Social Media Analytics
for serious decision making

. ] ‘ - oy ‘ -
an I al |s.bhulai@vu.nl)
VU University Amsterdam '
j : 3 ool s T RRASE Ay,
=8 Sy X ‘A oy~ SNV NN =,
’;i.l' 7 G 321 Ao yiay B )
7 Z 1 7 y < o VoY A IR
, 77040 1»-‘1 o 100 YOYW A .
o oaT7AYT 7 e Q00 VAo ~ TS
P 00, {101 ,\\%% R
< 7 -
!«\ & (8 N\ ‘\'\%

AMSTERDAM

] |10\

J ‘ 11




The Social Media Landscape

Bleg Platforms
LiveCasting -

Video and Audio

Wiki Blogs/Conversations

Musie Blog Communities
Micromedia
Events
Lifestreams
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Do Specific to Twitter

Video Aggregation SMS/Voice
Social Networks

Location Niehe Networks
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Social Media Challenges

custom configuration for multiple use cases /
CUSTOMER actionable analysis / scorecarding / KPI alignment

INTELLIGENCE
- customer intelligence integration
- websife review data, customer profile integration efc.
human analysis / human sentiment / insight
SOCIAL 98% accuracy

INTELLIGENCE : ity .
complex ‘blackbox’ analytics utilizing proprietary
algorithms machine learning / intent modeling /7 robust
explicit automated sentiment (limited) / demographics /

geo location / customized influences etc.

baseline automated analytics
SOCIAL volurme, source, subyect, base mfluence

MONITORING
_ cleansed data for highest relevance
complex boolean queries,sparmn SUDDrassion

— data
blogs, social nebwvorks, forums,
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Issues

Level of “publicity” for big data applications
e Data from government?

e Statistically filtered (aggregated) data from private
sectors?

How to share semi-public data
e Free?
e Data market?



= \\ B
/ . .
Suggestion: Public Data Space (PDS)
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@stion: Multi-level acce\ssing through ODI
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Issues

Level of “publicity” for big data applications
e Needs guideline or policy?

How to share semi-public data
e Semi-Privacy for SMART service?



Challenges in Selecting

Massive Data tor Quick
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Context: Educational Data

Characteristics:

o Student work and instructors’ feedback typically
gualitative, nonstandard, not easy to code
Even grades are nonstandard

o Multiple groupings and roles
classes and cohorts of students
course sequencing, related subject areas and programs
similar assignments
o Threaded discussions
organize by time, topic, participant



Challenges

What's representative?

o Traditional guantitative summaries may not always capture
terrain adequately.

o Even more difficult to discover patterns and develop coding
schemes for qualitative data.

o Inspection of randomly selected samples can be especially
misleading from massive datasets.

Which metrics to use or construct?

o Database may not be structured to facilitate analysis of
desired variables.

o Multilevel models require recursive processing.

o Hidden interactions and contingencies interfere with
models.



