
Sentiment analysis et al.:  
Machine Learning and NLP

✤ Approaches to sentiment analysis today:  

✤ Machine-learning statistical approaches mostly supervised

✤ Natural Language must be converted into numbers! 

✤ Support from linguistic theories and cognitive theories: philosophy of language, cognitive science, psychology 

✤ Supervised text classification 

✤ Training: text + labels (examples of correct classifications) → model 

✤ Finding patterns, regularities, features!

✤ Prediction: text + model → labeled text

✤ Testing the system with NEW examples: comparing the results with the data annotated by humans  

✤ New tendencies: 
✤ Neural network models and deep learning, exploitation of Large Language Models, LLMs

✤ Training and testing the accuracy of automatic systems in NLP requires the availability of 

✤ Corpora annotated by humans (gold truth)

✤ Benchmark and Evaluation Campaigns



Organization of Shared 
Tasks

Corpora as benchmarks for novel states of the art

Evalita: https://www.evalita.it/campaigns/
evalita-2023/  

Semeval: https://semeval.github.io/ 



Example: the Sentipolc dataset



Evaluation campaigns

✤ Semeval: (English, Multilingual): https://semeval.github.io/ 

✤ EVALITA (Italian): https://www.evalita.it/ 

✤ IberEval, IberLEF (Spanish and other Iberian languages): 
https://sites.google.com/view/iberlef-2024/calls?authuser=0

✤ GermEval (German): https://germeval.github.io/ 

✤ You! : https://docs.google.com/document/d/1yddh0mePk7-
CNYoT7lA2GgowuOVhXvX664TSMq4MIRM/edit?
usp=sharing 



Computational models and 
lexical resources for affect

✤ Different facets of the affective content

✤ Wide availability of lexical resources for English covering the various perspectives.

✤ Both sentiment and emotion lexicons, and psycholinguistic resources available for 
English, refer to various affective models and capture different facets of affect, including: 

✤ Sentiment polarity: aspects related to the polarity of words

✤ Finer-grained aspects: which can be captured according to different categorical or 
dimensional models of emotions.

Finer grained affective features 
Sentiment-related features



✤ Detecting and visualizing hate speech

✤ Contro l’odio: tecnologie informatiche, percorsi formativi e 
storytelling partecipativo per combattere l’intolleranza

✤ Hate maps: https://mappa.controlodio.it/

✤ Target: immigrants

✤ Natural Language Processing:  
Development of linguistic resources  
Models for monitoring (robustness w.r.t. time) 

✤ Data Analysis applied to social media  
for detecting the dynamics for  
the diffusion of the HS

✤ Data Visualization:  interactive  visualization of complex 
information for allowing the access to data previously 
collected and analyzed 

✤ Educational tools

Combining different 
analysis and technologies



Possible pipeline



Detecting and  
Visualizing hate speech



Challenges, Bias and 
Ethical implications

Content analysis (NLP) + 
(big) social media data = 
new responsibilities



Ethical implications: 
Human Bias, Prejudices 
and Stereotypes

✤ Corpora of texts from social media 

contain recognizable footprints of the 

historical prejudices of the users 

community.

✤ Users express themselves using an 

unfiltered style, in a communicative 

context that inhibits our very human 

capacity to be empathic - typical of 

interpersonal contexts (Turkle, 2017).



Ethical implications: 
Human Bias, Prejudices 
and Stereotypes

✤ Machine learning algorithms trained on 

spontaneous texts produced by a 

community which, even implicitly, 

expresses a prejudicial attitude towards 

people or groups of people, learn a 

semantics imbued with the stereotypes 

and the human bias of that community 

and of society in general (Caliskan, 

Bryson et al, 2017)



Bias in AI e NLP? We need diversity!

✤ Bias in developing resources and  
annotated corpora  
to be used as training and testing data

✤ Definition of the phenomena  
we want to model (e.g. hate speech)

✤ Selection of training data (source, authors,…)

✤ Biases of the annotators

✤ We need to deal with human diversity!

✤ Machine learning with a point of view? 

✤ Perspectivist data Manifesto: https://pdai.info/  



Ethical implications

✤ Development and growth of a deeper awareness about the ethical aspects related to the application of 

language and communication technologies to the analysis of large amounts of user-generated contents

✤ Especially when sentiment analysis is applied & combined with author profiling

✤ Researchers and technology companies must be well-equipped with awareness & sense of responsibility

✤ Machine learning models tend to incorporate the bias present in human behavior.

✤ Not only risks but also opportunities: 

✤ Bias and stereotypes can be observed and analysed “in the wild” in spontaneous dialogues among 

social media users: hate speech detection, deception detection and so on can be precious  to 

provide an ethical contribution in terms of knowledge that can be used to counteract negative 

trends.



Research Ethic Statements 
And Data Sheets



Base Models + Further Training 
+ Fine-Tuning



LLMs scenario

✤ Neutral? Not really :)
✤ Warning: Data-driven (neural) NLP systems
✤ Diversity (authors…)


