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Abstract

English. When we talk about online multimedia content, we refer to those elements that

can enrich the user experience through the use of audio and visual material, such as videos,

podcasts, live, and webinars. It often happens that videos, with content or language not

suitable for children, are seen by minors who can be attracted and influenced by what they

see.

Automatic content classification would make the identification of content dangers quick

and applicable to a large amount of data. Furthermore, considering that all online multi-

media content contains textual components, a linguistic approach is particularly useful.

The aim of this thesis is to explore the topic of automatic classification of texts related

to multimedia content (such as subtitles and transcriptions) to assess the appropriateness

of such content for different age groups, with a focus on protecting minors from exposure to

unsuitable material. This study investigates machine learning-based approaches, comparing

various classifiers, as well as semantic and lexical methods. Furthermore, resources have

been developed for both Italian and English languages to support this classification process.

Chapter 1 outlines the background and current state of multimedia content classification

research, providing an overview of what has already been done in the field of computational

linguistics on this problem and identifying the elements that still need to be developed.

In Chapter 2, the methodology for carrying out the work is illustrated. Two corpora have

been created: one for Italian and one for English. The initial idea was to focus exclusively

on TED Talks, a particular type of content that covers a wide range of topics presented by

experts in various fields. These talks are generally of high quality and well-curated, making

them ideal for linguistic and content analysis. In addition, TED Talks are available in

many languages, facilitating the creation of multilingual corpora and comparative analysis

in different languages. However, after some experiments, it was decided to add other texts

to the corpora, specifically for children, extracted from YouTube Kids and other children’s

channels, and specifically for adults, as they deal with themes related to sex, drugs, violence,

and fear, or are characterized by vulgar language.

In order to conduct supervised classification, the corpus has been annotated following

the AGCOM (Authority for Communications Guarantees) Guidelines on the Classification
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of Audiovisual Works Intended for the Web and Video Games (AGCOM 2017).

High-specialized lexicons have been used to extract the linguistic indicators of the main

features used to rate multimedia online content. The dictionaries created are the dictionary

of Violence, Drugs, and Bad language.

In addition, a study of emotions has been conducted, focusing particularly on emotions

that indicate negative sentiment such as Anger, Disgust, and Fear. The emotions have been

analyzed thanks to the NRC Emotion Intensity Lexicon (Saif M Mohammad 2017): a list

of words that have been assigned a value ranging from 0 to 1 in relation to the eight main

emotions theorized by Plutchik (1984).

The semantic information contained in the texts played a fundamental role in the classi-

fication. All texts considered for the analysis were represented in a network based on their

semantic proximity. Specifically, a distributional semantic matrix was created to extract

similarity values between words and to perform a semantic expansion of the more significant

words in the transcripts. Once the texts were vectorized, the similarity values between text

vectors were calculated using the Cosine Similarity algorithm. After comparing all texts and

generating a large network of text-per-text edges, this network was graphically represented

with Gephi (Bastian et al. 2009), assigning the similarity value as weight. Modularity Class

(Blondel et al. 2008) was applied to the network to generate a classification.

The experimental procedure is detailed in Chapter 3. An evaluation of machine learning

algorithms was conducted to determine the best algorithm for text categorization. Specif-

ically, the algorithms tested include the Support Vector Machine, Naive Bayes classifier,

Decision Tree, Random Forest, Convolutional Neural Network, Recurrent Neural Networks,

BERT, DistilBERT, mBERT, RoBERTa, and, specifically for Italian, ELECTRA, AlBERTo,

GilBERTo, and UmBERTo. Additionally, several large language models such as Flan T5,

GPT-2, and Minerva were also tested.

To further improve the results, a filtering rule based on a badwords dictionary was also

added. This rule allows for the filtering of content with language that is not suitable for

minors, ensuring that if the system misclassifies certain texts, those containing inappropriate

language are still categorized as adult content.

As discussed in Chapter 4, the results are interesting and encouraging; in a future

prospective, the system could be applied to other types of online multimedia content, and an

integrated analysis with other User Generated Content, such as comment and descriptions,

could be developed. Other elements, such as the language complexity and the structure of

the phrase, could be integrated in order to enrich the analysis, and other languages could

be taken in account. Furthermore, the studies developed in this thesis regarding the textual

component of multimedia content can be integrated with approaches that consider addi-

tional elements, such as metadata, images, and frames, to develop comprehensive content
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classification and monitoring systems.

Italian. Quando si parla di contenuti multimediali online, ci si riferisce a quegli ele-

menti che arricchiscono l’esperienza dell’utente utilizzando materiale audio e visual, come

video, podcast, dirette e webinar. Tuttavia, accade frequentemente, che contenuti multime-

diali destinati a un pubblico adulto, o con un linguaggio non adatto ai bambini, vengano

fruiti da minori che possono esserne attratti e influenzati. La classificazione automatica

dei contenuti multimediali diffusi online, renderebbe l’identificazione di probabili pericoli

rapida e applicabile a una grande quantità di dati. Inoltre, considerando che tutti i con-

tenuti multimediali online contengono componenti testuali, un approccio linguistico risulta

particolarmente utile.

L’obiettivo della tesi è quello di esplorare il tema della classificazione automatica dei testi

relativi ai contenuti multimediali (come sottotitoli e trascrizioni) per valutarne l’adeguatezza

per le diverse fasce d’età, con un focus sulla protezione dei minori dall’esposizione a materiali

non adatti a loro. Questo studio esamina approcci basati sul machine learning, confrontando

vari classificatori, oltre a metodi semantici e lessicali. Inoltre, ha previsto lo sviluppo di

risorse per le lingue italiana e inglese a supporto di questo processo di classificazione.

Il Capitolo 1 delinea il background teorico e lo stato dell’arte in riferimento alla classifi-

cazione dei contenuti multimediali, fornendo una panoramica di quanto è stato già realizzato

nel campo della linguistica computazionale e identificando gli elementi che necessitano di

ulteriore sviluppo.

Nel Capitolo 2 viene illustrata la metodologia. Sono stati creati due corpora: uno per

l’italiano e uno per l’inglese. L’idea iniziale era di concentrarsi esclusivamente sui TED

Talks, un particolare tipo di contenuto che copre una vasta gamma di argomenti presentati

da esperti in vari campi. Questi discorsi sono generalmente di alta qualità e ben curati,

rendendoli ideali per l’analisi linguistica e di contenuto. Inoltre, i TED Talks sono disponi-

bili in molte lingue, facilitando la creazione di corpora multilingue e un’analisi comparativa.

Tuttavia, dopo alcuni esperimenti, è stato deciso di aggiungere altri testi ai corpora: testi

specificamente per bambini, estratti da YouTube Kids e altri canali per bambini, e testi

specificamente per adulti, contenenti tematiche quali sesso, droga, violenza e paura, o carat-

terizzati da un linguaggio volgare.

Per condurre una classificazione supervisionata, il corpus è stato annotato seguendo le

Linee guida sulla classificazione delle opere audiovisive destinate al web e dei videogiochi

dell’AGCOM (Autorità per le Garanzie nelle Comunicazioni) (AGCOM 2017).

Per estrarre gli indicatori linguistici utilizzati nelle linee guida, sono stati realizzati dei

lessici altamente specializzati, al fine di valutare i contenuti multimediali. I dizionari creati

sono il dizionario della Violenza, Droga e Linguaggio scurrile.
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Inoltre, è stato condotto uno studio sulle emozioni, concentrandosi in particolare sulle

emozioni che indicano sentimenti negativi come Rabbia, Disgusto e Paura. Le emozioni sono

state analizzate grazie al NRC Emotion Intensity Lexicon (Saif M Mohammad 2017): una

lista di parole a cui è stato assegnato un valore che va da 0 a 1 in relazione alle otto emozioni

principali teorizzate da Plutchik (1984).

Le informazioni semantiche contenute nei testi hanno svolto un ruolo fondamentale nella

classificazione. Tutti i testi considerati per l’analisi sono stati rappresentati in una rete

basata sulla loro prossimità semantica. Nello specifico, è stata creata una matrice semantica

per estrarre i valori di similarità tra le parole e per eseguire un’espansione semantica delle

parole più significative nei testi. Una volta vettorizzati i testi, i valori di similarità tra i

vettori di testo sono stati calcolati utilizzando l’algoritmo della Similarità del Coseno. Dopo

aver confrontato tutti i testi e generato una vasta rete di connessioni testo per testo, questa

rete è stata rappresentata graficamente con Gephi (Bastian et al. 2009), assegnando il valore

di similarità come peso. Al fine di generare una classificazione è stato utilizzato l’algoritmo

di Modularity Class (Blondel et al. 2008).

Nel capitolo 3 viene illustrata la parte sperimentale del lavoro. Per determinare il miglior

algoritmo per la categorizzazione dei testi su questo specifico task, è stata eseguita una

valutazione degli algoritmi di machine learning comunemente usati per la classificazione.

Nello specifico, gli algoritmi testati sono stati il Support Vector Machine, il Naive Bayes

classifier, l’Albero Decisionale, la Random Forest, le Reti neurali convoluzionali e le Reti

neurali ricorrenti, alcuni trasnformers, tra cui: BERT, DistilBERT, mBERT, RoBERTa e,

alcuni specifici per l’italiano tra cui: ELECTRA, AlBERTo, GilBERTo e UmBERTo. Infine

alcuni Large Language Model come Flan T-5, GPT-2 e Minerva.

Al fine di migliorare i risultati, è stata aggiunta una regola che funge da filtro, basata

su un dizionario di dominio contenente le bad words (parole offensive). Questa regola ha

consentito di filtrare i contenuti con un linguaggio non adatto ai bambini classificati erronea-

mente dal sistema, categorizzandoli come adatti agli adulti.

Dal capitolo 4 emerge che i risultati sono interessanti e incoraggianti; in una prospettiva

futura, il sistema potrebbe essere applicato ad altri tipi di contenuti multimediali online.

Potrebbe, inoltre, essere sviluppata un’analisi integrata con altri contenuti generati dagli

utenti, come commenti e descrizioni. Per rendere completa l’analisi, potrebbero essere inte-

grati altri elementi come la complessità linguistica e la struttura della frase, e potrebbero es-

sere prese in considerazione altre lingue. Inoltre, gli studi sviluppati in questa tesi riguardanti

la componente testuale dei contenuti multimediali potrebbero essere integrati con approcci

che considerano ulteriori elementi, come metadati, immagini e frame, per sviluppare sistemi

completi di classificazione e monitoraggio dei contenuti.
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Introduction

0.1 Purpose and Research Questions

As YouTube’s Vice President of Engineering, Cristos Goodrow, wrote on the video streaming

service’s own blog: there is an audience for almost every video, and the job of our recom-

mendation system is to find that audience. Think about how hard it would be to navigate all

of the books in a massive library without the help of librarians (Goodrow 2021).

This statement encapsulates the essence of my research. Going beyond a single platform,

my goal is to lay the groundwork for a system that leverages the potential of language to

automatically classify online multimedia content. The purpose of such a system could be

to assist those who guide younger users, much like the library envisioned by Goodrow, in

supporting individuals who may feel overwhelmed by the vast array of content presented

daily in the online realm. Specifically, my work aims to support those guiding children

who navigate swiftly through this vast sea of content but may lack the critical discernment

needed to protect themselves from potential online risks.

Consider an amusement park where a certain number of attractions are only meant for

specific individuals: those who are at least one meter tall, those who are older than 10

years, those who weigh less than 100 kg, and so on. Imagine that in this park, there’s

a roller coaster train with seat belts designed to secure those who are at least one meter

tall to their seats. If a child measuring 80 centimeters gets on that train, there is nothing

anyone can do to ensure they come down safe and sound; it might go well, but there is also

a chance they could fall and suffer severe injuries. The Internet is like that amusement park,

but much, much larger. This metaphor of Guido Scorza, a member of the College of the

Personal Data Protection Authority, as emphasized in Tempi Digitali, Atlante dell’Infanzia

(a rischio) in Italia, explains why the problem of verifying age has become central for those

who deal with online activities.

In the same volume published by Save The Children, edited by Vichi de Marchi 2023,

various data are highlighted to understand the importance of research headed in this direc-

tion, with the aim of protecting the youngest ones. In Italy, 78.3% of children aged 11 to 13

years use the Internet every day, mainly through smartphones. The age at which children
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own or use a smartphone is decreasing, with a significant increase in the number of children

aged 6 to 10 using a mobile phone every day after the pandemic: from 18.4% to 30.2%

between the two-year periods 2018-19 and 2021-22. Although the law stipulates that a user

can have access to social networks only after turning 13, reality shows a significant presence

of preadolescents who have opened a profile indicating a higher age or have used that of

an adult, often a more or less aware parent: 40.7% of 11-13 year olds in Italy use social

networks, with a higher prevalence among females (47.1%) compared to males (34.5%) In

the same report, discussing the realm of video games, it is highlighted how, especially for the

youngest individuals, those who do not yet have strong emotional and cognitive structures,

the role of guidance and participation of the adult, usually the parents, is crucial. The adult

is capable of assessing the type of content, and imposing rules on its use, such as exposure

time, etc. However, this alone is not sufficient. The participation of other stakeholders, such

as the platforms themselves, is necessary to reinforce control systems that already exist in

part. Even more so, impartial external verification processes are needed to assess the level of

content safety for minors and their protection, according to Marianna Ganapini, a professor

at Union College in New York (Vichi de Marchi 2023).

For video games, there is a pan-European classification called Pan European Game Infor-

mation (PEGI), which categorizes the product by age groups and content to guide consumers

and prevent potentially inappropriate video games from reaching younger audiences. Ac-

cording to this classification, in 2022, 64.4% of the video games sold in Italy were labeled

as suitable for audiences between 3 and 12 years old. However, a more rigorous evalua-

tion by a third-party independent entity would be important. Guidelines verification and

standardization, that are crucial for implementation, face numerous obstacles, including a

global video game market, where the norms vary depending on the geographic area (Vichi

de Marchi 2023).

My work aims to help fill this gap by exploring, through experiments and resource

building, the feasibility of implementing a classification system for online multimedia content

to determine the appropriate age for consuming specific content, focusing on its textual

aspects.

The decision to focus primarily on the linguistic aspect, despite the multimedia nature

of the content, stems from the unique advantages that textual analysis offers in content

classification. Texts, such as transcriptions and subtitles associated with online multimedia

content, allow for a comprehensive and objective analysis of the entire material, independent

of its length. Unlike images, which capture attention immediately and can lead to quick

judgments, text-based analysis provides a deeper understanding of the content’s language

and tone. For instance, a parent may easily recognize potentially violent, sexual, or fright-

ening content through visual previews and intervene accordingly. However, they could be
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deceived by videos with seemingly child-friendly visuals but inappropriate language, as seen

in amateur-dubbed cartoons or AI-generated videos that use language unsuited to young

audiences. This research focuses on testing and evaluating existing text classification sys-

tems to determine the most effective approach for age-based content assessment. Although

a combined analysis of text and images could yield even more accurate results, this initial

focus on linguistic aspects offers a solid foundation for potential future developments that

may incorporate visual elements.

I argue that particular importance should be given to text analysis initially to avoid

falling into certain traps. The main one among these is the trap of YouTube Poop (YTP),

where online-distributed videos take frames from children’s videos, mix them, dub them, and

give them an entirely different meaning. A famous case is that of the poet Michael Rosen,

who had to post a warning on his website in 2012, stating quite a few people have fun taking

my videos and making new versions of them, known as ’YouTube poops.’ Many of these

are not suitable for young children. I am not responsible for either the words or pictures

of these1. In 2021, a British teacher accidentally sent her students an extremely vulgar

YouTube poop of Rosen’s poem "The Car Trip" instead of the original poem, mistaking

it for the original2. In 2019, Rosen stated on his Twitter channel there were "about 4,000

YTPs" of Rosen performing his poems and stories.

A significant need has emerged, in recent years, for a system that safeguards children;

although parents constantly monitor their children’s online activity, it is often challenging

for them to determine whether the content is suitable for their child’s age. This need be-

came evident from a survey I conducted and distributed among parents of minors, in the

context of the project I presented during the European Researchers’ Night event in Italy

(2022), entitled Horror or funny? 3, and later circulated through word of mouth in targeted

WhatsApp groups (mothers’ class groups). 86.4% of the respondents, while monitoring the

online activity of a minor, noticed that autoplay displayed videos unsuitable for the viewer’s

age. The importance of language also emerged from the survey, as a majority of respondents

believed that content, to be classified as suitable for minors, should have appropriate lan-

guage. 72.7% argued that it should not display strong images, and 59.1% believed it should

not show scary images. Similary, 72.7% stated that a video should be educational to be

considered suitable. The survey results highlight the real problem related to evaluating a

video based only on preview images. Specifically, when shown a video featuring the famous

character from the horror video game Poppy Playtime, Huggy Wuggy, 66.7% of respondents

would never show the video based on the preview. However, the remaining 33,3% find the
1Rosen, Michael (May 29, 2012). "News - For Adults". michaelrosen.co.uk. Archived from the original

on March 11, 2015.
2Lovell, Joanna (January 14, 2021). "Hull teacher shares vile parody video to class of nine-year-olds."

Hull Daily Mail.
3Horror or Funny? survey: https://forms.gle/VYs53fKLQb7SbW8g6
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character to be cute and sweet, so they would show it. After reading the transcription of a

part of the video’s song ("My name is Huggy Wuggy, sharp teeth leave you bleeding, never

call me ugly, hug me until you die."), 100% of the respondents declared that they would no

longer show the video to a minor. Reasons include inappropriate language, excessive violence

and horror, creepy and threatening song, fear-inducing content, violence, lack of reassurance,

unsuitability for minors, and overall unpleasantness. Another phenomenon on which I asked

for parents’ opinions is that of challenges, of which the phenomenon is known. The challenge

phenomenon is extremely concerning for 50% of the respondents and very concerning for

31.8%. Save The Children’s Atlas (Vichi de Marchi 2023) also addressed this phenomenon,

listing online challenges among the risks of the internet (alongside cyberbullying, sexting,

morphing, doxing, cognitive overload, and compulsive shopping). Challenges are shared

social media trends that can be fun and harmless, but in some cases, they can be harmful

and extremely dangerous, often involving one’s own body or body parts being subjected

to injury to complete the challenge. Participating in online challenges can be perceived as

being part of a large community. In the survey, I showed a video challenge. In this specific

case, the challenge involved opening the car trunk automatically and positioning oneself at

the right distance without moving: if the trunk hit the person while opening, the challenge

was lost. 69.6% believed that a video of this kind would not be suitable for a minor, while

the other 30.4% believed that it could be seen by a minor without consequences. Those

who would not show it find it silly, useless, and they thought that a minor could imitate

the actions and get hurt. Those who would show it believed that it would not be dangerous

if well-executed, does not show strong or scary scenes. 8.7% thought it was suitable for an

audience aged 6-10 years; 21.7% for an audience aged 11-14 years, 30.4% for an audience

aged 15-18 years, and 39.1% for an adult audience.

Over the years, especially after 2017, following the Elsagate scandal, which will be dis-

cussed in the first chapter of this work, various attempts have been made to address the

problem. Platforms primarily relied on users, asking them to declare whether the videos they

uploaded online were suitable for minors or not. The Atlas (Vichi de Marchi 2023) includes

a review of various strategies evaluated to enhance the online experience for minors. Among

the various measures considered, one proposal involved restricting access to social networks

for users under the age of 13, but this limit is easily circumvented by declaring a different

age or using a parent’s mobile phone. There was also contemplation of using a system like

the Sistema Pubblico di Identità Digitale (SPID), also known as the Public Digital Identity

System in English, but this would pose a problem related to privacy and the accumulation of

personal data (Vichi de Marchi 2023). It was proposed to have the videos manually reviewed

by dedicated teams, but this would expose individuals to hours of potentially unpleasant

content and therefore be a source of stress (Wilson 2020). Therefore, the current preferred
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solution is to utilize the classification capabilities of automatic systems, like those that will

be explored in this thesis.

The definition of the problem and the setting of the research objectives give rise to

questions regarding the feasibility and potential approaches for addressing the issue. It

becomes essential to understand:

1. What has already been done in the field of computational linguistics on this problem

and what elements need to be developed for the realization of such a system?

2. What resources can be exploited and how existing frameworks can be improved?

3. Which of the currently existing algorithms commonly used for classification tasks works

best for this specific task?

4. How could a classification approach based on semantics work instead?

5. What are the results, and what could be the future developments of the project?

0.2 Thesis Structure

This thesis is structured as follows:

1. Chapter 1. In the first chapter, the theoretical background in which the work will

be situated is described. It begins with a brief overview of the issue of the sharing

of inappropriate videos for minors online and the danger posed by their viewing by

an unsuitable audience. One of the possible solutions to mitigate the problem is to

rely on automatic systems; therefore, systems utilizing Distributional Semantics will

be analyzed, as well as systems using Machine Learning (ML) or a combination of

both. Considering the contemporaneity and success of OpenAI’s ChatGPT, the latest

research on automatic text classification through Large Language Model (LLM) will be

explored. At the end of the chapter, the state of the art concerning work on emotions

and text complexity will be analyzed.

2. Chapter 2. In the second chapter, the methodology for carrying out the work will

be illustrated, including the construction of corpora and electronic dictionaries, which

will be described in detail.

3. Chapter 3. In the third chapter, the experiment conducted to evaluate the ML algo-

rithms on this specific classification task will be described, along with the experiments

related to the classification performed using semantic analysis.

4. Chapter (4) The fourth chapter of the thesis will be dedicated to the analysis of

results and possible future developments of the project.
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0.3 Derived Outcomes

The work discussed in this thesis is based on research activities and investigations published

in national and international peer-reviewed conferences, both during the three years of the

PhD and previously.

The publications related to the thesis are:

• Cirillo N., Paone A.. The Role of Semi-Productivity in Multiword Expression Identi-

fication: Why can BERT Capture Novel MWEs? In Proceedings of the International

Conference EUROPHRAS 2022.

• Maisto A., Martorelli, G., Paone A., Pelosi, S.. Automatic Classification and Rating

of Videogames Based on Dialogues Transcript Files. In Advances in Internet, Data

and Web Technologies: The 9th International Conference on Emerging Internet, Data

& Web Technologies (EIDWT-2021) (Vol. 65, p. 301). Springer Nature.

• Maisto A., Martorelli G., Paone A., Pelosi S.. Extracting video games rating labels

from transcript. In Internet of Things; Engineering Cyber Physical Human Systems,

volume 15. Elsevier, 2021.

Presentations at conferences and at other events are:

• Paone A., Horror or Funny?. Project presented during the 2022 European Re-

searchers’ Night in Italy.

• Paone A., Monti J., Safeguarding Minors: Evaluating Machine Learning and Transformer-

Based Approaches to Age-Appropriate Content Classification. Poster presented during

the AILC Lectures on Computational Linguistics, in June 2024.

0.4 Partnership and Collaborations

This thesis is the result of a three years Industial Innovative PhD Project developed at the

University of Naples "L’Orientale", Department of Literary, Linguistic and Comparative

Studies.

Since this is an Industrial PhD, the project included six months of work in a company,

in my case, an Italian one. I collaborated with Theuth Linguistic Engines4, an academic

spin-off composed of professors and researchers from the Department of Political and Com-

munication Sciences at the University of Salerno. Its goal is to transition from basic research

in computational linguistics and data visualization to applied research aimed at the market.

During these months, I have learned a lot about the topic of classification, and the work

carried out in the company has been a great inspiration for my thesis work.
4https://web.unisa.it/terza-missione/trasferimento-tecnologico/spin-off/unisa/elenco?id=67
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During my time at the company, I was involved in the development of hybrid classifi-

cation systems: automatic, supervised, and unsupervised classifications based on automatic

algorithms, complemented by algorithms that leverage the synergy between syntactic rules

and electronic dictionaries. The method developed in the company involved the use of POS

Taggers and electronic dictionaries during the pre-processing phase, also utilizing domain-

specific semantic information and rule-based algorithms to identify meaningful structures,

then employs existing automatic classification algorithms to categorize texts into classes or

identify a network of similarities between texts and cluster them.

I was involved in the development of a Multidomain Sentiment Analysis and Emotion

Detection system, specifically designing an approach to identify dyads within user-generated

texts. This included the conception and implementation of a method for calculating the

values of complex emotions on the Plutchik (1984) wheel. Additionally, I worked on cleaning

and updating the dictionaries and participated in writing reports.

Figure 1: Scheme for identifying secondary emotions

The created system, designed to assess the varying intensities of the 8 main emotions, is

based on a geometric principle (see Figure 1) whereby:

• If there is only one emotion present, its position is evaluated on the axis on which it

appears.

• If there are two emotions, a line is drawn, and the midpoint is calculated.

• If there are three emotions, the predominant emotion is given by the area where the

centroid of the generated triangle falls (is the case represented in Figure 1).

• If there are 4 emotions, the centroid of the 4 points is calculated.
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The system considers the identification of the immediate context of the word (3 pre-

ceding and 3 following words) to search for elements of intensification or negation, and the

relationship between this value and the number of emotional words found in the sentence.

This way, the score is normalized and is more easily comparable in cases of sentences with

extremely different lengths.

The system has been integrated with a syntactic module that modifies the emotional

values. Moreover, each emotion is calculated in relation to its opposite emotion, ensuring

that the lesser value is nullified and always resulting in a maximum of 4 values out of the 8

on the wheel.

The PhD project Sviluppo di un sistema per la classificazione automatica dei testi relativi

ai contenuti multimediali online has been co-funded by PON Ricerca e Innovazione 2014-

2020, "Dottorati Innovativi".
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Chapter 1

Theoretical background and State

of The Art

1.1 The Problem of Harmful Online Videos

In modern times, children are heavily involved with technology, dedicating a significant

portion of their time to interacting with devices such as tablets and mobile phones (Ishikawa

et al. 2019). Screen media consumption on mobile devices accounted for only 4% of a child’s

screen time initially, but by 2017, this figure had increased to 35%. This rise is attributed to

the growing prevalence of these devices in households (Wilson 2020). The primary activity

children engage in with these devices is watching animated shows and children’s programs.

Typically, they access these through platforms that host age-appropriate video content.

However, there are instances where system vulnerabilities expose them to unsuitable content

for their age group (Ishikawa et al. 2019). As Wilson (2020) explains, YouTube has both

revolutionized and dominated the online video streaming market over the past decade. The

company’s rapid growth has made it challenging to keep inappropriate content away from

children. It has been observed that around 80% of children between the ages of 6 and 12

watch multimedia videos through the YouTube platform. While the platform hosts content

from reputable television networks (such as Cartoon Network), it also features content from

less reliable sources.

Numerous efforts have been made to address this issue from a legislative standpoint. As

Alghowinem (2019) underlined, regulatory bodies across countries like the United States,

Australia, and the United Kingdom have established guidelines for children’s television pro-

grams and advertising. Common regulatory measures shared among these nations include

defining specific time slots for family-friendly programming, during which content must be

suitable for children, and the imposition of restrictions on both the quantity and content
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of advertisements within these time slots. Children’s programs are evaluated against sev-

eral criteria: they must be tailored exclusively for a youthful audience, well-produced with

adequate resources, employ language that is comprehensible to children, and possess ed-

ucational and entertaining objectives. Material strictly prohibited within these programs

encompasses any form of demeaning content directed at individuals or groups, scenes featur-

ing fear or violence, content of a sexual nature, unsafe depictions, as well as any references

to drugs or alcohol. Nonconforming to these regulations could result in the channel losing

its broadcasting license, although this does not apply to online content.

In 2019, the Authority for Communications Guarantees (AGCOM), an independent ad-

ministrative authority, developed guidelines in Italy. These guidelines were in compliance

with resolution no. 74/19/CONS and covered the classification of audiovisual works in-

tended for the web, as well as video games, focusing on their conscious consumption. The

classification of works intended for the web is based on thematic descriptors that identify the

content areas that may influence the sensitivity of minors and, therefore, require caution in

audiovisual representation. These guidelines take into consideration the specificities of the

various services available to end-users related to the dissemination of web content and the

respective consumption methods in the market at the time of their adoption. To enhance

the user experience, technical measures can be applied to either individual content or the

entire service, website, mobile, or app, based on the content classification category (AGCOM

2017). We will discuss these guidelines more thoroughly in the methodology chapter as they

will be very useful in defining the annotation guidelines for this project.

Increasing awareness of the need to protect minors online has captured researchers’ at-

tention. Examining the relevant scientific literature reveals a body of work addressing the

challenge of inappropriate video viewing by minors, proposing innovative approaches and

targeted strategies. One notable phenomenon is Elsagate, where familiar characters like

Disney figures or superheroes are depicted in disturbing and inappropriate scenarios. These

scenarios involve actions like engaging in alcohol theft, inflicting harm upon one another,

doing disgusting things, as well as depicting instances of sexual and violent nature. The

term Elsagate is composed of Elsa, a character from the 2013 Disney animated film Frozen,

and -gate, a suffix for scandals. Such videos were widespread on YouTube and YouTube

Kids and they were at the center of numerous discussions on Twitter and Reddit in 2017

(Ishikawa et al. 2019). YouTube uses a system called "search and discovery system" to help

users search for the most suitable video for them. The company has released some informa-

tion about what data is fed into the algorithm. Users are suggested videos based on their

watch history and the topic or channel of the current video, but the recommendations are

also influenced by other unspecified ’signals’1 (Wilson 2020). Sometimes this system gen-
1L’algoritmo, Come funziona il sistema di ricerca e scoperta di YouTube, YouTube Creators, in www.

youtube.com/watch?v=hPxnIix5ExI#strategies-zippy-link-3, last accessed: 2023/09/15.
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erates problems, especially for preschool-aged children who can not yet read. They rely on

autoplay or the recommendation panel to select their next video (Wilson 2020). As Bridle

(2017) pointed out, "For example, a child who begins a viewing session with a Peppa Pig

video on the official Peppa Pig channel can eventually be recommended a video that shows

Peppa Pig eating her dad or drinking bleach".

One of the challenges of this thesis is precisely to study these particular aspects of videos

to understand how automatic classifiers perform in their presence and to theorize and test

systems to mitigate them.

Another issue that emerged from the study of these phenomena, related to text, concerns

comments. Many predators leave sexualized comments under otherwise harmless children’s

videos (Schwartz 2019).

However, comments were not specifically addressed in this thesis project but were con-

sidered for potential future developments. One reason for this is that the texts used in

this thesis were extracted from YouTube Kids, where comments have been disabled as a

preventive measure (Wilson 2020).

YouTube Kids is a child-oriented video app developed by YouTube. The app offers

curated content, parental controls, and filtering to ensure suitability for children under twelve

years old2. YouTube launched its YouTube Kids app in 2015 (Alba 2015). Unfortunately,

YouTube Kids has not succeeded in preventing children from seeing disturbing content

online. In May 2015, the Campaign for a Commercial-Free Childhood (CCFC) and Center

for Digital Democracy (CDD) submitted a letter to the Federal Trade Commission (FTC),

expressing concern that YouTube Kids was featuring videos that were both inappropriate

and potentially harmful to children (Wilson 2020). To solve the problem, YouTube deploys

three tactics: ML, user flagging, and human content moderation. In this regard, developing

ML systems to address these issues is particularly important, and this is where my thesis

contributes.

Google also announced it would hire 10,000 workers to “address violative content” on

YouTube3. As Wilson (2020) underlines, the cost of repeatedly subjecting human beings to

violent and conspiratorial content is high. Moderators can experience symptoms of secondary

traumatic stress, resulting from the observation of others’ firsthand trauma (Lekach 2018).

This could be another good reason to make machines more efficient and to prevent such

stressful work from being done by humans.

The Elsagate phenomenon has opened a new line of research on this topic (Brandom
2Youtube Kids on Wikipedia in https://it.wikipedia.org/wiki/YouTube_Kids, last accessed:

2023/09/15.
3YOUTUBE, More Information, Faster Removals, More People. An Update on What We’re Doing to

Enforce YouTube’s Community Guidelines, Official YouTube Blog (Apr. 23, 2018), in https://youtube.

googleblog.com/2018/04/more-information-faster-removals-more.html, last accessed: 2023/09/15.
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2017). This line of inquiry includes studies on Natural Language Processing (NLP), as thor-

oughly examined by Alqahtani et al. (2023). The authors conducted a systematic review of

ML, Deep Learning (DL), and NLP techniques to provide an overview of the existing meth-

ods, tools, and approaches developed by scholars. These methods aim to protect children

from inappropriate or illegal video content. The authors identified several risks associated

with exposing minors to online multimedia content: (1) exposure to inappropriate content,

(2) consumption of misleading information, and (3) the creation of false perceptions. To

protect minors, the authors list several methods used by scholars, including textual data

analysis, metadata analysis, video frame analysis, and audio-based analysis. These methods

are implemented through two main approaches: AI-applied techniques and content analysis

using statistics derived from YouTube video metadata.

It is precisely within this line of research, and with the aim of addressing this significant

and timely issue, that this thesis positions itself through the study of text-based automatic

classification systems.

1.2 Text classification with Distributional Semantics

This thesis focuses on specific text types, particularly those related to multimedia content

such as subtitles and transcriptions. One of the approaches explored in this thesis involves

distributional semantics for text classification tasks. Exploring the literature on text clas-

sification with distributional semantics, an understanding of the concept of distributional

semantics becomes essential before delving into practical applications. Distributional se-

mantics comprises a set of theories and computational linguistic methods for studying the

semantic distribution of words in natural language (Lenci 2008). As highlighted by Lenci

and Sahlgren (2023), this approach focuses on quantifying and categorizing the semantic

properties of linguistic items based on their distributional properties in text corpora.

Each language can be described in terms of a distributional structure that does not take

into account historical characteristics or the meaning of the words (Harris 1954). According

to Harris, the distribution of an element can be understood as the sum of all its contexts,

where the context of an element A is the actual arrangement of its co-occurrences. In other

words, the verb to eat (the element A of which Harris speaks) selects to its right, that is

in direct object position, a nominal element that belongs to the class of everything that is

«edible, solid» (Vietri 2004). If two elements appear in the same context, they are equivalent;

from this, it can be inferred that their meanings are also equivalent. Conversely, if they do

not select the same class of elements, there is no distributional equivalence between them.

Over time this type of methodology presented by Harris was gradually abandoned in

favor of Chomsky’s Generative Grammar and then in favor of the Lexicon-Grammar model

theorized by Gross, which, following some descriptive analysis, begins to detach itself from
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the Chomskian theory and to criticize the elements to the base of such theory, like the

concept of grammaticality, the adoption of the subject-predicate schema and the notion of

verbal syntagma. While Chomsky regarded the lexicon and syntax as two unrelated ele-

ments, Gross argues that these two elements are to be considered as related.

Parallel to the reflection on generative grammar, cognitive linguistics has approached se-

mantics from a conceptual point of view that considers the meaning of a word as a con-

ceptualization of an entity. Conceptualization includes abstract and sensory concepts and

physical, social, cultural, and linguistic contexts. From this particular vision comes the fact

that even distributional constraints are destined to receive a functional explanation in terms

of the principles that govern our processes of conceptualizing the world. This has led to a

rejection of distributive semantics by cognitive approaches as meaning needs to be anchored

to extra-linguistic entities and cannot be explained in terms of language word distribution

(Lenci 2008).

In the field of psychology, Miller and Charles (1991)’s studies assumed great importance,

arguing that speakers learn to use words by observing how others use them, which involves

attention to the context since words are used together in sentences. The fact that a word is

found in various linguistic contexts, determines the formation of a contextual representation

that includes syntactic, semantic, paradigmatic, and stylistic conditions. Miller and Charles

(1991) used contextual representations to provide an empirical description of semantic sim-

ilarity in psycholinguistic research. From their point of view, the semantic similitude must

be considered as a variable dependent on the context in which the words are used.

This is coherent with the importance assigned to the association of words (for example,

the first word that a subject produces in response to a word that acts as a stimulus), consid-

ered evidence for the analysis of the organization of language. In turn, word associations are

interpreted concerning the distribution between stimuli and responses in linguistic contexts,

while the force of the stimulus-response association is related to the distributional similarity

between the two words. From their point of view, the association between words turns out

to be a purely lexical phenomenon in which the associative mechanism alone is not enough

to explain the cognitive dynamics: this led the psycho-linguists to argue that true semantics

reside in conceptual systems and not in the associations between words (Lenci 2008).

The discussed theoretical principles translate into practical application in computational

linguistics through two distinct approaches: Topic Modeling and Word Embedding.

Topic Modeling, is a type of statistical model for discovering abstract "topics" that oc-

cur in a collection of documents. These are frequently used for the uncover latent thematic

structures in a text or in a text collection. Intuitively, since a document is about a par-

ticular topic, one would expect that particular words more or less frequently appear in the

document: dog and bone will appear more often in documents about dogs, cat and meow
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will appear in documents about cats and the and is will appear approximately the same

way in both. A document typically covers more topics in different proportions; therefore, in

a document that talks about 10% of cats and 90% of dogs, there would probably be about

9 times more dog words than cat words. These algorithms look for groups of similar words.

A topic model captures this insight in a mathematical framework, allowing you to examine

several documents and discover, based on the statistics of the words in each, what the topics

could be and what the balance of the arguments of each document is (D. M. Blei 2012).

Word Embedding, instead, also known as a distributed representation of words, allows

storing both semantic and syntactic information of words from an annotated corpus and

building a vector space in which word vectors are closest if words occur in the same linguistic

contexts, that is, if they are recognized as semantically more similar (Turian et al. 2010).

Despite being two different approaches, Topic Modeling and Word Embeddings have

gained popularity for the semantic representation of text (H. Zhu and Lei 2022).

When applying ML and DL techniques, input features must be represented as fixed-

length vectors. Methods to extract features from text can be broadly categorized into Topic

Modeling and Word Embeddings, each serving different purposes.

Topic Modeling methods aim to extract latent thematic structures from a corpus of text.

These techniques analyze word co-occurrence patterns to identify groups of related words

that define specific topics. A well-known approach is Latent Dirichlet Allocation (LDA)

(Blei et al. 2002), which assigns probability distributions over topics for each document,

enabling dimensionality reduction and text categorization. However, these methods do not

explicitly encode the semantic meaning of words.

Word Embeddings, on the other hand, generate dense vector representations that cap-

ture both semantic and syntactic relationships between words. Unlike topic models, word

embeddings position words in a high-dimensional space where similar words are closer based

on their contextual usage. This approach gained popularity with Word2Vec (Mikolov et al.

2013), and today, semantic representations of text have become essential in computational

linguistics, with advanced techniques such as GloVe (Pennington et al. 2014), FastText (Bo-

janowski et al. 2017), and BERT (Devlin et al. 2018) providing state-of-the-art solutions for

DL applications. A clear example is provided by da Costa et al. (2023), where the authors

summarized the literature on this topic. Figure 1.1 illustrates the most effective combina-

tions of classification techniques (white rectangles) and embeddings (rounded rectangles).

The methods that use ML and DL will be discussed in the next section; for now, we

will review the works concerning the use of distributional semantics applied to multimedia

content classification. Several works have been reviewed in order to understand where the

work carried out in this thesis can be positioned.

Some researchers used topic modeling approaches to identify inappropriate content in
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Figure 1.1: Most effective combinations of classification techniques and embeddings identi-

fied in the text classification literature, in da Costa et al. (2023)

YouTube videos. Obadimu et al. (2019), for example, applied LDA to detect inappropri-

ate content in YouTube user comments in English; The user comments were given a score

between 0 and 1 under five proposed classes: threats, hate, sexually explicit, insults, and

identity-based attack. They performed an analysis and visualization for the frequency of

the words. However, this only focused on the existing issues and showed the data analysis.

Alshamrani, Abuhamad, et al. (2020) studied the detection of toxic behaviors presented in

YouTube video comments and new video captions. Their objective was to detect toxic be-

haviors in comments. Their datasets, consisting of English-language comments and captions,

were manually annotated as toxic, safe, hate, and obscene. The pre-processing of comments

included transforming words to numerical vectors using the pre-trained Word2Vec, which

was also trained on English corpora. The authors used a deep neural network ensemble

model to classify comments into three categories: obscene, toxic, and identity hate. The

association between toxic behavior and extracted topics from their captions was identified

with the topic modeling using LDA. The LDA model achieved a coherence score of 0.55.

Elhoseiny et al. (2016) used distributional semantics to detect zero-shot events within

multimedia content. Although this approach leverages distributional semantics for a different

purpose than this work, which is focused on text classification, it is based on the same

principle of semantic proximity between vectors, in this case, the vectors of the query and

the vectors of the video. The authors demonstrated the effectiveness of their work within

the TRECVID MED (Multimedia Event Detection) challenge. Using only the event title

as a query, their method outperformed the state-of-the-art, which uses long descriptions,

showing an improvement from 12.6% to 13.5% in the MAP metric and from 0.73 to 0.83

in the ROC-AUC metric. Additionally, it is an order of magnitude faster. This experiment
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was conducted using English-language corpora, specifically the Google News and Wikipedia

corpora, to train the distributional semantic models.

In Maisto et al. (2021b) and Maisto et al. (2021a) we focused on the automatic classifica-

tion of video game transcripts to propose a system of video game rating based on automatic

classification of the products performed through the use of the full transcription of dialogues

in a video game. The automatic classification, in this case, relied on specialized dictionaries

enriched with a vector semantics algorithm. The system was capable of identifying an age

rating and a genre classification of video games. In particular, the methodology focused on

two tasks: the automatic identification of linguistic indices and the semantic classification

of video game transcripts. In this work, as in my thesis work, we decided to focus on the

linguistic sphere, abandoning the claim to grasp elements that belong to other spheres. The

input data were the video game transcripts in English, which contained the dialogues and

description or menu texts. The three indicators we have focused on were: the presence of

Bad Language, Violence, and Drugs. Once we extracted the three indices, we performed a se-

mantic expansion of each transcript’s frequent words to classify the products automatically.

The work included the construction of dictionaries (specifically the Dictionary of Slang,

the Dictionary of Violence, the Dictionary of Drugs, and the Dictionary of Discriminatory

Terms) and the extraction phase, that started with the matching of dictionary entries in

the game transcripts. The values have been normalized, by dividing the number of matches

of the respective dictionary entries by the dimension of the text and combined, to calcu-

late Bad Language, Violence, and Drugs indexes. For the semantic classification, we used

a distributional semantic matrix to extract similarity values between words and search for

the nearest neighbors of a single transcript’s most frequent terms. To build the matrix we

used COALS (Rohde et al. 2006), a Word-based distributional semantics algorithm, that

uses Pearson Correlation over word co-occurrence vectors to calculate the conditional rate

of word pairs. The phases of the work include Text pre-processing, Term Frequency-Inverse

Document Frequency (TF-IDF), the addition of Slang Terms to the Text-Vectors, and Se-

mantic Expansion of Text-Vectors. After obtaining the vectorized text, we performed a

classification task by generating values of similarity between text vectors with the Cosine

Similarity algorithm. Our idea was to build a network of documents using similarity val-

ues as weighted edges and represent the network with Gephi (Bastian et al. 2009). All the

methodology has been tested on a corpus of 50 video game user-generated transcriptions,

that we built for that purpose. To calculate the precision of our methodology we compared

the indices we extracted from the corpus with indicators of Bad Language, Violence, and

Drugs given to a video game from the Rating System. In the conclusion of our works, we

underlined that the results we achieved could be considered a good starting point for future

analysis and this could be considered the starting point for my research.
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A relevant approach in this area is presented by Binh et al. (2022) who developed a

classifier called Samba to detect inappropriate videos for young children on YouTube. This

model integrates subtitles in English and metadata (such as video titles, tags, and com-

ments) for improved classification accuracy. The use of BERT-based word embeddings,

allows for more nuanced semantic understanding of the video’s content. Their results show

that using a combination of these features significantly improves classification performance,

achieving 95% accuracy compared to 88% for metadata-only approaches. This highlights

the potential for incorporating semantic representations alongside traditional metadata in

content classification tasks.

1.3 Traditional and Deep Learning Algorithms for Text

Classification

In addition to the unsupervised approach based on distributional semantics, it is also impor-

tant to understand how ML models perform on this specific classification task. Therefore,

understanding the supervised approach becomes essential for the purposes of this work. ML

techniques involve a general inductive process that automatically constructs a classifier by

learning from a collection of pre-classified documents, discerning the defining characteristics

of each category. In this approach, the inductive process builds a classifier for a specific

category by analyzing the characteristics of a set of documents manually classified by do-

main experts. From these discerned characteristics, the inductive process establishes the

criteria that a new, unseen document should possess to be classified within that category.

The effectiveness of ML relies on an initial corpus of documents, and its accuracy, compa-

rable to that achieved by human experts, is evaluated after implementation. This approach

proves valuable in saving time and reducing labor requirements, as it eliminates the need

for interventions from knowledge engineers or domain experts (Sebastiani 2002).

As Thangaraj and Sivakami (2018) well explained in their review of the literature on text

classification, supervised classification algorithms can be parametric and non-parametric,

based on the supremacy of parameters in the data. Among the parametric algorithms,

Logistic Regression (LR) and Naive Bayes (NB) are commonly employed:

• LR is useful for estimating the probability of an event and works well with high-

dimensional data, especially when the number of features exceeds the number of ob-

servations.

• NB is a probabilistic classifier based on Bayes’ theorem, often used in text classification

due to its ability to handle large, sparse feature spaces efficiently.

Among non-parametric algorithms we can find Support Vector Machine (SVM), Decision
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Tree (DT), Rule Induction (RI), k-Nearest Neighbors (k-NN) and Neural Network (NN):

• SVMs are highly effective for high-dimensional text data and are commonly applied

in text categorization tasks.

• DTs classify data by making decisions at each node based on feature weights. They

are simple to understand but can overfit without proper pruning.

• RI uses a set of rules to classify documents, often leveraging domain-specific lexical

patterns to optimize performance.

• k-NN classifies documents based on the majority class of the k closest training examples

in the feature space. It relies on similarity measures like cosine similarity or Euclidean

distance to compare text representations.

• NN, including various DL models such as Recurrent Neural Network (RNN)s, Long

Short-Term Memory (LSTM), and Transformers, are particularly effective for mod-

eling complex, non-linear relationships in text. While RNNs and LSTMs are tra-

ditionally used to model sequential dependencies, Transformers have revolutionized

text classification by enabling a better understanding of context through self-attention

mechanisms, making them ideal for analyzing nuanced content such as subtitles and

transcriptions.

Within this thesis, all the described algorithms will be tested on a specifically created

corpus of subtitles and transcriptions from online multimedia content. A comparative study

will be conducted to determine which approach yields the most effective results for classifying

such content.

1.4 Text classification of Multimedia Online Content with

Machine Learning

The models described above have been widely used for multimedia content classification

tasks, taking text into account, as intended in this thesis. The first surveys on the topic

of automatic classification of texts related to online multimedia content were conducted in

the early 2000s, and even in these, the possibilities that working on text offers were high-

lighted. An example is the work of Brezeale and Cook (2008), who in their survey on the

automatic classification of videos, underlined the advantages and disadvantages of an anal-

ysis connected to each element (audio, video, text). Concerning the text, in the form of

closed captions or subtitles, it is contended that this kind of text displays information about

other types of sounds such as sound effects (e.g. [BEAR GROWLS]), onomatopoeias (e.g

grrr) and music lyrics. Among the advantages of using text, the authors highlighted the
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possibility of accessing the large body of research conducted on document text classification.

Another advantage is that the relationship between the features (i.e. words) and specific

genre is easy for humans to understand. For example, few people would be surprised to find

the words stadium, umpire, and shortstop in a transcript from a baseball game. Among the

disadvantages, the authors highlighted the prevalence of dialogues over descriptions and the

fact that generating the feature vectors of terms and learning from them can be computa-

tionally expensive since the feature vectors can have tens of thousands of terms. Another

difficulty in using text-based features is that text has fairly high error rates, especially in

the case of real-time generated closed captions for news broadcasts, which may suffer from

misspellings and omissions. Although transcription technologies have progressed since 2008

and computers now possess enhanced computational capabilities, transcription-related is-

sues indeed persist. However, these problems can be readily identified and rectified through

a brief manual review, or they occur so rarely that they do not undermine the classification

process.

Among the very early works, we also find one of the first studies that focused on video-

sharing websites, instead of blogs and forums, which is the study by Huang et al. (2010). The

authors utilized diverse user-generated data, including titles, descriptions, and comments,

aiming to gain insights into cyber communities associated with online videos. The research

employed a multi-faceted approach, incorporating three text features: lexical, syntactic, and

content-specific. While lexical features alone proved inefficient for video classification, the

inclusion of content-specific features significantly enhanced performance across all classifica-

tion techniques. SVM, with selected features from all types, achieves the best performance.

According to the authors, an accurate video classification could have been very useful for

identifying implicit cyber communities on video-sharing websites: the interaction between

users generates additional text information that could be analyzed. These data often contain

explicit information about the video content and can be utilized to classify videos.

Eickhoff and de Vries (2010) presented an automatic method for determining a shared

video’s suitability for children based on non-audio-visual data. They evaluated its perfor-

mance on a corpus of web videos that was annotated by domain experts, in particular, they

worked on users’ comments. Their sentiment analysis was based on the sentiment corpus

by B. Pang and L. Lee (2004). In their study, the probability of a specific comment being

intended positively was quantified as the mean value of the probabilities associated with its

individual constituent terms. The probability of a single term, denoted as t, being positively

inclined was subsequently determined as the ratio of occurrences where ’t’ was observed in

a positive comment to the overall instances of t. The analogous score for the negative case

is computed as well and both are reported as features. The authors trained a range of ML

classifiers (SVM, Random Forest (RF), Decision Table, LR, DT, Ada Boost, MLP, NB) and
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evaluated the performance in terms of precision, recall, and the F0.5-measure. Authors as-

sumed that showing as few as possible unsuitable videos to children (high precision) is more

important than retrieving all suitable videos (high recall). The work showed that Naïve

Bayesian approaches yielded convincing performance but the best-performing model was an

SVM classifier. The authors observed that among video information, author information,

meta-information, and community-generated information, the latter consistently yielded the

most satisfactory outcomes in discerning videos deemed inappropriate for minors. This as-

sumption is also very important in the context of this thesis work.

To look into the specifics of this study and understand how the present thesis aligns with

recent developments, it is essential to examine recent works related to text classification

in the realm of multimedia content. Specifically, my intention is to focus on studies that

aim to determine whether the content is suitable for minors or not. A noteworthy starting

point is the work of Alqahtani et al. (2023), which provides a concise overview of the text

classification process before delving into the literature.

Alqahtani et al. (2023) conducted a systematic review of the existing methods, tech-

niques, tools, and approaches used to protect kids and prevent them from accessing inap-

propriate content on YouTube videos. They have taken into consideration research papers

that were published between January 2016 and December 2022 in international journals

and international conferences. Authors started from the assumption that traditionally, kids

around the world like to spend hours in front of the screens, but if traditional ways (such as

TV) are easy to control by the government or parents based on kids-friendly program regu-

lations, videos uploaded on modern platforms are more difficult to control. In the last few

years, ML, DL, and NLP researchers have contributed to proposing methods, approaches,

techniques, and tools to ensure the safety of children on online videos. In their research

summarized all the work on the argument, based on the paper’s main objective; the focus

given to the approaches used (ML or DL or content analysis focusing on statistics); the

database construction method (using the YouTube API or other used publicly available

datasets); the language and the type of methods or models used in the representation of

textual data, the analysis of the meta-data collection / extraction frame or audio conversion

and the accuracy of the performance of the model. The authors also conducted a critical

analysis of each article. They were able to identify patterns and methodologies common

across various works. They concluded that the typical phases for AI-applied techniques,

such as ML and DL, include: (1) data preparation, (2) data cleaning, (3) annotation, (4)

data pre-processing, (5) feature extraction and representation, (6) model building, (7) model

evaluation, and (8) performance analysis. In the data preparation phase, as emerges from

their analysis, the data can be collected from targeted YouTube channels using the YouTube

API or datasets that are available to the public. The form of the data can be textual, meta-
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data of videos, audio, and image frames from YouTube videos. After a cleaning phase, the

annotation process is required to label the data into binary classes or multi-classes.

NLP methods and pre-trained models that use word embedding techniques such as

Word2Vec and GloVe were utilized in some of the reviewed articles, while others used tradi-

tional word representations like Bag of Words (BoW) and Term Frequency-Inverse Document

Frequency (TF-IDF), which outperformed them in certain cases.

In a ML model, the dataset can be divided into two parts: one for data training to train

the model and one for data testing. For the evaluation phase, several metrics can be used

to evaluate the model, such as accuracy, area under the curve (AUC), and F1-score. The

final phase is the performance analysis, which is used to compare the results and form the

discussion part.

From their analysis of the reviewed articles, it was inferred that the classification of

multimedia online content, based on text analysis, can be performed by collecting the user

comments or converting video manuscripts to textual data through a transcription method.

Then, a dataset is built (or a publicly available dataset is used) and annotated. Several

NLP techniques can be utilized to analyze the contents, such as NB, LR, DT, RF, k-NN,

and SVM.

Many works that used ML for the classification of multimedia content have focused on

the analysis of comments: Mouheb et al. (2019) worked on user comments in Arabic from

YouTube and Twitter and applied an NB classifier achieving 95% of accuracy in detecting

inappropriate information; M. T. Ahmed et al. (2021) and Awal et al. (2018), worked on

comments for the Bengali language. M. T. Ahmed et al. (2021) classified the texts of the

three datasets into "bullying" and "non-bullying". Their model achieved an accuracy of

76%, 84%, and 80% using the first dataset with SVM, the second and the third dataset with

NB. Awal et al. (2018) used a corpus of comments collected from Youtube to classify them

into two classes: "abusive" and "non-abusive" and achieved an accuracy of 95%.

Alsubait and Alfageh (2021) used three classifiers: multinomial NB, complement NB, and

LR classifiers, to compare the automatic detection of cyberbullying in two different feature

representations using TF-IDF and count vectorizer. The authors compared different ML

algorithms for their performance in cyberbullying detection based on a labeled dataset of

Arabic YouTube comments. The results showed that LR outperforms the other two classifiers

in vectorizer, which achieved 78.6% in the F1-score, while complement NB recorded 78.5%.

The works analyzed above, detected inappropriate content based on binary classes. Other

authors have worked on identifying ranges. Alshamrani (2020), for example, also worked on

comments, in this case in English, but the users’ comments were divided into five groups

based on age. They found that the group aged 13–17 was the most exposed to inappropriate

comments, followed by the 6–8 age group.
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Alshamrani, Abusnaina, and Mohaisen (2020) studied the presence of inappropriate con-

tent in comments of YouTube videos for kids and teenagers by investigating the existence

of malicious and inappropriate URLs inside the comments posted. The authors pointed out

the great likelihood that people blindly click on the URL.

Regarding the works on the classification of multimedia content using transcriptions,

we find the studies of Alghowinem (2019) and Jagtap et al. (2021). Alghowinem (2019)

proposed an advanced automated method to filter YouTube videos for young viewers. The

author opted for video content analysis, extracting images, audio, and transcripts from ran-

dom one-second slices for analysis of content appropriateness. The investigation began by

assessing media appropriateness for children, combining multimodal aspects of media. To

reduce computational time, the author applied the thin-slicing theory, analyzing several

random one-second slices of a video. Real online videos from YouTube Kids, passing the

filtering mechanism, were collected to provide an additional layer of safety for kids. The

goal was to explore the fusion of three modalities (audio, video, and transcript) for analyzing

video content appropriateness for children. In Transcribed Content Analysis, the author ref-

erenced various articles (Eickhoff, Serdyukov, and De Vries (2011), Gossen and Nürnberger

(2013), Eickhoff, Serdyukov, and de Vries (2010)) that focused on filtering content in web

pages. These works highlighted features to consider, including text complexity measures

such as readability, language models designed for children, and analysis of children’s refer-

ences (e.g., if the child is directly mentioned). According to these methods, videos passing

the YouTube Kids filtering mechanism were collected and annotated into two classes (appro-

priate and not appropriate for kids). From each extracted slice, image frames, audio signals,

and transcribed text were analyzed. The transcribed text from audio slices proved useful for

detecting violent, sexual, drug, and alcohol language, as well as hate speech, and for mea-

suring language complexity. These factors serve as indicators of a video’s unsuitability for

children. Texts underwent pre-processing before extracting features for analysis. To detect

violations and extract complex features, the author used large datasets (including annotated

hate speech and offensive language, a dataset for adult content filtering, and another for de-

tecting child grooming). The complexity and readability formula were employed to calculate

the complexity level of the transcribed language, considering syntactic and lexical measures,

such as characters per word, syllables per word, words per sentence, etc. Higher values in

these measures indicate greater text complexity for children.

Jagtap et al. (2021) used NLP techniques to extract features from video captions (subti-

tles). To evaluate their approach they utilized a publicly and labeled dataset for classifying

videos as misinformation or not, analyzing captions in English. In their work, they used the

Caption Scraper script to download subtitles of the videos present in the dataset. The au-

thors proposed a model for classifying videos into three classes: Misinformation, Debunking
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Misinformation, and Neutral. During the experiment phase, they used a set of classifiers

from the Python library LazyPredict that contains 28 classifiers such as Support Vector

Classifier (SVC), k-NN, RF, and XGBoost. To evaluate the performance of these classifiers,

they used standard metrics such as F1-score (weighted averaging), AUC-ROC, Precision

(weighted averaging), Recall (weighted averaging), and Accuracy. Their analysis showed

that they could classify videos among three classes with 0.85 to 0.90 F1-score. To emphasize

the relevance of the misinformation class, they re-formulate the classification problem as a

two-class classification - Misinformation vs. others (Debunking Misinformation and Neu-

tral). In this case, the model could classify videos with 0.92 to 0.95 F1-score and 0.78 to

0.90 AUC ROC. Authors underlined the limitations of their work: they used embeddings

trained with Wikipedia articles, Google News, and Twitter for the word-to-vector represen-

tations but they claimed that, in the future, it would be better to a new embedding based

on YouTube captions that can be trained using the GloVe algorithm, which might work best

for YouTube video classification compared to pre-trained embeddings.

1.4.1 Text classification of Multimedia Online Content with Deep

Learning

Most recent studies on text classification of online multimedia content have employed DL

techniques such as Convolutional Neural Network (CNN), RNN, LSTM, Bidirectional Long

Short-Term Memory (BiLSTM), and hybrid models, as well as Transformer-based architec-

tures like BERT. These models, used individually or in combination with other approaches,

have been widely applied to classify textual content associated with multimedia shared on-

line, particularly to protect minors, demonstrating excellent results. For this reason, in this

thesis, these models were tested on the specific classification task of determining content age

appropriateness.

Among the studies that have addressed the topic of multimedia content classification

by testing neural networks, is the work of Martinez et al. (2019), which focused on iden-

tifying violence in movies. The authors collected 945 Hollywood movie scripts in English,

categorizing them into three groups based on the level of violence: low, medium, and high.

They employed an SVM classifier and RNN, achieving a model performance of 60% accu-

racy. Shafaei et al. (2019) used the Motion Picture Association of America (MPAA)4 as a

reference to classify the content. They worked on the classification of texts related to online

multimedia content. In particular, they worked on the prediction of the suitability of the

movie content for children and young adults based on scripts. To measure suitability they

used the MPAA rating and proposed an RNN-based architecture that jointly models the
4The Motion Picture Association of America (MPAA) is an American trade association representing the

five major film studios of the United States.
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genre and the emotions in the script to predict the rating. Their goal was to classify movies

into one of the MPAA ratings based on the content of the movie. To achieve this goal, they

used three types of resources: raw data (conversations between characters), emotion vectors

of these conversations, and genre vectors of the movies. For the classification model, the

authors achieved a weighted F1 score 78%. These studies demonstrate the effectiveness of

NNs in transcription classification tasks. The first study addresses a key topic explored in

this thesis, namely the detection of violence; however, in my case, I employ a lexicon-based

approach for this purpose rather than a ML model. In the case of the second study, both

the methodology, using the MPAA as a reference, similar to the AGCOM guidelines used

in this thesis, and the consideration of emotional factors are closely aligned with the work

conducted in this thesis.

Similar to approaches based on classical classifiers, studies on NNs and DL often pri-

oritize text analysis in multimedia content by focusing primarily on comments rather than

video transcripts. When transcriptions are used, they are often limited to binary classifica-

tions (appropriate/inappropriate) without considering a detailed age-based categorization,

as proposed in this thesis. This underscores the need for research that is focused directly

on the content by examining its textual component. However, integrating User Generated

Content (UGC) remains an asset, especially given the nature of online shared media.

Among the most relevant studies that have taken comments into consideration, together

with other elements, is Anand et al. (2019) that suggested a technique to find inappropriate

YouTube videos using DL architectures and ML classifiers. To collect YouTube videos using

the YouTube API, they first built an offensive dictionary. Based on the sentiment analysis

approach, the system was used to find inappropriate YouTube comments in English and rate

them on a scale of 0-100% for how inappropriate they were. Based on keyword searches,

they compiled a dataset of more than 20.000 videos, collected all pertinent data, and divided

the videos into offensive and non-offensive categories. They conducted several trials utilizing

different combinations of SVM, CNN, LR, and LSTM features, including sentiments from

comments, thumbnail images, text-based features, and video and frame-level features. The

model used GRU and Hierarchical Attention Network with GloVec to get the best accuracy

of 86.4%.

Within the body of studies focusing on comments, the work of Mohaouchane et al. (2019)

stands out for its research on identifying inappropriate content for Arabic-speaking social

media users. The dataset they employed was built by Alakrot et al. (2018), and contains

1050 comments extracted from YouTube videos about Arab celebrities. They were labeled

as offensive or not by 3 annotators. They evaluated the performance of four different NN

architectures: CNN, BiLSTM, Bi-LSTM with attention mechanism, and a combined CNN-

LSTM architecture. The authors trained and tested the system on a labeled dataset of
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Arabic YouTube comments. The CNN-LSTM achieves the highest recall (83.46%), the

CNN (82.24%), the Bi-LSTM with attention (81.51%) and the Bi-LSTM (80.97%).

These studies highlight that, beyond testing simple NNs, combined approaches can some-

times achieve better results. In this thesis, NNs were not tested in combination with one

another; however, the addition of a rule-based approach using a specialized lexicon, similar to

Anand et al. (2019)’s offensive dictionary for bad words, brought significant improvements.

Furthermore, the study on Arabic raises a fundamental issue addressed in this thesis: the

creation of resources for Italian, which remains under-resourced compared to English.

Also leveraging comments Mollas et al. (2022) proposed two dataset of comments in

English, to detect inappropriate content: one for binary classification and the other for

multi-classes. To assess the proposed datasets they used several ML classifiers such as:

LR, SVM, RF, and NB. Additionally, several DL architectures such as CNN and BiLSTM,

and transfer learning concepts such as BERT and DistilBERT were also used. DistilBERT

achieved the best accuracy (80%). While, Vasantharajan and Thayasivam (2022) exam-

ined the detection of offensive content/speech on YouTube based on textual data from

multiple languages, specifically Tamil and English. They used a public dataset of user

comments on YouTube and categorized it in six classes: non-offensive, offensive-targeted-

insult–individual, offensive—targeted–insult–group, offensive—targeted–insult–other, offen-

sive—untargeted, and not-Tamil. They used multiple DL models such as CNN-BiLSTM,

mBERT-BiLSTM, DistilBERT, XLM-RoBERTa, and ULMFiT. The best-performing model

was ULMFiT, which had a recorded accuracy of 74%. This work is particularly relevant to

the present thesis as it also involves analyzing offensive content across multiple languages,

highlighting the complexities of multilingual text classification. The use of various advanced

DL models, including transformer-based architectures like mBERT and XLM-RoBERTa,

shows how multilingual approaches can achieve significant results in content classification.

These studies demonstrate the efficiency of transformers in these tasks, which motivated

me to test them in this thesis work. Additionally the work of Vasantharajan and Thayasivam

(2022) underscores the importance of a multilingual approach, such as the one presented in

this thesis, to gain a broader perspective on the models tested.

Papadamou et al. (2019) developed a classifier able to detect toddler-oriented inappro-

priate content on YouTube with 82.8% accuracy. They categorized these videos into four

groups: suitable, disturbing, restricted (similar to the NC-17 and R categories used by the

MPAA), and irrelevant videos. To gather the necessary data, they utilized YouTube APIs

and Reddit, resulting in a dataset of 12,097 videos and their corresponding recommended

videos (approximately 800). The objective was to train a classifier capable of identifying

disturbing content online. A subset of 5,000 videos was manually reviewed and annotated

by three annotators. For each video, their model processed: title, tags, thumbnail, statistics
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(number of views, likes, dislikes, and comments), and style features (e.g., duration, number

of bad words, description length, number of tags). The initial classifier had four branches,

each processing a distinct feature type. The outputs of these branches were combined into a

two-layer NN for final classification. They focused on determining which feature types con-

tributed most to identifying disturbing videos. The dataset labels were collapsed into two

categories: "appropriate" (combining suitable and irrelevant) and "inappropriate" (disturb-

ing and restricted). The study revealed that their DL model outperformed baseline models

across all performance metrics. The authors examined the prevalence of inappropriate videos

within different subsets of their dataset and analyzed YouTube’s likelihood of recommending

inappropriate content. Their findings demonstrated that even toddler-oriented search terms

could lead to recommendations of inappropriate videos. The study also discussed limita-

tions, such as the small training dataset and the inability to collect YouTube Kids data due

to API restrictions. This study is interesting because, although it takes into account various

elements, not only textual but also statistical, it still demonstrates the effectiveness of neural

network-based approaches. More importantly, it highlights an issue also encountered in this

thesis, namely the unavailability of YouTube Kids’ APIs. In this work, an effort was made

to mitigate the issue: the transcriptions were collected in a semi-automated manner, videos

were manually located on YouTube after being identified on YouTube Kids, and the tran-

scriptions were then automatically extracted using a Python scraping script and manually

corrected for accuracy.

Many studies on this topic are multimodal, incorporating a limited textual component,

typically derived from comments, while NNs are primarily applied to the visual elements.

This is the case with the work by Kaushal et al. (2016), which, although it considered the

textual component from comments, used CNNs for visual analysis. This work, while not

using NNs for text classification, is still relevant as it highlights the importance of analyzing

cartoons uploaded to YouTube, a focus shared with this thesis. Furthermore, as in this

thesis, the textual component was manually annotated for the presence or absence of unsafe

content, such as nudity or abusive language. The authors also emphasize a key point dis-

cussed in Chapter 1.1, namely, the limitations of current platform efforts, which still rely on

user feedback. These observations underscore the pressing need for automated classification

approaches to address this significant issue effectively.

The same issue has been highlighted by Tahir et al. (2019). They observed that unsuitable

content for children often escapes control and ends up on children’s platforms. Disturbing

videos are being uploaded to these platforms (YouTube Kids and others), exploiting the

popularity of well-known cartoon characters like Elsa from Frozen, Spiderman, Snow White,

etc., without being flagged. The authors developed a DL architecture to flag such videos

and report them. Authors manually watched around 5k videos to curate the dataset. They
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divided their target content into three categories of fake videos: Benign Fake Videos (BFV),

Explicit Fake Videos (EFV), and Violent Fake Videos (VFV) to compare these videos with

corresponding real videos. The work of Tahir et al. (2019) focuses on visual content rather

than directly on text, but it is useful to consider it within the context of this thesis as it high-

lights the very issue discussed in Section 1.1, concerning manipulated videos like YouTube

Poop. In these cases, integrating a text-based analysis could be particularly valuable for

identifying inappropriate content.

Among other studies that also incorporate a visual component, we find the work of

Yu and E. Park (2023) and the work of N. Pang et al. (2023). In order to avoid the

potential risks of a traditional age-restriction procedure, that involves the biased subjective

judgments of creators of multimedia content shared online, Yu and E. Park (2023) proposed

automatic and objective multimedia (in particular, they worked on webtoon, digital comics)

age-restriction approach based on an automatic prediction model by employing SVM and

CNN in investigating whether a specific webtoon content has an age restriction. They

performed a multimodal analysis. As regards the text, they extracted primary words (nouns,

verbs, and adjectives, which include substantive text meaning) from the descriptions in

Korean, by using open-source text segmentation library, ‘Okt’ of Konlpy (E. L. Park and

Cho 2014). They generated a vector of each extracted word with Word2vec technique by

using a pre-trained Word2Vec model for Korean, Kor2Vec5, and they observed a similarity

between the words. For the multimodal analysis, they utilized the concatenated dense layer

of text/image classification. Their CNN classifier achieved an F1 score of 81.88% and an

accuracy of 79.09%.

N. Pang et al. (2023), in their study, underscored the significance of text analysis, along-

side other elements like video frames, to attain more satisfactory outcomes. The authors

argued that processing video frame by frame fell short of meeting the accuracy requirements

in specific scenarios. In response to these challenges, they introduced a short video cate-

gorization architecture centered around cross-modal fusion in visual sensor systems. This

approach jointly leverages video features and text features for short video classification.

Firstly, the image space was extended to three-dimensional space–time using a self-attention

mechanism, and a series of patches were extracted from a single image frame. Each patch

underwent linear mapping into the embedding layer of the Timesformer network and was

augmented with positional information to extract video features. Second, the text features of

subtitles were extracted through bidirectional encoder representation from the Transformers

(BERT) pre-training model. Finally, cross-modal fusion was executed based on the extracted

video and text features, resulting in an enhanced accuracy for short video classification tasks

(achieving an F1 score of 91.7%).

These studies demonstrate the effectiveness of deep leraning approaches even in mul-
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timodal analyses, where the textual component is essential. Although this work does not

consider images and instead aims to study the textual part in depth as a starting point, it

is clear from the examined literature that integrating both approaches could yield excellent

results, paving the way for future developments.

In the recent work by Balat et al. (2024), the issue of the rise of short-form videos on

platforms like TikTok and the associated challenges in protecting young viewers from in-

appropriate content is addressed. The authors introduce TikGuard, a transformer-based

DL approach designed to detect and flag content unsuitable for children on TikTok. By

utilizing the specially curated TikHarm dataset and employing advanced video classification

techniques, TikGuard achieves an accuracy of 86.7%. While their work primarily focuses on

frame analysis, the authors conclude by emphasizing the potential of a multimodal approach

that incorporates text analysis, offering a more comprehensive understanding of video con-

tent. This highlights the continued relevance of text-based approaches, such as the one

presented in this thesis, which could be further explored for integration into multimodal

analysis.

1.4.2 Text classification of Multimedia Online Content with Large

Language Models

In recent years, LLM, such as GPT-3 and its predecessors, have revolutionized NLP, ini-

tially designed for text generation tasks. However, their versatility has led to widespread

adaptation for a range of NLP tasks, including text classification. LLMs acquire language

comprehension and generation capabilities by utilizing extensive volumes of data to train

on billions of parameters, requiring substantial computational resources during both their

training and operation phases. LLMs are artificial NNs, predominantly based on Transform-

ers, and they undergo (pre-)training through self-supervised and semi-supervised learning

methods. These methods operate by taking an input text and iteratively predicting the sub-

sequent token or word (Bowman 2023). Luccioni and Rogers (2023) proposed three criteria

that a model must meet to be considered LLM:

• (1) LLMs model text and can be used to generate it based on input context provided

as input.

• (2) LLMs receive large-scale pretraining, where ‘large-scale’ refers to the pre-training

data rather than the number of parameters (Luccioni and Rogers (2023) proposed

setting it to 1B tokens).

• (3) LLMs make inferences based on transfer learning: LLMs are meant to be adaptable

to many tasks, given that their language modeling objective encodes information that

can then be leveraged in other tasks.
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Before 2020, fine-tuning was the sole method through which a model could be customized

to perform specific tasks. However, larger models, such as GPT-3, can now be engineered

with prompts to achieve similar outcomes (Brown et al. 2020). It is believed that they

acquire embedded knowledge regarding syntax, semantics, and the "ontology" inherent in

human language corpora, while also inheriting the inaccuracies and biases present in those

corpora (Manning 2022).

LLMs can be broadly divided into three categories based on the model architecture (Sun

et al. 2023). The first category is the encoder-only model like BERT and its variants (Devlin

et al. 2018) based on a two-stage approach: first, training a language model on masked texts,

and then customizing it to perform specific tasks using annotated data. The second category

is the decoder-only models like GPT (Radford et al. 2019). GPT uses the decoder of an

autoregressive transformer (Vaswani et al. 2017) to predict the next token in a sequence,

and follow the pre-training then fine-tuning paradigm. GPT-3 (175B) Brown et al. (2020)

proposes to formalize all NLP tasks as generating textual responses condition on the given

prompt. The third category is the encoder-decoder models like T5 (Raffel et al. 2020) that

are encoder-decoder transformer models, which generate new sentences depending on a given

input, following the pre-training then fine-tuning paradigm.

In the context of this thesis, for consistency with the rest of the work, the models were

fine-tuned on the specially created corpus, after which metrics were calculated to evaluate

their performance. However, in the literature, we find many studies that utilize prompting

to test these models even on classification tasks.

As Sun et al. (2023) summarize, the prompt consists of the following three components:

(1) Task description that generally describes the task (for example: Classify the overall

sentiment of the input as positive or negative); (2) Demonstration that consists of a sequence

of annotated examples; and (3) Input that is the test text sequence to classify. The models

are based on e a progressive reasoning strategy that involves clue collection, reasoning, and

decision-making. Clues are local fact evidence such as keywords. The example reported by

Sun et al. (2023) is:

Input: Steers turns in a snappy screenplay that curls at the edges; it’s so clever

you want to hate it.

Clues: "snappy", "clever", "want to hate it"

Sun et al. (2023), in their paper, introduced Clue And Reasoning Prompting (CARP) for

text classification tasks. CARP adopts a progressive reasoning strategy to address linguistic

features such as keywords, tones, semantic relations, references, etc. The model employs a

fine-tuned model using supervised data for kNN-based query search within the context of in-

context learning. This approach enables the model to leverage the generalization capabilities

of LLM as well as the task-specific evidence derived from the fully labeled dataset. Authors

29



found that CARP delivers impressive abilities on low-resource and domain-adaptation setups

and using 16 examples per class, achieves comparable performances to supervised models

with 1,024 examples per class.

In the context of content moderation, especially concerning minors, the precision of

classification models is paramount to prevent exposure to inappropriate material. Fine-

tuning LLMs on domain-specific data enhances their ability to accurately identify and filter

such content. Ma et al. (2023) demonstrated that even models based on prompting for text

classification can be improved through a fine-tuning process, as applied in this thesis work.

Specifically, they explored a combined approach to content moderation for web content using

LLMs, which involves an initial light fine-tuning followed by advanced Chain of Thought

(CoT) prompting, a method where the model is guided through a sequence of structured

reasoning steps to make decisions in a more logical and interpretable manner. Their method

starts with a preliminary fine-tuning phase to help the model become familiar with the

content domain, followed by CoT prompting, which encourages thoughtful decision-making

and minimizes the use of oversimplified reasoning. The use of CoT prompting enhances

both accuracy and interpretability while reducing the risks of overfitting, without requiring

extensive data annotation.

Additionally, Z. Li et al. (2023) explored the potential and limitations of LLMs specifically

in text classification, and they also noted that fine-tuning strategies increase the model’s

ability to adapt to task-specific classification data. Furthermore, they observed that data

augmentation (i.e., increasing the dataset synthetically) can improve the performance of

these models, which tend to work better with very large datasets. However, they caution

that attention must be given to the potential amplification of any biases present in the

training data.

These findings underscore the importance of fine-tuning LLMs with domain-specific data

to enhance their precision in sensitive applications like content moderation for minors.

Given their potential in text understanding and categorization, LLMs are increasingly

used for automatic classification of multimedia content. It is useful to examine how they have

already been applied to the task of multimedia content classification for child protection, to

understand where this thesis work fits within the existing research.

S. H. Ahmed et al. (2023) in their paper evaluate the performance of CLIP (Contrastive

Language-Image Pre training), on both supervised and zero-shot settings for video content

moderation, examining how context-specific language prompts affect performance, especially

in cases where harmful content may mimic popular cartoon styles. This method emphasizes

the use of foundation models in a vision-language framework, where prompt engineering

plays a key role in refining the model’s ability to identify inappropriate material. The study

concludes by highlighting the limitations of prompt-based moderation for nuanced content
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like children’s cartoons, noting the difficulty in verbally defining inappropriate content and

suggesting the potential of learnable prompt parameters for future improvements. How-

ever, the approach adopted in this thesis addresses this challenge from a different angle

by leveraging fine-tuning for a deep linguistic understanding of text content, which may

be less constrained by the challenges of visual prompting and more adaptable for nuanced,

age-specific content classification.

1.5 Analysis of emotions

In the domain of textual analysis, the inherent capacity of words to express specific emotions

can be utilized for the purpose of classification. As explained by Saif M Mohammad and

Turney (2013b), words are associated with emotions. For example, the words delightful and

yummy indicate the emotion of joy. Thanks to taxonomies theorized by psychologists, we

can distinguish emotions in simple and complex ones. Ekman (1992) and Plutchik (1984)

have theorized that there are some basic emotions. Many of the basic emotions are also

instinctual (Saif M Mohammad and Turney 2013a). Ekman (1992) argues that there are

six basic emotions: joy, sadness, anger, fear, disgust, and surprise. For Plutchik (1984)

the basic emotions are eight, to those theorized by Ekman, he adds trust and anticipation

and organizes the emotions in a wheel where the radius indicates intensity—the closer to

the center, the higher the intensity (Saif M Mohammad and Turney 2013a). The work of

Saif M Mohammad and Turney (2013a) builds on the theory of Plutchik (1984). According

to this theory, the eight primary emotions can be categorized as positive (four) and negative

(four). Each positive emotion has a corresponding negative counterpart: joy is opposed

to sadness, surprise is opposed to anticipation, trust is opposed to disgust, and anger is

opposed to fear. In categorizing emotions, Plutchik analyzed each emotion in detail and

divided them into subgroups that contain secondary and tertiary emotions, giving rise to

a wheel-like mechanism to describe the relationship between emotions, their intensity, and

polarity. Specifically, the intensity of an emotion is high when it is located at the center

of the wheel and decreases as the distance from the center increases (Abbasi and Beltiukov

2019).

In recent years, computational linguistics has seen a rising interest in feelings and emo-

tions. Many works have been made on the development of novel methods to automatically

classify the emotions expressed in a text and many lexical resources have been built (Passaro

et al. 2015).

Strapparava, Valitutti, et al. (2004) developed the WordNet Affect Lexicon (WAL). The

lexicon contained a few hundred words manually annotated with the emotions they evokes.

Their system was based on the idea that each WordNet synonym had the same emotion. In

this case, the theoretical basis from which the author started is that of the six emotions of
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Figure 1.2: Plutchik’s Wheel of Emotions

Ekman (1992).

Saif M Mohammad and Turney (2013b) presented a large word–emotion association

lexicon, initially called the NRC Affect Intensity Lexicon (NRC-AIL). This earlier version

(v0.5) included intensity scores for only four primary emotions: anger, fear, sadness, and

joy. Later, in S. Mohammad et al. (2018) the lexicon was expanded to include intensity

scores for eight primary emotions: anger, fear, anticipation, trust, surprise, sadness, joy,

and disgust, and was renamed the NRC Emotion Intensity Lexicon (version 1) to better

reflect its alignment with the NRC Emotion Lexicon. This lexicon provides real-valued

scores between 0 and 1 for words associated with these emotions.

To build the corpus, Saif M Mohammad and Turney (2013b) used Roget’s Thesaurus5

as the source for terms. The thesaurus is in the public domain. They annotated only

those words that occurred more than 120,000 times in the Google n-gram corpus6. Each
5Roget’s Thesaurus: http://www.gutenberg.org/ebooks/10681
6The Google n-gram corpus is available through the Linguistic Data Consortium: https://www.ldc.
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term was annotated by five different people; for 74.4% of the instances, all five annotators

agreed on whether a term was associated with a particular emotion or not. For 16.9% of the

instances, four out of five people agreed with each other. The data from multiple annotators

regarding a given term was consolidated through a majority vote mechanism. The lexicon

encompasses approximately 24,200 word-sense pairs. Information from various senses of a

word was consolidated by merging all emotions associated with the diverse senses of the

words.

The corpus has had several applications, including: tracking sentiment towards politi-

cians, movies, products, countries, and other target entities (Saif M Mohammad et al. 2013;

B. Pang and L. Lee 2004) and depicting the flow of emotions in novels and other books

(Boucouvalas 2002; Saif M Mohammad 2012).

In the experimental part of my thesis, I will work on the expansion of dictionaries for

Italian: starting from the NRC’s dictionaries, considering that the authors themselves have

highlighted the limitations of dictionaries in languages other than English (Saif M Moham-

mad 2020), I decided to expand them by extracting synonyms from Wordnet and assigning

them, for each emotion, the same values as the starting word.

In Maisto et al. (2021a) and Maisto et al. (2021b), we worked on the automatic classifi-

cation of video game scripts, with an automatic classification algorithm able to provide an

age rating and a genre classification of video games, based on large, specialized dictionaries,

semantic vector spaces, and sentiment analysis. Emotions have been processed through the

exploitation of the NRC Affect Intensity Lexicon. In that case, the original list of words,

available for both the English and the Italian language, has been lemmatized and inflected.

The enriched lexical database contained more than 20,000 entries (9,921 English and 10,334

Italian lemmas). Specifically have been taken into account only the negative emotions (fear,

anger, and disgust), since these indicators, combined with the other dictionaries, can pro-

duce a value that can be used as an index of the presence/absence of specific features inside

the texts.

Another relevant approach in the field of emotion classification is DEGARI (Dynamic

Emotion Generator And Reclassifier), introduced by Lieto et al. (2021). This system in-

tegrates commonsense reasoning and conceptual blending with Plutchik’s emotion model

and the NRC lexicon for emotion detection and classification. DEGARI distinguishes itself

from lexicon-based approaches by leveraging structured knowledge-based reasoning to infer

complex emotional states rather than relying solely on word frequency and predefined lexical

entries. It dynamically generates new commonsense representations of compound emotions

(e.g., Love as a combination of Joy and Trust, as defined by Plutchik) and applies them

to content classification tasks. DEGARI has been successfully used to reclassify emotion-

upenn.edu
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related contents in artistic domains, including datasets from art collections and multimedia

platforms such as RaiPlay, the Italian national broadcaster’s digital content service. The

system’s explainability component allows for a transparent assessment of its classifications,

making it a valuable tool for contexts where human interpretability is crucial.

While DEGARI represents a state-of-the-art system in emotion analysis, its methodology

differs from more traditional lexicon-based approaches, which rely on pre-annotated word

lists and frequency-based scoring. In contrast, DEGARI enriches sentiment analysis through

ontology-driven reasoning and conceptual combination techniques.

Mohammadi et al. (2023) used deep neural network models to accurately predict the

range of human emotions experienced while watching movies. They focused on visual,

and auditory components, speech, and music, and also linguistic elements encompassing

actors’dialogues. To extract linguistic features, authors used BERT, finding that language

significantly influences experienced arousal (the intensity or excitement level of an emotion),

while sound emerges as the primary determinant for predicting valence (whether an emotion

is positive or negative). In contrast, the visual modality exhibits the least impact among all

modalities in predicting emotions. These findings support the central idea of my thesis: that

text is a fundamental aspect to be leveraged in an automatic classification system for online

multimedia content. In their case, bidirectional linguistic semantic data was extracted from

the subtitles of each movie. They applied a pre-processing step to remove stop words and

employed BERT and Word2Vec to embed each word from the subtitles and understand the

relationships between words, the meaning of sentences, and the structure of the subtitle

text. The authors inspected diverse combinations of modalities (video, sound, and text),

and each modality was treated as a separate input to the architecture in this way the authors

have obtained information on the effectiveness of each modality in capturing and predicting

emotions. As said, text features provide a classification accuracy for arousal emotion labels

higher than the other modalities (image and motion) confirming that text features, such

as the semantic content derived from subtitles, play a more important role in conveying

information related to arousal emotions.

A methodology for creating Italian-specific resources that is scalable and therefore ap-

plicable to new languages and expandable was presented in Passaro et al. (2015) where the

authors proposed an emotion lexicon for Italian called ItEM. In their lexicon, each target

term was provided with an association score with eight basic emotions. ItEM was not a

static lexicon but provides also a dynamic method to continuously update the emotional

value of words, as well as to increment its coverage. The lexicon required a minimal use of

external resources to collect the seed terms, a little annotation work to build the lexicon;

and its update is mostly automatized.

Another interesting work worth mentioning is the work of Kant et al. (2018), who have
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demonstrated that large-scale unsupervised language modeling combined with fine-tuning

can offer a solution to multi-emotion sentiment classification on difficult datasets. Their

model achieved a 0.69 F1 score on the SemEval Task 1:E-c multi-dimensional emotion clas-

sification problem (S. Mohammad et al. 2018)7, based on the Plutchik wheel of emotions

(Plutchik 1984).

A focused study was conducted on works related to the understanding of emotion dyads

that is combinations of emotions (Rachele Sprugnoli et al. 2020). Although emotion dyads

were not included in this specific thesis work, they could be considered for future develop-

ments, based on the research described in Section 0.4. Given the relative lack of research

on emotion dyads, as highlighted by Saif M Mohammad and Turney (2013a), exploring this

area could help address an existing gap in the literature and provide valuable insights for

more nuanced emotion classification models.

Pearl and Steyvers (2010) focused on politeness, rudeness, embarrassment, formality, per-

suasion, deception, confidence, and disbelief by developing a game-based annotation project;

Belainine et al. (2020) worked on complex emotions, in their paper proposed a new dataset

for complex emotion detection using a combination of several existing corpora to represent

and interpret complex emotions based on Plutchik’s theory. They proved that a rich emo-

tional corpus facilitates the detection of complex emotions. Their goal was to create an

emotion classifier capable of detecting complex emotions based on implicit rules to detect

either an emotion like joy or sadness but not both at the same time. The process con-

sisted of three phases: (1) collection of annotated data; (2) detection of basic emotions and

representation with a four-dimensional emotion vector and (3) learning and interpretation

of complex emotions using multi-label classification. All eight basic emotions according to

Plutchik’s theory are considered, plus three complex emotions: love (Joy + Trust), guilt

(Fear + Joy), and shame (Fear + Disgust).

Even if there is no direct correlation between the emotions and the age to which multime-

dia content refers, in this thesis the analysis of emotions is useful because the identification

of the emotions present in the text, especially negative emotions, could be additional infor-

mation that allows you to identify the presence or not of certain elements. For example:

splatter (disgust), frightening (fear), or elements of violence (anger) are also reported in the

AGCOM resolution (2017) as determining elements of the target audience of a given con-

tent. In the annex to the resolution, which explains the meaning of threats, is reported as

follows: per "minacce" deve intendersi la presenza di contenuti suscettibili di includere nello

spettatore stati di tensione emotiva, paura, angoscia derivate dalle dinamiche strutturali del

racconto ("threats" must mean the presence of content likely to include in the viewer states

of emotional tension, fear, anguish derived from the structural dynamics of the story). These
7The SemEval Task 1:E-c problem (S. Mohammad et al. 2018) offers a training set of 6,857 tweets, with

binary labels for the eight Plutchik categories, plus Optimism, Pessimism, and Love.
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indicators, combined with other dictionaries, can produce a value that can be used as an

index of the presence/absence of specific characteristics within the texts.

1.6 Previous Research on Text Complexity

For assessing age-appropriate content, it is valuable to review studies examining the com-

plexity of text associated with multimedia content shared online. Text complexity serves as

an additional factor enhancing automated classification systems aimed at determining the

suitable age group for specific content. Importantly, even when texts related to videos lack

explicit inappropriate language, they may be unsuitable for young audiences due to inherent

complexity.

In relation to assessing the suitability of multimedia content for children Eickhoff and de

Vries (2010) conducted a study on the suitability of websites for children. Their automatic

classifier reached a performance close to that of human agreement. The dataset for the work

was acquired using the Open Directory Project8, which is an Internet directory created es-

pecially for children and teenagers. It includes both sites designed specifically for children

and/or teens as well as sites designed for general audiences. In this Internet directory, the

Kids & Teens section contains web pages annotated by human annotators according to the

following criteria: kid (12), teen (13-15), and mature teen (16-18). The authors extracted a

training set of 20,778 web pages (6,225 for children and 14,553 for adults) from a range of

1,350 distinct topics. Authors expected child-friendly web pages to rely on language use and

general design of textual resources that respect these specific aspects: shallow features as a

measure of syntactic text complexity, examples of features in this category are the average

number of words per sentence, the number of complexes (3+ syllables) words, or the average

word length; readability scores; part-of-speech features since there are syntactic differences

between adult and children’s texts on a higher linguistic level than could be captured by

mere shallow features; entity occurrences because children’s text also semantically simpler

than general text; OOV rates since child-friendly websites have simpler text structure in

terms of shorter sentences containing less named entities, but also the use of more basic

language. To reflect this difference, the authors constructed 7 distinct vocabularies of the

most frequent/most basic English words since they expected that the texts for children com-

monly use a smaller and simpler range of words, they also used an additional vocabulary of

academic terms for which the opposite tendency is expected; Wiktionary features, according

to the authors, also are a possible way of capturing textual complexity such as the ambi-

guity of the words; Presentation since child-friendly websites should be presented in a way

that is appealing to children for example with the use of videos, images and colours; HTML

features since scripts were expected to be an indicator of child-friendliness; visual features
8Directory of Kids and Teens Resources in http://odp.org/Kids_and_Teens/
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since child-friendly web pages often rely on great numbers of images to convey their message;

navigational given that research in the topical classification of web pages has found that a

page’s neighbors are strong indicators of its topic, moreover children prefer to explore and

browsing over searching; link neighborhood features in order to analyze a web page’s out-

going links. Authors also do ethical considerations, in particular as regards advertisement

because, as stated in the ODP’s content guidelines, child pages should not be commercial.

Gossen and Nürnberger (2013) in a work about the importance of understanding how

to design information retrieval systems for children, described the basic theories of human

development to explain the difference between young and adult users from a point of view

cognitive, emotional, and knowledge. When it comes to children it is important to consider

that there is a need to target very narrow age groups, children, are human beings whose cog-

nitive abilities are not fully formed. Piaget and Inhelder (1972) and after Ormord and Davis

(1999) have reflected on the differences in human abilities at different age stages, claiming

that human development occurs in sequential order and later abilities and knowledge are

built upon the previous ones. Piaget has theorized four developmental stages: sensorimotor

(0-2 years) during which the child begins to recognize cause-and-effect relationship but is

not yet able to think about objects other than those directly in front of it (Ormord and

Davis 1999), pre-operational (2-7 years) during which child learn to use language and have

illogical thinking and difficulties in classification, concrete operational (7-11 years) during

which children use trial and error approach and begin to think logically, their understanding

is eliminated but can classify objects (Ormord and Davis 1999) and formal operational (from

11 years on) during which learn to think logically about abstract concepts and learn about

hobbies. Gossen and Nürnberger (2013) specifies that the neo-Piagetian explained cognitive

growth from an information processing perspective. They underlined that children’s infor-

mation processing requires much more memory work. As the child grows up, he acquires

new information by completing various tasks and therefore an older child needs less time to

process the information.

In this regard, as Gossen and Nürnberger (2013) also pointed out, it was useful to create

child-safe content, it can be done automatically with ML techniques such as classification

to identify inappropriate content. It must be considered that text or web documents can be

written using language complexity, so providing safe content is not enough: children should

also be able to understand the meaning (Gossen and Nürnberger 2013).

In the context of this thesis, text complexity was addressed in a preliminary experiment,

applying an initial metric to evaluate vocabulary frequency through resources like the Nuovo

vocabolario di base (NVdB) (New Basic Vocabulary) of De Mauro for Italian and the Ox-

ford 3000 for English. While this approach offers valuable insights, it has limitations, as it

considers vocabulary alone, without accounting for syntactic factors. Future work could en-
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hance this metric by developing a value-age association scale to better align text complexity

with age-specific needs. This thesis builds on established research, laying the groundwork

for refined complexity assessment methods tailored to age-appropriate multimedia content.
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Chapter 2

Methodology and resources

2.1 Rating of multimedia content

The methodology of this research is centered on a comprehensive evaluation of the perfor-

mance of various advanced classification methods, including traditional classification algo-

rithms, NNs, Transformers, and LLMs. The research also focuses on the automatic iden-

tification of linguistic indices and a semantic classification of texts related to multimedia

content shared online. The research was conducted in English and Italian.

The goal of evaluating the classifiers on this specific task, along with the lexical and

semantic analysis, is to determine the best method, or combination of methods, to classify

multimedia content based on the age of the intended audience. The results of this research

could potentially be applied in fields such as content moderation. Furthermore, the study

conducted on the textual component of the content could be integrated with other elements,

such as images or frames, to develop multimodal classification systems.

The primary focus is always to protect minors and prevent them from being exposed to

inappropriate content. As we saw in Chapter 1, content moderation is a field where there

is still little legislation and a lack of clarity from platforms. In fact, these platforms often

leave it up to the users themselves to classify their content, leading to classification errors,

such as the case mentioned in the previous chapter regarding the "Elsagate" incident.

The first step of the methodology was to build dictionaries for the extraction of indices.

The second step involved creating a corpus of texts for training the models to be tested.

The third step focused on the annotation of the corpora, followed by the fourth step, which

concerned the evaluation of the classifiers. The fifth step was related to semantic analysis,

and the final step concerned lexical analysis.

In this methodology, the input data are multimedia content transcripts, which mainly

contains the dialogues and, in some cases, description of what is happening.
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2.2 Classification algorithms evaluation

The methodology adopted for the evaluation of the classifiers was based on a comparative

approach aimed at identifying the best method, or combination of methods, for classifying

texts related to multimedia content. The ultimate goal of the classification was to determine

the appropriate age group for the intended audience to prevent minors from being exposed

to content that was not suitable for their age.

Metrics such as accuracy, recall, and F1-score were selected to evaluate the performance

of the models, taking into account the specific challenges posed by the linguistic data used.

Given the focus of this research on linguistic data, the selection of classifiers was informed

by a comprehensive review of the state of the art, focusing on approaches that had been

successfully applied in similar tasks.

For traditional ML models (e.g., SVM, NB, DT), pre-processing steps included stop-

word removal using appropriate modules from the NLTK Python library, tokenization, and

text normalization (conversion to lowercase and removal of punctuation). Texts were then

represented numerically using the TF-IDF (Term Frequency-Inverse Document Frequency)

method. The TfidfVectorizer class from the scikit-learn library was used to compute

term frequencies (TF) and apply an Inverse Document Frequency (IDF) transformation to

reduce the weight of terms common across multiple documents. The resulting vectors were

normalized before being used as input for the models.

For NNs, the pre-processed texts were tokenized into sequences of integers using the

Keras Tokenizer, which assigned unique indices to words based on their frequency. These

sequences were standardized to a fixed length and passed through an embedding layer that

converted them into dense vector representations. These embeddings were subsequently

processed by convolutional layers in CNNs or recurrent layers in RNNs, such as LSTMs, to

capture patterns and relationships in the text.

For Transformers and LLMs, tokenization and text representation were managed using

pre-trained tokenizers specific to each architecture, leveraging the models’ inherent ability

to process linguistic data effectively.

To evaluate the models, k-fold cross-validation was employed with k set to 5. The dataset

was divided into five equal parts, with the model trained on k-1 parts and tested on the

remaining fold for each iteration. This process was repeated five times, and the results were

averaged to provide a reliable estimate of model performance.

Bad Words Rule

To improve classification accuracy and adhere to AGCOM guidelines, a lexicon-based rule

was implemented.

Specifically, if a Bad Word was detected in a text labeled as "for kids", the label was
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revised to "for adults". This rule was consistently applied across all tested models to ensure

accurate categorization. As shown in the experimental results (Chapter 3, Table 3.1), this

approach yielded improved performance across all classifiers.

The Bad Words lists for both English and Italian were derived from Discriminative-terms

dictionaries, described in Section 2.4, applying a selection methodology that excluded low-

impact expressions as well as more generic or regionally-used insults. Through this process,

words with a distinctly offensive or discriminatory character were identified, while terms

with colloquial usage or lower levels of intensity were excluded.

This filtering process confirmed that the Bad Words list is indeed a refined and concen-

trated version of the broader insult dictionary, meeting the criteria for focusing on highly

offensive content. The selection was carefully conducted to avoid excessive exclusion, ensur-

ing that only terms genuinely regarded as Bad Words were retained after thorough manual

review. This approach prioritized terms with a clear offensive or discriminatory nature,

creating a list centered on highly impactful language without losing essential entries due to

overly restrictive filtering criteria.

The final Bad Words list, therefore, focuses on direct, high-intensity insults, which are

most relevant to this research.

The list includes a total of 305 entries for English and 459 for Italian. This difference

reflects the distinct lexical and cultural nuances of each language.

2.2.1 Support Vector Machine

The Support Vector Machine1 (SVM) was chosen as one of the classifiers to be tested

for this research. SVM is a supervised ML model that finds the optimal hyperplane that

maximizes the margin between different classes. The margin represents the distance between

the separating hyperplane (decision boundary) and the closest training examples, known as

support vectors (Raschka and Mirjalili 2020).

For this study, SVM was extended to handle multi-class classification problems using

the One-vs-One (OvO) approach, which involves training multiple binary classifiers for each

pair of classes. This method allows the SVM to handle classification tasks with more than

two classes. A total of three binary classifiers were trained: (1) distinguishing between kids

and teenagers, (2) distinguishing between kids and adults, and (3) distinguishing between

teenagers and adults. When classifying a new data point, each of the three binary classifiers

provides a vote for one of the two classes it distinguishes. The final classification of a new

data point was based on the majority vote of these classifiers. This voting mechanism

ensures that the classifier can make a robust decision by leveraging the combined strengths
1Support Vector Machine. In https://scikit-learn.org/stable/modules/svm.html#classification,

last accessed: 2024/06/26.
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of multiple binary classifiers.

To visualize and explore the distribution of the different categories in the dataset, Prin-

cipal Component Analysis2 (PCA) was used as a dimensionality reduction technique. PCA

helps in emphasizing variation in the data and highlights the patterns by projecting the

dataset into a lower-dimensional space.

Support Vector Machines (SVM) are also popular because they can be kernelized. A

kernel is a function that transforms the data into a higher-dimensional feature space to

make the classes linearly separable. These methods are used when a linear classification

is not possible. When this is the case, the training data need to be transformed into a

higher-dimensional feature space through a mapping function. To save computational costs,

the kernel trick is used. Specifically, a kernel function is defined, with the most commonly

used being the Radial Basis Function (RBF) or Gaussian kernel. The parameter gamma

determines the cut-off of the Gaussian sphere (Raschka and Mirjalili 2020).

To ensure optimal performance, hyperparameter tuning was performed using GridSearchCV

with a 5-fold cross-validation, exploring different values for key parameters such as C (reg-

ularization strength) and kernel type. The process involved systematically searching for the

best combination of hyperparameters based on validation accuracy.

The chosen hyperparameters for the SVM model were:

• C = 1 (regularization strength)

• Kernel type = linear

These parameters were selected because they offered the best trade-off between model

complexity (bias) and generalization (variance), ensuring balanced performance across the

dataset.

2.2.2 Naive Bayes Classifier

Naive Bayes methods are a set of supervised learning algorithms based on applying Bayes’

theorem with the “naive” assumption of conditional independence between every pair of

features given the value of the class variable (H. Zhang 2004).

Bayes’ Theorem can be written as:

P (C|X) =
P (X|C) · P (C)

P (X)

where:

• P (C|X) is the posterior probability of class C given the feature vector X.
2Principal Component Analysis (PCA) is a technique used to emphasize variation and bring out strong

patterns in a dataset. It’s often used to make data easy to explore and visualize. In: https://setosa.io/

ev/principal-component-analysis/, last accessed: 2024/06/27.
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• P (X|C) is the probability of the feature vector X given it belongs to class C.

• P (C) is the prior probability of class C.

• P (X) is the probability of the feature vector X.

For this study, the Multinomial Naive Bayes algorithm was used, which is suitable for

discrete data, making it appropriate for text classification where the features represent word

occurrences. This algorithm calculates the probability of each word appearing in a given

category (e.g., kids, teenagers, adults) and uses this information to classify new texts. In this

case, the texts were divided into three categories, and the model computed the probabilities

of the words for each class to make predictions.

Hyperparameters were tuned using GridSearchCV with a 5-fold cross-validation, ensuring

that the best configuration was selected based on validation accuracy.

2.2.3 Decision Tree

Another algorithm that was chosen to be tested as part of this thesis is the Decision Tree

(DT). DTs are a non-parametric supervised learning method used for classification and

regression. The main objective is to create a model that predicts the value of a target

variable by learning simple decision rules inferred from the data features. The model works

by recursively splitting the dataset into subsets based on the feature that provides the best

split according to a metric like Gini impurity or entropy. The splitting process continues

until all the leaves of the tree represent a pure class, meaning that all training examples at

a leaf node belong to the same class (Breiman 2017; Raschka and Mirjalili 2020).

For this study, the DT algorithm was used to classify texts into the three categories:

Kids, Teenagers, and Adults. The tree iteratively selected the features (words) that most

effectively separated the classes in the training dataset. The model evaluated each feature at

every node based on metrics like Gini impurity or entropy, and chose the one that resulted

in the greatest reduction of impurity at each node. This recursive process continued until

the entire decision tree was constructed.

Additionally, hyperparameter tuning was performed using GridSearchCV with a 5-fold

cross-validation. The key parameter tuned in this study was the maximum depth of the tree.

This tuning process ensured that the model did not overfit or underfit the data by controlling

the depth of the tree. GridSearchCV systematically searched for the best configuration of

hyperparameters to maximize validation accuracy across the dataset.

2.2.4 Random Forest

Among the various ensemble models, the Random Forest algorithm was selected for this

task due to its ability to reduce overfitting, which is a common issue with individual decision
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trees. Random Forest can be considered an "ensemble" of Decision Trees, where the idea is

to average the results of multiple trees to create a more robust model that generalizes better

to new data. This ensemble method is less sensitive to overfitting, as it reduces the variance

that individual trees might suffer from, thus improving generalization performance overall

(Raschka and Mirjalili 2020).

During the training of a RF, a random sample with replacement (bootstrap sample)

is drawn from the original training dataset to construct each decision tree. This method,

known as bootstrap aggregation or bagging, ensures that each tree is trained on a slightly

different dataset, which helps to decorrelate the trees. The second step involves growing the

tree from the bootstrap sample. At each node, a subset of features is randomly selected,

and the feature that provides the best split according to an objective function, such as

maximizing information gain, is chosen to split the node. This process is repeated across

multiple decision trees, with the final prediction being determined by a majority vote across

all trees (Raschka and Mirjalili 2020).

In this study, hyperparameter tuning was performed to optimize the performance of

the RF model. The primary hyperparameter of interest was the number of trees, k, which

was set to 300 for English and 200 for Italian, based on GridSearchCV results. Other

hyperparameters, such as the number of features randomly selected for each split and the

size of the bootstrap sample, were set to default values in scikit-learn. Specifically, the

size of the bootstrap sample was equal to the number of training examples in the dataset,

and the number of features selected at each node was calculated as is d =
√
m, where m,

where m is the total number of features in the dataset (Raschka and Mirjalili 2020).

2.2.5 K-Nearest Neighbor

The k-NN algorithm is distinct from the other classifiers tested in this research because it is

a "lazy learner." Unlike models that learn a discriminative function from the training data,

k-NN simply memorizes the dataset and classifies new instances based on similarity to the

memorized data. It is categorized as a non-parametric model, meaning it is not characterized

by a fixed set of parameters, as discussed in 1.3. k-NN is also known as an instance-based

learner, where the training process incurs zero cost, as no explicit model is built. Instead, the

model defers the classification decision until new data is introduced (Raschka and Mirjalili

2020).

The functioning of k-NN can be summarized into three key steps:

1. Select the number of k and a distance metric.

2. Identify the k nearest neighbors of the point to be classified within the training data.

3. Assign the class label to the point based on a majority vote.
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The model classifies new points by finding the k most similar examples in the training set

and assigning the class label that occurs most frequently among these neighbors (Raschka

and Mirjalili 2020).

For this study, the optimal hyperparameters were selected using GridSearchCV. Specif-

ically, the number of neighbors (k) chosen was 7 for English and 9 for Italian. The model

used a ’uniform’ weighting scheme, meaning that all neighbors contribute equally to the

prediction, without giving more weight to those closer to the query point.

2.2.6 Neural Networks

In addition to the previously mentioned models, NNs were also selected for testing, specifi-

cally CNNs and LSTM networks.

A NN is a ML model partially and functionally inspired by the human brain (on the

differences between biological and artificial NN models and mechanisms see Lieto (2021)),

using interconnected layers of artificial neurons to process data and make decisions. Each

NN consists of layers of nodes, or artificial neurons: an input layer, one or more hidden

layers, and an output layer. Each node connects to others and has an associated weight and

threshold. When the output of a node passes through an activation function and exceeds

the threshold, the node is activated and data is passed to the next layer3.

Although CNNs are commonly used for image analysis, they can also be applied to text

classification, as demonstrated in this thesis.

The CNN model was implemented using the TensorFlow and Keras libraries. TensorFlow

is a scalable, multi-platform programming interface for implementing ML algorithms, while

Keras is a high-level NN API that offers a user-friendly and modular interface for rapid

prototyping of complex models (Raschka and Mirjalili 2020).

Unlike simpler ML models, word representation in this case was performed using an

embedding layer. Specifically, each word in the text was converted into a numerical vector

of 64 dimensions, as defined in the embedding layer. This enables the NN to capture more

nuanced relationships between words, going beyond simple frequency-based representations.

For this thesis experiment, the maximum vocabulary size was set to 10,000 words, mean-

ing that only the 10,000 most frequent words in the dataset were considered, while all others

were ignored. Additionally, each text sequence was either padded or truncated to a length

of 100 tokens to ensure uniform input size across all texts. Padding, in this case, involves

adding zeros at the beginning of sequences, ensuring that even the shortest sequences are

100 tokens long, preventing the loss of important information from the edges of the sequence

(Raschka and Mirjalili 2020). This setup strikes a balance between computational efficiency
3Cos’è una rete neurale? in https://www.ibm.com/it-it/topics/neural-networks, last accessed:

2024/09/23.
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and the ability to capture meaningful patterns in the text data.

After the embedding layer, the text data is passed through a convolutional layer, where

filters are applied to the numerical vectors to detect significant patterns within sequences of

words.

Given that the data is sequential in nature, specifically textual data, a Conv1D layer was

chosen for the convolutional layer. Conv1D is particularly well-suited for one-dimensional

sequences, such as sequences of words or characters in text. This layer effectively captures

local patterns, such as common phrases or word combinations, by applying convolutional

filters along the sequence.

A moderate number of filters (64) were used to balance capturing sufficient features while

maintaining computational efficiency. The kernel_size was set to 3, allowing the model to

capture patterns across small groups of words, a common approach in NLP tasks. The ReLU

(Rectified Linear Unit) activation function was used to introduce non-linearity, enabling the

model to learn more complex patterns from the data.

To reduce computational complexity, a GlobalMaxPooling1D layer was employed. Pool-

ing layers, or subsampling, reduce the dimensionality of the input by selecting the most

important features4. Specifically, GlobalMaxPooling1D selects the most important features

from the entire text sequence by taking the maximum value, unlike GlobalAveragePooling,

which averages values. Furthermore, unlike regular MaxPooling, which operates on small

regions of text, GlobalMaxPooling applies to the entire sequence (Raschka and Mirjalili

2020).

The final layer of the model is a Dense layer with 3 neurons, each representing one of the

target classes. A softmax activation function was applied to transform the raw output into

a probability distribution. The softmax ensures that the sum of the probabilities across all

three classes equals 1, with the highest probability indicating the predicted class.

In addition to CNNs, Recurrent Neural Networks (RNNs) were also tested, as mentioned

earlier. RNNs work with sequential data and are typically used in NLP. Unlike other NNs,

the output of RNNs depends on the previous elements in the sequence. Another key feature

of RNNs is that they share parameters across every layer5.

Specifically, the LSTM network, introduced by Hochreiter (1997), was tested. LSTMs

account for long-term dependencies by using cells in the hidden layers equipped with three

gates—an input gate, an output gate, and a forget gate—that control the flow of information

necessary to predict the output (Raschka and Mirjalili 2020).

Like the CNN model, the LSTM was implemented using TensorFlow and Keras. The
4Cosa sono le reti neurali convoluzionali? in: https://www.ibm.com/it-it/topics/

convolutional-neural-networks, last accessed: 2024/24/09.
5Cosa sono le reti neurali ricorrenti? in: https://www.ibm.com/it-it/topics/

recurrent-neural-networks, last accessed: 2024/09/30.
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embedding layer plays a key role in representing words as numerical vectors, mapping each

word to a 64-dimensional vector to capture semantic relationships within the text.

The pre-processing steps for the LSTM mirrored those for the CNN model: a vocabulary

limit of 10,000 words and sequences padded or truncated to 100 tokens. This ensured

consistency across all input sequences and allowed both models to learn from the same

structured data.

The main difference between the models lies in how they handle text sequences. CNNs

excel at capturing local patterns, while LSTMs are designed to capture long-term depen-

dencies. The LSTM layer consists of 64 units, each equipped with memory cells and gates

that regulate the flow of information, allowing the network to selectively retain or discard

information over longer sequences (Raschka and Mirjalili 2020).

After the LSTM layer, a fully connected Dense layer with 64 units and ReLU activation

function is applied, similar to the CNN structure. The final layer, as with CNN, is a Dense

layer with 3 neurons, each representing a target class, using softmax activation to output a

probability distribution across these categories.

In addition to the LSTM, a BiLSTM model was also tested. The BiLSTM processes

text sequences in both directions—forward and backward—by combining two LSTM layers

running in opposite directions. This allows the model to capture context not only from past

words but also from future words in the sequence, making it particularly useful in tasks

where the meaning of a word is influenced by both its preceding and succeeding context6.

2.2.7 Transformers

Following the evaluation of NN models, the analysis was extended to include key Transformer

models to gain further insights into their performance on this classification task.

The transformer architecture, introduced by Google researchers in 2017, is based on the

concept of multi-head attention. It processes text by converting it into numerical repre-

sentations, called tokens, which are then transformed into vectors via a word embedding

table. The transformer uses a multi-head attention mechanism to contextualize each token

in relation to others within the sequence, emphasizing key tokens while de-emphasizing less

relevant ones (Vaswani et al. 2017).

The models tested in this study were imported from the Hugging Face7 Transformers

library, which offers a wide range of pre-trained transformer models. To handle the ten-

sor operations and data calculations, PyTorch was used, while performance metrics were

computed using Scikit-learn.

To ensure consistency across all models, key parameters were fixed: the number of epochs

was set to 3 (since further increases showed no performance improvement), the batch size
6Bidirectional LSTM, in: https://paperswithcode.com/method/bilstm, last accessed: 10/03/2024
7Hugging Face: https://huggingface.co/huggingface
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was 8 for training and 16 for evaluation to optimize GPU usage (T4 on Google Colab), and

the number of warm-up steps was set at 500. A weight decay of 0.01 was applied to prevent

overfitting by penalizing large weights.

To adapt these pre-trained models for the specific task, fine-tuning was performed using

the corpora described in Section 2.5. The K-fold cross-validation method was used, with

the dataset divided into five folds. For each iteration, four folds were used for training and

fine-tuning, while the remaining fold was reserved for testing. This process was repeated

for all folds, ensuring each part of the dataset was used for both training and testing across

different iterations.

The first model tested was BERT, which stands for Bidirectional Encoder Represen-

tations of Transformers, introduced in 2018 by researchers at Google. BERT represents

text as a sequence of vectors through self-supervised learning, utilizing the encoder-only

architecture of the transformer model (Devlin et al. 2018).

For this classification task, the pre-trained BertForSequenceClassification model was

imported from the Hugging Face Transformers library and fine-tuned on the specific corpus.

Text was converted into vectors using BERT’s tokenization mechanism, which is based

on WordPiece tokenization8. This approach splits out-of-vocabulary words into smaller,

more common sub-units that are often reusable across words. This technique allows the

model to handle new or rare words effectively, preserving context and ensuring an accurate

representation without requiring an extensive vocabulary.

To ensure optimal model performance, preliminary tests were conducted to determine

whether the cased or uncased versions of BERT and related models would yield better results.

As will be discussed in section 3.3, these tests revealed minimal differences, informing the

choice of version for the final analysis.

The bert-base-cased model was selected, and tokenization was performed using Bert-

Tokenizer, also from the Transformers library. The model was fine-tuned for both English

and Italian text.

Preliminary tests were also conducted to assess the impact of applying the "bad words"

filter, which had been used in prior models. The results showed that for English, performance

remained consistent with or without the filter, whereas for Italian, the application of the

filter led to a consistent improvement in accuracy. Based on these findings, the bad-words

filter was applied to all reported results.

To address the language issue, the multilingual version of BERT (mBERT9), specifically

bert-base-multilingual-cased, was included in the analysis. This model, trained on 104

languages, including Italian, was chosen to potentially improve performance on Italian texts
8WordPiece tokenization in https://huggingface.co/learn/nlp-course/en/chapter6/6, last accessed:

2024/10/07.
9BERT Multilingual: https://huggingface.co/google-bert/bert-base-multilingual-cased
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by leveraging its multilingual training.

The selection of additional models to test was guided by prior studies on children’s safety

on YouTube, as referenced in Chapter 1. Many studies reported satisfactory results using

DistilBERT10, a smaller, faster, and more efficient variant of BERT developed through dis-

tillation of the base BERT model (Sanh 2019). DistilBERT has 40% fewer parameters than

bert-base-uncased, operates 60% faster, and retains over 95% of BERT’s original perfor-

mance, making it well-suited for this task.

For this study, the pre-trained distilbert-base-cased model from the Hugging Face

Transformers library was used, and fine-tuned on both English and Italian texts in the

corpus. The DistilBERT tokenizer, based on WordPiece tokenization, was used to convert

the text into vectors, and as with other models, the bad-words filter was applied.

Another model tested in this study was RoBERTa11 (Y. Liu 2019), a Transformer-based

architecture developed as a variant of BERT with modified hyperparameters. RoBERTa

removes the next-sentence prediction objective and uses larger mini-batches and higher

learning rates during training, which enhances its performance in certain tasks. For this

study, the pre-trained RoBERTaForSequenceClassification model from the Hugging Face

Transformers library was used. This model is specifically designed for sequence classification

tasks.

The text was tokenized using the AutoTokenizer, which applies byte-level Byte-Pair

Encoding12 (BPE) to tokenize words into subword units. This encoding method efficiently

handles rare and unknown words by breaking them down into smaller, more common units.

Initially, the tokenizer starts with a vocabulary of individual characters, merging the most

frequent pairs of characters or subwords to form new tokens until reaching the predefined

vocabulary size.

For model evaluation, a 5-fold cross-validation strategy was employed, shuffling the data

with a consistent random seed to ensure reproducibility. The cross-validation provided

averaged precision, recall, and F1 scores across folds, giving robust metrics for each class.

An accuracy score was calculated as the mean across folds. Inappropriate language detection

was also applied to this model to adjust classification when necessary.

To enhance classification performance specifically for Italian, several Transformer-based

models fine-tuned for Italian language tasks were selected. These included dbmdz/bert-base-

italian-cased13 and dbmdz/electra-base-italian-xxl-cased14 discriminator, both de-

veloped by the MDZ Digital Library team at the Bavarian State Library. These models draw
10DistilBERT: https://huggingface.co/docs/transformers/model_doc/distilbert
11RoBERTa: https://huggingface.co/docs/transformers/model_doc/roberta
12BPE: https://huggingface.co/learn/nlp-course/chapter6/5
13dbmdz Italian Bert: https://huggingface.co/dbmdz/bert-base-italian-cased
14Electra: https://huggingface.co/dbmdz/bert-base-italian-cased
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from substantial Italian corpora, including the OPUS15 collection and the OSCAR16 cor-

pus, making them well-suited for tasks requiring nuanced understanding of Italian language

contexts. The Italian ELECTRA model was trained on the XXL corpus for 1 million steps,

using a batch size of 128.

For the classification task, the BERT-based model (dbmdz/bert-base-italian-cased)

and the ELECTRA-based model (dbmdz/electra-base-italian-xxl-cased discriminator)

were fine-tuned using the Transformers library. The BertTokenizer and ElectraTokenizer

were applied to tokenize text into subword units, enabling efficient handling of rare or com-

pound words by breaking them into smaller components.

Additionally, other Italian-specialized Transformer models were tested: AlBERTo17 (Polig-

nano et al. 2019), designed for Italian social media text, specifically on Twitter, and two

RoBERTa-based models, GilBERTo18 and UmBERTo19 (Parisi et al. 2020). GilBERTo is an

Italian pre-trained language model based on Facebook RoBERTa architecture and Camem-

BERT text tokenization approach. UmBERTo is a Roberta-based Language Model trained

on large Italian corpora and uses two innovative approaches: SentencePiece and Whole Word

Masking. Each of these models was fine-tuned on the corpus using a 5-fold cross-validation

strategy for robust evaluation, with the “bad words” detection mechanism integrated to im-

prove classification reliability. Results for each model were evaluated across several metrics,

including precision, recall, and F1-score, for all three target categories.

2.2.8 Large Language Models

In the scope of this work, an analysis of LLMs was considered appropriate to gain insights

into their performance on this specific classification task. Three models—Flan-T5, GPT-2,

and Minerva—were selected to assess their effectiveness. Given their recent advancements,

LLMs leverage a transformer architecture (Vaswani et al. 2017) that processes vast amounts

of text data, capturing complex contextual relationships within language. This architecture,

combined with billions of parameters, enables LLMs to perform a wide range of tasks, from

text comprehension to generation. Typically, these models are pre-trained through self-

supervised or semi-supervised learning, allowing them to predict missing parts of sentences

or generate text from prompts, making them highly adaptable for general-purpose language

applications20.
15OPUS corpora: https://opus.nlpl.eu/
16OSCAR corpus: https://oscar-project.org/
17AlBERTo, https://github.com/marcopoli/AlBERTo-it?tab=readme-ov-file
18GilBERTo, https://huggingface.co/idb-ita/gilberto-uncased-from-camembert/blob/main/

pytorch_model.bin
19UmBERTo https://github.com/musixmatchresearch/umberto
20Better language models and their implications, in https://openai.com/index/

better-language-models/, last accessed: 2024/10/16.
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For each model, fine-tuning was preferred over prompting techniques to ensure consistent

comparisons across the dataset. These models were fine-tuned on the custom corpus created

for this study, ensuring optimal alignment with the classification task. The selection of these

models was also influenced by API availability and hardware capabilities, specifically the

Tesla T4 GPU with 16 GB RAM.

To ensure uniformity across models, the same fine-tuning parameters were applied for

each LLM tested. The training process for each model involved 8 epochs and batch sizes of

8 for training and 16 for evaluation, which allowed for a fair comparison by standardizing

the training conditions. Additional parameters, including 500 warmup steps, a weight decay

of 0.01, and logging every 10 steps, were consistently applied. Evaluation was conducted

after each epoch, and 5-fold cross-validation was used to assess performance robustness.

Moreover, the bad words detection filter was included in each model, ensuring that

inappropriate language was flagged and reclassified as necessary, a decision made following

a preliminary test, which will be discussed in section 3.4. This standardized setup across

all tested LLMs helps in understanding each model’s relative effectiveness in handling this

classification task.

Flan-T521, an enhanced version of T5 (Raffel et al. 2020), was fine-tuned for a mixture

of tasks (Chung et al. 2024). For the classification task, the Flan-T5 small model was con-

figured using Hugging Face’s AutoModelForSequenceClassification and AutoTokenizer

for proper text tokenization.

Another model tested was the OpenAI GPT-222 model, introduced by Radford et al.

(2019). GPT-2 is a large, unidirectional transformer with 1.5 billion parameters, pre-trained

on a language modeling task using approximately 40 GB of text data, drawn from a corpus

of 8 million web pages. Although GPT-2 was primarily trained to predict the next word in a

sequence, Its potential for sequence classification was explored by applying fine-tuning to the

target task. Tokenization was conducted using the GPT-2 tokenizer via the AutoTokenizer

class from the Hugging Face Transformers library.

The final model, Minerva, was pre-trained on Italian by Sapienza NLP23 in collaboration

with FAIR24 and CINECA25. Each Minerva model was trained on an extensive dataset of

online and documented Italian and English sources, totaling over 500 billion words, the

equivalent of more than 5 million novels.

For this experiment, the Minerva-350M-base-v1.0 model was selected. Tokenization

was performed using the AutoTokenizer from Hugging Face’s Transformers library, specifi-

cally configured for the Minerva model.
21Flan T5: https://huggingface.co/docs/transformers/model_doc/flan-t5
22OpenAI GPT-2: https://huggingface.co/docs/transformers/model_doc/gpt2
23Sapienza NLP: https://nlp.uniroma1.it/
24FAIR: https://fondazione-fair.it/
25CINECA: https://www.cineca.it/it

51

https://huggingface.co/docs/transformers/model_doc/flan-t5
https://huggingface.co/docs/transformers/model_doc/gpt2
https://nlp.uniroma1.it/
https://fondazione-fair.it/
https://www.cineca.it/it


2.3 Semantic Analysis

The second experiment carried out in this work focuses on the classification of online multi-

media content using a semantic approach. This type of analysis allows for result comparison,

while also exploring an unsupervised classification approach closely related to the semantics

of the texts. This experiment is valuable for thoroughly exploring various possibilities in

classifying online multimedia content. The analysis was carried out on English and Italian

content, using distinct resources customized for each language.

Specifically, the Word2Vec word embedding model was used to identify the words most

semantically similar. For Italian, the model was trained on the PAISÀ corpus (Lyding et

al. 2014), a comprehensive collection of approximately 380,000 Italian-language documents

sourced from websites protected by Creative Commons licenses, totaling around 250 million

words. Of these, about 260,000 documents come from Wikipedia, approximately 9,300

from Indymedia, and around 65,000 from blogs. For English, the British National Corpus

(BNC) (Leech 1992) was used, containing 100 million words spanning a wide range of genres,

including spoken, fiction, magazines, newspapers, and academic texts. Before training the

models, tests were conducted to determine the appropriate level of pre-processing to apply

to the texts. After conducting various tests with more intensive pre-processing methods,

it was ultimately decided to apply only tokenization to the corpus in order to preserve the

essential information within the texts.

A distributional semantic matrix was used to extract similarity values between words and

identify the nearest neighbors of the most frequent terms in each transcript. This choice

allowed for an analysis independent of predefined context, which would otherwise be required

when testing a pre-trained model. However, this context-independent approach could pose

a challenge for future project developments.

The Gensim26 library was chosen to implement the Word2Vec model. For this analysis, a

fixed set of parameters was used, which included a window size of 5 (indicating the maximum

distance between the current and predicted words within a sentence), a minimum word

frequency count of 5, four workers for parallel processing, and five training epochs. This

configuration ensured consistency across both English and Italian corpora, with each word

represented by 100 vectors, preserving the desired semantic depth for analysis.

The window size, set to 5, defined the maximum distance between the current and

predicted word within a sentence, while the min_count parameter set a minimum frequency

threshold for words to be included in the model27.

Additionally, a comprehensive pre-processing pipeline was applied to the corpus: texts
26Gensim: https://radimrehurek.com/gensim/models/word2vec.html
27A Dummy’s Guide to Word2Vec, in https://medium.com/@manansuri/

a-dummys-guide-to-word2vec-456444f3c673, last accessed: 2024/07/18.
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were converted to lowercase, punctuation was removed, and English and Italian stopwords

were eliminated using the NLTK28 library. Tokenization and lemmatization were then per-

formed with the SpaCy library.

The process of classifying multimedia content involved various features related to different

aspects of the material, such as the language used in dialogues and the presence of themes

like violence, drugs, or gambling. While some of these features are linked to the visual or

non-linguistic dimension—which cannot be assessed through linguistic analysis alone—this

study focuses exclusively on the linguistic attributes of each text.

Ultimately, a lexical analysis was conducted to automatically identify the presence of

certain relevant themes in the texts, aiming to evaluate the content’s suitability for a younger

audience. For this purpose, three specific indicators were selected: Bad Language, Violence,

and Drugs, which are critical for determining the themes addressed within the texts.

The lexical analysis was performed using specialized dictionaries for each indicator.

These dictionaries, developed specifically for this research, allowed for the identification

of the frequency and distribution of key terms associated with each selected theme within

the corpus. This approach involved measuring both the absolute and relative frequencies of

each indicator term, enabling a score to be assigned to each text based on the presence of

the selected indicators.

The scores obtained were then used to classify the content automatically and were sub-

sequently compared with manual annotations made during the corpus preparation phase.

This comparison helped evaluate the accuracy of the lexical analysis and identify potential

issues, such as ambiguous terms.

2.4 Construction of electronic dictionaries

The extraction of indices for Violence, Bad Language, and the presence of Drugs in texts is

performed by searching for specific lexical indicators within the texts. These indicators are

stored in electronic dictionaries.

The dictionaries for English, described in Maisto et al. (2021a,b), were developed during

a previous project that I conducted. These dictionaries were expanded using the COALS

algorithm and leveraging the BNC. This expansion increased each dictionary’s word count by

adding the ten most semantically similar words for each entry. The expansion was achieved

using a Distributional Semantic Matrix produced by COALS (Rohde et al. 2006), applied

to the BNC (Leech 1992). COALS is a word-based distributional semantics approach that

leverages Pearson Correlation on word co-occurrence vectors to compute the conditional

association between word pairs, and it has demonstrated excellent results across a range of

semantic tasks (Jurgens and Stevens 2010).
28NLTK: www.nltk.org/
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We employed COALS to extract semantically similar terms for each basic entry in the

dictionaries. However, as many of the resulting terms were not relevant to the dictionary’s

focus, a manual verification process was necessary to eliminate common or ambiguous words

that could lead to inaccurate outcomes.

All dictionaries were subsequently updated and manually reviewed for the specific pur-

pose of this thesis. For Italian, however, some dictionaries, such as those for slang, discrim-

inatory terms, and drugs, were built from scratch by exploring various resources. Others,

such as the violence dictionary, were derived by automatically translating the English dic-

tionaries using Google Translate’s API.

The dictionaries were created by examining and extracting terms from resources pub-

lished on various web pages and online thesauri, including urbandictionary.com, wikipedia.

com, urbanthesaurus.org, and slengo.it.

After preliminary tests, it was decided not to expand the Italian dictionaries, opting

to keep them more contained and selective to avoid ambiguity and prioritize higher preci-

sion. Although this choice limited lexical coverage, it ensured that the Italian dictionaries

remained more focused.

In the literature, various lexicons have been developed for detecting offensive and dis-

criminatory language, such as HurtLex (Bassignana et al. 2018), a multilingual lexicon

containing offensive, aggressive, and hateful words in over 50 languages. This lexicon cate-

gorizes words into 17 classes, along with a macro-category indicating whether a stereotype

is involved. However, in this study, custom dictionaries were created from scratch instead

of relying on general-purpose resources like HurtLex. This decision was made to ensure

that the dictionaries were specifically tailored to the scope of this research and to minimize

lexical ambiguity during classification. One of the challenges of using broad lexicons is that

they often include terms that can appear in neutral or non-discriminatory contexts, po-

tentially increasing false positives. For instance, in HurtLex’s OM category (words related

to homosexuality), terms such as finocchio (fennel), ragazzo (boy), diverso (different), and

strano (strange) are included, despite having multiple meanings unrelated to discrimina-

tion in Italian. Given the focus of this study, creating dedicated dictionaries allowed for a

more controlled selection of terms, prioritizing precision while acknowledging the inherent

challenges of lexical ambiguity.

As will be discussed in Section 3.5.3, this approach confirms the initial hypothesis: While

the expanded English dictionaries show broader term coverage, they suffer from lower pre-

cision due to false positives. In contrast, the Italian dictionaries, being more streamlined,

demonstrate higher precision but somewhat lower recall. These experimental results under-

score the importance of balancing coverage and accuracy when creating specialized lexicons,

suggesting that future work could focus on refining both sets of resources to better manage
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ambiguity and improve overall reliability.

The dictionaries include both single words and Multi-Word Expressions (MWEs), which

enhance the performance of semantic tagging, as MWEs are generally less ambiguous.

The characteristics of the four dictionaries are as follows:

• Slang Dictionary: This dictionary includes vulgar slang terms generally associated

with offensive language, featuring unambiguous insults and derogatory terms, partic-

ularly those related to discrimination or topics such as sex and sexism.

A brief excerpt from the English insult dictionary:

’o’ face, anal, ass, bufu, blowjob, bondage, fetish, fingering,

fisting, french kiss.

A brief excerpt from the Italian insult dictionary:

affanculo, allocco, anale, analmente, arteriosclerotico, babbeo,

bagascia, bagascione, baggiano, baldracca, bamboccio.

• Violence Dictionary: This encompasses terms connected to violence, including ref-

erences to weapons, war-related terminology, and similar themes.

A brief excerpt from the English violence dictionary:

attack, conflict, detest, fight, h8, hate guts, hate on hate with

a passion, injure, injury, kill.

A brief excerpt from the Italian violence dictionary:

abuso, addestramento, aereo da guerra, aggirarsi furtivamente, aggressione,

aggressività, aggressore, agitatore, allerta, anarchia.

• Drug Dictionary: This dictionary contains general terms, commercial and scientific

names of drugs, as well as slang terms commonly used to refer to them.

A brief excerpt from the English drug dictionary:

amyl nitrite, amphetamine, joint, marijuana, methylphenidate, pookie,

pentobarbital, r-ball, roofies, weed.

A brief excerpt from the Italian drug dictionary:

allucinogeni, anfetamine, barbiturici, canna, cannabis, chetamina,

cocaina, codeina, crack, ecstasy.

• Discriminatory Terms Dictionary: This focuses on words related to discrimination

based on sexuality, ethnicity, regional identity, or religion.

A brief excerpt from the English discrimination dictionary:
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boogie, burrhead, charlie, chukhna, greaser, haji, macaca, nipper,

ogay, okie.

A brief excerpt from the Italian discrimination dictionary:

barbaro, beduino, beota, bifolco, checca, deficiente, frocio, guercio,

mona, mongoloide.

For this analysis, two sets of four dictionaries were used for each language, resulting in

a total of eight dictionaries. In Table 2.1 and Table 2.2 are showed the dimension of each

dictionary, for English ones and Italian ones.

Name Number of entries

Dictionary of Slang and Insults 6612

Dictionary of Violence-related terms 507

Dictionary of Drugs 737

Dictionary of Discriminative-terms 728

Table 2.1: List of English Electronic Dictionaries.

Name Number of entries

Dictionary of Slang and Insults 636

Dictionary of Violence-related terms 490

Dictionary of Drugs 137

Dictionary of Discriminative-terms 93

Table 2.2: List of Italian Electronic Dictionaries.

2.4.1 Expansion and Translation of the NRC Emotion Intensity

Lexicon

Another aspect of this research focused on adapting emotion lexicons to identify whether

specific negative emotions, such as anger, sadness, disgust, and fear, are expressed within

the language of the analyzed content. These emotional indicators are essential for refining

classification criteria. According to AGCOM guidelines, content that is shocking (disgust)

or horror-based (fear) must be classified as suitable only for audiences over eighteen years

of age.

Emotions have been analyzed using the NRC Emotion Intensity Lexicon (NRC-EIL)

(Saif M. Mohammad 2018). The NRC-EIL29, formerly called NRC Affect Intensity Lexicon
29https://saifmohammad.com/WebPages/AffectIntensity.htm
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(NRC-AIL), is a lexicon of English words with real-valued intensity scores for eight basic

emotions (anger, anticipation, disgust, fear, joy, sadness, surprise, and trust).

In Maisto et al. (2021a,b), the original word list, available in both English and Italian,

underwent lemmatization and inflection, resulting in an expanded lexical database with over

20,000 entries (9,921 in English and 10,334 in Italian). Each entry is associated with one of

Plutchik’s eight primary emotions (Plutchik 1984) and annotated with an intensity score,

ranging from 0 (lowest emotional expression) to 1 (highest emotional expression).

The NRC EIL Lexicon provides affect annotations for English words. While some cul-

tural differences exist, previous studies suggest that many affective norms show a degree

of stability across languages. According to Saif M Mohammad (2021), this claim is sup-

ported by linguistic and cognitive science research (Bender and Koller 2020; Bisk et al.

2020; Chomsky 2014; Harris 1954; Hovy and D. Yang 2021; Moore 2014). Based on this

premise, versions of the lexicon in over 100 languages were created by translating the English

terms via Google Translate, assuming a level of cross-linguistic affective stability.

After analyzing the dictionary’s performance on an Italian language processing task

conducted at Theuth Linguistic Engines, an expansion of the dictionary was undertaken.

Each entry went through lemmatization and inflection via two key steps:

• Synonym Expansion Using MultiWordNet (Pianta et al. 2002): Synonyms were re-

trieved through WordNet for each word in the dictionary. If a synonym was not

already included, it was added to broaden lexical coverage.

• Inflection of Each Lemma: To ensure accuracy, each lemma’s inflected forms were

manually verified and added to the dictionary. The process followed these steps:

1. Confirmation of Inflected Forms: The primary inflected forms (e.g., verb tenses,

moods, noun declensions) were checked against authoritative linguistic resources,

such as uch as the Reverso Conjugation function30. Special attention was given

to irregular verb forms to ensure completeness.

2. Manual Addition to the Dictionary: Once confirmed, each inflected form was

manually inserted into the dictionary, ensuring that all variations (e.g., present,

past, future, subjunctive, conditional) were included. This process was repeated

for synonyms to maintain consistency across semantically related words.

For example: Starting with the lemma cominciare (to start), various inflected forms

were added, such as comincio (I start), cominci (you start), comincia (he/she/it

starts), cominciamo (we start), and so on, including conjugations like comincerei (I

would start) and cominciasse (he/she/it started, subjunctive mood). The same ex-
30https://coniugazione.reverso.net/coniugazione-italiano.html
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pansion was applied to synonyms, such as iniziare (to begin), yielding forms like inizio

(I begin), inizi (you begin), iniziamo (we begin), etc.

The original emotion scores were retained for each synonym and its inflected forms.

Following this process, the resource now contains 43,606 entries.

For this research, I used a limited set of indicators focusing on Fear, Anger, and Dis-

gust. These indicators, combined with other dictionaries, can generate values that index the

presence or absence of specific features within texts.

For this experiment, after careful consideration, an essential analysis was chosen, omitting

morphological details and utilizing the same dictionary for both English and Italian. The

aim was not to identify which emotion a text might represent but rather to confirm the

presence or absence of specific negative emotions: anger, fear, and disgust. Moreover, I was

working on lemmatized texts.

For English, I used available resources by downloading separate files for each emotion,

each containing a list of emotionally connoted words with scores ranging from 0 to 1. For

Italian, the file was translated using DeepL’s API31.

For future developments, a resource tailored from scratch for each specific emotion in

Italian could be created, building upon the expansion work conducted.

2.5 Corpora-building

To train and evaluate ML models, it was necessary to create and annotate a comprehen-

sive corpus. Since this work addresses both Italian and English, two separate corpora were

required. Initially, the objective was to develop parallel corpora to enable a precise compar-

ison of system performance across the two languages. However, after careful consideration,

this parallel approach was ultimately set aside to better serve the project’s primary aim:

establishing a foundation for a classification system that operates effectively for both English

and Italian content. This decision is grounded in the recognition that digital platforms, in-

cluding social networks, commonly display content in multiple languages, exposing children

to Italian and English material. To capture this multilingual reality, a balanced and rep-

resentative corpus was assembled, drawing on texts from diverse resources in their original

language rather than relying on translations.

For the initial corpus construction, I began with the TED2020 corpus32 as described

in Reimers and Gurevych (2020). This resource includes nearly 4000 TED and TED-X

transcripts from July 2020, translated into over 100 languages by volunteers. From this

collection, approximately 200 texts were selected for each language—196 texts in English

and 202 in Italian—to provide a baseline of varied content suitable for language analysis.
31https://www.deepl.com/
32https://www.ted.com/participate/translate
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The TED2020 corpus offered significant advantages: it supported a parallel analysis of

both languages and represented a multimedia dataset available online. Using TED Talks as

a corpus brings notable benefits. Firstly, the talks cover a wide array of topics, reflecting a

broad spectrum of vocabulary and discourse styles, which is beneficial for training models

intended to classify diverse content. Additionally, TED Talks are professionally transcribed

and translated, ensuring high consistency and quality in both English and Italian. Finally, as

a widely accessible and recognizable source of content, this corpus aligns well with real-world

applications, where users encounter a variety of subjects and perspectives.

During the initial phase of annotation, it was observed that many texts were primarily

suited for teenage or adult audiences, consistently maintaining a polite and formal tone.

Only a few were explicitly intended for children, often presented by child speakers. This

posed challenges in creating a balanced corpus with content specifically targeted toward chil-

dren or adults, both essential for effectively training the classification system. Additionally,

annotators sometimes found it challenging to confidently determine whether a TED Talk

was more appropriate for an adult or adolescent audience.

To address this, was decided to supplement the corpora with texts explicitly aimed at

children and adults.

For Italian, children’s texts were extracted from YouTube Kids33 as subtitles, with

an equal amount of material collected across each age group designated by the platform

(Preschool: up to 4 years; Younger: 5-8 years; Older: 9-12 years). The subtitles were man-

ually reviewed and adjusted to correct the frequent errors found in automatically generated

captions.

For adult content, some texts were downloaded from OpenSubtitles.org34 with filters

set to language: Italian, genre: Horror, and Adult. Additional material was gathered

from YouTube, searching for “YTP in italiano” (YTP in Italian). These subtitles, like those

for children’s content, were manually reviewed and adjusted; censored words were restored

to accurately reflect the original content.

For English, children’s texts were collected from Tvo Kids35, a site hosting videos for

children categorized by age (Preschool and School-age). Transcripts were manually collected

for each video, ensuring accuracy in content for this age group.

Adult English content was similarly obtained from OpenSubtitles.org using filters set

to language: English, genre: Horror, and Adult. Additionally, subtitles were collected from

YouTube videos, particularly English YTPs, by searching for "English YTP." These subtitles

were then manually reviewed and adjusted to restore any censored language, ensuring fidelity

to the original content.
33https://www.youtubekids.com
34OpenSubtitles.org
35https://www.tvokids.com
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The final corpora consist of 446 texts in English and 514 texts in Italian, as shown in

Tables 2.3 and 2.4. This structure is designed to capture representative linguistic varia-

tion, supporting the training of a classification system that functions effectively across both

languages.

Source Number of Texts Number of Tokens Number of Types

TED2020 196 536,895 22,717

Tvo Kids 200 270,329 9,660

Opensubtitles.org 30 60,242 6,085

English YTP 20 15,438 2,776

Total 446 882,904 28,768

Table 2.3: Corpus composition for English content.

Source Number of Texts Number of Tokens Number of Types

TED2020 202 504,817 32,312

YouTubeKids 236 59,069 8,229

Opensubtitles.org 54 56,363 8,510

Italian YTP 22 8,062 2,501

Total 514 628,311 38,495

Table 2.4: Corpus composition for Italian content.

2.6 Annotation Procedure

In order to employ the described corpora for the training and testing of the models within a

supervised analysis framework, it was essential to perform a systematic annotation process,

adding information to the text through specific labels of a tagset. In this case, the infor-

mation added consists of labels assigned to the entire text, indicating the appropriate age

for the multimedia content’s transcript (e.g., 3, 6, 12, 15, or 18 years) and the presence or

absence of specific indicators (such as violence, drugs, and discrimination) within the text.

To establish objective criteria for annotating the corpus, annotation guidelines were

created, i.e., a document that explains to annotators how to apply the annotation schema in

practice, providing examples (Ježek and R. Sprugnoli 2023). These guidelines were tested

in collaboration with two female annotators, who were selected to enhance their robustness.

Both annotators were native Italian speakers and were either graduates or current students

in the humanities.
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After testing the guidelines, identifying their limitations, and making improvements

based on the test results, I proceeded to annotation of the corpora described above.

To facilitate the annotation procedure, an annotation platform was created in Google

Sheets, featuring drop-down menus for efficient data entry (Figure 2.1). The annotation

schema consists of several key columns, each designed to capture specific information related

to the text and its classification criteria:

• Title: This column lists the title of each text, ensuring that the annotators correctly

match each text file with its corresponding row in the spreadsheet.

• Audience Age: In this column, annotators selects and records the recommended

minimum age for suitable audiences from a drop-down menu for each text

• Descriptors: Separate columns are provided for each thematic descriptor, includ-

ing “Discrimination,” “Drugs,” “Dangerous Behavior,” “Offensive Language,” “Nudity,”

“Sex,” “Threats,” and “Violence.” Each descriptor column included a drop-down menu

with “Yes/No” options, allowing annotators to indicate the presence or absence of

words or phrases that reference these specific themes within the text.

In addition, the annotation schema includes several pre-filled or automatically generated

columns:

• Language Complexity: Reserved for automatic annotation of the complexity of the

text, obtained from the calculation of word frequency in the NVDB (for Italian) and

the Oxford 3000 (for English), normalized by the total number of words in the text;

annotators were instructed to leave this column empty.

• Language: This pre-filled column specifies the language of the text, either “English”

or “Italian.”

• Annotator ID: A pre-filled column included in each annotator’s Excel sheet to iden-

tify the annotator responsible for each text. While all annotators worked on the same

set of texts independently in separate sheets, this identifier facilitated the subsequent

analysis of the dataset.

• Notes: A dedicated column for annotators to add comments or observations as needed,

providing space for any relevant additional insights.

For the annotation guideline testing process, the annotators were provided with oral

instruction, a demonstration of the annotation platform and a detailed instructions in a

two-page guideline.

The guidelines were inspired by the AGCOM guidelines for the classification of audiovi-

sual works for the web, but were revised and adapted to focus solely on the textual aspect
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Figure 2.1: Partial excerpt of the annotation platform, showing age categories and thematic

descriptors annotated for each text.

of multimedia content. In adapting the AGCOM guidelines for text-based content, certain

descriptors were adjusted to suit the nature of written language. For example, the original

guideline states, "Absence of representation of sexual activities or violence." In the context of

text, this was modified to "Absence of descriptions of sexual activities or violence." This ad-

justment reflects the shift from visual or multimedia content to purely textual descriptions,

ensuring the guidelines remain relevant and applicable to text-based annotations.

This guide included the following elements:

• Introduction: A brief overview explaining the objectives of the project and providing

the context for the annotation process.

• Annotation Interface: The annotation platform (created in Google Sheets) was ex-

plained in detail, with instructions on how to use the interface properly. Drop-down

menus were made available to facilitate data entry.

• Annotation Categories: All age categories were outlined, along with specific character-

istics to consider when assigning each text to a particular category. Annotators could

refer to AGCOM indicators for classifying content according to age suitability.

• Thematic Indicators: Thematic indicators, such as "Drugs", "Violence", "Discrimina-

tion" and others, were listed and described, specifying how each should be annotated.

The “Yes / No” options were used to indicate the presence or absence of these themes

within the texts.

• Helpful Suggestions: The guide concluded with practical tips for addressing potential

ambiguities and ensuring consistency across annotations.

References for categorization were the following:

• Opere per tutti (Works for all): the content of the text is considered suitable for all ages.

The text must not contain any language or descriptions of discriminatory behavior,

incitement to hatred. There must be no reference use of tobacco, gambling, drugs

or drug addiction (drugs, alcohol, etc.). There can be no hint of dangerous or easily
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mimicked behavior. Language cannot be obnoxious. Descriptions of complete nudity

are not allowed unless it is attributable to natural, scientific, and/or everyday contexts.

The text must not contain any explicit sexual descriptions or references, emotional

representations must be limited and without erotic references. Violent behaviors must

be absent but are allowed if attributable to unrealistic contexts (e.g. comic gags).

• Opere non adatte ai minori di anni 6 (Works not suitable for children under 6 years):

the text shall not contain any discriminatory language or behavior unless (a) is clearly

disapproved of or inserted in historical contexts, (b) has educational purposes. The

representation of drugs and drug addiction (drugs, alcohol, etc.) is only allowed with

obvious educational purposes, or if linked to social initiatives (e.g. prevention, aware-

ness and information campaigns). There may be an occasional, hinted, or unrealistic

description of dangerous behaviors, with evident disapproval. The presence of vulgar

terms commonly used in everyday life is allowed only if sporadic. Descriptions of par-

tial nudity are allowed if they are not attributable to a sexual context. Displays of

affection are allowed as long as they are not excessive. There can be the description

of scenes that cause agitation and emotional tension. There may be the description

of scenes of mild violence related to fiction in which the consequences (e.g., blood and

injuries) are not mentioned.

• Opere non adatte ai minori di anni 12 (Works not suitable for children under 12

years): the text may contain discriminatory language and/or behaviors justified by

the narrative context, provided that: they are explicitly condemned and included in

contexts for educational purposes, and they are attributed to negative characters with

whom minors do not identify. The text must not contain incitement to hatred. The

representation of drugs and substance addiction is allowed provided that: (a) it is

connected to educational contexts, (b) it is condemned. The description of easily

imitable dangerous behaviors may be present, provided that they are not presented

as glamorous, not encouraged, and there is a positive final message. The use of bad

language is allowed only if it is included in comedic contexts. Description of full nudity

is permitted if not in sexual contexts, while description of partial nudity is allowed even

in sexual contexts. Descriptions of sexual activities should be rare, and expressions

of affection should remain limited and free from explicit or provocatively suggestive

language. Descriptions of scary and/or dangerous events, capable of inducing agitation

or tension, may be included only if: (a) they are brief, and (b) they are appropriate to

the comprehension abilities of the corresponding age group. References to mild violence

are allowed only if: (a) they are contextualized, (b) they are morally sanctioned, and

(c) they avoid morbid focus on graphic or brutal details, which may be included only

if justified by the context.

63



• Opere non adatte ai minori di anni 15 (Works not suitable for children under 15

years): the text can contain discriminatory language and behaviors, as long as they

are not encouraged. Incitement to hatred is allowed only with clear condemnation.

The representation of drugs and substance addiction is permitted as long as it is

not portrayed positively and lacks legitimization or glorification. The presence of

easily imitable dangerous behaviors can occur frequently but must be discouraged or

depicted as difficult to imitate. The frequent use of vulgar or offensive terms and

profanity is allowed only if they are not portrayed as positive standards and they

are morally sanctioned. Description of full nudity is allowed if not in sexual contexts,

even accompanied by explicit language, while description of partial nudity is permitted

even in erotic contexts. Descriptions capable of inducing agitation and high emotional

tension are allowed, provided they are not excessively prolonged and avoid morbid focus

on brutal details. The presence of violent scenes is allowed only if is not portrayed in a

positive light and is devoid of morbid insistence on brutal details, which may be present

only if justified by the context. Horror sequences may be present. Elements referring

to the use of chance games depicted as typical gambling games may be included, as

long as they are of secondary importance compared to the overall gaming experience.

• Opere non adatte ai minori di anni 18 (Works not suitable for children under 18 years):

the text may contain unrestricted depictions of intolerant, racist, or sexist behaviors.

Incitement to hatred, by negative characters, must be reconstructed and balanced

within the narrative. Unrestricted description of the use, acquisition, and manufac-

turing of drugs is allowed. The description of dangerous behaviors is unrestricted. The

frequent use of vulgar and/or offensive terms and bad language is permitted. Non-

occasional blasphemy is excluded. Description of full nudity is allowed, including in

sexual contexts, as long as it is not part of pornographic scenes. Description of sexual

and erotic activities may be present, accompanied by explicit language, justified by

the plot and context. The presence of distressing or frightening sequences with high

emotional impact is unrestricted. The explicit description of violence, even gratuitous,

excessive, and brutal, is allowed only if it is not legitimized or glorified. The description

of sadistic violence is excluded. Horror sequences may be present. Elements referring

to the use of chance games, portrayed as typical gambling games, may be included,

but they should be of secondary importance compared to the overall narrative.

The specific characteristics that the annotators had to consider for each specific category

have been summarized in the tables in the appendix (see Table 1, and Table 2). Specifi-

cally, the tables summarize the extent to which thematic indicators can be present in works

intended for the web.

Annotators have also annotated the presence or absence of words or phrases within the
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text that refer to the following thematic descriptors: Discriminazione (Discrimination),

Comportamento pericoloso (Dangerous behavior) Droghe (Drugs), Linguaggio scurrile (Bad

language), Nudità (Nudity), Sesso (Sex), Minacce (Threats), and Violenza (Violence). To

annotate this information, the annotators have selected "Yes" or "No" from a dropdown

menu. For example, the text titled Ted2020-171 included phrases such as: And what the

hell do you know about the National Guard? ; Sons of bitches! ; If one of those incompetent

doctors had told me to stop the treatment, I would have slit his throat on the spot. In this

case, the annotator would select “Yes” in the columns for “Offensive Language,” “Threats,”

and “Violence.” If no other indicators were present in the text, “No” would be selected in

the remaining columns.

Annotators were encouraged to maintain a report during annotation to note any doubts,

concerns, or errors encountered. This report was to be periodically emailed to me; to

maintain objectivity and validity, annotators were instructed not to discuss their annotations

of specific texts with other annotators; annotators were advised not to open any links to

external sites that might be included in the text; annotators were instructed not to alter

fields in the Google Sheets file without permission, even if errors were noticed. Any such

issues should be reported; if a text was written in a language other than Italian or English,

annotators were asked to flag it.

For the testing phase, the two annotators and I annotated the same sample of 30 texts in

Italian to assess the guidelines. This annotation task involved determining the appropriate

age suitability for each content piece and indicating the presence or absence of terms related

to AGCOM thematic descriptors.

Table 2.5 summarizes the distribution of annotations by label (age suitability) and an-

notator during the testing phase, providing an overview of the inter-annotator contributions

and the total annotations for each label.

Label (Years) Annotator 1 Annotator 2 Annotator 3 Total Annotations

3 4 7 3 14

6 7 4 8 19

12 7 17 10 34

15 12 2 8 22

18 0 0 1 1

Table 2.5: Annotation distribution by label and annotator.

Once the guidelines were evaluated and refined, I proceeded to annotate the entire corpus

on my own.
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Annotation evaluation

As Ježek and R. Sprugnoli (2023) explained, with the right availability of funds, personnel,

and time, it would be optimal to annotate all data with multiple people; unfortunately, this

procedure is not easily feasible. This is the case in this thesis work, where the decision

was due to a lack of personnel who, without compensation, would have had to annotate a

moderate amount of texts, some of which were very lengthy. Consequently, I was forced to

adhere to the minimum requirement of having a portion of the data annotated by at least

two annotators.

However, I decided to perform a quantitative analysis on these test data by calculating

Inter-Annotator Agreement (IAA), in order to identify any flaws in the design and to guide

any revisions before proceeding with the complete annotation of the data. Given the pres-

ence of more than three annotators, Fleiss’ kappa (Fleiss 1971), has been used to calculate

IAA:

Fleiss′kappa(κ) =
Pobserved − Prandom

1− Prandom

In this equation, P observed is the observed agreement of the raters and P random is the

expected agreement of the raters. The expected agreement is given if the raters judge

completely randomly.

Kappa Metric Value Interpretation

Fleiss’ Kappa (k) 0.25 Fair agreement

Table 2.6: Inter-annotator agreement calculated using Fleiss’ Kappa.

In this way, we obtained a k equal to 0.25, which based on the grid for the interpretation of

Landis and Koch (1977) (where < 0.0 is poor and 0.81 - 1.00 almost perfect), corresponds to

a fair score. The result is not unexpected considering that each annotator could rely on one’s

own experience as a native Italian speaker (which is a subjective element) to determine the

suitable age to be exposed to that specific content, in addition to considering the objective

parameters of the AGCOM guidelines.

Low IAA values are not uncommon in tasks where subjectivity plays a significant role,

particularly when dealing with complex and interpretative annotations. Similar results have

been observed in studies where annotators had to categorize content based on implicit criteria

or contextual understanding. As shown in Leonardelli et al. (2021), subjective judgments

often lead to lower agreement scores, even among trained annotators, due to the inherent

variability in human interpretation. This aspect is especially relevant in tasks involving age

classification, where differences in cultural background, personal experience, and individual
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perception of appropriateness can influence the assigned labels. Therefore, while the IAA

score in this study may appear low, it aligns with findings from related works dealing with

similarly subjective annotation tasks.

Thematic descriptors Match rate

Discrimination 100%

Drug 96%

Dangerous behaviour 100%

Bad language 96%

Nudity 100%

Sex 96%

Threats 100%

Violence 96%

Table 2.7: Raw agreement percentage for each descriptor.

If, instead, additional indicators are considered, where annotators may choose between

"Yes" or "No", based on whether certain elements in the text fall within the categories

specified by the AGCOM resolution, the raw agreement in the annotations is nearly per-

fect (Table 2.7): a match rate between annotators of 100% for Discrimination, Dangerous

behavior, Nudity and Threats and a match rate of 96% for Drugs, Bad language, Sex and

Violence.

Following the evaluation of the guidelines, several challenges emerged during the anno-

tation process, particularly regarding the interpretation and application of age classification

criteria. Annotators reported difficulties when assigning age categories to texts that did not

explicitly contain the thematic elements outlined in the directives (such as terms related to

drugs, violence, or threats). One annotator, for example, questioned how to handle cases

where, even in the absence of these indicators, she felt that the content was still unsuitable

for minors. The annotator also explained that she was annotating based on the principle of

"Would I show this to a child of a certain age?" whereas I considered the age that, in my

view, the viewer should have to access the content. This resulted in significant differences

in annotations, especially between neighboring classes.

The observations raised a significant issue: initially, it was thought that annotating based

on themes, such as marking topics like economics or politics as unsuitable for children,

would provide a straightforward guideline. The assumption was that, even in the absence

of explicit indicators, these themes would inherently not interest children and thus should

not be classified as suitable. However, this approach still involves a degree of subjectivity.

Firstly, no topic can be deemed inherently inappropriate for children, as suitability depends

heavily on how the content is presented. Secondly, even if a theme is not typically child-
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friendly, determining the appropriate age range (e.g., 12 years, 15 years, or 18 years) remains

subjective.

Title 001A 002A 003A Title 001A 002A 003A

Ted2020-1 15 12 15 Ted2020-20 12 12 12

Ted2020-2 15 12 15 testo_ytkids_0047 12 12 12

Ted2020-3 15 15 18 Ted2020-22 15 12 15

testo_ytkids_0001 12 6 6 testo_ytkids_0057 6 3 6

Ted2020-5 15 12 15 testo_ytkids_0063 6 3 6

testo_ytkids_0002 3 3 3 Ted2020-26 15 12 15

testo_ytkids_0003 3 3 3 canzone_per_bambini_03 3 3 6

Ted2020-8 15 12 15 Ted2020-28 12 12 12

testo_ytkids_0011 3 6 3 canzone_per_bambini_09 6 3 6

Ted2020-10 15 12 15 Ted2020-30 15 12 12

testo_ytkids_0021 6 12 6 Ted2020-31 15 12 12

Ted2020-12 15 15 15 Ted2020-32 15 12 12

testo_ytkids_0024 6 12 12 canzone_per_bambini_10 6 3 6

testo_ytkids_0026 12 6 6 testo_ytkids_0035 6 6 12

testo_ytkids_0030 12 12 12 testo_ytkids_0046 12 12 12

Table 2.8: Sample annotation ratings for different texts by three annotators (001A, 002A,

003A).

When excluding the theme as a basis for age classification, we considered assessing the

language complexity. For instance, if a text contains technical terms, it might be marked

as unsuitable for younger audiences. Yet, this also introduces subjectivity, as a 15-year-old

with a keen interest in a certain topic may find the content accessible despite its technical

nature. Thus, judging based on technical language remains subjective, too.

Consequently, I chose to rely on the annotators’ judgment, allowing them to decide

based on their experience, while setting aside a more detailed study of theme and language

complexity for future development. As noted earlier, I incorporated an automatic text

complexity calculation column in the annotation schema to add another layer of evaluation.

An initial experiment on a small sample of texts calculated complexity by assessing the

frequency of words found in the NVdB (for Italian) and the Oxford 3000 (for English),

normalized by the total number of words in the text. While this approach provides some

insight, it has limitations; for instance, it considers only vocabulary, not syntax. A possible

future improvement could be developing a value-age association scale to better link text

complexity with age brackets.
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Alternatively, in the future, a perspectivist approach (V. Basile et al. 2021) could be

considered, one that captures the different viewpoints of annotators and treats disagreements

as informative data.

In general, I suggested to the annotators relying on their own judgment by asking them-

selves, “Even if these elements are absent, do you think it’s appropriate? Would you show it

to a child? ’, since the primary goal is to have a classifier that indicates the most suitable age

to view the content, preventing minors from being exposed to inappropriate material, and

offering an indicative age for which the content may be appropriate. This speaker experience

allows human annotators to judge both the tone and intended audience of the content in

a way that goes beyond literal words and phrases. By relying on this judgment, a human

annotator can ensure that content suitability reflects not only the presence or absence of

sensitive terms but also the broader appropriateness of themes and linguistic complexity for

the intended age group.

However, as we can see from the Table 2.8, this subjectivity has led to a low IAA. The

table shows the annotation results, highlighting a comparison of the classifications made

by the three annotators. The reasons for the low agreement among annotators become

clear. We see that disagreement often arises when one annotator has classified the content

as suitable for viewers aged 12, while the other two have classified it as suitable for those

aged 15 (as in the cases of Ted2020-1, Ted2020-2, Ted2020-5, Ted2020-8, and Ted2020-10 ).

Conversely, in other cases, two annotators have marked the content as suitable for viewers

aged 15, while one has marked it as suitable for viewers aged 12, as in cases Ted2020-30,

Ted2020-31, and Ted2020-32. This pattern also occurs with other neighboring age classes;

for example, for some YouTube Kids content, two annotators classified it as appropriate for

age 6, while one classified it as appropriate for age 3.

In conclusion, based on the annotations and discussions regarding the 30 texts reviewed

with the annotators, I adopted the majority vote approach. I annotated the remainder of

the corpus independently, thereby turning the initial limitation (lack of personnel) into an

advantage for the project by ensuring a consistent human judgment across the entire corpus.

Although, as noted, this process could be further refined in the future with appropriate

considerations and resources.

2.7 Final Corpus Composition

After the preliminary tests with the five age categories defined in the annotation guidelines,

it became apparent that both the annotators and the models experienced similar challenges

in distinguishing between adjacent age labels. This difficulty highlighted a consistent pattern

of confusion when classifying texts in categories with close age ranges, such as those under

6, 12, and 15 years.
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Given that the primary objective is to prevent minors from being exposed to unsuitable

content, I decided to merge neighboring age groups to improve the accuracy and robustness

of the classification model. The final categories are as follows:

• 0_kids (0-11): Content deemed suitable for children under 12.

• 1_teenagers (12-17): Content with moderate themes suitable for teenagers.

• 2_adults (18+): Content restricted to adults due to explicit themes.

Labels Age Range Number of Texts Number of Tokens

0_kids 0-11 200 336,805

1_teenagers 12-17 146 449,439

2_adults 18+ 100 257,016

Total 446 1,043,260

Table 2.9: English Corpus Composition.

Tables 2.9 and 2.10 summarize the number of texts and total tokens for each consolidated

label, with 446 texts in the English corpus and 514 in the Italian corpus. These differences in

token counts reflect inherent linguistic and structural variations between the two languages,

which may influence certain classification aspects.

Labels Age Range Number of Texts Number of Tokens

0_kids 0-11 209 62,409

1_teenagers 12-17 179 440,661

2_adults 18+ 126 234,349

Total 514 737,419

Table 2.10: Italian Corpus Composition.

By consolidating the labels, the corpus is now organized into three broader categories

that align more effectively with the classification objective. This reorganization minimizes

misclassifications and emphasizes the critical task of age-appropriate content filtering.

The annotated corpus described in this study is not currently available for public access.

However, there are plans to make it accessible through a GitHub repository in the near

future.
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Chapter 3

Experiments

3.1 Experimental Evaluation of Traditional Machine Learn-

ing Models

Following the methodology outlined in Section 2.1, the annotated corpora described in Sec-

tion 2.5 were used to evaluate various ML models. The datasets were divided into training

and testing sets using a k-fold cross-validation strategy to ensure robust evaluation. This

section focuses on the evaluation of traditional ML classifiers, including SVM, NB, DT, RF,

and k-NN.

The annotated texts were preprocessed as described in Section 2.1. Specifically, stop-

words in both English and Italian were removed using the NLTK library, texts were normalized

by converting them to lowercase and removing punctuation, and tokenization was applied to

split the text into individual words. The texts were then numerically represented using the

TF-IDF method, implemented through the TfidfVectorizer class from the scikit-learn

library. This process calculated term frequencies (TF) and applied an Inverse Document Fre-

quency (IDF) transformation to reduce the weight of common terms. Finally, the resulting

vectors were normalized to serve as input for the models.

The models were evaluated using k-fold cross-validation, with k= 5. The dataset was

divided into five equally sized folds, with the model trained on four folds and tested on the

remaining fold during each iteration. This process ensured that every data point was used

for both training and testing. The results were averaged over the five iterations to provide

reliable estimates of the model performance. Metrics such as accuracy, precision, recall, and

F1-score were calculated to assess the classifiers.

To improve classification and adhere to AGCOM guidelines, the lexicon-based rule de-

scribed in Section 2.2 was applied. Specifically, if a bad word (contained in the dictionary)

was found in the text and the model labeled it as "for kids", the label was changed to "for
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adults". Before implementing this rule, an evaluation was conducted to determine whether

it significantly affected the model’s accuracy. For English, the accuracy remained unchanged

except for the NB model. For Italian, the initial results showed lower accuracy compared to

English but improved with the application of this rule across all classifiers.

The results are shown in the Table 3.1

Classifier ITA BW_ITA ENG BW_ENG

SVM 0.73 0.78 0.86 0.86

Naive Bayes 0.73 0.78 0.87 0.88

Decision Tree 0.67 0.72 0.85 0.85

Random Forest 0.74 0.79 0.87 0.87

K-Nearest Neighbors 0.68 0.70 0.87 0.87

Table 3.1: Accuracies of various classifiers before and after applying the bad words rule in

both Italian and English.

This rule proved particularly useful in cases where the model failed to correctly identify

borderline instances, such as YouTube Poop (YTP) content. Error analysis revealed that

these cases were among those where the label was adjusted during the prediction phase. YTP

content often mimics children’s videos in structure (e.g., featuring the same characters) but

includes inappropriate language, making accurate detection and classification challenging.

Indeed, the majority of errors were associated with this type of content.

For example, in the case of English, the text YTP_EN_16, labeled as "for adults" in the

corpus, was initially classified as "for kids" by the NB classifier. However, the rule applied

during the prediction phase successfully corrected the label.

Text: [...] SpongeBob, I got diarrhea, wait spiderbob this a serious, Patrick you’re right,

we got to convince Squidward to come back home I have an idea, let’s leave! [Music] good

[Music] night split word speaking I hope you’ve been showing your pussy tonight baby. [...]

Title: YTP_EN_16.txt

Detected Bad Words: ’pussy’, ’ass’, ’cock’, ’penis’

Original label: 2_adults

Predicted label: 0_kids

Changed to: 2_adults

3.1.1 Support Vector Machine

The SVM model was implemented using the One-vs-One (OvO) approach, which is par-

ticularly useful for multi-class classification tasks like this one, as it allows the model to
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effectively distinguish between each pair of categories (Kids, Teenagers, Adults) by train-

ing separate classifiers for each pair. Specifically, for this task, three binary classifiers were

trained, each focused on distinguishing between two of the three categories:

• Classifier 1: Distinguishes between class 0 (kids) and class 1 (teenagers).

Figure 3.1: PCA of Italian Texts for the labels "Kids" and "Teenagers".

• Classifier 2: Distinguishes between class 0 (kids) and class 2 (adults).

Figure 3.2: PCA of Italian Texts for the labels "Kids" and "Adults".

• Classifier 3: Distinguishes between class 1 (Teenagers) and class 2 (adults).

Figure 3.3: PCA of Italian Texts for the labels "Teenagers" and "Adults".
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Each binary classifier provided a vote for one of the two classes it distinguished, and the

final class label was assigned based on the majority vote.

To account for non-linearly separable data, kernel methods were employed. The Radial

Basis Function (RBF) and linear kernels were tested. GridSearchCV was used for hyperpa-

rameter tuning, where the following parameters were tested:

• kernel: the parameter that specifies the kernel type to be used in the algorithm. The

options considered were linear and rbf.

• C: the parameter that represents the regularization strength. A higher value of C

implies less regularization. The explored values were: 1, 10, 100.

The grid search was also set with a 5-fold cross-validation (cv=5). The dataset was

divided into 5 parts, and the model was trained on four parts and tested on the remaining

part, cycling through all parts.

For each combination, the model was trained and its performance was evaluated on the

validation set. The process involved fitting the model 30 times in total (6 combinations ×

5 folds).

After completing the grid search, the combination of hyperparameters that yielded the

highest average validation accuracy was selected as the best parameters. The results indi-

cated that the optimal hyperparameters for the SVM model, both for English and Italian,

were:

• C = 1

• Kernel type = ’linear’

These parameters were chosen because they provided the best balance between bias and

variance, minimizing the overall error in the validation sets1. The regularization parameter

C = 1 ensures that the model is neither too rigid (which would result in underfitting) nor

too flexible (which would result in overfitting), and the linear kernel was found to be the

most suitable for the given data set, probably due to the nature of the data distribution and

the problem at hand.

The results obtained from applying the SVM model are summarized in Tables 3.2 for

English and 3.3 for Italian.

Observing the results, we notice that in the "Kids" category, for the English dataset, the

model achieved perfect results, with a precision, recall, and F1-score of 1.00. However, in

the Italian dataset, the model performed slightly lower in this category, achieving a precision

of 0.82, recall of 0.97, and an F1-score of 0.89.
1Tuning the hyper-parameters of an estimator in https://scikit-learn.org/stable/modules/grid_

search.html#grid-search, last accessed: 2024/07/14.
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Precision Recall F1-Score Support

0_kids 1.00 1.00 1.00 200

1_teenagers 0.71 0.98 0.82 146

2_adults 0.93 0.41 0.57 100

Accuracy 0.86

Macro avg 0.88 0.80 0.80 446

Weighted avg 0.89 0.86 0.85 446

Table 3.2: SVM classification report for the English language.

Precision Recall F1-Score Support

0_kids 0.82 0.97 0.89 209

1_teenagers 0.70 0.74 0.72 179

2_adults 0.89 0.54 0.67 126

Accuracy 0.78

Macro avg 0.80 0.75 0.76 514

Weighted avg 0.79 0.78 0.78 514

Table 3.3: SVM classification report for the Italian langauge.

For the "Teenagers" category, the English model achieved a precision of 0.71, recall of

0.98, and an F1-score of 0.82. In contrast, the Italian model had more balanced results, with

a precision of 0.70, recall of 0.74, and an F1-score of 0.72.

In the "Adults" category, the English model showed a precision of 0.93 but a low recall

of 0.41, resulting in an F1-score of 0.57, indicating that the model missed many correct

predictions. Similarly, the Italian model had comparable difficulties, with a precision of

0.89, recall of 0.54, and an F1-score of 0.67.

The overall accuracy of the SVM model was 0.86 for the English dataset and 0.78 for the

Italian dataset. The macro average precision, recall, and F1-Score for the English dataset

were 0.88, 0.80, and 0.80, respectively, while for the Italian dataset, the macro averages were

0.80, 0.75, and 0.76.

As shown in Table 3.4, where some of the misclassification errors for the English dataset

are detailed with index, filename, true label, and predicted label for instances incorrectly pre-

dicted, the model frequently misclassified instances of class 2 (adults) as class 1 (teenagers).

This suggests that there may be similarities between the features of these classes that caused

confusion for the model. One potential reason for the suboptimal results in the "Adults"

class could be the presence of borderline cases, such as YouTube Poop videos, which often

contain content that blurs the lines between typical adult and teenager categories. This
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phenomenon became evident upon examining the errors in detail.

Index Filename True Label Predicted Label

57 YTP_EN_06.txt 2 1

58 YTP_EN_12.txt 2 1

59 YTP_EN_14.txt 2 1

60 YTP_EN_16.txt 2 1

61 YTP_EN_18.txt 2 1

Table 3.4: Misclassification errors made by the SVM model for the English language.

This is a particular case because, for Italian, the same type of video was consistently

misclassified, but not as "for teenagers"; rather, it was labeled as "for kids". Thus, the con-

fusion, as shown in Table 3, occurred between label 0 and label 2. This issue was effectively

resolved by the bad words rule, a resolution that did not occur with the "teenagers" label.

Filename True Label Predicted Label Identified Bad Words

YTP_001.txt 2 0 ’cazzo’, ’checca’, ’cazzi’, ’merda’,

’stronzetti’, ’puttana’

YTP_002.txt 2 0 ’coglione’, ’cazzo’, ’merda’, ’culo’

YTP_003.txt 2 0 ’cazzetto’, ’piscio’, ’troia’, ’cazzata’

YTP_004.txt 2 0 ’cazzone’, ’scopare’, ’fighetta’,

’cazzo’, ’fica’, ’merda’, ’culo’

YTP_006.txt 2 0 ’cesso’, ’cazzo’, ’merda’

Table 3.5: Misclassification errors made by the SVM model for the Italian language.

The error made by the model tested on English is less severe, as the primary goal is

to prevent children from being exposed to such content. Moreover, this type of video is

typically created by teenagers for a teenage audience. While this kind of language cannot

be considered appropriate for minors, their exposure to it is less critical. Considering the

guidelines used for annotation (see Section 2.6), a small amount of profanity is permissible

in videos aimed at teenagers.

A similar issue could be addressed in the future by establishing additional rules to distin-

guish between content unsuitable for teenagers and adults. For instance, this could include

criteria such as the percentage of profanity present or other comparable measures.

The overall accuracy of the SVM model was 0.86 for the English dataset and 0.78 for the

Italian dataset. The macro average precision, recall, and F1-Score for the English dataset

were 0.88, 0.80, and 0.80, respectively, while for the Italian dataset, the macro averages were

0.80, 0.75, and 0.76.

76



In conclusion, the SVM model performed exceptionally well in the Kids category, achiev-

ing perfect results for the English dataset and high results for the Italian dataset. However,

both datasets showed challenges in the Adults category, where the recall was particularly

low, leading to a lower F1-score. These issues, especially the misclassification of adult con-

tent as teenager content, could be further addressed with additional rules or features, such

as handling borderline cases like YouTube Poop videos.

3.1.2 Naive Bayes classifier

The second model, applied to the task of classifying text related to multimedia content into

three categories, was the NB model. Specifically, the Multinomial Naive Bayes2 classifier

(Multinomial NB) was implemented. This model uses Bayes’ Theorem to calculate the

posterior probability for each class based on the features (words) present in the text. The

category with the highest posterior probability is selected as the predicted label for the text.

For this experiment, the Multinomial Naive Bayes algorithm was chosen due to its ef-

fectiveness in handling text data and word frequencies, which are crucial for distinguishing

between the three target categories.

The classifier’s performance was evaluated on both the English and Italian datasets. The

results for the English dataset are presented in Table 3.6, while the results for the Italian

dataset are summarized in Table 3.7.

Precision Recall F1-Score Support

0_kids 0.99 1.00 1.00 200

1_teenagers 0.74 0.98 0.84 146

2_adults 0.96 0.48 0.64 100

Accuracy 0.88

Macro avg 0.90 0.82 0.83 446

Weighted avg 0.90 0.88 0.87 446

Table 3.6: Naive Bayes classification report for the English language.

For the Kids category, the NB classifier performed exceptionally well in both languages,

although the English dataset yielded slightly higher results. For the English dataset, the

model achieved a precision of 0.99, a recall of 1.00, and a F1-score of 1.00. This indi-

cates near-perfect classification of texts targeted at children. In comparison, for the Italian

dataset, the model reached a precision of 0.85, a recall of 0.89, and an F1-score of 0.87,

which, while still high, reflects a slight drop in accuracy compared to the English results.
21.9.2. Multinomial Naive Bayes in https://scikit-learn.org/stable/modules/naive_bayes.html, last

accessed: 2024/07/14.
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Precision Recall F1-Score Support

0_kids 0.85 0.89 0.87 209

1_teenagers 0.67 0.82 0.74 179

2_adults 0.91 0.54 0.68 126

Accuracy 0.78

Macro avg 0.81 0.75 0.76 514

Weighted avg 0.80 0.78 0.78 514

Table 3.7: Naive Bayes classification report for the Italian language.

These results suggest that the model can effectively identify children’s content in both

languages, but the higher accuracy in English may be attributed to the nature of the dataset

or linguistic differences between the two languages.

In the Teenagers category, the NB classifier showed a more noticeable difference between

the two languages. For the English dataset, the model achieved a precision of 0.74, a recall

of 0.98, and an F1-score of 0.84. The high recall indicates that the model correctly identified

the majority of texts meant for teenagers, though the lower precision suggests that some

texts not intended for teenagers were misclassified as such.

For the Italian dataset, the results were lower across all metrics, with a precision of 0.67,

a recall of 0.82, and an F1-score of 0.74. This indicates that, also in this case, the model

struggles more to distinguish teenage content in Italian than in English.

The Adults category presented the most significant challenge for the NB classifier, with

both languages showing similar difficulties. For the English dataset, the model achieved a

precision of 0.96, which is quite high, but the recall was only 0.48, resulting in an F1-score

of 0.64. This means that while the model is good at identifying adult content when it does

so, it often fails to recognize a large portion of such texts, leading to a lower recall.

Similarly, for the Italian dataset, the model achieved a precision of 0.91 and a recall of

0.54, leading to an F1-score of 0.68. Despite the slight improvement in recall for the Italian

dataset, both languages exhibit the same pattern: high precision but low recall, indicating

that the classifier misses a considerable number of texts intended for adults.

When comparing the overall performance between the two languages, the English dataset

showed better results in both the Kids and Teenagers categories, with higher precision, recall,

and F1-scores. However, for the Adults category, the Italian dataset achieved a slightly

higher recall (0.54 compared to 0.48), suggesting that the model performed marginally better

in identifying adult content in Italian.

The overall accuracy of the NB model for the English dataset was 0.88, while for the

Italian dataset, it was 0.78. This disparity in accuracy is reflected in the macro averages: for

English, the model achieved a precision of 0.90, a recall of 0.82, and an F1-score of 0.83; for
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Italian, these metrics were lower, with a precision of 0.81, a recall of 0.75, and an F1-score

of 0.76.

In conclusion, while the NB classifier performed well overall, especially in the Kids cate-

gory, it faced challenges in the Adults category in both languages, with slightly better recall

in Italian. These results highlight the difficulties of classifying content aimed at adults, likely

due to the more nuanced and variable nature of adult-oriented texts.

In comparison with the SVM model previously tested, the NB classifier performed bet-

ter in the Kids category, particularly in terms of recall and F1-score for both languages.

However, in the Adults category, both models faced similar difficulties, with NB achieving

slightly higher recall than SVM in Italian (0.54 versus 0.41). For English, NB also showed

a better overall performance, with an accuracy of 0.88 compared to SVM’s 0.86.

In this case, analyzing the results, we observe that the English model misclassified many

of the TED Talk texts, labeling them as intended for children instead of adults. On the

other hand, the Italian model made errors in classifying YTP texts, categorizing them as

suitable for children rather than adults, similar to what occurred with the SVM.

Overall, while NB outperformed SVM in certain categories, particularly for Kids, both

models demonstrated challenges in correctly identifying content for Adults, with NB showing

a slight advantage in recall for the Italian dataset.

3.1.3 Decision Tree

As discussed in the methodology section (see 2.2.3), the DT model works by selecting the

most important features from the training dataset—words that best separate the three

target classes: Kids, Teenagers, and Adults. The model uses metrics such as Gini impurity

or entropy to evaluate each feature and chooses the one that provides the greatest reduction

in impurity at each node. This recursive process continues until the entire DT is constructed,

allowing the model to effectively classify texts based on these decision rules. Figure 3.4 shows

the DT obtained for the Italian dataset, highlighting the features selected by the model to

make its classifications.

With the model fully trained, we proceeded to evaluate its performance on both the

English and Italian datasets. The results are summarized in Table 3.8 for English and Table

3.9 for Italian. Similar to the other models, the DT performed better on the English dataset,

achieving an accuracy of 0.85, compared to an accuracy of 0.72 for the Italian model. For

the English model, GridSearchCV selected a maximum depth of 10 nodes, while for the

Italian model, it selected a maximum depth of 4 nodes.

As with the other models, the DT achieved its best performance in the Kids category.

In English, the model reached a precision of 0.98, a recall of 0.96, and an F1-score of 0.97.

For Italian, precision was 0.84, with a recall of 0.88, and an F1-score of 0.86. These results
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Figure 3.4: Decision Tree graphical representation for the Italian language.

Precision Recall F1-Score Support

0_kids 0.98 0.96 0.97 200

1_teenagers 0.74 0.82 0.78 146

2_adults 0.74 0.64 0.68 100

Accuracy 0.85

Macro avg 0.82 0.81 0.81 446

Weighted avg 0.85 0.85 0.84 446

Table 3.8: Decision Tree classification report for the English language.

Precision Recall F1-Score Support

0_kids 0.84 0.88 0.86 209

1_teenagers 0.61 0.72 0.66 179

2_adults 0.71 0.48 0.57 126

Accuracy 0.72

Macro avg 0.72 0.69 0.70 514

Weighted avg 0.73 0.72 0.72 514

Table 3.9: Decision Tree classification report for the Italian language.
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indicate that the DT was highly effective in identifying content aimed at children, although

the performance was slightly better in English.

In the Teenagers category, the English model achieved a precision of 0.74, a recall of

0.82, and an F1-score of 0.78. In comparison, the Italian model had lower metrics, with

a precision of 0.61, recall of 0.72, and an F1-score of 0.66. These results suggest that the

model struggled more to classify teenage content in Italian than in English.

For the Adults category, both models encountered the most difficulties. The English

model obtained a precision of 0.74, a recall of 0.64, and an F1-score of 0.68, while the Italian

model reached a precision of 0.71, but had a much lower recall of 0.48, leading to an F1-score

of 0.57. This indicates that the DT model, similar to other classifiers, struggled to correctly

identify all adult content, particularly in the Italian dataset.

Despite these challenges, the DT model produced relatively balanced results across the

categories. In comparison with the NB and SVM models, the DT achieved similar perfor-

mance for the English dataset, with a macro average precision of 0.82, recall of 0.81, and

F1-score of 0.81, aligning closely with the SVM’s results. However, in Italian, the DT showed

lower macro averages compared to both NB and SVM, with a precision of 0.72, recall of

0.69, and F1-score of 0.70, highlighting some challenges in distinguishing between categories,

especially in the Adults class.

Further analysis of the DT for the Italian dataset revealed some interesting insights. By

analyzing the graphical representation of the DT for the Italian dataset (Figure 3.4), we can

observe the specific words that it selected as key features. In particular, among the chosen

features is the word cazzo (translated as fuck in English). The model correctly classified

texts that contained this word frequently (more than 0.008 occurrences) into the "Adults"

category. However, it also misclassified some texts containing this word at a lower frequency

into the "Kids" category.

Figure 3.5: Screenshot illustrating classification errors made by the DT model on Italian

texts.

This pattern is also evident when the model errors are examined and the presence of

inappropriate language is identified (as illustrated in Figure 3.5). The rule implemented to
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explicitly check for such bad words, previously discussed in the methodology, proved to be

effective, as it not only increased the accuracy from 0.67 to 0.72, but also ensured more

accurate categorization of content.

By applying this rule, the model was able to reduce the risk of minors being exposed to

inappropriate material, thereby enhancing the overall reliability of the classification system.

3.1.4 Random Forest

As discussed in the methodology, the RF model was selected due to its ability to reduce

overfitting and generalize better compared to a single DT by averaging the predictions of

multiple trees. For this experiment, the main hyperparameter that required tuning was the

number of trees, k. Using GridSearchCV, the optimal configuration for the RF model was

determined to be 300 trees for the English dataset and 200 trees for the Italian dataset.

Additionally, the size of the bootstrap sample and the number of features randomly selected

at each split were automatically set by scikit-learn. For both datasets, the max_features

parameter was set to "auto", meaning that the model selected is d =
√
m, where m, is the

number of features in the training set.

With these hyperparameters selected, the RF model was evaluated on both the English

and Italian datasets. The results, shown in Table 3.10 for English and Table 3.11 for Italian,

indicate that the RF model outperformed the DT model previously tested, achieving an

accuracy of 0.87 for English and 0.79 for Italian. Notably, the Italian model performed

better than all other classifiers tested thus far, demonstrating significant improvement across

various categories.

Precision Recall F1-Score Support

0_kids 0.99 1.00 0.99 200

1_teenagers 0.73 0.99 0.84 146

2_adults 1.00 0.45 0.62 100

Accuracy 0.87

Macro avg 0.90 0.81 0.82 446

Weighted avg 0.90 0.87 0.86 446

Table 3.10: Random Forest classification report for English language.

Analyzing the performance across categories, we can see that the model achieved its

best results in the Kids category. In English, the RF model obtained near-perfect results

with a precision of 0.99, a recall of 1.00, and an F1-score of 0.99. For Italian, the model

also performed strongly, with a precision of 0.82, recall of 0.98, and an F1-score of 0.89.

This demonstrates the model’s effectiveness in identifying children’s content across both
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Precision Recall F1-Score Support

0_kids 0.82 0.98 0.89 209

1_teenagers 0.70 0.75 0.72 179

2_adults 0.92 0.52 0.67 126

Accuracy 0.79

Macro avg 0.81 0.75 0.76 514

Weighted avg 0.80 0.79 0.78 514

Table 3.11: Random Forest classification report for the Italian language.

languages.

For the Teenagers category, the English model achieved a precision of 0.73, recall of 0.99,

and an F1-score of 0.84. The Italian model’s performance was slightly lower, with a precision

of 0.70, recall of 0.75, and an F1-score of 0.72. The high recall in both cases shows the model’s

capability to correctly identify most teenage content, though the lower precision suggests

that some non-teenage texts were misclassified as teenage content. A detailed analysis of the

errors made by the model for the English dataset shows that it predominantly misclassified

numerous TED Talks, and some YTP videos, intended for adults as content for teenagers.

The Adults category presented the greatest challenge for the RF model. In English,

while it achieved a perfect precision of 1.00, the recall was much lower at 0.45, leading to an

F1-score of 0.62. This suggests that although the model rarely misclassified texts as adult

content, it struggled to identify all adult-related texts. For Italian, the model achieved a

precision of 0.92 but a recall of 0.52, resulting in an F1-score of 0.67. This pattern indicates

the difficulty in accurately classifying adult content, a trend consistent across both languages.

Overall, in the English case, the RF model demonstrated superior performance compared

to the DT, particularly in its ability to generalize across multiple categories, though its

performance was slightly lower than that of the NB and SVM models. For Italian, as

mentioned earlier, it emerged as the best-performing model. However, like other models, it

struggled with the Adults category, suggesting that further refinement is needed to enhance

classification accuracy for adult content.

3.1.5 K-Nearest Neighbor

The K-Nearest Neighbor (k-NN) model was evaluated on both the English and Italian cor-

pora, with the results summarized in Tables 3.12 and 3.13. Figures 3.6 and 3.7 visually

represent the decision regions for English and Italian, using Principal Component Analysis

(PCA). These figures show how the model classified the test data (represented by triangles)

based on proximity to the training data points (circles).
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Figure 3.6: Graphical representation of the classification with KNN for English, obtained

through PCA.

Figure 3.7: Graphical representation of the classification with KNN for Italian, obtained

through PCA.
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For this experiment, GridSearchCV selected the optimal number of neighbors as 7 for

English and 9 for Italian, with the "uniform" weighting scheme. This means that the model

gave equal weight to all k nearest neighbors when determining the class label.

The results show that the k-NN model performed best in the Kids category. For English,

the model achieved perfect results, with a precision, recall, and F1-score of 1.00. However,

for the Italian dataset, k-NN faced more difficulty, achieving a precision of 0.91, a recall of

0.69, and an F1-score of 0.78. These differences reflect the model’s varying ability to classify

children’s content accurately across languages.

Precision Recall F1-Score Support

0_kids 1.00 1.00 1.00 200

1_teenagers 0.75 0.90 0.82 146

2_adults 0.80 0.55 0.65 100

Accuracy 0.87

Macro avg 0.85 0.82 0.82 446

Weighted avg 0.87 0.87 0.86 446

Table 3.12: k-NN classification report for the English language.

Precision Recall F1-Score Support

0_kids 0.91 0.69 0.78 209

1_teenagers 0.62 0.83 0.71 179

2_adults 0.59 0.56 0.57 126

Accuracy 0.70

Macro avg 0.71 0.69 0.69 514

Weighted avg 0.73 0.70 0.71 514

Table 3.13: k-NN classification report for the Italian language.

In the Teenagers category, k-NN showed higher recall than precision for both languages.

In English, the model achieved a precision of 0.75, recall of 0.90, and an F1-score of 0.82.

For Italian, it obtained a precision of 0.62, a recall of 0.83, and an F1-score of 0.71. The

higher recall indicates that the model correctly identified most teenage texts, but the lower

precision suggests that it misclassified some non-teenage texts as teenager. Indeed, a closer

analysis of the results reveals that, in the case of Italian, the model erroneously classified

both texts intended for children, primarily TED Talks, and texts intended for adults as

content for teenagers.

The Adults category presented the greatest challenge for k-NN. For English, the model

achieved a precision of 0.80 and a recall of 0.55, leading to an F1-score of 0.65. In Italian,
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the model performed worse, with a precision of 0.59, recall of 0.56, and an F1-score of 0.57.

This pattern shows that, like other models tested, k-NN struggled to correctly identify adult

content, particularly in Italian.

Overall, the k-NN model produced strong results for English, with an accuracy of 0.87.

For Italian, the model performed less effectively, achieving an accuracy of 0.70, the lowest

result among all the models tested. These results indicate that, while k-NN works well for

certain categories like Kids and Teenagers, it encounters difficulties in the Adults category,

particularly in the Italian dataset.

3.1.6 Comprehensive Evaluation of Traditional Machine Learning

Algorithms

After evaluating all classifiers (SVM, NB, DT, RF, and k-NN) on both the English and

Italian datasets, we can draw several key insights into their performance and suitability for

this text classification task across different languages.

For the English dataset, NB emerged as the top performer with an accuracy of 0.88,

closely followed by RF and k-NN, both achieving an accuracy of 0.87. While SVM performed

slightly lower with an accuracy of 0.86, it was still highly competitive. DT exhibited the

lowest accuracy for English at 0.85, although its performance was still balanced across the

categories, particularly in the Kids category.

In terms of precision, recall, and F1-score, NB and RF outperformed the other models,

with NB having the edge in overall precision and F1-score, while RF demonstrated superior

generalization abilities across categories. k-NN displayed a strong performance in the Kids

and Teenager categories, but struggled slightly in the Adults category, where recall was

particularly low, reflecting the model’s difficulty in identifying adult content.

For the Italian dataset, the results were notably different. RF achieved the highest

accuracy at 0.79, followed by NB and SVM, both at 0.78. k-NN and DT struggled more,

with k-NN achieving the lowest accuracy at 0.70 and DT scoring 0.72. These differences

suggest that some models, such as RF, were more robust to the complexities of Italian

text, while others, like k-NN, encountered difficulties, particularly in the Kids and Adults

categories.

Across both datasets, the Adults category consistently proved to be the most challeng-

ing for all models, particularly in terms of recall. Models often failed to capture all relevant

instances of adult content, with k-NN and DT showing the greatest difficulties in this re-

gard. In contrast, the Kids category yielded the best results across the board, with most

models achieving high precision, recall, and F1-scores, indicating a strong ability to classify

children’s content accurately.

In conclusion, NB and RF were the most reliable models overall, with NB excelling in
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precision and RF showing balanced performance across categories and languages. SVM also

performed well, especially for English texts, while k-NN and DT exhibited weaker results,

particularly for the Italian dataset.

These findings underscore the importance of selecting the most suitable classifier based

on the language and unique challenges of classifying online video scripts, particularly in

determining their suitability for minors.

3.2 Neural Networks

Following the methodology outlined in Chapter 2, specifically in Section 2.2.6, the experi-

ments were conducted using the NN models described. CNN, LSTM networks, and BiLSTM

networks were tested.

Also in this case, the impact of the badwords rule on the results was preliminarily

evaluated. Table 3.14 shows that, once again, the rule improves the results obtained for

Italian, while the results for English remain unchanged.

Classifier ITA BW_ITA ENG BW_ENG

CNN 0.75 0.78 0.86 0.86

LSTM 0.75 0.77 0.86 0.86

BiLSTM 0.72 0.74 0.85 0.85

Table 3.14: Accuracies of neural networks before and after applying the bad words rule in

both Italian and English.

Each model was implemented using the TensorFlow and Keras libraries, with the pa-

rameters and settings specified in Section 2.2.6.

Specifically, the vocabulary size was limited to 10,000 words, and each text sequence

was padded or truncated to a length of 100 tokens to ensure a uniform input size. The

same pre-processing pipeline was applied to both English and Italian datasets to maintain

consistency across the experiments. The models were then trained and evaluated using

the created corpora, and key performance metrics, such as accuracy, precision, recall, and

F1-score, were recorded for each category: kids, teenagers, and adults.

These settings were maintained for both English and Italian. The results are reported

in Tables 3.15 and Table 3.16, respectively.

In the case of CNN, the accuracy score for English (0.86) was higher than for Italian

(0.78). For the "Kids" category in both languages, precision and recall achieved very high

scores, indicating that the model is highly capable of identifying texts aimed at children.

For the "Teenagers" category, recall remained high (0.92 for English and 0.83 for Italian),

but precision decreased (0.74 for English and 0.68 for Italian). This meant that, while the

87



Precision Recall F1-Score Support

0_kids 1.00 0.98 0.99 200

1_teenagers 0.74 0.92 0.82 146

2_adults 0.78 0.52 0.62 100

Accuracy 0.86

Macro avg 0.84 0.81 0.81 446

Weighted avg 0.86 0.86 0.85 446

Table 3.15: CNN classification report for the English language.

Precision Recall F1-Score Support

0_kids 0.86 0.90 0.88 209

1_teenagers 0.68 0.83 0.75 179

2_adults 0.83 0.50 0.62 126

Accuracy 0.78

Macro avg 0.79 0.74 0.75 514

Weighted avg 0.79 0.78 0.77 514

Table 3.16: CNN classification report for the Italian language.

model correctly identified most texts belonging to the "Teenagers" class, some texts were

incorrectly classified as such. This trend was consistent across both Italian and English

datasets. Specifically, a significant number of texts intended for adults were misclassified as

content for teenagers.

In contrast, the "Adults" category showed higher precision (0.78 for English and 0.83

for Italian) but lower recall (0.52 for English and 0.50 for Italian), meaning that while the

model was more conservative in classifying texts as "adult" content, it was often correct

when it did so. However, it tended to miss some texts that should have been classified as

"adult".

Overall, the macro-average results for both English and Italian can be considered satis-

factory.

In addition to CNNs, as mentioned at the beginning of the paragraph, recurrent neural

networks (RNNs) were also tested, specifically the LSTM and BiLSTM architectures.

The results for the LSTM model are shown in Table 3.17 for English and in Table 3.18

for Italian.

When analyzing the English results, the model showed excellent performance in the

children category, achieving very high precision and recall, resulting in an F1-score of 0.99. In

the teenagers category, the model achieved a precision of 0.75 and a recall of 0.84, indicating
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Precision Recall F1-Score Support

0_kids 1.00 0.97 0.99 200

1_teenagers 0.75 0.84 0.79 146

2_adults 0.67 0.58 0.62 100

Accuracy 0.84

Macro avg 0.81 0.80 0.80 446

Weighted avg 0.84 0.84 0.84 446

Table 3.17: LSTM classification report for the English language.

Precision Recall F1-Score Support

0_kids 0.91 0.83 0.86 209

1_teenagers 0.71 0.79 0.75 179

2_adults 0.64 0.63 0.63 126

Accuracy 0.77

Macro avg 0.75 0.75 0.75 514

Weighted avg 0.77 0.77 0.77 514

Table 3.18: LSTM classification report for the Italian language.

that while most texts aimed at teenagers were correctly identified, a small portion was

misclassified. For the Adults category, the model exhibited weaker performance, with a

precision of 0.67 and a recall of 0.58, showing that the model tended to confuse adult texts

with other categories. Overall, the LSTM model achieved an accuracy of 84%.

For the Italian dataset, the model followed a similar pattern. The children category

yielded the best results, with an F1-score of 0.86, although slightly lower than the English

results. The Teenagers category performed similarly to the English case, with a precision of

0.71 and a recall of 0.79. The adults category remained the most challenging, with a slightly

better F1-score of 0.63 compared to English, but it still showed that the model struggled

with this class. Overall, the model achieved an accuracy of 77% for the Italian dataset.

In addition to the LSTM, the BiLSTM model was tested.

Looking at the results for Italian, we can observe a similar pattern, where the children

category was again the one where the model performed best, achieving an F1-score of 0.86.

Although this was slightly lower than the score for English, the result was still satisfactory.

The teenagers category yielded similar results to English, with a precision of 0.71 and a

recall of 0.79, leading to an F1-score of 0.75. Once again, the adults category presented

the most challenges, although the performance was slightly better than in English, with an

F1-score of 0.63, underscoring the difficulties the model faced with this category. Overall,
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the model achieved an accuracy of 77% for Italian.

The results are shown in Table 3.19 for English and Table 3.20 for Italian.

Class Precision Recall F1-Score Support

0_kids 1.00 0.99 1.00 200

1_teenagers 0.74 0.86 0.80 146

2_adults 0.72 0.57 0.64 100

Accuracy 0.85

Macro avg 0.82 0.81 0.81 446

Weighted avg 0.85 0.85 0.85 446

Table 3.19: BiLSTM classification report for the English language.

Class Precision Recall F1-Score Support

0_kids 0.90 0.80 0.85 209

1_teenagers 0.72 0.70 0.71 179

2_adults 0.55 0.68 0.61 126

Accuracy 0.74

Macro avg 0.73 0.73 0.72 514

Weighted avg 0.75 0.74 0.74 514

Table 3.20: BiLSTM classification report for the Italian language.

For the English dataset, the BiLSTM model achieved excellent performance in the Kids

category, with an F1-score of 1.0. The Teenagers category achieved a precision of 0.74

and a recall of 0.86, indicating that the model correctly identified most texts in this class,

though some were misclassified. As with the LSTM model, the adults category was the most

problematic, with a precision of 0.72 and a recall of 0.57. Overall, the model achieved an

accuracy of 0.85.

For the Italian dataset, the results were slightly lower, with an accuracy of 0.74. The

Kids category still showed strong performance, with a precision of 0.90 and a recall of 0.80.

This results in an F1-score of 0.85, reflecting a strong balance between precision and recall.

The Teenagers category achieved a precision of 0.72 and a recall of 0.70, which indicates

that 28% of the texts classified as "Teenagers" were actually from another category, while

the adults category remained the most challenging, with a precision of 0.55 and a recall of

0.68. The F1-score of 0.61 suggests that the model’s performance in this category is the

weakest, primarily due to the low precision. Despite these challenges, the model achieved

an overall accuracy of 0.74, which is lower than in English, but the performance remains

consistent with the results obtained from other tests and is still satisfactory.
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3.2.1 Comprehensive Evaluation of Neural Networks

Looking at the overall performance of the NNs tested, we can draw the following conclusions:

For both English and Italian, the convolutional model (CNN) performed the best, although

the difference from the recurrent model (LSTM) was minimal. The most significant difference

is observed with the BiLSTM model, which achieved lower accuracy than the other two

models for Italian. In contrast, for English, the LSTM model recorded the lowest accuracy,

though the differences between the models remain minor.

One plausible explanation for why CNNs outperform RNNs, despite this being a text

classification task, could be related to the size and nature of the dataset. CNNs are highly

efficient at capturing local patterns, such as short sequences or phrases, which might be suf-

ficient for classifying the content in this case. Additionally, the relatively small dataset may

reduce the need to capture long-term dependencies, which LSTMs and BiLSTMs typically

excel at. As a result, CNNs might benefit from their ability to quickly detect key features,

making them more effective for this specific task.

3.3 Transformers

Based on the methodology detailed in section 2.2.7, the Transformers models were tested to

evaluate their performance on the classification task.

The first model tested was BERT. Before selecting which version of BERT to use, several

preliminary tests were performed on some models to determine whether the cased or uncased

version would yield better results. These tests indicated minimal differences in accuracy for

Italian (0.71 for the uncased version and 0.70 for the cased version) and no difference for

English (0.87 for both versions). This demonstrated that models of this complexity could

capture word meanings from context, regardless of case. To ensure consistency with models

that only offer a cased version, results were reported using the cased version across all

classifiers.

The preliminary results are reported in Table 3.21.

Further preliminary tests assessed the impact of adding a "bad-words" filter, previously

used in other models, to see if it would improve performance. These tests showed that

for English, results remained stable with or without the filter, while for Italian, accuracy

consistently improved with its application, as we can observe in Table 3.22. This suggests

that English models are capable of accurate classification by relying on broader contextual

features, while in Italian, models continue to face challenges and exhibit confusion without

this filter. As a result, the bad-words filter was applied to all reported results.

Accordingly, all reported results include the application of this filter. Examining the

data also reveals that most label changes from 0 (Kids) to 2 (Adults) occur in the so-called
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Model Language Cased Uncased

BERT English 0.87 0.87

BERT Italian 0.70 0.71

DistilBERT English 0.86 0.87

DistilBERT Italian 0.71 0.70

mBERT English 0.87 0.86

mBERT Italian 0.70 0.72

dbmdz italian BERT Italian 0.72 0.68

Table 3.21: Preliminary test results for the version of the transformer models.

Model ITA BW_ITA ENG BW_ENG

BERT 0.70 0.72 0.87 0.87

DistilBERT 0.71 0.75 0.86 0.86

mBERT 0.70 0.74 0.87 0.87

RoBERTa 0.77 0.80 0.89 0.89

dbmdz italian BERT 0.72 0.74 - -

ELECTRA 0.73 0.76 - -

Table 3.22: Accuracies of various models before and after applying the rule, for both Italian

and English.

YouTube Poops (YTP) cases. As previously mentioned, these are mashups of pre-existing

material, often involving cartoons re-dubbed with inappropriate language. This type of

content poses a challenge even for advanced models like transformers, particularly in Italian,

just as it did for other models, further underscoring the importance of integrating filters to

prevent minors from accessing such material.

The results obtained by testing BERT for English are presented in Table 3.23, while the

results for Italian are shown in Table 3.24.

Examining the results obtained from BERT, we find that the English model significantly

outperforms the Italian model, likely due to BERT’s initial training on English text; thus, its

performance in Italian depends entirely on the fine-tuning applied. The overall accuracy for

English is relatively high at 0.87, with the model performing best in the children category

(F1-score of 1.0). However, for teenagers, while recall is high at 0.92, precision drops to

0.74, indicating that although the model identifies most texts suitable for teenagers, it also

misclassifies some content as suitable for this age group.

To address the language issue, mBERT, was tested. The results of the experiment are
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Precision Recall F1-Score Support

0_kids 1.00 1.00 1.00 200.0

1_teenagers 0.74 0.92 0.81 146.0

2_adults 0.88 0.49 0.59 100.0

Accuracy 0.87

Macro avg 0.87 0.80 0.80 446

Weighted avg 0.89 0.87 0.85 446

Table 3.23: BERT classification report for the English language.

Precision Recall F1-Score Support

0_kids 0.84 0.87 0.85 209.0

1_teenagers 0.66 0.69 0.63 179.0

2_adults 0.71 0.55 0.57 126.0

Accuracy 0.72

Macro avg 0.73 0.70 0.68 514

Weighted avg 0.75 0.72 0.70 514

Table 3.24: BERT classification report for the Italian language.

reported in Table 3.25 for English and Table 3.26 for Italian.

Precision Recall F1-Score Support

0_kids 1.00 1.00 1.00 200.0

1_teenagers 0.72 0.93 0.81 146.0

2_adults 0.93 0.46 0.58 100.0

Accuracy 0.87

Macro avg 0.88 0.80 0.80 446

Weighted avg 0.89 0.87 0.85 446

Table 3.25: mBERT classification report for the English language.

mBERT’s performance in English was consistent with BERT, achieving an accuracy

of 0.87. For Italian, however, mBERT showed a slight improvement over BERT, with an

accuracy increase from 0.72 to 0.74. Examining the English results, the F1-scores for the Kids

and Teenagers categories closely mirrored those achieved by BERT. In the adults category,

mBERT displayed a slight improvement in precision, but a slight decrease in recall (0.46

with mBERT compared to 0.49 with BERT), indicating continued difficulty in accurately

classifying adult-targeted texts. For Italian, mBERT also showed some improvement in

93



Precision Recall F1-Score Support

0_kids 0.85 0.91 0.88 209.0

1_teenagers 0.64 0.80 0.71 179.0

2_adults 0.86 0.40 0.51 126.0

Accuracy 0.74

Macro avg 0.78 0.70 0.70 514

Weighted avg 0.78 0.74 0.72 514

Table 3.26: mBERT classification report for the Italian language.

the children category, with the F1-score increasing from 0.85 to 0.88, and in the Teenagers

category, where the F1-score rose from 0.63 to 0.71. However, the model struggled more in

the adults category, with a notable drop in recall from 0.55 with BERT to 0.40 with mBERT,

indicating difficulty in recognizing a significant portion of texts intended for adults.

Following the testing of mBERT, the results for DistilBERT were also examined. The

DistilBERT results are shown in Table 3.27 for English and Table 3.28 for Italian.

Precision Recall F1-Score Support

0_kids 1.00 1.00 1.00 200.0

1_teenagers 0.75 0.88 0.80 146.0

2_adults 0.79 0.56 0.63 100.0

Accuracy 0.86

Macro avg 0.85 0.81 0.81 446

Weighted avg 0.87 0.86 0.86 446

Table 3.27: DistilBERT classification report for the English language.

Precision Recall F1-Score Support

0_kids 0.89 0.88 0.88 209.0

1_teenagers 0.62 0.87 0.72 179.0

2_adults 0.86 0.36 0.50 126.0

Accuracy 0.75

Macro avg 0.79 0.71 0.70 514

Weighted avg 0.79 0.75 0.73 514

Table 3.28: DistilBERT classification report for the Italian language.

For English, DistilBERT’s accuracy was slightly lower than BERT’s (0.86 vs. 0.87).

Similar to BERT, DistilBERT achieved an F1-score of 1 in the children category, though it
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showed challenges in the teenagers and adults categories. However, DistilBERT did perform

better in the adults category, with an F1-score improvement from 0.59 with BERT to 0.63.

For Italian, DistilBERT achieved an accuracy of 0.75, slightly higher than BERT’s 0.72,

showing fewer classification challenges in the children category. In the teenagers category,

DistilBERT performed significantly better than BERT, with an F1-score increase from 0.63

to 0.72. However, for the adults category, DistilBERT’s performance slightly declined, with

an F1-score of 0.50 compared to BERT’s 0.57. In this category, DistilBERT’s precision was

0.86, but the recall dropped to 0.36, indicating a limited ability to recognize texts meant for

adults.

Also the Transformer-based model RoBERTa was tested. As outlined in the methodology

(see Section 2.2.7), RoBERTa, was selected for its enhanced capabilities in capturing nuanced

language patterns essential for text classification tasks. The results are reported in Table

3.29 for English and Table 3.30 for Italian.

Precision Recall F1-Score Support

0_kids 1.00 1.00 1.00 200.0

1_teenagers 0.74 1.00 0.85 146.0

2_adults 1.00 0.49 0.65 100.0

Accuracy 0.89

Macro avg 0.91 0.83 0.83 446

Weighted avg 0.92 0.89 0.88 446

Table 3.29: RoBERTa classification report for the English language.

Precision Recall F1-Score Support

0_kids 0.87 0.90 0.88 209.0

1_teenagers 0.69 0.86 0.76 179.0

2_adults 0.94 0.54 0.67 126.0

Accuracy 0.80

Macro avg 0.84 0.76 0.77 514

Weighted avg 0.83 0.80 0.79 514

Table 3.30: RoBERTa classification report for the Italian language.

Overall, RoBERTa achieved the highest accuracy among the models tested, with an

accuracy of 0.89 for English and 0.80 for Italian. The model excelled in the classification of

children’s content, achieving an F1-score of 1.00 in English and 0.88 in Italian, indicating

near-perfect precision and recall for texts in this category.

In the teenagers category, the English model showed high recall (1.00), indicating that
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it correctly identified most texts intended for teenagers. However, the precision for this

category was slightly lower (0.74), suggesting that some non-teenager texts were misclassified

as teenagers. For Italian, the model achieved a precision of 0.69 and recall of 0.86, indicating

similar behavior in this category across both languages.

For the adults category, the model achieved a high precision of 1.00 for English, meaning

that when the model classified a text as adult content, it was usually correct. However, the

recall was lower (0.49), revealing that the model missed many adult-targeted texts. This

pattern was mirrored in the Italian model, where the precision for adults was high (0.94), but

the recall was lower at 0.54. This suggests a consistent challenge in identifying all relevant

adult texts, possibly due to overlapping language features between categories.

In summary, the RoBERTa model demonstrated the highest performance across all mod-

els tested, achieving top accuracy scores in both languages. However, as seen in previous

models, it encountered challenges with the teenagers and adults categories, particularly in

accurately identifying all adult-oriented texts. The lower recall for adults and the lower pre-

cision for teenagers indicate that the model occasionally misclassifies adult texts as teenager

content and fails to recognize some teenager-targeted texts, possibly due to overlapping

language patterns.

To improve performance in Italian, additional models directly specialized in Italian were

tested.

The first model tested was the dbmdz/bert-base-italian-cased, used within the BertFor

SequenceClassification architecture for fine-tuning on the specific task. The final results

are presented in Table 3.31.

Precision Recall F1-Score Support

0_kids 0.85 0.89 0.87 209.0

1_teenagers 0.64 0.81 0.70 179.0

2_adults 0.80 0.39 0.49 126.0

Accuracy 0.74

Macro avg 0.76 0.70 0.69 514

Weighted avg 0.77 0.74 0.72 514

Table 3.31: dbmdz classification report.

The results are comparable to those achieved with other BERT-based models fine-tuned

on this corpus. This model also reached a satisfactory accuracy of 0.74, aligning with the

other results but still lower than the performance of models tested on English. Consistent

with the findings for all other models, this classifier performs well in the children’s category

but encounters challenges in the teenagers and adults categories. In the teenagers category,

the model has low precision (0.64) but high recall (0.81), while in the adults category, it

96



shows high precision (0.80) but low recall (0.39).

The second model tested was ELECTRA-based model, specifically the ElectraForSequen

ceClassification pre-trained on Italian (dbmdz/electra-base-italian-xxl-cased-discr

iminator. The results are shown in Table 3.32

Precision Recall F1-Score Support

0_kids 0.87 0.91 0.88 209.0

1_teenagers 0.65 0.89 0.74 179.0

2_adults 0.96 0.36 0.52 126.0

Accuracy 0.76

Macro avg 0.82 0.72 0.71 514

Weighted avg 0.82 0.76 0.74 514

Table 3.32: Electra classification report.

The results show that this model achieves a slightly higher accuracy (0.76) than the

previous one, though the RoBERTa model remains the best performer overall. Similar to

previous cases, this model performs very well in the children’s category but struggles with

the teenagers and adults categories, showing low precision in the teenagers category and

particularly low recall in the adults category.

As part of the experiment, specific Italian transformers were also explored, namely Al-

BERTo (based on BERT), and GilBERTo and UmBERTo (both based on RoBERTa).

AlBERTo is a BERT language understanding model for the Italian language focused on

the language used in social networks, specifically on Twitter.

The results achieved by testing this model are shown in Table 3.33

Precision Recall F1-Score Support

0_kids 0.91 0.86 0.88 209.0

1_teenagers 0.68 0.78 0.71 179.0

2_adults 0.73 0.59 0.63 126.0

Accuracy 0.76

Macro avg 0.77 0.74 0.74 514

Weighted avg 0.79 0.76 0.76 514

Table 3.33: AlBERTo classification report.

AlBERTo achieved the same accuracy as Electra (0.76). Like the other models, it per-

forms best in the children’s category, achieving the highest precision so far among all models

tested on Italian, with a precision of 0.91. In the adults’ category, where all models faced
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challenges, AlBERTo also attained a higher recall of 0.59, the best result among all models

tested on Italian in this category.

The final two models tested are both based on RoBERTa. GilBERTo is an Italian pre-

trained language model built on Facebook’s RoBERTa architecture with a CamemBERT text

tokenization approach. UmBERTo is another RoBERTa-based model, trained on extensive

Italian corpora, utilizing two innovative methods: SentencePiece and Whole Word Masking.

The results for GilBERTo are presented in Table 3.34, and the results for UmBERTo in

Table 3.35.

Precision Recall F1-Score Support

0_kids 0.94 0.94 0.94 209.0

1_teenagers 0.79 0.89 0.84 179.0

2_adults 0.91 0.73 0.80 126.0

Accuracy 0.87

Macro avg 0.88 0.86 0.86 514

Weighted avg 0.88 0.87 0.87 514

Table 3.34: GilBERTo classification report.

Precision Recall F1-Score Support

0_kids 0.93 0.97 0.95 209.0

1_teenagers 0.85 0.91 0.88 179.0

2_adults 0.97 0.78 0.85 126.0

Accuracy 0.90

Macro avg 0.92 0.89 0.89 514

Weighted avg 0.91 0.90 0.90 514

Table 3.35: UmBERTo classification report.

With the RoBERTa-based models trained specifically for Italian, performance improved

significantly. In the adults category, GilBERTo achieved an F1-score of 0.94, while Um-

BERTo reached 0.95. Across other categories, the overall trend observed with previous

models persisted, namely, lower precision and high recall in the teenagers category and high

precision with lower recall in the adults category, but with noticeably stronger results. For

example, GilBERTo achieved a precision of 0.79 and a recall of 0.89 in the teenagers cate-

gory, and in the adults category, it achieved a precision of 0.91 and a recall of 0.73, resulting

in an overall accuracy of 0.87. UmBERTo yielded the highest performance, achieving an

accuracy of 0.90. Specifically, it reached an F1-score of 0.95 in the children’s category, a

precision of 0.85 with a recall of 0.89 in the teenagers category, and a precision of 0.97 with

98



a recall of 0.78 in the adults category.

3.3.1 Comprehensive Evaluation of Transformer-Based Models

In conclusion, the results across all observed models reveal some common trends. All models

perform exceptionally well in the children category, with F1-scores starting from 0.85. In

English, models like mBERT and RoBERTa achieved a perfect F1-score of 1.00, while similar

results were obtained with GilBERTo and UmBERTo for Italian, reaching F1-scores between

0.94 and 0.95.

In the teenagers category, there is a general pattern of lower precision and higher re-

call across all models, suggesting that while the models successfully identify most teenage-

targeted content, they tend to misclassify other content as belonging to this category.

RoBERTa-based models perform better here, with GilBERTo achieving a precision of 0.79

and recall of 0.89, while UmBERTo reaches a precision of 0.85 and recall of 0.89.

The adults category remains the most challenging for all models, characterized by high

precision but often low recall, indicating that while adult content is identified correctly, not

all adult texts are detected. However, UmBERTo and GilBERTo (both RoBERTa-based)

show notable improvements in this category, with UmBERTo achieving an F1-score of 0.85

and GilBERTo reaching 0.80.

Overall, the RoBERTa-based models were the best performers across both English and

Italian, particularly UmBERTo for Italian, with an accuracy of 0.90, and RoBERTa for

English, with an accuracy of 0.89.

3.4 Large Language Models

As described in Chapter 2, this experimental phase also evaluates the performance of several

LLMs on the core classification task addressed in this thesis, for both English and Italian

datasets. Also in this case, each model was fine-tuned on the built corpora with standardized

parameters and evaluated through a 5-fold cross-validation for consistent results.

Additionally, the bad-word filter was applied post-prediction to reclassify content as

necessary, following a preliminary test that demonstrated its effectiveness in improving clas-

sification accuracy. The results indicated a noticeable improvement in accuracy, particularly

for the Italian dataset. The preliminary test was performed using Flan-T5. For English,

accuracy increased slightly from 0.87 to 0.88 with the rule in place. However, for Italian,

accuracy saw a more significant improvement, rising from 0.71 to 0.76. This preliminary

result, reported in Table 3.36, highlighted the value of the bad words rule, particularly in

handling Italian content, justifying its inclusion as part of the classification process in the

experiment.

99



Classifier ITA BW_ITA ENG BW_ENG

Flan-T5 0.71 0.76 0.87 0.88

GPT-2 - 0.75 - 0.83

Minerva 0.72 0.75 - 0.83

Table 3.36: Accuracies of tested LLMs before and after applying the bad words rule in both

Italian and English.

Among the various LLMs, Flan-T5, GPT-2, and Minerva were selected for testing.

The results of Flan-T5 are shown in Talbe 3.37 for English and Table 3.38 for Italian.

Precision Recall F1-Score Support

0_kids 0.99 1.00 1.00 200.0

1_teenagers 0.73 0.99 0.84 146.0

2_adults 0.99 0.46 0.62 100.0

Accuracy 0.88

Macro avg 0.90 0.82 0.82 446

Weighted avg 0.91 0.88 0.87 446

Table 3.37: Flan-T5 classification report for the English language.

Precision Recall F1-Score Support

0_kids 0.77 0.97 0.86 209.0

1_teenagers 0.72 0.80 0.76 179.0

2_adults 0.90 0.34 0.48 126.0

Accuracy 0.76

Macro avg 0.80 0.71 0.70 514

Weighted avg 0.79 0.76 0.73 514

Table 3.38: Flan-T5 classification report for the Italian language.

The Flan-T5 model performed exceptionally well in the Kids category for English, achiev-

ing an F1-score of 1.0. However, as with previously tested models, it encountered more

challenges in the "Teenagers" and "Adults" categories. Specifically, in the "Teenagers" cat-

egory, it reached a high recall of 0.99 but had a lower precision of 0.73, indicating some

misclassification. For the "Adults" category, the model attained a high precision of 0.99 but

struggled with recall, achieving only 0.46. This overall pattern resulted in a final accuracy

of 0.88 for English, consistent with other transformers tested.

Observing the results for Italian, we notice that the model encountered some difficulties
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even in the children’s category, achieving an F1-score of 0.86 but with a precision of only

0.77. In the "Teenagers" category, the F1-score was also 0.86, while the "Adults" category

showed a significantly lower F1-score, largely due to a recall of only 0.34. Overall, the model

reached an accuracy of 0.76 for Italian, which aligned with the results of other transformers

that were not specifically specialized for Italian.

The OpenAI GPT-2 model, a causal transformer developed by Radford et al. (2019),

was also evaluated for this classification task. As previously outlined in the methodology,

this model was fine-tuned with a sequence classification objective, leveraging a 5-fold cross-

validation approach to ensure reliable performance metrics.

Table 3.39 (English) and Table 3.40 (Italian) illustrate GPT-2’s performance.

Precision Recall F1-Score Support

0_kids 0.99 1.00 0.99 200.0

1_teenagers 0.79 0.66 0.70 146.0

2_adults 0.61 0.68 0.63 100.0

Accuracy 0.83

Macro avg 0.80 0.78 0.77 446

Weighted avg 0.84 0.83 0.82 446

Table 3.39: GPT-2 classification report for the English language.

Precision Recall F1-Score Support

0_kids 0.88 0.87 0.87 209.0

1_teenagers 0.73 0.68 0.70 179.0

2_adults 0.64 0.67 0.64 126.0

Accuracy 0.75

Macro avg 0.75 0.74 0.74 514

Weighted avg 0.77 0.75 0.75 514

Table 3.40: GPT-2 classification report for the Italian language.

The results show that the model tested on English data achieved a lower precision than

Flan-T5 and recorded the lowest overall accuracy among all models tested up to that point.

Consistent with previous models, its best performance was observed in the Kids category,

where it reached an F1-score of 0.99. However, the model struggled more in other categories,

with an F1-score of only 0.70 in the Teenagers category and an even lower score of 0.63 in

the Adults category.

For Italian, while the overall performance remained modest, it aligned with results seen

in other transformers. The model achieved an accuracy of 0.75, performing best in the
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Kids category with an F1-score of 0.87. In the Teenagers category, it scored 0.70, and in

the Adults category, it reached 0.64, slightly outperforming its English counterpart in this

specific category.

The last model evaluated in this experiment was Minerva, specifically the Minerva-350M-base-v1.0

variant. Developed by Sapienza NLP, Minerva was the first family of LLMs pre-trained from

scratch on English and Italian.

Table 3.41 presents the results for English, while Table 3.42 displays the results for

Italian.

Precision Recall F1-Score Support

0_kids 0.99 0.99 0.99 200.0

1_teenagers 0.71 0.83 0.76 146.0

2_adults 0.68 0.50 0.57 100.0

Accuracy 0.83

Macro avg 0.79 0.77 0.77 446

Weighted avg 0.83 0.83 0.83 446

Table 3.41: Minerva report for the English language.

Precision Recall F1-Score Support

0_kids 0.85 0.91 0.88 209.0

1_teenagers 0.68 0.67 0.67 179.0

2_adults 0.72 0.59 0.62 126.0

Accuracy 0.75

Macro avg 0.75 0.73 0.72 514

Weighted avg 0.76 0.75 0.75 514

Table 3.42: Minerva report for the Italian language.

Examining the results, we observe that Minerva achieved an accuracy of 0.83 on English

data, performing best in the Kids category with an F1-score of 0.99. In the Teenagers

category, Minerva reached an F1-score of 0.76, while in the Adults category, its performance

declined, achieving an F1-score of only 0.57.

For Italian data, despite being trained on Italian sources, Minerva’s performance was

lower overall, with an accuracy of 0.75. Similar to its results in English, the best performance

was observed in the Kids category with an F1-score of 0.88. However, in the Teenagers and

Adults categories, the model struggled, yielding F1-scores of 0.67 and 0.62, respectively.

In summary, each LLM performed best in the Kids category, reflecting the models’ ability

to accurately identify less complex content. Challenges arose in classifying the Teenagers and
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Adults categories, where models showed high precision but struggled with recall. Models

tested on English typically showed slightly better accuracy than those tested on Italian,

including Minerva, despite its Italian-specific training.

3.4.1 Final considerations on the experiment

The detailed results for each model in English and Italian are summarized in Table 3.43

and Table 3.44, respectively, with Table 3.43 presenting the performance metrics for English

models and Table 3.44 illustrating the results for Italian models.

Classifier Representation Precision Recall F1-score Accuracy

SVM TF-IDF 0.88 0.80 0.80 0.86

Naive Bayes TF-IDF 0.90 0.82 0.83 0.88

Decision Tree TF-IDF 0.82 0.81 0.81 0.85

Random Forest TF-IDF 0.90 0.81 0.82 0.87

K-Nearest Neighbors TF-IDF 0.85 0.82 0.82 0.87

CNN Word Embedding 0.84 0.81 0.81 0.86

LSTM Word Embedding 0.81 0.80 0.80 0.84

BiLSTM Word Embedding 0.82 0.81 0.81 0.85

BERT Contextual Embeddings 0.87 0.80 0.80 0.87

mBERT Contextual Embeddings 0.88 0.80 0.80 0.87

DistilBERT Contextual Embeddings 0.85 0.81 0.81 0.86

roBERTa Contextual Embeddings 0.91 0.83 0.83 0.89

Flan T5 Contextual Embeddings 0.90 0.82 0.82 0.88

Minerva (350M-base) Contextual Embeddings 0.79 0.77 0.77 0.83

GPT-2 Contextual Embeddings 0.80 0.78 0.77 0.83

Table 3.43: Classification Results for English.

Among the models tested, transformer-based architectures proved the most effective,

with roBERTa leading in English (accuracy: 0.89) and UmBERTo for Italian (accuracy:

0.90). These models demonstrated a superior capacity to handle age-based text classification,

indicating that transformers, with their advanced contextual embeddings, are particularly

adept at capturing nuanced linguistic markers essential for this task. In particular, all

models achieved satisfactory accuracy for English, surpassing 0.80, while for Italian, all

models scored above 0.70, reflecting strong but relatively lower results for Italian. This gap

may arise from intrinsic differences in language structure; Italian morphological complexity

and syntactic variability often present a greater challenge for classification than English,

where structural simplicity aids model accuracy. Furthermore, the exceptional performance
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Classifier Representation Precision Recall F1-score Accuracy

SVM TF-IDF 0.80 0.75 0.76 0.78

Naive Bayes TF-IDF 0.81 0.75 0.76 0.78

Decision Tree TF-IDF 0.72 0.69 0.70 0.72

Random Forest TF-IDF 0.81 0.75 0.76 0.79

K-Nearest Neighbors TF-IDF 0.71 0.69 0.69 0.70

CNN Word Embedding 0.79 0.74 0.75 0.78

LSTM Word Embedding 0.75 0.75 0.75 0.77

BiLSTM Word Embedding 0.73 0.73 0.72 0.74

BERT Contextual Embeddings 0.73 0.70 0.68 0.72

mBERT Contextual Embeddings 0.78 0.70 0.70 0.74

DistilBERT Contextual Embeddings 0.79 0.71 0.70 0.75

roBERTa Contextual Embeddings 0.84 0.76 0.77 0.80

dbmdz/bert-italian Contextual Embeddings 0.76 0.70 0.69 0.74

ELECTRA Contextual Embeddings 0.82 0.72 0.71 0.76

AlBERTo Contextual Embeddings 0.77 0.74 0.74 0.76

GilBERTo Contextual Embeddings 0.88 0.86 0.86 0.87

UmBERTo Contextual Embeddings 0.92 0.89 0.89 0.90

Flan T5 Contextual Embeddings 0.80 0.71 0.70 0.76

Minerva (350M-base) Contextual Embeddings 0.75 0.73 0.72 0.75

GPT-2 Contextual Embeddings 0.75 0.74 0.74 0.75

Table 3.44: Classification Results for Italian.

of UmBERTo, a model specifically trained in Italian, reinforces the importance of language-

specific training for accurate classification.

In comparison, simpler models like NB performed competitively in English but struggled

more with Italian, potentially due to the inherent complexity of Italian morphology and

syntax. Simpler models like NB are less capable of managing the linguistic intricacies and

rich morphology present in Italian, which probably explains their lower performance in this

context. The underperformance of k-NN in Italian further underscores these difficulties,

as simpler ML models generally struggle with the linguistic variability that characterizes

Italian.

Across the models, LLMs like GPT-2 and Minerva showed the lowest performance in

English, confirming that the layer-based embeddings of the transformers capture contextual

dependencies more effectively than the more specialized, broader embeddings found in the

LLMs. This advantage of transformers lies in their ability to integrate sentence-level context
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directly into their embeddings, allowing them to detect subtle, age-specific language features.

LLMs, while powerful in general text generation, lack this fine-tuned context differentiation,

making them less effective for nuanced tasks such as age-based content classification.

The introduction of a rule-based filter for "bad words" significantly improved the per-

formance of the model, particularly in the category "Adults". This filter reclassifies texts

containing explicit language as "adult" content, effectively compensating for the models’

struggle to identify mature themes based solely on more subtle linguistic indicators. The

filter also demonstrated particular effectiveness in YouTube Poop (YTP) content, where

child-appropriate formats like cartoons are overlaid with inappropriate language. This find-

ing highlights a key limitation in the models: Without explicit markers, they have difficulty

detecting shifts in tone that result from content repurposing. This contextually nuanced

content, where form (e.g. cartoon characters) contrasts with function (e.g. inappropriate

language), requires explicit cues, such as bad words, for effective classification.

Performance on children’s content, by contrast, was consistently high across all models.

The simpler structure and direct language typical of texts intended for young audiences

provide clear, unambiguous cues that facilitate classification. This trend aligns with the

observation that straightforward language is more readily captured by models, enabling

them to achieve high precision and recall scores in the children’s category.

However, distinguishing between “teenagers” and “adults” proved challenging. Many

models displayed high recall but low precision for the “teenagers” category, and the opposite

for “adults”, revealing a common misclassification tendency. This difficulty likely reflects the

nature of the corpus itself; texts for both groups, including TED Talks, share similarities in

tone, vocabulary, and structure, creating an ambiguity that even human annotators found

challenging to resolve. This confusion is reflected in the models, which tend to misclassify

adult-targeted texts as suitable for teenagers, leading to lower recall for adults and high

recall for teenagers. Such results indicate that while the models handle clear-cut categories

like children’s content effectively, they struggle with more nuanced distinctions, particularly

when texts share stylistic similarities but differ in intended audience.

In summary, UmBERTo for Italian and roBERTa for English demonstrated the highest

effectiveness across the board, confirming the superiority of transformers in this domain.

Traditional models, particularly NB, still show competitive results in English, suggesting

that classical classifiers may be viable for certain languages where simpler syntactic struc-

tures prevail. For Italian, however, the superiority of transformers is more pronounced,

indicating their value for more complex linguistic tasks.

Given these findings, future research could focus on developing refined age-detection

strategies that go beyond explicit markers like bad words, integrating features that cap-

ture nuanced language shifts more accurately. Additionally, exploring hybrid models that
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combine traditional ML classifiers with transformer embeddings could further enhance clas-

sification performance in complex cases. Expanding language-specific training resources,

especially for languages like Italian, would be beneficial in strengthening the models’ capac-

ity to manage linguistic diversity, ultimately supporting a robust foundation for safe and

accurate multimedia content classification across languages.

3.5 Semantic Analysis

As described in Chapter 2, the steps undertaken in this second experiment to achieve se-

mantic classification included:

1. Constructing specialized dictionaries (covering categories such as violence, drugs, of-

fensive language, and emotions, as described in Section 2.4).

2. Building the corpora (see Section 2.5).

3. Extracting the most frequent terms from each text.

4. Expanding these lists automatically using semantic similarity algorithms.

5. Generating a network of semantically similar texts with cosine similarity.

6. Representing the networks using Gephi (Bastian et al. 2009) and measuring their

strength with the Modularity Class.

7. Labeling the networks through a dedicated labeling algorithm.

The first step in the experimental process involved using a distributional semantic matrix

to compute similarity values between words and identify the nearest neighbors for each

frequently occurring term. This similarity information was used to build networks of related

terms and categories within the texts, representing nuanced relationships among content

items in both languages.

In the subsequent steps, semantic networks were generated using cosine similarity to

define edges between similar texts. These networks were visualized in Gephi, where the

Modularity Class algorithm was applied to measure community strength, enabling the iden-

tification of distinct text clusters based on semantic similarity. The resulting networks were

labeled with a majority-based algorithm, which was implemented using the Python library

pandas, allowing for the aggregation and assignment of the most frequent label for each

identified cluster. Smaller clusters with fewer than ten texts were filtered out to maintain

result accuracy.

To implement the Word2Vec model, the Gensim library was selected, and preliminary

tests were conducted to determine the optimal parameter combination. Table 3.45 presents

the two configurations tested for each language along with the results obtained.
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Vector Size Skip-gram English Results Italian Results

Test 1 100 0 0.41 0.22

Test 2 300 1 0.29 0.22

Table 3.45: Tested configurations for each language and obtained results.

To evaluate the performance of the models, reference words (ground truth) were selected,

and accuracy was calculated as follows: for each target word, a list of similar words was gen-

erated using Gensim’s most_similar method. These lists were then compared to predefined

ground-truth lists, with accuracy determined by the number of matching words between the

model’s output and the ground-truth list. Specifically, the proportion of words from the

ground truth that appeared in the model’s list was calculated, with precision defined as

the ratio of matching words to the total words in the ground-truth list. This process was

repeated for each target word, and the overall accuracy was reported for each model.

Despite the lower accuracy values, which are expected in this type of evaluation since

the goal is embedding optimization, these preliminary tests were essential for selecting the

most suitable Word2Vec configuration to ensure high-quality word representations for the

subsequent analysis.

The tests showed that the English models generally achieved higher accuracy than the

Italian models. While the configurations tested for Italian showed no significant differences

in accuracy, those for English did. The configuration with a lower vector count and the

use of CBOW instead of Skip-gram performed best for English. Consequently, Test 1 was

selected for model training. This choice aligns with the literature, which suggests that CBOW

is particularly suited for capturing common words rather than rare ones, making it ideal for

this study’s objectives3.

The matrix was used to perform a semantic expansion of the most significant words in

the transcripts: the 100 highest-frequency terms from each text were extracted, and the

10 nearest neighbors for each were identified. This produced a vector where each text is

represented by its list of high-frequency terms along with their semantically similar words,

each associated with respective frequency and similarity values.

The subtitles corpus underwent comprehensive preprocessing: each text was converted

to lowercase, punctuation was removed, English and Italian stopwords were eliminated using

the NLTK library, and the text was tokenized and lemmatized using SpaCy. The preprocessed

corpus was then applied to the previously trained Word2Vec model (see Section 2.3) to

extract the 10 most semantically similar words to each of the 100 most frequent terms,
3Word Embeddings in NLP: Comparison Between CBOW and Skip-Gram Models in https:

//www.geeksforgeeks.org/word-embeddings-in-nlp-comparison-between-cbow-and-skip-gram-models/,

last accessed: 2024/07/26.
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generating a representative list of words for each text in the corpus.

Table 3.46 provides examples of the extracted words for English, while Table 3.47 does

so for Italian. The selection of words was carried out manually, choosing standard terms

from different texts to clearly illustrate how the algorithm operates in practice. Standard

words were intentionally reported in the table, as there are no strictly representative words

for a specific age group. While some words may appear frequently across different texts,

their relevance is determined by the words they co-occur with. A term like palla (ball),

for example, may frequently appear in both a children’s story and an adult-themed text,

but in the former, it will co-occur with words like gioca (play), while in the latter, it may

appear alongside offensive or inappropriate terms. This highlights how co-occurrence pat-

terns, rather than individual words, are key to capturing contextual differences in semantic

analysis.

Word Semantically related words

winter
summer, spring, autumn, summers, harvest, weather, sunshine,

rains, rain, frost

okay Okay, alright, Right, yeah, yes, Yeah, Yes, Alright, Mhm, OK

day
night, evening, week, afternoon, morning, weekend, half-hour, Fri-

day, month, Saturday

friend
colleague, neighbour, cousin, girlfriend, uncle, brother, compan-

ion, boyfriend, lover, son

tea
coffee, sandwiches, breakfast, dinner, cup, supper, lunch, toast,

drink, brandy

Table 3.46: Extract of the output showing the 10 semantically related words to each target

word in English.

The next step involved creating a vector for each script, indicating the presence (1) or

absence (0) of each word from the common vocabulary in the script text. These vectors

were stored in a DataFrame to calculate script similarity. The process included:

• Building the common vocabulary: All files in the lists folder were read, and words

from each file were converted to lowercase and added to a set of unique words. The

vocabulary was then created by sorting this set alphabetically.

• Creating a DataFrame of presence vectors: A DataFrame was initialized with columns

representing the vocabulary words. For each file, the script content was loaded, and a

presence vector was created to denote each word’s presence (1) or absence (0) in the

text, then added to the DataFrame.
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Words Semantically related words

primo
terzo, successivo, quinto, secondo, sesto, seguente, precedente,

prossimo, quarto, nono

decina
ventina, quindicina, manciata, trentina, cinquantina, quarantina,

sessantina, settantina, miriade, dieci

rimanere
restare, trovarsi, esserci, muoversi, stare, venire, esserlo, rientrare,

starci, esser

applicare
adottare, eseguire, impostare, attuare, estendersi, emettere, in-

fluenzare, indurre, effettuare, operare

superare
misurare, sopportare, sfruttare, raggiungere, recuperare, ridurre,

mantenere, soddisfare, fronteggiare, determinare

Table 3.47: Extract of the output showing the 10 semantically related words to the target

word in Italian.

• Calculating cosine similarity: The cosine_similarity function from scikit-learn was

applied to calculate the similarity between all script presence vectors.

The two large similarity matrices obtained, one for English and one for Italian, were used

to represent a network of texts in Gephi to calculate the classes. In Gephi, the Fruchterman-

Reingold algorithm was chosen for representation. Force-directed graph drawing algorithms,

like Fruchterman-Reingold, are designed to create graph layouts by positioning nodes in two-

or three-dimensional space such that edges are approximately equal in length and the number

of crossing edges is minimized. This is achieved by assigning forces to edges and nodes based

on their relative positions and then using these forces to simulate the movement of edges

and nodes or to minimize the system’s energy (Kobourov 2012).

These algorithms balance attractive and repulsive forces: attractive forces pull connected

nodes closer together to reflect their linkage, while repulsive forces push nodes apart, reduc-

ing overlap. The algorithm iterates until these forces reach equilibrium.

3.5.1 The English case

The document similarity values were imported as an undirected edge graph, with all edges

below a weight of 0.76 filtered out to improve readability. The Modularity Class algorithm

was then applied to calculate sub-communities of nodes, facilitating the identification of

specific word classes. A resolution parameter of 1.2 was used for the Modularity Class to

reduce the number of communities in the network.

In the case of the English language, the unsupervised classification step produced seven

main classes identified in Figure 3.8 with different colors. Table 3.48 shows the distribution
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of each class.

Classes Color No. Documents Percentage

13 Purple 171 38,4%

50 Green 66 14,8%

31 Light Blue 57 12,78%

49 Black 33 7,4%

51 Orange 29 6,5%

33 Turquoise 13 2,91%

32 Magenta 13 2,91%

Residual Grey 64 14,35%

Table 3.48: Classes composition for English.

In the representation, it is evident that the most populous class is the purple one, pre-

dominantly composed of TED Talks, suggesting that the model successfully identified this

specific type of content as similar. However, as shown in Figure 3.9, where each original

label is color-coded (green for the "Kids" category, purple for "Adults", and orange for

"Teenagers"), this group also includes nodes from both the "Teenagers" and "Adults" cat-

egories. This highlights the model’s limited ability to distinguish between texts for adults

and teenagers within this family. Nevertheless, the model effectively identifies texts exclu-

sively for adults. For instance, Class 49 consists of subtitles from adult films and YouTube

Poop videos, texts that statistical models have historically struggled to differentiate from

children’s content.

The model demonstrates strong performance in distinguishing texts for children, as evi-

denced by classes 50, 31, 51, 33, and 32, which are composed exclusively of texts for children.

Additionally, the model successfully differentiates between texts intended for children under

the age of 6 (referred to as "preschool" in the corpus) and those for children aged 7 to 12

(referred to as "schoolage" in the corpus). A closer examination of the corpus reveals that

classes 32 and 51 are distinctly separated because they consist of texts from the same series

or cartoon. For example, the texts in class 51 belong to the Teeny Tiny Stories series.

The residual class, on the other hand, includes all texts that are not connected to other

nodes or have a connection strength below 0.76 and have therefore been filtered out.

The final step of the analysis involved assigning labels to the identified classes using

a labeling algorithm. A majority-based matching algorithm was selected for this purpose.

Specifically, a mapping was created using the Python library pandas by aggregating data

for each class identified by the Modularity Class and determining which predicted class was

the most frequent. This label was then assigned to the entire Modularity Class. To prevent

residual classes from influencing the results (as these would inevitably be assigned the correct
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Figure 3.8: Representation with Gephi of the families identified by the Modularity Class for

English.

label due to containing only one text), classes with fewer than ten texts were filtered out.

After labeling all modularity classes, a comparison with the original dataset labels was

performed, allowing for the calculation of Accuracy, Recall, and F1-scores. The results are

shown in Table 3.49

As observed from the graph obtained with Gephi, the model indeed successfully predicted

all the texts for children, achieving a precision and recall of 1.0. The model also correctly

predicted all suitable texts for adults, with a precision of 1.00, but achieved a low recall

because it failed to identify all suitable texts for adults, recognizing only a small portion.

As we saw in the representation, many of them were confused with those in the Teenager

category. Observing the results for the latter, we note that, on the contrary, the recall is

high, meaning that all the examples of teenagers were correctly identified as such, but this

label did not always correspond to the true label, confirming that some texts for adults were
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Figure 3.9: Representation with Gephi of the original labels for English.

Precision Recall F1-Score Support

Kids 1.00 1.00 1.00 178

Teenagers 0.73 1.00 0.84 124

Adults 1.00 0.41 0.58 80

Accuracy 0.88 382

Macro Avg 0.91 0.80 0.81 382

Weighted Avg 0.91 0.88 0.86 382

Table 3.49: Semantic Classification report results for English.

labeled as teenagers. However, there is a good balance between the two metrics for this

category, resulting in an F1-score of 0.84. Overall, the model accuracy is 0.88.
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