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Information Extraction Systems g

Unstructured
Texts

-

GLYTF2NYEGARZY 9EGNI OGAZ2Y NBFSNBE (G2 GKS | dz
0SG6SSY SYyiaAaAidAaASazr IyR GGNARG6dzISa R
¢ (Sarawagi 2008)
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Types of Text based Media

Vulphere @ Libera.Chat / #archlinux - HexChat

Chapter 1

It is a truth  universally
acknowledged, that a single man in
possession of a good fortune, must be
in want of a wife.

However little known the feelings or
views of such a man may be on his
first entering a neighbourhood, this
truth is so well fixed in the minds of
the surrounding families, that he is
considered as the rightful property of
some one or other of their daughters.

“My dear Mr. Bennet,” said his lady
to him one day, “have you heard that
Netherfield Park is let at last?”

Mr. Bennet replied that he had not.

“But it 1s,” returned she; “for Mrs,
Long has just been here, and she told
me all about it.”

Mr. Bennet made no answer.

1813- Pridé/ AR PA€judice, by Jane Austen

India vs West Indies | In 1000th
OD], facile win for India against
Windies

Amol Karhadkar

AHMEDABAD FEBRUARY 10, 2022 07:15 IST
UPDATED: FEBRUARY 10, 2022 07:15 IST

Chahal, Washington and skipper Rohit ensure
a victory in historic 1000th ODI for India

le»ﬂ,
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Washington Sundar returned to international
cricket in style, Yuzvendra Chahal proved his
worth with his wristspin and Rohit Sharma
marked his first hit as full-time ODI with a
quickfire fifty to ensure a perfect outing during
India’s 1000th ODI on Sunday.

Once Washington and Chahal broke the backbone
of West Indies middle order on a helpful Narendra
Modi Stadium strip, despite Jason Holder playing a
trademark innings in the latter half, West Indies
could manage only 176 before being bowled out in
the 44th over.

rver

Settings Window Help

a.org/show_bug.cgi?id=1749908 | Help out testing the AUR https://lists.archlinux.org/pipermail/a

again.
[11:11:13] Namarrgon|sanchex: are you running iwd and nm at the same time?
[11:12:14] sanchex|I am running nm, I don't know if iwd is also running
[11:12:35] Namarrgon|did you configure nm to use iwd as the backend instead of wpa_supplicant?
[11:13:07] sanchex |No
[11:13:11] Namarrgon|then why is iwd running?
[11:13:36] x| julia (~quassel@user/julia) has joined
[11:15:58]
[11:17:02] sanchex|good question
[11:17:45] Namarrgon|how did you install arch?
[11:18:08] Namarrgon|you're the third one with this issue today
[11:18:23] *| gehidore is curious too
[11:18:54] x| cabo4® (~cabo40@189.217.81.59) has joined

Faa

....... e i e e G s e e (I e S e

2021- Internet Relay ChatWikipedia

Work on farm Fri. Burning piles of brush
WindyFire got out of control. Thank God for
good naber He help get undr control Pants-

BurnLegWound. I

Boom! Ya ur website suxx bro

e ...dats why pluto is pluto it can neva b a star

michelle obama great. job. and. whit all my.
respect she. look. great. congrats. to. her

2022- The HiRHgs://socialmediaie.qgithub.igfyriaist=C MedldBisenstein NAAGHLT

http client info

I @ ccroiitkgp .ernet.in
Tue, 21 Mar 1995 01:33:55 -0500

* Messages sorted by: [ date ][ thread ][ subject ][ author ]

+ Next message: cyn@prism.nmt.edu: "Need help!"

+ Previous message: jremick@u.washington.edu: "Where 1
am in here"

I have a running version of lynx here. I am

unable to retrieve html documents. should I have a http
daemon running

on my machine? Could you direct me to some FAQ on http
programs and daemons

Thanks.

+ Next message: "Need help!"
+ Previous message: (N W here 1

am in here"

1995- Usenet


https://www.gutenberg.org/files/1342/1342-h/1342-h.htm
https://www.thehindu.com/sport/cricket/india-vs-west-indies-1st-odi-in-ahmedabad-on-sunday-february-6-2022/article38388129.ece
https://www.w3.org/History/1995/WWW/MailArchive/webmaster/0045.html
https://aclanthology.org/N13-1037.pdf
https://en.wikipedia.org/wiki/Internet_Relay_Chat
https://socialmediaie.github.io/tutorials/ECIR2022/

SociaMedia v/s Traditional Media

Usergenerated content such as
text posts or commentsdigital
photos or videos, and data
generated through all online
interactionst is the lifeblood of
a20A1f YSRALl ®¢

G{ 2 OA | lelpsie R A |
Social Media Traditional Media development of online social
networks by connecting a user's
Gal y& &z OA | fdiffer R kdditioBallnieti&€lgi, print magazines and newspapers, TV, and profile with those of other
radio broadcasting) in many ways, includouglity, reach, frequency, usability, relevancy, and Ay RAODARdzZF fa 2NJ 31
permanence Additionally, social media outlets operate idialogic transmission system, i.e., many
sources to many receiversvhiletraditional media outlets operate under a monologic transmission

model (i.e., one source to many receivefis} SourceSocial media Wikipedia

I yS6aLll LISNI A4 RSEAGSNBR (G2 YlIyeé &adzoaONAOSNB |yR |

GC2NJ Ayadadl yoSx
'y SYyGAaANB OAle ¢

LINREINI Ya {2


https://en.wikipedia.org/wiki/Social_media

Dlgltal SOClaI TraCe Datta//shubhanshu.com/phd thesis/

Digital Social Trace Data (DSTD) are digital activity traces generated by
iIndividuals as part of a social interactions, such as interactions on socia
media websites like Twitter, Facebook; or in scientific publications.

Inspired from Digital Trace Data (Howison et. al, 2011)

https://socialmediaie.qgithub.io/tutorials/ECIR2022/
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Likes:
Replies:

}
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Digital Social Trace Data (DSTD)

Social media data Scholarly publishing data
R {
Location: Affiliation:
Popularity: / \/\ Gender:
Verified: Ethnicity: @) [ )
gender: . .
) @ & & } &= o
—/ Ly
(]
a

#hashtag ZURL

oo’/ [BFB B B
b . 4

Time https://shubhanshu.com/phd thesis ~ ™™e
Legend |
& User # Hashtag [3 Article — > Creation  ——> References
02 Tweet (£ URL e e " % Interaction == Social connection

https://socialmediaie.qithub.io/tutorials/ECIR2022/
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I rlfO rm a.tl O n eXt raCtI O n taS K&s://shubhanshu.com/phd thesis
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Keyphrase
extraction

~

Taxonomy
construction

Topic modelling

Corpus level

Document level

/Classification

oSentiment

wHate Speech
oHarcasm

wlopic

wSpam detection
uRelation Extraction

J

\_

-

.
Token level

wNamed entity wWVord Sense
wPart of speech oEntity Linking

Tagging ] [Disambiguation

L

.
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Why social media data is challenging?

Social Media text often has a inherent structure, which provides
context, e.g.

user mentions

hashtags

comment threads

less formally written language
lot of unseen words

typos, etc.

O« O« O« O« O« O«



Language Diversity

Top 10 most spoken languages, 2021

English
Mandarin Chinese
Hindi
Spanish
Standard Arabic
Bengali
French
Russian
Portuguese
Urdu

0

600,000,000

1,200,000,000

M Ethnolodue

Languages Regions Participation Active editors Edits| Usage Content
Code Language .’ T Bl Speakers in millicns Prim.+Sec. |Editors (5+) | Months | 5+ adits [ 100+ edits | Admins | Bots | Bot| Human Views Article
= Project | = Wikipadia arficla ﬁ! 4 | (log =cake) (?) Speakers | per million since | pfmonth | pfmanth adits adits per hour count
Main Page. . s, | B Editors per r_rl'lliun _M=mi||ians speakars |3 or more {3m avg) | (3m avg) by unreg.
| 4 v Y | spaskers (5+ adits) k=thousands active usars
1 . editors
% |All languages AF S EUNAEA OC CLW
en | English AF AS EUNA OC 1121 M 27 30684 3445 1274 312 9% 31% 4,858,539 5,779,516
ceb |Cebuano AS 20M 1 26 2 4| 60/99% 19% 1,311|5,379,752
sv |Swedish EU 10M 64 641 101 66| 40|57% 20% | 53,206 3,761,531
de |German EU 132 M 41 5385 900| 198 374 10% 20% | 726,852|2,254,737
fr |French AF AS EUNA OC 285 M 17 4864 790| 161107 |19% 21% | 461,591 2,069,464
nl | Dutch EU 28M 42 1185 214 45| 269 |38% 19% 97,322 |1,953,504
ru |Russian AS EU 264 M 12 3188 518 B7| B4 17% 25% | 634,782 1,518,908
es | Spanish AF AS EU NA 513 M 8 4135 544 71| 36 17T% 3T% | 417,439 1,496,758
it|Italian EU B8 M 35 2385 398| 109 /173|29% 32% | 270,709 1,489.914
pl |Polish EU 43 M 29 1256 237| 106 68 34% 19% | 185,774 /1,313,943

Sourcehttps://www.ethnologue.com/quides/ethnoloque200

04/10/2022

Sourcehttps://stats.wikimedia.org/EN/Sitemap.htm#comparisons

== | am|Japanese.

Translations

> EE ich bin{aparfer.
> HEE (ch binrin‘
» = Eipat Namwviia.
> &l M eslanc.
> @ Miestas japana.

https://socialmediaie.github.io/tutorials/ECIR2022/

Sourcehttps://tatoeba.org/eng/sentences/show/657403

v
|
|

[l F

Olen japanilainen.
Ma oon japanilainen.
Je suis Japonais.
RAL LIBT,

e N

o] §1
Japan vagyok.
Sono giapponese.

lo sono giapponese.

AEHATT.

12
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NER performance difference

Named entity recognition performance over the evaluation partition of the Ritter dataset (best score in bold).

Per-entity F1 Overall

System Location Misc Org Person P R F1

ANNIE 40.23 0.00 16.00 24.81 36.14 16.29 22.46
DBpedia Spotlight 46.06 6.99 19.44 48.55 34.70 28.35 31.20
Lupedia 41.07 13.91 18.92 25.00 38.85 18.62 25.17
NERD-ML 61.94 23.73 32.73 71.28 52.31 50.69 51.49
Stanford 60.49 25.24 28.57 63.22 59.00 32.00 41.00
Stanford-Twitter 60.87 25.00 26.97 64.00 5439 44 83 49.15
TextRazor 36.99 12.50 19.33 70.07 36.33 38.84 37.54
Zemanta 44,04 12.05 10.00 35.77 3494 20.07 25.49

Source: Derczynski, L., Maynard, D., Rizzo, G., van Erp, M., Gorrell, G., Troncy, R., Petrak, J., & Bontcheva, Ky42@I5iaad entity recognition and linking for tweets. Information Processing & Management, 5129, 32

https://doi.org/10.1016/j.ipm.2014.10.006

04/10/2022
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13


https://doi.org/10.1016/j.ipm.2014.10.006
https://socialmediaie.github.io/tutorials/ECIR2022/

Examples of information
extraction for social media text



TeXt C I aSS i fi Cati Ol‘m://mthub.com/socialmediaie/SociaIMediaIE

Input

| know this tweet is late but | just want to say | absolutely fucking hated this season of
@GameOfThrones
what a waste of time.

Output

abusive sentiment uncertainity

founta clarin sarcasm

abusive hateful normal spam negative [[E3 neutral (XED positive not sarcasm ([(XIL sarcasm

o.002)
other veridicality

waseem
negative neutral ((XZE) positive (TELD definitely definitely probably probably uncertain

none (&0 racism (X123 sexism (X no CXEE) yes no yes 0.422)
politics 0.244) 0.112

negative [(XIL} neutral (X223 positive (XE

semeval

negative [XI53 neutral ((XED) positive (XL

04/10/2022 https://socialmediaie.qithub.io/tutorials/ECIR2022/ 15
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S e q u e n Ce tag g i n@/qithub.com/socialmediaie/SociaIMedialE
Input

john oliver coined the term donal drumph as a joke on his show #LastWeekTonight

Output

tokens john oliver coined the term

donal drumphas a joke on his show #LastWeekTonight
ud_pos PROPN PROPN VERB DETNOUN PROPN PROPN ADPDETNOUN ADPPRON NOUN X
ark_pos " o V D N 2 2 P D N P D N #
ptb_pos NNP NNP  VBD DT NN NNP NNP IN DT NN IN  PRP$ NN HT

multimodal_ner

iterner

04/10/2022

https://socialmediaie.github.io/tutorials/ECIR2022/ 16
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Applications of information extraction

Index documents by entities

Roger Federer Person URL1

2 Facebook Organization URLZ2
3 Katy Perry Music Artist URLS3

04/10/2022 https://socialmediaie.github.io/tutorials/ECIR2022/ 17



Entity mention clustering

Washingtonis a great place.
| just visitedWashington

Washingtonwas a great president.
Washingtonmade some good changes to constitution.




Applications of Information
extraction



Applications

Alndexing social media corpora in database
ANetwork construction from text corpora,

AVisualizing temporal trends in social media corpora using social
communication temporal graphs,

AAggregatin? texbased signals at user level, Improving text classification
using user level attributes,

AAnalyzing social debate using sentiment and political identity signals
otherwise,

ADetecting and Prioritizing Needs during Crisis Events (e.g., COVID19),
AMining and Analyzing Public Opinion Related to CQ9|@nd
ADetecting COVHD9 Misinformation in Videos on YouTube



Application of NER: Trends

%% Sonic The Hedgeblog v
@ @Sonic_Hedgeblog
The Dreamcast was launched 20 years ago today, and
the US release of ‘Sonic Adventure’! Special DLC was

available to celebrate the launch of the system. Touching
some of them brings up this message. ift.tt/2PXJoMA

-

Ul © RPG Site v
* 2y @RPGSite

Happy 20th North American birthday to the Dreamcast,
which first hit NA on this day in 1999 - the famed 9/9/99.
The machine launched with games including Sonic
Adventure, Power Stone, House of the Dead 2 and Ready
2 Rumble Boxing.

2 - Trending
Dreamcast

46.8K people are Tweeting about this

04/10/2022 https://socialmediaie.qithub.io/tutorials/ECIR2022/
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ldentifying trending topics and events

FA Cup Super Tuesday US Elections
3500 12000 25000
3000} I
10000 20000
@ 2500
3 8000
2 15000
QS 2000
5 6000
,_g 1500 10000
= 4000
Z 1000
5000
500 - 2000
] [am) () ] o o (] o o (] o [ (] - o (] [a) ] o [ o () (] o (] (] [ (] > ] ]
c L E ¥ ¥ ¥ 992 2 85 S ¥ 2 8 8 8§98 @ - A A YR Ee T awvgxgetw

Fig. 2. Twitter activity during events. For the FA Cup, the peaks correspond to start and end of the match and the goals. For the two political collections,
the peaks correspond to the main result announcements.

Aiello, Luca Maria, Georgi®etkos Carlos Martin, Davi@orney SymeonPapadopoulos, RydkrabaAyseGoker loanniskompatsiarisand Alejandradaimes "Sensing trending topics in
Twitter." IEEE Transactions on Multimedia 15, no. 6 (2013):-1288.

04/10/2022 https://socialmediaie.qgithub.io/tutorials/ECIR2022/
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Appl

iIcation of NER: Events Detection

Twitter
Firehose

04/10/2022

Trending
Entities

Entity
Extraction

Entity Compute
Filtering | Similarities

Similarity Entity Cluster Cluster
Filtering Clusterin unksog_l" Rankin e

v
o
@
g
@
-
o]

23:00 00:00 01:00 02:00

Title
General conversation
Hosts' opening speech

Green Book

Christian Bale receives the best actor in comedy
or musical award for "Vice"

General conversation

Christian Bale thanks Satan in his acceptance
speech

General conversation

Rami Malek receives the best actor in a drama
award for "Bohemian Rhapsody"

Glenn Close receives the best actress in drama
award for "The Wife"

Green Book

03:00 04:00 05:00 06.00 07-00 08:00
Time (UTC)

Top entities

The 76th Annual Golden Globe Awards 2019, #goldenglobes, Lady Gaga, Sandra
Oh, Spider-Man: Into the Spider-Verse, Gaga

Andy Samberg, Black Panther, Sandra Oh, #blackpanther, Jim Carrey, Michael
B. Jordan

Green Book, Mahershala Ali, Regina King, #greenbook

The 76th Annual Golden Globe Awards 2019, #goldenglobes, Christian Bale,
Sandra Oh, Lady Gaga, Darren Criss, Vice

The 76th Annual Golden Globe Awards 2019, #goldenglobes, Lady Gaga, Jeff
Bridges, Darren Criss

Christian Bale, The 76th Annual Golden Globe Awards 2019, Vice, Mitch
McConnell, Satan

The 76th Annual Golden Globe Awards 2019, #goldenglobes, Sandra Oh,
Alfonso Cuarén, Rami Malek, Roma, Olivia Colman

The 76th Annual Golden Globe Awards 2019, #goldenglobes, Rami Malek,
Bohemian Rhapsody, Lady Gaga, Sandra Oh

Glenn Close, Taylor Swift, Lady Gaga, best actress, Glenn, Bradley Cooper

Green Book, Mahershala Ali, Regina King, #greenbook

https://socialmediaie.qgithub,io/tutorials/ECIR2022/

[Fedoryszak et al., 2019]
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Visualizing temporal trends In data

https://shubhanshu.com/sociatommtemporalgraph/

Core components
e.g. a user in a feed or
a specific post

Child components
e.g. associated posts
by a user or
comments to a post

04/10/2022

<

@ Post highlight others

@ Post status

T T T T g + T 1 7 Post others
® Post highlight status
© Comment status

@ 6 @ Comment highlight status

# Likes

Another example of too many elements on the
web page =) http://govindtiwari.blogspot.com/

Tool tips
® Provide detail on demand about each

Posts Post size = Number of comments
—M s PO & o point.

Links between components
Comment size = Number of likes Core communication is liked to its children

Comments

= = = = =

S < -] = = P . .

S s s s 8 Activity timeline

3 g 8 2 2 S T This quantifies the temporal activity
[ measurement

https://socialmediaie.github.io/tutorials/ECIR2022/ 24
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Appllcatlon of NER: User Interest

W—M@

Shubhanshu Mishra

NLP Researcher
All tweets under CC - By NC SA.
Developed: SocialMedialE, ReadlLater

04/10/2022

©. [112 9),
Edit profile (3),
BITS Pilanif@h]

https://socialmediaie.qithub.io/tutorials/ECIR2022/

Last Engagements

(7),

(2)

(7), (3),
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Network construction from text classification

labels and identification of influential users
4% Using signed networks in Email Corpora

Enthusiastic & Enthusiastic &
y Non-Supportive Supportive
t (E-NS) (E-S) £
e & — T
Sz 29
"g‘ Passive & Passive & H
Z | Non-Supportive Supportive (C)Grouping
(P-NS) (P-S) m Lovel
(d) _ ! Managers
w o = l U ool
—//
= A h — Second
CTE CB LGBT {2) Graph o, o~y Level
onstruction (B)Rank—» Managers
Account PR Account PR Account PR I~ = ll g
(Level 2)
USR1 0.191 USR2 0.050 free_equal 0.033 |
= Sports_Brain 0.191 USR4 0.050 UN_Women 0.030 =
USR3 0.041 USR5  0.043 USR_FilmExpert 0.030 = 0.0
" USR6 0.186 USR2 0.062 free_equal 0.044 Employees
Z USR12 0.068 USR4  0.062 HRC 0.033 o (Level 1)
“ NFL 0.066 USR5 0.054 USR_FilmExpert 0.028
USR7 0.021 USR8  0.009 HRC 0.024
i NFL 0.015 USR9 0.008 Tedofficialpage 0.010
frontlinepbs 0.009 USR10  0.008 USR11 0.010 A Mishra, Shubhanshu, and Jana Diesner. "Capturing signals of enthusiasm and support towards social issues from twitidintP aicine
Table 9: Top 3 nodes in the mention network based on differ- 5th International Workshop on Social Media World Sensors. 2019.
ent PageRank algorithms (PR=PageRank score). In the All. A Jiang, Lan, Ly Dinh, Rezvaneh Rezapour, and Jana Diesner. "Which Group Do You Belong To®BasetiPageRank to MeasurefRal
row, ranking and scores are based on overall PageRank. Ac- and Informal Influence of Nodes in Networks." In International Conference on Complex Networks and Their Application€3ip. 623
counts of individuals were replaced with USR to protect pri- Springer, Cham, 2020.

vacy.

04/10/2022 https://socialmediaie.github.io/tutorials/ECIR2022/ 26



Lexicorbased approach

Utilizes a lexicon to describe or extract informatfomm a textual
content,e.d., lexicorbased sentiment analysis to analyze polarity

of text

AWhat to consider first:
AHow is the lexicon created
A Scope:
A Using MPQA lexicon to study hashtags in TWeRts

ADomain Adaptation
AFinetuning of the lexicon to represent the data

AEvaluation of the results
AError analysis, hand annotation, clessading,..



Sentiment analysis, preS|dent|aI election, and

OF yRARFGSaQ NI y‘m@a
Aaim " b &3

ATest whether incorporating prevalent hashtags from a given dataset into a
sentiment lexicon improves sentiment prediction accuracy

AMethod:

AUsed hashtagnhanced lexicofbased sentiment analysis to analyze tweets
that mention the US Presidential candidates to find the correlation between
the candidates' likeability in tweets with the actual voting outcomes in the

New York State Presidential Primary election

ADomain adapted the MPQA lexicon:
A Extracted and annotated top hashtags and added them to the MPQA lexicon

Rezapour, R., Wang, Abdar O., & Diesner, J. 201)RSY A FTe Ay I (KS 2@0SNI I LJ 0SG¢6SSy St SO leghghcedl a dz
lexiconrbased sentiment analysidn 2017 IEEE 11th International Conference on Semantic Computing ({0 S2396).



https://www.google.com/url?q=https%3A%2F%2Fieeexplore.ieee.org%2Fabstract%2Fdocument%2F7889513&sa=D&sntz=1&usg=AFQjCNGqXHeRYLPUUOsB0YxmjGIRInjZ6g

Using moral foundations to analyzecial
effects

AMotivation:

a! I y3dz
KA&aG2NB

Peoplebds Cognition,
Cultural and Personal Attitude, Emotion, and Values

Values =)
Internal Stimuli E ©—Y2S)
ez |3y

Peopledbs Everyday Language and
Interaction with the World

04/10/2022 https://socialmediaie.github.io/tutorials/ECIR2022/
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Using moral foundations analysis in analyzing

socilal effects (contd.)
AMethod:

A Use Moral Foundations Dictionary (MFD) to extract words with moral wesgtuts
use them as features in prediction models

ALimitations with MFD:
A Number of entries is small and might not capture (all) variations of terms indicative

of morality in text data.
A Entries are not syntactically disambiguated, which can limit the results, e.g., by
capturing false positives.
A Safe (noun)> does not signal morality
A Safe (adjective)> represents careirtue

AEnhanced MFD:
A Used wordnet to get synonym, antonym and hypernym of the words and extensively

runed the lexicon

Rezapour, R., Shah, S. H., & Diesner, J. (2048ncing the measurement of social effects by capturing moralimProceedings of the Tenth Workshop on Computational Approaches to

Subjectivity, Sentiment and Social Media Analy8BSSA). Annual Conference of the North American Chapter of the Association for Computational Linguistics (NAACL).
RezapourR.,Dinh, L., &DiesnerJ. (2021, Augusthcorporating the Measurement of Moral Foundations Theory into Analyzing Stances on Controversial Tindrreceedings of the 32nd

ACM ConferenceoonoHypertext and Social M@apal77188).
Rezapour, Rezvaneh; Diesner, Jana (2G29)anded Morality LexicarUniversity of lllinois at Urbar@hampaign. https://doi.org/10.13012/B2IEEB05242_V1.1



https://www.google.com/url?q=https%3A%2F%2Fwww.aclweb.org%2Fanthology%2FW19-1305.pdf&sa=D&sntz=1&usg=AFQjCNEiEOiwyURj-WCJMbh_rJeibmMPQQ
https://dl.acm.org/doi/abs/10.1145/3465336.3475112
https://www.google.com/url?q=https%3A%2F%2Fdatabank.illinois.edu%2Fdatasets%2FIDB-3957440%23&sa=D&sntz=1&usg=AFQjCNGVM18PprB-SERWXnqidVY0G6MgaQ

Analyzing tweets to examine cregsgting
exposure In soclal media
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Rezapour, R., Park, DiesnerJ. (2020). Detecting Characteristics of GmgBng Language Networks on Social Media. In International Sunbelt
Social Network Conference, Paris, France.
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Detecting and prioritizing needs during crisis
events (l.e., COVID19)

AMethod:

ACreated a list of needed resources ranked by priority
AExtracted phrases and terms closesttoteemsd Y SSRa ¢ | YR &

AExtracted sentences that specify wheedswhat resources

A 1dentified sentences where who is the subject and what is the direct object

A Selected sentences where the left child of need in the dependency parse tree is a
nominal subjectrisub), and the right child is a direct objeclabj)

mm

Massachusetts needs PPEs.
PROPN VERB NOUN

Sarol, M. J., Dinh, L., Rezapour, R., Chin, C. L., YarigieBn& J. (2020, November\n Empirical Methodology for Detecting and Prioritizing Needs during
Crisis Eventdn Proceedings of the 2020 Conference on Empirical Methods in Natural Language Processing(ppndib@24107).



https://www.aclweb.org/anthology/2020.findings-emnlp.366/

More on COVID 1#&isis

AHate speech detectiorHardage et al. 2020)

AMisinformation related taCOVID 1@Hossain et al. 2020)
ASymptom detection using social media data (Santosh et al. 2020)
Almpact of COVID 19 on language diversity (Dunn et al. 2020)

AQuantifying the effects of COVID 19 on mental health (Biester at al.
2020)



Methods for Extracting
Information from Social Media
Data

https://socialmediaie.qgithub.io/tutorials/ECIR2022/



https://socialmediaie.github.io/tutorials/ECIR2022/

GUI tool for using IE to extract networks from
text data

AConTextool: http://context.ischool.illinois.edu/

ABread and butter techniques for text analysis and extracting relational
data from text data

AConvert text into network data



http://context.ischool.illinois.edu/

Key challenges for improving IE performance

Challenge Solution

Less data to learn Multi-task learning, active learning, sesupervised, or
distantly supervised learning

Less languages to learn Cross lingual alignment, Multilingual Knowledge bast
Less context to learn Social and Graphical context of the tweet




Less data to learimproveefficiency

AMulti-task learning
AActive Learning
ASemisupervised learning



R u I e b aS e d TWi tte r N EEB. Diesner (2018)ttps://github.com/napsternxg/TwitterNER

Architecture

?—.—?—-—?—.—? Labels in BIEOU format
Unlabeled Data a ; ; ;
+—\

Input Features

Random Feature Global Features

Word Word IO EETE Gazett R

_ azetteers egex
Clusters Embedding Feature Extractors

Wiki Data | Geonames | Discogs

Labeled Data

Mishra, Shubhanshu, & Diesner, Jana (2016). Sapervised Named Entity Recognition in ndgext. In Proceedings of the 2iforkshop on Noisy Usagenerated
Text (WNUT) (pp. 2@212). Osaka, Japan: The COLING 2016 Organizing Committee. Réwmvetbs://aclweb.org/anthology/papers/W/W16/\W1&927/

04/10/2022 https://socialmediaie.qgithub.io/tutorials/ECIR2022/ 38
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Evaluating Twitter NER (BA0re ).....owmw s

10 ;| TD TDT
19.3 46.4 47.3

40.7, 57.3
10.2 42.1
26.1 37.5
37.0 70.1
5.4, 0.0
0.0, 7.6
8.4 31.7
20.6 51.3

0.8
0.0

10.0
' 31.3

59.0
46.2
34.8
71.0

0.0

5.8
32.4
52.2

9.3
32.0

Rank 1 2 3 4 5 6 7 8 9
10-types 52.4 46.2 44.8 40.1 39.0 37.2 37.0 36.2 29.8
No-types 65.9 63.2 60.2 59.1 55.2 51.4 47.8 46.7 44.3
company 57.2 46.9 43.8 31.3 38.9 34.5 25.8 42.6 24.3
facility 42.4 31.6 36.1 36.5 20.3 30.4 37.0 40.5 26.3
gecoloc 72.6 68.4 63.3 61.1 61.1 57.0 64.7 60.9 47.4
movie 1009 51 46 158 29 00 40 5.0 0.0
musicartist 95 85 7.0 174 5.7 372 18 0.0 2.8
other 31.7 27.1 29.2 26.3 21.1 225 16.2 13.0 22.6
person 59.0 51.8 52.8 48.8 52.0 42.6 40.5 52.3 34.1
product 20.1 115 183 3.8 100 7.3 5.7 154 6.3
sportsteam 52.4 34.2 38.5 18.5 346 159 9.1 19.7 11.0
tvshow 59 00 47 54 73 98 48 00 51

Rank

1 2 3 4 5 6 7 8 9

https://socialmediaie.qgithub.io/tutorials/ECIR2022/

0.0 5.7
100 ~2

5.7
~2
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Multi-taskmulti-dataset learning ... ...e: i ca vo

Single task single dataset Single task multi dataset Multi task multi dataset

CRF

Bi-LSTM

Bi-LSTM,

Elmo embedding

1

Token

Elmo embedding Elmo embedding

Token Token

(A) (B) (C)

S- Single MD ¢ Multi -dataset MTLc Multi task Stacked
MTS¢ Multi task Shared (Layered)

Shubhanshu Mishra. 2019. Muttatasetmulti-task Neural Sequence Tagging for Information Extraction from Twedtsodeeding®f the 30th ACM Conference on Hypertext
and Social MediéHT '19). ACM, New York, NY, USA;ZBB DOIhttps://doi.org/10.1145/3342220.3344929

04/10/2022 https://socialmediaie.qithub.io/tutorials/ECIR2022/ 40
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Evaluating MTL models.. ...o: 10 wo

Named entity recognition (micro f1)

Part of speech tagging (overall accuracy)

Data Our best |[SOTA Diff % Data Our bestSOTA|Diff %
DiMSUM201(5 86.77 82.49 5% BROAD 77.40None NA
OWOpUtI 91.76 88.89 3% YODIE 65.39 None NA
Twitle B 893/ v Finin 56.42 32.4374.0%
I 0
?\'ltt;tbankvz gigj 9:2 i 0//" MSM2013 | 80.46 58.7237.0%
. . -1%70 ;
Ritter 86.04 82.6| 4.2%
Foster 69.34 90.4 -23%
l 0
lowlands 63 1 80 37 -24% MultiModal 73.39 70.69 3.80/c
Super sense tagging (micro f1) Hege 69.49 86.9 2'90/c
Sata ourbest 1SOTA 1D % WNUT2016  53.16 52.41 1.4%
Ritter 59.16 57.14 3.5% WNUT201/4 49.86 49.49 0.8%
Johannsen2014  42.38 42.42 -0.1%
hubhanshu Mishra. 2019. Muttatasetmulti-task Neural Sequence Tagging for

Chunking (micro f]_) ﬁ]formation E>|\</':raction from Tweeis. I?trocetectlings of the 30‘[?1 ACM Co%?ergnce

on Hypertext and Social Med{BIT '19). ACM, New York, NY, USA;Z8B8B DOI:
Data Our best [SOTA Diff % https://doi.org/10.1145/3342220.3344929
Rittey 88.9Z2 None https://sods}ediaie.qithub.io/tutorials/ECIR2022/
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TrainNING . .cw wrwsr 1ca vo

ASample minbatches from a A
task/data

ACompute loss for the mirbatch A

Alndividual loss is the_log loss for
conditional random fiel A

AUpdate the model except the EImo
module

ADuring an epoch go through all
tasks %nd dgtasetgs J A

ATrain for a max number of epochs
AUse early stopping to stop training

Models trained on single datasets

have prefixs

Models trained on all datasets of

same task hav

e prefiXD

Models trained on all datasets have
prefix M T Sfor multitask models
with shared module andMTLfor

stacked modu

€S

Models with LR=18 and no L2

regularization

have suffik"

Models trainec
have suffiX'#"

https://socialmediaie.qgithub.io/tutorials/ECIR2022/

without NEEL2016
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- MDMT model learns similarity between labels without
Labe I e m bed d I n g S (P O A)this knowledge being encoded in the model
This leads to consistent relationship between similar
labels across datasets

-2 AUX task

® ud_pos

#  ark_pos

VES iVID B ptb_pos
. - .PROPN
i’NP
P
b4
xR .IN
.RB .USR .ADP
BR SCONJ
41 N @ . =
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fD TO
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1 mo* °
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.DRP$ c & ()
e CONJ mC x
) .POS
_6 - .) .
. .PUNCT UNGT
B w N
1 | | || I I 1 1
-0.5 0.0 0.5 1.0 15 2.0 2.5 3.0
d1
04/10/2022 https://socialmediaie.qithub.io/tutorials/ECIR2022/ 43



https://socialmediaie.github.io/tutorials/ECIR2022/

Label embeddings (NER)

MDMT model learns similarity between labels without
this knowledge being encoded in the model

This leads to consistent relationship between similar
labels across datasets

214 label_type
s+LOC o -yP
’ drMisC e LOC
20 ¢$ORG J-OTHER e ORG
e MisC
dLoc | TVSHOW g CREATIVE-WORK
® PERSON
W GROUP ® LOCATION
194 LPERSON | 4GEoLOC  4MUSICARTIST
maiCEC e GROUP
pORGANIZATION grPRODUCT ® CORPORATION
-ORGANIZATION |
$B-0RG &LOCATION_ 4-FACILITY 4OTHER ® CREATIVE
o PRODUCT
© 18 $-OTHER sToc 4-PRODUCT S orheR
B UNK > -COMPANY ‘FAC|L|T*CORPORATIb§PORTSTEAM e O
g e GEO
gB-CORPORATION PRODUCT -MOVIE e COMPANY
17- (8-COMPHNSICARTIST {MUSICARTISSPORTSTEAM 4 e FACILITY
MUSICARTIST
_-FACILITY -CREATIVE-WORK N ‘COMPANY
B-GEO-LOC PO o * oR OSU%:SICARTIST SPORTSTEAM
e - - TVSHOW
B-SPORTSTEW-OTHEB-PFQDUCT MOVIE hTA\?s\ﬂlléw
16 -GEO-LOC, B-SPORTSTEAM
L4 gB-PRODYGHFMOVIE ORGANIZATION
{ B-TVSHOW B-TVSHOW B-MOVIE UNK
task
T T I I I ® multimodal_ner
-5 -4 -3 -2 -1 0 # broad_ner
d1 B  wnut17_ner
& ritter_ner
& yodie_ner
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A MDMT model learns similarity between

Label embeddings (chunking i "

Is leads to consistent relationship
between similar labels across datasets

o -NP label_type
-3.54 e NP
0
eNP e P
-4.04 ¢'P e PP
. &-|NTJ ® ADVP
® INTJ
4 Svp ¢!NTJ ADJP
|- ADJP ® PRT
B-SBAR SBAR
CONJP
Y -5.0
B-ADJP
@&ADVP
-5.5 — I-SBAR B-CONJP
_AD? /
6.0 ¢ |-CONJP
: &P
65 @-PRT
&P
1 | 1 1 1 1
2.0 2.5 3.0 3.5 4.0 4.5
d1
04/10/2022 https://socialmediaie.qgithub.io/tutorials/ECIR2022/
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Label embeddings (supsense tagging)

5.5

5.0+

4.5

4.0

3.5

d2

3.0

2.5+

2.0

1.5

B-NOUN.COMMUNICATION

B-NOUN.TIME FNOUN.ACT
FNOUN.EVENT

- N. N
B-NOUN.EVENT FNOUN.COMMUNICATION

B-NOUN.ARTIFACT

N B-NOUN.PERSON
B-NOUN.LOCATION L NOUN.GROUP

I-NOUN.PERSON
FNOUN.TIME

B-NOUN.ACT B-NOUN.GROUP
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B-NOUN.ATTRIBUTE
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[-NOUN.LOCATION
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B-NOUN.PROCESS ¢ NOUN.OBJECT
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B-NOUN.TOPS
ENOUN.STATE .VERB.SOCIAL

INOUN.ANIMAL
8-NOUN.BODY,, \ouN. BODY FNOUN.PHENOMENON

B-NOUN.MOTIVE

-fVERBASOCIAL
g -VERB.COGNITION
-VERBMOTION ~ og.vERB.CREATION

BE-VERB COMMLMRTEPMNGE

-VERB,PERCEPTION
8- VERB STATIVE B VERB. CiNCENB HONY

g VERB YEREPTRERSION
J§-VERB EMOTION

.VERBSTATIVE
.VERB.COMMUNICATION

i VERB POBBESBRINOGNITION

.VERB.PERCEPTION
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.VERB.MOTIC*NOUNMOT\VE
FNOUN.FEELING

FNOUN.PIBXNDUN.SHAPE

FNOUN.PROCESS

04/10/2022

d1

https://socialmediaie.qgithub.io/tutorials/ECIR2022/

--VERB.CONTACT ]

label_type
e O
NOUN
VERB

A MDMT model
learns similarity
between labels
without this
knowledge being
encoded in the
model

A This leads to
consistent
relationship
between similar
labels across
datasets
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Label embeddings (supsense tagging)

5.5

5.0+

4.5

4.0

3.5

d2

3.0

2.5+

2.0

1.5

B-NOUN.COMMUNICATION

B-NOUN.TIME FNOUN.ACT
FNOUN.EVENT

- N. N
g-NOUN EVENT FNOUN.COMMUNICATION

B-NOUN.ARTIFACT

N B-NOUN.PERSON
B-NOUN.LOCATION -NOUN.GROUP

I-NOUN.PERSON
FNOUN.TIME

B-NOUN.ACT B-
B-NOUN.COGNITION

B-NOUN.ATTRIBUTE

FNOUN.ARTIFACT
[-NOUN.LOCATION

B-NOUNSEFANR1AL FNOUN.POSSESSION
B-NOUN.POSSESSION B-NOUN.PHENOMENON  $tNOUN ATTRIBUTE
B-NOUN.FOOD B-NOUN.PLANT

FNOUN.COGNITION

FNOUN.QUANTITY
B-NOUN.OBJECT

B-NOUN.QUANTITY

B-NOUN .S,P&IFEUNRELB\WN.SUBSTANCE

B-NOUN.PROCESS gNOUN.OBJECT

ENOUN.FOOD [-NOUN.RELATION

B-NOUN.TOPS
FNOUN.STATE .VERB.SOCIAL

INOUN.ANIMAL
8-NOUN.BODY,, \ouN. BODY FNOUN.PHENOMENON

B-NOUN.MOTIVE

-fVERBASOCIAL label_type
JB-VERB.COGNITION e O
-VERB.MOTION JB-VERB.CREATION NOUN
--VERB.COM%T@MNGE JB-VERB.CONTACT @  VERB
-VERB.PERCEPTION
J§-VERB.STA --VERB.CﬁingE@UY

WERPEPHRENSION
J§-VERB EMOTION

TATIVE
.VERB.COMMUNICATION

i VERB POBBESBRINOGNITION

.VERB.PERCEPTION

i-VERB.WEATH ER

.VERB.MOTICN\JOUNMOT\VE
FNOUN.FEELING

FNOUN.PIBXNDUN.SHAPE

FNOUN.PROCESS
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A MDMT model
learns similarity
between labels
without this
knowledge being
encoded in the
model

A This leads to
consistent
relationship
between similar
labels across
datasets
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WEb based UItps://qithub.com/socialmediaie/SociaIMedialE

Input

john oliver coined the term donal drumph as a joke on his show #LastWeekTonight

Output

tokens john oliver coined

the term donal drumphas a joke on his show #LastWeekTonight
ud_pos PROPN PROPN VERB DETNOUN PROPN PROPN ADPDETNOUN ADPPRONNOUN X
ark_pos " 2 V D N A A P D N P D N #
ptb_pos NNP NNP  VBD DT NN NNP NNP IN DT NN IN PRP$ NN HT
multimodal_ner

T

04/10/2022
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Multi-taskmulti-dataset learning classification

data split tokens tweets  vocab
Airline dev 20079 981 3273
test 50777 2452 5630
train 182040 8825 11697
Clarin dev 80672 4934 15387
test 205126 12334 31373
train 732743 44399 84279
GOP dev 16339 803 3610
test 41226 2006 6541
train 148358 7221 14342
Healthcare dev 15797 724 3304
test 16022 717 3471
train 14923 690 3511
Obama dev 3472 209 1118
test 8816 522 2043
train 31074 1877 4349
SemEval dev 105108 4583 14468
test 528234 23103 43812
train 281468 12245 29673

Sentiment classification

data split tokens  tweets vocab
Founta dev 102534 4663 22529
test 256569 11657 44540

train 922028 41961 11834¢
WaseemSRWlev 25588 1464 5907
test 64893 3659 10646

train 234550 13172 23042

Abusive content identification

data split tokens  tweets vocab
Riloff dev 2126 145 1002
test 5576 362 1986

train 19652 1301 5090

Swamy dev 1597 73 738
test 3909 183 1259

train 14026 655 2921

Uncertainty indicator classification

https://qithub.com/socialmediaie/SocialMedialE

https://socialmediaie.qgithub.io/tutorials/ECIR2022/
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Sentiment classification reSULS .. ..commsscamea:

Clarin GOP Healthcare Obama SemkEval

file

model

S bilstm
MD bilstm
MTS bilstm |11
MTL bilstm 10
S bilstm *
MD bilstm *
MTS bilstm * 7
MTL bilstm * 2
Scnn*
MD cnn *
MTS cnn *

04/10/2022

Airline

r v ro v ro v
80.46 8 65.71 5 67.05 6 63.88 9
79.77 9 65.28 8 65.95 9 60.95 8
63.2110 47.3710 56.7810 60.2511
63.7011 47.0011 45.21/11 59.6910
81.69 3 67.71 3 67.55 3 65.97 1
81.85 7 66.23 7 66.50 4 64.85 3
81.65 6 66.55 4 67.45 2 66.81 7
82.22 4 67.60 2 68.10. 1 67.09 6
82.10 1 68.18 1 68.89 8 62.341 1
"1 8254 5 67.01 6 66.65 7 63.18 5 615 4

4 82.06 2 67.72 9 6481 5 6457 3 617 5

https://socialmediaie.qgithub.io/tutorials/ECIR2022/

59.0 9
59.6 6
38.911
44.6/10
62.6 7

62.6 8

Vv

65.57
67.05
40.43
49.92
66.47
68.98
69.52
69.10
66.19
68.04
67.63
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Abusive content identification

https://github.com/socialmediaie/SocialMedialE

file Founta WaseemSR\
model r v V

S bilstm 8 79.33 8 81.72
MD bilstm 9 79.03 9 81.31
MTS bilstm 11 61.48 11 68.57
MTL bilstm 10 69.26 10 70.13
Sbilstm* |4 80.6 3 82.95
MD bilstm *© 2 80.35 2 83.22
MTS bilstm* 6 80.11 7 81.99
MTL bilstm* 4 80.23 5 82.78
Scnn* 3 80.25 4 82.89
MD cnn * 5 80.18 84.42
MTScnn* 7 79.92 6 82.67

04/10/2022

Uncertainty indicators

file Riloff  Swamy
model r v r v

S bilstm 6 81.22 5 38.80
MD bilstm | 9 79.280 39.34
MTS bilstm 10 58.8410 27.87
MTL bilstm |11 58.0111 23.50
S bilstm * 3 83.4zl 39.34
MD bilstm * 7 80.94°1 39.34
MTS bilstm* 5 82.60 6 38.25
MTL bilstm % 2 83.980dl 39.34
Scnn* |4 85.64 7 35.52
MD cnn * 4 83.15 8 32.79
MTScnn* 8 80.11 9 31.15

https://socialmediaie.qgithub.io/tutorials/ECIR2022/
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Label
embeddings

A MDMT model learns
similarity between
labels without this
knowledge being
encoded in the model

A This leads to consisterit
relationship between
similar labels across
datasets

-1.0+

-1.5-

=2.0

—2.5

-3.0

-3.5

~4.0

https://github.com/socialmediaie/SocialMedialE

04/10/2022

.ot_sarcasm

‘ormal

eutral
Qeutral

> ¢+ B

.l;jefinitely_yes

‘egative  Legative

sexism

‘busive

Rositive

‘ateful

jEarcasm
.probably_no
.pefinitely_no
racism
I | | | I I | |
1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5
d1

https://socialmediaie.qgithub.io/tutorials/ECIR2022/

task

founta_abusive
waseem_abusive
sarcasm_uncertainity
veridicality _uncertainity
semeval_sentiment
clarin_sentiment
politics_sentiment
other_sentiment
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We b b aS e d Uttls://qithub.com/socialmediaie/SociaIMedialE

| know this tweet is late but | just want to say | absolutely fucking hated this season of
@GameOfThrones
what a waste of time.

Output

Input

abusive sentiment uncertainity

founta clarin sarcasm

abusive hateful normal spam negative [[E3 neutral (XED positive not sarcasm ([(XIL sarcasm

o.002)
other veridicality

waseem
negative neutral ((XZE) positive (TELD definitely definitely probably probably uncertain

none (&0 racism (X123 sexism (X no CXEE) yes no yes 0.422]
politics 0.244) 0.112

negative [(XIL} neutral (X223 positive (XE

semeval

negative [XI53 neutral ((XED) positive (XL

04/10/2022 https://socialmediaie.qithub.io/tutorials/ECIR2022/ 53
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Incremental learning of text classifiers with
humanin-the-loop

AGiven a large unlabeled corpus, can we label it efficiently using fewer
human annotations?

ACan existing models be updated efficiently to work with new data?

AProposal:
AUse active learning for data labeling
AUse incremental learning algorithms for model updates

AHighly application to social media data:
A Streaming data
AModel should adapt to new data

aAdKN} Z {KdoKIyaKdzZ Wyl 5ASaYSNE WHazy . e&NYySsz | yR -inatehdplLéaindand Lexitd BeSourde H n M p
/ dza G 2 Y A 1 Rraceedngsiof thel2§th ACM Conference on Hypertext & Social Media ,Q28@5. New York, New York, USA: ACM Press.
https://doi.org/10.1145/2700171.2791022
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Active Learning

1. Given a model and unlabeled data

2. Select samples from the unlabeled data to be annotated, based on
selection criterion

3. Update model with collected labeled examples

4. Repeat steps 2 to 3 till desired accuracy Is reached or data
exhausted

Mishra et al. (2015)
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Airline Clarin

0.65- A Each round query 100
0.807 0.65 samples
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0.60 unigram and lexicon
features
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Data ordered alphabetically and X and Y axes are not shared. https://github.com/socialmediaie/SocialMedialE
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Less languages to leaMultilingual learning to
Improve coverage

(s acquires

Nigeria Ims <11 for $200M+ to expand into | the African continent m https://tcrn.ch/3j2mnS3 by @ingridlunden

Stripe m rachéte la startup | nigériane | Paystack pour 200 millions de dollars afin de s'implanter sur | le continent Africain m https://tern.ch/3j2mnS3 @ingridlunden

3 $200M+ ¥ [ Argontfean I3 S5 @t [ bR wergiy [l A fawarfa o & ferg sifémfea fasa hitps:/itern.ch/3j2mnS3 @ingridiunden

NER trained on tweets using Multilingual Word Embeddings and BILSTM

Table SourceRamy Eskander, Peter Martigny, Shubhanshu Migheilingual Named Entity Recognition in Tweets using WikiteWWeCNLP 2020
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