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Affective Behavior Modeling on Social Networks x • Emotion: We tackle the problem of detection and classification of basic emotions in textual dialogues. We extend the basic model used for sentiment classification to model textual conversations and track the emotion over turns. We participate in the SemEval-2019 shared task on contextual emotion detection in text. The model shows very competitive results and ranked 9 th out of more than 150 participants.

• Mood-I: However user mood can be classified into two main types -positive and negative mood, mood disturbances inflict various mental illnesses/disorders. We consider the problem of early detection of depression, anorexia, and self-harm using users' writings on Reddit. We proposed a new multi-stage architecture that models users' temporal mood variations. We participated in eRisk-2018 and eRisk-2019 tasks. The proposed models perform comparably to other contributions and ranked the 2 nd out of 13 teams in eRisk-2019.

• Mood-II: We foster the study of the mood consequences to include the problem of suicide thoughts detection. Therefore, we propose a novel backboneindependent model that uses state-of-the-art Transformer-based models through Negative Correlation Learning (NCL) configuration. We evaluate the model on different tasks for at-risk users detection. The models achieve significant improvements over the existing state-of-the-art results reported for five out of six tasks for the different risk sources.

by Waleed Ragheb Affective Computing (AC) is an emerging area of research that aims to develop intelligent computer systems that can recognize, synthesize, and respond to the various concepts of human affect. It is one of the most important tracks in Artificial Intelligence (AI) research. AC is deemed to be the tipping point to move from the narrow cognitive definition of AI to more general, sentient , and emotional AI. As emotions plays an essential role in human-to-human communications, machines should also have the fluidity or flexibility to have emotionally-driven responses to situations. Humans use multiple pathways to communicate their affect including facial expressions, gesture, body language, tone of voice, language and verbal cues. With the vast increase of textual user-generated content on social media networks, the detection of human affect from text became an imperative need. Many tasks in Natural Language Processing (NLP) are directly related to affect recognition such as sentiment analysis, opinion mining, abusive language, at-risk user detection, and also those concerning human-computer interactions such as conversational frameworks and chatbots. Subjective and affective concepts in NLP research including feelings, intentions, emotions, moods, and sentiments are used interchangeably. However, bearing in mind the differences of these affect-related terms helps for more reliable and efficient detection systems. Many traditional systems and their modern extensions employ extensive feature engineering steps for text representation including hand-crafted, lexical features, or classical static word embedding. However these models may focus on the important parts of the input text, they disregard other parts and aspects which may harm model generalization for different affective states of the different affective concepts.

In order to mitigate these limitations, we introduce different models that use/extend advanced NLP deep learning models for more reliable text representation. These models use the transfer learning capabilities and are empowered with the attention mechanisms to consider all the contextual information with varied emphasis on different parts with a higher influence on the decisions. Moreover, the proposed models accord special attention to the characteristic differences of the different affective concepts. We consider the affective characteristics of the most important conscious affect-driven subjectivity concepts, precisely, the sentiment, emotion, and mood:

• Sentiment: We addressed the problem of sentiment analysis and proposed a deep learning model that applies transfer learning and multi-levels of selfattention layers to focus on the most important parts of the text that have a high influence on sentiments. The model is evaluated on several datasets and shows very competitive results. Furthermore, we evaluate the impact of attention mechanisms on the model's interpretability and user perceptions.

Afin d'atténuer ces limitations, nous introduisons différents modèles qui utilisent ou étendent des modèles avancés d'apprentissage profonds utilisés en TALN pour une représentation plus fiable du texte. Ces modèles utilisent les capacités d'apprentissage par transfert et sont dotés de mécanismes d'attention permettant de prendre en compte toutes les informations contextuelles en mettant l'accent sur différentes parties ayant une plus grande influence sur les décisions. En outre, les modèles proposés accordent une attention particulière aux différences caractéristiques des différents concepts affectifs. Nous considérons les caractéristiques affectives des concepts les plus importants de la subjectivité affective consciente, précisément, le sentiment, l'émotion et l'humeur : xii • Sentiment : Nous avons abordé le problème de l'analyse des sentiments et proposé un modèle d'apprentissage approfondi qui applique l'apprentissage par transfert et des couches d'auto-attention à plusieurs niveaux pour se concentrer sur les parties les plus importantes du texte qui ont une grande influence sur les sentiments. Le modèle est évalué sur plusieurs jeux de données et présente des résultats très compétitifs. En outre, nous évaluons l'impact des mécanismes d'attention sur l'interprétabilité du modèle et les perceptions des utilisateurs.

• Émotion : Nous abordons le problème de la détection et de la classification des émotions de base dans les dialogues textuels. Nous étendons le modèle de base utilisé pour la classification des sentiments pour modéliser les conversations textuelles et suivre l'émotion au fil du temps. Nous avons participé à la tâche partagée SemEval-2019 sur la détection des émotions contextuelles dans les textes. Le modèle a obtenu des résultats très compétitifs et s'est classé à 9 ieme sur plus de 150 participants.

• Mood-I : Cependant, l'humeur des utilisateurs peut être classée en deux types principaux : l'humeur positive et l'humeur négative, les troubles de l'humeur infligeant diverses maladies/désordres mentaux. Nous examinons le problème de la détection précoce de la dépression, de l'anorexie et de l'automutilation en utilisant les écrits des utilisateurs sur Reddit. Nous avons proposé une nouvelle architecture à plusieurs niveaux qui modélise les variations temporelles de l'humeur des utilisateurs. Nous avons participé aux tâches eRisk-2018 et eRisk-2019. Les modèles proposés ont des performances comparables aux autres contributions et ont permis d'atteindre la 2 eme place sur 13 équipes dans eRisk-2019.

• Mood-II : Nous encourageons l'étude des conséquences sur l'humeur afin d'inclure le problème de la détection des idéations suicidaires. C'est pourquoi nous proposons un nouveau modèle indépendant de l'ossature qui utilise des modèles de pointe basés sur les transformateurs grâce à la configuration de l'apprentissage par corrélation négative (NCL). Nous avons évalués le modèle sur différentes tâches pour la détection des utilisateurs à risque. Les modèles ont permis d'apporter des améliorations significatives par rapport aux meilleurs résultats existants rapportés pour cinq des six tâches pour les différentes sources de risque. To my dear father -to whom I promised to dedicate this dissertation before he left our world . . .

Introduction

Since time immemorial, people believed that human emotion is the mysterious part of the soul controlled by divine thoughts 1 . They have sought to understand emotions' characteristics and how to identify them. This continued to be the case for a long time, even after Darwin's theory of natural selection [START_REF] Darwin | The origin of species by means of natural selection[END_REF] who replaced the mystery with the evolution. Shortly thereafter, it is marked the birth of psychology. Wilhelm Wundt [START_REF] Kim | The Stanford Encyclopedia of Philosophy[END_REF] -the father of experimental psychology -distinguished psychology as a science from philosophy and biology. The emotion research has progressed and developed towards the physical basis of emotions. This was a golden age of emotion research when the mythical inner feeling of emotion became real. Researches have continued to refine and reformulate human intangibles like thoughts, emotions, feelings, personality traits, moods, sentiments, and temperament that have been deemed detectable and measurable. Most of these subjective terms commonly used interchangeably and are used to be covered below the generic terminology of affect [START_REF] Silvan | What and where are the primary affects? Some evidence for a theory[END_REF]. The study of human affect crossed disciplinary boundaries between psychology, neuroscience, philosophy, cognitive science, and get into computer science [START_REF] Rafael | Affect detection: An interdisciplinary review of models, methods, and their applications[END_REF].

With the information technology revolution, it became mandatory -not just an option -for many computer systems to express and recognize affects to attain creative and intelligent behavior. The fundamental concepts were first presented by R.W. Picard [START_REF] Picard | Affective computing[END_REF] who introduced the Affective Computing (AC) in 1995 as a new field of study and systems development that can recognize, understand, reproduce, and express human affects. AC has become an emerging and important branch of Artificial Intelligence (AI). The overarching goal is to create systems that can interpret the emotional state of humans and adapt its behavior in order to provide intuitive and appropriate emotionally informed responses [START_REF] Tao | Affective Computing: A Review[END_REF].

Affect Detection in Texts

Human affects are not linguistic constructs, language provides convenient access to them. Numerous researches in social psychology studied language as a way of expressing emotions [START_REF] Kantor | An objective psychology of grammar[END_REF][START_REF] Egerton | Cross-cultural universals of affective meaning[END_REF][START_REF] Pennebaker | Emotion, disclosure, & health[END_REF]. With the large quantity of texts (particularly affectively oriented e.g., social media), the detection of affective states and concepts from text is becoming increasingly important for more flexible, intelligent, and creative systems. In many Natural Language Processing (NLP) researches, subjective terms of affective concepts like intentions, beliefs, feelings, emotions, mood, and sentiment are used in the same sense. However, considering the differences between them plays an important role in increasing the effectiveness of detection methods. A recent study by Munezero et al. [START_REF] Munezero | Are They Different? Affect, Feeling, Emotion, Sentiment, and Opinion Detection in Text[END_REF] considered the differences between these subjective terms in the literature to understand how they relate to each other. The study has led to consider the term affect as the most abstract and difficult to realize. It has a non-conscious behavior and is the predecessor to feelings and emotions. In contrast, feelings are personal phenomena that have direct conscious access. Moreover, emotions are preconscious social expressions of feelings and affect unleashed by an external or internal motive. However all emotions are necessarily the projection/display of feelings, not all feelings are considered emotions. Feelings with physical sensations such as hunger or pain are not considered as emotions. Regarding sentiments, it is considered partly social constructs of emotions that developed and continue for a time. The study does not consider, for practical reasons, one of the most crucial affect-related terms -mood. Similarly to human emotions, the mood is directly linked to the feelings, but emotions have high-intensity nature and are very brief and last for an instant. On the other hand, the mood tends to be less intense than an emotion, but it lasts longer in time [START_REF] Stephen | Essentials of organizational behavior[END_REF]. Another important perspective differentiating between mood and emotions is the cause. Emotion is caused by a specific event or incident but the mood does not necessarily need a contextual stimulus [START_REF] Ekkekakis | Affect, mood, and emotion[END_REF]. The mood is heavily influenced by several factors like the environment, physiology, and mental state. Additionally, the mood impacts the impression of information and person memory [START_REF] Joseph | Mood effects on person-perception judgments[END_REF]. It may have influences on everyday person-perception judgments. Therefore, Emotions and moods could both prompt sentiments.

In the course of this thesis, we considered the detection of sentiment, emotion, and mood from texts. Figure 1.1 summarizes the differences between those terms. The models proposed in this thesis utilize these definitions and differences to tackle the detection problem for the corresponding affective terms and concepts. 

Motivation

The amount of data and information in general and more particularly those generated by normal users continue to increase rapidly. For example, Figure 1.2 3 shows the number of active users in online social networks over the last 10 years. The number is tripled to be around 3 billion users in 2019 and constantly growing. About 50% of the users mainly prefer to use social media platforms to express themselves 4 . This is considered a double-edged weapon. On one hand, all this stream of data could have many potentials and provides several opportunities for many sectors such as business, marketing, medical care, education, entertainment, and many more. But, on the other hand, it puts responsibilities on the social media providers in managing, moderating, monitoring, and optimum utilization of this vast amount of data. This increases the demand for more intelligent systems that can detect user affect and intents and differentiate between content types for more appropriate decisions. From a related perspective, AI can be classified from business and market point of view into three different types [START_REF] Kaplan | Siri, Siri, in my hand: Who's the fairest in the land? On the interpretations, illustrations, and implications of artificial intelligence[END_REF]:

• Analytical AI has only characteristics consistent with cognitive intelligence generating cognitive representation of the world;

• Human-inspired AI has elements from cognitive and emotional intelligence; understanding human emotions and affects;

• Humanized AI shows characteristics of all types of competencies (i.e., cognitive, emotional, and social intelligence), is able to be self-conscious and is self-aware in interactions with others.

The classification puts emotional intelligence as a cut-off point to move from analytical AI to human-inspired AI. Therefore, emotional intelligence or, more generally, AC is the major factor towards a strong, broad, and super AI. Many researchers attempt to measure different aspects of emotions and affect covering broad areas, noticeably in Human-Computer Interaction (HCI). Early researches and applications of AC were centering around audio and image modalities. For example, recognition and Chapter 1. Introduction synthesis of facial expression, and the synthesis of voice intonation and inflection. Furthermore, more than one modality can be combined and fused. Other supplementary modalities also considered for HCI such as brain signals, body, and hand gestures. Due to the tremendous increase of the textual data available, the text is considered a valuable source for detecting human affects. Compared to other modalities and other NLP research points (see Figures 1.3 Additionally, the market for AC is emerging and growing fast, empowered by advancements in technology and motivated by use cases in industries like automotive, healthcare, and customer service. AC uses hardware and software to identify human feelings, behaviors, opinions, moods, tone, and cognitive states through the facial, body (language), and voice detection and recognition technologies. Major technology companies are investing in the AC space such as Amazon (Rekognition capability on AWS), Microsoft (Emotion API), and IBM (Tone Analyzer). Also, intelligent assistants like Alexa (Amazon), Google Assistant or Siri (Apple) is changing the way we collect, qualify, and process everyday data to become more emotional 7 8 .

In addition, enterprises across various verticals work towards enriching and facilitating the interactivity between human and machine through emotional intelligence and AI. Companies such as Affectiva9 , Kairos AR10 , Nemesysco11 , Neurodata 12 , and Sensumco13 started providing services to the market that empower applications and digital platforms with an affective and emotional capabilities in multimodal manner including NLP. Other enterprises such as Receptiviti14 , Cognitum 15 , and DAVI 16 focus mainly on providing AC services through language processing.

Research Questions and Challenges

The main broad research question posed in this context is How can we detect and classify the affective status for different affective concepts from the text?

We considered here all affective concepts that have conscious or preconscious affective behavior (see Figure 1.1). This includes different types of emotions, categories of sentiments, and mood consequences. Detection of affective states from text is well defined as a supervised classification problem in the machine learning context. Accordingly, there are more particular questions which are clustered around the main general question.

Finding good representations of inputs is a very crucial and challenging step to train any machine learning model. Classical NLP models incorporate many handcrafted [START_REF] Cacheda | Analysis and Experiments on Early Detection of Depression[END_REF][START_REF] Rafael | Natural language processing in mental health applications using non-clinical texts[END_REF] and lexicon-based [START_REF] Riloff | Learning extraction patterns for subjective expressions[END_REF][START_REF] Saif | Crowdsourcing a Word-Emotion Association Lexicon[END_REF] features for text representations. The process seemed to be time-consuming, expensive, and fail to adapt to cross-domain 6 Chapter 1. Introduction tasks. Many works in the literature have investigated finding the mapping of words to vectors into continuous spaces. The process is called text vectorization and we introduce more literature review in Chapter 2. These bring some questions such as can we reply on only text-based features to do the task without using any lexical, behavioral, or demographic features? How can we employ transfer learning to work properly across different affective concepts? Would it be beneficial for these models to be fine-tuned for specific tasks? Would it be helpful while processing the overall text to pay attention to some important segments that have an impact on the decision? We can generalize all the input representation related question into: Q1: How can we well represent the input without external or domain-specific feature engineering steps while giving varying emphasis to different segments? Nevertheless, only considering the syntax and semantics in text for affect-related tasks is not enough. Different affective concepts have different characteristics. As discussed in Section 1.1, the sentiment is often exploited for detecting polarity. It reflects the deeper and stable psychological state of the holder, enabling people to reason why they like, dislike something, or to what extent. On the other hand, the temporal behavior in emotions and moods plays an important role in differentiating between them. An emotion follows its eliciting stimuli closely or even instantaneously. While the Mood typically unstable and lasts for longer. Besides, emotions could be classified into a predefined set of categories. A common example is Plutchik's wheel of emotions [START_REF] Plutchik | The emotions[END_REF] which classify emotions into 8 basic emotions: joy, trust, fear, surprise, sadness, anticipation, anger, and disgust. Regarding the mood, the most widely accepted states are either positive or negative moods. Unlike emotions, it is difficult to define states that collectively capture the entire content domain of mood [START_REF] Ekkekakis | Affect, mood, and emotion[END_REF], but psychologically, it is possible to observe some of its consequences. Taking into account all these differences, the following question arises: Q2: How can we develop predictive models that are adapted to model the affective characteristics of different affective concepts?

Thesis Contributions

The thesis addresses the above two questions and introduces pragmatic solutions by proposing four new models for the detection and classification of sentiments, emotions, and moods. We do not rely on any hand-crafted features or affect-related lexicons in the text representation step for all the proposed models. Moreover, we have accorded a special concern to the basic characteristics and feature for each affective concept.

Attentive-based Sentiment Classification Model

We address the problem of sentiment analysis through user review classification in different domains. We propose a new deep learning model that makes use of 1) transfer learning, rather than the classical shallow methods of static word embedding and 2) multi-levels self-attention mechanisms to focus on the most important parts of the text that highly influence the sentiments for different abstraction representation of 1.4. Thesis Outlines the input. Our model was evaluated on several datasets and shows very competitive results. Moreover, we evaluate the impact of attention mechanisms that enable users to have an efficient and meaningful interpretation. We show that such visualization brings them deeper knowledge about how the system proposes sentiment and help to produce explainable systems.

Emotional Classification in Textual Conversations

We consider the problem of classifying emotions that varies through textual conversations. Textual conversations could have many forms such as those existing in the hierarchy of comments on social media posts, chatbots, or text private messages. We proposed a new model for the detection and classification of the basic emotions in users' turns of the conversations. Our proposed model makes use of attentive-based deep transfer learning models and turn-based conversational modeling for classifying the emotions. The model can track users' emotions in each turn in multiple party conversations. Our model was evaluated on the data provided by the SemEval-2019 shared task on contextual emotion detection in text [START_REF] Chatterjee | SemEval-2019 Task 3: EmoContext: Contextual Emotion Detection in Text[END_REF]. The model shows very competitive results and ranked 9 th out of more than 150 participants.

Temporal Mood Variation Models

We consider the detection of the mood from user writings in social media. We have taken a narrower, and standard definition of mental illness/disorders that are affected by user mood and behaviors, including depression, anorexia, and self-harm. We tackle the problem of early detection of these mental disorders using users' posts on Reddit. We proposed a new architecture that models the temporal mood variation detected from user writings. Our proposed architectures use only textual information and two learning phases through the exploration of state-of-the-art text vectorizations and deep language models. We participated in eRisk-2018 [START_REF] Losada | Overview of eRisk -Early Risk Prediction on the Internet[END_REF] and eRisk-2019 [START_REF] Losada | Overview of eRisk 2019: Early Risk Prediction on the Internet[END_REF] competitions. The proposed models perform comparably to other contributions and ranked the 2 nd out of 13 teams in eRisk-2019.

Negatively Correlated Noisy Learners Ensembles

We extend the study of mood detection to include the problem of detecting suicidal ideation and thoughts. We propose the Negatively Correlated Noisy Learners (NCNL) model. The novel deep learning ensemble architecture makes use of multiple noisy base learners in a Negative Correlation Learning (NCL) configuration for text classification. NCNL is designed to be, backbone-independent, and we examine it with modern Transformer-based architectures. We evaluate our models on six different tasks for at-risk user detection and classification. Our models achieve significant improvements over existing state-of-the-art results reported for five out of six tasks for the different risk sources. • Chapter 2 provides an overview of background information and the related work to the contents of this thesis. We review some important definitions of social networks and briefly go through the affect control theory. We furthermore discuss the text vectorization methods in NLP with more emphasis on modern deep learning models. We additionally review the attention mechanism used in these models. We finish this chapter with the state-of-the-art models for affect detection in texts corresponding to each affective term subject to this thesis.

Thesis Outlines

• Chapter 3 tackles the problem of document-level sentiment classification of user reviews. We start with the problem formulation and the related work. We propose a self-attention based deep learning model exploring its transfer learning capabilities through different domains' (movies, product, and restaurant) reviews. We asses through an empirical study how the attention mechanism proposed in the model provides some sort of decision interpretability.

• Chapter 4 addresses the problem of emotion detection and classification in textual conversation. We begin by identifying the problem. We proposed a new model that models the conversational turn-based behavior. In addition, we proposed a set of model variants to analyze the effects of different model elements.

• Chapter 5 presents a new architecture for early detection of some mood and mental disorder. We consider the detection of depression, anorexia, and selfharm through processing a sequence of user writings in social medial. We start by problem definition and task description. We split the chapter into two parts according to the procedure used in processing users' writings -either by chunks or by item. In each procedure, we present possible model variants.

• Chapter 6 tackles the detection and classification of mood and mental disorder. We address the problems mentioned in the previous chapter (depression, anorexia, and self-harm) adding the detection of suicidal ideation and thoughts.

We start with the problem definition and related work. We propose a novel framework that uses a set of negatively correlated noisy learner ensembles. The proposed framework is independent of the used models. We examine model possible variants. We finish the chapter with an exhaustive study on the diversity of the proposed ensemble.

• Chapter 7 finally draws conclusions and discussions and provides an outlook into the future.

Publications

The work on this thesis have led to the following publications:

International Journals

Chapter 2

Background Knowledge

There is no method but to be very intelligent. 

Introduction

The chapter contains the related works and background relevant to the contributions presented in this thesis. The chapter provides a good reference concerning many technical and architectural concepts pushing modern NLP systems in general and affective computing in particular. More in-depth related works are included in each chapter.

The chapter starts with an introduction to social media with important definitions, types, and characteristics. Section 2.3 summarizes the Affect Control Theory (ACT). A comprehensive overview of the text vectorization approaches is presented in section 2.4. Section 2.5 gives a brief introduction to attention mechanisms. A brief state-ofthe-art on affect detection from textual data is discussed in section 2.6 for the three considered affective terms (emotion, sentiment, and mood).

Social Media Networks

Social media is usually referred to those types of media that enable interaction and participation among individuals. In the broadcast age, media were centralized. Radio or television station, newspapers, or a movie production studio transmitted their content and messages to the public. The interaction, including the feedback, was indirect, very limited, and delayed. Digital and mobile technologies open the doors for a new media age that enables more interaction and sharing ideas between individuals. Social media users could share their opinions with many and get possible immediate feedback. Almost all media sources tend to involve social media into their regular work for wider and broader reach, more user engagement, and to increase community interactions. However all social media are directly linked to the digital platform, not everything that is digital is considered as social media. In this section, we explore the definitions, types, and characteristics of social media. Besides, we highlight the important role of moderation in managing social media.

Definitions

Kaplan and Haenlein in [START_REF] Kaplan | Users of the World, Unite! The Challenges and Opportunities of Social Media[END_REF] defined social media as digital platforms, or more specifically, Internet-based applications that enable and allow users to generate, share their contents and react to each other. The term User-Generated Content (UGC) describes the data generated by the end-user that can have many forms and types. According to the Organisation for Economic Co-operation a Development (OECD) [START_REF] Vickery | Participative Web and User-Created Content: Web 2.0, Wikis and Social Networking[END_REF], UGCs could be images, videos, texts, and audios that should satisfy three conditions and requirements:

1. UGC should be published to accessible and public websites or on social media platforms. This excludes contents like e-mails, private or group instant messages.

2. It should contain user input not only a repetition of other contents without modification or comments. This excludes the content like those generated by just propagating the exact news articles as it is without mention any other information or opinion.

3. It should be created without professional purpose or in a professional routine. This excludes the data created in the commercial market context with the expectation of profit or remuneration.

With the recent rise of information technologies, the growth of the internet, and after the development of Web 2.0 framework, the definition of online UGC is generalized to any content generated by ordinary internet users not crafted content created 2.2. Social Media Networks by content providers. Users can generate content for many purposes, for example, but not limited to, criticism or review of services or products, connecting with peers, reporting and sharing news, achieving a certain level of fame, the desire to express oneself, advertising, vigilantism, or entertainment. These make just copy/paste or hyperlinking, even without modifications or comments, are considered to be UGC [START_REF] Rauchfleisch | How journalists verify online sources during terrorist crises. Analyzing Twitter communication during the Brussels attacks[END_REF]. Text is the most common type of content on various social media platforms. Besides, texts exist in the description of other types of media like images and videos as metadata. Processing textual social media content is considered a challenging task [START_REF] Fersini | Chapter 6 -Sentiment Analysis in Social Networks: A Machine Learning Perspective[END_REF]. These are mainly due to the complex characteristics of this content, such as the high length variation, noisy content, explicit and implicit information, multilingualism, and relationships.

Types and Characteristics

According to the previously mentioned definitions, there are many types of social media applications and platforms. Although there is no systematic way of categorizing social media networks, a lot of existing trials exist in the literature. Social networks could be categorized according to the UGC into profile-based, microblogging, and content-based social networks [START_REF] Pallavicini | Chapter 2 -Beyond Sentiment: How Social Network Analytics Can Enhance Opinion Mining and Sentiment Analysis[END_REF]. In profile-based social networks, like Facebook, MySpace, and Google+, users used to express themselves and share content mostly related to professional or personal interests and activities. For microblogging networks, like Twitter, Tumblr, and Plurk, people share content related to a specific and current incident or news. In content-based social networks, such as YouTube, Flickr, and Spotify, they are revolved around the contents shared by their users.

From another perspective and according to the social presence theory [START_REF] Cumiskey | The Social Psychology of Mobile Communication[END_REF] and the concept of self-presentation [START_REF] Goffman | The Presentation of Self in Everyday Life[END_REF], social media networks could be classified into six different types shown in Table 2.1. With modern social media applications, features, and add-ons, one social media platform can be classified to be in more than one category.

Type

Self-presentation * Social presence Through the thesis, we use different types of UGC including microblogging and social networking writings. In chapter 3, we consider the microblogging user reviews for sentiment classification. In chapter 4, we uses textual conversational contents in social networking. In Chapters 5 and 6, the used datasets contains user writings to some mental health related sub-blogs in Reddit.

Chapter 2. Background Knowledge

Content Moderation

The massive use of social networks creates a large volume of content with very high and increasing speed. However, the phenomenon of UGC has numerous sets of benefits to the society, it needs to be monitored and moderated [START_REF] Veglis | Moderation Techniques for Social Media Content[END_REF]. In the market and commerce point of view, monitoring the UGC has a lot of benefits in modern marketing strategies. As a common example, processing social media users' reviews helps the organizations to point at the weak and strong aspects of their products or services. Analysis of these results help increasing user engagement to the brand.

Content moderation could be mandatory to monitor submissions and applying a set of rules which define what is acceptable and what is not. In almost social media communities, moderators are assigned to filter undesirable content, e.g. hate speech, defamation, cyberbullying, and pornography, to maintain some sense of order and to avoid legal issues [START_REF] Sarah | Behind the screen: Content moderation in the shadows of social media[END_REF]. The moderation requires essential human resources. The vast increasing streams of UGC leads to make the moderation process tends to be very complex and costly. Usually, moderation models involve different moderation stages to guarantee the quality of the input. Many moderation types compromise between the high control of the content and fast -real-time -submissions. They are also different in terms of the workload of the human moderators. Some of the most common moderation types are [START_REF] Veglis | Moderation Techniques for Social Media Content[END_REF]:

• Pre-moderation: Users' submissions are placed in queue waiting for moderation action to be published.

• Post-moderation: submissions are published in real-time. Moderators should review published items in a short time frame.

• Reactive moderation: Moderators rely on the community members to point to any undesirable content. It may look risky, but it allows the community to scale-up.

• Distributed moderation: It involves guidance from different senior moderators.

It is usually rare and used for legal and branding reasons.

• Automated moderation: It uses technical tools and solutions to process UGC. These tools apply a set of rules to help the moderators to reject or approve submissions. Automated moderation contribute to saving human intervention and scaling up the community while preserving the rules.

The proposed models discussed in this thesis could be used for automated moderation. The thesis presents various models for the detection of sentiment, emotion, and user mood in social media users' submissions. Some of these models -discussed in chapter 5 and chapter 6 -are designed for early risk detection of some mental and mood disorders, like, depression, anorexia, and suicidal ideation. Early detection of at-risk individuals helps community moderators, especially, in active and dynamic communities.

Affect Control Theory

Affect Control Theory (ACT), introduced by Heise [START_REF] David R Heise | Understanding events : affect and the construction of social action. English. Includes index[END_REF][START_REF] Heise | Affect control theory: Concepts and model[END_REF], propose a sociomathematical model of affect. ACT proposes that individuals maintain affective meanings through their actions and interpretations of events. The theory considers many affective concepts, such as identities, behaviors, settings, personal attributes, 2.3. Affect Control Theory emotions, feelings, and mood. It assumes that these concepts vary in three different dimensions in latent space. Firstly, the evaluation, this describes the goodness or badness of a given concept. The second one is the potency, which scores the powerfulness or powerlessness of such concepts. the third dimension is the activity, which measures the energy or excitedness levels. Measuring the affective concepts using these dimensions yield to positioning them is EPA (Evaluation, Potency, and Activity) space.

Within the EPA space, each concept is defined by it's EPA profile. This profile is decomposed of the three different values in the EPA space, in addition to, the transient affective meaning and the associated sentiment [START_REF] Harry F Gollob | Social inference as a function of the number of instances and consistency of information presented[END_REF]. This transient is complying with the impact and effect created by external recent events. These events modify the three values of the EPA dimensions in a complex manner. The mapping between the transient and original affective concept issued by a set of events could be modeled by a non-linear function obtained through empirical studies and surveys [START_REF] David R Heise | Understanding events : affect and the construction of social action. English. Includes index[END_REF]. This function is controlled by the deflection, a key element in the theory which is defined as the distance between the pre-event transient and post-event transient [START_REF] Joseph | A social-event based approach to sentiment analysis of identities and behaviors in text[END_REF]. Events are the smallest elements of a situation in which an actor performs some behavior upon an object person. This means that the perception of the affective situations (events) is defined by three concepts -actor, behavior, and object -each is defined by three different values in the EPA space.

In the general mathematical model given by ACT, the pre-event transient vector (f ) is given by:

f = [a e a p a a b e b p b a o e o p o a ] (2.1) 
The vector contains the EPA profiles corresponding to the three conceptsactor(a), behavior (b), and object (b). The change equation G(f ) defines a polynomial, multiplicative combination of the pre-event transients such that: 

G(f ) =[1 a e a p a
Let M defines the level of impact of each element in G(f ) to modify the corresponding element in f . M could be defined as a matrix of f rows and G(f ) columns, where describes the impact of the j th coefficient of G(f ) to the i th element of the pre-event transient. The post-event transient f is defined by:

fi = M T i * .G(f ) (2.3)
Where M i * is the i th row of the M matrix. The deflection is measured by the square Euclidean distance between the pre-event and post-event transient:

def lection = i (f i -M T i * .G(f )) 2 (2.4)
Theoretically, Heise [START_REF] David R Heise | Expressive order: Confirming sentiments in social actions[END_REF] stated that high deflections maintained over time generate psychological stress. He also observed that humans, in general, prefer the behaviors that minimize the deflection for the affective concepts related to the set of actions. Many ACT-based models used for affects detection and generation employ the deflection phenomena in statistical or machine learning models [START_REF] Hoey | Affect control processes: Intelligent affective interaction using a partially observable Markov decision process[END_REF][START_REF] Hoey | Bayesian affect control theory[END_REF]5,[START_REF] Brendan | Learning to Extract International Relations from Political Context[END_REF][START_REF] Asghar | Generating Emotionally Aligned Responses in Dialogues using Affect Control Theory[END_REF].
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In our models, we utilize modern Natural Language Processing (NLP) and text vectorization techniques to model the deflection for emotion and mood detection in social media writings. In chapter 4, we propose a model that pays close attention to the deflection changes through textual conversations. Besides, in chapter 5, we propose a framework architecture that models the deflection by the temporal changes in the mood of at-risk individuals to detect early signs of mental disorders.

Text Vectorization

An Overview

In NLP, models are formed by a set of different modules stacked in a sequential pipeline. These steps, usually, include data preprocessing, feature engineering, and model training. The model is then used for predicting outputs for novel unseen data. Features in machine learning are numerical attributes. In the feature engineering step, the textual data is transformed to feature vectors. This step is also known as text vectorization. It is one of the most crucial steps for obtaining good performance on a given NLP task. It should provide a good representation of the text to the model to make it easier to be trained.

In traditional NLP, feature engineering may require to have the good domain knowledge to determine the best combination of these features. However several tasks use similar features, they are so varied and task-specific. It needs access to many external resources. Some of the common features are, Part-of-Speech tags, word counts, word shape, n-grams (bi-gram and tri-gram), and lexicon-based features [START_REF] Ivan | Multiword expressions: A pain in the neck for NLP[END_REF] . The most common disadvantages in classical feature engineering are:

• The process is time-consuming and may need an expert point of view.

• Features are incomplete. They are extracted from only parts of the text and lose the contextual information.

• It is very sensitive to the quality of the input text and highly affected by the preprocessing steps.

• It loses the sense of generalization and usability. It should be defined/updated for each different task.

Some other alternatives for general text vectorization that does not require specific domain knowledge were Bag-Of-Words (BOW) and Term Frequency-Inverse Document Frequency (TF-IDF). BOW is a very simple representation of text that describes the occurrence of words in the vocabulary within a document [START_REF] Goldberg | Neural network methods for natural language processing[END_REF]. The problem with scoring word frequency is that highly frequent words start to dominate in the document (e.g. larger score), but may not contain as much informational content to the model as rarer. TF-IDF is the product of two statistics, term frequency, and inverse document frequency [START_REF] Salton | Term-weighting approaches in automatic text retrieval[END_REF]. Term frequency is a scoring of the frequency of the word in the current document. Inverse document frequency: is a scoring of how rare the word is across documents. The terms with the highest TF-IDF score are often distinct terms (contain useful information) in a given document.

On the other hand, unsupervised pretraining models [START_REF] Pinker | Learnability and Cognition: The Acquisition of Argument Structure[END_REF] is considered a scalable approach for feature extractors. Theoretically, unsupervised learning is more general and mimics human learning capabilities with the absence of supervising. Pretrained models utilize unlabeled data to learn the structure and meaning of language. As shown in Figure 2.1, two main types for unsupervised pretraining. The first one is to use matrix factorization techniques to factorize a word-to-word co-occurrences. The most common two examples are, Latent Semantic Analysis (LSA) [START_REF] Deerwester | Indexing by latent semantic analysis[END_REF] and Latent Dirichlet Allocation (LDA) [START_REF] David M Blei | Latent dirichlet allocation[END_REF].

Latent Semantic Analysis (LSA) is one of the foundational techniques for learning dense representations of words. Given M documents and N words in the vocabulary, the model can construct an M × N matrix (A) in which each row represents a document and each column represents a word. The matrix A is computed by singular value decomposition (SVD), which decomposes it into the product of three matrices:

A = U t S t V T t (2.5)
The variable (t) is a hyperparameter that reflects the dimensionality of the representation of a word and S is a diagonal matrix of singular values.

Latent Dirichlet Allocation (LDA) is considered as a probabilistic LSA. It uses a probabilistic method instead of SVD to tackle the problem. In particular, it uses Dirichlet priors for the document-topic and word-topic distributions, lending to better generalization. The unlabeled data serves as the training data for the Dirichlet distribution of document-topic relationship. The most common use case for LDA is topic detection and text classification. Word representation in LDA is determined by the word distribution across all topics for the corresponding word.

The second approach for unsupervised pretraining is language modeling. These kinds of models are trained using auxiliary tasks for language modeling to learn language features and capture semantic information in the text. In the rest of this section, we will discuss the language modeling pretraining techniques, more specifically, the neural-based approach. Finally, we look at a new age of word embedding using deep pretrained models. 

Unsupervised

Language Modeling

Language modeling is the task of predicting a word or a set of words given its contextual information. It is considered one of the most important key elements in recent NLP applications. The concept of language modeling has a long history and can be traced back to 1948 when Claude Shannon propose his theory of communication [START_REF] Shannon | A mathematical theory of communication[END_REF]. We consider two main approaches for building language models; statistical and neural-based models.

The very simplest kind of statistical language models are N-gram models. The basic idea is to consider the structure of a text, corpus, or language as the probability of different words occurring alone or in sequence. The simplest model, the uni-gram model, treats the words in isolation [START_REF] Hammond | Introduction to the Mathematics of Language[END_REF]. The basic idea behind higher-order N-gram models is to consider the probability of a word occurring as a function of its immediate context. For example, in a bi-gram model, this context is the immediately preceding word (p(w i w i-1 )). The problem with N-gram language models is that it only considers the immediate context, not the whole context. Some probability models are, specifically, designed for sequence modeling which is similar to textual data. These models could be used to directly encode probability values in linguistic formalism. The most common examples are the Hidden Markov Model (HMM) language models [START_REF] Huang | Distributional representations for handling sparsity in supervised sequence-labeling[END_REF] and Probabilistic Context-free Grammars (PCTG) [START_REF] Noah | Weighted and probabilistic context-free grammars are equally expressive[END_REF]. The problems of these approaches are the limited ability to model long, structural, and lexical dependencies. These models are the closest non-neural-based models to the currently dominant approach of pretraining language models [START_REF] Huang | Open-domain semantic role labeling by modeling word spans[END_REF].

Text vectorization (embeddings) has been revolutionized recently by the development of Neural Network Language Models (NNLM), also known as neural-based LM. The idea is to train a neural network in an unsupervised manner to learn text embeddings. Neural-based LM proves to be low-dimensional, dense, and more expressive than traditional approaches [START_REF] Baroni | Don't count, predict! a systematic comparison of context-counting vs. context-predicting semantic vectors[END_REF]. Embeddings are pretrained on vast amounts of textual data instead of training them on a target (frequently a small) datasets. This allows the knowledge to be transferred across models, domains, and even tasks. Two types of word embedding exist in the literature; static and contextualized embeddings.

Static Word Embeddings

Neural-based static word embeddings is a neural network mapping function that maps each word to a single vector through a language modeling task. As shown in figure 2.2, static word embeddings leverage off the word vectors as the output of the pretrained models. This output can be considered as a dictionary of words-embeddings pairs. The word embeddings are then used for the downstream (target) tasks.

Word2vec:

The avalanche of neural-based embeddings started in 2013 by a group of NLP researchers in Google when Miklove et. al. [START_REF] Mikolov | Efficient Estimation of Word Representations in Vector Space[END_REF] proposed the Word2vec [START_REF] Mikolov | Efficient Estimation of Word Representations in Vector Space[END_REF] model. The model trains a small neural network to calculate words' embeddings based on the words' context. Two models are proposed by Word2vec, as shown in figure 2.3. Both models use shallow networks with only one hidden-layer but trained on different objective functions for language modeling. In the continuous bag of words (CBOW) model, the network tries to predict which word is most likely given its context (C). The model receives as an input the window of context C and predicts a given word (w t ) by minimizing the negative log-likelihood of the following loss function:

CBOW = - 1 C c t=1
log P (w t w t-C , ..., w t-1 , w t+1 , ..., w t+C )

(2.6)

Where the probability P (w t w t-C , ..., w t-1 , w t+1 , ..., w t+C ) is computed by softmax; such that:

P (w t w t-C , ..., w t-1 , w t+1 , ..., w t+C ) = exp( Xt ⊺ X s ) ∑ V i=1 exp( Xi ⊺ X s ) X s = C j=-C X t+j j ≠ 0 (2.7)
In the vocabulary of size V , the embeddings of the word (w i ) is given by X i , it's context embedding is denoted by Xi , and X s is the sum of the context embeddings.

In Skip-gram models, the idea is very similar, but the network works the other way around. This time, the network uses the target word to predict its context. The model is considered an approximation of the language model that focuses on learning efficient word representations rather than accurately modeling word probabilities [START_REF] Levy | Neural word embedding as implicit matrix factorization[END_REF]. The objective function to be minimized during training is:

SG = - 1 C C t=1 C j=-C log P (w t+j w t ) j ≠ 0 P (w t+j w t ) = exp( X⊺ t+j X t ) ∑ V i=1 exp( Xi ⊺ X t ) (2.8)
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Both CBOW and skip-gram models are trained using negative sampling [START_REF] Michael U Gutmann | Noise-contrastive estimation of unnormalized statistical models, with applications to natural image statistics[END_REF] that trains the models to distinguish a target word w t from negative samples drawn from a noisy distribution. Word2vec showed that it is possible to use vectors to properly represent words in a way that captures semantic or meaning-related relationships. Interesting observations are seen after training on a large corpus [START_REF] Mikolov | Distributed Representations of Words and Phrases and their Compositionality[END_REF]. The similarity between words like "Paris" and "France" is closely the same as that is between "Cairo" and "Egypt". In addition, mathematical operations, like addition, give interesting results. For example, adding the embedding of the word "King" to the word "woman" gives the embedding closed to "Queen".

Many extensions to CBOW and skip-gram models have been proposed. The extensions use modifications of the same architectures in different ways, for example, incorporate n-gram features [START_REF] Pagliardini | Unsupervised learning of sentence embeddings using compositional n-gram features[END_REF], jointly leaning LDA and skip-gram models (lda2vec) [START_REF] Christopher | Mixing dirichlet topic models and word embeddings to make lda2vec[END_REF], and adding a vector that represents the paragraph or document into the learning process to get document embedding (Doc2vec) [START_REF] Quoc | Distributed Representations of Sentences and Documents[END_REF].

GloVe:

Pennington et. al., a group of researchers at Stanford, proposed the Global Vectors for Word Representation (GloVe) model [START_REF] Pennington | Glove: Global vectors for word representation[END_REF]. It aims to combine the count-based matrix factorization and the context-based skip-gram model together. However Word2vec learns the relation between the target words and their context, it ignores the co-occurrence of words. GloVe models link word vectors directly to the probability of these words' co-occurrence in the corpus. The intuition is that the word meanings are captured by the ratios of co-occurrence probabilities rather than the probabilities themselves [START_REF] Pennington | Glove: Global vectors for word representation[END_REF]. GloVe minimizes the difference between the embeddings of a word w i with its context word c t and the logarithm of their number of co-occurrences by the following loss function:

GloV e = V i,j=0 f (C ij )(X ⊺ i Xj + b i + bj -log(C ij )) 2 (2.9)
Where C ij represents the frequency of the co-occurrence of words w i and w j with their biases b i and b j respectively. f (.) is a weighting function that assigns relatively lower weight to rare and frequent co-occurrences.

FastText: It is considered as an extension to the skip-gram Word2vec model. FastText embeddings are proposed by a group of researchers on Facebook that is based on the skip-gram model [START_REF] Bojanowski | Enriching word vectors with subword information[END_REF]. The main problems of almost previously mentioned word embedding are the unknown (out-of-vocabulary) words. Besides, these models ignore the morphological structure of words by assigning different embeddings to each word. These limitations are magnified for large-vocabulary and morphologically rich languages, like Arabic and Hebrew. FastText model is proposed for better generalization. The word embeddings outputted by FastText look very similar to the ones provided by Word2Vec. However, they are not calculated directly. Instead, they are a combination of lower-level embeddings of word parts. It uses the negative sampling skip-gram model with the same objective function and proposed to apply it to the subword model. Each word w t is represented as a bag of characters n-grams G wt ⊂ {g 1 , ..., g M }, where M is the number of n-grams appearing in w t . The embedding of the word w t (X t ) is the sum of the vector representations of its n-grams, such that, X t = ∑ M j=1 Z j , where Z j denote the embeddings of the subword n-gram g j . 

Contextualized

Contextualized Word Embeddings

Static word embeddings models generate the same embedding for the same word in different contexts. Linguistically, static embeddings assume the same meaning for all polysemous words. Contextualized (Dynamic) words embeddings capture word semantics in different contexts to address the issue of Polysemy and the contextdependent nature of words. As shown in Figure 2.4, the output after training the model is a pretrained model, not just vectors. In the literature, there are a lot of trials to move from static to contextualized embeddings. We will focus on the most important milestones and state-of-the-art models that are closely relayed to the models proposed in the thesis.

ELMo:

It stands for the Embeddings from Language Models [START_REF] Peters | Deep Contextualized Word Representations[END_REF]. It uses two stacked bi-directional LSTM (Bi-LSTM) trained on language modeling tasks. In the bi-directional language model (biLM), a target word (w t ) in a sequence (w 1 , ..., w t , ..., w M ) is predicted by two independent forward and backward language Model. The biLM jointly maximizes the log-likelihood of the following loss function:

ELM o = N t=1
[log P (w t w 1 , w 2 , ..., w t-1 ) + log P (w t w t+1 , w t+2 , ..., w N )]

(2.10)

ELMo uses character-based embedding to construct word representations. It employs a character Convolutional Neural Network (CNN) as a first layer to process the input word sequences. As a result, the biLM provides three layers of representations for each input token. The embedding for each word in a given context is computed by concatenation followed by weighted summation of all layers. The model is pretrained on the general 1B Word Benchmark [START_REF] Chelba | One billion word benchmark for measuring progress in statistical language modeling[END_REF] and could be fined tuned on domain-specific data. Regarding the downstream tasks, ELMo has significantly improved the state of the art in six NLP tasks including question answering, textual entailment, semantic role labeling, named entity extraction, co-reference resolution, and sentiment analysis [START_REF] Peters | Deep Contextualized Word Representations[END_REF].

ULMFiT: The great success of ELMo caught the attention of the NLP community concerning the contextualized representation of words and transferring linguistic information captured from large unlabeled text to downstream tasks. However, fine-tuning of these models leads to significant drops in the language modeling capabilities. Unlike the behavior of modern transfer learning Computer Vision (CV) models, NLP language models suffered catastrophic forgetting in downstream tasks fine-tuning. Universal Language Model Fine-tuning (ULMFiT) has been proposed to address these issues and enable robust inductive CV-like transfer learning for any NLP task [START_REF] Howard | Universal Language Model Fine-tuning for Text Classification[END_REF]. ULMFiT not only introduced a language model but also a process to effectively fine-tune this model for various tasks.

ULMFiT makes use of the Average stochastic gradient descent -Weighted Dropout LSTM (AWD-LSTM) for language modeling [START_REF] Merity | Regularizing and Optimizing LSTM Language Models[END_REF]. The AWD-LSTM has been dominating the state-of-the-art for word-level language modeling but has not been tested for downstream task transfer learning. ULMFiT use the three layers of AWD-LSTM model with the same hyperparameters proposed in the original model [START_REF] Merity | Regularizing and Optimizing LSTM Language Models[END_REF] and proposed the three following main steps, as shown in Figure 2.5:

1. A language model is trained on a large general-domain corpus to learn general linguistic features. The model used the language model on Wikitext-103 [START_REF] Merity | Pointer Sentinel Mixture Models[END_REF], consisting of more than 28K Wikipedia articles and 103 million words. (LM pre-training)

2. The language model is then fine-tuned on the target task corpus to capture task-specific information. (LM fine-tuning)

3. Fine-tuning the overall model with target classification task. (Classifier finetuning)

ULMFiT proposed several methods and tricks for adaptation that facilitate the transfer of information to the target task:

• Slanted Triangular Learning Rates (STLR): It uses a learning rate scheduler that increases and decreases linearly but with short increase and a long decay.

• Discriminative fine-tuning: The model applies different learning rates for different layers groups. The intuition is that each layer captures different types of information.

• Gradual unfreezing: In the classification fine-tuning step, the model's layers are gradually unfreezed starting from the last layer. The main reason is that parts of the model are pretrained while the other ones are trained from scratch.

• Bi-directional ensemble: The AWD-LSTM is a unidirectional LSTM. ULMFiT proposed the ensemble of the forward and backward versions of the same models. Eventually, thanks to ULMFiT, the NLP community finds out a new way to do transfer learning similar to CV models. ULMFiT achieves significant improvements over the state-of-the-art on six representative text classification tasks [START_REF] Howard | Universal Language Model Fine-tuning for Text Classification[END_REF].

Transformer-based Models:

Sequential nature of recurrent models, e.g. ELMo and ULMFiT, do not allow the parallelization during training. These limits the ability of recurrent models to capture long-range dependencies. Vaswani et. al. proposed the Transformer model to replace the recurrent connections with multi-head self-attentions for sequence-to-sequence (seq2seq) modeling [START_REF] Vaswani | Attention is All you Need[END_REF]. As shown in Figure 2.6, Transformer model consists of (N ) bi-directional encoders and uni-directional decoder blocks. The attention mechanism -discussed in section 2.5 -allows connections between the hidden states of the output vectors for each encoder and decoder blocks. In constructing the target sequence, each target word is predicted based on a combination of vectors, rather than just the last hidden state of the decoder, this mechanism gives the decoder access to all the hidden states of the encoder. The Transformer outperforms all sate-of-the-art models in machine translation tasks.

BERT: Generative Pre-Training (GPT) model propose using Transformer decoders blocks (N =12 block) for language modeling task [START_REF] Radford | Improving language understanding by generative pretraining[END_REF]. The problem of the GPT model is the uni-directional behavior of the Transformer decoders which limits the view of the model to the left or right context only during pretraining. Devlin et. al. proposed the Bi-directional Encoder Representations from Transformers (BERT) model [START_REF] Devlin | BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding[END_REF]. The model uses the Transformer encoder and proposed two new auxiliary tasks for pretraining. The first one is the Masked Language Modeling (MLM). The objective of MLM is to predict a percentage of randomly masked tokens given Chapter 2. Background Knowledge its context. The idea of using MLM in pretraining is that the bi-directional nature of Transformer decoders allows each word to indirectly see itself in a multi-layered context. The second proposed task is Next Sentence Prediction (NSP). It is proposed to capture the relationship between sentences that is not directly modeled by normal language modeling. The NSP task is modeled as a binary classification problem to predict whether a sentence A actually follows sentence B. This task helps the model handling the relationships between multiple sentences which is needed for many downstream tasks, like, question answering, natural language inference, and semantic similarity [START_REF] Devlin | BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding[END_REF].

BERT represents the input word sequence using Word-Piece [START_REF] Wu | Google's Neural Machine Translation System: Bridging the Gap between Human and Machine Translation[END_REF], positional, and segment embeddings. Two models are proposed -BERT BASE and BERT LARGE . The models are different in the number of Transformer encoder blocks and the size of the hidden representation of the sequence items. The model is pretrained using 16 GB of textual data (3.3 billion words) from Google books corpus and Wikipedia. BERT was considered a breakthrough in the NLP community. It outperforms all the stateof-the-art models on 11 NLP tasks.

XLNet: Except for BERT, all previously discussed pretrained language models are autoregressive (AR) models. These models estimate the probability distributions in text corpus by language modeling tasks. BERT is considered an autoencoder (AE) model. Instead of explicit density estimation if AR models, BERT, and all AE models, reconstruct the original data from corrupted input. BERT uses masked input text and bidirectional contexts for reconstruction. BERT predicts only the masked words and assumes that these tokens are independent. These may harm the ability to model high-order, long-range dependencies.

Yang et. al. considered all these limitations and proposed a generalized AR pretraining model, XLNet [START_REF] Yang | XLNet: Generalized Autoregressive Pretraining for Language Understanding[END_REF]. The model introduces permutation language modeling which brings the advantages of both AR and AE methods. XLNet maximizes the expected likelihood of all permutations in random order. The model uses Transformer-XL [START_REF] Dai | Transformer-XL: Attentive Language Models beyond a Fixed-Length Context[END_REF] blocks instead of the Transformer encoders used in BERT. The model is pre-trained on 113 GB of text (33 billion words). It uses SentencePiece [START_REF] Kudo | SentencePiece: A simple and language independent subword tokenizer and detokenizer for Neural Text Processing[END_REF] tokenization to represent input sequence. XLNet has outperformed BERT on 20 tasks, and improve state-of-the-art results by a large margin in different tasks including question answering, natural language inference, sentiment analysis, and document ranking.

RoBERTa: It is a Robustly optimized BERT approach (RoBERTa) proposed by Liu et. al. [START_REF] Liu | RoBERTa: A Robustly Optimized BERT Pretraining Approach[END_REF]. The model improved BERT training methodology and use more pretraining data. RoBERTa removes the Next Sentence Prediction (NSP) task and introduces dynamic masking so that the masked token changes during the training epochs. The model uses longer sequences, larger batches, and more training steps than used in BERT for pretraining. The model uses 160 GB of text for pre-training, including the 16GB used in BERT. RoBERTa uses Byte-Pair Encoding (BPE) [START_REF] Sennrich | Neural Machine Translation of Rare Words with Subword Units[END_REF] for input sequence representation and embedding. RoBERTa outperforms BERT in all the downstream tasks. The new model matches XLNet performance in some tasks and achieves new state-of-the-art results in four out of nine tasks.

In all the models proposed in the thesis, we did not use any hand-crafted or lexicon-based features to represent input text. Instead, we apply the modern text vectorization techniques based on unsupervised pretraining. We tested various static and contextualized language modeling based word embeddings. 

Attention Mechanism

Attention mechanism is one of the recent trends in NLP. Attention Mechanisms in neural networks are inspired by the visual attention mechanism found in humans.

Human is being able to focus on a certain region of an image with a high resolution while perceiving the surrounding image in a low resolution, and then adjusting the focal point over time. This is why the early applications for attention were in the field of image recognition and computer vision [START_REF] Torralba | Contextual guidance of eye movements and attention in real-world scenes: the role of global features in object search[END_REF][START_REF] Fazl | View-invariant object category learning, recognition, and search: how spatial and object attention are coordinated using surface-based attentional shrouds[END_REF][START_REF] Larochelle | Learning to combine foveal glimpses with a third-order Boltzmann machine[END_REF].

In the computer vision literature, especially in deep learning, models suffer from the computational limitations of working with large images and the cost of the widespread sliding window paradigm [START_REF] Mnih | Recurrent models of visual attention[END_REF]. As a solution, a series of glimpses could be taken from a large image to formulate an approximation impression of the image before making a prediction. These glimpse-based modifications are considered as attentional guidance. As shown in Figure 2.7, visual attention models integrate information over time for each step. These models apply essential iterative steps including, read operator -to read the input image -, glimpse sensor -to extract features -, and a locator -to predict the next location of the next read operator [START_REF] Das | Deep Learning for Data Analytics : Foundations, Biomedical Applications, and Challenges[END_REF].

In the NLP context, as discussed in section 2.4.4, one of the most popular architectures are the Encoder-Decoder or sequence to sequence models. One limitation of these models is that they encode the input sequence to a fixed-length internal representation. These models experienced performance degradation for long input sequences. Attention mechanism overcomes this limitation and allows the network to learn where to pay attention in the input sequence for each item in the output sequence. Neural Machine Translation (NMT) is one of the early birds that make use of attention mechanism in a typical NLP application [START_REF] Bahdanau | Neural Machine Translation by Jointly Learning to Align and Translate[END_REF].

As shown in Figure 2.8, the decoder was allowed to attend to different parts of the source sentence at each step of the output generation. The model learns where to attend to in the input sentence given what it has been produced so far. Each output word depends on a weighted combination of all the input states not only the last hidden state. Attention scores are the weights that define how much of each input state should be considered for each output. A big advantage of attention is its ability to interpret and visualize what the model is doing. For example, by visualizing the attention weight matrix when a sentence is translated, we can understand how the model is translating.

Unlike human attention which is something that's supposed to save computational resources, attention comes with a cost. Attention is looking at everything in detail NMT model proposed in [START_REF] Bahdanau | Neural Machine Translation by Jointly Learning to Align and Translate[END_REF] before deciding what to focus on. It is needed to calculate an attention value for each combination of input.

Besides the multi-head attention used in the Transformer-based contextualized embeddings, we proposed different types of attention integration to the models presented in the thesis. In chapter 3 we proposed multi-level self-attention integration with the ULMFiT model discussed in section 2.4.4. In chapter 4 and 5 we proposed utilizing self-attention to enable the model to focus on the most relevant parts of the text that influence the model decisions.

Detection of Affects from Text

In this section, we present the research challenges, datasets, and recent advances for the three considered affective concepts in the thesis -emotion, sentiment, and individuals' mood.

Emotions

We consider the problem of emotion detection from textual conversations. Unlike classical emotion recognition of sentences/utterances, emotion recognition in textual conversation ideally requires context modeling of the individual utterances. The context can completely change the emotion of the same utterance in ongoing dialogues. Emotion detection in conversation draws the attention of the NLP community.

Textual conversations could have many forms including users' comments on social media, digital assistants, and conversational agents. However, few publicly available datasets exist. [START_REF] Poria | Meld: A multimodal multi-party dataset for emotion recognition in conversations[END_REF] 1153 280 7 DailyDialog [START_REF] Li | Dailydialog: A manually labelled multi-turn dialogue dataset[END_REF] 12118 100 7 EmoContext [START_REF] Chatterjee | SemEval-2019 Task 3: EmoContext: Contextual Emotion Detection in Text[END_REF] 32913 5508 4

* Training and testing size are given by number of conversations. Features engineering approaches have been explored for emotion detection in text. Emotional lexicons, e.g. SentiWordNet [START_REF] Esuli | SentiWordNet: a high-coverage lexical resource for opinion mining[END_REF], WordNet-Affect [START_REF] Strapparava | Wordnet affect: an affective extension of wordnet[END_REF] and EMOLex [START_REF] Saif | Crowdsourcing a Word-Emotion Association Lexicon[END_REF], have been created to help in emotion-specific feature extraction. Recent deep learning models show a significant improvement for emotional classification and hence, which exist in textual dialogues. Poria et. al. [START_REF] Poria | Deep convolutional neural network textual features and multiple kernel learning for utterancelevel multimodal sentiment analysis[END_REF] considered the multimodality emotion detection in conversations. They combined feature engineering approaches with CNN-based for textual features. The model ignores the relationships and dependencies among the utterances. The sequential nature of the conversational patterns motivates the research towards using Recurrent Neural Network (RNN). The model proposed in [START_REF] Poria | Context-dependent sentiment analysis in user-generated videos[END_REF] uses LSTM-based architecture to enables utterances to capture contextual information. The textual Features are extracted using Word2vec followed by CNN model. Hazarika et. al. proposed the Conversational Memory Network (CMN) [START_REF] Hazarika | Conversational memory network for emotion recognition in dyadic dialogue videos[END_REF]. The model uses Gated Recurrent Units (GRU) and input/output memory units for modeling emotion transitions. The model uses attention mechanism to filter relevant memories over multiple input/output hops. This work has been extended in [START_REF] Hazarika | Icon: Interactive conversational memory network for multimodal emotion detection[END_REF] which proposed the Interactive Conversational Memory Network (ICON). The model interconnects these memories hierarchically to model self and inter-speaker emotional influence. Majumder et. al. proposed the DialogueRNN model [START_REF] Majumder | DialogueRNN: An Attentive RNN for Emotion Detection in Conversations[END_REF] that uses hierarchical multi-stage GRU units with attention mechanism. On the multimodal setup, DialogueRNN showed the ability to model multiparty conversations and outperformed all previous models by a good margin.

On the unimodal formulation of the problem, the task becomes more challenging in the absence of facial expressions and voice modulations [START_REF] Chatterjee | SemEval-2019 Task 3: EmoContext: Contextual Emotion Detection in Text[END_REF]. Agrawal et. al [2] proposed the Neural and Lexical Combiner (NELEC) model that combines hand-crafted with neural-based features. Besides, the model jointly train LSTM and GRU units. Huang et. al. [START_REF] Huang | ANA at SemEval-2019 Task 3: Contextual Emotion detection in Conversations through hierarchical LSTMs and BERT[END_REF] proposed the Hierarchical LSTMs for Contextual Emotion Detection (HRLCE) model. The model uses different embeddings (GloVE, ELMo and DeepMoji [START_REF] Felbo | Using millions of emoji occurrences to learn any-domain representations for detecting sentiment, emotion and sarcasm[END_REF]) through hierarchical RNN to model utterance encoding and context information. The model shows a competitive performance by ensemble it with BERT. Along the same line, ensemble methods that combines more than one text vectorization techniques show good performances [START_REF] Xiao | Figure Eight at SemEval-2019 Task 3: Ensemble of Transfer Learning Methods for Contextual Emotion Detection[END_REF][START_REF] Liang | THU-HCSI at SemEval-2019 Task 3: Hierarchical Ensemble Classification of Contextual Emotion in Conversation[END_REF][START_REF] Indra | CAiRE_HKUST at SemEval-2019 Task 3: Hierarchical Attention for Dialogue Emotion Classification[END_REF].

Chapter 2. Background Knowledge

Sentiment

In sentiment analysis tasks, three levels of granularity are considered in the literature -document level, sentence level, and aspect level [START_REF] Ravi | A survey on opinion mining and sentiment analysis: tasks, approaches and applications[END_REF]. In document-level sentiment classification, the model assigns an overall sentiment or polarity level to a given review document. The prediction could be for each sentence in the sentence-level sentiment classification. Aspect-level sentiment classification is to predict the sentiment of sentences/documents toward a given aspect. However aspect-level sentiment analysis provides additional information besides the target sentiment, it requires high quality annotated datasets with the set of predefined aspects [START_REF] Tang | Document modeling with gated recurrent neural network for sentiment classification[END_REF].

Annotating the datasets for target sentiment is less expensive, there is a much greater quantity of automatically labeled data than the manually annotated ones. Therefor, large datasets have been grouped and preprocessed to be publicly available [START_REF] Olive | Handbook of natural language processing and machine translation: DARPA global autonomous language exploitation[END_REF]. In the literature, many datasets have been used for document-level sentiment classification of user reviews. The datasets have different sizes, domains, and the number of classes used for labeling. The datasets are split into predefined training and testing sets to enable head-to-head comparisons of different models and approaches. Three major different domains for most of the datasets used; movies reviews [START_REF] Pang | Seeing stars: Exploiting class relationships for sentiment categorization with respect to rating scales[END_REF][START_REF] Socher | Recursive deep models for semantic compositionality over a sentiment treebank[END_REF][START_REF] Andrew | Learning Word Vectors for Sentiment Analysis[END_REF], product reviews [START_REF] Zhang | Character-level Convolutional Networks for Text Classification[END_REF][START_REF] Johnson | Supervised and semi-supervised text categorization using LSTM for region embeddings[END_REF][START_REF] Pontiki | Semeval-2015 task 12: Aspect based sentiment analysis[END_REF][START_REF] Pontiki | Semeval-2016 task 5: Aspect based sentiment analysis[END_REF], and restaurant reviews [START_REF] Zhang | Character-level Convolutional Networks for Text Classification[END_REF][START_REF] Pontiki | Semeval-2015 task 12: Aspect based sentiment analysis[END_REF][START_REF] Pontiki | Semeval-2016 task 5: Aspect based sentiment analysis[END_REF][START_REF] Tang | Document modeling with gated recurrent neural network for sentiment classification[END_REF]. Zhang et. al. [START_REF] Zhang | Character-level Convolutional Networks for Text Classification[END_REF] used the Stanford Network Analysis Project (SNAP) for data collection and produce four large-scale datasets for products and restaurants reviews (Yelp-bi/Full and Amazon-bi/Full). The datasets are either binary-polarity or full-polarity (5 classes (stars) of sentiment levels). More than 100K reviews for each polarity in the Yelp-bi/Full training sets. Amazon-bi/Full contain more than 3M total reviews in the training sets for different polarities. These datasets have been used to train and test most of the deep learning models in sentiment analysis, so far.

There are different approaches for Sentiment Classification of textual reviews. Lexicon-based approaches were commonly used for sentiment detection using existing sentiment lexicons. Numerous sentiment lexicon varying in format and size exist for general and domain-specific sentiment analysis; e.g. Opinion Lexicon [START_REF] Hu | Mining and summarizing customer reviews[END_REF], General Inquirer [START_REF] Philip | A computer approach to content analysis: studies using the general inquirer system[END_REF], SentiSense [START_REF] Carrillo | SentiSense: An easily scalable concept-based affective lexicon for sentiment analysis[END_REF], Micro-WNOp [START_REF] Cerini | Micro-WNOp: A gold standard for the evaluation of automatically compiled lexical resources for opinion mining[END_REF], SO-CAL [START_REF] Taboada | Lexicon-based methods for sentiment analysis[END_REF], and Subjectivity Lexicon [START_REF] Riloff | Learning extraction patterns for subjective expressions[END_REF]. Deep learning models outperform all the previous machine learning and lexicon-based approaches in sentiment analysis [START_REF] Mabrouk | Deep Learning-Based Sentiment Classification: A Comparative Survey[END_REF]. CNN and RNN models have been extensively used in the literature for sentiment classification. Kalchbrenner et. al. [START_REF] Kalchbrenner | A Convolutional Neural Network for Modelling Sentences[END_REF] proposed the Dynamic CNN (DCNN) model that applies the dynamic pooling functions besides the global pooling operation in CNN to handle long sequence. Zhang et. al. [START_REF] Zhang | Character-level Convolutional Networks for Text Classification[END_REF] conducted a large scale comparative study between traditional models, such as BOW, n-grams, and TF-IDF variants and proposed character-level CNN for sentiment analysis. Yin et. al. proposed the Multichannel Variable-Size CNN (MVCNN) model [START_REF] Yin | Multichannel variable-size convolution for sentence classification[END_REF]. The model used different pretrained word embeddings, including Word2vec and GloVe, and phrases features trained using variable-size convolution filters. Wang et. al. [START_REF] Wang | Densely Connected CNN with Multi-scale Feature Attention for Text Classification[END_REF] used multi-scale feature attentions for input representation and proposed the Densely Connected CNN (DCCNN) for Text Classification.

In addition to CNN, RNN are widely used for sentiment classification. Most of these models use attention mechanisms in different ways. Yang et. al. proposed the Hierarchical Network (HN) and proposed two levels of attention for words and sentences in (HN-ATT) model [START_REF] Yang | Hierarchical Attention Networks for Document Classification[END_REF]. A similar attention-based hierarchical neural network has been proposed in the Contextual Sentiment Classification (CSC) model to incorporate user preferences and product characteristics [START_REF] Mokhtari | Context-Sensitive Neural Sentiment Classification[END_REF]. Letarte et. al.

proposed architecture of Self-Attention Networks(SANet) [START_REF] Letarte | Importance of Self-Attention for Sentiment Analysis[END_REF] that models the interactions between all input word pairs. Lin et. al. proposed a self-attention based model for extracting an interpretable sentence embedding in (SA-Embedding) model [START_REF] Lin | A Structured Self-Attentive Sentence Embedding[END_REF]. Tutek et. al. proposed the iterative recursive attention model (IRAM) [START_REF] Tutek | Iterative Recursive Attention Model for Interpretable Sequence Classification[END_REF] which recursively updates the input representation by the result of attention scores previously computed. Some models combine CNN and RNN model [START_REF] Wang | Densely Connected CNN with Multi-scale Feature Attention for Text Classification[END_REF][START_REF] Tang | Document modeling with gated recurrent neural network for sentiment classification[END_REF][START_REF] Du | A convolutional attentional neural network for sentiment classification[END_REF]. For instance, the Convolutional-based with Recurrent-based Attentions Network (CRAN) score the convolution-based features by recurrent attention scores for input sequence representation.

The classification model comes with Transformer-based models have been tested for all large-scale document sentiment classification datasets [START_REF] Devlin | BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding[END_REF][START_REF] Liu | RoBERTa: A Robustly Optimized BERT Pretraining Approach[END_REF][START_REF] Yang | XLNet: Generalized Autoregressive Pretraining for Language Understanding[END_REF]. The models showed a good performance and open the door for further improvements. BERT model has been used for Unsupervised Data Augmentation (UDA) [START_REF] Xie | Unsupervised data augmentation for consistency training[END_REF] model and obtain the state-of-the-art for Yelp-bi/Full and Amazon-bi/Full datasets.

Mood

Detection of mental disorders, mood, and psychological state from textual data has a long history and closely related to the psycho-linguistics proposed by Jacob Kantor in 1936 [START_REF] Kantor | An objective psychology of grammar[END_REF]. In the information age, where increasing textual data streams of UGC on social media create the need for automatic mood detection. In the NLP literature, three levels of granularity are considered for mood detection: text, user, and population levels. We focus on the user-level approaches which incorporate the text-level processing methods as one of its core components.

Datasets have been collected from different sources and platforms. Twitter2 is one of the most popular sources of mental-health-related datasets [START_REF] Sadilek | Modeling fine-grained dynamics of mood at scale[END_REF][START_REF] De Choudhury | Predicting postpartum changes in emotion and behavior via social media[END_REF][START_REF] De Choudhury | Social media as a measurement tool of depression in populations[END_REF][START_REF] Coppersmith | CLPsych 2015 shared task: Depression and PTSD on Twitter[END_REF][START_REF] De | Predicting depression via social media[END_REF]. By default, almost all the activities on Twitter are public. Twitter users could simply broadcast their posts to whoever wants to listen. For instance, The first shared tasks in the Workshop on Computational Linguistics and Clinical Psychology (CLPsych-2015) [START_REF] Coppersmith | CLPsych 2015 shared task: Depression and PTSD on Twitter[END_REF] consisted of three user-level binary classification tasks on depression and Post Traumatic Stress Disorder (PTSD) From Twitter. The notable limitation of Twitter datasets is that each tweet is a short message which may provide limited insight, especially for mood detection tasks. Facebook3 is considered one of the potential sources for textual mental health datasets [START_REF] Coviello | Detecting emotional contagion in massive social networks[END_REF][START_REF] Adam | Experimental evidence of massive-scale emotional contagion through social networks[END_REF]. However Facebook posts could get pretty lengthy which may be better, its users employ more control to form a closed community of friends and family members. Therefore, this makes it difficult to obtain a sufficient amount of data by researchers outside Facebook. Another important data source for mood and mental disorders detection is Reddit4 [START_REF] De | Mental health discourse on reddit: Self-disclosure, social support, and anonymity[END_REF][START_REF] Losada | Overview of eRisk -Early Risk Prediction on the Internet[END_REF][START_REF] Losada | Overview of eRisk 2019: Early Risk Prediction on the Internet[END_REF][START_REF] Losada | eRISK 2017: CLEF Lab on Early Risk Prediction on the Internet: Experimental Foundations[END_REF][START_REF] Zirikly | CLPsych 2019 Shared Task: Predicting the Degree of Suicide Risk in Reddit Posts[END_REF]. For instance, the first pilot task in eRisk-2017 workshop [START_REF] Losada | eRISK 2017: CLEF Lab on Early Risk Prediction on the Internet: Experimental Foundations[END_REF] -held as a part of the Conference and Labs of the Evaluation Forum (CLEF) -was an exploratory task on early risk detection of depression using user posts on Reddit. The following version of the workshop (eRisk-2018 and eRisk2019) used Reddit for the detection of other mental disorders, e.g. anorexia and self-harm). In addition to eRisk, the three shared for suicidal ideation detection proposed in (CLPsych-2019) workshop [START_REF] Zirikly | CLPsych 2019 Shared Task: Predicting the Degree of Suicide Risk in Reddit Posts[END_REF] used the University of Maryland Suicidality Dataset (UMSD) [START_REF] Shing | Expert, crowdsourced, and machine assessment of suicide risk via online postings[END_REF] which is constructed using data from Reddit. Most UGC data in Reddit is available for open access besides, no Chapter 2. Background Knowledge limitation for writings size exists. All previously mentioned datasets are annotated either by direct self-reporting e.g. through users' survey, indirect self-reporting (selflabeling), experts, or crowdsourcing. Feature engineering approaches have been applied for the detection of signs of mental disorders in text. Machine learning and statistical models use combinations of various types of these hand-crafted features. The most important types of features are lexical/textual-based, behavioral, and demographic features [START_REF] Rafael | Natural language processing in mental health applications using non-clinical texts[END_REF][START_REF] De | Predicting depression via social media[END_REF][START_REF] Tsugawa | Recognizing depression from twitter activity[END_REF][START_REF] To | A Meta-Analysis of Correlations between Depression and First Person Singular Pronoun Use[END_REF]. For instance, Cacheda et. al. [START_REF] Cacheda | Analysis and Experiments on Early Detection of Depression[END_REF] combines behavioral and text-based features to build dependent classifiers for positive and negative users' groups. Besides, Funez et. al. in [START_REF] Dario | UNSL's participation at eRisk 2018 Lab[END_REF] proposed a flexible temporal variation of terms (FTVT) and sequential incremental classification (SIC) models to detect signs of depression and anorexia in users writings on Reddit. Burdisso et. al. [START_REF] Burdisso | A text classification framework for simple and effective early depression detection over social media streams[END_REF] generalized the previous model and proposed the SS3 classifier designed for early classification and explainability of the results using the temporal variation of language terms.

Various studies proposed different deep learning models to tackle the problem. Trotzek et. al. [START_REF] Trotzek | Utilizing Neural Networks and Linguistic Metadata for Early Detection of Depression Indications in Text Sequences[END_REF] proposed a CNN-based model with plenty of hand-crafted features represent the user-level linguistic metadata. Paul et. al. [START_REF] Paul | Early Detection of Signs of Anorexia and Depression Over Social Media using Effective Machine Learning Frameworks[END_REF] proposed an RNN-based with pretrained GloVe and FastText embeddings. Mohammadi et. al. [START_REF] Mohammadi | Quick and (maybe not so) Easy Detection of Anorexia in Social Media Posts[END_REF] combined CNN and RNN based feature encoding in a complex pipeline. The model employed a Support Vector Machine (SVM) classifier to predict on user-level. Matero et. al. [START_REF] Matero | Suicide Risk Assessment with Multi-level Dual-Context Language and BERT[END_REF] used attention mechanism through a dual contextual process for modeling positive and negative content separately. Different embedding methods have been tested with that model and the BERT-based model (DualContextBert) outperforms all other embeddings for suicide risk assessment.

In this thesis, we propose different models for emotion detection in textual conversations, sentiment classification and analysis, and detection of at-risk individuals diagnosed by bad mood and mental disorders. We compared the performance of these models with the state-of-the-art results reported in the literature. Our models perform competitively and obtained a new state-of-the-art for detection of depression, anorexia, self-harm, and suicide thought indicators in users' social media writings.

Chapter 3. Sentiment: Self-Attentive Sentiment Classification Modeling

Introduction

Sentiment analysis and opinion mining are one of the fastest growing research areas in the machine learning community [START_REF] Viking Mäntylä | The Evolution of Sentiment Analysis -A Review of Research Topics, Venues, and Top Cited Papers[END_REF]. These areas have many applications ranging from e-commerce, marketing, reputation management, customer support, to politics and more. Currently, many tools enable us to detect subjective information, such as sentiments (positive or negative) and emotions (fear, happiness, etc.) from texts. Models for detecting feelings become more and more effective. However, they still suffer from the defects in the following areas.

Firstly, most of the existing approaches only provide sentiments and polarity identifications for specific domain or type of texts, such as [START_REF] Luo | Beyond Polarity: Interpretable Financial Sentiment Analysis with Hierarchical Query-driven Attention[END_REF] for financial sentiment analysis of mainstream financial websites or for sentiment analysis of customer reviews about laptops or restaurants [START_REF] Li | Aspect Term Extraction with History Attention and Selective Transformation[END_REF]. In aspect level sentiment classification, the model should identify opinions from text about specific entities and their aspects [START_REF] Huang | Parameterized Convolutional Neural Networks for Aspect Level Sentiment Classification[END_REF]. For example, given a sentence "great food but the service was dreadful", the sentiment polarity about aspect food is positive while the sentiment polarity about service is negative. For aspect level sentiment the model must be trained using aspect based classified datasets which could be costly similarly to argumentation mining problems [START_REF] Dragoni | SMACk: An Argumentation Framework for Opinion Mining[END_REF]. In this context, transfer learning or domain adaptation that has been widely used in machine learning, especially in the era of deep neural networks, could help to reuse models developed and trained in a source task to another target task. The power of transfer learning is very clear when the features learned from the source or base task are general and can be repurposed to target tasks. Computer Vision (CV) models are the most common and widely used models that make use of domain adaptation. Today, most CV models base extracting the feature to a pretrained models like AlexNet, ResNet, MS-COCO, etc. [START_REF] Voulodimos | Deep Learning for Computer Vision: A Brief Review[END_REF]. In Natural Language Processing (NLP), transfer learning and domain adaptation have been proposed before and published under different names. Since the formulation of the problem in [START_REF] Iii | Domain Adaptation for Statistical Classifiers[END_REF] and with the emerging field of deep learning, there are many other trials for deeper transfer learning and domain adaptation models [START_REF] Glorot | Domain Adaptation for Large-scale Sentiment Classification: A Deep Learning Approach[END_REF][START_REF] Mikolov | Efficient Estimation of Word Representations in Vector Space[END_REF][START_REF] Quoc | Distributed Representations of Sentences and Documents[END_REF][START_REF] Peters | Deep Contextualized Word Representations[END_REF]. The idea did not obtain that success until Universal Language Model Fine-tuning (ULMFiT) proposed by Jeremy et al [START_REF] Howard | Universal Language Model Fine-tuning for Text Classification[END_REF] was released1 .

Secondly, to obtain a comprehensive sentiment analysis, explainable justifications are necessary not only the predicted labels. One recent trend in deep learning models is the attention mechanism [START_REF] Bahdanau | Neural Machine Translation by Jointly Learning to Align and Translate[END_REF][START_REF] Young | Recent Trends in Deep Learning Based Natural Language Processing [Review Article[END_REF]. Attention in neural networks are inspired from the visual attention mechanism found in humans. The main principle is being able to focus on a certain region of an image with "high resolution" while perceiving the surrounding image in "low resolution", and then adjusting the focal point over time. This is why early applications for attention were also in the field of computer vision. In NLP, most competitive neural sequence translation models have an encoder-decoder structure [START_REF] Vaswani | Attention is All you Need[END_REF]. A limitation of these architectures is that it encodes the input sequence to a fixed length internal representation. This causes the results to get worse as the length of the sequence increases. Attention tries to overcome this limitation by guiding the network to learn where to pay close attention in the input sequence. Neural Machine Translation (NMT) is one of the early birds that make use of attention mechanism [START_REF] Bahdanau | Neural Machine Translation by Jointly Learning to Align and Translate[END_REF]. This has recently been applied to the problem of sentiment analysis [START_REF] Ma | Targeted aspect-based sentiment analysis via embedding commonsense knowledge into an attentive LSTM[END_REF]. One of the most interesting side-effects of applying the attention is visualization. For each analyzed text, the relative relevance of each sentiment can be displayed to the user. This allows them to understand which parts of the text are more relevant to particular sentiment and interpret the score attributed to a classification. This can be considered an interpretation to which parts and segments in the input sequence that highly influence the decision of the network. To our knowledge, there has been no study showing the contribution of attention mechanisms on user interpretation.

The objective of this research is twofold: first, to show how beneficial the attention mechanism is to sentiment analysis when added to the ULMFiT architecture; Second, to evaluate how a visualization based on the attention mechanism can serve as an explanatory tool to estimate sentiment attributes since the user has a better idea of which part of the text contributes the most to the estimation of the sentiment.

The remainder of this chapter is organized as follows. In section 3.2, we give an overview of the related work and background of our proposed model which is presented in section 3.3. In section 3.4, the experimental setup, datasets used and basic results are explained. We show some discussions in section 3.5. Conclusions are presented in section 3.6.

Related Work

To address the previously mentioned limitations of the current state-of-the-art models in terms of efficiency and explainability, we propose a method based on Language Modeling and Attention learning. Language Modeling (LM) which aims to predict the next word given a list of previous words or context is a vital and important basics in most NLP applications. Not only because it tries to understand the long-term dependencies and hierarchical structure of the text, but for its open and free resources. LM is considered as an unsupervised learning step as it needs only the corpus of an unlabeled text. The problem is that LMs get overfitted to small datasets and suffer from catastrophic forgetting when fine-tuned with a classifier. Compared to Computer Vision (CV), neural network LM models were typically more shallow and therefore required different fine-tuning methods. One of the Major steps towards deeper language model is the development of ELMo (Embeddings from Language Models) [START_REF] Peters | Deep Contextualized Word Representations[END_REF]. The ELMo model uses a concatenation of vectors that are generated by bidirectional LSTMs. These vectors are independently pre-trained on a large text corpus. The model proves that lower level LSTM architectures can compute syntax-based aspects of a word, while high level LSTM can capture context-dependent sentence-level features of word meaning. This way, ELMo provides a deep contextualized word and sentence representations embedding.

The development of ULMFiT is considered like ELMo as moving from shallow to deep pre-training word representation [START_REF] Howard | Universal Language Model Fine-tuning for Text Classification[END_REF]. But ULMFiT introduced methods to effectively utilize a lot of what the model learns during pre-training. It introduced a language model and a process to effectively fine-tune that language model for various tasks. This idea has been proved to achieve CV-like transfer learning for many NLP tasks. ULMFiT makes use of state-of-the-art AWD-LSTM (Average stochastic gradient descent -Weighted Dropout LSTM) LM proposed by Merity et. al. in [START_REF] Merity | Regularizing and Optimizing LSTM Language Models[END_REF]. The same 3-layer LSTM architecture with the same hyperparameters and no additions other than tuned dropout hyperparameters are used. The classifier layers above the base LM encoder is simply a pooling layer (maximum and average pool) followed by fully-connected linear layer block. The overall model significantly outperformed Chapter 3. Sentiment: Self-Attentive Sentiment Classification Modeling existing state-of-the-art on six text classification tasks including three tasks for sentiment analysis. Google AI lab, introduced a new word embedding named Bidirectional Encoder Representations from Transformers (BERT) [START_REF] Devlin | BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding[END_REF]. Unlike ELMo, this architecture trains the vectors on the left and right contexts in all layers using bidirectional Transformer architecture [START_REF] Vaswani | Attention is All you Need[END_REF]. One additional output layer can then tune the output. This architecture can be used for pre-training tasks as well as fine-tuning procedures. BERT is a very huge model. It has a large number of encoder layers (Transformer Blocks) -twelve for the Base version, and twenty four for the Large version. The large model achieved advanced state-of-the-art results for some NLP tasks, namely: question answering, named-entity recognition, and next sentence prediction. In our proposed model, we decided to use ULMFiT for its powerful fine-tuning capabilities and reasonable model size. In addition, ULMFiT was reported to be the state-of-theart for most large-scale sentiment classification datasets.

One recent trends in NLP models is an attention function. This can be described as mapping a query and a set of key-value pairs to an output, where the query, keys, values, and output are all vectors. The output is computed as a weighted sum of values, where the weight assigned to each value is computed by a compatibility function of the query with the corresponding key. Self-attention, also known as intraattention, is an attention mechanism relating different positions of a single sequence in order to compute a representation of the same sequence [START_REF] Lin | A Structured Self-Attentive Sentence Embedding[END_REF]. This can be seen as taking a collection of vectors-whether it is a sequence of vectors representing a sequence of words, or an unordered collections of vectors representing a collection of attributes and summarizing them into a single vector. This summarization is done by scoring each input sequence with a probability-like scores which can be outputed from the attention. Self-attention has been successfully applied to many tasks, including reading comprehension, abstractive summarization, textual entailment, learning task-independent sentence representations, machine translation and language understanding [START_REF] Su | A Hierarchy-to-Sequence Attentional Neural Machine Translation Model[END_REF]. The result of the attention layer in text classification applications has already been used for visualization [START_REF] Wang | Densely Connected CNN with Multi-scale Feature Attention for Text Classification[END_REF][START_REF] Lin | A Structured Self-Attentive Sentence Embedding[END_REF] but to our knowledge, there has been no qualitative study of the impact of this visualization on the interpretation that users can make of this supplementary information.

Proposed Architecture

Our architecture is composed of 4 components described in this section.

Attention-based AWD-LSTM Encoder

Traditional LSTM has three gates: an input gate i t , a forget gate f t , an output gate o t and a memory cell c t . They are all vectors in R d which correspond to the d dimensional vector representation. The LSTM transition equations are: In our model, we use the hidden state vector of each time step as the representation of the corresponding word in a sentence. As a way to prevent overfitting in LSTM training, AWD-LSTM proposed [START_REF] Merity | Regularizing and Optimizing LSTM Language Models[END_REF] a solution by applying a dropout on the hiddento-hidden connections. It applies DropConnect [START_REF] Wan | Regularization of Neural Networks using DropConnect[END_REF] to weight matrices U {i,f,o,c} . We used the same three tied layers of LSTM in addition to applying self-attention to the hidden state vectors of each time step. Figure 3.1 shows the way we apply Att-LSTM on previous input states H i-1 to get new hidden states H i and a corresponding attention scores S i . The input hidden state sequence H i-1 = {h i-1

f t = σ(W f x t + U f h t-1 ) i t = σ(W i x t + U i h t-1 ) o t = σ(W o x t + U o h t-1 ) ct = tanh(W c x t + U c h t-1 ) c t = f t ⊙ c t-1 + i t ⊙ ct h t = o t ⊙ tanh(c t ) (3.1)
1 , h i-1 2 , . . . , h i-1 N }, where N is the input sequence length, is passed to the LSTM layer states. The output states has the form of

H i = {h i 1 , h i 2 , . . . , h i N }.
The attention layer takes the encoded input sequence and computes the attention scores S i = {s i 1 , s i 2 . . . s i N }. The attention layer can be viewed as a linear layer without bias.

α i = {V i .H i } S i = exp(α i ) N j=1 exp(α i j ) (3.2)
Where V i and α i j are the weights and logits of the self-attention layer of the i th Att-LSTM respectively.

Multi-level Self-Attention Aggregation

The proposed architecture uses a stacking of three Att-LSTM on top of each other exactly the same way of regular AWD-LSTM model. Figure 3.2 shows an overview of the model. At each layer, attention scores are obtained according to a specific level of sequence encoding and then aggregated to obtain global attention scores S. The aggregation function is the log average of the three levels of self-attention scores.

S = log 3 i=1 S i 3 (3.3)
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o i = s i ⊗ h 3 i (3.4)

Classification Layers

After aggregating the information from multi-level attention and scoring with the encoder output, we convert the resulting representations of all positions in O to a fixed-length vectors with pooling. We used three pooling functions. We apply an attention pooling X att such that:

X att = N i=1 exp(s i ) ⊗ h 3 i (3.5)
Also, we apply maximum X max and average pooling X avg to O in order to get the final representations of the input text after encoding and attention. which is given by.

X in = [X att ⊕ X max ⊕ X avg ] (3.6)
then feed it into a classifier linear block. This block is consisted of two different sizes fully connected dense layers followed by a Softmax to determine the output sentiment class.

Model Training

Training the overall model comes into three main steps:

1. The LM is randomly initialized and then trained by stacking a linear decoder on top of the encoder. The LM is trained on a general-domain corpus. This helps the model to understand the general features of the language.

2. After training, the same full LM is used as an initialization to be fine-tuned using the data of the target task (sentiment datasets). In this step, we limit the vocabulary of the LM to the frequently used words (repeated more than twice) from the target task.

3. We keep the encoder and replace the decoder with the classifier and both are fine-tuned on the target task.

In the first step and for training the language model, we used the Wikitext-103 dataset [START_REF] Merity | Pointer Sentinel Mixture Models[END_REF]. With more than 28K of Wikipedia articles and 103 million words, the model determines the main structure and hierarchy of the language by sequence-tosequence modeling. We train the language model encoder only once and it is finetuned for each target model. For training the overall classification model, the model is trained in an end-to-end way in a supervised learning framework, the aim of this training is to optimize all the parameters so as to minimize the objective function (loss function) as much as possible. In our work, let y i be the correct sentiment polarity, which is represented by one-hot vector, and ŷi denotes the predicted sentiment polarity for the given sentence. We regard the cross-entropy as the loss function, and the formula is as follows:

loss = - <T > y i log( ŷi ) + λ θ 2 (3.7)
Where λ is the regularization factor, θ contains all model parameters and T is all the training examples.

The training of the architecture is done using slanted triangular learning rates (STLR) which change the learning rate for each iteration in triangular fashion. We used only once cycle, as recommended in [START_REF] Howard | Universal Language Model Fine-tuning for Text Classification[END_REF]. The model was trained by discriminative fine-tuning which uses different learning rates for each layer group. The model is trained gradually by freezing and unfreezing layers for different groups.

We trained the model on the forward and backward LMs for both the generaldomain and task specific datasets. Both LMs -backward and forward-are used to build two versions of the same proposed architecture. The final decision is the ensemble of both.

We used Pytorch2 to build the whole model and make use of Fastai3 libraries for applying the training strategies and fine-tuning the language models. For text preprocessing, the text is first normalized and tokenized. Special tokens were added for capitalized and repeated words. We kept the punctuation and the sentiments symbols in text. We used Spacy4 and the wrapper of FastText5 . The models are trained and tested on four Nvidia GEFORCE GTX 1080 GPUs. We released the source code of the model and all the experiments on github6 .
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Experimental Setup

Datasets

We applied the model on different sentiment classification datasets. Table 3.1 shows a brief statistics of these datasets. The IMDB is a dataset for binary sentiment classification containing highly polar movie reviews for training and testing [START_REF] Andrew | Learning Word Vectors for Sentiment Analysis[END_REF]. There is additional unlabeled data that we used for language model fine-tuning as well. We also used the binary and full classes versions of Yelp and Amazon user reviews datasets [START_REF] Zhang | Character-level Convolutional Networks for Text Classification[END_REF] 

Baselines and Results

We compared our model with several existing state-of-the-art competitive baselines that make use of the attention mechanism for document and sentiment classifications:

-HN-ATT [START_REF] Yang | Hierarchical Attention Networks for Document Classification[END_REF] the model mirrors the hierarchical structure of documents through two levels of attentions in words and sentences.

-DCCNN-ATT [START_REF] Wang | Densely Connected CNN with Multi-scale Feature Attention for Text Classification[END_REF] this model is a Convolutional neural network with dense connections and multi-scale feature attentions.

-SANet [START_REF] Letarte | Importance of Self-Attention for Sentiment Analysis[END_REF] this model uses self-attention to model the interactions between all input word pairs.

-SA-Embedding [START_REF] Lin | A Structured Self-Attentive Sentence Embedding[END_REF] this model is based on extracting an interpretable sentence embedding by self-attention.

-CSC [START_REF] Mokhtari | Context-Sensitive Neural Sentiment Classification[END_REF] this model uses attention-based hierarchical neural networks that incorporate user preferences and product characteristics into sentiment classification tasks.

-CRAN [START_REF] Du | A convolutional attentional neural network for sentiment classification[END_REF] the model combines both Convolutional-based with Recurrentbased attentions.

-IRAM [START_REF] Tutek | Iterative Recursive Attention Model for Interpretable Sequence Classification[END_REF] it is an attention model, which incrementally constructs representations of input data through reusing results that is previously computed in recursive fashion.

Also, we compared the proposed model with the default ULMFiT model [START_REF] Howard | Universal Language Model Fine-tuning for Text Classification[END_REF] and the base model of BERT trained for sentiment classification task [START_REF] Chen | LS-Tree: Model Interpretation When the Data Are Linguistic[END_REF]. Table 3.2 shows the testing error of the proposed model and all the baselines on the testsets. For all the baselines we used the results reported in the original paper. The proposed model outperforms almost the attention based models with a significant margin. Compared Models IMDB Yelp-bi Yelp-Full Amazon-bi Amazon-Full 

Discussions

In this section we will conduct ablation study of the model and discuss in more details the impact of applying attention to increase user interpretability.

Model Ablation Analysis

To further investigate the efficacy of the key components of our proposed model, we perform ablation study as shown in Table 3.3. We test the performance of six different variants of the model on all test datasets. To assist the impact of attention in the model, we tried one variant without any attention and another with Uni-Level (UL) attention rather than the Multi-Level (ML). In UL attention, we skip the attention aggregation step and use the attention scores of the last Att-LSTM. To test the overall model in terms of its transfer learning cababilities, we proposed to train the model from scratch without pre-training the language model encoder. We also propose pretraining the same encoder and make it shared for all models of different datasets.

In shared encoder model, only attention and classification layers are learned from scratch. In addition, we tried also to train two classifiers and make it shared for all models. The two shared classifiers are one for binary and other for five classes datasets.

The results show that adding attention to the model is helpful and using multilevel outperforms the uni-level attention architecture. Pre-training the encoder has a significant impact on the results. It is very obvious for smaller size datasets. Using either a pre-trained shared encoder or shared classifier for all the models gives good comparable results compared to other baselines. This proves the language modelling and generalization capabilities of the proposed model's building blocks to model longterm and short term dependencies in different domains.

Attention Visualizations

One of the most attractive outcomes of applying the attention mechanism is its ability to process all the input sequences with different weights of attentions. It usually pays closer attention to the most important parts that influence the network decision. From a first glance we could easily recognize many sentiments and emotional phrases. The model focuses on words for which it is easier to deduce the sentiment. To validate these findings, we compared the most important tokens in terms of attention scores with sentiment and emotional lexicons. We found EmoLex proposed by Mohammad et. al. in [START_REF] Saif | Crowdsourcing a Word-Emotion Association Lexicon[END_REF] a good example. EmoLex is created with a high-quality, moderate-sized, emotion and polarity lexicon. Using EmoLex gives a good results in large variety of task related to emotion, sentiment and stance classification [START_REF] Saif | Word Affect Intensities[END_REF]. It has entries for more than 10,000 word-sense pairs. Table 3.4 shows the results of matching the top attention scored tokens with EmoLex in both testsets. For easy interpretation of the table and for example, we can say that 88.11% from the total IMDB testset examples contain emotions and polarity words in the top 5% from highly attention tokens in the text. This reflects the precision of attention mechanism in focusing on these words and phrases.

Dataset

Top 

Empirical Study

However attention models may focus on some emotional words, only paying close attention to these words may be misleading. The used Self-attention mechanism looks to some parts of the text which have a higher impact on the final decision of 

Word Cloud survey

This is a closed-ended question survey that asks participants to guess the polarity of a review given a word cloud image representing some of its words. Although this does not take into account the word order but it will prove if the proposed model focuses on words for which it is easier to deduce the sentiment. The word cloud images are generated in three different ways, either lexicon based, attention based or mixing them together. For attention based questions, the words sizes and positions in the images are determined by the attention weights associated to it as shown in the example in figure 3.4. In the case of lexicon based word images, these were determined by lexicon word frequencies and the presence order in the document review. For mixed based images, we combined both weights together.

Each participant answered 30 questions, 10 questions for each type. The question is to guess the polarity of either positive or negative reviews associated to the word cloud. We let the participant know if the image is originating from which type of review: film, restaurant or an other product. The question selections are randomized for each question type, they are also shuffled for each participant.

Results

The total number of participant is 85. For each question types, we compute the average facility index F i as:

F i = 100. xi -x i min x i max -x i min (3.8)
where xi is the average score for question type i, x i min and x i max is the minimum and maximum scores for type i respectively. This gives the average scores of a question type as a percentage that indicates how easy the question is. We compute the standard deviation of all the scores for each question type. In addition, we compute the discrimination index D i as:

Chapter 3. Sentiment: Self-Attentive Sentiment Classification Modeling D i = 100. E[(X i -µ X i )(T -µ T )] σ X i σ T (3.9)
Which is the correlation percentage between the scores of each question type and the total score for each participant in the overall survey T . This gives more information about the participant agreement. Table 3 The results show that the task is some how difficult and guessing the sentiment without the complete text is not an easy task. However, the attention word cloud questions are more easy than others with average facility index of 72.12% and standard deviation of 43.90%. Also the positive correlation and agreement of the discrimination index. The task becomes more difficult when only using lexicon, using the same measures.

Conclusions

In this chapter, we consider the problem of document-level sentiment classification problems and proposed a new deep learning model for classifications of user reviews on the internet. The proposed model uses ULMFiT and introduces multi-levels of selfattention layers to enhance the transfer learning capability of the original model. The proposed attention mechanism provides interpretations of network decisions. Form experiments, We can conclude that the idea of transfer learning is very effective in NLP applications in particular for sentiment analysis. It performs better than the classical shallow learning models of word embedding. Also, adding a self-attention mechanism directly impacts the performance of these models and increases user interpretability of the results. The proposed model was evaluated for sentiment classification problems on five common datasets. Our experiments show competitive results for our model compared to current state-of-the-art attentive based models and the default ULMFiT.

The visualization of the attention scores is useful with a higher impact on user perception compared to lexicon-based methods. However, we encourage further experiments to assess the behavior of modern attention-based models on users' perceptions on similar tasks. Moreover, the proposed model is general and could be applied to different classification tasks such as topic labeling and spam detection. Besides, the model could be modified to work for other natural language understanding tasks. For example, modifications could be needed for other forms of multi-field textual datasets such as those used in textual conversations and sequential datasets. 

Introduction

Emotions play a crucial role in human life, as they are important in interpersonal relationships and contribute to decision making and reasoning. It is a short-lived feeling in response to our interpretation of an immediate trigger [START_REF] Stephen | Essentials of organizational behavior[END_REF]. Despite the culture and language differences, emotions could be classified into basic predefined emotional states. Various researches proposed many theories of emotions with different views [START_REF] David | Theories of emotion[END_REF]. Most notably, Ekman in [START_REF] Ekman | An argument for basic emotions[END_REF] argued for the existence of six basic emotions; anger, disgust, fear, joy, sadness, and surprise. Additionally, Plutchik studied the problem and added two more basic emotions -trust and anticipation. He also introduced the opposing pairs of emotions (e.g. joy versus sadness, anger versus fear, trust versus disgust, and surprise versus anticipation) and proposed the wheel of emotions shown in Figure 4.1. As humans can naturally capture and express different emotions, machines should be able to infer them as well. The process is widely known as emotional intelligence. Emotional intelligence has played a significant role in many application in recent years [START_REF] Krakovsky | Artificial (Emotional) Intelligence[END_REF]. It is one of the essential abilities to move from narrow to general human-like intelligence. Being able to recognize expressions of human emotion such as interest, distress, and pleasure in communication is vital for helping machines choose more helpful and less aggravating behavior. Human emotions are a mental state that can be sensed and hence recognized in many sources such as visual features in images or videos [START_REF] Boubenna | Image-based emotion recognition using evolutionary algorithms[END_REF], as textual semantics and sentiments in texts [START_REF] Calefato | EmoTxt: A toolkit for emotion recognition from text[END_REF] or even patterns in EEG brain signals [START_REF] Jenke | Feature Extraction and Selection for Emotion Recognition from EEG[END_REF]. With the increasing number of messaging platforms and with the growing demand of customer chat bot applications, detecting the emotional state in conversations becomes highly important for more personalized and humanlike conversations [START_REF] Zhou | Emotional Chatting Machine: Emotional Conversation Generation with Internal and External Memory[END_REF].

This chapter addresses the problem of modeling a conversation that comes with multiple turns for detecting and classifying emotions. We refer to our participation in the Semeval-2019 Task-3 -EmoContext: Contextual Emotion Detection in Text [START_REF] Chatterjee | SemEval-2019 Task 3: EmoContext: Contextual Emotion Detection in Text[END_REF]. The proposed model makes use of transfer learning through the universal language modeling that is composed of consecutive layers of Bi-directional Long Term Short Term Memory (Bi-LSTM) units. These layers are learned first in language modeling task on a general text and then fine-tuned to a specific target task. The model also makes use of an attention mechanism in order to focus on the most important parts of each text turn. Finally, the proposed classifier models the changing of the emotional state of a specific user across turns. The proposed model gives competitive performance and ranked 9 th out of more than 150 participants.

The chapter is organized as follows. In Section 4.2, the related work is introduced. Then, we present a quick overview of the task and of the datasets in Section 4.3. Section 4.4 describes the proposed model architecture, some variants and hyperparameters settings. The experiments and results are presented in Section 4.5. Section 4.6 concludes the study.

Related Work

Transfer learning or domain adaptation has been widely used in machine learning especially in the era of deep neural networks [START_REF] Goodfellow | Deep Learning[END_REF]. In natural language processing (NLP), this is done through Language Modeling (LM). Through this step, the model aims to predict a word given some context. This is considered as a vital and important basics in most of NLP applications. Not only because it tries to understand the long-term dependencies and hierarchical structure of the text but also for its open and free resources. LM is considered as unsupervised learning process which needs only corpus of unlabeled text. The problem is that LMs get overfitted to small datasets and suffer catastrophic forgetting when fine-tuned with a classifier. Compared to Computer Vision (CV), NLP models are typically more shallow and thus require different fine-tuning methods. The developing of the Universal Language Model Fine-tuning (ULMFiT) [START_REF] Howard | Universal Language Model Fine-tuning for Text Classification[END_REF] is considered like moving from shallow to deep pre-training word representation. This idea has been proved to achieve CV-like transfer learning for many NLP tasks. ULMFiT makes use of the state-of-the-art AWD-LSTM (Average stochastic gradient descent -Weighted Dropout) language model [START_REF] Merity | Regularizing and Optimizing LSTM Language Models[END_REF]. Weight-dropped LSTM is a strategy that uses a DropConnect [START_REF] Wan | Regularization of Neural Networks using DropConnect[END_REF] mask on the hidden-to-hidden weight matrices, as a means to prevent overfitting across the recurrent connections.

On the other hand, as a recent trend in deep learning [START_REF] Young | Recent Trends in Deep Learning Based Natural Language Processing [Review Article[END_REF], attention mechanism is inspired from the visual attention mechanism that exists in humans. The main principle is being able to focus on a certain region of an image with "high resolution" while perceiving the surrounding image in "low resolution", and then adjusting the focal point over time. This is why the early applications for attention were in the field of image recognition and computer vision [START_REF] Larochelle | Learning to combine foveal glimpses with a third-order Boltzmann machine[END_REF]. In NLP, most competitive neural sequence transduction models have an encoder-decoder structure [START_REF] Vaswani | Attention is All you Need[END_REF]. A limitation of these architectures is that it encodes the input sequence to a fixed length internal representation. This cause the results going worse performance for very long input sequences. Simply, attention tries to overcome this limitation by guiding the network to learn where to pay close attention in the input sequence. Neural Machine Translation (NMT) is one of the early birds that make use of attention mechanism [START_REF] Bahdanau | Neural Machine Translation by Jointly Learning to Align and Translate[END_REF]. It has recently been applied to other problems like sentiment analysis [START_REF] Ma | Targeted aspect-based sentiment analysis via embedding commonsense knowledge into an attentive LSTM[END_REF] and emotional classification [START_REF] Majumder | DialogueRNN: An Attentive RNN for Emotion Detection in Conversations[END_REF].

Datasets

In our experiments, we used the datasets provided by the task organizers of Semeval-2019 Task-3 [START_REF] Chatterjee | SemEval-2019 Task 3: EmoContext: Contextual Emotion Detection in Text[END_REF]. These datasets contain collections of labeled conversations. Each conversation is a three turn talk between two parties. The conversation labels correspond to the emotional state of the last turn. Conversations are manually classified into three emotional states for happy, sad, angry and one additional class for others. The datasets restricts the number of emotions to these classes as they are the most popular emotions in conversational data. In general, released datasets are highly imbalanced and contains about 4% for each emotion in the validation (development) set and final test set. 

Proposed Models

In this section, we present the proposed model architecture for modeling a conversation through language models encoding and classification stages. Also, we explain the training procedures used and the external resources for training the language model. In addition to the basic architecture, We will describe the used variants of the model for evaluation. Finally, we will list the hyperparameters used for building and training these models.

Model Architecture

In figure 4.2, we present our proposed model architecture. The model consists of two main steps: encoder and classifier. We used a linear decoder to learn the language model encoder as we will discuss later. This decoder is replaced by the classifier layers.

The input conversations come in turns of three. After tokenization, we concatenate the conversation text but keep track of each turn boundaries. The overall conversation is inputted to the encoder. The encoder is a normal embedding layer followed by AWD-LSTM block. This uses three stacked different size Bi-LSTM units trained by ASGD (Average Stochastic Gradient Descent) and managed dropout between LSTM units to prevent overfitting. The conversation encoded output has the form of

C Enc = [T 1 Enc ⊕ T 2 Enc ⊕ T 3
Enc ] where T i is the i th turn in the conversation and ⊕ denotes a concatenation operation and T i Enc = {T i 1 , T i 2 , . . . , T i N i }. The sequence length of turn i is denoted by N i . The size of T i j is the final encoding of the j's sequence item of turn i. For classification, the proposed model pays close attention to the first and last turns. The reasons behind this are that the problem is to classify the emotion of the first and last turns. Also, the effect of the middle turn appear implicitly on the encoding of the last turn as we used Bi-LSTM encoding on the concatenated conversation. In addition, tracking the difference between the first and the last turn of the same person may be beneficial in modeling the semantic and emotional changes. So, we apply self-attention mechanism followed by an average pooling to get turnbased representation of the conversation. The attention scores for the i th turn S i is given by:

Proposed Models

S i = Softmax{W i .T i Enc } (4.1) 
Where W i is the weight of the attention layer of the i th turn and S i has the form of S i = {S i 1 , S i 2 , ..., S i N i }. The output of the attention layer is the scoring of the encoded turn sequence O i = {o i 1 , o i 2 , . . . , o i N i } which has the same length as the turn sequence and is given by

O i = S i ⊙ T i
Enc where ⊙ is the element-wise multiplication. The difference of the pooled scored output of O 1 and O 3 is computed as O diff . The input of the linear block is X in is formed by:

X in = [O diff ⊕ O 3 pool ] (4.2) 
The fully connected linear block consist of two different sized dense layers followed by a Softmax to determine the target emotion of the conversation.

Training Procedures

Training the overall models comes into three main steps:

1. The LM is randomly initialized and then trained by stacking a linear decoder in top of the encoder. The LM is trained on a general-domain corpus. This helps the model to get the general features of the language.

2. The same full LM after training is used as an initialization to be fine-tuned using the data of the target task (conversation text). In this step we limit the vocabulary of the LM to the frequent words (repeated more tan twice) of target task.

3. We keep the encoder and replace the decoder with the classifier and both are fine-tuned on the target task.

For training the language model, we used the Wikitext-103 dataset [START_REF] Merity | Pointer Sentinel Mixture Models[END_REF]. We train the model on the forward and backward LMs for both the general-domain and task specific datasets. Both LMs -backward and forward-are used to build two versions of the same proposed architecture. The final decision is the ensemble of both. Our code is released on github1 . However we tried the uni-directional models, experimental studies shows that the ensemble models give a better performance. Training the selfattention layer uses the same learning rates used in the classification layers group.

We used Pytorch2 to build the whole model and make use of Fastai3 libraries for applying the training strategies and fine-tuning the language models. For text preprocessing, the text is first normalized and tokenized. Special tokens were added for capitalized and repeated words. we keep the punctuation and the emotions symbols in text. We used Spacy4 and the wrapper of FastText5 . The models are trained and tested on four Nvidia GEFORCE GTX 1080 GPU.

Model Variations

In addition to the model -(Model-A) -described by Figure 4.2, we tried five different variants. Each variant modify the classifier layer groups. Studying the effect of these variants will provide a good model ablation analysis.

The first variant -(Model-B )-is formed by bypassing the self attention layer. This will pass the output of the encoder directly to the average pooling layer such that

X B in = [T diff ⊕ T 3 pool ]
where T diff is the difference between the first and third pooled encoded turns of the conversations.

-(Model-C )-is to input a pooled condensed representation to the whole conversation C pool rather than the last turn to the linear layer block. In this case:

X C in = [O diff ⊕ C pool ].
We also studied two versions of the basic model where only one input is used

X D in = O diff -(Model-D)-and X E in = O 3 pool -(Model-E ).
In these two variants, we just change the size of the first linear layer.

Also, we apply the forward direction LM and classifier only without ensemble them with the backward direction and keep the same basic architecture -(Model-F ).

Hyperparameters

We use the same set of hyperparameters across all model variants. For training and fine-tuning the LM, we use the same set of hyperparameter of AWD-LSTM proposed by [START_REF] Merity | Regularizing and Optimizing LSTM Language Models[END_REF] replacing the LSTM with Bi-LSTM and keep the same embedding size of 400 and 1150 hidden activations. We used weighted dropout of 0.2 and 0.25 as the input embedding dropout and the learning rate is 0.004. We fine-tuned the LM by all provided datasets in table 4.1. We train the LM for 14 epochs using batch size of 128 and limit the number of vocabulary to all token that appear more than twice. For classifier, we used masked self-attention layers and average pooling. For the linear block, we used hidden linear layer of size 100 and apply dropout of 0.4. We used Adam optimizer [START_REF] Dozat | Deep Biaffine Attention for Neural Dependency Parsing[END_REF] with β 1 = 0.8 and β 2 = 0.99. The base learning rate is 0.01. We used the same batch size used in training LMs but we create each batch using weight random sampling. We used the same weights provided by the organizers (0.4 for each emotion). We train the classifier on training set for 30 epochs and select the best model on validation set to get the final model. The results of the test set for different variants of the model for each emotion is shown in table 4.2. In addition, we show the results of the baseline system and the best performing teams according to the various classification measures used for each emotion. The table reports the value of precision (P), recall (R) and F1 measure for each emotion and the micro-F1 for all three emotional classes. The micro-F1 score is the official metric used in this task. The baseline model uses GloVe [START_REF] Pennington | Glove: Global vectors for word representation[END_REF] embedding and followed by a simple recurrent architecture. The top performing systems reported used deep learning architectures and ensemble various types of static and contextualized embeddings.

Results & Discussions

Results

Models

Regarding the proposed model variants, Model-A gives the best performance F1 for each emotion and the overall micro-F1 score. However some variants of this model give better recall or precision values for different emotions, Model-A compromise between these values to give the best F1 for each emotion. Removing the self-attention layer in the classifier -Model-B -degraded the results. Also, inputting a condensed representation of the all conversation rather than the last turn -Model-C -did not improve the results. Even modeling the turns difference only -Model-D-gives better results over Model-C. These proves empirically the importance of the last turn in the classification performance. This is clear for Model-E where the classifier is learned only by inputting the last turn of the conversation. Ensemble the forward and backward models was more useful than using the forward model only -Model-F.

Comparing the results for different emotions and different models, we notice the low performance in detecting happy emotion. This validate the same conclusion of Chatterjee et.al in [START_REF] Chatterjee | Understanding Emotions in Text Using Deep Learning and Big Data[END_REF]. They justify this by the difficulties even for human level annotation to discriminate between happy and many other emotions. The model shows a significant improvement over the EmoContext organizer baseline (F1: 0.5868). Also, comparing to other participants in the same task with the same datasets, the proposed model gives competitive performance and ranked 9 th out of more than 150 participants. The proposed model can be used to model multi-turn and multi-parties conversations. It can be used also to track the emotional changes in long conversations.

One of the most attractive outcomes of applying the attention mechanism is its ability to process all the input sequences with different weights of attentions. It usually pays closer attention to the most important parts that influence the network decision. To validate these findings, we compared the most important tokens in terms of attention scores with sentiment and emotional lexicons. We found EmoLex proposed by Mohammad et. al. in [START_REF] Saif | Word Affect Intensities[END_REF][START_REF] Saif | Crowdsourcing a Word-Emotion Association Lexicon[END_REF] as a good example. EmoLex is created with a high-quality, moderate-sized, emotion and polarity lexicon. It has entries for more than 10,000 word-sense pairs. We extracted the words related Emocontext emotions for happy (Joy) and sad (sadness) and angry (anger). Table 4.3 shows the results of matching the top 20% attention scored tokens with EmoLex in both validation (Dev) and testing sets. The self-attention layers proposed in the first T 1 and last turn T 3 in the conversation seem to pay close attention to the corresponding emotional words. This is clear with the diagonal look in the table. However the mentioned difficulties in Happy emotion detection, the self-attention focuses in parts of text related to joy with a significant difference between the sadness and anger lexicon words. This significance is decreased between the sadness and anger words. However, the attention model is well focused to the correct emotions. 

Lexicon-based

Datasets

Conclusions

In this chapter, we consider the problem of emotions detection and classification in textual conversations. We propose a new model which participated to the Semeval-2019 Task-3 [START_REF] Chatterjee | SemEval-2019 Task 3: EmoContext: Contextual Emotion Detection in Text[END_REF] for contextual emotion detection in text. The task is to predict the emotional status of the last utterance in two party textual dialogues. The task considered three basic emotion -happy, sad, and angry -that mostly occur in textual conversations. The proposed model makes use of deep transfer learning rather than the shallow models for language modeling. The model assume that the emotional state of a specific utterance is closely connected to the immediate change from previous states. Therefore, the model pays close attention to the first and the last turns written by the same person in 3-turns conversations. The classifier uses self-attention layers and the overall model does not use any special emotional lexicons or feature engineering steps.

The results of the model and its variants show a competitive results compared to the organizers baseline and other participants. Our best model gives micro-F1 score of 0.7582 and ranked the 9 th out of more than 150 other participants. The proposed model could be generalized to model multi-parties long conversations. The model can be applied to other emotional and sentiment classification problems and can be modified to accept external attention signals and emotional specific word embeddings.

Emotions tend to be strong and clear feelings, unlike the mood, which is not as intense as emotions. However, mood is long lasting affective status. It lasts longer in time than emotion. Broadly, the mood could be divided into positive and negative categories -a 'bad' or 'good' mood. However it could be interesting in some application to assess and classify an individual's mood, extreme mood changes and swings can have implication for the mental health.

Introduction

Mental health is important at every stage of life. It directly impacts the individual's emotional, psychological, and social behavior. Through all of life's stages -from childhood, adolescence, and adulthood -anyone could experience one or more mental health problems. Mental illness is a leading cause of one-third of disability worldwide [START_REF] Vigo | Estimating the true global burden of mental illness[END_REF]. The Diagnostic and Statistical Manual of Mental Disorders (DSM) produced by the American Psychiatric Association (APA) categorized mental disorders using a common language and standard criteria [START_REF]Diagnostic and statistical manual of mental disorders : DSM-5[END_REF]. The most common main categories are mood and eating disorders. Mood disorders or sometimes referred to as affective disorders are characterized by a change in mood or affect, usually accompanied by a change in the overall level of activity. Examples of mood disorders are depression, bipolar disorder, self-harm, and suicidal thoughts and ideation. Eating disorders are marked by an obsession with food or body shape caused by several factors like genetics, brain biology, personality traits, and cultural ideals. Common examples of eating disorders are anorexia, bulimia, binge disorder, and pica. However the continuing effort in categorizing mental illness, the DSM states that "there is no assumption that each category of mental disorder is a completely discrete entity with absolute boundaries dividing it from other mental disorders or from no mental disorders" [61, p. 16]. In this chapter, we pay close attention to three common mental health problemsdepression, anorexia, and self-harm.

Depression is a common mental disorder. Globally, more than 300 million people of all age stages suffer from depression [START_REF] Leite | SOCIAL PANIC DISORDER AND ITS IM-PACTS[END_REF]. It has a direct and indirect effect on economic growth because of its major impact on productivity. Depression also has dramatic consequences not only for those affected but also for their families and their social and work-related environments [START_REF] Trautmann | The economic costs of mental disorders: Do our societies react appropriately to the burden of mental disorders?[END_REF]. It may be the psycho-physiological basis for panic and anxiety symptoms. Panic disorder has been increasingly focused on health services and the media, where it affects young people aged 20-40. The incidence of these disorders affects 22% of the adult world population. At its worst consequences, depression is one of the major causes of suicide [START_REF]Depression and other common mental disorders: global health estimates[END_REF].

Anorexia is considered one of the most common eating disorder. It is characterized by low weight, the worry of gaining weight, and a powerful need to be skinny, leading to food restriction. Many who suffer from an eating disorder see themselves as overweight although they could be thin [START_REF] Joyce | The Diagnostic and Statistical Manual of Mental Disorders: Fifth Edition (DSM-5) Model of Impairment[END_REF]. Individuals with eating disorders have also been shown to have lower employment rates, in addition to an overall loss of earnings. Eating disorder sufferers who are experiencing an overall loss in earnings associated with their illness are also magnified by the excess of health-care costs. According to the National Eating Disorder Association (NEDA), up to 70 million people worldwide suffer from eating disorders [START_REF]The National Eating Disorders Association (NEDA)[END_REF]. Eating disorder symptoms are beginning earlier in both males and females. As estimated, 1.1 to 4.2 percent of women suffer from anorexia at some point in their lifetime [START_REF] Hoek | Review of the worldwide epidemiology of eating disorders[END_REF]. Young people between the ages of 15 and 24 with anorexia have 10 times the risk of dying compared to their peers of the same age.

Self-harm is a very common problem, and many people are struggling to deal with it [START_REF] David | The functions of deliberate self-injury: A review of the evidence[END_REF]. Several illnesses are associated with self-harm, including borderline personality disorder, depression, eating disorders, anxiety, or emotional distress [START_REF] Doyle | Self-harm in young people: Prevalence, associated factors, and help-seeking in school-going adolescents[END_REF]. Self-harm occurs most often during the teenage and young adult begin around age 14 and carry on into their 20s, though it can also happen later in life [START_REF] David | The functions of deliberate self-injury: A review of the evidence[END_REF]. There is also an increased risk of suicide in individuals who self-harm and it is found in 40% to 60% of suicides [START_REF] Hawton | Suicide following deliberate self-harm: long-term follow-up of patients who presented to a general hospital[END_REF].

Individuals living with mental disorders do not always receive adequate treatment. Even in economically-advantaged societies, a large treatment gap exists which refers to the difference in the proportion of at-risk people who have disorders and the proportion of those individuals who receive care [START_REF] Kazdin | Addressing the treatment gap: A key challenge for extending evidence-based psychosocial interventions[END_REF]. There are always ongoing trials to close this gap by the integration of mental health services into primary care [START_REF] Rebello | Innovative strategies for closing the mental health treatment gap globally[END_REF] or by task sharing and capacity building [1]. However, mental disorders and at-risk individuals may find other ways to reduce stigma and discrimination. The WHO's mental health action plan for the next two decades [START_REF]Mental health action plan 2013-2020[END_REF] calls for supporting "information systems, evidence and research," which requires new development and improvements in global mental health surveillance capabilities. Therefore, research on mental health has turned to use web data sources in particular social media data.

Social media has indeed become increasingly used, not only by adults but also at different age stages with over 3 billion active users worldwide [START_REF] Soheylizad | Social media: An opportunity for developing countries to change healthy behaviors[END_REF]. Mental disorder sufferers turn to online social media and web forums not only to ask for information on specific conditions but also for direct and indirect emotional support, learning coping strategies, sharing experiences, and reducing the feeling of isolation [START_REF] Jadayel | Mental Disorders: A Glamorous Attraction on Social Media?[END_REF]. Even though social media can be used as a very helpful tool in changing a person's life, it may cause conflicts that can have a negative impact. This adds responsibilities for content and community management for monitoring and moderation. With the increasing number of users and their content, these operations turn out to be extremely difficult. Many social media providers try to deal with this problem by reactive moderation. In reactive moderation, users report any inappropriate, negative, or risky user-generated content. However, if it may reduce the workload or the cost of moderating, it is not enough, especially for handling at-risk user threads or posts. This problem motivates the eRisk-2017 task organizers to initiate the pilot task for detecting depression from user posts on Reddit1 as a Part of the Conference and Labs of the Evaluation Forum (CLEF) [START_REF] Losada | eRISK 2017: CLEF Lab on Early Risk Prediction on the Internet: Experimental Foundations[END_REF]. In eRisk-2018 the extension of the study was planned to include detection of anorexia. The datasets composed of user writings grouped by 10 chunks. Each user data chunk contains 10% of the total writings for the corresponding user. In eRisk-2019, a continuation of anorexia task in addition to another task for early detection of signs of self-harm. In this task, no training dataset is provided. Tasks organizers proposed employing new evaluation measures besides the traditional classification measures. Besides, they change the processing manner and move from chunk-based release the datasets to item-based processing. The main idea in all these tasks is to detect such problems or signs of risks from users posts as early as possible using the minimum amount of user writings.

In this chapter, we present our participation in both versions of the competitions -eRisk-2018 (chunk-based) and eRisk-2019 (item-based). We propose the Temporal Mood Variation (TMV) architecture to model the mood variation detected from user posts through multi-stage learning phases. Besides, we propose the Deep Mood Evaluation Module (DMEM) and integrate it into the TMV architecture. We test multiple model variants and obtain interesting results.

Chapter 5. Mood I: Temporal Mood Variation Modeling

The organization of the chapter is as follows. In section 5.2, the related work is introduced. Section 5.3 describes the problem definition, proposed models, and results of the chunk-based processing for depression and anorexia datasets of eRisk-2018. Section 5.4 elaborates on the differences in the proposed models, their variants, and results for anorexia and self-harm datasets of eRisk-2019.

Related Work

Language of At-risk users

Previous researches on social media have established the relationship between an individual's psychological state and his/ her linguistic and conversational patterns [START_REF] Paul | You Are What You Tweet: Analyzing Twitter for Public Health[END_REF][START_REF] Moulahi | DARE to Care: A Context-Aware Framework to Track Suicidal Ideation on Social Media[END_REF]. Many language features could characterize an individual's mental disorder and emotional distress. Theoretically, this is based on psycho-linguistics which was first introduced by an American psychologist in 1936 [START_REF] Kantor | An objective psychology of grammar[END_REF]. It is the study of the aspects associating the mental state with the language and speech of individuals. Psycholinguistics postulates that words and features used in everyday spoken and written language can reveal individuals' thoughts, emotions, and motivations. Empirically, on social media posts, a study on twitter [START_REF] De | Predicting depression via social media[END_REF] discriminated the users diagnosed with depression by their increased use of first-person pronouns and fewer references to third persons. Another study used differences in word count, references to ingestion, sadness, swear words, article words, and positive emotion. Even for other languages, a similar study in Japanese [START_REF] Tsugawa | Recognizing depression from twitter activity[END_REF] concluded that at-risk users have significantly higher ratios in using first-person and possessive pronouns and negative emotion words in their posts. This is consistent with a recent meta-analysis study [START_REF] To | A Meta-Analysis of Correlations between Depression and First Person Singular Pronoun Use[END_REF] that points out the use of first-person singular pronoun as a linguistic marker for depression. This reflects their loneliness, self-focused attention, and psychological distancing from others. Other studies combined these basic markers with more features like higher character counts [START_REF] Wilson | Finding information about mental health in microblogging platforms: a case study of depression[END_REF], fewer references to past and present tense [START_REF] Seabrook | Predicting Depression From Language-Based Emotion Dynamics: Longitudinal Analysis of Facebook and Twitter Status Updates[END_REF], readability scores [START_REF] Trotzek | Utilizing Neural Networks and Linguistic Metadata for Early Detection of Depression Indications in Text Sequences[END_REF] and perceptual processes for feeling [START_REF] Eichstaedt | Facebook language predicts depression in medical records[END_REF]. However, most of the studies in this area have focused on depression, other features have been observed for different mental health problems.

Regarding eating disorders, specifically anorexia, a recent study analyzed the content related to anorexia that is shared on Tumblr2 [START_REF] De | Anorexia on Tumblr: A Characterization Study[END_REF]. The author captures diagnostic information by observing some affective, social, cognitive, and topic modeling features in social media. Examples of these features are selected variables from psycho-linguistic lexicons, lexical density, and verbal fluency measures. Other features for detecting individuals diagnosed with anorexia are related to author profiling features [START_REF] Ramírez-Cifuentes | Early Risk Detection of Anorexia on Social Media[END_REF], domain-related vocabulary [START_REF] María Ortega-Mendoza | LTL-INAOE's Participation at eRisk 2019: Detecting Anorexia in Social Media through Shared Personal Information[END_REF], and temporal variations behavior [START_REF] Ragheb | Temporal Mood Variation: at the CLEF eRisk-2018 Tasks for Early Risk Detection on The Internet[END_REF].

However, while all the previous studies could identify features that allow the classification between controlled and at-risk social media users, the language differences in communicating about different mental health problems remains an open question [START_REF] Gkotsis | The language of mental health problems in social media[END_REF]. This makes it difficult to have unified feature sets that can detect different sources of mental health risks on online forums. In addition, having such good feature combinations is more influenced by mental health professionals than linguistics. In this context, and for a better sense of generalization, the proposed models introduced in this chapter use the text sequences of user posts without any handcrafted or lexicon features. This enables the proposed model to be used for detecting other mental health problems and in general for text classification.

Regarding the definitions of the affective concepts mentioned in chapter 1, the temporal aspect plays an important role in characterizing the mood and its consequences. Recent psychological studies showed the correlation between an individual's mental status and mood variation over time [START_REF] Bonsall | Nonlinear time-series approaches in characterizing mood stability and mood instability in bipolar disorder[END_REF][START_REF] Patel | Mood instability is a common feature of mental health disorders and is associated with poor clinical outcomes[END_REF]. It is also evident that some mental disordered may have chronic week-to-week mood instability. It is a common presenting symptom for people with a wide variety of mental disorders, with as many as 8 of 10 patients reporting some degree of mood instability during assessment [START_REF] Losada | eRISK 2017: CLEF Lab on Early Risk Prediction on the Internet: Experimental Foundations[END_REF]. These studies suggest that clinicians should screen for temporal mood variation across most common mental health disorders.

Text Classification

Affective Computing (AC) is the study and development of systems and devices that can recognize, interpret, process, and simulate human affects. It is an interdisciplinary field spanning computer science, psychology, and cognitive science [START_REF] Rafael | Affect detection: An interdisciplinary review of models, methods, and their applications[END_REF]. AC has become an emerging and important branch of Artificial Intelligence (AI). The overarching goal is to create systems that can interpret the emotional state of humans and adapt its behavior to provide intuitive and appropriate emotionally informed responses [START_REF] Tao | Affective Computing: A Review[END_REF]. Since subjectivity is a human mind feature, it is not available for objective observation or verification. Subjective experiences are created from the subject perspective, and they reflect the individuals' intentions, beliefs, feelings, emotions, sentiment, or even an individual's mental state. In NLP research, the detection of these kinds of subjectivity can be formulated as text classification and categorization task. It is the process of assigning tags or categories to text according to its content. There are many approaches for automatic detection of affects in text. One of the most well-established approaches in text classification is Machine Learning (ML).

Since the features in ML are basically numerical attributes, traditional NLP models start with extracting some important features from the text. These models are considered to be incomplete as they focus only on these features and lose the contextual information in the text. Another way is to apply text vectorization (embedding). As discussed in Section 2.4, traditional NLP modules start with feature extraction from text such as the count or frequency of specific words, predefined patterns, Partof-Speech tagging, etc. These hand-crafted features should be selected carefully and sometimes with an expert view. However these features are interesting [START_REF] Trotzek | Linguistic Metadata Augmented Classifiers at the CLEF 2017 Task for Early Detection of Depression[END_REF], sometimes they lose the sense of generalization. Another recent trend is the use of word and document vectorization methods. These strategies that convert either word, sentences, or even overall documents into vectors take into account all the text not just parts of it. There are many ways to transform a text to high-dimensional space such as term frequency and inverse document frequency (TF-IDF), Latent Semantic Analysis (LSA), Latent Dirichlet Allocation (LDA), etc [START_REF] Andrew | Learning Word Vectors for Sentiment Analysis[END_REF]. This direction was revolutionized by Mikolov et al. [START_REF] Mikolov | Distributed Representations of Words and Phrases and their Compositionality[END_REF][START_REF] Mikolov | Linguistic Regularities in Continuous Space Word Representations[END_REF] who proposed the Continuous Bag Of Words (CBOW) and skip-gram models known as Word2vec. It is a probabilistic based model that makes use of two-layered neural network architecture to compute the conditional probability of a word given its context. Based on this work Le et al. [START_REF] Quoc | Distributed Representations of Sentences and Documents[END_REF] propose the Paragraph Vector model. The algorithm which is also known as Doc2vec learns fixed-length feature representations from variable-length pieces of texts, such as sentences, paragraphs, and documents. Both word and document vectors are trained using stochastic gradient descent and back-propagation shallow neural network language models. The development of Universal Language Model Fine Tuning (ULMFiT) is considered like moving from shallow to deep contextual pre-training word representation [START_REF] Howard | Universal Language Model Fine-tuning for Text Classification[END_REF]. This idea has been proved to achieve Computer Vision (CV)-like transfer learning for many NLP tasks. ULMFiT makes use of the AWD-LSTM (Average stochastic gradient descent -Weighted Dropout LSTM) language model proposed by Merity et al. in 2017 [154]. The same 3-layer LSTM recurrent architecture with the same hyperparameters and no additions other than tuned dropout hyperparameters are used. The classifier layers above the base LM encoder is simply a pooling layer (maximum and average pool) followed by three fully-connected linear layers. The overall models significantly outperform the state-of-the-art on six text classification tasks including three tasks for sentiment analysis.

Other interesting work on text distributed representation is the bayesian inversion proposed by Taddy in [START_REF] Taddy | Document Classification by Inversion of Distributed Language Representations[END_REF] which uses Bayes formula to compute the probabilities of a document belonging to a topic. Given a document d and label y, Bayes formula is:

p(y d) = p(d y)p(y) p(d)
For classification problems, p(d ) can be ignored since d is fixed. p(d y) is estimated by first training the text vectorization model on a subset of the corpus with label y, then using the skip-gram objective composite likelihood as an approximation. As discussed in [START_REF] Taddy | Document Classification by Inversion of Distributed Language Representations[END_REF], Bayesian inversion will not always outperform other classification methods. It rather provides a simple, scalable, interpretable, and effective option for classification whenever distributed representations are used.

The attention mechanism is considered as one of the recent trends in NLP models [START_REF] Bahdanau | Neural Machine Translation by Jointly Learning to Align and Translate[END_REF]. It can be described as mapping a query and a set of key-value pairs to an output, where the query, keys, values, and output are all vectors. The output is computed as a weighted sum of the values, where the weight assigned to each value is computed by a compatibility function of the query with the corresponding key. This can be seen as taking a collection of vectors, whether it could be a sequence of vectors representing a sequence of words, or unordered collections of vectors representing a collection of attributes and summarize them into a single vector. This summarization is done by scoring each input sequence with probability-like scores obtained from the attention. This helps the model to pay close attention to the sequence items with higher attention scores. Attention-based models have been successfully applied to many tasks, including reading comprehension, abstractive summarization, textual entailment, learning task-independent sentence representations, machine translation and language understanding [START_REF] Su | A Hierarchy-to-Sequence Attentional Neural Machine Translation Model[END_REF].

In the proposed models discussed in this chapter, we apply different text vectorization methods and propose a new modification to the default ULMFiT model by proposing self-attention layers and a bi-directional version of the AWD-LSTM. We apply the attention layer to get more accurate representation on the writing-level.

Chunk-based Processing

In this section, we discuss the problem of early risk detection where the collected user writings are released in chunks. We consider the detection of signs of depression and anorexia in eRisk-2018 [START_REF] Losada | Overview of eRisk -Early Risk Prediction on the Internet[END_REF]. We proposed a new architecture that considers the temporal aspects of users' mood variations. The originality of our approach is to perform the detection through two main learning phases using text vectorizations and state-of-the-art language modeling. The first phase is to construct a time series representing temporal mood variation through users' posts. The second phase is to build variable-length time series classification models to obtain the proper decision. The main idea is to give that decision once the time series prove clear signs of mental disorder from current and previous mood extracted from the content. This section is organized as follows. Section 5.3.1 introduces the problem definition of early risk detection and used datasets. Section 5.3.2 presents the proposed model architecture. In Section 5.3.3, we discuss the model variants and hyperparameter settings. The evaluation results and discussions are presented in section 5.3.4. We conclude the study and experiments in section 5.3.5.

Datasets

In eRisk 2018, two tasks are presented [START_REF] Losada | Overview of eRisk -Early Risk Prediction on the Internet[END_REF]. Both tasks are considered as a binary classification problem. The first task is to discriminate between depressed and nondepressed users while the second one is between users diagnosed with anorexia and non-anorexia. The datasets are a dated textual data of user posts and comments -posts without titles-on Reddit. The training and testing datasets are divided into 10 chunks in chronological order. Each chunk contains 10% of the user's posts. A brief summary and statistics for these datasets are provided in Tables 5.1 and 5.2. The goal is not only to perform classification but also to do it as early as possible using the minimum amount of data or chunks for each user. The decision corresponding to each user data chunk could be one of the classes or could be postponed for future chunks. At the end of the 10 th chunk, all classification propositions must have been submitted. For evaluation, the classical classification performance measures (Precision, Recall, and F1) are computed for each run. In addition, eRisk organizers incorporate an error measure called Early Risk Detection Error (ERDE) [START_REF] Cacheda | Artificial intelligence and social networks for early detection of depression (Preprint)[END_REF] into the evaluation process. ERDE considers both the correctness of the decision and the delay taken by the model to make the decision. It introduces a cost function lc o (k) for true positive decisions, where (k) denotes the delay in terms of the number of processed user writing before the model decision (d). Suppose that gt denotes the golden truth, The ERDE is given by: The values of (c f p ) and (c f n ) depends on the application domain and the interpretation of false positives and false negatives. In eRisk taks, the organizers fixed the value of c f n = 1 and c f p = 0.1296. The value of (c f p ) is computed according to the proportion of positive cases in eRisk-2017 test sets and fixed to this value for eRisk-2018 tasks. The cost function for true positives lc o (k) ∈ [0, 1] is defined by:

ERDE o (d, k) = ⎧ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎨ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎩
lc o (k) = 1 - 1 1 + e (k-o)
(5.2) 

Proposed Models

Temporal Mood Variation Model

The temporal aspects of the eRisk-2018 tasks inspired us to model the temporal mood variation trough user's text content. The average number of days ranging from the first submission to the last submission is approximately 600 days [START_REF] Losada | A Test Collection for Research on Depression and Language use[END_REF]. So, determining how user's posts and comments vary from positive to negative and vise versa through time is worth inspecting. In the proposed models, time aspects are given as chunks. The main idea is to process user submissions for each chunk and determine the probability of how positive or negative the chunk is. The proposed architecture of our models is shown in Figure 5.2.

Step 1 -Text Vectorization Module: The input of this module is the list of textual information divided into ten chunks. The chunks are chronologically ordered as discussed in Section 5.3.1. The first step is to build a text vectorization model using all the text chunks. Two static text vectorization models are used. These models are the Word2vec and its evolution, the Doc2vec [START_REF] Mikolov | Efficient Estimation of Word Representations in Vector Space[END_REF][START_REF] Quoc | Distributed Representations of Sentences and Documents[END_REF]. We have tested the two alternatives to Doc2vec specifications -distributed memory (DM) and distributed bag-of-words (DBOW) [START_REF] Quoc | Distributed Representations of Sentences and Documents[END_REF]. We also keep track of the text for each user in every chunk and its label embedded in the model. Also, we built a vectorization model for positive and for negative and did not use any external resources. This module can be considered as an unsupervised learning phase.

Step 2 -Mood Evaluation Module: Our models are based on the work of Matt Taddy in [START_REF] Taddy | Document Classification by Inversion of Distributed Language Representations[END_REF] about Bayesian inversion. One of the interesting conclusions from this work is that any distributed representation can be turned into a classifier through inversion via Bayes rule. In our proposed model, we segmented the text of each chunk into sentences and scored each sentence through each vectorization model. The mood of the overall chunk is evaluated simply by normalizing the count of positive and negative sentences using the inversion technique. Each chunk will have a number between [0,1]. This can be considered as the probability of how positive (risky) the chunk is. Processing all chunks leads to a ten-points time series for the ten chunks for each user in the training datasets. Mood evaluation using the inversion technique is considered as the first learning phase in our proposed architecture. Step 3 -Temporal Modeling Module: Another learning phase is to build machine learning models to learn some patterns from the resulted time series to come up with the final classification model. In the ideal case and for the complete time series, we would have only one model. But since we should not wait for the complete time series we built multiple models for different sizes of time series to be able to give a decision without having to wait for the ten chunks. Figure 5.3 shows an example of a two-dimensional representation of the complete time series for the depression task using t-SNE [START_REF] Van Der Maaten | Visualizing Data using t-SNE[END_REF]. These time series will be the training set of the second learning phase. The separation between positive and negative users is obvious. It is expected that this separation would not be as ideal as this in testing but it will exist.

We tried also to encapsulate text vectorization and mood evaluation modules and proposed Deep Mood Evaluation Module (DMEM). This module is based on ULMFiT architecture [START_REF] Howard | Universal Language Model Fine-tuning for Text Classification[END_REF] and the idea of transfer learning for language modeling in addition to using attention layers for classifications.

Deep Mood Evaluation Module (DMEM)

We propose a modification of the basic architecture of the ULMFiT mainly by adding attention to the model. The proposed architecture will help the model to focus on the important parts of the text that influence the network decision. Figure 5.4 shows the proposed model and the separation between encoder layers (text vectorization module) and classifier layers (mood evaluation module).

The input sequence is passed to the embedding layer then the three Bi-LSTM layers to form the output of the encoder. The encoder output has the form of

X i = {x i 1 , x i 2 , x i 3 , . . . , x i N }
where N is the sequence length. The attention layer takes the encoded input sequence and computes the attention scores S i . The attention layer can be viewed as a linear layer without bias.

α i = {W i .X i } S i = log[ exp(α i ) ∑ N j=1 exp(α i j ) ]
(5.3) Where W i is the weight of the attention layer of the i th sequence. The attention scores S i is used to compute the scored sequence

O i = {o i 1 , o i 2 , o i 3 , . . . , o i N }
which has the same length as the input sequence.

O i = S i ⊙ X i (5.4)
Where ⊙ is the element-wise multiplication. Since the input sequence to the attention layer (encoder output) resulted from Bi-LSTM layers, the last element in the scored output S i N can be used for representing the whole sequence. But as we used attention scores, the whole sequence is represented by the weighted sum of all output sequences Ōi . This is done by:

Ōi = <N > S i ⊙ X i (5.5)
We tried this scoring strategy in addition to the base model which skip the attention layer and move the output of the encoder directly to the classifier layers. For classification layers, a simple concatenation between the maximum and average pooling in addition to the scored output is inputted to a group of two different sizes fully connected linear layers. The output of the last linear layer is passed to the Softmax to form the network decision.

Training the over whole models comes into three main steps proposed in [START_REF] Howard | Universal Language Model Fine-tuning for Text Classification[END_REF].

1. The LM is initialized by training the encoder on a general-domain corpus (Wikitext-103 dataset [START_REF] Merity | Pointer Sentinel Mixture Models[END_REF]). This helps to capture the general features of the language, preserve low-level representations, and adapt high-level ones.

2. The pre-trained LM is fine-tuned using the training datasets for both tasks.

3. The classifier and the encoder are fine-tuned on the target task using different strategies for each layer group.

The training of the architecture is done using slanted triangular learning rates (STLR), discriminative fine-tuning (Discr) and layers gradual unfreezing proposed for ULMFiT with the same hyperparameters settings [START_REF] Howard | Universal Language Model Fine-tuning for Text Classification[END_REF]. We train the model on the forward language models for both the general-domain and task-specific datasets. Training the attention layer uses the same learning rates and cycles used in the classification layers group.
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Experimental Setup

Table 5.3 summarizes the main steps of our proposed system variants for both tasks and the starting chunk number for each run to make the first positive decisions.

Step 1

Step 2

Step For document vectorization (Doc2vec), the resultant vectors had 200 dimensions. The model used a context window of 10 words and a minimum of two for word counts. It used a negative sampling loss with DBOW version and trained for 20 training epochs. In the word level vectorization, the vector size of a word had a dimension of 200 with a context window size of five words. Hierarchical softmax was used and a minimum count of two words was considered. In the second learning phase and for temporal modeling, the used architecture of the Multi-layered perceptron (MLP) had two hidden layers with ten neurons each. Concerning the Random Forest (RF) classifier, ten estimators were used.

For LIRMMB in anorexia task, we used Doc2vec rather than Word2vec and it starts to detect positive users in the eighth chunk. We expected that Doc2vec could give better results, especially for small size datasets. Hence we proposed LIRMMD and LIRMME to give a decision from the first chunk, we substitute the second learning phase with a window moving average from the output of the Bayesian inversion technique. For LIRMMD, we assumed the positive users will have a risky mood in the first chunks than the lasts. Two varying thresholds were used; one for the number of sentences and the other for the positive probability threshold. The size of the averaging window is three and the probability changing from 0.6 with the number of sentences higher than 100 to 0.8 and zero for sentence count threshold. For LIR-MME, the difference comes from the assumption that a higher probability threshold was given to last chunks than the first chunks with the same sentence thresholds. The risk probability starts with 0.8 in the first chunk to 0.6 in the last chunk.

For DMEM A variant, we use the same set of hyperparameter of AWD-LSTM proposed by [START_REF] Merity | Regularizing and Optimizing LSTM Language Models[END_REF] replacing the LSTM with Bi-LSTM and keep the same embedding size of 400 and 1150 hidden activations. We used a weighted dropout of 0.2 and 0.25 as the input embedding dropout and the learning rate is 0.004. We fine-tuned the LM by training datasets provided in Tables 5.1 and 5.2. We train the LM for 14 epochs using a batch size of 128 and limit the number of vocabulary to all token that appears more than twice. For classifiers, we used masked self-attention layers and concatenation of maximum and average pooling. For the linear block, we used a hidden linear layer of size 100 and apply dropout of 0.4. We used Adam optimizer [START_REF] Dozat | Deep Biaffine Attention for Neural Dependency Parsing[END_REF] with β 1 = 0.8 and β 2 = 0.99. The base learning rate is 0.01. We used the same batch size used in training LMs. For training the classifier, we create each batch using weighted random sampling to handle the problem of imbalance in the datasets. We train the classifier on the training set for 30 epochs and select the best model on the validation set to get the final model. We tried two other variants of the DMEM. The first one (DMEM B ) use the AWD-LSTM encoders without pre-training step while the other one (DMEM C ) skip the attention layer for the classification to use only concatenation pooling layer. The three variants of DMEM will give a good ablation analysis of the model.

Results & Discussions

Evaluation Results

Upon the submission of the last chunk, the evaluation process started for all runs results. As mentioned in Section 5.3.1, the two versions of ERDE, in addition to the classical classification measures: Precision(P), Recall (R), and F1-Measure (F1) are used. Tables 5.4 and 5.5 show the evaluation results of all proposed variants for both tasks. Also, we show the results of the best performing models for each evaluation metric in both tasks. Comparing word and document level vectorization, it is clear that Doc2vec behaves better than Word2vec in terms of classical classification measures. The runs with higher recall use word-level vectorization with either MLP or RF as the second learning phase. In the mood evaluation step, fake stories were misleading and made a lot of false-positive predictions. In addition, our models do not discriminate between user posts and comments (posts without titles) which could be beneficial for evaluating user mood.

For some at-risk users, first chunks posts don't have any proof of depression or anorexia and suddenly users started to express their status late. For the second learning phase, the model classifies the overall mood time series and late signs of disorders could not be predicted earlier by our models. So, in some runs (for both tasks) some moderation on the proposed assumptions (classification probability thresholds) are needed. Tables 5.6 and 5.7 show some statistics of all submitted runs compared to the proposed models. The ranking of our official participation best run and proposed DMEM runs for each evaluation metric is also included. The statistics of the depression task are for 45 runs of 11 teams. The anorexia task statistics on results are for 34 runs of 9 teams. Most of the teams have participated in both tasks with at least one run for each. All the variants of our models behave comparably with all other participants' runs. The improvement of the results of using DMEM especially for anorexia task is clear on the ranking for each evaluation measure.

The ERDE-score has been discussed critically as for the 2017 and 2018 chunk based settings [START_REF] Trotzek | Utilizing Neural Networks and Linguistic Metadata for Early Detection of Depression Indications in Text Sequences[END_REF]. The study and experiments show that it is not a meaningful metric for the described shared tasks. Only the correct prediction of a few positive samples has an effect on this score and the best results can therefore often be obtained by only minimizing false positives. 

Conclusion

In this section, we present the revised participation of LIRMM in the two eRisk-2018 tasks. Both tasks are for early detection of signs of depression and anorexia from users' posts on Reddit. We proposed the Temporal Mood Variation (TMV) model architecture that performs the classification through two phases of supervised learning. The first learning phase builds a time series representing the mood variation while the second learning phase is a classification model that learns patterns from the time series to detect early signs of such mental disorders. The proposed architecture used the text without any handcrafted features or lexicons. We tested multiple model variants that utilize modern text vectorizations and machine learning models combinations. Besides, we proposed a new modification to the TMV architecture which combines the text vectorization and mood evaluation modules into Deep Mood Evaluation Module (DMEM). DMEM uses modern state-of-the-art, attention-based, deep language modeling architecture rather than the shallow text vectorization models like Word2vec and Doc2vec. We proposed three variants of the model. The results show a significant improvement and outperform the official five submitted models in eRisk-2018 for both tasks. Comparing to the other contributions and baselines, the results are competitive for all used evaluation metrics.

Critiques have been raised in both tasks regarding the way of releasing the data. Owing to the fact that some users are more active than others, a high variance in chunks sizes for different users exists. A chunk could contain tens of writings while some other chunks have only a few ones. As a consequence, there are two main comments. The first is processing data by chunks is not realistic since the speed of the data stream is not similar. The second one regarding the ERDE metric. It changes quickly from very low to very high penalty with the number of writings which could be a lot for active users. Task organizers take that into account in proposing the new tasks in eRisk-2019.

Item-based Processing

In eRisk-2019 [START_REF] Losada | Overview of eRisk 2019: Early Risk Prediction on the Internet[END_REF], a continuation of the anorexia task with a new test set and a new task on early detection for signs of self-harm was proposed. To make the tasks more realistic, the datasets are released in an item-based manner rather than the chunkbased used in eRisk-2018. Each item is a user's writings (either a post or a comment). Besides, the test set also includes a negative user group who often post about anorexia (e.g. individuals who actively participate in the anorexia threads because they have close relatives suffering from this eating disorder). Developing predictive systems that process the data item-by-item is a good simulation for the actual problems that face social media providers for better moderation. Added to this, in chunk-based processing, the contribution of each user to the performance evaluation has a large variance (different for users with few writings per chunk vs users with many writings per chunk).

In this section, we present our participation in both tasks for early detection of anorexia and self-harm in eRisk-2019. We modify the TMV and DMEM models discussed in section 5.3.2 to work for user data items rather than chunks. In addition, we propose using different models' configurations in the second learning phase of TMV architecture. This section is organized as follows. In Section 5.4.1, a description of the datasets of both early risk detection tasks and the used evaluation methods are presented. Section 5.4.2 presents the proposed models. The experimental setup and all model variants used are introduced in Section 5.4.3. In Section 5.4.4, the evaluation results and discussions are presented. We conclude the study and experiments in section 5.4.5.

Datasets

In eRisk-2019, three tasks are presented [START_REF] Losada | Overview of eRisk 2019: Early Risk Prediction on the Internet[END_REF]. The first task (T1) is for early detection of signs of anorexia. It is a continuation of the same task in eRisk-2018. The second one (T2) is a new task in 2019 for early detection of signs of self-harm. No training data is provided for this task. Another task was proposed (T3) for measuring the severity of the signs of depression. In this section, we will describe the first two tasks (T1 and T2) that we have participated in.

Both tasks are considered as a binary classification problem. The datasets are a dated textual data of user posts and comments -posts without titles-on Reddit. The training and testing datasets are provided in streams of user writings (posts and comments). The data is ordered chronologically. A brief statistics and summary of these datasets are provided in Table 5.8. Task organizers set up a server that iteratively gives user writings to the participating teams. The goal is not only to perform classification but also to do it as early as possible using the minimum amount of writings for each user. A decision must be sent after processing each user's writing to continue receiving more. This decision could be positive or negative risk cases or postponed for future writings. A detailed description of the tasks and used evaluation metrics can be found in the corresponding task description paper [START_REF] Losada | Overview of eRisk 2019: Early Risk Prediction on the Internet[END_REF]. For evaluation, the classical classification performance measures (Precision, Recall, and F1) are used. Besides, the task organizers replaced the ERDE with a new measure to evaluate the model latency (latency-weighted F1). This new metric tries to overcome the limitations of ERDE observed in eRisk-2018. These limitations are:

• The cost function for true positives (lc 0 (k)) discussed in section 5.3.1 goes quickly to one based on the value of (o ∈ {5, 50}).

• Even for a perfect model that detects positive users from the first rounds does not get ERDE=0

• ERDE is not an interpretable measure.

The latency-weighted F1 combines both the effectiveness and the delay of the models' decisions. It multiplies the F1 score with a penalty factor based on the median delay for each model. The delay is defined by the number of processed user writings before a true positive decision. The median is computed using all positive users for each test set in both tasks (T1 and T2). The penalty function penalty(k) is given by:

penalty(k) = -1 + 2 1 + e -p(k-1)
(5.6)

The value of p was set such that the penalty equals to 0.5 at the median number of posts of a user. The value is computed and fixed to p = 0.0078, for both tasks. Figure 5.5 shows how the penalty increases in a smooth way rather than the sudden behavior of ERDE (sigmoid). A perfect system will get F1 and weighted F1 equal to 1. These make this measure more interpretable than ERDE.

Proposed Models

We use the TMV architecture with DMEM discussed in section 5.3.2. The used temporal aspect is items rather than chunks. Each item is formed by the users' Chapter 5. Mood I: Temporal Mood Variation Modeling writings available until then. In the second learning phase for TVM, we tried different machine learning, statistical models, and counting of successive positive writings. We tested using the Bayesian Variational Inference (BVI) model [START_REF] Simpson | Dynamic Bayesian Combination of Multiple Imperfect Classifiers[END_REF].

Bayesian Variational Inference (BVI)

We can represent the problem of classifying users from the already classified (observed) writings as a variant of independent Bayesian classifier combination [START_REF] Simpson | Dynamic Bayesian Combination of Multiple Imperfect Classifiers[END_REF]. Figure 5.6 shows the graphical model for the proposed BVI where the observed random variable W k i represents if the i th writing for the k th user if it is classified as positive or negative such that:

W k i ∼ Bernoulli(π u k ) π i ∼ Beta(λ, γ) (5.7) 
The hidden variable u k represents if the user will be classified as at-risk (anorexia, self-harm) or not. So we can say:

u k ∼ Bernoulli(κ) κ ∼ Beta(α, β) (5.8) 
The variables λ, γ, α and β are the hyper-parameters reflecting our a priori belief about the proportion of positive and negative users. We are interested in the posterior distribution of the random variable U k , which defines if the user is positive or negative, which is unfortunately intractable. We use a variational inference approach to compute an approximation such as in [START_REF] Simpson | Dynamic Bayesian Combination of Multiple Imperfect Classifiers[END_REF]. The approximation is obtained by solving the following equation for all variables Z i conditioned on the observed data X:

log q i (Z i X) = E j≠i [log p(Z, X)] + const.
(5.9)

So, we start from a number of positive and negative user writings (N d ) where d ∈ {+, -} for positives and negatives respectively. More specifically:

N + = k,i 1[W k i = 1], N - = k,i 1[W k i = 0] (5.10) 
Then, the expected number of positive and negative writings for positive users can be represented by N + 1 and N - 1 respectively. The same for negative users is N + 0 and N - 0 . These values are computed as:

N d r = k,i E[1[uk = d]].[1[w k i = r]], d ∈ {+, -}, r ∈ {0, 1} (5.11) 
We can estimate the expectation of the log of the probability to observe positive writings independently of the user category as E[ln(κ)] and for negative writings as

E[ln(1 -κ)] such that: E[ln(κ)] = ψ(α + N + ) -ψ(α + β + N + + N - ) E[1 -ln(κ)] = ψ(β + N - ) -ψ(α + β + N + + N - ) (5.12) 
Where ψ is the digamma function defined as the logarithmic derivative of the gamma function. In addition, we can estimate the expectation of the log probability 

E[ln(πi)] = ψ(λ + N + i ) -ψ(λ + γ + N + i + N - i ) E[1 -ln(π i )] = ψ(γ + N - i ) -ψ(λ + γ + N + i + N - i ) (5.13) 
So, the expectation of a user to be positive or negative can be obtained as:

ln(ρ k j ) = M k i W k i E[ln(πj)] + (1 -W k i ) E[ln(1 -π j )] + (α -1) E[ln(κ)] + (β -1) E[ln(1 -κ)] E[1[Uk = j]] = ρ k i ∑ j ρ k i (5.14) 
Where E[1[Uk = j]] is a normalized value for the two types of users (at-risk or controlled). We can evaluate an optimal value for it iteratively by first initializing all factors, then updating each, in turn, using the expectations concerning the current values of the other factors [START_REF] Simpson | Dynamic Bayesian Combination of Multiple Imperfect Classifiers[END_REF].

Experimental Setup

For each task, each team could participate with five different runs. We create different variants of our proposed architecture. In this section, we will present all these variants, training procedures, and model hyperparameters.

Proposed Model Variants

All the proposed model variants for both tasks are based on two supervised learning phases (step 2 and step 3 in temporal mood variation model). For self-harm detection task (T2), as there is no training data, we train our models on the depression and anorexia datasets of eRisk-2018 [START_REF] Losada | Overview of eRisk -Early Risk Prediction on the Internet[END_REF]. We assumed that if a person with clear signs of Temporal Mood Variation Modeling depression and/or anorexia could think about harming himself. We used the DMEM module as the first learning phase an all the variants and tried different machine learning and statistical methods as the second learning phase. Table 5.9 shows the used model for the second learning phase in all the runs for both tasks. MLP stands for Multi-Layer Perceptrons and RF is for Random Forest. All models that do not employ another learning phase are marked by dashes. In these runs, we used simple counting thresholds for successive positive classified writings.

2 nd Learning Phase Model Name T1 T2 LIRMM0 MLP -- LIRMM1 RF -- LIRMM2 -- MLP LIRMM3 -- RF LIRMM4
BVI BVI 

Model Training and hyperparameters

We processed the training and testing streams of user writings by moving window concatenation of size (N ). In other words, to give a decision about the current writing at time (t), we process all user writing starting from (t -N + 1). This gives more information about the context of given writing and reduces the effect of noisy and irrelevant ones. Experiments show that (N = 5) to be a reasonable choice for the window size. For DMEM, we used the same hyperparameter settings as for the chunk-based processing discussed in Section 5.3.3.

In the second learning phase, the used architecture of the MLP had two hidden layers with ten neurons each. Concerning the RF classifier, ten estimators were used. These models are used to classify time series of (N ) points. For MLP, RF, and BVI models in T1, positive users were reported for those with classification probability higher than 0.8. This value increases to 0.9 in T2. We set both thresholds to 0.6 in the last rounds. For some model variants (LIRMM2 and LIRMM3 in T1 and LIRMM0 and LIRMM1 in T2), we apply counting of successive positive writings and give a decision after either 5 or 10 following writings respectively.

Results & Discussions

In eRisk-2019 two different types are used for model evaluation. The first one is decision-based evaluations; where the classical classification measures -precision (P), Recall (R), and (F1) -are computed for the positive (at-risk) user. In addition to these and due to the drawbacks of ERDE measure, a new latency weighted F1 measure is introduced [START_REF] Losada | Overview of eRisk 2019: Early Risk Prediction on the Internet[END_REF]. The other complimentary evaluation is ranking-based. Besides the fired decision, scores are computed and used to build a ranking of users in decreasing estimation of risk. We participated only for decision-based evaluation. Tables 5.10 and 5.11 show the evaluation results of all our proposed variants for both tasks. Besides, we provide the results of the best participants' runs according to different metrics in the first rows in each table. Using MLP for the second learning phase is the best choice for both tasks. However, the usage of a high threshold in T2 makes the models predict most of the positive users in late writings. Also, applying BVI gets more comparable results than the runs with simple counting of positive writings. But it needs a more precise choice of threshold for early detection in both tasks. Tables 5.12 and 5.13 show some statistics of other participants runs compared to our proposed models. The ranks of the best run for each evaluation metric are also included. The statistics of the anorexia task are for 54 runs of 13 teams. The self-harm task statistics on results are for 33 runs of 8 teams. However the proposed architecture does not involve any hand-crafted features, it seems to be comparable with other contributions for both tasks. Also, combining anorexia and past eRisk depression training datasets for detecting signs of self-harm is very competitive. 

P

Conclusions

In this section, we present our participation in the eRisk-2019 T1 and T2 tasks. Both tasks are for early detection of signs of anorexia and self-harm from users' posts on Reddit respectively. The datasets are released by item basis rather than the chunkbased release in the previous version of the competition. A new measure for penalty the late models has been used to overcome the limitaion of the ERDE metric. We propose to perform the classification through the two phases of supervised learning of TMV model using DMEM which utilizes modern transfer learning deep language modeling neural network. We tried different machine learning (MLP and RF) and statistical (BVI) models to temporal modeling step in TMV.

Furthermore, combining anorexia and previous eRisk depression datasets to detect early signs of self-harm (T2) is interesting and shows the correlation of such mental disorders. We proposed five different runs for each task and the results are interesting and comparable to other contributions. For both tasks, we ranked the second out of 13 teams according to the weighted-latency F1 -the new official measure used by the organizers. However, the proposed models need tuning of second learning phase classification thresholds for earlier risk detection.

However integrating NLP technologies alongside with understanding the nature of human mood variation over time was useful, we encourage more quantitative analysis of the variations associated with each mental disorder. In addition, incorporating a time-series forecasting model into the temporal modeling step in the TMV model could assist in earlier decisions for the models. On the other hand, the deep contextualized text vectorization model used in DMEM significantly improves the performance over the static shallow ones. This is consistent with the conclusions of recent Transformerbased models [START_REF] Devlin | BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding[END_REF][START_REF] Liu | RoBERTa: A Robustly Optimized BERT Pretraining Approach[END_REF][START_REF] Yang | XLNet: Generalized Autoregressive Pretraining for Language Understanding[END_REF] that model size matters a lot. These models prove to provide deeper language understating in different NLP tasks. It is interesting to adjust these models and test their behavior in the detection of other mental disorders including bi-polar disorder [START_REF] Bonsall | Nonlinear time-series approaches in characterizing mood stability and mood instability in bipolar disorder[END_REF], schizophrenia [START_REF] Patel | Mood instability is a common feature of mental health disorders and is associated with poor clinical outcomes[END_REF], and suicide ideations [START_REF] Shing | Expert, crowdsourced, and machine assessment of suicide risk via online postings[END_REF].

Introduction

Continuing the discussion of mental health problems raised in the previous chapter, suicide deems to be one of the serious problems in the global community. Suicide is a person's deliberate act of ending his/her own life. Suicide ideation reveals serious personal problems, but also often reflects a deterioration of social context in which an individual lives. The first alarming WHO (World Health Organisation) world suicide report highlighted the fact that one person dies of suicide every 40 seconds in the world -more than all the yearly victims of wars and natural disasters -, more than 1,100,000 per year [195]. The report points that there are as many as 90 attempts for every death with an approximate increase of 5% in the successful suicide attempts yearly [START_REF]Suicide Fact sheet ○ 398[END_REF]. Most suicide attempts are supported by hospital emergency units. It is considered as a major public health issue with strong socio-economic consequences [START_REF] Hawton | Suicide following deliberate self-harm: long-term follow-up of patients who presented to a general hospital[END_REF]. However they may look similar, suicide and self-harm have two different types of risk profiles. Self-harm is the repetitive destruction or alteration of one's own body tissue but in the absence of intent to die or without suicidal aim.

Like other mental disorders, individuals suffering from suicidal thoughts may prefer to go and discuss their problems and feelings on social media platforms. They find there a sanctuary from the stigma, ignorance, prejudice, and fear. However, these have placed a responsibility on social media providers to promote a sense of community, provide social support, and ensure safety. Regularly, this is done by sequences of interactions between moderators and peer users through different moderation strategies. The process tends to be extremely complex and very sensitive to moderator experiences. Therefore, there is an increasing demand for tools and models for automatic detection of at-risk individuals that may need either help or moderation action [START_REF] Shuai | A Comprehensive Study on Social Network Mental Disorders Detection via Online Social Media Mining[END_REF]. These models should classify and assist the level of severity for at-risk users and perform this detection as early as possible.

Language could provide a natural eyepiece for the study and detection of such at-risk individuals through their writings on social media platforms. Some language indicators influence the discrimination of suicidal ideation risk from other risk factors including a higher rate of using violence and anger words [START_REF] Moulahi | DARE to Care: A Context-Aware Framework to Track Suicidal Ideation on Social Media[END_REF], more references to death [START_REF] Bridianne | A Linguistic Analysis of Suicide-Related Twitter Posts[END_REF], and focus on the present tense [START_REF] Bridianne | Detecting suicidality on Twitter[END_REF]. Accordingly, the detection of suicidal thoughts and ideation is equally important with the previously discussed source of risks (depression, anorexia, and self-harm) in Section 5.1.

In this chapter, we address these problems by proposing a new model that introduces an ensemble method -Negatively Correlated Noisy Learners (NCNL). The model is designed to be back-bone independent and we examine it with the modern NLP and deep learning models. We obtained state-of-the-art results on five different tasks for the detection of at-risk individuals with clear signs of depression, anorexia, self-harm, and suicide ideations. This chapter is organized as follows. Section 6.2 introduces the related work. Section 6.3 describes the datasets used and the relevant performance metrics. In section 6.4, we present the proposed models and their variants. The experimental setup including preprocessing and fine-tuning steps are introduced in Section 6.5. Then, Section 6.6 present the main results and discussions. Finally, we conclude the study and experiments in Section 6.7.

6.2. Related Works 79 6.2 Related Works

Text Embedding

Text embedding has been revolutionized recently by the development of Neural Network Language Models (NNLM) [START_REF] Mikolov | Distributed Representations of Words and Phrases and their Compositionality[END_REF]. The idea is to train a neural network in an unsupervised fashion for language modeling tasks and then extract the embeddings. Language Modeling (LM) which aims to predict the next word given a list of previous words or its context is a vital and important element in modern NLP applications. Not only because it tries to understand the long-term dependencies and hierarchical structure of the text, but for its open and free resources [START_REF] Howard | Universal Language Model Fine-tuning for Text Classification[END_REF]. The model is pretrained on vast amounts of textual data instead of training them on specific target datasets. There are two main types for NNLM-based embedding: static and contextualized. Static word embedding models are shallow neural network models that generate the same embedding for the same word in different contexts. It only leverages off the vectors for downstream tasks. Contextualized (Dynamic) words embedding capture word semantics in different contexts to address the issue of polysemous and the context-dependent nature of words. These models are deeper and output the pre-trained model not just embedding vectors. Contextualized embedding has been proven to achieve Computer Vision (CV)-like transfer learning for many NLP tasks [START_REF] Merity | Regularizing and Optimizing LSTM Language Models[END_REF]. Based on these developments, state-of-the-art results could be achieved by applying modern transfer learning methods like Universal Language Model Finetuning (ULMFiT) [START_REF] Howard | Universal Language Model Fine-tuning for Text Classification[END_REF]. In 2017, a group of researchers in Google introduced the Transformer model [START_REF] Vaswani | Attention is All you Need[END_REF]. This model is designed to handle ordered sequences of data, such as natural language, for various tasks such as machine translation. The model broke the domination of the recurrent deep models in NLP and became the basic building block of many state-of-the-art transfer learning models. Some of the revolutionary breakthrough models that make use of the Transformers are Bidirectional Encoder Representations from Transformers (BERT) proposed by Google AI [START_REF] Devlin | BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding[END_REF], Robustly Optimized BERT Approach (RoBERTa) [START_REF] Liu | RoBERTa: A Robustly Optimized BERT Pretraining Approach[END_REF] proposed by Facebook AI and the generalized auto-regressive model (XLNet) [START_REF] Yang | XLNet: Generalized Autoregressive Pretraining for Language Understanding[END_REF] proposed by Google Brain.

In this context, the proposed models presented in this chapter are based on the state-of-the-art transfer learning NLP models by creating classifiers ensemble on top of each model for detecting at-risk individuals.

Negative Correlation Learning

Ensemble methods are one of the fundamental techniques in modern machine learning. The model is composed of a group of machine learning systems also called base learners. Each of them provides an estimate of the target output. These estimations are combined in some fashion to form the final decision of the overall model. Negative Correlation Learning (NCL) was introduced as a neural network ensemble technique [START_REF] Liu | Ensemble Learning via Negative Correlation[END_REF]. It demonstrated significant performance improvements over a simple ensemble system, showing very competitive results with other techniques like mixtures of experts, bagging, and boosting [START_REF] Brown | Managing Diversity in Regression Ensembles[END_REF]. It incorporates a measure of base learners diversity into the error function that should be back-propagated to the networks. Regression problems are one of the early applications that show empirical successes of applying NCL [START_REF] Brown | On the Effectiveness of Negative Correlation Learning[END_REF]. In a typical regression problems, let us assume that we have a number N of training samples X = {x 1 , x 2 , ..., x N } where x i represents the high dimensional feature vector of the i th sample. The target output Y = {y 1 , y 2 , ..., y N } is used to train a mapping function G θ ∶ x i → y i parameterized by θ. The error loss of the mapping function can be approximated by: Chapter 6. Mood II:

Negatively Correlation Noisy Learners e(G θ (X)) = L θ (X, Y ) = 1 N N i=1 (G θ (x i ) -y i ) 2 (6.1)
For simplicity G θ (X) can be written as G. The bias-variance decomposition theory [START_REF] Geman | Neural Networks and the Bias/Variance Dilemma[END_REF] states that the mean square error of an estimator in a regression problem is equal to the biased square plus the variance.

{(G -Y ) 2 } = ({G} -Y ) 2 + {(G -{G} 2 )} (6.2)
Considering the ensemble of M base regressors G = {G 1 , G 2 , ..., G M } where the ensemble output of the model Ḡ is the arithmetic mean of its individuals. This means that:

Ḡ = 1 M M m=1 G m (6.
3)

The bias-variance decomposition, in this case, can be shown as:

{( Ḡ -Y ) 2 } = ({ Ḡ} -Y ) 2 + {( Ḡ -{G} 2 )} (6.4)
In NCL, the error function of the individual base regressor becomes:

L m ( G) = 1 2 (G m -Y ) + λP m ( G) (6.5) 
Where P m ( G) is a penalty term and defined as :

P m ( G) = (G m -Ḡ)( M j≠m (G j -Ḡ)) (6.6)
This term balances the trade-off between those individual errors and the ensemble covariance [START_REF] Brown | Managing Diversity in Regression Ensembles[END_REF]. This leads to a restatement of the NCL error function given the arithmetic mean way of averaging the model in equation (3) as:

L m,λ ( G) = 1 2 (G m -Y ) 2 -λ(G m -Ḡ) 2 (6.7)
It is clear that each base learner and regressor receives a lower error for moving its response closer to the target output and at the same time away from the final output of the ensemble. This trade-off is controlled by the strength parameter 0 ⩽ λ ⩽ 1. Setting λ = 0 is exactly equivalent to independent training of base learners while increasing it will boost the ensemble diversity. Aside from regression, NCL has been used for a wide range of applications in classification [START_REF] Dam | Neural-Based Learning Classifier Systems[END_REF][START_REF] Chen | Multiobjective Neural Network Ensembles Based on Regularized Negative Correlation Learning[END_REF] and time-series analysis and forecasting [START_REF] Azmy | Forecast Combination Strategies for Handling Structural Breaks for Time Series Forecasting[END_REF][START_REF] Azmy | MLP, Gaussian Processes and Negative Correlation Learning for Time Series Prediction[END_REF]. After the significant evolutions of deep learning, NCL has been rediscovered again and used in many applications in image processing and computer vision [START_REF] Shi | Crowd Counting with Deep Negative Correlation Learning[END_REF][START_REF] Opitz | Efficient Model Averaging for Deep Neural Networks[END_REF]. To the best of our knowledge, NCL has not yet been tried in any NLP application with deep learning models. Our intuition of using NCL learning for detecting at-risk individuals on social media is:

• The subjective nature of the problem may need to reinforce the diversity of the model.

• The great success of NCL deep models in similar subjective problems like personality detection and age estimation from images [START_REF] Zhang | Nonlinear Regression via Deep Negative Correlation Learning[END_REF]. 

Datasets

This section provides an overview of the datasets used in our experiments. It also provides the evaluation metrics for each classification task that would be used for comparison with previous state-of-the-art models.

eRisk Datasets

As a part of the Conference and Labs of the Evaluation Forum (CLEF), the eRisk workshop is organized to discuss and investigate the creation of reusable benchmarks for evaluating early risk detection algorithms relating to health and safety. The first pilot task in eRisk-2017 [START_REF] Losada | eRISK 2017: CLEF Lab on Early Risk Prediction on the Internet: Experimental Foundations[END_REF] was an exploratory task on early risk detection of depression using user posts on Reddit 1 . In eRisk-2018 [START_REF] Losada | Overview of eRisk -Early Risk Prediction on the Internet[END_REF], the extension of the study was planned to include detection of anorexia and the continuation of the depression task with new data. The main idea is to detect such problems from users posts as early as possible using the minimum amount of user writings (posts/comments). The release of eRisk-2018 depression datasets was on chunk-based style. This means that the training and testing datasets are divided into 10 chunks provided in chronological order. Each chunk contains 10% of the user's writings. The decisions on the users level have to be made after the processing of each chunk either to be positive (at-risk), negative (controlled) or to be postponed for future chunks. In eRisk-2019 [START_REF] Losada | Overview of eRisk 2019: Early Risk Prediction on the Internet[END_REF], a continuation of the anorexia task with a new test set and a new task on early detection for signs of self-harm was proposed. The organizers decided not to release training data for self-harm and to move from chunk-based to item-by-item release of test data. In our experiments, we train and evaluate our models on the latest release of each dataset regarding each source of risk (depression, anorexia and self-harm). This means that we use the eRisk-2018 for depression and eRisk-2019 for anorexia and self-harm datasets. Table 6.1 summarizes the basic statistics for each of these datasets.

According to the evaluation metrics, the classical classification metrics -precision, recall and F1 -for positive users are used to measure the accuracy of predictive models. In addition, the Early Risk Detection Error (ERDE) defined in [START_REF] Losada | A Test Collection for Research on Depression and Language use[END_REF] was used for eRisk-2018 datasets. The ERDE is an error measure that introduces a penalty for late correct decisions. The higher the number of user posts that had to be processed before the correct decision, the higher the penalty the model gets. The limitations of ERDE discussed in Section 5.4.1 influenced the workshop organizers to look for alternative ways for evaluation. For eRisk-2019 tasks, a new evaluation measure (F latency ) proposed in [START_REF] Sadeque | Measuring the Latency of Depression Detection in Social Media[END_REF] is used to measure the accuracy of early decisions. F latency combines the effectiveness of the decision (F 1) and the latency only over the true positives. The following penalty function is computed for each true positive user u after processing k u writings:

penalty(k u ) = -1 + 2 1 + exp -p.(ku-1) (6.8) 
The value of p controls the speed of the penalty associated with true positives. Figure 6.1 shows that the lower p leads to a penalty function that increases slowly with the number of observed user writings. As recommended by the organizers, the value of p was set, such that the penalty equals 0.5 at the median number of posts. This value was first computed for eRisk-2017 [START_REF] Losada | eRISK 2017: CLEF Lab on Early Risk Prediction on the Internet: Experimental Foundations[END_REF] depression datasets and fixed to p = 0.0078 for all current and future experiments [START_REF] Losada | Overview of eRisk 2019: Early Risk Prediction on the Internet[END_REF]. The overall model speed is computed for true positives as :

speed = 1 -median(penalty(k u )) 0 < speed ⩽ 1 (6.9)
The F latency is computed as a speed-weighting of F1 measure or simply F latency = F 1.speed.

University of Maryland Suicidality Dataset

The University of Maryland Suicidality Dataset (UMSD) is constructed using data from Reddit. The dataset originated from the 2015 Full Reddit Submission Corpus2 . This data dump contains approximately 200 million submissions that have been collected using the Reddit API. The first version of UMSD (UMSD_V.1) described in [START_REF] Shing | Expert, crowdsourced, and machine assessment of suicide risk via online postings[END_REF] makes use of users posts in r/SuicideWatch subreddit to be annotated by experts and crowdsourcing. It defines four levels of categorization of risks defined in [START_REF] Corbitt-Hall | College Students' Responses to Suicidal Content on Social Networking Sites: An Examination Using a Simulated Facebook Newsfeed[END_REF]. These levels are graded from No, low, moderate to severe risk. The dataset aims to promote research for identifying at-risk users that may ultimately help to prevent suicides. The dataset is considered to be the first demonstration of reliability in risk assessment by clinicians based on social media postings. UMSD_V.1 has been updated for the shared tasks on predicting the degree of suicide risk from Reddit posts, run as part of the 2019 Computational Linguistics and Clinical Psychology Workshop (CLPsych-2019) held at the 2019 Conference of the North American Chapter of the Association for Computational Linguistics (NAACL) [START_REF] Zirikly | CLPsych 2019 Shared Task: Predicting the Degree of Suicide Risk in Reddit Posts[END_REF]. These updates create the second version of the datasets (UMSD_V.2) by adding more de-identification steps, creating standard training/testing splits, performing data-cleaning steps to fix some encoding issues and filtering out some posts that contain Arabic content. The dataset annotated by experts is not used for the shared tasks in CLPsych-2019. In our experiments, we used the crowdsourcing training/testing splits in UMSD_V.2 as recommended by datasets owners to facilitate head-to-head comparisons of system performance.

Concerning the tasks, CLPsych-2019 organizers proposed three tasks for predicting individuals degree of suicide risk. The first task (Task-A), is a risk assessment task. It simulates the case where the user has reasonable evidence that he/she might need help. The dataset provided for this task contains only the users posts on r/Sui-cideWatch subreddit. The goal is to classify each user to the predefined four levels of risk. This task uses the smallest amount of data, only a few writings for each user. The Second task (Task-B ) is similar to task-A with access to more user posts on other subreddits. This will enable the systems to understand the value of collecting more comprehensive information and its effect on the individual risk assessment and their mental state. The third task (Task-C ) is about screening. The goal is to identify whether the individuals are at-risk, even if they have not explicitly participated in r/SuicideWatch subreddit. The categorization of the individuals is done only by accessing their writings on non-mental health-related subreddits. Table 6.2 shows a summary of the basic statistics that describe the datasets used for the three tasks.

The training sets for Task-B and Task-C contain a controlled users group. These users have never posted to any mental-health-related subreddits. For both tasks, in testing sets, these users are considered as No Risk individuals.

Regarding the evaluation metrics, The official metric used in these shared tasks is the macro-averaged F1 score which treats all four classes as equally important to the overall system's performance. This helps avoid performance on a single class dominating the result in case of class imbalance. In addition, task organizers used two Negatively Correlation Noisy Learners other metrics flagged-F1 and urgent-F1. These two metrics are derived from similar tasks [START_REF] David | CLPsych 2016 Shared Task: Triaging content in online peer-support forums[END_REF] that used the same four-level classifications. These two metrics are practical in real-world use cases. flagged-F1 measures the accuracy of the models in making binary decisions discriminating no risk with low, moderate and severe risks. A model with a good flagged-F1 will save human efforts with processing no risk cases. urgent-F1 measures the performance of the model in distinguishing between no and low risks with moderate and severe risks. A good model in identifying urgent cases (moderate and severe) will help with the selection process of cases that require immediate action or attention.

Negatively Correlated Noisy Learners (NCNL)

This section describes the proposed models used in our experiments. The main idea is to create negatively correlated base learners on top of state-of-the-art NLP deep learning models. In section 4.1, the proposed unity loss function is introduced. Different sources of noise are discussed in section 4.2. The main Model architecture is explained in section 4.3 followed by demonstrations of proposed model variations in section 4.4.

Unity Loss Function

As discussed in section 6.2.2, NCL creates an ensemble of base learners that train multiple models (base learners) taking into consideration the relationship between the individual error of each base learner and their interactions within the ensemble. The main idea is to regularize the correlations of these base learners. Traditional NCL models use the same loss function of equation (7) to update model parameters. This loss is applied to each of the base learners forming the ensemble. Let us assume that the output of the ensemble Ḡ has a constant value with respect to the output of each base learner G m [START_REF] Brown | Negative Correlation Learning and the Ambiguity Family of Ensemble Methods[END_REF], i.e.

∂ Ḡ

∂G m = 0 (6.10)

Although this is a strong assumption, it permits us to derive a unique loss combining a classical error metric with an additional penalty term. In more details, using this assumption and the penalty term (P m ( G)) defined in equation ( 6), the gradient of the individual base learner loss with respect to its output is:

∂L m,λ ( G) ∂G M = (G m -Y ) + λ j≠m (G j -Ḡ) = (G m -Y ) -λ(G m -Ḡ) = (1 -λ)(G m -Y ) + λ( Ḡ -Y ) (6.11)
NCL extends the traditional neural networks backpropagation and gradient descent methods by adding the extra term of the form (1 -λ)(G m -Y ) to the weigh updates formula. In the proposed models, we use deep learning models that act like feature extractor layers followed by classification layers groups. This means that each base learner shares these lower layer feature extractors. We propose a unity loss function that incorporates all the atomic losses of each base learner into one loss function. This loss should exploit the explicit control of the base learner interactions to encourage diversities. We define it as:

L λ ( G) = 1 ( Ḡ, Y ) - λ M M m=1 2 (G m , Ḡ) (6.12)
Because of the classification nature of the problem, we choose 1 to be the crossentropy loss and 2 to be Kullback-Leibler (KL) divergence loss. In addition, we used the normalized geometric mean for averaging the ensemble outputs as recommended in [START_REF] Dutt | Coupled Ensembles of Neural Networks[END_REF]. This means that:

Ḡθ (x) = M m=1 G m (x) 1 M (6.13)
where x represents the input sequence representation which is the output of the features extractor part of the model (model encoder). The base learner output G m is the probability-like output of the softmax.

Noise Sources

In training deep learning models, it is a challenging goal to train a model to perform well on unseen data, not just the training datasets. In other words, the goal is to enhance model generalization and reduce the effect of overfitting. However, the effect of introducing noise to deep models has never been systematically studied, it allows the model to generalize the observation of the training data that can be useful at test time [START_REF] Chilimbi | Project Adam: Building an Efficient and Scalable Deep Learning Training System[END_REF]. One hypothesis is that relaxing model consistency by introducing noise, limits the memorization effect of deep neural networks [START_REF] Tong | Learning from massive noisy labeled data for image classification[END_REF].

In NCL, introducing different types of noises to the base learners will increase overall model diversity. We introduce two main types of noise to the proposed models. The first one uses different dropout [START_REF] Srivastava | Dropout: A Simple Way to Prevent Neural Networks from Overfitting[END_REF] in classification layer groups. Simply, this is done by dropping the connection between some neurons which are chosen at random during the training phase. In the testing phase, all network activations are used. This shutting-down during training reduces the co-dependency amongst neurons. The dropout is defined by a value that represents the probability of each neuron to be off. In the proposed model, we used a different dropout for each base learner that form the ensemble.

The second source of noise is changing the input depth. This is similar to using stochastic depth [START_REF] Huang | Deep networks with stochastic depth[END_REF] in computer vision. Since we use NLP models that are consisting of identical blocks (equivalent dimensionality) -(Transformer blocks) in BERT and RoBERTa and (Transformer-XL) in XLNet -, we can simply take the output from one layer and feed it directly to the base learners. This allows the models to learn from different abstraction levels of the input sequences.

Model Architectures

The recently proposed Transformer-based methods have been proven to outperforming the state-of-the-art NLP models on several tasks including language modelling and text classification [START_REF] Devlin | BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding[END_REF][START_REF] Liu | RoBERTa: A Robustly Optimized BERT Pretraining Approach[END_REF][START_REF] Yang | XLNet: Generalized Autoregressive Pretraining for Language Understanding[END_REF]. Therefore, we proposed to use the feature extractor part of our models to be either BERT, RoBERTa or XLNet. Figure 6.2 shows our proposed models architectures used in our experiments. We compare two configurations; the single classifier and NCNL ensemble. For both configurations, the pre-trained and fine-tuned Transformers blocks encode the input sequence user writing. This represents each user writing in a multi-dimensional space that encode the representation of each word token within its context by each block. Suppose an input sequence of length N where each token is represented by the hidden size (H) of each individual Chapter 6. Mood II: Negatively Correlation Noisy Learners block. Each input sequence s i is D dimensional such that s i ∈ R D , D = B × N × H where B denote the number of Transformer blocks. In a single classifier configuration, the sequence representation step takes the encoded sequence s i and produces a one dimensional sentence (writing) level representation x i = η(s i ) where x i ∈ R H . This is done by either applying block selection or combining multiple block representations by different pooling strategies according to the default configuration for each of the used models as discussed in section 6.4.4. The final decision for each input sequence is determined by passing x i to the classification layer group G θ . We used the crossentropy as the loss function between the true labels Y and the predicted decision G θ (x i ).

In NCNL configuration, the encoded input sequence s i is passed to the noise generator that generates different sequence representations xi for the base learners G m that form the ensemble G such that xi = {x 

G j m (x i ) = e γ j m (x i ) ∑ R r=1 e γ r m (x i ) (6.14) 
Where G j m denotes p(y = j γ m (x i )) which is the probability of an input sequence representation x i to be classified as j by a given base learner (m). γ m (x i ) = {γ 1 m (x i ), ...γ R m (x i )} stand for the output logits for the classification layer group for the same base-learner where R is the number of classes (R = 2 for eRisk datasets and R = 4 for UMSD tasks).

The overall ensemble output is calculated by taking the geometric mean of the individual base learners as given in equation [START_REF] Bahdanau | Neural Machine Translation by Jointly Learning to Align and Translate[END_REF]. The unity loss function is used to calculate the loss for the overall model by incorporating the individual base learner losses and the final ensemble output.

In both configurations, the decision on the user level is done once a clear sign of risk is detected. The sign of risk in both datasets is completed by observing two consecutive user writings classified as risky. We relax this condition for UMSD Task-A dataset to be only one writing. This is because of the small number of writings for each user (average of 1.85) in this task.

Model Variations

In this section, we present in more detail the specifications of the main building blocks of the proposed models for single classifier and NCNL configurations. We used the pre-trained models for each of the Transformer-based feature extractor methods. The pre-training of these models make use of the bidirectional encoder blocks of the Transformer for certain language modelling tasks. We fine-tune these models based on the corresponding language modelling tasks using the target datasets used in our experiments.

BERT:

Two main tasks are used for the pre-training of BERT -Masked Language Modeling (MLM) and Next Sentence Prediction (NSP) [START_REF] Devlin | BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding[END_REF]. The model is pre-trained using 16 GB of textual data (3.3 billion words) from Google books corpus and Wikipedia. We fine-tune the language model for MLM task on the target datasets. The MLM task masks 15% of the total WordPiece tokens [START_REF] Wu | Google's Neural Machine Translation System: Bridging the Gap between Human and Machine Translation[END_REF] at random and let the model predict them. We used the large version of BERT (BERT LARGE ) RoBERTa: This model is very similar to BERT in terms of architecture [START_REF] Liu | RoBERTa: A Robustly Optimized BERT Pretraining Approach[END_REF]. The model uses 160 GB of text for pre-training, including 16 GB of Books Corpus and English Wikipedia used in BERT. It removes the NSP task from BERT's pretraining and introduces dynamic masking so that the masked token changes during the training epochs. Rather than WordPiece tokens, RoBERTa uses Byte-Pair Encoding (BPE) based embedding [START_REF] Sennrich | Neural Machine Translation of Rare Words with Subword Units[END_REF]. In our experiments, we use RoBERT a LARGE with same model size as BERT LARGE (B = 24, H = 1024 and N = 512). In single classifier configuration, the sequence representation and classification steps are similar to BERT except that RoBERTa applies the dropout for both steps with the same value. In NCNL configuration, we apply the same NCNL as with BERT except that we use different dropout values for each base learner for each step to encourage diversity.

XLNet:

The model generalizes the autoencoding language models used in BERT and RoBERTa where masked corrupted input text is used to reconstruct the original one. It uses autoregressive models by introducing permutation language modelling, where all tokens are predicted in random order [START_REF] Yang | XLNet: Generalized Autoregressive Pretraining for Language Understanding[END_REF]. The model is pre-trained on 113 GB of text (33 billion words) and fine-tuned on target used datasets. It uses SentencePiece [START_REF] Kudo | SentencePiece: A simple and language independent subword tokenizer and detokenizer for Neural Text Processing[END_REF] tokenization. The model uses Transformer-XL [START_REF] Dai | Transformer-XL: Attentive Language Models beyond a Fixed-Length Context[END_REF] as the base blocks rather than the original Transformer blocks used in BERT and RoBERTa. In our experiments, we use XLNet-Large model (B = 24, H = 1024 and N = 512). In single classifier configuration, unlike BERT and RoBERTa, the last token representation of the last Transforme-XL block is considered to represent the input sequence after passing it to a dense layer with Tanh activation. In NCNL configuration, we use the same base learners setup used in RoBERTa that uses different dropout values for sequence representation and classification.

Experimental Setup

In this section, we will describe the details of our experiments comparing the proposed Transformer based configurations of single classifier and NCNL. In all of our experiments, we used the Pytorch implementation of BERT, RoBERTa and XLNet3 for fine-tuning the language models and downstream tasks training in both configurations of the proposed model. The models are trained and tested using two servers with a total capacity of six Nvidia GEFORCE GTX 1080 GPUs.

Language Model Fine-Tuning

In our experiments, however, all the used Transformer based models are pre-trained on general-purpose datasets, fine-tuning the language models on in-domain (target) dataset can significantly boost its performance [START_REF] Howard | Universal Language Model Fine-tuning for Text Classification[END_REF][START_REF] Sun | How to Fine-Tune BERT for Text Classification?[END_REF]. We initialize the models with the pre-trained version and fine-tune them with the training datasets of all tasks. This will create a fine-tuned version of the language model for each task that acts as new pre-trained models for the classification downstream tasks. We used a clean version of user writings after removing all URLs, special tokens and characters. We remove short writings with less than three tokens. We primarily follow the same hyperparameter settings used in pre-training the original models and we point out the differences. We fine-tune the language models with mixed-precision floating point for better memory utilization and to speed up the training process.

With BERT, we initialize the model with the pre-trained BERT LARGE for finetuning on the MLM task. We apply a smaller learning rate of 5e-5 without warmup steps. We use a batch size of 1024 with a maximum sequence length of 512 (524,288 token/batch) trained for 10 epochs. For GPU memory considerations, we apply 128 gradient accumulation steps to simulate the large batch size. To speed up the pretraining, the default pre-training of BERT uses the full sequences for only the last 10% of the steps. As we are just fine-tuning the model, and the limited amount of text, we use the full sequence length over all training epochs. Fine-tuning the RoBERTa model is similar to BERT with dynamic masking and a larger batch size. We use the same maximum sequence length of 512 over all training steps. We set the peak learning rate to 2e-4, without warming-up, with a batch size of 4K (≈ 2M token/batch) and trained for 5 epochs. We set the gradient accumulation steps to 500.

In XLNet, we fine-tune XLNet-large model with maximum sequence length of 512 and batch size of 4K (≈ 2M token/batch). We use a learning rate of 5e-6 for 5 epochs without warmup steps and 2000 gradient accumulation steps.

Downstream Task Training

The fine-tuned, pre-trained models are used for the downstream classification tasks for detecting individuals with different signs of risk. The classification layer weights in single classifier configurations and all the base learners weights in NCNL configuration are randomly initialized. We use the cleaned version of the datasets applying the same preprocessing steps used in language model fine-tuning. We apply the same hyperparameter settings in both configurations for all models. We use a batch size of 32 writings, learning rate of 2e-5 and train the model for 10 epochs. All other hyperparameters are fixed to the recommended values in the original papers. Because of the imbalanced nature of the problem that appears in the datasets, we use a weighted random sampler in creating the training batches. We set the weight for each class by its frequency in the imbalanced dataset without applying any sampling (oversampling or undersampling). We set each class weights (w i ) inverse proportionally to the class frequency ( i ) where w i = ∑ R r i .

For each task, except eRisk self-harm, we only use the corresponding training dataset without external sources or any data related to the other tasks. Since there is no available training dataset for eRisk self-harm task, we combined the training set for eRisk depression and anorexia and used them as the training set for detecting Negatively Correlation Noisy Learners signs of self-harm. In each proposed model, we process user writings sequentially in chronological order and flag at-risk individuals by detecting one or two consecutive risky writings (according to detection tasks). For eRisk tasks, we set the classification threshold for positive users to 0.8. For UMSD tasks, we apply a weighted version of the proposed unity loss function with the same weights used in creating training batches.

In NCNL configuration, the parameter λ controls the correlation between base learners and hence the diversity of the overall ensemble. We found setting λ ∈ [1e-3, 1e-2] leads to good results for all models. We additionally found setting the number of base learners M ∈ {16, ..., 128} obtains satisfactory results. In all our experiments, we report the results of NCNL models by setting λ = 5e-3 and M = 64.

Results Discussions

In this section, we show the main results on the different datasets compared to existing state-of-the-art reported results according to the official evaluation metrics mentioned in section 6.3. Besides, we discuss in more detail the ablation analysis of the default model and its variants. First, we apply different model sizes in the backbone Transformer-based model. Then, we show the effect of the two NCNL main parameters -diversity strength (λ) and the number of base learners (M ). We conclude this section by measuring the dependency and diversity among the ensemble classifier members in different model configurations.

Results

Tables 6.3 and 6.4 show the results of the proposed models in both configurations of single classifier and NCNL ensemble. We report the average results for 3 different runs with random initialization seeds in downstream task training. We compare the obtained results with the existing state-of-the-art results for eRisk and UMSD_V.2 datasets and whole tasks.

For eRisk tasks, Table 6.3 shows the results of the F1 and F latency as the official metrics for models evaluation as discussed in section 6.3.1. The first three rows show the results of the best performing models for each task according to the result reported in [START_REF] Losada | Overview of eRisk -Early Risk Prediction on the Internet[END_REF] and [START_REF] Losada | Overview of eRisk 2019: Early Risk Prediction on the Internet[END_REF]. No further improvements on these results have been reported after publishing the ground truth labels. The proposed models with both configurations attain good competitive results. NCNL ensemble elevates significantly the results of all Transformer based models and achieves new state-of-the-art F1 and F latency scores for all tasks. More precisely, RoBERTa-based models, especially with NCNL ensemble, get the best results for both evaluation metrics in depression and anorexia tasks. Also, merging anorexia and depression training sets to detect early signs of self-harm is interesting and reveals the correlation of such mental disorders.

In UMSD_V.2 results, the first four rows in Table 6.4 correspond to the best models in all the three tasks officially reported by task organizers in [START_REF] Zirikly | CLPsych 2019 Shared Task: Predicting the Degree of Suicide Risk in Reddit Posts[END_REF]. The next two rows show some improvement after releasing the ground truth labels. We report the results according to the official metrics (macro-F1, flagged -F1 and urgent-F1) described in section 6.3. Results of Task-C prove the challenging nature of the problem for detecting suicidal ideation risk level using only user writings in non-mental healthrelated topics. macro-F1 measures the performance of the models in whole classes of risks while the flagged -F1 and urgent-F1 do it by merging the sub-classes into binary super-classes fashion. This dissolves the misclassification between the sub-classes within the same super-class. This way of class merging explains the results of some models with significant lower macro-F1 compared to flagged -F1 and urgent-F1. None of either the proposed or previous best performing models dominates and reports best results for all tasks. However, NCNL ensembles gain significant improvement over single classifier configuration and achieve new state-of-the-art results for Task-A and Task-C in all evaluation metrics.

However, the UMSD_V.2 datasets are timestamped, all evaluation metrics do not incorporate a penalty for late decisions. We propose macro-F1 Latency ( m-F latency ) an update of the F latency measure used for models evaluation in eRisk tasks. We apply the same penalty function in equation 6.8 and compute the speed of the model using the median penalty of all at-risk users (all risk level classes except "No Risk"). The final value is determined by weighting the macro-F1 value by speed such that: m-F latency =macro-F1.speed. Tabel 6.5 reports the m-F latency for all the proposed models in both configurations. NCNL models show improvements over the single classification configuration and RoBERT a LARGE gives the most accurate and fastest decisions in the three tasks.

Effect of Model Size

Each Transformer-based model comes in two main versions -LARGE and BASE. However, the best results come from the LARGE models, the BASE models are used for fair comparisons with similar model sizes. The NCNL model is backboneindependent and could be applied to different model types and sizes. As a case study, we try the BASE models of BERT, RoBERTa and XLNet with both configurations on the eRisk depression task. The results of F1 and F latency scores on the testing set are shown in Table 6.6.

Each of these models are initialized with the pre-trained model and fined-tuned with the corresponding language modeling tasks and hyperparameters for each model as discussed in Section 6.5.1. The BASE models are almost half the size of the LARGE ones, with number of Transformer blocks (B = 12), number of hidden sizes (H = 768) and the same sequence length (N = 512). Rather than using the last four blocks for 

Ensemble Diversity Measures

In this section, we present some empirical evidence in order to enhance the relationship between the ensemble diversity and its impact on performance. We show how NCNL models enhance diversity among individual base learners. We compare NCNL ensemble with the classical conventional ensemble and the two extreme NL ensemble setting λ ∈ {0, 1}. However, there is no generally accepted measure to assess ensemble diversity, a variety of measures exist in the literature [START_REF] Ludmila | Combining Pattern Classifiers: Methods and Algorithms[END_REF]. In our study, we examine five diversity measures:

1. The correlation coefficient (ρ) [START_REF] Sneath | Numerical Taxonomy. The Principles and Practice of Numerical Classification[END_REF] measures the correlation between two individual base learners and are averaged across the over-whole ensemble.

2. The Q-statistics (Q) [START_REF] Yule | On the Association of Attributes in Statistics: With Illustrations from the Material of the Childhood Society, c[END_REF] measures the association coefficient of two base learners outputs. The value of Q ∈ [-1, 1] determines if the base learners' outputs are statistically independent (Q = 0) or tend to be either positively or negatively associated.

3. The Fliss' kappa (κ p ) [START_REF] Fleiss | Statistical methods for rates and proportions Rates and proportions[END_REF] which determines the inter-rate reliability in ensemble classification members. This measure assesses the degree of classification correspondence unlike that which would be expected randomly.

4. The Kohavi-Wolpert variance (KW ) [START_REF] Kohavi | Bias plus Variance Decomposition for Zero-One Loss Functions[END_REF] gives an expression of the variability of different predicted class labels over different base learners. Rather than averaging across all base learners, KW is averaged across all testing set labels. The higher KW value the better ensemble diversity.

5. The measure of difficulty (⊖) [START_REF] Hansen | Neural Network Ensembles[END_REF] defines diverse ensemble to have testing data points that are difficult for some base learners and easy for others.

As a case study, we apply different ensemble models on the eRisk anorexia task using the RoBERT a LARGE backbone model. Table 6.8 reports the value of the five used measures for different ensembles and their performances. NL ensemble (λ = 0) improves the classical ensemble diversity by learning from different input while, NCNL boost ensemble diversity and the overall model performance.

In this regard, we verify these findings by computing the contingency probability matrix [START_REF] Ludmila | Combining Pattern Classifiers: Methods and Algorithms[END_REF] for each model. It is a diagonal square matrix which reports the pairwise probability that the row base learner (i) makes the correct prediction, given that the column base learner (j) also predicts correctly (p(G i = Y G j = Y )). Figure 6.4 shows a visualization of these matrices. We can easily recognize the diversity and variation of the different base learners in NCNL meanwhile, improving the performance reported in Table 6.8.

Conclusions

In this chapter, we studied the problems of detecting at-risk social media users. We focused on four sources of risks -depression, anorexia, self-harm and suicide. We considered the early detection of such mental disorders through the processing of user writings on social media. The proposed models introduce Negative Correlation Learning (NCL) in Natural Language Processing (NLP) with deep learning backbone models. The model improves the generalization capability by training a group of noisy base learners aimed at boosting ensemble diversity. However, the proposed Negative Chapter 6. Mood II: Negatively Correlation Noisy Learners Correlation Noisy Learners (NCNL) model is general and independent of the underlying systems, we used cutting-edge Transformer-based backbone models.

In comparison with the best performing reported models so far, the proposed models achieve new state-of-the-art results for five, out of six, different tasks for detecting depression, anorexia, self-harm, and suicide. Empirically, NCNL significantly outperforms the classical ensemble and single classifier models and shows to enhance model diversity.

All the datasets considered in this study are user writings to Reddit. However, we encourage testing the proposed architecture for shorter writings such as user tweets on Twitter. In addition, the model is tested for English datasets. However, NCNL could be applied to the multi-lingual pretrained Transformer-based models. Due to the lake of similar resources in other languages, incorporating data augmentation and neural translation models [START_REF] Xie | Unsupervised data augmentation for consistency training[END_REF] into the training process may result in a multilingual at-risk detection model. 

Summary and Conclusions

In this thesis, we consider modeling human effect in social media text. We address the problem of detection and classification of the affective states of three of the most common affect-related subjectivity terms -sentiment, emotion, and the mood. The thesis provides practical and applicable solutions to the research questions raised in Chapter 1. Affective Computing (AC) is a strongly interdisciplinary research area encompassing psychologists, psychiatrists, and computer scientists. Therefore, feature engineering processes in many NLP models for AC involve many types of hand-crafted and lexical features. As discussed in Chapter 2, this engineering process is tedious, expensive, and almost requires domain experts. The contributions presented in the thesis do not involve any specific feature engineering processes for representing input text. Instead, We utilized and compared the classical static text vectorization methods with the contextual-deep models for word embedding. Besides, We entrusted to the attention mechanism for the self-guidance to focus on important parts of the text that influence model decisions. The proposed models in the thesis incorporate attention layer(s) in different configurations. Experiments and ablation analysis show improvements in the transfer learning capabilities and robustness Of the attentive versions of the corresponding models. We introduced different configuration of using self-attention layers.

In Chapter 3, we introduced the multi-level self-attention layers to the ULMFiT architecture for sentiment classification of user reviews. The model is trained on large scale sentiment classification datasets. This helps the attention layers to emphasize the significant segments in input sequences. We used three levels of attention in a recurrent deep architecture to model different abstraction levels of the input text. Further to the model accuracy, we evaluated model's explainability and user perceptions of the resulting attention scores. The results confirmed the advantages of proposing self-attention to the model. In Chapter 4, we propose self-attention to specific turns in textual conversations for tracking emotional states. Furthermore, we assessed the relevant words that acquire the attention of the model with an emotional lexicon (EmoLex). The attention layers were able to focus on the words that correspond to the considered emotional states. Moreover, chapter 5 proposed the Deep Mood Evaluation Module (DMEM) that applies a self-attention layer on the user writings through the multi-stages learning framework of the Temporal Mood Variation (TMV) architecture. However, in the models proposed in Chapter 6, we did not employ any explicit attention mechanisms, the Transformer-based models internally stacked different layers of multi-head attention. These enable the model to capture the relation between words more deeply than just using single attention mechanism1 .

On the other hand, as discussed in Chapter 1, bearing in mind the characteristics differences of the affect-related subjectivity terms improves the efficiency of the detection models. The core term of affect refers to an abstract concept that is perceived as the umbrella that covers the basic sense of feelings. The affect has a non-conscious behavior, making it difficult to be realized and detected. In this thesis, we focus on the sentiment, emotion, and mood as conscious experience for expressing the affect. The three affective concepts have different affective characteristics that we tried to consider them.
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Regarding the sentiment, it is fairly enduring disposition as a response to affective states to a specified entity [START_REF] Munezero | Are They Different? Affect, Feeling, Emotion, Sentiment, and Opinion Detection in Text[END_REF]. It is one of the most stable affective concepts. In chapter 3, We addressed the problem of sentiment analysis and proposed a deep learning model that applies transfer learning and multi-levels of self-attention layers to focus on the most important parts of the text that have a high influence on sentiments. The model is evaluated on several datasets and shows very competitive results. Furthermore, we evaluate the impact of attention mechanisms on the model's interpretability and user perceptions.

Concerning the emotion, it is a direct expression of affect and/or feelings. The emotion is considered as a brief (short-duration) and strong feeling as a response to a significant and immediate event [START_REF] Ekkekakis | Affect, mood, and emotion[END_REF]. In chapter 4, we tackle the problem of detection and classification of basic emotions in textual dialogues. We extend the basic model used for sentiment classification to model textual conversations and track the emotion over multiple turns. The model pays close attention to the instantaneous deflection of the last turns in the conversations that have been written by the same individual. We participate in the SemEval-2019 shared task on contextual emotion detection in text. The model shows very competitive results and ranked 9 th out of more than 150 participants.

Likewise the emotion, the mood as well is an affect/feeling reflection. However, the mood is not as intense as emotions and can have a less specific, immediate, or obvious cause [START_REF] Joseph | Mood effects on person-perception judgments[END_REF]. It lasts significantly longer than emotion. However user mood can be classified into two main types -positive and negative mood, mood disturbances inflict various mental illnesses/disorders. In chapter 5, we consider the problem of early detection of depression, anorexia, and self-harm using users' writings on Reddit. Since the time factor plays a vital role in characterizing the mood, we proposed a new multi-stage architecture that models users' temporal mood variations (TMV). Two main learning phases were proposed. The first one builds a time series representing the mood swings and variation. The second learning phase is a classification model that learns patterns from the time series to detect early signs of such mental disorders. We participated in eRisk-2018 and eRisk-2019 tasks. The proposed models perform comparably to other contributions and ranked the 2 nd out of 13 teams in eRisk-2019.

In chapter 6, we reinforced the study of the mood consequences and include the problem of suicide thoughts detection. Therefore, we propose the Negative Correlation Noisy Learners (NCNL) as a novel backbone-independent model that uses stateof-the-art Transformer-based models through Negative Correlation Learning (NCL) configuration. The proposed model simulates the subjectivity in the detection problem and creates an ensemble of noisy weak learners that are boosted to be correct and different at the same time through training. We evaluate the model on different tasks for at-risk users detection. The models achieve significant improvements over the existing state-of-the-art results reported for five out of six tasks for the different risk sources.

In summary, considering language representation including the semantic and syntactic analysis is important for understanding and modeling human affect in NLP. However, the findings of this study point out that further consideration should be given to understanding the psychological differences and characteristics behind the expression of affect. The proposed models and presented results in this thesis highlighted two main concluding observations. The first one is regarding language representation. Our results provide confirmatory evidence that using modern contextualized word embedding outperforms the classical shallow models. Besides that, transfer learning is highly affected by the model size and the data sources used for pretraining. Furthermore, attention mechanisms can provide proper guidance to the model and interpretation of the results. The second main observation is that it is beneficial to involve the affective properties in designing the predictive model.

Of course, there are some possible limitations in this study and much work remains to be done:

• In Chapter 4, we tried our model only on the Emocontext dataset [START_REF] Chatterjee | SemEval-2019 Task 3: EmoContext: Contextual Emotion Detection in Text[END_REF] provided by the SemEval-2019 shared task on contextual emotion detection in text. The dataset is three turns conversation and the goal is to detect the emotion of the last turn. However, further experiments should investigate the performance of the model on other datasets that contains longer and multi-parties conversations -e.g. IEMOCAP [START_REF] Busso | IEMOCAP: Interactive emotional dyadic motion capture database[END_REF] and DailyDialog [START_REF] Li | Dailydialog: A manually labelled multi-turn dialogue dataset[END_REF]. Furthermore, we are interested to test and analyze the proposed instantaneous deflection modeling but in other modalities, for example, facial expression and voice tone changes.

• The TMV architecture presented in Chapter 5 transforms the detection of at-risk individuals to a time series classification problem. However, further time series analysis is recommended to validate the effect of mood instability on the mental health state of the individuals. Besides, incorporating a time-series forecasting model into the temporal modeling step in the TMV model could assist in earlier decisions for the predictive models.

• Concerning the DMEM that proposed to encapsulate the text vectorization and mood evaluation steps in the TMV architecture, it deserves further consideration to try the performance of the model with the Transformer-based models used in Chapter 6.

• It is difficult to have unified feature sets that can detect different sources of mental health risks on online forums [START_REF] Gkotsis | The language of mental health problems in social media[END_REF]. However, as discussed in Section 5.4, combing the depression and anorexia datasets gives promising results in the detection of self-harm. This might indicate the implication of the correlation of such mental disorders. In this context, research questions could be raised regarding the possibility to have a general mental health well-being score.

• However, we extended the study of at-risk user detection to include suicidal ideation and thoughts as a risk factor in Chapter 6, it will be important to examine the proposed models with other problems and sources of risks. These could be worth inspecting even if it is not directly related to the mood (e.g. hate speech, abusive language, and cyberbullying)

• The work done in the thesis could be extended to other affective concepts and subjectivity terms, for example, opinions, personality traits, and temperaments.

Future Directions

In this section, we will present possible extensions and provide an outlook into the future directions to build upon this work.

Cross-lingual Data Augmentation

In modern machine/deep learning, the amount of available training data is the key factor that impacts model performance. Due to the digital language divide2 exists on the internet, we want to ensure that non-English language speakers are not left behind. Cross-lingual text presentation can be considered as a transfer learning and domain adaptation tasks where different domains are corresponding to different languages.

With the recent advances in unsupervised machine translation models [START_REF] Lample | Phrase-Based & Neural Unsupervised Machine Translation[END_REF]7], there is a possibility to just translate the datasets from the source to the target languages.

However this technique provides a strong baseline especially for low-resource languages [START_REF] Lample | Phrase-Based & Neural Unsupervised Machine Translation[END_REF], translation models may not be easily available and can be expensive to train in many languages. Moreover, naive translation of training data over languages do not fit for all tasks [START_REF] Liu | XQA: A Cross-lingual Open-domain Question Answering Dataset[END_REF]3] and struggle with topologically different language pairs and domain mismatches [START_REF] Guzmán | The FLORES Evaluation Datasets for Low-Resource Machine Translation: Nepali-English and Sinhala-English[END_REF].

On the other hand, similarly to the success of moving from shallow word embedding to deep language models, deep cross-lingual embedding models are deemed to be a fruitful research direction. These models go beyond learning from sentence-level parallel data and incorporate non-parallel monolingual corpora. The most common example is the multilingual BERT (mBERT) [START_REF] Devlin | BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding[END_REF] that is jointly trained on corpora contains 104 languages with a shared vocabulary of 110k subword tokens. The model train in a fully unsupervised manner. Along similar lines, the multilingual model XLM-RoBERTa (XLM-R) [START_REF] Conneau | Unsupervised cross-lingual representation learning at scale[END_REF] jointly trained on 2.5 TB of data in 100 languages obtains state-of-the-art performance on cross-lingual classification, sequence labeling, and question answering.

The machine translation techniques and the cross-lingual embeddings are not odds and may be complementary to each other. With the lake of labeled data in many languages especially for affect-related tasks, data augmentation based on machinetranslation models could be used to train deep cross-lingual models for multiple downstream tasks. The idea is similar to the recent work of Unsupervised Data Augmentation (UDA) [START_REF] Xie | Unsupervised data augmentation for consistency training[END_REF] which utilizes back-translation methods for data augmentation. It refers to the procedure of translating existing examples in one language to another and then translating it back into the original one which obtains augmented diverse paraphrases of each example. UDA show to combine well with the English Transformer-based pretraining model and achieve competitive performances by training on a very small portion of the datasets (tens of examples). This work could be generalized for a multilingual setting through training unsupervised deep cross-lingual models weakly supervised by a machine translation model. Further research in this point could lead to cross-lingual models to detect affect states for different affective concepts.

Self-training and Continual Learning

Compared to the large amounts of textual data available, there is an obvious shortage of quality annotated data. The problem is very clear with affect-related tasks more specifically, the emotional and mental health (mood consequences) classification datasets. In machine learning, the lack of labeled data is well studied and one of the most promising solutions is to maximize the use of unlabeled data by using semisupervised learning approaches. Self-training [START_REF] Mcclosky | Effective self-training for parsing[END_REF] is one of the proposed techniques in which it leverages the model's own predictions (pseudo-labels) on unlabeled data to augment additional data points that can be used during training. Typically, the most confident predictions are taken and fed-back as additional training data for the model. The process is iterative and continues to maximize the model predictions on separate testing/validation sets. Selecting confident predictions in neural network models is not straightforward since it is known that output probabilities in neural networks are not calibrated [START_REF] Guo | On Calibration of Modern Neural Networks[END_REF]. consequently, modern self-training techniques rely on using model ensembles for more accurate selection and prediction. Some common examples are the co-training [START_REF] Blum | Combining labeled and unlabeled data with co-training[END_REF], tri-training [START_REF] Zhou | Tri-training: Exploiting unlabeled data using three classifiers[END_REF], tri-training with disagreement [START_REF] Søgaard | Simple semi-supervised training of part-of-speech taggers[END_REF], and multi-task tri-training [START_REF] Ruder | Strong baselines for neural semisupervised learning under domain shift[END_REF]. These models show great success in different NLP tasks including conversation summarization [START_REF] Sandu | Domain adaptation to summarize human conversations[END_REF], sentiment analysis [START_REF] He | Self-training from labeled features for sentiment analysis[END_REF], named entity recognition [START_REF] Ciaramita | Adaptive parameters for entity recognition with perceptron HMMs[END_REF], and many other tasks. The main downside in self-training is that the model loses the ability to take corrective actions if the error accumulatively amplified.

Self-training models could be benefited from the self-reported annotation (selfdiagnosis) [START_REF] Khodak | A large self-annotated corpus for sarcasm[END_REF]4] datasets. These datasets are not manually labeled by experts rather, it imposes the labels based on clear markers in the text like twitter hashtags, Emoji in messages, phrases like "I have been diagnosed with ... " or "I feel ...". Selfannotating datasets may provide the self-training with more accurate and confident labels that could be used through the semi-supervised processes. The use of this massive amount of unlabeled or quasi-labeled data could be incorporated in an everlasting learning process that accommodates new knowledge and preserves previously learned ones which is referred to as continual learning or lifelong training [START_REF] Parisi | Continual lifelong learning with neural networks: A review[END_REF]. This continual learning framework could be investigated by applying iterative and recursive use of unlabeled data to provide the model with the ability to learn online from a non-stationary and never-ending learning process from streams of data.

Integration with Active Learning Pipeline

As discussed, data labeling is considered to be the bottleneck in machine learning. Therefore, various learning approaches aim to maximize the use of unlabeled data that is freely available. Since training instances in a dataset do not contribute equally to the performance of the model, labeling subset of the available instance should be done carefully to reduce annotation effort and minimize the cost of manual labeling. In Active Learning [START_REF] Dasgupta | Analysis of perceptron-based active learning[END_REF], the learning algorithm is proactively select the subset of available instances that needed to be labeled from a pool of unlabeled examples. The basic idea behind the concept is that machine learning models could potentially obtain better accuracy using less labeled examples if the models were able to select the data used in training. Active learner models dynamically pose queries during the training process, usually in the form of unlabeled data instances to be labeled by an oracle, usually a human annotator. As such, active learning is one of the most powerful examples of the success of the Human-in-the-Loop paradigm.

Active learning is well studied with many classical machine learning models and proves to achieve interesting results in many NLP tasks including named entity recognition [START_REF] Shen | Multi-criteria-based active learning for named entity recognition[END_REF], sentiment analysis [START_REF] Kranjc | Active learning for sentiment analysis on data streams: Methodology and workflow implementation in the ClowdFlows platform[END_REF], emotions detection [8]. However, deep active learning [START_REF] Shen | Deep active learning for named entity recognition[END_REF][START_REF] Siddhant | Deep Bayesian Active Learning for Natural Language Processing: Results of a Large-Scale Empirical Study[END_REF][START_REF] Asghar | Deep active learning for dialogue generation[END_REF] is still a growing area of research fueled by the impressive empirical results of deep learning models and the availability of unlabeled data.
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1: Classification of social media networks based on selfpresentation and social presence. Adapted from:

[START_REF] Kaplan | Users of the World, Unite! The Challenges and Opportunities of Social Media[END_REF] 
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	Dataset Multimodal Training size SEMAINE [153] 63	32	-
	IEMOCAP [25]	120	31	6
	EmotionLines [37]	800	200	7
	MELD			

.2 briefly describe six datasets for emotion recognition in conversational dialogues. The datasets IEMOCAP, SEMAINE, and MELD are multimodal. In addition to the textual information, these datasets contain acoustic and visual information. Except for SEMAINE, all datasets are categorical. SEMAINE is annotated by four real-valued affective attributes (valence, arousal, expectancy, and power). * Testing size * No. of emotions

Table 2 . 2 :

 22 Conversational datasets for emotion detection and classification

  . All of these datasets are balanced in terms of the number of training and test examples for each class.

	Dataset	# Training Examples # Testing Examples #classes
	IMDB	25K	25K	2
	Yelp-bi	560K	38K	2
	Yelp-Full	650K	50K	5
	Amazon-bi	3.6M	400K	2
	Amazon-Full	3M	650K	5
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1: Used sentiment datasets and number of training and testing examples

Table 3 . 2 :

 32 Test error rates (%) of our proposed model and all the baselines to the default ULMFiT, the proposed model is competitive and has improved stateof-the-art results for the IMDB, full version of Yelp and amazon datasets.
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 33 Test error rates (%) of proposed variants of the model

	Chapter 3. Sentiment:
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 34 Sentiments and emotions in the top attention scored parts of the text in testsets

  .5 shows the word cloud survey results for the three question types.

	Question Types Facility Index Standard Deviation Discrimination Index
	Attention	72.12%	43.90%	7.70%
	Lexicon	58.90%	49.86%	-16.10%
	Mixed	68.27%	49.19%	6.70%

Table 3 . 5 :

 35 Word Cloud Survey Results

Table 4 .

 4 1 shows the number of conversations examples and emotions provided in the official released datasets.

	Dataset	Data size Happy Sad Angry
	Training	30160	5191 6357	6027
	Validation (Dev)	2755	180	151	182
	Testing	5509	369	308	324

Table 4 .
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1: Semeval-2019 Task-3 EmoContext datasets
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			Happy			Sad			Angry		Micro
		P	R	F1	P	R	F1	P	R	F1	F1
	Baseline	0.5123 0.5845 0.5461 0.5163 0.7600 0.6149 0.4777 0.7867 0.5945 0.5861
	NELEC [2]	0.7632 0.7148 0.7382 0.7938 0.816	0.8047	0.747 0.8322 0.7873 0.7765
	SymantoResearch [15] 0.7380 0.7042 0.7207 0.8193 0.816	0.8176 0.7807 0.7886 0.7846 0.7731
	ANA [103]	0.7698 0.6831 0.7239 0.8458 0.812 0.8286 0.7198 0.8188 0.7661 0.7709
	CAiRE-HKUST [254] 0.7301 0.743 0.7365 0.7774 0.852	0.813 0.6997 0.8289 0.7588 0.7677
	Figure Eight [257]	0.7055 0.7254 0.7153 0.7695 0.828	0.7977 0.6954 0.8658 0.7713 0.7608
	YUN-HPCC [132]	0.7169 0.6866 0.7014 0.8016 0.824	0.8126 0.7198 0.8188 0.7661 0.7588
	Model-A	0.7256 0.7077 0.7166 0.8291 0.776 0.8017 0.7229 0.8054 0.7619 0.7582
	Model-B	0.7341 0.6514 0.6903 0.7401 0.82	0.778 0.7049 0.8255 0.7604 0.7439
	Model-C	0.7279 0.6972 0.7122 0.7765 0.792	0.7842 0.6941 0.8221 0.7527 0.7488
	Model-D	0.7214 0.7113 0.7163 0.8128 0.764	0.7876 0.6965 0.8087 0.7484 0.749
	Model-E	0.7204 0.7077	0.714 0.8205 0.768	0.7934 0.7026 0.8087	0.752 0.7512
	Model-F	0.7336	0.669 0.6998 0.8377 0.764	0.7992 0.738 0.7752 0.7561 0.75

2: Test set results of the proposed model, its variants, best performing systems, and the baseline
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: Matching Percentages of emotion related words in the top 20% attention scored parts of the text in T 1 and T 2 in Validation (V)

and Testing (T) datasets

Table 5 . 1 :

 51 Summary on eRisk-2018 Task.1 -Depression Datasets

	Training Dataset Testing Dataset

Table 5 .
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2: Summary on eRisk-2018 Task.2 -Anorexia Datasets

Table 5 . 3 :

 53 Summary of the proposed architecture variants for eRisk-2018 tasks. Cells with (*) stand for different selection for Anorexia Task-2

Table 5 . 4 :

 54 Results of the proposed runs for eRisk-2018 Task.1 -DepressionDiscussionsFrom the first look of the results, It is clear that the DMEM models outperform all other variants of the temporal mood variation models. The use of deep AWD-LSTM language modeling rather than the shallow Word2vec and Doc2vec is very useful. The effect of transfer learning is obvious for DMEM A and DMEM

					Chapter 5. Mood I:
			Temporal Mood Variation Modeling
		ERDE 5 ERDE 50	F1	P	R
	FHDO-BCSG [243] 11.98%	6.61% 0.85 0.87 0.83
	UNSL [77]	12.93%	9.85%	0.79 0.91 0.71
	RKMVERI [183]	12.17%	8.63%	0.67 0.82 0.56
	LIRMMA	13.65% 13.04% 0.54 0.52 0.56
	LIRMMB	14.45%	12.62%	0.52 0.41 0.71
	LIRMMC	16.06%	15.02%	0.42 0.28 0.78
	LIRMMD	17.14%	14.31%	0.34 0.22 0.76
	LIRMME	14.89% 12.69% 0.41 0.32 0.59
	DMEM A	12.90% 8.16%	0.8 0.73 0.88
	DMEM B	14.66%	10.33%	0.75 0.79 0.73
	DMEM C	13.46%	9.02%	0.78 0.72 0.84

C . The main reason is that the language model encoder is pre-trained by general-purpose text data before being used in the model. This improvement is more remarkable for the anorexia task with much less training data. The attention layer in the classification stage (DMEM A ) of the model helps to focus on the most important parts in long text chunk for active users. The use of MLP in the temporal modeling -second learning phase of the modelfrom the third chunk helps in the early detection of risky users. In contrast with all

Table 5 . 5 :

 55 Results of the proposed runs for eRisk-2018 Task.2 -Anorexia

runs using Doc2vec (LIRMMA for task-1 and LIRMMA & LIRMMB for task-2) that started giving decisions later (eighth chunk).

Table 5 .

 5 

		ERDE 5 ERDE 50 F1	P	R
	Average	10.33%	8.23%	0.42 0.37 0.55
	Standard Deviation 1.13%	1.09%	0.12 0.15 0.16
	Max	15.79% 11.95% 0.64 0.67 0.95
	Min	8.78%	6.44%	0.18 0.1 0.15
	Official Runs Rank	31	22	13	15	3
	DMEM Runs Rank	8	3	2	10	4
	6: Statistics on 45 participating runs results and our ranks
	for eRisk-2018 Task.1 -Depression		
		ERDE 5 ERDE 50 F1	P	R
	Average	13.31% 10.89% 0.56 0.63 0.58
	Standard Deviation 1.62%	2.69%	0.19 0.22 0.2
	Max	19.90% 19.27% 0.85 0.91 0.88
	Min	11.40%	5.96%	0.17 0.15 0.1
	Official Runs RanK	28	27	20	24	4
	DMEM Runs Rank	15	8	4	19	1

Table 5 . 7 :

 57 Statistics on 34 participating runs results and our ranks for eRisk-2018 Task.2 -Anorexia

Table 5 . 8 :

 58 Summary of eRisk-2019 datasets for the two tasks (T1 -Anorexia and T2 -Self-harm)

Table 5 . 9 :

 59 Summary of the proposed model variants for eRisk-2019 tasks

Table 5 .
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			R	F1	latency-weighted F1
	CLaC [164]	0.64 0.79 0.71	0.69
	INAOE-CIMAT [6] 0.67 0.68 0.68	0.63
	UNSL [24]	0.42 0.78 0.55	0.55
	LIRMM0	0.74 0.63 0.68	0.63
	LIRMM1	0.77 0.60 0.68	0.62
	LIRMM2	0.66 0.70 0.68	0.60
	LIRMM3	0.74 0.42 0.54	0.48
	LIRMM4	0.57 0.75 0.65	-
	10: Results of the proposed runs for eRisk-2019 anorexia
			task (T1)
		P	R	F1	latency-weighted F1
	UNSL [24]	0.71 0.41 0.52	0.52
	CAMH [143] 0.12	1.0	0.22	0.22
	LIRMM0	0.57 0.29 0.39	0.35
	LIRMM1	0.53 0.22 0.31	0.29
	LIRMM2	0.48 0.49 0.48	-
	LIRMM3	0.47 0.44 0.46	-
	LIRMM4	0.52 0.41 0.46	-

Table 5 .
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11: Results of the proposed runs for eRisk-2019 self-harm task (T2)
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					Chapter 5. Mood I:
				Temporal Mood Variation Modeling
		P	R	F1 latency-weighted F1
	Max	0.77 0.99 0.71	0.69
	Min	0.11 0.15 0.20	0.19
	Average	0.45 0.63 0.48	0.46
	Standard Deviation 0.17 0.24 0.17	0.15
	Rank	1	14	5	5
		12: Statistics on 54 participating runs results and our
		ranks for eRisk-2019 anorexia task (T1)	
		P	R	F1 latency-weighted F1
	Max	0.71 1.00 0.52	0.52
	Min	0.12 0.22 0.22	0.17
	Average	0.29 0.73 0.32	0.29
	Standard Deviation 0.18 0.29 0.11	0.10
	Rank	3	17	3	4

Table 5 .
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[START_REF] Bahdanau | Neural Machine Translation by Jointly Learning to Align and Translate[END_REF]

: Statistics on 33 participating runs results and our ranks for eRisk-2019 self-harm task (T2)

Table 6 .
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	1: Statistics of eRisk-2018 (Depression) and eRisk-2019
	(Anorexia and Self-harm) Datasets

Table 6

 6 

	.2: Statistics of University of Maryland Suicidality Dataset
	(UMSD_V.2)

  1 i , ..., x M i } where x m i = η m (s i ) and η m generate a noisy sequence representation by applying different dropout values and different Transformer block depths. Creating noisy inputs influences the development of noisy learners that leads to a more diversified ensemble. The output of each base learner G m = {G 1 m , ..., G R m } is computed by softmax which calculates the probabilities of each target class over all possible target classes.i.e.

  Negatively Correlation Noisy Learners with a number of Transformer blocks (B = 24), hidden size (H = 1024) and maximum sequence length (N = 512). In single classifier configuration, BERT uses the first token representation of the last block and passes it to a fully connected linear (dense) layer with Hyperbolic Tangent (Tanh) activation function to get a sequence representation of the input writing. The classification is completed by another dense layer after applying dropout on the previous layer. In NCNL configuration, the sequence representation of each base learner is done by using the first token representation of either one of the last four blocks or a weighted sum of them at random. The output is passed to different dense layers for each base learner with Tanh activation to get the sequence level representation. The model uses different a dropout for each base learner (dense layer) before applying softmax and averaging to get the final ensemble output.

			Cross-Entropy	
			Loss	
			Classification Layer	
			Sequence Representation	
			Transformer-based Encoders	
			(BERT, XLNet or RoBERTa)	
			Input Sequence	Y
			(a) Single Classifier Configuration	
			Unity Loss	
		_		...	
	NCL Ensemble	(G	)		
			...		
						(b)
						G
				...	
	Base-Learner (G 1 )		Base-Learner (G	2 )	Base-Learner (G	M )
				...	
			Noise Generator	
			Transformer-based Encoders	
			(BERT, XLNet or RoBERTa)	
			Input Sequence	Y
			NCNL Configuration	
	Figure 6.2: Proposed Model Architecture; Two configurations are
	used in the experiments. Single classifier configuration (a) where
	one classification layer group is used and Negatively Correlated Noisy
	Learners (NCNL) configuration (b) where a group of noisy base learn-
			ers are used in NCL ensemble model	

Table 6 . 3 :

 63 F1 and F latency Scores on the Testing Datasets of eRisk-2018 (Depression) and eRisk-2019 (Anorexia and Self-harm) Tasks

Table 6 . 7 :

 67 Results of UMSDV.2 Task-C Testing Set Using NCNL XLNet-Large Models with Different M is an essential decision. Through our experiments, we observe performance improvements by increasing M . This improvement saturates with large values of M . The main reason is that enlarging the ensemble size will lead to increasing the probability of getting very similar or even identical base learners. This is clear by inspecting the effect of the weighting value of λ M in Equation6.12. Experimental results on UMSD_V.2 Task-C applying NCNL XLNet-Large model demonstrate this effect with different ensemble sizes presented in Table6.7.

	Diversity Measures ↑ ↓ * Classical Ens. NL Ens. (λ = 0) NCNL NL Ens. (λ = 1)
	ρ	↓	0.947	0.885	0.117	0.025
	Q	↓	0.998	0.988	0.123	-0.468
	κ p	↓	0.011	0.006	-0.391	-0.554
	⊖	↓	0.237	0.221	0.049	0.108
	KW	↑	0.013	0.029	0.201	0.192
	F1	-	0.72	0.73	0.75	0.32
	F latency	-	0.71	0.71	0.73	0.30

* Higher diversity if the measure is lower (↓)/ higher (↑)

Table 6 .
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8: Summary of Diversity Measures Applying Different RoBERT a LARGE Ensemble Models on eRisk Anorexia Task

The ancient Egyptian Weighing of the heart (the seat of emotion) ceremony by Maat. https: //en.wikipedia.org/wiki/Ancient_Egyptian_conception_of_the_soul

The original study does not consider the mood and go further to include the personal interpretations of information for opinions

Source: https://www.statista.com/statistics/278414/number-of-worldwide-socialnetwork-users/

 4 Source: https://www.statista.com/statistics/1015131/impact-of-social-media-ondaily-life-worldwide/

https://www.affectiva.com

https://www.kairos.com

https://www.nemesysco.com/

https://neurodatalab.com

https://sensum.co

https://www.receptiviti.com

https://www.cognitum.eu

https://davi.ai/en/home

1.5 Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Frequently updated list of social networking sites and application in: https://en.wikipedia. org/wiki/List_of_social_networking_websites: last access on February 5,

https://www.twitter.com

https://www.facebook.com

https://www.reddit.com

The work reported in this chapter was carried out at the beginning of the thesis and at that time ULMFiT was very competitive and the state-of-the-art for many sentiment classification datasets. Later, the Transformer-based models -used in chapter 6-outperformed ULMFiT.

https://pytorch.org/

http://www.fast.ai/

https://spacy.io/

https://fasttext.cc/

https://github.com/WaleedRagheb/MLSA

https://github.com/WaleedRagheb/AttentiveEmocontext

https://pytorch.org/

http://www.fast.ai/

https://spacy.io/

https://fasttext.cc/

Reddit is an open-source platform where community members (red-ditors) can submit content (posts, comments, or direct links), vote submissions, and the content entries are organized by areas of interests (subreddits).

https://www.tumblr.com/

https://www.reddit.com/r/datasets/comments/3mg812/full_reddit_submission_corpus_ now_available_2006/, last access on Mar.15, 2020. 

https://github.com/huggingface/transformers, last access on Mar.15, 2020. 

We refer to[START_REF] Clark | What does bert look at? an analysis of bert's attention[END_REF] for further demonstration and analysis on the attention mechanisms applied in BERT as an example.

Top ten languages of the internet world users, https://www.internetworldstats.com/stats7. htm
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Chapter 3

Sentiment: Self-Attentive Sentiment Classification Modeling "It's a most distressing affliction to have a sentimental heart and a skeptical mind. "

Naguib Mahfouz

Contents

Chapter 5

Mood I: Temporal Mood Variation Modeling

We talk when we cease to be at peace with our thoughts. creating the noise base learners in LARGE models, we use the last two blocks in the BASE ones. Additionally, we fix the number of base learners (M = 32). However, the LARGE -based models show better performance, NCNL configuration confirms the significant improvements over single classifier models for user-level results.

Effect of λ and M

The diversity strength parameter λ controls the relationship between each base learners' performance and the overall ensemble. The objective unity loss function -Equation 6.12 -considers the loss of the overall ensemble, while simultaneously maximizing the diversity of each base learner. Traditionally, ensemble size has a great impact on the accuracy of prediction [21] [22]. In the same vein, determining the number of base learners (M ) in NCNL models