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Case study:
(Almost) Real-Time
Social Media Analysis of Political Tweets
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We are all connected to each other...

The Joy of Tech .

by MNitroxzac & Snaggy

WHY HAVEN'T ¥YOU
FRIENDCED ME ON
MYSPACE OR POKED ME
BACK ON FACEBOOK,
AND HOW COME YOU'RE
NOT FOLLOWING ME ON
TWITTER?

BECAUSE I
DONT REALLY
LIKE YOU.

joyoftech.com

Information,
thoughts and
opinions are
shared prolifically
on the social web
these days

72% of online
adults use social
networking sites
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Your grandmother is three times as likely to
use a social networking site now as in 2009
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There are hundreds of tools for social media
analytics

Most of them are commercial and not freely available

The research tools tend to focus on specific topics and
scenarios, and aren't easily adaptable

The analysis they do often doesn't go much beyond number
crunching, e.g.

— look at number of tweets, retweets, favourites

— filter by hashtag or keyword for topic categorisation
— use off-the-shelf sentiment tools

— use counts of word length, POS categories etc

— very little semantics, don't deal with variation, ambiguity,
slang, sarcasm etc.
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Analysing Social Media is harder than it sounds
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Let's search for keywords like “Arctic”
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Seems like we need something to help!
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Framework

» Data collection (via Twitter streaming API)

 Documents stored as JSON and processed (annotated) via
GCP (Gate Cloud Paralleliser)

» Documents indexed via MIMIR

e Search and visualisation via MIMIR/Prospector

Processor
—| Collector |—() Queue }— —»GATEp
GATE) $t imir

l Embedded

o

Backup
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Live streaming

* |f we want to process the tweets in real time, we can use the
Twitter streaming client to feed the incoming tweets to a
message queue.

« A separate process then reads messages from the queue,
annotates them and pushes them into Mimir.

 |If the rate of incoming tweets exceeds the capacity of the
processing side, we can simply launch more instances of the
message consumer across different machines to scale the
capacity.

* Query and visualisation can then be performed as before on
whatever data we currently have available
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PFT: the Political Futures Tracker Application

« Example of using the technology on a real scenario - analysing
political tweets in the run-up to the UK elections

» Project funded by Nesta http://www.nesta.org.uk/

« Series of blog posts about the project, leading up to the
election, see e.g.

http://www.nesta.org.uk/news/political-futures-tracker

« Some more information from the technical side on the GATE
website at

https://gate.ac.uk/projects/pft/


http://www.nesta.org.uk/
http://www.nesta.org.uk/news/political-futures-tracker
https://gate.ac.uk/projects/pft/
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The idea behind it

« Party campaigns for UK elections are now largely defined by
their social media presence and the messages that they are
pushing online

* This means we need to find innovative ways to examine these
new and rich data sources.

 PFT is a tool providing near-real time analysis of political texts
in the run up to the 2015 UK General election

e This includes both social media (Twitter) and party materials
such as manifestos, political speeches and websites

« |t aims to analyse key topics, future thinking and sentiment, as
they unfold
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First we had to collect the data
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Twitter collection

collected Tweets using Twitter's “statuses/filter” streaming API
can follow up to 5000 user IDs and receive in real time
collected all tweets and retweets posted by these users

also retweets of, and replies to, any tweet posted by these
users

We also collected tweets specific to each of the TV debates,
using some selected hashtags
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Twitter collection (2)

e [|nitial list of 506 UK MPs' Twitter accounts, extracted from a
CSV file made available by BBC News Labs and cleaned

 Also added list of UK election candidates collected and made
available at https://yournextmp.com, and updated periodically

— 2,991 by the time of the election (3630 candidates overall,
but many without Twitter handles)

« Added 21 official party accounts

« Total number of accounts followed by the time of the election:
3,060

— 461 MPs standing again included in both the MP and
candidate lists


https://yournextmp.com/
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Tweets per hour collected

Douglas Carswell's accidental
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http://www.climateactionprogramme.org/news/fracking_blocked_across_uk_after_government_forced_into_u_turn
http://www.climateactionprogramme.org/news/fracking_blocked_across_uk_after_government_forced_into_u_turn
http://www.bbc.co.uk/news/uk-england-essex-31112032
http://www.bbc.co.uk/news/uk-england-essex-31112032
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Longer web documents

« Also crawled websites of UK political parties (Con, Lab, LD,
Green, UKIP, BNP, SNP, PC, plus the NI parties and various
smaller parties)

* |nitial crawl on 28™-29" October retrieved 375MB
(compressed)

« Re-crawled regularly to pick up new pages

 Final crawl performed the day before the election (6™ May)
retrieved 535MB (compressed), including 27,500 usable
HTML/PDF documents
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Debate/hashtag-based Data Collection

 We also added functionality to the data collector to track
Tweets by hashtags/keywords

« Used during TV debates to track the relevant debate hashtag
(#leadersdebate, #bbcdebate) plus more general hashtags
such as #GE2015

« Tweets processed live, with graphs of sentiment by theme
produced on a 5 minute rolling cycle

— George Windsor live-blogged some of these graphs during
the debates
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Politician and candidate annotation

» Acquired and corrected a list of UK MPs and election candidates
and their affiliations, twitter accounts and DBpedia URIs

e Converted to gazetteers so that MPs in various forms (name or
twitter handle) can be recognised in tweets and annotated with
the relevant info (URI, full name, constituency etc.)

« Some MPs have now started changing their Twitter handles,
removing MP from that. First example seen on Mar 23rd.
Solution to this problem will be implemented by 30 Mar

— https://twitter.com/BackBarwell/status/580053148435353600

— "Due to election rules I've today changed my Twitter handle
from @GavinBarwellMP to @BackBarwell. #Croydon”
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Politician and candidate annotation

» Acquired and corrected a list of UK MPs and election candidates
and their affiliations, twitter accounts and DBpedia URIs

e Converted to gazetteers so that MPs in various forms (name or
twitter handle) can be recognised in tweets and annotated with
the relevant info (URI, full name, constituency etc.)

 When Parliament was dissolved, many MPs changed their
handles per parliamentary rules (there are no MPs while
parliament is dissolved, so you must stop using the title)

— https://twitter.com/BackBarwell/status/580053148435353600

— "Due to election rules I've today changed my Twitter handle
from @GavinBarwellMP to @BackBarwell. #Croydon”

* As long as the numeric account ID stays the same, we can track
these changes, and automatically update gazetteers and KB
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Recognition of MPs / Candidates

T A T 1| o

[@Mick Clegg launches TechMorth http:/ft. cofjpeCTQ2mts K

@ _Llegg P P Q ?5 O Author
]

lor 2 o o X
{Ime) o
constituency w |Sheffield, Hallam v | X
constituency _uri |« [|http://dbpedia.org/resource/Sheffield_Hallam_(UK Parliament_constituency) |« | X
full name w ||Rt Hon Nick Clegg MP - || X
official post w ||Lord President of the Council (Privy Council Office) - || X
party w [Liberal Democrat w (| X
twitter handle |« |@nick clegg v (X
twitter user_id |+ ||15010349 [ X
uri w | http://dbpedia.org/resource/Nick_Clegg w || X
- w || X
_ P Open Search & Annotate tool
) = =
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Topic Recognition
« A set of themes was taken from the categories used on http://www.gov.uk

 For each theme, a gazetteer list was developed containing typical
keywords and phrases representative of that theme

e e.g. “asylum seeker” indicates the topic “borders and immigration”

« Each list was expanded via:

— automatic term recognition (based on tf.idf) over a corpus of
manifestos and other political documents

— manual additions

« Each list also contains potential head terms and modifiers which can be
expanded into longer terms on the fly from the text during analysis stage

« e.g. ‘terrorist’” can modify many other words (terrorist attack, terrorst
threat, ...)
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Topic recognition

T ———

@Ed Miliband "3m British jobs and thousands of British This term is found by first
businesses rely on the EU. | won't be the Prime Minister that recognising the head
puts that at risk." TSR :
word “job” from a list
P >t P o > under the theme
“employment” and
Topic i matching against its root
- = Jbritish job - [ form in the text, i.e. “job”.
rule w [ModifierLookupTopic |« || X It is then extended to
string w ||british jobs - || X include the adjectival
ST - lljob - [ modlfler BrItIS.h ,W.hICh
is not present in a list
theme w |lemployment - || X anywhere.
- w ||
P Open Search & Annotate tool
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Sentiment annotation

Annotations are created over the whole sentence and contain
the following features:

— sentiment_kind: optimism / pessimism

— holder: the person holding the opinion (MP's name)

— holder_URI: the URI fo the holder

— target: the target of the opinion, e.g. MP or topic

— target_URI: if appropriate, the URI of the target

— score: a positive/negative value reflecting the strength of opinion
— sarcasm: yes / no (whether sarcasm is present)

— sentiment_string: the main word(s) that contain sentiment

These annotations and features will be used as input to MIMIR
to facilitate analysis/aggregation



University of Sheffield, NLP

Positive opinion about science and innovation
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holder w ||Chi Onwurah MP -

holderURI w ||http://dbpedia.org/resource/Chi Onwurah |«

Sarcasm  ||IND -

score - (0.5 -

sentiment_kind |« ||optimism -

sentiment_string |« ||Good -

subtheme w ([technology -

target string w |tech -

target _topic w |science_innovation -
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Annotation of Multiple Topics/Sentiments

« For every tweet, once annotated with basic sentiment and topic information,
we collect the following information: number of sentiments, topics and the
position of the sentiment in the tweet.

« Then we apply a context algorithm:

— If the tweet contains one or more Topics and one or more Sentiments with
the same polarity (pos or neg), then a SentenceSentiment annotation is
created. If there are multiple sentiments, we use the one with the highest
score, or failing that, the nearest one to the topic.

— If the tweet contains one Topic and and more than one Sentiment with
different polarity, then we take into account the Sentiment from the same
sentence as the Topic.

— If the tweet contains more then one Topic and and more than one
Sentiment with different polarity in the same sentence, then we build a
"Topic context".
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Building the Topic Contexts

We build topic contexts for each topic as follows: for the first topic
encountered, the context is from the beginning of the sentence until the
second topic. The rest of the Sentence will be the context for the second(or
third etc) topic.

We also use some phrase breaker words like "but", "because" etc. in order to
delimit a phrase which should end the context, i.e. a context cannot span two
phrases joined by such words.

Some topics like "eu" and "eu budget" have different themes associated with
them. In this case, they are treated as one entity in terms of context. Two
SentimentSentences will be created (one for each Topic theme).
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Expansion of core sentiment lexicons

 Expanded the core sentiment lexicon with new terms

« Over a corpus of political tweets, we checked every
adjective/adverb/noun/verb for sentiment and for each one, we
extracted synonyms from WordNet.

* The synonyms were checked for sentiment in our lists, and
any new ones added to the lexicon

 If no synonyms were found, first order hyponyms were
iInvestigated in the same way.
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GATE Mimir

e can be used to index and search over text,
annotations, semantic metadata (concepts and
instances)

 allows queries that arbitrarily mix full-text,
structural, linguistic and semantic annotations

* |S Open source
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Show me;

« all documents mentioning a temperature between 30 and 90
degrees F (expressed in any unit)

« all abstracts written in French on Patent Documents from the
last 6 months which mention any form of the word “transistor”
In the English abstract

« the names of the patent inventors of those abstracts

 all documents mentioning steel industries in the UK, along with
their location
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Search news articles for politicians born in Sheffield

' ¥ GUS- GATE Unified Sear... +
< C' @ services.gate.ac.uk/mimir/gpd/search/qus#page=1 vl N

£ Search Mimir

Searching index: News Demo

{{Person spargl="SELECT DISTINCT ?inst WHERE { ?inst :birthPlace
<http://dbpedia.org/resource/Sheffield= . ?inst a :Politician }"})

Resulis 1 -10 of 41

b
w
8
a
=

Oona King's knife crime pledge in mayoral candidate bid (cached)
BBC News - Oona King's knife crime pledge in

Oona King's knife crime pledge in mayoral candidate bid (cached)
reddit StumbleUpon Twitter Email Print Oona King's knife crime pledge in

Oona King's knife crime pledge in mayoral candidate bid (cached)
pledge in mayoral candidate bid Ms King lost her parliamentary seat to

Oona King's knife crime pledge in mayoral candidate bid (cached)
to George Galloway in 2003 Cona King promised to improve the lives
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MIMIR: Searching Text Mining Results

* Searching and managing text annotations, semantic
information, and full text documents in one search engine

* Queries over annotation graphs
* Regular expressions, Kleene operators

* Designed to be integrated as a web service in custom end-user
systems with bespoke interfaces

* Demos at http://services.gate.ac.uk/mimir/


http://services.gate.ac.uk/mimir/
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Hands-on with Semantic Search

Try these queries on the BBC News demo:
http://services.gate.ac.uk/mimir/gpd/search/index

e Gordon Brown

 Gordon Brown said
* Gordon Brown [0..3] root:say
* {Person} [0..3] root:say

* {Person.gender=female}[0..3] root:say

* Make sure you type the queries EXACTLY or they probably won't
work!

* Try making up some of your own queries.
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Try your hand with some SPARQL
(for the more adventurous!)

* {Person inst ="http://dbpedia.org/resource/Gordon_Brown"} [0..3]
root:say

* {Person sparql="SELECT ?inst WHERE { ?inst a :Politician }"}
[0..3] root:say

* {Person sparql = "SELECT ?inst WHERE { ?inst :party
<http://dbpedia.org/resource/Labour_Party_%28UK%29> }" }
[0..3] root:say

* {Person sparql = "SELECT ?inst WHERE {

?inst :party <http://dbpedia.org/resource/Labour_Party_%28UK
%29> .
?inst :almaMater
<http://dbpedia.org/resource/University_of Edinburgh> }"
} [0..3] root:say
Can you work out what these do?
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What diseases are in these documents?

GATE Prospector
Search] v

Diseases | Pathogens|Pathogenesis | Vaccine | Animals and Models | Custom Mimir Query

URI: _http:d:lfg ate#Viral_disease

Bacterial disea#e

Burkitts lymphoma 3

Cervical cancer |
Ii L.

Chandipura encephalitis

Viral disease @

v

Document Metadata

Dates: [

| to

l

Search

Documents| Terms

Select | top (48] ¥ terms of type [{Disease} | ¥ | from the top [<Ali=] ¥ | retrieved documents.

Term Count - 5 this as a term
Influenza E,EBSi ' _ BT set named
Tick borne encephaliti 5,501 Chikungunya  Rubt Dengue_haemorrhagic_fey| {Disease} (40)
IBpanese: encapHuUS ol Tle bo rnepﬁﬁggghalitis Mumps De?l!g;ll Elemsiljcl:ci\ syndrd f::: o Rerw
epatins B 3,201 Japanese_encephalitis Influenza= " (Disease) (40) X
Dengue haemorrhagic 1,944 o Hepatitis A - 2 Polio §
Pertussis 1,852 Frsv ® Cirrhosis 2 Tetanus
Hepatitis 1,588 § % beited 5
Yellow fever 1,580 2 1 Hepatitis C e
Measles 1,428 ==
Tetanus 1,344 ! _
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What Pathogens?

GATE Prospector

Diseases| Pathogens | Pathogenesis | Vaccine | Animals and Models | Custom Mimir Query

URI: [http /ffera.gsi.gov.uk/gate#Pathogen

Document Metadata

Dates: [

Search

Documents| Terms

Select | top (40 ¥ | terms of type [{Pathegen} | ¥ | from the top [<All=| ¥ | retrieved documents.

Hepatitis C virus

Term Count |°
Dengue virus 17,867
West Nile virus 11,726|
Bordetella_pertussis 9,909
Japanese encephalitis vi 5,093
Human immunodeficien 4,939
Tick borne encephalitis 3,899
Haemophilus influenzae 2,709
Escherichia coli 2,342
Hepatitis B virus 2,043

1,567

81 UENH

sTara [erjA - ds

g-j Haemophilus influenzae
= Tick borne ...litis viru
[1I ".||'.'1'|-|-. D-l — l H HI
Meisseria me-r:in;}i‘t‘il:iiea EE!- U N
~ (D H3N2(p
Rubella virus p:J ; b s : B
£
——— |_ £ @ West Nile virus
O R &
g g @ Eb! 1‘113111 hld coli
—+ 'F-l | m s River virus
=R 5_‘191101«» fev er wrus
7 2~
it g E
. J:N

AR

aemumnnatd snaooaogdang

Save

this as a term

set named

| {Pathogen} (40)

Saved term

sets

{Disease} (40)

X




Disease vs Disease Co-ocurrences
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Diseases vs Pathogens

University of Sheffield, NLP

qdaous aumba wiajsamwm
spneday ajnoy
SHYS
proygdag,
BI2[OUD
salos ploo
S1SOl[al10y
120UED [EALDD)
BIUIDOEA
BlpauW sUAR0
daaa] S[IN 153\
aseasip [eabojoanapn
xodews
sadiaay muan
spiburuap
~ efunbunymys
louraaes aemEoojeday
O supeday
ASYH
N BIUOWNSU]
Map aunww palmboy
sdwngy
salqey
S1SOULITD

2] i)
[MOIPUAS ¥20US |mﬁm_ﬂmw
_ O119d
v snpeday
daaal anbuag
erayydig
SNUEaL,
sa[sBaW
12A9] MmO[[aL
sppeday

5155

|u_mﬂ:tu5mmm_|uﬁmﬂm—hm~um

g _snpeda
spieydaousa asauede
spieydasuas awioq ¥o1L
BZUaNU]

viras

Human immunodeficiency virus
virus

Hepatitis C virus
HIN1

Influenza A viras
HIN?

West Mile virus

Ver virus
Human papilloma virus

pertussis
Poliovirus

Japanese encephalitis

Dengue virus
Escheérichia coli
Hepatitis B
Yellow fe

Bordetella
Haemophilus influenzae

Tick borme encephalitis virus



University of Sheffield, NLP

Document Indexing with MIMIR

 MIMIR allows for indexing and querying text, annotations and
semantic knowledge

— this gives a rich source of data for analysis
e Currently we have used MIMIR to index

— the raw collected text
— annotations provided by Twitter and by the applications
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Examples of Mimir queries on our corpus

« Get all documents which talk about the borders/immigration topic
{Topic theme = "borders_and_immigration"}

» Get all documents where the author of the document is a candidate
{DocumentAuthor spargl = "?c nesta:candidate ?author_uri"}

» Get all documents where the author is an MP standing for re-election for the
same seat

{DocumentAuthor sparqgl="?c nesta:candidate ?author_uri . ?c dbp-prop:mp ?
author_uri"}

 Get all documents where the author is a candidate for the Sheffield Hallam
constituency

{DocumentAuthor
sparql="<http://dbpedia.org/resource/Sheffield Hallam_ (UK Parliament_constit
uency)> nesta:candidate ?author_uri"}
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What do the different parties talk about?
Conservative vs Labour

Conservative Party

3500

3000

Transport, Europe and employment are
mentioned more by Conservatives

2000

1500

1000

: Bl Emm
0

2500

Public health Community and society Tax and revenue Transport MNational Health Service
UK economy Employment Schools Business and enterprise Europe
Labour Party
6000
5000 . .
NHS is mentioned more by Labour
4000
3000
2000
0
Public health Community and society Tax and revenue Business and enterprise Scotland

UK economy Mational Health Service Employment Schools Media and communications
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Topics mentioned by UKIP

UK Independence Party (UKIP)
120

100

40
Q

Europe Media and communications Borders and immigration Transport Schools
LK economy Public health Environment Community and society Reqgulation reform
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Topics mentioned by the Green Party

Green Party

90
a0
70
60
50
40
30
20

m B R E
0

Transport Climate change Schools Mational Health Service Housing

UK economy Environment Public health Business and enterprise Community and society

Expected topics are high on the list
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How old are MPs?

Average Age

70

60
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40
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Average MP Age by Party

m Labour

m Conservative
Lib Dem

m UKIP

m Green
SNP

H Plaid Cymru
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Where did people tweet about the economy?

+ ' SCOTLAND
d‘ﬂ: 17.15% of the tweets about UK

EY Economy were made by MPs from
this region.

2 [] 0%-5%

[] 5%10%
B 10%-15%
B 15%-20%
B z0%25%

Leaflet | Statistical Data © MNesta, 2014-2015



University of Sheffield, NLP

Aggregating Sentiment

 We can aggregate sentiment about tweets on each topic to get
Interesting perspectives.

« During the television debates, we analysed sentiment of the
public (via their tweets) about the major topics discussed by
each political leader

« We found that sentiment was broadly positive for Ed Milliband,
but that when he talked about the NHS and the economy, the
public reaction was more negative about these topics.
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Issues that Milliband talked about

S00
400 4
300

oy

10 u hegative
l I B Posilive

MNumber of Themes

=

-100

-200

300
UK econamy Employment Europe Borders and Business and  International aid and Media and Mational Health Public health Tax and revenue
lmenigration enterprise developmint communicatiang Service
Issues that Miliband spoke about
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Using Prospector: terms that co-occur with
immigration topic

disabili...sability)  europe (Europe)
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equal equality)
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Which tweets express sentiment?
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Engagement with Climate Change

 We did some experiments to try to prove a theory that people
engage more with climate change than other political topics

 We used the same dataset, and looked at typical engagement
metrics for each topic to see how they compared

« High levels of sentiment, positive sentiment, inclusion of URLSs,
number of retweets and replies all indicate engagement

« We found that while climate change and the environment
weren't mentioned frequently by politicians (other than by the
Green Party), they showed high levels of engagement
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Summary

* Once you have the indexed data, you can carry on doing all
kinds of interesting comparisons and analysis.

« Simple analysis tools can give you pretty pictures, but you can
do much more interesting things when you delve a bit deeper
and make use of information not explicit in the text

« For this you need both NLP and Linked Open Data

 We also used the same underlying technology to investigate
the public response to tweets about climate change during the
run-up to the election

 Here we showed that people engaged more with climate
change than other topics, possibly because they felt it was
something they could personally influence
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