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contagion
measurement issues in social
research, 10–11
Twitter use and, 6–8
content on Twitter, 23–25
cleaning procedures for, 99
content networks, 37
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credibility analysis of Twitter, public opinion
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Crime and Disaster related events
(CDEs), 46–48
crisis events
event detection in Twitter data, 45–46
social media-based disaster
monitoring, 131–33
CrisisTracker system, 135–40
Cristianini, N., 113–14
cross-correlation analysis
market volatility and social network
analysis, 87–90
official surveillance data vs. self-reported
Tweets concerning flu pandemic, 114–17
Twitter sentiment ratio and consumer
confidence surveys, 79–81
crowd mapping, Tweet volume during
disasters and, 141–43
crowdsourcing, health information
and, 111–26
Culotta, A., 113–14
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health sentiment and public language on
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data quality, Twitter data research, 40–44
data response format, 28
data storage and retrieval, network
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163

dataset storage and manipulation, 13–16
Datasift, data quality and access, 40–44
DBpedia Spotlight, emergency management
systems and, 135–40
Dean, J., 52–54
Decahose stream, bias in Twitter and, 59–61
De Choudhury, M., 97–99
Decision Tree classifier, 141–43, 144–48
demographic profiles
bias detection in, 59–61
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event detection and, 148–50
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131–58
future opportunities for social media in,
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Tweet volume management and, 141–43
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and, 6–8
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document-oriented storage, 37–38
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Duncan, B., 117–21

© in this web service Cambridge University Press

www.cambridge.org

Cambridge University Press
978-1-107-10237-8 - Twitter: A Digital Socioscope
Edited by Yelena Mejova, Ingmar Weber and Michael W. Macy
Index
More information

164

Index

Dutch public social media, consumer
confidence measurement using, 79–81
Dynamic Language Model, 122–24
Eagle, N., 75–77, 93, 104–7
“early adopter,” research on, 10–11
early warning outbreak detection systems
multiple data integration in, 125–26
official surveillance data vs. self-reported
Tweets concerning flu
pandemic, 114–17
social network data and, 111–13
Twitter use and, 113–14
earthquake data
credibility analysis of Twitter
concerning, 64–65
disaster monitoring and, 131–33
event detection in Twitter and, 45–46
event detection techniques and, 148–50
happiness of Twitter users and impact
of, 97–99
location detection tools, 143–45
Twitter and, 21–22
volume management in disaster monitoring
and, 141–43
economic conditions
disaster severity and frequency
and, 131–33
happiness linked to, 96–97
search volume data and, 90–91
social mood indicators and, 81–83
ego networks, research on, 10–11
electoral forecasting
automated content analysis and, 61–64
future research issues in, 66–68
limitations of Twitter-based
approaches, 65–66
Twitter data on, 21–22, 52–54, 55–58
electronic patients records (EPRs), privacy
issues with, 126
emergency management
challenges of Twitter-based
systems, 140–53
community engagement and, 151–53
disasters and, 134–35
event detection and monitoring, 148–50
future opportunities for social media in,
154–55, 157–58
limitations of social media in, 155–57
situation awareness and, 135
Tweet volume management and, 141–43
Twitter-based data monitoring, 131–58

Emergency Situation Awareness (ESA)
system, 135–40
event detection using, 148–50
text classification and, 141–43
emotional well-being
hyperlocal happiness from Tweets, 96–109
word use analysis on Twitter and, 102–3
Endsley, M. R., 135
Engelberand, J., 75–77
enriched Twitter data, 29–35
named entity recognition, 30–31
tokenization and part of speech
tagging, 29–30
Epidemic Intelligence (EI), social network
data and, 111–14
Ettredge, M., 75–77
event detection and monitoring
emergency and disaster management
and, 148–50
in Twitter data, 45–48
explorative research methods, socioeconomic
indicators in social network analysis, 93
Facebook
disaster monitoring and, 131–33
research experiments using, 10–11
stock market fluctuations and public mood
indicators on, 75–77
face-to-face communication, online social
research and, 11–13
Fast Fourier Transform analysis, investor
sentiment, 84–87
favorite Tweets, 23–25
fear index, tweet volume linked to, 81–83
Federal Emergency Management Agency
(FEMA), social media as tool of, 144–48
Financial and Economic Attitudes Revealed
by Search (FEARS) index, 90–91
fire disasters, social media monitoring
of, 131–33
Firehose data
bias detection without, 43–44
bias in Twitter and, 59–61
“follow” behavior, social networks and, 25–26
follow networks, 36
follower relations
market fluctuations and number of
followers, 87–90
research on, 10–11
Twitter-based approaches to risk
communication and health news
dissemination and, 117–21
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Frank, M., 97–99
Freelon, D. G., 52–54
Fukushima earthquake, 45–46, 131–33,
144–48
future orientation index, 75–77
economic research and, 90–91
Gallup Economic Confidence Index, 79–81
Gao, P., 75–77
Gayo-Avello, D., 55–58
Geonames API, 31–33
geo-referencing
community identification and, 104–7
disaster and emergency management
and, 143–45
emergency management systems and, 135–40
Epidemic Intelligence (EI) systems
and, 113–14
in Twitter research, 96–97, 100–1
geotagging
emergency management systems
and, 135–40
location identification, 31–33
Gerdes, J., 75–77
Germany
electoral forecasting research in, 61–64,
65–66
Twitter-based approaches to risk
communication and health news
dissemination in, 117–21
Gesualdo, F., 121–24
Gionis, A., 87–90
Gladwell, Malcolm, 6–8
globalization, public health issues and, 111–13
Gnip, data quality and access, 40–44
Golder, S. A., 97–99
Golder, Scott, 1–16
Gomide, J., 113–14
Google Flu trends, 107–8
Google Profile of Mood States (GPOMS),
social mood indicators and stock market
volatility, 81–83
Google search queries, “nowcasting”
economic indicators using, 75–77
Google Trends, 90–91
GPS sensor, location identification, 31–33
Granger-causality test
consumer confidence and social media
sentiment analysis, 79–81
social mood indicators and stock market
volatility, 81–83
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gross domestic product (GDP)
happiness linked to, 96–97
search volume data and, 90–91
Gruhl, D., 75–77
Guha, R., 75–77
Guha-Sapir, Debby, 131–33
Guillaume, J.-L., 75–77
Gupta, Aditi, 144–48
Habermas, J., 52–54
hand-crafted classification rules, emergency
management systems and, 135–40
happiness
research on, 96–97
of Twitter users, 97–99
hard science, in online social research, 2–4
Harvard IV-dictionary, 87–90
hashtag network, 36–37
hay fever mapping, Twitter data and, 111–13
health data
news dissemination via Twitter and, 111–13
privacy issues with Twitter-based personal
health information, 126
risk communication and health news
dissemination, Twitter-based approaches
for, 117–21
sentiment analysis and public language on
Twitter and, 121–24
Twitter use as source of, 111–26
user demographics and Twitter-based
dissemination of, 124–25
Health Protection Agency (HPA) (UK),
surveillance data on flu pandemic
and, 114–17
heatmaps, emergency management systems
and, 135–40
Heinzelman, Jessica, 141–43
high-degree network nodes, Twitter use
and, 6–8
Hitlin, P., 58–59
holidays, happiness of Twitter users
on, 97–99
homophily hypothesis
health sentiment and public language on
Twitter and, 121–24
measurement issues in social
research, 10–11
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Hristidis, V., 87–90
Huberty, M. E., 59–61
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Hurricane Sandy, 151–53
misleading information dissemination
during, 144–48
Tweet volume during, 141–43
hyperlocal happiness
case study, 104–7
from tweets, 96–109
identity issues, in Twitter use, 8–10
Imran, Muhammad, 141–43
Index of Multiple Deprivation, 91
index support, 37–38
Indices of Multiple Deprivation (IMD),
hyperlocal happiness case study
and, 104–7
infectious disease
globalization and, 111–13
multiple data integration in surveillance
of, 125–26
Twitter-based tracking of, 113–14
vaccination risk information, Twitter case
study of, 122–24
influentials
advertisers’ targeting of, 6–8
health sentiment and public language on
Twitter and, 121–24
influenza-like illness (ILI)
health sentiment and public language on
Twitter and, 121–24
official surveillance data vs. self-reported
Tweets concerning, 114–17
Twitter data and tracking of, 113–14
influenza vaccine sentiment score, vaccination
risk information an, 122–24
informal settlements (unplanned/unauthorized
housing), satellite data concerning, 75–77
information propagation
Retweets as tool for, 23–25
Twitter-based approaches to risk
communication and health news
dissemination and, 117–21
insiders perspective on public opinion, 52–54,
58–59
international public opinion research, 61–64
hyperlocal happiness from Tweets
and, 107–8
limitations of Twitter-based electoral
forecasting and, 65–66
socioeconomic indicators from mobile
phone use, 75–77
Twitter sentiment ratio and consumer
confidence surveys, 79–81
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Epidemic Intelligence (EI) systems
and, 113–14
health data and monitoring and, 111–13
swine flu pandemic news dissemination
and, 118–21
user demographics for, 124–25
investor sentiment
analysis of, 84–87
search volume data and, 90–91
irony, in political opinion, public opinion
research and, 61–64
Jaimes, A., 87–90
Japan, disaster and emergency management
in, 150–53
Jensen, M. J., 61–64
Jernigan, C., 8–10
job-related web searches, unemployment
statistics linked to, 75–77
Joint Australian Tsunami Warning Centre
(JATWC), 148–50
JSON (JavaScript Object Notation) format, 28
Jungherr, A., 55–58
Karuga, G., 75–77
Katz, E., 6–8
Kautz, H., 111–13
keyword analysis
bias in Twitter data and, 59–61
consumer confidence indexes and, 79–81
emergency management systems
and, 135–40
event detection systems and, 148–50
social mood indicators and, 81–83
Khandelwal, Shashank, 122–24
Kostkova, Patty, 111–26
Kumar, R., 75–77
Kumar, S., 21–48
Kwak, H., 117–21
label-propagation algorithms, 8–10
labor market indicators, Twitter data and, 78
Lambiotte, R., 75–77
Lamos, V., 113–14
language-based modeling, emotional content
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Lansdall-Welfare, T., 54–58
Latent Dirichlet Allocation (LDA), 13–16
hyperlocal happiness from Tweets
and, 104–7
topic modeling and, 103–4
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lexicons
automated content analysis and, 61–64
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and, 79–81
Lifeline service (Japan), 151–53
Linguistic Inquiry Word Count
(LIWC), 101–2
Linked Open Data, emergency management
systems and use of, 135–40
Lists, curation of Tweets using, 23–25
Liu, Huan, 21–48
LiveJournal, 75–77
location identification
disaster and emergency management and,
140–41, 143–45
properties, 31–33
Twitter-based health information
dissemination and, 125
location translation APIs, 31–33
LongURL API, 23–25
low-activity users
research on, 10–11
socioeconomic indicators and, 93
Lower-layer Super Output Areas, census
data in hyperlocal happiness case study
and, 104–7
low-income populations
social media accessibility and, 93
Twitter-based health information
dissemination and, 124–25
machine learning, 13–16
emergency management systems and use
of, 135–40
investor sentiment analysis using, 84–87
vaccination risk information, Twitter case
study of, 122–24
macroeconomic indicators, search volume
data for economic research and, 90–91
Macy, Michael W., 1–16, 75–77, 97–99
Mamhmud, Jalal, 31–33
Mao, Huina, 75–93
Mao, Y., 75–77
MapQuest, 31–33
MapReduce programming, 13–16
data storage and retrieval, 37–38
example, 39
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market volatility
search volume data and, 90–91
social media message volume linked to,
75–77, 81–83
Twitter network features and, 87–90
Maximum Entropy system, 122–24, 141–43
measurement issues in social research, 10–11
Mechanical Turk users, sentiment analysis
of, 102–3
medical organizations, swine flu pandemic
news dissemination and, 118–21
Medtech wearable and tracking devices,
privacy issues with Twitter-based
personal health information, 126
Mejova, Y. A., 61–64
Mendoza, M., 64–65, 144–48
message volume, market volatility and trading
volume linked, 75–77
Metaxas, P. T., 58–59, 61–64
Mexico, affective Twitter posts and violence
in, 97–99
Michigan Index of Consumer Sentiment
(ICS), 79–81
microblogging
emergency management systems and, 135–40
political opinion research and, 52–68
swine flu pandemic news dissemination
and, 118–21
Miller, P. V., 52–54
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emergency management and dissemination
of, 144–48
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multiple data integration, Twitter-based health
information dissemination and, 125–26
Mustafaraj, E., 58–59
myth busting, emergency management and
Twitter tools for, 144–48
Naïve Bayes system, 122–24, 141–43, 144–48
Named Entity Extraction (NER)
current emergency management tools
using, 135–40
data enrichment, 30–31
NASDAQ values, correlation of social media
messages with, 75–77, 81–83
National Longitudinal Study of Adolescent
Health, 2–4
natural language processing (NLP)
event detection in disaster management
and, 148–50
Twitter data enrichment and, 29–30
negative change points, happiness of Twitter
users, data based on, 97–99
NeLI/NRIC datasets, health sentiment and
public language on Twitter and, 121–24
nested data structures, manipulation of, 13–16
network construction from Twitter data, 35–40
content networks, 37
data storage and retrieval, 37–38
financial market fluctuation and, 87–90
follow networks, 36
retweet networks, 35
user mentions networks, 36–37
news sources, swine flu pandemic news
dissemination and, 118–21
New Zealand earthquake, 148–50
NodeXL system, 46–48
Nominatim API, 31–33
“no replies” limitation, bias in Twitter data
and, 58–61
NoSQL database, 37–38
Novak, J., 75–77
“nowcasting”
economic indicators, Google search queries
and, 75–77
infectious disease tracking and, 113–14
obesity, social network research on, 111–13
observational studies, measurement issues in
social research and, 10–11
O’Connor, B., 54–58, 61–64
offline friendships, research on, 10–11
Oh, C., 84–87
Onion (satirical news site), 118–21

online social research
challenges in, 8–16
hard science concerning, 2–4
measurement issues, 10–11
methods, skills, and training, 13–16
offline behavior and, 11–13
opportunities and challenges in, 1–16
privacy paradox in, 8–10
public opinion and, 52–68
research tools for analysis of, 46–48
Twitter data problems, 40–46
Open Authentication (OAuth) standard, 22–23
OpenCalais service, emergency management
systems and, 135–40
OpenStreetMaps, 31–33
OpinionFinder, 79–81
social mood indicators and stock market
volatility, 81–83
outsiders perspective on public opinion, 52–54
Owoputi, Olutobi, 29–30
Paccagnella, L., 4–5
pandemic, Twitter-based prediction of, case
study, 114–17, 118–21
part of speech (POS) tagging
data enrichment, 29–30
data volume management and, 141–43
Paul, M. J., 111–13
Pearson correlation coefficient
consumer confidence and social media
sentiment analysis, 79–81
investor sentiment analysis in social media
vs., 85–87
PeerIndex research tool, content analysis on
Twitter and, 99
persistent histories, Twitter use and, 11–13
Pew Research Center, 124–25
Pig script, example, 40
Pirate Party (Germany), 61–64, 65–66
Podolny, J. M., 6–8
polarity sentiment classification
electoral forecasting and, 55–58
sentiment analysis, 44–45
political affiliation, Twitter data and prediction
of, 61–64
political disinformation
credibility analysis of Twitter and, 64–65
future research issues in public opinion
research and, 66–68
“pollster approach” in public opinion research,
52–54, 58–59, 65–66
pollution, public health and, 111–13
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population demographics
disaster severity and frequency
and, 131–33
hyperlocal happiness from Tweets
and, 107–8
Twitter-based health information
dissemination and, 124–25
Power, Robert, 131–58
preference-based analysis, future research
issues in public opinion research
and, 66–68
Preis, T., 75–77
presidential debates, Twitter audience
response to, 54–58
presidential job approval, Twitter data
on, 54–58
prevention, preparedness, response, and
recovery (PPRR)
challenges in disaster management
and, 140–41
disaster life cycle and, 133–34
emergency management
and, 134–35
social media-based disaster monitoring
and, 131–33
principal component analysis, unemployment
data on Twitter and, 78
privacy issues
personalized health information on Twitter
and, 126
Twitter-based disaster and emergency
management and, 155–57
in Twitter use, 8–10
profile location, location identification
using, 31–33
programming interfaces, online social research
using, 13–16
provenance of Tweets, public opinion research
and, 64–65
public health
early warning and preparedness using
Twitter and, 113–14
health sentiment and public language on
Twitter and, 121–24
multiple data integration in disease
surveillance and, 125–26
Twitter applications in, 6–8, 111–26
Twitter-based approaches to risk
communication and health news
dissemination, 117–21
public infrastructure, disaster severity and
frequency and, 131–33
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public opinion research
automated content analysis, limitations
of, 61–64
future research issues in, 66–68
health sentiment and public language on
Twitter and, 121–24
limitations of Twitter data and, 58–66
misinformation and Tweet provenance
limitations, 64–65
in online social research, 52–68
outside vs. inside perspectives on, 52–54
Twitter data mining on, 54–58
public sphere, public opinion and, 52–54
public transport, health impact of, 111–13
p-values, investor sentiment analysis and, 85–87
Queensland Police Service (Australia),
144–48, 151–53
social media-based disaster monitoring
by, 131–33
Quercia, Daniele, 96–109
Raging Bull, 75–77
Ramage, D., 103–4
random sampling, social research and, 2–4
realness score, content analysis on Twitter
and, 99
real-time data
current emergency management tools
using, 135–40
Epidemic Intelligence (EI) systems
and, 113–14
official surveillance data vs. self-reported
Tweets concerning flu pandemic, 114–17
regression coefficient estimates, investor
sentiment analysis and, 85–87
replicability of research, socioeconomic
indicators in social media research
and, 93
representativeness
bias in Twitter and, 59–61
health information dissemination through
Twitter and issues of, 124–25
hyperlocal happiness from Tweets
and, 107–8
limitations of Twitter-based electoral
forecasting and, 65–66
in public opinion data, 61–64
REST APIs
curated Tweets and, 23–25
current emergency management tools
using, 135–40
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REST APIs (cont.)
data collection by, 22–23, 46–48
searching Tweets with, 27–28
user profiles and, 26–27
retweets, 23–25
network construction, 35
Reyes, Antonio Paolo Rosso, 61–64
risk communication, Twitter-based approaches
to, 117–21
Ritter, Alan, 30–31
Robinson, Bella, 131–58
Rogers, R., 52–54
Romero, D. M., 6–8
Routledge, B. R., 75–77
Ruiz, E. J., 87–90
Russell large-cap and small-cap
values, investor sentiment analysis
and, 85–87
Ruths, D., 61–64
Sadilek, A., 111–13
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