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Social Media AnalyticsChanges in communication  behavior
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Social networking

SMS

E-Mail

Landline phone

Cellular phone
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Changes in communication behavior of 15-25 year old people 

Source: OVUM (2009): The Social Telco, p.4



Social Media AnalyticsSocial media

The term Social media comprises systems which enable people to work together, to communicate,

or to interact in any other way. Social media supports the development and the self-management

of virtual communities.

Social media

Examples: Social media
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Wikis

Blogs

Instant messaging 

(e.g., icq)

Virtual worlds

(e.g., second life)

Online videos Online videos 

(e.g., You tube)

Social networks (e.g., 

facebook)

Social bookmarking

Social tagging

…
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Social Media AnalyticsSocial networks

International Communities National Communities Other Social Communities
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Social Media AnalyticsTypes of social networks 

Name Facebook Friendster Bebo Linked.in MySpace …VZ Twitter Xing TheNext

Type Live 

Oriented

Community

Live

Oriented

Community

Media

Oriented

Community

Business

Oriented

Community

Media

Oriented

Community

Live

Oriented

Community

Live

Oriented

Community

Business

Oriented

Community

Retail

Oriented

Community

Date of 

foundation

2004 2002 2005 2003 2003 2005 2006 2003 2006

Target 

group

All the 

world

All the 

world

All the 

world 

(music and 

video 

enthusiasts)

Experts and 

managers

All the 

world

Students, all 

the world

All the 

world

Employed 

persons 

(people 

over 18)

All the 

world
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Access Web, apps  

(nearly for 

all mobile  

operating 

systems)

Web, apps Web Web, apps  

(iPhone, 

blackberry, 

palm)

Web, apps 

(iPhone, 

blackberry)

Web 

(iPhone, 

blackberry)

Web,  

mobile (all 

platforms)

Web, apps 

(iPhone, 

blackberry)

Web

Members 

(2010)

500 Mio. 115 Mio. 

(mainly in 

Asia)

10.7 Mio. in

GB (focus 

on Europe)

75 Mio. in 

over 200 

countries

Ca. 270 

Mio. 

17 Mio. > 75 Mio. > 600.000

Turnover 

(2010)

700-800 

mio USD

17 mio EUR 495 mio

USD

18 mio EUR 0, venture 

capital 

financed

45 mio EUR

Source: Detecon 2010
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Social Media AnalyticsFacebook as an important Social Network

� More than 500 mio active users

� 50% of the active users log on to  Facebook on any given day

� Average user has 130 friends

� People spend over 700 billion minutes per month on Facebook

� There are over 900 mio objects that people interact with (pages, groups, and events)

� Average user is connected to 80 pages, groups, and events

Freimut Bodendorf
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� Average user is connected to 80 pages, groups, and events

� Average user creates 90 pieces of content shared each month 

� More than 250 mio Facebook users engage with Facebook on external websites 

every month

� More than two million websites have integrated with Facebook, including over 80 of 

comScore's U.S. Top 100 websites and over half of comScore's Global Top 100 

websites
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Social Media AnalyticsVirtual communities

Style of imaging the community, based on people's 

interests such as their job or hobbies (Kjaerulf 1998).

Blurring of identity, based on speaking 

about friends who one has never met in 

person.

Interaction based on information 

transmitted and not on appearances 

(Primuth 1998).
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13

University of Erlangen-Nuremberg Institute of Information Systems

Virtual communities can be defined as social aggregations that emerge from the Internet when enough people 

carry on those public discussions long enough to form webs of personal relationships. A virtual community is a 

group of people who may or may not meet one another face to face, and who exchange ideas through the 

mediation of computer networks.

Virtual communities

person.

Sources: Rheingold 1993; Chidambaram & Zigurs 2001



Social Media Analytics

Network effects are present when a product or service becomes more useful to customers in 

proportion to the number of people using it.

� Direct network effects:  The strength of these effects depends directly on the number of 

users of a given device or technology

Example: a single telephone by itself is worthless

� Indirect network effects: The value increases as the size of the installed user base grows

� Example: complementary goods like dvd players and dvd videos 

Virtual communities and network effects

What are network effects?
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Own illustration; adopted from Jelassi & Enders 2005

Network effects in virtual communities

Build critical mass of members

Build significant 

amount of user-

generated content

Deepen insights into 

community needs in 

order to refine offers

Attract broader range 

of providers at lower 

cost



Social Media AnalyticsRoles in Virtual Communities

More 

contributions

Variety of 

subjects/ offers

Higher rate of 

interaction

Higher loyalty

More 

communication
More visitors

Contents Customer loyalty

Growing activity 

within the 
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Source: own illustration adopted from Powarzynski

Better customer 

knowledge

Customer-

oriented product/ 

service

More customer 

data

More attractive 

offers

Higher consumer 

acceptance

More transactions

Transactions Member Profiles

within the 

community
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Social Media AnalyticsSocial Commerce

• Social commerce is a subset of electronic commerce that employs collaborative social media

tools to assist in online purchasing and selling.

• Characteristics:

Social Commerce
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• involvement of customers

• personal relationship between the company and its customers

• communication among customers



Social Media AnalyticsSocial Commerce: methods

• Appraisal of retailers and products by customers  (Social Navigation)

• Comments of other customers (Recommendation)

• Virtual communities for companies or products, e.g., at Facebook (Following)

• Customers design products and sell them on their private homepage (Shop Widgets)

Methods

Freimut Bodendorf
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• Customers design products and sell them on their private homepage (Shop Widgets)



Social Media AnalyticsApplication of social media: spread shirt

Forum

Blog

Internal spreadshirt

community

Integration of 

community members 

in different aspects of 

the company (e.g., 

design of apparels)
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Members can 

open their own 

spreadshops

Members can sell 

their own t-shirt 

designs

follow us: 

facebook, 

twitter, flickr, 

youtube

follow us: 

facebook, 

twitter, flickr, 

youtube

bookmarks: 

delicious, 

stumbleupon, 

myweb, diigo, 

misterwong

bookmarks: 

delicious, 

stumbleupon, 

myweb, diigo, 

misterwong

Application of other social media
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Social Media AnalyticsDefinition of Enterprise 2.0

"Enterprise 2.0 is the use of emergent social software platforms within companies or between

companies and their partners or customers. Social software enables people to rendezvous,

connect or collaborate through computer-mediated communication and to form online

communities.“

Andrew McAfee

Definition
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Social Media AnalyticsEnterprise 2.0
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Social Media AnalyticsEffects of Enterprise 2.0 on the corporate success

rather positive

41%

no experience

19%

bad

0%

rather bad

1%
no influence

18%
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positive

21%

19%

Source: http://www.hays.de/mediastore/Events/HaysForumWillmsBuhse_web20.pdf



Social Media AnalyticsExample: Enterprise 2.0 at IBM in figures

Profiles in Yellow Pages

IBM‘s internal „BluePages“ (Yellow Pages) include 582,765 profiles, that acquire 1 million 

search requests a week. All application authentications run over that. 

Communities

The IBM Community Map includes over 900 communities (of interest).  More than 147,000

threads with over 410,000 entries  are in IBM‘s forums.

Blogs

IBM‘s Blog Central supported 50,400 employees with over 13,100 blogs, including 112,000

entries and 115,000 comments  and 25,800 obvious tags during the last 12 months. 
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Wikis

Two-thirds of IBM‘s employees use WikiCentral. Every day, 72,600 staffers access nearly 
170,000 sites out of 12,000 wikis. 

Bookmark Sharing

IBM‘s internal Bookmark Sharing System includes more than 394,000 stored links with 
991,000 tags entered by 12,600 users.

Activities

IBM‘s internal Activities Service saves 46,100 processes, including 359,000 activities and 
72,300 participants

Source: http://www.hays.de/mediastore/Events/HaysForumWillmsBuhse_web20.pdf
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Social Media AnalyticsOpinion Mining
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Opinion Mining aims at discovering valuable

member/customer/consumer insights

from social media by applying mining algorithms.



Social Media AnalyticsText Mining

Text Mining aims at discovery and extraction of relevant information and knowledge 

from unstructured text, e.g. semantics of content or relationships of authors.

Text Sources Text Storage Statistical and Linguistic Analysis Applications

Text

Classification

Domain-specific

Linguistic

Database

Freimut Bodendorf
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HTML

ASCII

XML

…

Text Database

Statistical 

Analysis

Linguistic 

Analysis

Generic 

Linguistic 

Database

Clustering

Extraction of 

Information

Heyer et al. 2006

Database



Social Media AnalyticsMining Process

Selection

• Information 
Retrieval

• Information 
Retrieval

Preprocessing

• Computer 
Linguistics

• Statistics

• Computer 
Linguistics

• Statistics

Classification

• Machine
Learning

• Support 

• Machine
Learning

• Support 

Analysis

• Aggregation

• Data Mining

• Aggregation

• Data Mining

Freimut Bodendorf

29

University of Erlangen-Nuremberg Institute of Information Systems

• Statistics• Statistics • Support 
Vector
Machine

• Support 
Vector
Machine



Social Media AnalyticsPreprocessing

Tokenization

• Token: I

POS-Tagging

• Token: like

Chunk-

Phrasing

• Phrase: like this

Named

Entity

Recognition

• Token: shoe

„I like this shoe.“

Freimut Bodendorf

30

University of Erlangen-Nuremberg Institute of Information Systems

• Token: I

• Token: like

• Token: this

• Token: shoe

• Token: .

• Token: like

• Root: like

• Category: VAFIN

• Type: verb

• Length: 4

• Phrase: like this
shoe

• Type: verb
phrase

• Token: shoe

• Type: product



Social Media AnalyticsClassification

Linguistic
Features
Class Label

Support Vector
Machine

Classification Rules

Machine Learning System 

Training 
Data Set

Algorithm Model Test Data 
Set

Precision 
Recall

F-Measure

Performance

Linguistic Features

Training Test
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„The design is really great.“

0 1

1

contains „great“

contains

„really“



Social Media Analytics

Frequency of single labels Associated sentiment

Static Analysis

Product Management

association of different labels (e.g., product attributes) with sentiments
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Realized for all labels (product 

attributes and product components)



Social Media Analytics

comfort comfortable

feeling

fit

convenient

design design

ugly

great

feeling for
the ball

shot on 
goal

manufacturing

bleb

damaged

durable

quality
soft

price

playability

Static Analysis
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fancy

yellow

color

black

chameleon

black/yellow

white/pink

weight difference

weight

lightheavy

stars

Messi

Robben

Ronaldo

goal

shot power

color



Social Media Analytics

Product Management

How often and in which sentiment were the different products discussed over time?

frequency positive opinion sales volume

Dynamic Analysis
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Launch: new colors for 50 adizero Start of world cup



Social Media Analytics

Player Management

Frequency and sentiment of  postings discussing single athletes (e.g., skills)

Müller

144 positive

43 negative

64 neutral

116 positive

Schweini

167 positive

110 negative

71 neutral

Static Analysis
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Ronaldo

73 positive

42 negative

44 neutral

Messi

111 positive

36 negative

49 neutral

Robben

116 positive

59 negative

13 neutral



Social Media Analytics

Player Management

Connection of different labels (e.g. skills) with associated sentiments

Frequency of single labels Associated sentiment

Static Analysis
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Realized for all labels (football 

skills and player personality)



Social Media Analytics

Positive

Player Management

Analysis of single words within the label (e.g., skills) and associated sentiments

Single Words Frequency

goal 33

ball 17

pass 12

technique 11

Static Analysis

neutral
negative

ball

goal
technical
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shoot 04

neutral
negative

positive

goal
ball
pass

technique
shoot

technical

dribbling

shot

pass

bad pass

negative

Single Words Frequency

ball 14

goal 11

technical 08

dribbling 07

shot 06

pass 05

bad pass 03



Social Media Analytics

intelligence tacticalroute

overview

game intelligence

skills

goal

pass

ball

technical

Player Management

Creation of association networks (e.g., skills of Thomas Müller)

shoot

Static Analysis
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quick

run fit

slow

lame tired

injury-prone

health

injuredwithout injuries

performance

form

great
performance

performance fitness

shoot

top form



Social Media Analytics

Player Management

Which players are seen particularly positive/negative in the investigated period?

Final Ranking

Ratio of positive to negative sentiment

Static Analysis

Freimut Bodendorf
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players positive negative ratio

Müller 53,70% 18,23% + 35,47%

Messi 43,52% 11,25% + 32,27%

Robben 46,08% 24,94% + 21,14%

Schweini 36,68% 31,23% + 5,45%

Ronaldo 34,63% 32,84% + 1,79%
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Player Management

How did the sentiments change over time and which events were crucial for this?

Dynamic Analysis

frequency positive opinion sales volume

Freimut Bodendorf
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injury
top performance 



Social Media AnalyticsStatic Analysis

Produktanalyse Wettbewerbsanalyse

0

0,04

0,08

0,12

Appearance

Equipment

Handling

PictureCosts

Quality

Sound

-0,08

-0,04

0

0,04

0,08

0,12

App
ea

ra
nc

e

Equ
ipm
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t

Han
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g

Pict
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e
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ts

Qua
lity

Sou
nd

Summary Competitor Analysis
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If costs = negative 
then picture = negative

If design = positive
then handling = positive

Sound

Picture Design

=neutral

good

badQuality

good badgood

averagegood bad bad

=positive = negative

=positive =neutral = negative
=positive = negative=neutral

=positive =neutral = negative

TV X positive TV X negative TV X positive TV X negative TV Y positive TV Y negative

Dependencies Main Determinants



Social Media AnalyticsDynamic Analysis

Competitor Analysis

Opinion Shoe X

Opinion Shoe Y
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Market Analysis Sales Analysis

0

0.02

0.04

0.06

0.08

0.1

0.12

Jan07 Feb07 Mar07 Apr07 May07 Jun07 Jul07 Aug07 Sep07 Okt07 Nov07 Dec07

Opinion Shoe X

Sales Volume Shoe X

Opinion Shoe X 

Germany

Opiniion Shoe X  

USA
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Social Media AnalyticsSocial Network Generation

Extraction

Posting Class

positive

„I  love my iPhone!“

neutral

negative

Opinion Relationship

1

2

3

Pairs of Postings

Relationship

No Relationship

Class
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Network Generation

Discussion

Network



Social Media AnalyticsSocial Network Analysis

Definition

Social network analysis observes interactions between active members of a group.

Key figures

� Calculate key figures for individual members

� Centrality

Freimut Bodendorf
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� Centrality

� Prominence

� Prestige

� Calculate key figures for the total network 

� Centralization

� Cluster structure



Social Media AnalyticsCentrality & Centralization

Centrality

refers to the position of an individual member.

Centralization

characterizes the total network.

Freimut Bodendorf

46

University of Erlangen-Nuremberg Institute of Information Systems

Different approaches:

� degree centrality measures number of direct contacts

� closeness centrality measures number of indirect contacts



Social Media AnalyticsCentralization

v1

v5

v3

v2

v4

v6

v7

Star Structure

� v5 has maximum centrality

� A star network has the maximum centralization 

compared to networks of the same size
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Circle Structure

� Each node has the same centrality

� Minimum centralization

v1

v3

v2

v4

v5

v6



Social Media AnalyticsOpinion Leaders 

Local Opinion Leader

(High Degree Centrality)

Global Opinion Leader

(High Closeness Centrality)
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EM-8

EP-5

E: English

H: Hispanic

P: Pittsburgh

M: Miami



Social Media AnalyticsSocial Network Analysis: Example Mobile Phones

opinion leader

t1
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t3 forecast: positive trend
Negative opinion

Neutral opinion

Positive opinion

t2



Social Media AnalyticsNetwork Structure

Low centralization, low density

-> balanced discussion

High centralization, high density

-> trends emerge easily

Freimut Bodendorf
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CommunicationNegative opinionPositive opinion Neutral opinion



Social Media AnalyticsLink-based Clustering

Basic Idea

� Cluster persons by successively eliminating links

� Eliminate links which connect different clusters (inter-cluster links)
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Social Media Analytics

Link Shortest paths that run through the link EB

6

Link-based Clustering – Edge Betweenness Algorithm

Edge Betweenness (EB)

� Measurement for determining links to be deleted

� Definition: A link’s Edge Betweenness is the number of the shortest paths between pairs of 

objects that run through this link

1 4 2 4 3 4
L

Freimut Bodendorf
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1 3

2 3

3 5

1 4
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4 5

2 4 2 5

1 5

L34
L45

L13

L23

L12 L12

L34

L13

L23

L45



Social Media AnalyticsLink-based Object Clustering – Edge Betweenness Algorithm

Explanation

When clusters of a network are only linked by a few inter-cluster links, then all of the 

shortest paths run through these links. Consequently the links which connect the clusters 

have a high Edge Betweenness. By eliminating the links with the highest Edge Betweenness, 

the clusters are separated from each other and a cluster structure of the network is created.
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1

3

2

5

4

1

3

2

5

4



Social Media AnalyticsClustering of Friends in Facebook
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Social Media AnalyticsSwarm Intelligence

Ants Birds

Freimut Bodendorf
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Ants Birds

Opinion Formation in Online Communities



Social Media AnalyticsSwarm Intelligence

Swarm intelligence can be defined as a phenomenon which arises 

from the social structure of interacting agents over a period of time if 

the number of problems solved collectively is higher than the number

of problems solved individually.

Definition

Freimut Bodendorf
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• Interaction

• Capability of problem-solving

• Flexibility

• Robustness

• Self-Organization

Preconditions Characteristics



Social Media AnalyticsSwarm Intelligence in Web 2.0

• Colonies of social insects: Ants, bees, wasps, and termites are able to 

achieve complex tasks such as picking up material or finding food by means of 

cooperation.

• Collaborative groups of humans: Due to the collective process of exchanging 

information and opinions during a discussion,  the combined knowledge of 

the community becomes more valuable than the sum of the individual 

knowledge of all community members.

• Web 2.0: A wider range of people can connect more easily and more rapidly 
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• Web 2.0: A wider range of people can connect more easily and more rapidly 

to exchange information in online discussions.



Social Media AnalyticsSwarm-based Opinion Prediction in Web 2.0

Opinion Prediction in Threads

-

+

-

+

Opinion Prediction in Social Networks

?

-
+

+
+

+ +

+

-
-

-

+

+
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Social Media AnalyticsSwarm-based Opinion Prediction in Threads 

ant posting

? ?

+

path 2
positive 

path

negative 

path

+

path 1
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food opinion

path path



Social Media AnalyticsSwarm-based Opinion Prediction in Social Networks

?
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If opinion of neighbors = positive and

opinion of leader = positive and

own experience = low then

opinion = positive 



Social Media AnalyticsAgenda

│ Social Media

│ Virtual Communities

│ Social Commerce

│ Enterprise 2.0

│ Social Media Analysis

│ Opinion Mining
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│ Network Mining

│ Swarm Intelligence

│ Early Warning

│ Social Media Marketing

│ Viral Marketing

│ Opinion Control



Social Media AnalyticsEarly Warning

� Opinions on Web 2.0 have a high influence on consumers‘ purchasing decisions

� Negative opinions may harm the company‘s image and sales volume

� Early warning in case of critical situations is crucial

Aim

Problem
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� If managers are alerted at an early stage they are able to take preventive actions



Social Media AnalyticsFuzzy Perceptron – Learning Rules for Early Warning

critical

situation

non-

critical

situation

rule 1 rule 3 rule 4rule 2

warning no warning

rules

class

output
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rule 1 
if overall opinion is negative 

and opinion of opinion leader is negative
then situation is critical

overall

opinion

opinion of

opinion

leader

...

linguistic

terms

neutral

negative positive

negative

neutral

positive

…

…

rules

input



Social Media AnalyticsFuzzy-Perzeptron

R8

no warningwarning

R7

c1

R6R4R3R2 R5

c2

R1
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Opinion of
intermediary

overall opinionOpinion of
global opinion

leader

neutral

neutral

slightly positive

slightly positive

slightly negative

neutral

slightly positive



Social Media Analytics

+

+

+

+

+

+

+

-

USER 1

USER 2
USER3

USER 4

USER 5

USER 6

USER 8

USER 7

USER 9

USER 10

USER 26: GLOBAL 

OPINIONLEADER

USER 11USER 12

USER 3

USER 13

USER 15

USER 14

USER 16

USER 19

USER 24

USER 25: LOCAL OPINIONLEADER 

& INTERMEDIARY

Classification of Situations

Non-critical situation

CC = 0.65
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+

USER 8

USER 17

USER 18

USER 20

USER 23

USER 21

USER 22

USER 27

+        positive opinion

- negative opinion

else:  neutral opinion

Opinion of local opinion leader and intermediary: positive

Opinion of global opinion leader: positive

Speed of opinion diffusion: 0.18

Likelihood of opinion diffusion: 0.42

Overall opinion: 0.24

DC = 0.57

BC = 0.48



Social Media Analytics

USER 1

USER 2 USER 3

USER 4

USER 6

USER 8: LOCAL OPINION 

LEADER & INTERMEDIARY

USER 9: GLOBAL 

OPINION LEADER

+

-

-

Classification of Situations

Critical situation

CC = 0.57
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USER 5

USER 7

LEADER & INTERMEDIARY

+        positive opinion

- negative opinion

else:  neutral opinion

DC = 0.75

BC = 0.41

Opinion of local opinion leader and intermediary: neutral

Opinion of global opinion leader: neutral

Speed of opinion diffusion : 0.36

Likelihood of opinion diffusion : 0.47

Overall opinion : -0.11



Social Media AnalyticsAgenda

│ Social Media

│ Virtual Communities

│ Social Commerce

│ Enterprise 2.0

│ Social Media Analysis

│ Opinion Mining
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│ Network Mining

│ Swarm Intelligence

│ Early Warning

│ Social Media Marketing

│ Viral Marketing

│ Opinion Control



Social Media AnalyticsAgenda

│ Social Media

│ Virtual Communities

│ Social Commerce

│ Enterprise 2.0

│ Social Media Analysis

│ Opinion Mining
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│ Network Mining

│ Swarm Intelligence

│ Early Warning

│ Social Media Marketing

│ Viral Marketing

│ Opinion Control



Social Media AnalyticsUsing Social Networks for Marketing: Viral Marketing

Any marketing technique that induces Web sites or users to pass on a marketing message 

to other sites or users, creating a potentially exponential growth in the message's visibility 

and effect.

Definition

“ Think of a virus as the ultimate marketing program. When it comes to getting a message 

The Virus of Marketing (Rayport 1996)
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“ Think of a virus as the ultimate marketing program. When it comes to getting a message 

out with little time, minimal budgets, and maximum effect, nothing on earth beats a virus.“



Social Media AnalyticsViral Marketing

Company

Advertisement

Company

Source: Kollmann 2001

Concept of traditional Online-Marketing Concept of Viral-Marketing
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• cost-effective spreading of the message

• basic principle: word of mouth

• specific use of the net effects of the Internet

• attention: distribution is uncontrollable

Viral Marketing

Concept of traditional Online-Marketing

→ Paying for advertisement

Concept of Viral-Marketing

→ Free information spreading



Social Media AnalyticsExample: Viral Marketing on Facebook
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Social Media AnalyticsFacebook as Virus Incubator
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Social Media AnalyticsExample: Viral Marketing on YouTube

• only available on the internet, e.g., on YouTube

• more than 1,5 million views in the first two weeks

• possibility to share the video with friends in social networks

• several successful follow-up videos (e.g., a walking fridge)

Heineken Campaign
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Social Media AnalyticsExample: Swedish Broadcasting Commission
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Social Media AnalyticsExample: Viral Marketing at Hornbach
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Social Media AnalyticsExample: Viral Marketing at Blendtec
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Social Media AnalyticsAgenda

│ Social Media

│ Virtual Communities

│ Social Commerce

│ Enterprise 2.0

│ Social Media Analysis

│ Opinion Mining
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│ Network Mining

│ Swarm Intelligence

│ Early Warning

│ Social Media Marketing

│ Viral Marketing

│ Opinion Control



Social Media AnalyticsOpinion Manipulation

How will opinions develop if opinion leaders could be 

convinced to change their opinions?
?

?
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How will opinions develop when new (known) messages are 

posted to a discussion board?

?



Social Media AnalyticsChanging the Opinions of Leaders
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Detect rules of

opinion formation

Change opinions

-

-

-
-

-

Apply rules of

opinion formation

to adjacent users

-

-
-

-

+

+

-
+

-



Social Media AnalyticsEffectiveness of Manipulative Messages
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Social Media AnalyticsSocial Media
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