
Emoji, emoticons, 
reactions in social 
media

A computational 
linguistics perspective



Emojis in Social Media
✤ The correct interpretation of the semantics of Emojis can benefit several tasks like:

✤ Sentiment analysis, Emotion detection (recognition)

✤ Human-computer interaction settings: how can we teach an artificial agent 
to correctly interpret and recognize emojis’ use in spontaneous conversation

✤ Chatbots conversation’s tone  
(generation)

✤ Very advanced tools supporting digital  
writing (emails) (generation)

Giulia Donato, Patrizia Paggio: Classifying the Informative Behaviour of Emoji in Microblogs. LREC 2018.
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#ITAmoji che passione!



Expressive signals: emoticons & emoji

✤ Emojis are ideograms which are naturally combined with plain text to visually 
complement or condense the meaning of a message

✤ Emoticons vs emoji

Semantics?
Challenging!



Emojis in Social Media

✤ Emojis and emoticons are non-verbal elements widely used in social media 
texts, which we often combine with words in our messages

✤ Reasons/functions 

✤ Clarifying our communicative intentions

✤ Expressing emotions (especially emoji faces)

✤ Visually complementing or enriching expressiveness of a short text 
message

✤ Making the tone of an online conversation more empathetic

✤ Playing, having fun



Emojis in Social Media

Emojis are pictograms extensively exploited
to visually complement and enrich the expressiveness

of short text messages in Social Media

In a few daysI’ll travel to America;by plane and the seaI’ll enjoy the sun and I’ll play tennis

Translation project of the Italian novel Pinocchio in emoji  
(Chiusaroli, 2017) on Twitter



Emojis in Social Media

✤ Computational linguistics studies the semantics of emojis and 
the relationship between words and emojis, which can provide 
fundamental information in the construction of tools for the 
automatic analysis and processing of content generated by 
users on the social web 

✤ Emphasizing what is already expressed in the text 

✤ Conveying a meaning or an emotion that cannot be 
recognized from words alone.

✤ Redundancy

Giulia Donato, Patrizia Paggio: Classifying the Informative Behaviour of Emoji in Microblogs. LREC 2018.



Emojis in Social Media

✤ Relationship between words and emojis

✤ Redundant: the emoji of interest repeats the  
information present in the text or that its  
meaning is implied by the text. 

✤ Non-redundant: captures cases in which  
the emoji adds information that is neither  
explicitly present nor implied in the text. 

✤ Non-Redundant + POS: refers to a specific  
kind of redundant use, indicates that the  
emoji is used with a  
syntactic function  
(and can be labeled with its own POS),  
thus replacing a word.

Giulia Donato, Patrizia Paggio: Classifying the Informative Behaviour of Emoji in Microblogs. LREC 2018.



Emojis in Social Media

✤ The correct interpretation of the semantics of Emojis can benefit several tasks 
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✤ Sentiment analysis, Emotion detection (recognition)
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Emojitracker:  
realtime emoji use on Twitter

✤ http://www.emojitracker.com/

✤ Petra Kralj Novak, Jasmina Smailovic, Borut Sluban, and Igor Mozetic. 2015. 
Sentiment of emojis. PloSone, 10(12):e0144296  
 
http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0144296

According to (Swiftkey, 2015)
the top used emoji categories are the ones  
that include the happy and the sad faces.  
Novak et al. (2015) confirm that these  
preferences apply also to Twitter users



Emoji e COVID-19



Unicode emoji!

✤ http://unicode.org/reports/tr51/ 

✤ Interoperability of emoji characters among platforms and emoji modifiers



Emoji modifiers

✤ Emoji modifiers are features that provide more precise information of a given emoji. 

✤ A hand-based emoji can have different skin colors:  
light, medium-light, medium, medium-dark, or dark. 

✤ This information has been recently added in the official encoding of emojis  
https://unicode.org/reports/tr51/#Emoji_Modifiers_Table 

✤  At the same time, some emojis like a person rising a hand could be displayed as a 
woman or a man  
 

✤ Possible studies on role of gender and skin color in social media communication. 
Francesco Barbieri, José Camacho-Collados:
How Gender and Skin Tone Modifiers Affect Emoji Semantics in Twitter. *SEM@NAACL-HLT 2018: 101-106



Recent evolutions: Memoji!

✤ Memoji — derived from the  
word “me” — extended  
Animoji features to avatars  
that you can create to look  
very much like you or someone  
you know

✤ Personalization (thanks for the hint  
during the question time!)



✤ Perspectives on sentiment: author of the post/community 

Espressive signals:  
Facebook emoji reactions



Emojis in Social Media
✤ Computational linguistics studies the semantics of emojis and the relationship 

between words and emojis, which can provide fundamental information in the 
construction of tools for the automatic analysis and processing of content generated 
by users on the social web

✤ ITAmoji: a project for the construction of automatic tools for predicting emojis to be 
associated with texts on the net, in particular on Twitter. 

✤ Idea: it is possible to deduce from a text - given the words, the syntax, the 
punctuation, ... - the most "probable" emoji or face to be associated, that is, the most 
appropriate convenient, pertinent,

✤ …in some way the sign that represents its emotion. 

✤ Not always easy!

Francesco Ronzano, Francesco Barbieri, Endang Wahyu Pamungkas, Viviana Patti, Francesca Chiusaroli:  
“Overview of the EVALITA 2018 Italian Emoji Prediction (ITAMoji) Task”. Proc. of EVALITA 2018.
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Italian Emoji Prediction Task
Given a Tweet, can we predict the emoji used by its author?

…by considering:

o Tweets with Italian text messages 

o a wide and heterogeneous Emoji space 
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Emoji Prediction Task@Semeval18

• Twin Multilingual Emoji Prediction Task, organized in the context 
of SemEval-2018 in order to challenge the research community 
to automatically model the semantics of emojis inTwitter: 
o English, Spanish

• Successful! 49 teams (English subtask); 22 teams Spanish 
subtask.  

• ITAmoji:  
o Widening the setting for cross-language comparisons for emoji 

prediction in Twitter 
o Experimenting with novel metrics to better assess  

the quality of the automatic predictions
o How humans perform when they are requested to identify the 

most likely emoji(s) to associate to the text of an Italian tweet?

Francesco Barbieri, José Camacho-Collados, Francesco Ronzano, Luis Espinosa Anke, Miguel Ballesteros, Valerio 
Basile, Viviana Patti, Horacio Saggion: SemEval 2018 Task 2: Multilingual Emoji Prediction. SemEval@NAACL-
HLT 2018: 24-33



EVALITA 2018 Workshop 
December 12-13 2018, Turin

Italian Emoji Prediction Task
Dataset

From the following two Twitter datasets:

We selected all the Tweets including only one emoji (eventually repeated), 

chosen among the following set of 25 emojis:

and, by preserving the relative Emoji frequencies, we randomly selected 275,000 

tweets (62% from Geo-localized collection, 38% from Newspaper followers 

collection)

Italian tweets geo-localized in Italy and 

retrieved from October 2015 to 

February 2018 by the Twitter Streaming 

API

Tweets posted by the followers of the  

top-10 most popular Italian newspaper’s 

accounts March 2017, Federazione Italiana Editori 
Giornali

Geo-localized Newspaper followers
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Italian Emoji Prediction Task
Dataset

o Training set: 250,000 tweets
Released on: 29th May 2018

o Test set: 25,000 tweets
Released on: 3rd September 2018

Results due on 9th September 2018

Same proportion of Tweets per Emoji (samples per 

label) in the training and test datasets 

Train sample JSON format:{"tid":"TWEET_ID", 

"uid":"USER_ID", 

"created_at":"CREATION_DATE", 

"text_no_emoji":"TWEET_TEXT_WITHOUT_EMOJI",

"label":"EMOJI_LABEL"} 
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Italian Emoji Prediction Task
Evaluation metrics

Top-prediction based metrics 
• Macro F1: compute the F1 score for each label (emoji), and find their un-weighted mean (exploited to 

determine the final ranking of the participating teams)

• Micro F1: compute the F1 score globally by counting the total true positives, false negatives and false 

positives across all label (emojis)

• Weighted F1: compute the F1 score for each label (emoji), and find their average, weighted by support (the 

number of true instances for each label)

Rank-prediction based metrics:  

Finer grained metrics to evaluate the prediction quality 
• Coverage error: compute how far we need to go through the ranked scores of labels (emojis) to cover all 

true labels;

• Accuracy@n: is the accuracy value computed by considering as right predictions the ones in which the right 

label (emoji) is among the top N most likely ones.Only system runs that will provide the whole ordered set of predicted emojis 
are evaluated with respect to Accuracy@5/10/15/20 and Coverage Error, 

besides F-scores



EVALITA 2018 Workshop 
December 12-13 2018, Turin

Participating teams

12 runs submitted by 5 teams 

All runs submitted provided the whole ordered set of predicted emojis for each 

Tweet of the test set ! 

top-prediction and rank-prediction based metrics computed for all runs 

 EMOJI PREDICTION APPROACHES OF PARTICIPATING TEAMS: 

• FBK_FLEXED_BICEPS (3 runs): recurrent neural network architecture Bidirectional Long Short Term 
Memory (Bi-LSTM), together with user-timeline based features 

• GW2017 (3 runs): ensemble of two models, Bi-LSTM (word2vec models based on the time creation) and 
LightGBM (surfaces feature extracted from tweet text like number of words, number of characters) 

• CIML-UNIPI (2 runs) ensemble composed of 13 models (12 based on TreeESNs and one on LSTM over 
characters 

• sentim (3 runs) convolutional neural network (CNN) architecture which uses character embedding as 
input. 9 layers of residual dilated convolutions with skip connections are applied, followed by a ReLU 
activation 

• UNIBA (1 run + 1 after-deadline run) ensemble classifier based on WEKA and scikit-learn. Several 
features are exploited by using micro-blogging based features, sentiment based features, and semantic 
based features
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Results
Top-prediction based metrics (including baseline systems):

Teams runs ranked by Macro F1, the official ITAmoji evaluation metric
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Results
Rank-prediction based metrics (including baseline 

systems):

Teams runs ranked by Macro F1, the official ITAmoji evaluation metric
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Results

• Prediction quality is affected by the variability  
of the context of use that characterizes  
a specific emoji, more than by the  
number of training samples 

• The choice of an emoji strongly  
depends on the preferences  
and writing style of each  
individual, both representing  
relevant inputs to model in  
order to improve emoji  
prediction quality

Overall considerations
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Human VS automated emoji predictions

By considering the set of 15 face-emojis (included in the 25 emojis 
of ITAmoji):

…how humans perform when they are requested to identify the 

most likely emoji(s) to associate to the text of an Italian tweet?

we asked people to automatically predict the most likely emoji to 
associate to a subset of ITAmoji test tweets
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Human VS automated emoji predictions

…how humans perform when they are requested to identify the 

most likely emoji(s) to associate to the text of an Italian tweet?

(formerly CrowdFlower)

•  1,005 tweets with one face-emojis from the 
ITAmoji test set, perfectly balanced across 
the 15 face emojis 

•  64 annotators provided 6,150 evaluations 
by spotting the 3 most likely face emojis to 
associate to the text of a tweet

•  485 tweets posted on the  
Scritture Brevi Twitter account  
(@FChiusaroli) : reply by 
specifying the most likely face emoji  

•  > 100 users with an average number of valid 
predictions/replies per tweet equal to 5.4

#ITAmoji che passione
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#ITAmoji che passione!



EVALITA 2018 Workshop 
December 12-13 2018, Turin

Human VS automated emoji predictions

(formerly CrowdFlower)

The emoji prediction performance of 
Figure Eight human annotators was 
better than 9 out of 12 systems 
submitted to ITAmoji (Macro F1: 
24.74 – over 1,005 annotated tweets) 

The emoji prediction performance of 
people from Scritture Brevi Twitter 
community was better than 8 out of 
12 systems submitted to ITAmoji 
(Macro F1: 22.94 – over 485 
annotated tweets)  

#ITAmoji che 

passione

Preliminary results



EVALITA 2018 Workshop 
December 12-13 2018, Turin

Human VS automated emoji predictions

Preliminary results

When we consider the 428 tweets annotated by Figure Height and Scritture 
Brevi:

Figure Eight predictions constitute the third best performing approach,  
beating 9 out of 12 ITAmoji submissions  

(only FBK systems that take into account emoji-preference of users obtain 
better scores)
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Lessons learned and next steps
o Better investigate the effect of the different metrics considered to evaluate 

emoji prediction systems
o Cross-lingual comparison:

- Results in line with ones obtained in the twin shared task proposed for English and 
Spanish at Semeval 2018 with standard metrics (emoji prediction is difficult!)

- New experimental emoji-rank based metrics in ITAmoji -> finer-grained evaluation 
of the systems’ emoji prediction quality

- Computational models are able to better capture the underlying semantics of emojis 
(similar experiment for English Barbieri et al 2017)

o Qualitative analysis: further explore the comparison  
of human VS automated system WRT emoji prediction, by analysing  
into more details the results of the Figure Eight and  
Scritture Brevi experiments

o Systematically evaluate the impact of user-preferences  
and writing style on emoji prediction
- user-customized predictions?

o Contaminations with author profiling?
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Lessons learned and next steps
o Qualitative analysis: further explore the comparison  

of human VS automated system WRT emoji prediction, by analysing  
into more details the results of the Figure Eight and  
Scritture Brevi experiments



EVALITA 2018  
EVALUATION OF NLP AND SPEECH TOOLS FOR ITALIAN 

ITAmoji - Italian Emoji Prediction
https://sites.google.com/view/itamoji

Francesco Ronzano Universitat Pompeu Fabra and Hospital del Mar Medical Research Center, Spain 
Francesco Barbieri Universitat Pompeu Fabra, TALN, Department of Information Technologies, Spain 

Endang Wahyu Pamungkas Università di Torino, Department of Computer Science, Italy 

Viviana Patti Università di Torino, Department of Computer Science, Italy 

Francesca Chiusaroli Università di Macerata, Department of Humanities, Italy

Thanks for your attention!



Interesting readings on emoji  
from the CL galaxy

✤ Petra Kralj Novak, Jasmina Smailovic, Borut Sluban, and Igor Mozetic. 2015. “Sentiment of emojis”. PloSone, 10(12):e0144296  
http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0144296 

✤ W17-1102: Ye Tian; Thiago Galery; Giulio Dulcinati; Emilia Molimpakis; Chao Sun “Facebook sentiment: Reactions and Emojis”  
https://aclweb.org/anthology/W/W17/W17-1102.pdf

✤ E17-2017: Francesco Barbieri; Miguel Ballesteros; Horacio Saggion  
“Are Emojis Predictable?”  
https://aclweb.org/anthology/E/E17/E17-2017.pdf

✤ Francesco Barbieri, José Camacho-Collados How Gender and Skin Tone Modifiers Affect Emoji Semantics in 
Twitter. *SEM@NAACL-HLT 2018: 101-106  
https://www.aclweb.org/anthology/S18-2011/ 

✤ Donato, Giulia and Patrizia Paggio. “Classifying the Informative Behaviour of Emoji in Microblogs.”  LREC (2018).  
https://www.aclweb.org/anthology/L18-1108/ 

✤ Francesco Barbieri, José Camacho-Collados, Francesco Ronzano, Luis Espinosa Anke, Miguel Ballesteros, Valerio Basile, Viviana 
Patti, Horacio Saggion: “SemEval-2018 Task 2, Multilingual Emoji Prediction”  
https://www.aclweb.org/anthology/S18-1003/  
https://competitions.codalab.org/competitions/17344 

✤ Francesco Ronzano, Francesco Barbieri, Endang Wahyu Pamungkas, Viviana Patti, Francesca Chiusaroli:  
“Overview of the EVALITA 2018 Italian Emoji Prediction (ITAMoji) Task”  
http://ceur-ws.org/Vol-2263/paper004.pdf  
https://sites.google.com/view/itamoji 

✤ Monti, J., Chiusaroli, F., Sangati, F. (2021). Emojitaliano: A Social and Crowdsourcing Experiment of the Creation of a Visual 
International Language. In: Soares, M.M., Rosenzweig, E., Marcus, A. (eds) Design, User Experience, and Usability: UX Research 
and Design. HCII 2021. Lecture Notes in Computer Science(), vol 12779. Springer, Cham. https://doi.org/
10.1007/978-3-030-78221-4_29: 


