve calcula�on of SimRank
f1 Sørensen Sørensen–Dice index or F1 score or intersec�on over arithme�c mean
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Case Study Areas



Part II: User Generated POI Lists 16 / 38

Experiments & Findings

I Data retrieved from Foursquare (Foursquare lists).
I Retrieved at mid 2020, lists span from 2011.

I Evalua�on
I Online evalua�on based on user survey.
I Offline evalua�on by using a list as a profile.

I Significant results and above popularity (degree, likes, ra�ng).
I Global similari�es (SimRank, Adamic) might be more effec�ve.
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Online Evalua�on: User Survey (19 + 11 POIs)
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Online Evalua�on (Thessaloniki – 28 Users)
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Offline Evalua�on (747 Virtual Profiles)
cos ρ jac f1 mi aa is
?de ?li ?ra ka ku ov

.00
.05
.10
.15

MR
R

I Baselines (?degree, ?likes, ?ra�ng): profileignored.
I Average of the average rank of missing POIfor Ochiai (cos) was 17.75 (out of 3,397 POIs).
I There does not appear to be a similaritymeasure with clear advantages.



Part II: User Generated POI Lists 20 / 38

Correla�on Among Projec�on Measures
mi

mi

aa

aa

is

is

ov

ov

ku

ku

ka

ka

cos

cos

ρ

ρ

f1

f1

jac

jac

sr8

sr8

sr6

sr6

I Groups of measures with similar proper�es.
I Correla�ons with physical proper�es:

I Geographic distance: mi, ka.
I Categories: sr6, sr8, jac.
I Ra�ng difference: mi, ka.



Part III: Preferen�al A�achment
The mechanism under which users o�en select connec�ons in social networks.
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The Barabási–Albert model
I Barabási–Albert (BA) model: Preferen�al a�achment (PA) that generates power lawdegree distribu�ons on graphs.
I Power laws: Very o�en in nature, social networks, computer networks, so�waredependency graphs, financial networks, biological networks, airline networks.
I Condi�ons:

1. Growing. New ver�ces enter the network and connect to m old ver�ces.2. Preferen�al. The probability of connec�ng to old nodes is propor�onal to their degrees.

3 3 2
2 4 Z

Z = newborn node
m = 2
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The BA Model as a WRS applica�on

I PA is an applica�on of weighted random sampling (WRS).
I But there are many WRS designs . . .Which one for m > 1?

I “Probability propor�onal to degree”:
I Which probability? Inclusion, selec�on or independent? Or something else?

I Indirectly defined as the inclusion probability.
I First order inclusion probability (πi) propor�onal to degree.
I Probability of element i to exist in the sample a�er the selec�on process.
I Higher order (πijk...) probabili�es not specified at all.
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Current State: Approximate Model or Mul�graph?

I Most exis�ng models are either approximate orcreate mul�graphs.
I Typically, the draw-by-draw procedure isu�lized.

I The inclusion probabili�es are onlyapproximately propor�onal to the degrees dueto rejec�ons.
I Mul�graph without rejec�ons.

I Most notable so�ware frameworks (NetworkX,iGraph, etc) implement both procedures.
I Higher order probabili�es are usually ignored.

Draw-by-draw scheme
I Select one vertex with probabilitypropor�onal to degree and keepit.
I Select another vertex withprobability propor�onal todegree. If it’s the same vertex . . .

1. Reject it or2. Create mul�graph
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Degree Distribu�on (First Order)
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Jaccard Projec�on of Systema�c Designs (Higher Order)

Random systema�c Ordered systema�c Roman�c systema�c
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The SE Algorithms
I We designed a family of algorithms that interpret preferen�al a�achment under thenew perspec�ve of random sampling.

I All algorithms run in linear �me with respect to the order of the graph n.
I The inclusion probability of ver�ces is exactly propor�onal to their degree.

I Algorithms:
I SE-A: Basic version that works for m = 2 and demonstrates the principle of opera�on.
I Generaliza�ons for m > 2: SE-B and SE-C, with different higher order proper�es.

I Degree distribu�on based on the original BA model (for large graphs):
P(d) =

2m(m + 1)
d(d + 1)(d + 2)

, d ≥ m.
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The SE-A Algorithm

Current graph

1
2

3 2

Z

New vertex

I Simple Θ(n) case for m = 2.
I Main loop (growth func�on):

I Select one uniformly random exis�ng edge.
I Connect the new vertex with the ends of that edge.

I Each vertex exists in the edge set as many �mes as its degree.
I Strict propor�onality in the inclusion probabili�es.

I Higher order: not all pairs can gain common neighbor.
I 100% probability of forming a triangle a�er inser�on.
I C(d) = 2/d • C = 2π2 − 19 ≈ 0.73921.
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The SE-B Algorithm

I Generaliza�on of SE-A for m > 2.
I Growth func�on:

I Select one uniformly random row in H.
I Connect the new vertex with all ver�ces in that row.
I Update H such that the invariants are sa�sfied . . .

I Auxiliary data structure H invariants:
I No row can have duplicate ver�ces.
I Each vertex must exist in as many rows as its degree.

I The H data structure resembles a (possibly non-simple)
m-uniform hypergraph.

I The selec�on process resembles whole sampling.

H for m = 4

u1 u2 u3 u4
. . .

. . .

. . .
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SE-B Algorithm Sketch (upda�ng for m = 4)
H

e u1 u2 u3 u4
. . .

. . .

. . .

hx
hy

u1 u2 v v
u3 u4 v v

Add all elements of e
and m copies of v into the
new hyperedges hx and hy.

⇒

H

e u1 u2 u3 u4
. . .

. . .

. . .

hx
hy

u1 u2 v v
u3 u4 v v

h2
h1

w
z

Sa�sfy the invariants by
swapping two copies of v with
ver�ces in exis�ng hyperedges.

⇒

H

e u1 u2 u3 u4
. . .

. . .

. . .

hx
hy

u1 u2 v w
u3 u4 v z

h2
h1

v
v

Final state of the H
list a�er the swap.
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The SE-C Algorithm: Principle

I Since most of the elements of (m) exis�ng hyperedges are traversed (in the worstcase), why not shuffle them?
I Place the m2 elements in a bag and shuffle them into m hyperedges such that theinvariants are not violated.
I Adjus�ng higher order inclusion probabili�es at the same �me.
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Algorithm SE-C: Random Systema�c Par��oning (m = 4)
Fla�en 4 hyperedges of 4 elements each:

Shuffle the dis�nct elements and place consecu�vely:

Create 4 hyperedges via filling by column:
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The SE-C Algorithm: Correctness & Performance

I Correctness: Only addi�onal swaps are performed with respect to SE-B.
I Performance: Linear with respect to the order of the graph Θ(nm2).

I Each step is independent of n.
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The SE-C Algorithm: WRS Rela�on

The role of random sampling in SE-C (and preferen�al a�achment):
1. Select m− 2 exis�ng hyperedges from the popula�on of hyperedges in H.
2. Shuffle the node copies inside H using random systema�c par��oning.
3. Whole sampling method to draw a sample (hyperedge) in constant �me and update

H to maintain propor�onality of the inclusion probabili�es.
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SE Algorithm Degree Distribu�on
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SE Algorithm Clustering Coefficient Distribu�on
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Summary
Objec�ve
Applica�ons of the knowledge obtained through the behavior of OSN users via structural analysis.
Contribu�ons to SNA

I How social network users can be used to infer the poli�cal orienta�on of other users.
II How social network users can accumulate knowledge through the POI lists to drive apersonalized recommenda�on system.

III Fragmenta�on on the preferen�al a�achment mechanism under which new users exposethemselves to old users in social networks.
Future Work
I Structural analysis & user behavior knowledge is very promising→ seek other perspec�ves.
I U�lize alterna�ve methods of SNA (MinLA and others)→ seek other methods.
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