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Agenda

ÅIntroduction (1 hr) (Shubhanshu)

ÅApplications of Information Extraction(IE) (1 hr) (Shubhanshuand 
Shadi)

ÅBreak (10 mins)

ÅHands on Practice (Shubhanshu)
ÅImproving IE on social media data using machine learning (2.5 hrs)

ÅCollecting and distributing social media data (1 hr)

ÅConclusion and future direction (30 mins)
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Agenda

Å09:30 AMCET- 2:30 AM CST- Setup and Introduction (1 hr) - Shubh

Å10:30 AMCET- 3:30 AM CST- Applications of information extraction (30 mins) - PART 1 - Shubhor Shadi

Å11:30 AMCET- 4:30 AM CST- Applications of information extraction (30 mins) - PART 2 - Shubhor Shadi

Å12:00 PMCET- 5:00 AM CST- Improving IE on social media data via Machine Learning (1 hr) - PART 1 - Shubh

Å02:00 PMCET- 7:00 AM CST- Improving IE on social media data via Machine Learning (1.5 hrs) - PART 2 -
Shubh

Å04:00 PMCET- 9:00 AM CST- Collecting and distributing social media data (1 hrs) - Shubhand Jana

Å04:45 PMCET- 9:45 AM CST- Conclusion and future directions (30 mins) - Shubh, Shadi, and Jana
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Introduction
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Information extraction https://shubhanshu.com/phd_thesis/

άLƴŦƻǊƳŀǘƛƻƴ 9ȄǘǊŀŎǘƛƻƴ ǊŜŦŜǊǎ ǘƻ ǘƘŜ ŀǳǘƻƳŀǘƛŎ ŜȄǘǊŀŎǘƛƻƴ ƻŦ ǎǘǊǳŎǘǳǊŜŘ ƛƴŦƻǊƳŀǘƛƻƴ ǎǳŎƘ ŀǎ ŜƴǘƛǘƛŜǎΣ ǊŜƭŀǘƛƻƴǎƘƛǇǎ 
ōŜǘǿŜŜƴ ŜƴǘƛǘƛŜǎΣ ŀƴŘ ŀǘǘǊƛōǳǘŜǎ ŘŜǎŎǊƛōƛƴƎ ŜƴǘƛǘƛŜǎ ŦǊƻƳ ǳƴǎǘǊǳŎǘǳǊŜŘ ǎƻǳǊŎŜǎΦέ 

ς(Sarawagi, 2008)
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Types of Text based Media

1813 - Pride and Prejudice, by Jane Austen 2022 - The Hindu

1995 - Usenet

2013 - Social Media, Eisenstein NAACL-HLT
6

2021 - Internet Relay Chat - Wikipedia
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https://www.gutenberg.org/files/1342/1342-h/1342-h.htm
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Social Media v/s Traditional Media

Source: Social media - Wikipedia

7

Social Media Traditional Media

άUser-generated contentτsuch as 

text posts or comments, digital 

photos or videos, and data 

generated through all online 

interactions τ is the lifeblood of 

ǎƻŎƛŀƭ ƳŜŘƛŀΦέ

ά{ƻŎƛŀƭ ƳŜŘƛŀ helps the 

development of online social 

networksby connecting a user's 

profile with those of other 

ƛƴŘƛǾƛŘǳŀƭǎ ƻǊ ƎǊƻǳǇǎΦέ

άaŀƴȅ ǎƻŎƛŀƭ ƳŜŘƛŀ ƻǳǘƭŜǘǎ differ from traditional media(e.g., print magazines and newspapers, TV, and 

radio broadcasting) in many ways, including quality, reach, frequency, usability, relevancy, and 

permanence. Additionally, social media outlets operate in a dialogic transmission system, i.e., many 

sources to many receivers, while traditional media outlets operate under a monologic transmission 

model (i.e., one source to many receivers)Φέ

άCƻǊ ƛƴǎǘŀƴŎŜΣ ŀ ƴŜǿǎǇŀǇŜǊ ƛǎ ŘŜƭƛǾŜǊŜŘ ǘƻ Ƴŀƴȅ ǎǳōǎŎǊƛōŜǊǎ ŀƴŘ ŀ ǊŀŘƛƻ ǎǘŀǘƛƻƴ ōǊƻŀŘŎŀǎǘǎ ǘƘŜ ǎŀƳŜ 

ǇǊƻƎǊŀƳǎ ǘƻ ŀƴ ŜƴǘƛǊŜ ŎƛǘȅΦέ

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


Digital Social Trace Data https://shubhanshu.com/phd_thesis/

Digital Social Trace Data (DSTD) are digital activity traces generated by 
individuals as part of a social interactions, such as interactions on social 

media websites like Twitter, Facebook; or in scientific publications.

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

https://socialmediaie.github.io/tutorials/ECIR2022/04/10/2022 8
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https://shubhanshu.com/phd_thesis
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Information extraction tasks https://shubhanshu.com/phd_thesis

Corpus level

Key-phrase 
extraction

Taxonomy 
construction

Topic modelling

Document level

Classification

ωSentiment

ωHate Speech

ωSarcasm

ωTopic

ωSpam detection

ωRelation Extraction

Token level
Tagging

ωNamed entity

ωPart of speech

Disambiguation

ωWord Sense

ωEntity Linking
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Why social media data is challenging?

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

ǒ user mentions
ǒ hashtags
ǒ comment threads
ǒ less formally written language
ǒ lot of unseen words
ǒ typos, etc. 

1104/10/2022 https://socialmediaie.github.io/tutorials/ECIR2022/



Language Diversity

Source: https://www.ethnologue.com/guides/ethnologue200

Source: https://stats.wikimedia.org/EN/Sitemap.htm#comparisons

Source: https://tatoeba.org/eng/sentences/show/657403
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NER performance difference

Source: Derczynski, L., Maynard, D., Rizzo, G., van Erp, M., Gorrell, G., Troncy, R., Petrak, J., & Bontcheva, K. (2015). Analysis of named entity recognition and linking for tweets. Information Processing & Management, 51(2), 32ς49. 
https://doi.org/10.1016/j.ipm.2014.10.006
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Examples of information 
extraction for social media text
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Text classification https://github.com/socialmediaie/SocialMediaIE
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Sequence tagging https://github.com/socialmediaie/SocialMediaIE
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Applications of information extraction

Index documents by entities

DocID Entity Entity type WikiURL

1 Roger Federer Person URL1

2 Facebook Organization URL2

3 Katy Perry Music Artist URL3

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



Entity mention clustering

Washingtonis a great place.
I just visited Washington.

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

https://socialmediaie.github.io/tutorials/ECIR2022/04/10/2022 18



Applications of Information 
extraction

https://socialmediaie.github.io/tutorials/ECIR2022/04/10/2022 19



Applications

ÅIndexing social media corpora in database
ÅNetwork construction from text corpora,
ÅVisualizing temporal trends in social media corpora using social 

communication temporal graphs,
ÅAggregating text-based signals at user level, Improving text classification 

using user level attributes,
ÅAnalyzing social debate using sentiment and political identity signals 

otherwise,
ÅDetecting and Prioritizing Needs during Crisis Events (e.g., COVID19),
ÅMining and Analyzing Public Opinion Related to COVID-19, and
ÅDetecting COVID-19 Misinformation in Videos on YouTube

https://socialmediaie.github.io/tutorials/ECIR2022/04/10/2022 20



Application of NER: Trends
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Identifying trending topics and events

Aiello, Luca Maria, Georgios Petkos, Carlos Martin, David Corney, SymeonPapadopoulos, Ryan Skraba, AyseGöker, IoannisKompatsiaris, and Alejandro Jaimes. "Sensing trending topics in 
Twitter." IEEE Transactions on Multimedia 15, no. 6 (2013): 1268-1282.

https://socialmediaie.github.io/tutorials/ECIR2022/04/10/2022 22
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Application of NER: Events Detection

23
[Fedoryszak et al., 2019]
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Visualizing temporal trends in data

https://shubhanshu.com/social-comm-temporal-graph/

https://socialmediaie.github.io/tutorials/ECIR2022/04/10/2022 24
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Application of NER: User Interest

Last Engagements

Twitter (9), India (9), US (7), Pilani (7), NASA (3), 

Linkedin (3), Stanford CoreNLP (2)

BITS Pilani (1)
Person

Location

Organization

Product

Other

2504/10/2022 https://socialmediaie.github.io/tutorials/ECIR2022/
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Network construction from text classification 
labels and identification of influential users

Å Mishra, Shubhanshu, and Jana Diesner. "Capturing signals of enthusiasm and support towards social issues from twitter." Proceedings of the 
5th International Workshop on Social Media World Sensors. 2019.

Å Jiang, Lan, Ly Dinh, Rezvaneh Rezapour, and Jana Diesner. "Which Group Do You Belong To? Sentiment-Based PageRank to Measure Formal 
and Informal Influence of Nodes in Networks." In International Conference on Complex Networks and Their Applications, pp. 623-636. 
Springer, Cham, 2020.

Using signed networks in Email Corpora

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



Lexicon-based approach

Utilizes a lexicon to describe or extract informationfrom a textual 
content,e.g., lexicon-based sentiment analysis to analyze polarity 
of text

ÅWhat to consider first:
ÅHow is the lexicon created
ÅScope:
ÅUsing MPQA lexicon to study hashtags in Tweets

ÅDomain Adaptation
ÅFine-tuning of the lexicon to represent the data

ÅEvaluation of the results
ÅError analysis, hand annotation, close-reading,..

https://socialmediaie.github.io/tutorials/ECIR2022/04/10/2022 27



Sentiment analysis, presidential election, and 
ŎŀƴŘƛŘŀǘŜǎΩ ǊŀƴƪƛƴƎ
ÅAim: 
ÅTest whether incorporating prevalent hashtags from a given dataset into a 

sentiment lexicon improves sentiment prediction accuracy

ÅMethod:
ÅUsed hashtag-enhanced lexicon-based 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

ÅDomain adapted the MPQA lexicon:
ÅExtracted and annotated top hashtags and added them to the MPQA lexicon

Rezapour, R., Wang, L., Abdar, O., & Diesner, J. (2017). LŘŜƴǘƛŦȅƛƴƎ ǘƘŜ ƻǾŜǊƭŀǇ ōŜǘǿŜŜƴ ŜƭŜŎǘƛƻƴ ǊŜǎǳƭǘ ŀƴŘ ŎŀƴŘƛŘŀǘŜǎΩ ǊŀƴƪƛƴƎ ōŀǎŜŘ ƻƴ ƘŀǎƘǘŀƎ-enhanced, 
lexicon-based sentiment analysis. In 2017 IEEE 11th International Conference on Semantic Computing (ICSC).(pp. 93-96). 

https://socialmediaie.github.io/tutorials/ECIR2022/04/10/2022 28
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Using moral foundations to analyzesocial 
effects
ÅMotivation:
ά! ƭŀƴƎǳŀƎŜ ƛǎ ƴƻǘ Ƨǳǎǘ ǿƻǊŘǎΦ LǘΩǎ ŀ ŎǳƭǘǳǊŜΣ ŀ ǘǊŀŘƛǘƛƻƴΣ ŀ ǳƴƛŦƛŎŀǘƛƻƴ ƻŦ ŀ ŎƻƳƳǳƴƛǘȅΣ ŀ ǿƘƻƭŜ 
ƘƛǎǘƻǊȅ ǘƘŀǘ ŎǊŜŀǘŜǎ ǿƘŀǘ ŀ ŎƻƳƳǳƴƛǘȅ ƛǎΦ LǘΩǎ ŀƭƭ ŜƳōƻŘƛŜŘ ƛƴ ŀ ƭŀƴƎǳŀƎŜΦέ όbƻŀƳ /ƘƻƳǎƪȅύ

Cultural and Personal 
Values 

(Internal Stimuli)

Peopleõs Everyday Language and 
Interaction with the World

Peopleõs Cognition, Behavior, 
Attitude, Emotion, and Values

https://socialmediaie.github.io/tutorials/ECIR2022/04/10/2022 29



Using moral foundations analysis in analyzing 
social effects (contd.)
ÅMethod:
ÅUse Moral Foundations Dictionary (MFD) to extract words with moral weightsand 

use them as features in prediction models

ÅLimitations with MFD:
ÅNumber of entries is small and might not capture (all) variations of terms indicative 

of morality in text data.
ÅEntries are not syntactically disambiguated, which can limit the results, e.g., by 

capturing false positives.
ÅSafe (noun) -> does not signal morality
ÅSafe (adjective) -> represents care-virtue

ÅEnhanced MFD:
ÅUsed wordnet to get synonym, antonym and hypernym of the words and extensively 

pruned the lexicon
Rezapour, R., Shah, S. H., & Diesner, J. (2019).Enhancing the measurement of social effects by capturing morality.In Proceedings of the Tenth Workshop on Computational Approaches to 
Subjectivity, Sentiment and Social Media Analysis(WASSA). Annual Conference of the North American Chapter of the Association for Computational Linguistics (NAACL).
Rezapour, R., Dinh, L., & Diesner, J. (2021, August). Incorporating the Measurement of Moral Foundations Theory into Analyzing Stances on Controversial Topics. In Proceedings of the 32nd 
ACM Conference on Hypertext and Social Media(pp. 177-188).
Rezapour, Rezvaneh; Diesner, Jana (2019): Expanded Morality Lexicon. University of Illinois at Urbana-Champaign. https://doi.org/10.13012/B2IDB-3805242_V1.1 
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Analyzing tweets to examine cross-cutting 
exposure in social media

Rezapour, R., Park, J., Diesner, J. (2020). Detecting Characteristics of Cross-cutting Language Networks on Social Media. In International Sunbelt 
Social Network Conference, Paris, France.

https://socialmediaie.github.io/tutorials/ECIR2022/04/10/2022 31



Detecting and prioritizing needs during crisis 
events (i.e., COVID19)
ÅMethod:
ÅCreated a list of needed resources ranked by priority

ÅExtracted phrases and terms closest to the termsάƴŜŜŘǎέ ŀƴŘ άǎǳǇǇƭƛŜǎέ

ÅExtracted sentences that specify who-needs-what resources
ÅIdentified sentences where who is the subject and what is the direct object

ÅSelected sentences where the left child of need in the dependency parse tree is a 
nominal subject (nsubj), and the right child is a direct object (dobj)

Sarol, M. J., Dinh, L., Rezapour, R., Chin, C. L., Yang, P., & Diesner, J. (2020, November). An Empirical Methodology for Detecting and Prioritizing Needs during 
Crisis Events.In Proceedings of the 2020 Conference on Empirical Methods in Natural Language Processing: Findings(pp. 4102-4107).
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More on COVID 19crisis

ÅHate speech detection (Hardage et al. 2020)

ÅMisinformation related toCOVID 19(Hossain et al. 2020)

ÅSymptom detection using social media data (Santosh et al. 2020)

ÅImpact of COVID 19 on language diversity (Dunn et al. 2020)

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

https://socialmediaie.github.io/tutorials/ECIR2022/04/10/2022 33



Methods for Extracting 
Information from Social Media 
Data
Machine learning approaches

Rule or Lexicon-based approaches

Network analysis

https://socialmediaie.github.io/tutorials/ECIR2022/04/10/2022 34
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GUI tool for using IE to extract networks from 
text data
ÅConTexttool: http://context.ischool.illinois.edu/

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

ÅConvert text into network data

https://socialmediaie.github.io/tutorials/ECIR2022/04/10/2022 35
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Key challenges for improving IE performance

Challenge Solution

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

Less languages to learn Cross lingual alignment, Multilingual Knowledge bases

Less context to learn Social and Graphical context of the tweet

04/10/2022 https://socialmediaie.github.io/tutorials/ECIR2022/ 36



Less data to learn: Improve efficiency

ÅMulti-task learning

ÅActive Learning

ÅSemi-supervised learning

37



Rule based Twitter NER Mishra & Diesner (2016). https://github.com/napsternxg/TwitterNER

Mishra, Shubhanshu, & Diesner, Jana (2016). Semi-supervised Named Entity Recognition in noisy-text. In Proceedings of the 2ndWorkshop on Noisy User-generated 
Text (WNUT) (pp. 203ς212). Osaka, Japan: The COLING 2016 Organizing Committee. Retrievedfrom https://aclweb.org/anthology/papers/W/W16/W16-3927/

https://socialmediaie.github.io/tutorials/ECIR2022/04/10/2022 38
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Evaluating Twitter NER (F1-score) Mishra & Diesner (2016). 

Rank 1 2 3 4 5 6 7 8 9 10 TD TDTE
10-types 52.4 46.2 44.8 40.1 39.0 37.2 37.0 36.2 29.8 19.3 46.4 47.3

No-types 65.9 63.2 60.2 59.1 55.2 51.4 47.8 46.7 44.3 40.7 57.3 59.0

company 57.2 46.9 43.8 31.3 38.9 34.5 25.8 42.6 24.3 10.2 42.1 46.2

facility 42.4 31.6 36.1 36.5 20.3 30.4 37.0 40.5 26.3 26.1 37.5 34.8

geo-loc 72.6 68.4 63.3 61.1 61.1 57.0 64.7 60.9 47.4 37.0 70.1 71.0

movie 10.9 5.1 4.6 15.8 2.9 0.0 4.0 5.0 0.0 5.4 0.0 0.0

musicartist 9.5 8.5 7.0 17.4 5.7 37.2 1.8 0.0 2.8 0.0 7.6 5.8

other 31.7 27.1 29.2 26.3 21.1 22.5 16.2 13.0 22.6 8.4 31.7 32.4

person 59.0 51.8 52.8 48.8 52.0 42.6 40.5 52.3 34.1 20.6 51.3 52.2

product 20.1 11.5 18.3 3.8 10.0 7.3 5.7 15.4 6.3 0.8 10.0 9.3

sportsteam 52.4 34.2 38.5 18.5 34.6 15.9 9.1 19.7 11.0 0.0 31.3 32.0

tvshow 5.9 0.0 4.7 5.4 7.3 9.8 4.8 0.0 5.1 0.0 5.7 5.7

Rank 1 2 3 4 5 6 7 8 9 10 ~2 ~2

https://socialmediaie.github.io/tutorials/ECIR2022/04/10/2022 39
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Multi-task-multi-dataset learning aƛǎƘǊŀ нлмфΣ I¢Ω мф

MTL ςMulti task Stacked 
(Layered)

MD ςMulti -dataset
MTS ςMulti task Shared

S - Single

Shubhanshu Mishra. 2019. Multi-dataset-multi-task Neural Sequence Tagging for Information Extraction from Tweets. InProceedingsof the 30th ACM Conference on Hypertext 
and Social Media(HT '19). ACM, New York, NY, USA, 283-284. DOI: https://doi.org/10.1145/3342220.3344929
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Evaluating MTL models aƛǎƘǊŀ нлмфΣ I¢Ω мф

Data Our best SOTA Diff %

DiMSUM2016 86.77 82.49 5%

Owoputi 91.76 88.89 3%

TwitIE 91.62 89.37 3%

Ritter 92.01 90 2%

Tweetbankv2 92.44 93.3 -1%

Foster 69.34 90.4 -23%

lowlands 68.1 89.37 -24%

Data Our bestSOTA Diff %

BROAD 77.40None NA

YODIE 65.39None NA

Finin 56.42 32.43 74.0%

MSM2013 80.46 58.72 37.0%

Ritter 86.04 82.6 4.2%

MultiModal 73.39 70.69 3.8%

Hege 89.45 86.9 2.9%

WNUT2016 53.16 52.41 1.4%

WNUT2017 49.86 49.49 0.8%

Data Our best SOTA Diff %

Ritter 88.92None NA

Data Our best SOTA Diff %

Ritter 59.16 57.14 3.5%

Johannsen2014 42.38 42.42 -0.1%

Super sense tagging (micro f1)

Part of speech tagging (overall accuracy) Named entity recognition (micro f1)

Chunking (micro f1)
Shubhanshu Mishra. 2019. Multi-dataset-multi-task Neural Sequence Tagging for 
Information Extraction from Tweets. InProceedings of the 30th ACM Conference 
on Hypertext and Social Media(HT '19). ACM, New York, NY, USA, 283-284. DOI: 
https://doi.org/10.1145/3342220.3344929
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Training aƛǎƘǊŀ нлмфΣ I¢Ω мф

ÅSample mini-batches from a 
task/data
ÅCompute loss for the mini-batch
ÅIndividual loss is the log loss for 

conditional random field
ÅUpdate the model except the Elmo 

module
ÅDuring an epoch go through all 

tasks and datasets
ÅTrain for a max number of epochs
ÅUse early stopping to stop training

ÅModels trained on single datasets 
have prefix S
ÅModels trained on all datasets of 

same task have prefix MD
ÅModels trained on all datasets have 

prefix MTSfor multitask models 
with shared module, and MTLfor 
stacked modules
ÅModels with LR=1e-3 and no L2 

regularization have suffix "*"
ÅModels trained without NEEL2016 

have suffix "#"
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Label embeddings (POS)
Å MDMT model learns similarity between labels without 

this knowledge being encoded in the model
Å This leads to consistent relationship between similar 

labels across datasets
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Label embeddings (NER)
Å MDMT model learns similarity between labels without 

this knowledge being encoded in the model
Å This leads to consistent relationship between similar 

labels across datasets
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Label embeddings (chunking)
Å MDMT model learns similarity between 

labels without this knowledge being 
encoded in the model

Å This leads to consistent relationship 
between similar labels across datasets
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Label embeddings (super-sense tagging)

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

Å This leads to 
consistent 
relationship 
between similar 
labels across 
datasets
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Label embeddings (super-sense tagging)

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

Å This leads to 
consistent 
relationship 
between similar 
labels across 
datasets
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Web based UI https://github.com/socialmediaie/SocialMediaIE
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Multi-task-multi-dataset learning - classification

Sentiment classification

Abusive content identification

Uncertainty indicator 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

Healthcaredev 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

data split tokens tweets vocab

Founta dev 102534 4663 22529

test 256569 11657 44540

train 922028 41961 118349

WaseemSRWdev 25588 1464 5907

test 64893 3659 10646

train 234550 13172 23042

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

https://github.com/socialmediaie/SocialMediaIE
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Sentiment classification results https://github.com/socialmediaie/SocialMediaIE

file

model r v r v r v r v r v r v

S bilstm 8 80.46 8 65.71 5 67.05 6 63.88 9 59.0 9 65.57

MD bilstm 9 79.77 9 65.28 8 65.95 9 60.95 8 59.6 6 67.05

MTS bilstm 11 63.21 10 47.37 10 56.78 10 60.25 11 38.9 11 40.43

MTL bilstm 10 63.70 11 47.00 11 45.21 11 59.69 10 44.6 10 49.92

S bilstm * 6 81.69 3 67.71 3 67.55 3 65.97 1 62.6 7 66.47

MD bilstm * 5 81.85 7 66.23 7 66.50 4 64.85 3 61.7 3 68.98

MTS bilstm * 7 81.65 6 66.55 4 67.45 2 66.81 7 60.3 1 69.52

MTL bilstm * 2 82.22 4 67.60 2 68.10 1 67.09 6 61.3 2 69.10

S cnn * 3 82.10 1 68.18 1 68.89 8 62.34 1 62.6 8 66.19

MD cnn * 1 82.54 5 67.01 6 66.65 7 63.18 5 61.5 4 68.04

MTS cnn * 4 82.06 2 67.72 9 64.81 5 64.57 3 61.7 5 67.63

Airline Clarin GOP Healthcare Obama SemEval
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file

model r v r v

S bilstm 6 81.22 5 38.80

MD bilstm 9 79.28 1 39.34

MTS bilstm 10 58.84 10 27.87

MTL bilstm 11 58.01 11 23.50

S bilstm * 3 83.43 1 39.34

MD bilstm * 7 80.94 1 39.34

MTS bilstm * 5 82.60 6 38.25

MTL bilstm * 2 83.98 1 39.34

S cnn * 1 85.64 7 35.52

MD cnn * 4 83.15 8 32.79

MTS cnn * 8 80.11 9 31.15

Riloff Swamyfile

model r v r 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

S bilstm * 1 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

S cnn * 3 80.25 4 82.89

MD cnn * 5 80.18 1 84.42

MTS cnn * 7 79.92 6 82.67

Founta WaseemSRW

Uncertainty indicators Abusive content identification

https://github.com/socialmediaie/SocialMediaIE
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Label 
embeddings

https://github.com/socialmediaie/SocialMediaIE

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

Å This leads to consistent 
relationship between 
similar labels across 
datasets
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Web based UI https://github.com/socialmediaie/SocialMediaIE
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Incremental learning of text classifiers with 
human-in-the-loop
ÅGiven a large unlabeled corpus, can we label it efficiently using fewer 

human annotations?

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

ÅProposal:
ÅUse active learning for data labeling

ÅUse incremental learning algorithms for model updates

ÅHighly application to social media data:
ÅStreaming data

ÅModel should adapt to new data
aƛǎƘǊŀΣ {ƘǳōƘŀƴǎƘǳΣ Wŀƴŀ 5ƛŜǎƴŜǊΣ Wŀǎƻƴ .ȅǊƴŜΣ ŀƴŘ 9ƭƛȊŀōŜǘƘ {ǳǊōŜŎƪΦ нлмрΦ ά{ŜƴǘƛƳŜƴǘ !ƴŀƭȅǎƛǎ ǿƛǘƘ LƴŎǊŜƳŜƴǘŀƭ IǳƳŀƴ-in-the-Loop Learning and Lexical Resource 

/ǳǎǘƻƳƛȊŀǘƛƻƴΦέ Lƴ Proceedings of the 26th ACM Conference on Hypertext & Social Media -I¢ Ωмр, 323ς25. 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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Mishra et al. (2015)
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Å Each round query 100 
samples

Å Classifier is logistic 
regression with 
unigram and lexicon 
features

Å Max rounds is 100 
(except Clarin)

Data ordered alphabetically and X and Y axes are not shared. https://github.com/socialmediaie/SocialMediaIE
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Å Evaluate only on the 
data not used for 
training

Å Top strategy queries 
efficiently and can help 
in labeling full data more 
quickly.

Data ordered alphabetically and X and Y axes are not shared. https://github.com/socialmediaie/SocialMediaIE
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Less languages to learn: Multilingual learning to 
improve coverage

59

Table Source:Ramy Eskander, Peter Martigny, Shubhanshu Mishra. Multilingual Named Entity Recognition in Tweets using Wikidatain WeCNLP 2020

NER trained on tweets using Multilingual Word Embeddings and BiLSTM


