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Background



Who‐to‐Whom Networks

• Chase Manhattan Bank

• Office of Defense‐Civil Preparedness

• Korean 

• Retirement Communities







CBBS concept cooccurrence across 
message pairs in discussion list



Approach to Semantic Network 
Analysis

• Identify word cooccurrences based on 
proximity model.

• Not “bag of words” but word pairs within 
sliding window.

• Word bigrams +/‐ 3 words on either side of 
each word in text

• Linkage model not distance model, i.e. 
network not space



Assumptions

• Useful to have same analytical model for text, 
individual social actors, and other social units 
of analysis such as departments, 
organizations, etc.

• Consistent with cognitive psychology models.

• Message content is related to social network 
structures over time.



Examples of Questions

• Do changes in message content usually precede 
or follow changes in who‐to‐whom networks? 

• What features of the message network predict 
changes in the social network?

• Are media representations of social networks 
predictive of audience perceptions?

• Does the medium of communication foster 
differences in message content networks?

• Does text file t1 significantly more or less relative 
occurrence of predicted message content than 
text file t2?



Sources of Data

• Open‐ended survey responses

• News stories

• Blogs

• Discussion lists

• Email

• Combinations (survey X news stories)



Open‐ended Survey Responses



Figure 3. What types of people want to be popular on Facebook™ ?  Word network of responses from unpopular participants.



Online reactions to political 
event



Jihadist Response to Obama Speech in Egypt, June 4, 2009
Data from Prof. Gabriel Weimann, University of Haifa, Israel 



Node‐centric (NodeTric) zoom ins



Node‐Centric “Czar” Network (frequency GE 10) within “Czar” 2,403 News Stories



Node‐Centric “Counterinsurgency” selection within “Czar” Network



Email content and who‐to‐whom 
networks over time in organization



January 26, 2008
INSNA Sunbelt Conference
St. Pete Beach, Florida
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IT‐based E‐mail data collection Process 
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Communication Network Analysis Tools
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Email Extraction

Target 298 people for diffusion study 
Participants opt in & install Outlook rules 
Process all inbound /outbound emails with Outlook rules 
Proxy account receives 21,000 filtered emails  
Store on secure server
Remove encrypted or secret email
Convert Outlook email to Eudora .mbx
Unpack email: remove forwarded headers & segment 
nested emails yielding 45,000 emails
Network analyze who2whom links and word pairs

Presenter
Presentation Notes
298 people targeted for diffusion study are selected
Participants who agree to participate in study enable Outlook email rules 
Inspection of the participants emails, via the Outlook rules takes place on inbound /outbound emails 
email Proxy account receives emails  
emails are stored on a secure server
emails are sorted for evaluation 
Outlook email converted to Eudora .mbx 
emails are then unpacked, have their forwarded headers removed, and the nested emails are separated
Evaluation of email data is conducted



WORDij Software

• Input large volumes of text 

• Index word pair frequencies

• Map networks of words

• Main Options:
– Stop (drop) lists

– Stemming

– String replacement

– Select text slices



WORDij Options
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Positivity Index: Losada Line
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Media coverage over time



Similarity of networks





1984 Acid Rain 
Network in NYT



2007 Acid Rain 
Network in NYT



Proper noun extraction, string 
replacement



• Here are screenshots of a sample Proper Nouns run 
and sample output.



Automatic Time‐Series Mapping of Social Networks of 
Political Actors From Large Collections of News Stories

• Test hypotheses about presidential cabinet network 
centrality and presidential job approval over time.

• Illustrate automatic social network identification from 
large volumes of text.

• Mined the social networks among the cabinets of 
Presidents Reagan, G.H.W. Bush, Clinton, and G.W. Bush‐‐
members’ co‐occurrence in news stories.

• Each administration’s data was sliced into time intervals 
corresponding to the Gallup presidential approval polls 
to synchronize the social networks with presidential job 
approval ratings.

• Centrality president in cabinet network computed.



Table 1. Examples of String Replacement (Partial File for Nixon Cabinet)

Richard Nixon‐>richard_nixon
richard nixon‐>richard_nixon
nixon‐richard_nixon
President‐>richard_nixon
president‐>richard_nixon
Vice President‐>spiro_agnew
vice president‐>spiro_agnew
Spiro Agnew‐>spiro_agnew
spiro agnew‐>spiro_agnew
agnew‐>spiro_agnew
Gerald Ford‐>gerald_ford
gerald ford‐>gerald_ford
ford‐>gerald_ford
William Rogers‐>william_rogers
william rogers‐>william_rogers
rogers‐>william_rogers
Henry Kissinger‐>henry_kissinger
henry kissinger‐>henry_kissinger
kissenger‐>kissinger
David Kennedy‐>david_kennedy
david kennedy‐>david_kennedy
kennedy‐>david_kennedy
John Connally‐>john_connally
john connally‐>john_connally
connallh‐>john_connally
George Shultz‐>george_shultz
george shultz‐>george_shultz
shultz‐>george_shultz



Table 2. Example Include List for Nixon Cabinet

caspar_weinberger
claude_brinegar
clifford_hardin
clifford_hardin
david_kennedy
earl_butz
elliot_richardson
frederick_dent
george_romney
george_shultz
gerald_ford
henry_kissinger
james_hodgson
james_schlesinger
john_connally
john_mitchell
maurice_stans
melvin_laird
peter_brennan
peter_peterson
rich._kleindienst
richard_nixon
robert_finch
rogers_morton
spiro_agnew
walter_hickel
william_rogers
william_saxbe
william_simon
winton_blount



• CAUTION: When running WordLink multiple 
times change the file for each unique run 
because the program will otherwise overwrite 
the previous files without warning.

CAUTION: When running WordLink multiple times 
change the file for each unique run because the 
program will otherwise overwrite the previous files 
without warning.

Notice the result of 
the string 
replacement





Automatic social network 
analysis from text mining



Organizational member networks 
from news stories



Reagan Cabinet: Aggregate Network



G.W. Bush Cabinet: Aggregate Network



Change over time in presidential 
cabinet network centrality of 
president from news stories



Ratio of President Centrality to Average Cabinet Member Centrality



Survey‐derived departments 
network from news stories



American Public Television
Automatic Interdepartmental Network



Interdepartmental collaboration 
networks from news stories



Table 1. Example of String Replacement File

Department of Advertising and Design->Advert_Design
Dept. of Advertising and Design->Advert_Design
Dept of Advertising and Design->Advert_Design
Advertising and Design Department->Advert_Design
Advertising and Design Dept.->Advert_Design
Advertising and Design Dept->Advert_Design
Advertising and Design->Advert_Design
Department of Accessory Design->Accessory
Dept. of Accessory Design->Accessory
Dept of Accessory Design->Accessory
Accessory Design->Accessory
Accessory Design Department->Accessory
Accessory Design Dept.->Accessory
Accessory Design Dept->Accessory



2005 Department Flow Betweenness

fashion        12.62
animation        12.54
interior        11.89
filmtv 5.05

architec 3.62
performing         3.62
painting         2.56

print         1.81
sequential         0.92

photog 0.58
illus         0.40



2006 Department Flow Betweenness

painting          11.22
teaching          9.34

performing          4.86
photog 2.28

animation          0.85
writing          0.78

foundation          0.13
fashion          0.06



2007 Department Flow Betweenness

painting          17.25
fashion          15.60

animation          14.42
performing          12.40
interior          11.72
architec 7.32

print           6.97
filmtv 3.35
jewelry           1.69
urban           1.38

writing           1.28
accessory           0.95



2008 Department Flow Betweenness

photog 27.82
painting          26.39
interior          17.50

performing          10.67
architec 10.25
teaching           9.83
fashion 4.16

sequential           3.56
animation           3.05

filmtv 2.89
jewelry           2.49

foundation           1.74
urban           1.25

sculpture           0.16



Figure 1. Average Flow Betweenness by Year

2005           2006           2007          2008



Figure 3. Aggregate Interdepartmental Network: 2005-2008



Interdepartmental collaboration 
network change over time in 

organization



Network change over time in 
interdepartmental collaboration 

networks in organization



Survey‐derived list of stakeholders 
by blog content for organizations



Brown‐Forman Beverages Stakeholder Networks in Blogs



Survey‐derived stakeholders in 
news stories about organizations



Brown‐Forman Beverages Stakeholder Network in News Stories



Summary

• Large volumes of text can be mined for 
semantic and social networks.

• Node‐centric analysis enables zoom in on local 
network structure.

• Time‐slicing allows for more causal evidence.
• Include lists generate networks combining 
data from multiple sources.

• Networks can be statistically compared for 
similarity and differences.



Work in Progress

• Do automatic identification of social network 
members not on an include list, but whose 
semantic networks are highly correlated with 
members.

• Improve automation of string replacement and 
include list creation from proper noun extraction.

• Sentiment and message and social network 
structures over time behaviors.

• Build model linking message text content features 
to who‐to‐who network features over time: orgo‐
mechanical screw model.



Obtain WORDij from 
http://wordij.net

http://wordij.net/


Questions, please.



Thank you for your attention
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