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[bookmark: _GoBack]Abstract
Nowadays, a mental disorder is becoming a major challenge to global development. The number of people around the globe who are suffering from one or more mental disorders are growing rapidly. Most of these mental disorders can be successfully treated if they receive the necessary diagnosis and therapy on time. 
Psychiatrists use a different mechanism to identify mental illness of their patients such as through providing questionnaire, clinical interview, allowing the patients to write their feeling in the form of narrative and observation. However, providing the proper diagnosis to the patient’s needs sufficient experts. Consequently, developing the system that automatically identifies the disorder from patient narrative text is very crucial to the patients and experts. 
Natural language processing incorporation with a machine learning approach is proposed in order to recognize three behavioral disorders from the text: alcohol use disorder, depression, and suicidal thought. The proposed system consists of two phases: training and recognition phase.  In the training phase, texts that contain patient text patterns of behavioral disorders are used to create the learned model. These patient texts passed through different operations such as pre-processing, POS tagging and word embedding before fed into a machine learning algorithm. Finally, the multi-channel Convolutional Neural Network (CNN) is used to perform the task of training samples based on identified features of each behavioral disorder with the ultimate goal of creating a learned model. In the recognition phase, the learned model is used to identify the behavioral disorder from the text that is different from the training data.
We have used sentences that indicate each behavioral disorder to create a learned model and test the correctness of the developed system. Each class of behavioral disorder is trained on 85% of the total dataset and tested with 15% of the total dataset assigned for each class. According to the experiment result obtained, implementing the system that considers syntactic and semantic relationship occurred in the patient narrative is an effective method in order to identify behavioral disorder from the patient narrative. 
Keywords – Behavioral disorders, Natural language processing, Machine learning, Convolutional neural network, Patient narrative   
Acknowledgments
First of all, I would like to thank the almighty God for His support, and for making all things possible. Next, I would like to express my greatest gratitude to my advisor Dr. Yaregal Assabie for his support, constructive comments, and encouragement starting from problem formulation up to the end of this research work.
I would like to thank also Amanuel specialized hospital workers: Dr. Kibroam Haile, Tolesa Fanta, Addis Birhanu, Habtamu Demisse, and Gebremedin Desta. Their contribution included allowing to get the necessary support by reviewing the overall content of the proposal, recommending the necessary manual of mental disorders to understand the detail of the behavioral disorders and validating the corpus collected. 
Finally, many thanks go to Sr. Hawine Tesfaye for being supportive throughout the preparation of corpus of texts that contains text patterns of each behavioral disorder used in this research.












	





Table of Contents
List of Tables	iii
List of figures	iii
Acronym	iv
Chapter One: Introduction	1
1.1 Background	1
1.2 Motivation	2
1.3 Statement of the problem	3
1.4 Objectives	4
1.5 Scope and Limitation	4
1.6 Methodology	5
1.7 Application of Results	6
1.8 Organization of the Thesis	6
Chapter Two: Literature Review	7
2.1 Introduction	7
2.2 Mental Disorders	7
2.3 Types of Mental Disorders	8
2.3.1 Behavioral Disorders	8
2.3.2 Neurodevelopmental Disorders	10
2.3.3 Personality Disorders	11
2.4 Natural language processing	13
2.5 Text Classification	15
2.5.1 Text classification levels	15
2.5.2 Text classification phases	16
Chapter Three: Related work	36
3.1 Introduction	36
3.2 Mental disorder recognition	36
3.3 Short Text Classification based on Deep Learning	39
3.4 Summary	40
Chapter Four: Recognition of behavioral disorder	41
4.1 Introduction	41
4.2 System Architecture	41
4.3 Training Phase	43
4.3.1 Text preprocessing	43
4.3.2 POS Tagging	45
4.3.3 Word embedding	45
4.3.4 Convolutional neural network Model	49
4.4 Recognition phase	60
Chapter Five: Experimentation and Results	61
5.1 Introduction	61
5.2 Dataset	61
5.3 Implementation	62
5.4 Experimental result	63
5.4.1 Training result	63
5.4.2 Testing result	65
5.5 Discussion	67
Chapter Six: Conclusion and Recommendation	68
6.1 Conclusion	68
6.2 Contribution	69
6.3 Future works	69
 References	71







[bookmark: _Toc22592919]List of Tables
Table 2.1 Document-term matrix 	..26
Table 5.1 Sample datasets	..63
Table 5.2 Confusion matrix of test data	..66
Table 5.2 Summary of identification results	..66
[bookmark: _Toc22592920]List of figures
Figure 2.1 Phases of text classification	..16
Figure 2.2 Architecture of CBOW	22
Figure 2.3 Architecture of skip-gram	23
Figure 2.4 Architecture of ANN	30
Figure 4.1 Proposed system architecture	41
Figure 4.2 Screenshot of tokenized words	43
Figure 4.3 Screenshot of POS tagged words 	44
Figure 4.4 Architecture of Skip-gram with negative sampling	47
Figure 4.5 Architecture of multi-channel CNN	51
Figure 4.6 Convolution operation	54
Figure 5.1 Screenshot of CNN model summary	63
Figure 5.2 Screenshot of training accuracy	64
Figure 5.3 Screenshot of testing accuracy	65







[bookmark: _Toc22592921]Acronym

ANN                                Artificial Neural Network 
BOW                                Bag of Words
CBOW                             Continuous Bag of Words 
CNN                                Convolutional Neural Network
DSM-V                            Diagnostic and Statistical Manual of Mental Disorder.
ICD                                  International Classification of Disease.
POS                                 Parts of Speech
RELU                              Rectified Linear Unit
TF-IDF                            Term Frequency Inverse Document Frequency
WHO                               World Health Organization.
Word2vec                        Word to Vector












13

[bookmark: _Toc22592922]Chapter One: Introduction
[bookmark: _Toc22592923]1.1 Background 
Mental disorder refers to health conditions encompassing changes in emotion, thinking or behavior (or a combination of these) [1]. These mental disorders have been making social and economic impacts on individuals and the country. According to the recent study of WHO, around one billion people in the world have one or more mental disorder. Mental disorder has many forms such as neuro-developmental disorder, personality disorder, behavioral disorder and etc. [2]. 
Behavioral disorder is one of the major types of mental disorder characterized by a collection of distressing behaviors, thoughts, and emotions that differ from normality [3]. There are various types of behavioral disorder are there, such as depression, alcoholism, anorexia nervosa, post-traumatic stress disorder, panic disorder, bipolar disorder, suicidal thoughts, conduct disorder and etc. Symptoms of behavioral disorder vary depending on the type of the disorder, which the patient is suffering from. Depression is one of the major behavioral disorders and it is characterized by persistent sadness and loss of interest in activities that you normally enjoy, accompanied by an inability to carry out daily activities, feelings of worthlessness, helplessness, inappropriate guilt and irritability [2]. Alcoholism or substance abuse to alcohol is the physical and mental addiction to alcohol. The major symptoms of alcoholism include drunkenness, craving alcohol, inability to stop drinking, need for morning alcoholic drink, drinking too much alcohol frequently, drinking whenever you feel stress, neglecting social and occupational activities due to alcohol use, becoming distressed at the prospect of not having access to alcohol, hiding your drinking from others and loss of appetite [2].  Suicidal thought is the thoughts one has about taking his or her own life [1]. The symptoms of suicidal thought include threatening to hurt or kill oneself, looking for ways to kill oneself, talking or writing about death or suicide, feeling of hopelessness, and expression of having no reason for living [5].
Most of the people come across different social problems and challenges in their life. Sometimes those challenges may affect their personal behavior and later it may lead them to different mental disorder. Those problems may easily be treated if they get the right diagnosis and psychiatric expert’s therapy on time. In order to provide therapy for the patients, identifying what type of the disorder a patient is suffering from is a major concern. However, only a few of the patients contact the experts because of various reasons such as unavailability of sufficient experts in their areas, economical limitation, taking the disorder as normal personal behavior and fear of discussing their problems to individuals [2]. For these reasons, most of the people suffering from different mental disorder experiences writing their feelings in web forums and social media to get advice to their problems. 
Consequently, identification of the specific type of the disorder from text has great significance to the patients to know their mental status and help experts to easily identify to which type of disorder the patient is suffering from. Natural language processing applications have recently become solutions for various problems that require automatic analysis of texts. For example, sentiment analysis, syntactic analysis, semantic analysis, feature extraction, and etc. Semantic analysis has the capability to capture the meaning and context of the patient narrative. In addition, syntactic analysis allows to capture how a specific disorder could appear in terms of grammar.   
 Automatic analysis of texts has also been used to recognize personality disorder from the text, which is fear, procrastination, and intolerance of uncertainty [4]. Accordingly, we will develop a system that performs automatic recognition of the behavioral disorder from the text by using natural language processing techniques: semantic and syntactic analysis.  
[bookmark: _Toc22592924]  1.2 Motivation
The proper diagnosis of mental disorder that is made on time is very crucial in order to provide the required therapy for the patients. The person who has a conscious mind about his/her mental status is ready to get the necessary therapy and take care of him/her self than others who don’t have. The diagnosis of mental disorder can be made by different ways such as clinical interview, text description (the patient feeling written in the form of narrative) and through providing questionnaires [2]. However, most of the people do not get the necessary diagnosis due to different reasons: economical limitation, fear of social stigma to contact the experts and lack of sufficient experts. Due to this most of the people experiences writing their feelings in forum websites to get help to their problems. 
Therefore, automatic identification of behavioral disorder from patient narrative will help the patient by detecting to which type of the disorder it is suffering from.
[bookmark: _Toc22592925]  1.3 Statement of the problem
Nowadays, patient’s experiences writing their feelings in web forums and social media to obtain help to their problems, rather than reaching psychiatric experts.  Psychiatrists couldn’t follow the patient on forums and social media to deliver appropriate advice to the patients. The need for automatic diagnosis of the behavioral disorders on the patient text using natural language processing technique is in order to alert the patient to which type of the behavioral disorder he is suffering from.   
Web applications have been developed in order to identify the mental disorder of the patients by asking some questions to answer about the symptoms of the disorder. However, this application is incapable of analyzing the patient narrative, rather it depends on checking the presence of limited symptoms of the disorder [6].
Identification of personality disorder from text has been used, but it is limited to fear, procrastination, and intolerance of uncertainty disorders [4]. The patients write their feeling in different ways, even the way they express their feelings to the specific symptom of the disorder vary from person to person. As a result of this, automatic identification of behavioral disorder needs analysis of semantic and syntactic relationship occurred in the patient narrative. In the previous work, the context meaning of the patient narrative was not considered rather it depends on word count [41]. Therefore, the aim of this research is to develop a system that performs the task of automatic identification of behavioral disorders from text using natural language processing techniques through capturing semantic and syntactic relationship occurred in the patient narrative.   




[bookmark: _Toc22592926]1.4 Objectives
General Objective
The general objective of this research is to develop a system that performs behavioral disorder recognition from text using natural language processing techniques.  
Specific Objective
To achieve the general objective, the following specific objectives are identified.
· Reviewing literature related to behavioral disorder and detection methods.
· Collecting texts indicating a behavioral disorder.
· Proposing techniques used to identify behavioral disorder from the text.
· Selecting the appropriate machine learning algorithm
· Designing the architecture of the proposed system.
· Implementing the recognition of disorder from the text.
· Testing and evaluating the proposed system.
[bookmark: _Toc22592927]     1.5 Scope and Limitation
Among the behavioral disorders, our research work will focus on identification of specific types of disorders which are alcoholism (alcohol use disorder), depression and suicidal thought from a text. However, analyzing the severity of the identified disorders and providing the necessary therapy for the identified disorder is out of our scope. 







[bookmark: _Toc22592928]1.6 Methodology
Methods that will be used in order to achieve the objective of this research are the following.
Literature review
Different literature will be reviewed to have a deep understanding of behavioral disorders, symptoms of the disorders, diagnosis techniques and text patterns of the patients. These may include reviewing the research papers, books, journals and etc. Likewise, the literature on natural language processing techniques and machine learning classifier algorithms will be reviewed.
Data collection
The texts that indicate three behavioral disorders (alcohol use disorder, depression, and suicidal thought) will be collected from mental disorder forums based on diagnostic criteria in line with Diagnostic and Statistical Manual of Mental Disorders [2]. These collected data will be validated by expert’s who have the domain knowledge.  
Prototype development
The prototype of the proposed system will be developed and tested using Python programming language. All natural language processing tasks that will be used in order to identify the disorder from text will be implemented by using Python. In addition to this, Keras and Tensorflow Python modules will be used to create the convolutional neural network model. 
Evaluation metrics 
In order to measure the performance of the system, we will use accuracy evaluation metrics. The evaluation will be done through computing the error and the general correctness of the model during the training and testing processes. 



[bookmark: _Toc22592929]  1.7 Application of Results
The output of this research can be applied to an Expert System, and the major beneficiaries of this research work are patients and psychiatric experts.
Patients: Patients who are unable to get experts diagnosis will use the system to know their mental status through writing their cases in the form of narrative.
Psychiatric experts: The proposed system enables the experts to easily identify to which type of behavioral disorder the patient is affected by providing the patient narrative.
Expert system: This research work will have significance in the application of an expert system to the domain of psychology in order to provide therapy or advice to the patients based on the identified disorder type.   
[bookmark: _Toc22592930]  1.8 Organization of the Thesis
This study consists of six chapters. Chapter Two discusses the literature that is reviewed on different concepts. Chapter Three discusses some of the research works done so far which are related to our topic and the fourth chapter discusses the architecture of the proposed system and gives the detail description of each component of the architecture. Chapter Five discusses the implementation of the proposed system and experimental results. Chapter Six concludes the thesis by discussing notions that could make improvement in this research work. 



	



[bookmark: _Toc22592931]Chapter Two: Literature Review
[bookmark: _Toc22592932]  2.1 Introduction
In this chapter, concept in mental disorder, classification of mental disorder and theories related to natural language processing and text classification will be briefly discussed. Different natural language processing techniques used in text analysis and deep learning approaches applied to texts will also be discussed.  
[bookmark: _Toc22592933]  2.2 Mental Disorders
A mental disorder is a syndrome characterized by clinically significant disturbance in an individual’s cognition, emotion regulation, or behavior that reflects a dysfunction in the psychological, biological, or developmental processes underlying mental functioning [7]. Mental disorders are usually associated with significant distress or disability in social, occupational, or other important activities. According to WHO, mental disorders are characterized by different symptoms such as abnormal thoughts and emotions, abnormal behavior and difficulty in creating relationships with others are the majors. Currently, mental disorders are the major challenge to the global development by reducing the ability and productivity of individuals in the workplace, which restricts the individuals and the society to make a contribution to the national economy. Consequently, mental disorders cost national economies several billion dollars, both in terms of expenditures incurred and loss of productivity [8]. 
According to DSM-V, diagnosis of mental disorder can be made on the basis of a clinical interview, text descriptions, criteria of specific mental disorder and clinician judgment. A clinical interview is a conversation between psychiatrists and the patient that helps the psychiatrists to make a psychological assessment. The text description is another form of diagnosis that allows the patients to write their feeling or case in the form of narrative. After the patient information is collected, the diagnostic criteria of specific mental disorder will be evaluated with patient symptoms, and finally, clinician judgment will be made.    

There are different categories of mental disorder most of which can successfully treated if they got timely experts help. The following section discusses the types of mental disorders.
[bookmark: _Toc22592934]  2.3 Types of Mental Disorders
[bookmark: _Toc22592935]   2.3.1 Behavioral Disorders
Behavioral disorders are disorders affecting behavior and emotional wellbeing, and it is a collection of distressing behaviors, thoughts, and emotions that differ from normality [9]. The behavioral disorder is a disorder wherein conscious choice is necessary. A mental disorder that is not behavioral in nature is something with symptoms that are considered to be involuntarily [3]. For example, Alzheimer’s disease. The behavioral disorder has many forms such as depression, eating disorders, suicidal thought, substance abuse-related disorders that include alcohol and drug, and etc. 
Depression also called major depressive disorder is a common and serious medical illness that negatively affects how an individual’s feels, the way he thinks and how he acts [1]. It is characterized by the presence of the following symptoms: feelings of hopelessness and inadequacy, persistent sadness, disturbed sleep, feeling of emptiness, feelings of worthlessness, poor or increased appetite, depressed mood nearly every day, reduction of energy and decrease in activity, low self-confidence, loss of interest in life, and inappropriate guilt [2].
According to the recent study of WHO, more than 300 million people in the world are affected by depression. Among the total number of people living with depression, 9% of them are found in Africa. The rapid prevalence of depression in Ethiopia also has impact on the economy of the country by affecting several individuals. The Global Health Estimates of 2015 shows that Ethiopia has 4,480,113(4.7%) people who live with depression. Depression is more common among females (5.1%) than males (3.6%) and also it occurs in children and adolescents below the age of 15 years, but at a lower level than older age groups. Depression is the leading cause of suicide and a major contributor to the global burden of disease [8]. However, there are known diagnostic features which effectively treat depression, in which fewer than 10% in many countries get such diagnosis. Some of the major barriers to effective diagnosis include lack of trained professionals, social stigma and inaccurate assessment.
Substance use disorders: the essential feature of substance use disorder is a maladaptive pattern of substance use manifested by recurrent and significant adverse consequences related to the repeated use of substances [2]. The substance-related disorders include disorders related to the taking of drug abuse and alcohol, to the side effects of a medication, and to toxin exposure.
Alcohol use disorder is one type of substance use disorders, and it is defined as the physical and mental addiction to alcohol [1]. Alcohol use disorders are associated with a significant increase in the risk of accidents, violence, and suicide. It contributes to absenteeism from work, job-related accidents, and low employee productivity. In addition, antisocial behavior and antisocial personality disorder are associated with alcohol-related disorders, they are even more common with disorders related to illegal substances (e.g. cocaine, heroin) whose cost commonly leads to criminal activity. According to WHO [48], harmful use of alcohol is the cause for 3 million deaths every year, which is 5.3% of all deaths.
Some of the major symptoms of alcohol-related disorder are alcohol is often taken in larger amounts or over a longer period than was intended, recurrent drunkenness, craving alcohol, inability to stop drinking, need for morning alcoholic drink, drinking whenever you feel stress, neglecting social and occupational activities due to alcohol use, becoming distressed at the prospect of not having access to alcohol, hiding drinking from others, loss of appetite, recurrent alcohol use in situations in which it is physically hazardous,  and continued alcohol use despite having persistent or recurrent social or interpersonal problems caused or exacerbated by the effects of alcohol [2].
Suicidal thought also known as suicidal ideation is referred to the thoughts one has about taking his or her own life, with some degree of intent [1]. According to the recent study of WHO [48], people near to 800,000 commit suicide every year, which is one person every 40 seconds. Among this, 79% of suicides occurred in low and middle-income countries. The major symptoms of suicidal thought include threatening to hurt or kill oneself, looking for ways to kill oneself: this includes seeking access to pills, weapons, or other means, talking or writing about death or suicide, feeling of hopelessness, persistent feeling of loneliness, feelings of helplessness and expression of having no reason for living [5]. Moreover, some of the major risk factors that lead individuals to try suicide: previous suicide attempt, history of suicide in the family, depression, chronic physical illness and events like a breakup of a relationship or death [1].  However, a person suffered by suicidal thought or attempts suicide could be successfully diagnosed if they got appropriate and timely professional help. For this reason encouraging the individuals who practice the above symptoms and risk factors to contact the professionals is crucial.    
Anxiety: Anxiety disorders include disorders that share features of excessive fear and anxiety and related behavioral disturbances [2]. Anxiety is characterized by a persistent feeling of tension, uncontrollable feelings of worry, increased irritability, sleep difficulties and persistent and excessive fear. According to WHO Global Health Estimates of 2015 [48], the total estimated number of people living with anxiety disorders in the world is 264 million. And Ethiopia has 3,139,003 (3.3%) people who suffer from anxiety.
 Schizophrenia is characterized by abnormalities in the perception or expression of reality. It is manifested by auditory hallucinations, paranoid or bizarre delusions, or disorganized speech in the context of significant social or organizations dysfunction [2]. 
[bookmark: _Toc22592936]  2.3.2 Neurodevelopmental Disorders
Neurodevelopmental disorders are a group of conditions which starts in the developmental period. The disorders are typically manifested early in development, often before the child enters grade school, and are characterized by developmental deficits that produce impairments of personal, social, academic, or occupational functioning [2]. There are many forms of neurodevelopmental disorders such as attention-deficit/hyperactivity disorder (ADHD), autism, intellectual disability, communication disorder, and specific learning disorder.
Attention-deficit/hyperactivity disorder (ADHD) is a neurodevelopmental disorder defined by impairing levels of inattention, disorganization, and hyperactivity-impulsivity. Some of the symptoms of ADHD include impulsiveness, disorganization and problems of prioritizing, poor time management skills, problems focusing on a task, trouble multitasking, excessive activity or restlessness, poor planning, low frustration tolerance, frequent mood swings, problems following through and completing tasks, hot temper, and trouble coping with stress [2].
Autism: Autism is a complex neurobehavioral condition that includes impairments in social interaction and developmental language and communication skills [1]. Symptoms of autism include abnormal body posturing or facial expressions, abnormal tone of voice, avoidance of eye contact or poor eye contact, behavioral disturbances, delay in learning to speak, flat or monotonous speech, and inappropriate social interaction, lack of empathy and lack of understanding.
Communication disorders (CD) is a disorder that affects an individual's ability to understand, detect, or apply language and speech to engage in discourse effectively with others [2]. The symptoms of CD include difficulties in the social use of verbal or nonverbal communication, a problem in understanding others, trouble in speaking or expressing complex ideas and repetition of words or stuttering.
Intellectual disability involves problems with general mental abilities that affect functioning in intellectual functioning and adaptive functioning [1]. It is characterized by deficits in general mental abilities such as reasoning, problem-solving, planning, abstract thinking, judgment, academic learning, and learning from experience.
[bookmark: _Toc22592937]  2.3.3 Personality Disorders
Personality disorder is characterized by long-lasting rigid patterns of thought and behavior which cause serious problems with relationships and work [10]. There are various types of personality disorders such as paranoid personality disorder, Schizoid personality disorder, Schizotypal personality disorder, antisocial personality disorder, avoidant personality disorder, and etc. The major symptoms of each personality disorder types are discussed as follows.
Paranoid personality disorder is a pattern of being distrustful of others and seeing them as mean or spiteful [1]. Some of the major symptoms of PPD are believing that others have hidden motives or are out to harm them, doubting the loyalty of others, being hypersensitive to criticism, having trouble working with others, being quick to become angry and hostile, becoming detached or socially isolated, being argumentative and defensive, having trouble seeing their own problems and having trouble relaxing.
Schizoid personality disorder (SPD) is a pattern of detachment from social relationships and a restricted range of emotional expression [2]. The major symptoms of SPD are neither desires nor enjoys close relationships, including being part of a family, almost always chooses solitary activities, has little, if any, interest in having sexual experiences with another person, takes pleasure in few, if any, activities, lacks close friends or confidants other than first-degree relatives, appears indifferent to the praise or criticism of others, and shows emotional coldness, and detachment.
Schizotypal personality disorder is a pattern of acute discomfort in close relationships, cognitive or perceptual distortions, and eccentricities of behavior [2]. The major symptoms of STPD are strange thinking or behavior, unusual beliefs, discomfort in social situations, a lack of emotion or inappropriate emotional responses, odd speech that may be vague or rambling, a lack of close friends, extreme social anxiety and paranoia.
Antisocial personality disorder is a pattern of disregard for, and violation of, the rights of others. Individuals with antisocial personality disorder (ASPD) tend to have low scores of socialization [11]. The major symptoms of APD are disregard for right and wrong, persistent lying or deceit to exploit others, being callous, cynical and disrespectful of others, using charm or wit to manipulate others for personal gain or personal pleasure, arrogance, a sense of superiority and being extremely opinionated, recurring problems with the law, including criminal behavior, repeatedly violating the rights of others through intimidation and dishonesty, impulsiveness or failure to plan ahead, hostility, significant irritability, agitation, aggression or violence and lack of empathy for others and lack of remorse about harming others 
Borderline personality disorder (BPD) is a pattern of instability in interpersonal relationships, self-image, and affects, and marked impulsivity. BPD is characterized by the following symptoms: fear of rejection, unstable relation, unclear or shifting self-image, Impulsive, self-destructive behaviors. Self-harm, Extreme emotional swings, chronic feelings of emptiness, explosive anger and feeling suspicious or out of touch with reality [2].


Histrionic personality disorder (HPD) is characterized by persistent and excessive emotional behavior as well as attention seeking behavior [12]. The major symptoms of HPD are self-centeredness, feeling uncomfortable when not the center of attention, constantly seeking reassurance or approval, inappropriately seductive appearance or behavior, rapidly shifting emotional states that appear shallow to others, overly concerned with physical appearance, and using physical appearance to draw attention to self, opinions are easily influenced by other people, but difficult to back up with details and excessive dramatics with exaggerated displays of emotion .
[bookmark: _Toc22592938]  2.4 Natural language processing
A text is a collection of words or letters which convey a meaning to the reader. The rapid growth of text data in this digital world emerges the need for text analysis, with the ultimate goal of extracting knowledge from text. Consequently, natural language processing applications have been a solution to perform an analysis of written text for various purposes. The notion of NLP started in the late 1940s with the aim of implementing machine translation between different languages [13]. NLP is a theoretically motivated range of computational techniques for analyzing and representing naturally occurring texts at one or more levels of linguistic analysis for the purpose of achieving human-like language processing for different applications [14]. It is the branch of artificial intelligence that enables machines to imitate human intelligence. NLP applications have the capability to analyze, understand, and synthesis of natural human languages. 
There are two components of NLP: natural language understanding and natural language generation (NLG). Natural language understanding performs the task of mapping the given input natural language into useful representation in order to analyze different aspects of the language. Natural language generation is the process of producing different meaningful patterns of the language such as phrases and sentence in the form of natural language.
Natural language processing has five levels such as morphological analysis, syntactic analysis, semantic analysis, discourse analysis and pragmatic analysis [13]. A morphological analysis deals with the componential nature of words. Syntactic analysis refers to the study of structural relationships between words in a sentence. The semantic analysis deals with the meaning of words, phrases, and sentences. Discourse deal with the aspects of the text as a whole that conveys meaning by making connections between component sentences [14]. The pragmatic analysis is concerned with the purposeful use of language in situations and utilizes context over and above the contents of the text for understanding.                 
Natural language processing (NLP) techniques can be used to extract the mental state of the individuals from what they write on Facebook, Twitter, mental disorder forums and other social media [15]. Different natural language processing techniques have been applied to the text for various purposes. Natural language processing encompasses different applications such as information extraction, question-answering, text summarization, machine translation, dialogue systems, text classification and etc., by contributing both theoretical and implementation aspects [13]. 
Syntactic analysis deals with the structure or arrangement of words in a sentence or phrase in order to reveal the grammatical sense of the sentence. It determines the structural dependency relationships between the words [14]. Syntactic analysis looks for the meaning of the text by comparing to the rules of formal grammar. It can be implemented by using POS tagging or Parsing.
POS tagging refers to the process of representing the words of a phrase or sentence into its corresponding POS tag with the ultimate goal of extracting lexical and syntactic information [13]. The POS tagged information is useful for higher-level NLP applications such as semantic relations extraction, syntactic analysis, sentiment, analysis, automatic summarization and machine translation [16]. The POS tags include noun, adjectives, verbs, pronouns, adverbs, determiner, modal, personal pronoun, preposition and etc. 
Semantic analysis refers to the study of extracting the meanings of a word, phrase, and sentence in the text. This includes understanding the context of the text by analyzing the relationship between the words of the sentence. Semantic processing determines the possible meanings of a sentence by depending on the interactions among word-level meanings in the sentence. It is an essential NLP technique that is applied for information retrieval systems, recommendation systems and computer aided detection or identification [17]. Traditional semantic analysis techniques detect the relationship between the words based on the lexical overlap, which is incapable of considering synonymy of the words; if the words that have the same meaning are represented by different words this technique treats the words as words that have different meanings. Currently, distributional semantics is becoming a solution for different applications that needs extraction of meanings of the text by considering the similarity occurred between the words e.g. Word2vec [18]. In the distributional semantics the similarity between the words are learned from large corpus of the text automatically by measuring the geometrical distance between the words in the corpus. Implementing semantic analysis for different NLP applications will improve the performance of the system by considering the meanings occurred in the text.
[bookmark: _Toc22592939]  2.5 Text Classification
Nowadays, the exponential growth of text documents in various applications requires efficient data management techniques in order to categorize the texts into organized groups based on similarity features occurred between documents. Text classification refers to the process of classifying the text documents based on words, phrases, and sentences, into predefined categories [19]. The goal of text classification can be achieved through the use of natural language processing and machine learning techniques. It plays a great role in different applications such as information extraction, text summarization, text retrieval, and question answering [20]. 
[bookmark: _Toc22592940]  2.5.1 Text classification levels
A text classification application can be implemented by four different levels of scope based on the problem they are going to address [21].
Document-level: In this level, the classification task is performed based on the whole document text. In order to extract useful information that will be used to the classification task, the whole context of text document is considered. The machine learning algorithm achieves classification by analyzing the whole document without any splitting. This type of classification task is important when we need to categorize publications and news reports based on their similarities to form a category. 


Paragraph-level: The task of categorizing the text into one of its class labels will be done based on a single paragraph. The paragraph is consisting of a serious of related sentences that will be considered during classification. 
Sentence-level: The classification algorithm performs the task of classification based on single sentence. The sentence is consisting of sequence of words that give full meaning and the class labels are associated to these sentences. The machine learning algorithm uses a collection of sentences during training and testing the model. 
Sub-sentence-level: The classification task is performed based on sub-expressions within a sentence. Sometimes a sentence may hold complex expression which needs the sentence has to be split into smaller chunks in order to get remarkable result. In this case, sub-sentence-level text classification could be important.
[bookmark: _Toc22592941]  2.5.2 Text classification phases
There are six basic phases in order to classify a text document into predefined categories: data collection, pre-processing phase, feature extraction, dimensionality reduction, classification, and performance evaluation.   
Data Collection
Preprocessing
Feature extraction
Dimensionality reduction 
Classification
Performance evaluation 




Figure 2.1: Phases of text classification





2.5.2.1 Data collection
Data collection is the first stage of the text classification, by which the text document that needs to be categorized will be collected from different sources such as online portals, published books, social media, discussion forums and etc. The text data sets consist of sequences of text in documents as D={X1, X2, . . . , XN}, where Xi refers to a data point (i.e., document, text segment) with s number of sentences such that each sentence includes Ws words with Lw letters [21]. Then these data are used during training and testing the model. There are two types of data collection methods: primary and secondary methods of data collection. Secondary data is data that has been in published newspapers, magazines, online portals and etc. The quality of the data being used plays a great role to increase the reliability and validity of the research. Therefore, selecting the right data source which is reliable is crucial. Primary data is a data that is collected from the first-hand or direct source. Primary data collection methods have two types: quantitative and qualitative. Quantitative data refers to data in the form of the number. Qualitative data includes data in the form of words, feelings, emotions and etc., and qualitative data collection methods include interviews, questionnaires, case studies and etc. 
  2.5.2.2 Preprocessing
The text document could contain unnecessary words that do not convey meaning such as stop words, misspellings, slang and etc. In many algorithms, especially statistical and probabilistic learning algorithms, noise and unnecessary features can have negative effects on system performance. Data preprocessing refers to the task of processing performed on raw data to prepare it for further processing. Natural language processing techniques such as tokenization, stop words removal, stemming lemmatization and etc. are used to perform the task of preprocessing. 
Tokenization refers to the process of splitting a text into individual words or sequences of words, in which those pieces of words are called tokens [22]. The purpose of tokenization is to make the contents of the text suitable for further processing like the semantic analysis. Tokenization can be implemented at a word or sentence level.    
Stemming: Stemming is the processes of reducing the inflected words into their root form [19]. It converts words to their stems which incorporates a great deal of language-dependent linguistic knowledge. 
Lemmatization refers to the process of reducing the various inflected forms of a word into a single form or dictionary word. The objective of the lemmatization is to remove inflections and map a word to its dictionary word.
Removal of stop words is the process of removing words that don’t convey meaning to the corpus. It is commonly understood that stop words do not contribute to the context or content of textual documents [22]. Removing stop words reduce the dimensionality of term space. The most common words in text documents are prepositions, articles, and pronouns, etc. that do not provide the meaning of the documents. 
  2.5.2.3 Feature extraction
The text document may consist of a large number of features which needs the transformation of the existing features into a lower-dimensional space, whereby the extracted features contain the most discriminatory features. Feature extraction is the process of selecting a subset of the terms occurring in the training set and using only this subset as features in classification. It is capable of improving the accuracy of learning algorithm and shorten the training time [23]. The main goal of feature extraction is used to convert the text from any setup into keyword (words that are informative) schedule, which simplifies the supervised learning process. These keywords may have a huge impact on the classification techniques capability to extract the best pattern. We will discuss the two major feature extraction methods: weighted word and word embedding, as follows.
i. Weighted Word 
In this method of representation, each text document is represented in the form of a vector (numerical form) containing the frequency of the words in that document. Words that have less frequency in the text document are ignored in this feature extraction method. However, it is believed that sometimes words with less frequency of occurrences have more information [23].  Some of the weighted word methods are discussed as follows. 
Bag-of-words (BOW): The Bag-of-words model is a simplistic feature extraction method based on the number of times a given word is present within a body of text [24]. The order or context of the words is not analyzed in this method. Therefore, the semantic and syntactic relationship between the words is ignored in the BOW model. In general, the intuition is documents are similar if they have similar content.  The BOW method can be implemented in different applications such as text classification, Computer vision, NLP, and information retrieval by machine learning.  
The BOW model represents every word in the vocabulary as a one-hot-encoded vector in which the target word in the text is represented as 1 and the rest of the words represented as 0. Therefore, as the vocabulary becomes large, the BOW model faces the problem of computational inefficiency and data sparsity.   In addition to this, because of the order of words or context of the words can’t be considered in the BOW model, the meanings of the text are ignored.
TF-IDF: Term Frequency–Inverse Document Frequency (TF-IDF) is a feature extraction method based on numerical statistic which reveals how important a given word is to the document by not only looking at term frequency but also analyzing how many times the word appears across all documents [24]. TF-IDF is used to indicate the importance of the word to the document in a corpus of text [25]. The term frequency (TF) counts the number of occurrence of a given term in the document. The IDF assigns a higher weight to words with either high or low frequencies term in the document. The reason behind the TF-IDF weighting is that a term occurring frequently in a document, but rarely in the rest of the collection is considered to be important. However, TF-IDF cannot consider similarity between the words in the document since each word is independently presented as an index [21]. The mathematical representation of the weight of a term in a document by TF-IDF is given in Equation 1.
                                             W(d, t) = TF(d, t) ∗  log ()                                          (1)   
Where W is the weight of a term (t) in a document(d), N is the number of documents and df (t) is the number of documents containing the term t in the corpus.

ii. Word Embedding
Distributional semantics plays a great role in categorizing and measuring semantic similarities between linguistic items based on their distributional properties in large samples of language data. Distributed representations of words in a vector space support learning algorithms to achieve better performance in natural language processing tasks by grouping similar words [18]. Word embedding is one of distributional semantic representation method which consists of language modeling and feature learning techniques in natural language processing (NLP) where words or phrases from the vocabulary are mapped to vectors of real numbers. The idea of word embedding is that every word in the text document is converted to numbers or vectors in the N-dimensional vector. These words are assigned a unique vector or embedding, in which similar words in the corpus results closer values in terms of the cosine similarity measure. For example, the vectors of the words “alcohol” and “drink”, will have higher similarity value than vectors for “alcohol” and “eat.”    The need for word embedding is to build low dimensional vector representation of a word with the aim of detecting semantic relation between words. Word embedding models are efficient than the bag-of-words models or one-hot-encoding schemes, made up of sparse vectors with a size equivalent to that of the vocabulary. The vastness of the vocabulary and labeling of the word or document in it at the index position leads to data sparsity in the case of bag-words or one hot encoding representation [26]. Word embedding methods have replaced this notion by considering the surrounding or neighboring words of the individual words and using the information present from the given text and passing it to the model. Therefore, words are represented by dense vectors where a vector represents the projection of the word into a continuous vector space. Word embedding has been applied to different range of applications such sentiment analysis, psychiatry, philology, cognitive science and social science [27]. The two types of word embedding methods: Prediction based and count based are discussed as follows. 
a. Prediction-based Models
Predictive models predict the context words of a given word in the sentence or phrases in terms of learned small, dense embedding vectors. Word2vec is one of the major prediction based models.
Word2vec: The notion of Word2vec was introduced by Tomas Mikolov et al. since 2013. It is a group of a related shallow model that is used to learn the word embedding [26]. The input of Word2vec is a corpus of text and it produces a set of vectors in the form of dense vector representation. The word vectors are located in the vector space, whereby the words that share common contexts in the corpus of text are located in close proximity to one another in the space. Word2vec uses a two-layer neural network that predicts the context words of the given word. It uses a single hidden layer (linear neurons) and a fully connected neural network. The result of Word2vec is a vocabulary in which each word has a vector attached to it, which can be an input to the deep learning algorithms.
Word2vec can be achieved by using two methods: Skip Gram and Continuous Bag-of-Words (CBOW).
CBOW: The continuous bag-of-words model predicts the target or the center word based on the surrounding or neighboring words. Therefore, the context of each word is taken as an input to the model and tries to predict the word that corresponds to the context. For example, the words “drink” and “crave” could be a context word to predict the target word “alcohol”.  The model considers the number of surrounding words to be taken as context words based on the given window size n. The context words are assumed to be located symmetrically to the target words within a distance equal to the window size in both directions [31]. The CBOW model is faster than the skip-gram model, but it needs a larger dataset. The model is a simple fully connected neural network which consists of one hidden layer. The architecture of the CBOW model is demonstrated as follows.
[image: ]
Figure 2.2: Architecture of CBOW
In the CBOW model, the first step is representing each input word in a one-hot encoded vector. The one-hot encoding represents the input words in the form of binary vectors, whereby the input word that is present takes the value of 1 and the rest is represented as 0.  In the above architecture of CBOW, the model tries to predict the center word w_t, based on the words w_t-2, w_t-1, w_t+1, and w_t+2. Next, a weighted sum operation is performed on the input vector with weight and bias matrices. Finally, the hierarchical softmax computes the probability of the target word to be predicted as center word of the context words based on the weighted sum passed to it.   
The following example demonstrates how the Word2vec model selects the context words of the target word in the sentence taken from mental disorders forum [28], by the window size of 2. 


	Input text                                                                                  
	 Training samples

	I am worthless, unloved, and nothing to offer.
	(I, am) (I, worthless)

	I am worthless, unloved, and nothing to offer. 
	(am,I) (am,worthless) (am, unloved)

	I am worthless, unloved and nothing to offer. 
	(worthless, I) (worthless, am)
(worthless,unloved),(worthless, and)

	I am worthless, unloved and nothing to offer.    
	(unloved, am) (unloved, worthless)
(unloved, and) (unloved, nothing)


 
 SKIP-GRAM:  The skip-gram model does the opposite of the CBOW model. It predicts the context word or the surrounding word for the given word or center word. In this model, the target word is an input to the model and context words are outputs. The objective of the model is to predict the word that has the highest probability of coming next in the input sequence. The classification score of the neighboring words is based on the syntactic relation and occurrences with the center word [26].  The skip-gram model score remarkable result with the small amount of the training data, because it represents well even infrequent words in the corpus. The given window size n decides the number of context words to be considered in the left and right side of the given word. For instance, if we train the following sentence “I have lost every desire to live [28]”, by window size of 2. For the given word “desire”, the model tries to predict the context words “lost”, “every”, “to” and “live”. But, stop words should not be predicted as a context word since it is removed on the preprocessing stage. The Skip-gram model objective for the given sequence of words, , …   can be depicted by Equation 2 [18].
	(2)
Where Wt is a target word, c is the size of context word being predicted, and P is the probability distribution.
[image: ]
Figure 2.3: Architecture of Skip-Gram
GLOVE: is unsupervised word embedding method used to represent words in the form of vector representation. It is an extension of matrix factorization based representations of words and Skip-gram model. Matrix factorization–based methods of word representation suffers at representing words with respect to their analogous nature. 	The problem with Skip-gram model is it considers only the local context words at specific window size. These two problems are solved in the GloVe model, and it takes the strength of both Matrix factorizations based methods and Skip-gram models. The GloVe model performs the learning global word-to-word co-occurrence counts rather than raw counts, it encodes actual semantic information about a pair of words [30]. Co-occurrence is the instance of two words appearing in a specific order together with one another.  The co-occurrence counts can be made to all documents in the corpus that needs analysis, that’s why it is called global. The objective of the GloVe model is to create word vectors that detect meaning in vector space and performing global count statics instead of considering only local information. 
Negative sampling: The notion of negative sampling is based on the concept of noise contrastive estimation (NSE), which performs the task of differentiating the noise from data that convey meaning by the means of logistic regression [18]. In the process of training the neural network, the neuron weight needs adjustment in order to predict the training sample more accurately. So each training samples will adjust all of the weights in the neural network. The skip-gram neural network could have plenty of neuron weight depending on the vocabulary size. Therefore, adjusting the weight of all the weight neuron is leads to computational inefficiency. However, negative sampling solves this problem through which the training sample only adjust a small percentage of the weights, instead of adjusting all the weights. In the negative sampling, only small number of randomly selected negative words adjusts the weight neurons. In the smaller data set selecting 5-20 negative words work well, and for the larger data set selecting 2-5 negative word work well [18]. For example, for the target word “happy” words that randomly generated which could not appear in the context words include: “pity”, “anger” and “despair”. Therefore, the randomly generated negative words could be ignored. The use of negative sampling with skip-gram model increases the performance of the prediction with less training time. Skip-gram with negative sampling performs the task of comparing the observed word context pairs with randomly generated non-observed pairs and maximizes the probability of the actual word-context pairs while minimizing the probability of the negative pairs. The negative sampling objective could be illustrated by Equation 3 [31].
 	(3)
Where D is dataset that contain positive words, is the data set that contain the noise words,  is represents target word and  is the context word.
Subsampling: The skip-gram model performs the prediction of context words by creating a word pair with the neighboring words of a target word. Sometimes words that are frequently appeared in the corpus have less information value than the rare words (e.g. the, of, etc.).  For instance, the context word “crave” conveys more meaning to the target word “alcohol” than the word “the” which frequently co-occurs with the other words in the corpus. The need for subsampling is to keep the domain-specific words or words that are infrequently appeared in the corpus because they hold a meaning by balancing with frequently appeared words. 

In order to balance between the rare and frequent words, simple subsampling approach is introduced, whereby each word  in the training set is discarded with the probability of Equation 4 [18]. 
                              		(4)
b. Count based
Count based word embedding is a method that represents text in the vector form based on word-context co-occurrence counts in the corpus of text [30]. Count based methods assume that words in the same contexts share similar or related semantic meanings. We have discussed the two major methods that use count based embedding as follows.   
Latent semantic analysis: is a distributional semantic technique used to capture the relationships between a set of documents and the terms they contain by producing a set of concepts related to the documents and terms [25]. LSA assumes that words that are close in meaning will occur in semantically related chunks of text. The input to the LSA is the raw texts data, and it performs three tasks on the text data: Document-term matrix, weighting using TF-IDF, and Singular Value Decomposition (SVD).  We illustrated the representation of Document-term matrix in Table 2.1. 
Table 2.1: Document-term matrix
	
	disappear
	hate
	I
	kill
	myself

	to
	want

	“I want to kill myself”

	0
	0
	1
	1
	1
	1
	1

	“I want to disappear”

	1
	0
	1
	0
	0
	1
	1

	“I hate myself”

	0
	1
	1
	0
	1
	0
	0



The next step is performing the task of weighting by using TF-IDF (Term Frequency- Inverse Document Frequency). We have already discussed the TF-IDF formula in the weighted word methods section. Finally, Singular Value Decomposition is performed in order to reduce the dimensionality through filtering noise. SVD decomposes document-term matrix ‘C’ into the product of three other matrices by Equation 5 [25].
                                  C= U0 S0 V 0                                                                                  (5)
Where U0 and V0 are matrices of left and right singular vectors respectively and S0 is the diagonal matrix of singular values. U0 has the same number of rows as the original matrix and V0 has the same number of columns as the original matrix. S0 is a square matrix with non-zero entries only along one central diagonal and sorted in decreasing order. The dimensionality of the original matrix can be reduced by keeping the first k largest coefficients in the diagonal matrix S0 and setting the remaining smaller ones to zero. The zero rows and columns of S0 can then be deleted to get a new diagonal matrix S. Similarly, the corresponding columns of U0 and V0 can be removed to obtain W and X respectively. The product of the simplified matrices is a new matrix Ĉ:
Ĉ = WSX (prime)                                                      (6)
Where Ĉ is the k-rank matrix with the best possible least-squares-fit to C. The results of SVD include one set of k-factor loading for the terms and one for the documents.
Hyperspace Analogue to Language: is a semantic space model that captures statistical dependencies between words by considering their co-occurrences in a surrounding window of text. HAL analyzes all the context words appeared for each word in the vocabulary and calculate the co-occurrence count between the target word and each context word [30].
   2.5.2.4 Dimensionality reduction
The data set could contain several features that lead to the problem of time complexity and memory consumption. Dimension reduction technique is the solution to this problem by reducing the dimension of the feature set or space. The objective of dimension reduction methods is to reduce the knowledge cost related to the original data or to establish a relationship space achieved in the corpus. We have discussed dimension reduction methods such as Principal Component Analysis, Independent Component Analysis, Linear Discriminant Analysis, and Non-Negative Matrix Factorization as follows.
Principal Component Analysis (PCA): is a statistical method that transforms correlated variables (entities that hold different numerical values) to a set of values of linearly uncorrelated variables by using the linear transformation method. These transformed uncorrelated variables are called principal components [31]. PCA is a dimensionality reduction method that is used in exploratory data analysis and predictive models.  
Non-Negative Matrix Factorization (NMF): NMF also called a non-negative matrix approximation is a matrix factorization method where we constrain the matrices to be nonnegative 
NMF is a powerful technique for very high dimensional data such as text and sequences analysis [21]. NMF has been applied for different application such as dimension reduction, text mining, analysis of spectral data and etc.
Independent Component Analysis (ICA): is a method that is used for separating a multivariate (simultaneous observation and analysis of more than one outcome variable) signal into independent subcomponents (non-Gaussian signals). ICA is a technique that is used in different applications: face recognition, optical Imaging of neurons, dimensionality reduction, prediction model and etc.
Linear Discriminant Analysis (LDA): LDA is specifically useful where the within-class frequencies are not equal and their performances have been evaluated on randomly generated test data [21]. LSA is a method that is commonly used in dimension reduction and text classification.
  2.5.2.5 Classification
Machine learning algorithms are used to perform the task of classifying a text into different predefined categories. Machine learning is a sub-branch of a broad field of artificial intelligence, which enables machines to learn from example data. Selection of appropriate classifier algorithm and the data quality of the training data majorly determines the performance of the text classification applications. The goal of the classifier algorithm is to detect the class of the new data based on the learned example data.  The machine learning algorithms can be classified into three categories: supervised, unsupervised and reinforcement learning [21].  Supervised learning is a machine learning method that learns from example data. In supervised learning algorithms both input (training data), and output (labels) can be perceived [32]. Unsupervised learning is a method of machine learning based on using data that is neither classified nor labeled and allowing the algorithm to act on that data without guidance.  A reinforcement learning algorithm learns by interacting with its environment. In reinforcement learning the agent learns how to behave in an environment by performing actions and seeing the results. We have discussed different supervised machine learning algorithms as follows. 
i. K-Nearest Neighbors Classifier
K-Nearest Neighbors classifier (KNN) is a simple method of supervised learning, which are classified elements represented by multidimensional vectors into two or more classes [4]. The purpose of KNN classifier is to rank the document's neighbors among the training documents and to compare with the class labels of the k most similar neighbors. KNN works based on the concept of things that have similar meaning appeared near to each other. The computation cost that KNN uses is very high and as the dataset grows, efficiency or speed of algorithm declines very fast.

ii. Decision trees
The decision tree rebuilds the manual categorization of training documents by constructing well defined true or false-queries in the form of a tree structure. In the decision tree structure, leaves represent the corresponding category of documents and branches represent conjunctions of features that lead to those categories. The main advantage of a decision tree is its simplicity in understanding and interpreting, even for non-expert users. The DT is a very fast algorithm for both learning and prediction, but it is also extremely sensitive to small perturbations in the data and can be easily overfitted [21].
iii. Naïve Bayes
Naïve Bayes is a supervised learning method based on applying Bayes theorem with the “naïve” assumption of conditional independence between every pair of features given the value of the class variable. Naïve Bayes has good computational speed and memory usage in simple distribution and smaller dataset but can be poor for kernel distributions and large data sets [32]. NBC has a limitation of making a strong assumption about the shape of the data distribution, and data scarcity for which any possible value in feature space, possibility value must be estimated by a   frequentist [21].
iv. Support vector machines
SVM is a supervised learning model that searches hyperplane in the feature space optimally divides the training data. The optimal hyperplane is such that the points located in the opposite half-space and the value of the minimum distance points from the plane is the greatest [4]. The main principle of SVM is to determine separators in the search space which can best separate the different classes. SVM prediction speed and memory usage are good if there are few support vectors, but can be poor if there are many support vectors [32]. SVM is a binary classification method; it divides the data into only two classes. In order to make SVM that performs multi-class text classification the following formula is created: nclass * (nclass - 1)/2 classifiers, where nclass represents number of classes [4].
v. Artificial Neural network
The artificial neural network is a machine learning algorithm inspired by the biological central nervous system of mammals [33]. Each network is formed by interconnecting several neurons, organized in layers, which exchanges messages when certain conditions satisfied; each neuron holds a number. The neurons are connected by synapses; these synapses are quantified by the weight value. The number inside the neuron is called activation; each neuron is fired when activation is a high number. This neural network enables a computer to learn human capabilities from observational data without being explicitly programmed [26]. The neural network consists of input, hidden and output layer. 
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Figure 2.4: Architecture of Artificial neural network
The input layer contains the input neurons and it takes the data into the model for further processing by subsequent layers. The neurons in the hidden layer are connected to the input layer neurons by their corresponding weight value. And the hidden layer produces the output through an activation function. The output layer is the last layer of ANN which produces the desired output. The output  from one layer to the next layer is calculated by Equation 7. 
 		(7)
Where   is the input neurons and  is the weight of each neuron and b is the bias. The function f(x) can be computed by using activation function. We have discussed some of the activation functions used to produce the output as follows.
Sigmoid: is a non-linear function that takes some number and squashes it into a range between zero and one. It has the problem of vanishing and gradient which refuses the network to learn and it outputs not zero centered; it starts from zero and ends up one that means the value after the function will be positive and that makes the gradient of the weights become either all positive or all negative this makes the gradient updates go too far in different direction which makes optimization difficult [26]. 
The sigmoid function is denoted in the mathematical formula as follows.
  	(8)
RELU: is refers to the Rectified linear unit. RELU sets all the negative numbers to 0 and keeps the positive numbers by their value [26]. It is linear for all positive values and zeroes for all negative values. Since it doesn’t involve expensive operations like sigmoid, the learning can be faster and it has the capability of avoiding vanishing gradient problem. The RELU function can be depicted by a mathematical formula as follows.
                                                        (9)
Softmax: Softmax function transforms a set of given real values in the range of (0,1), such that the combined sum is one [26]. Softmax is used in fully connected layer to predict the output label.
A softmax function for the feature vector ki is denoted in the equation 
  	(10)


i. Deep learning algorithms
Deep learning algorithms are the extension of artificial neural networks that contains more than one hidden layers. It is a sub-field within machine learning that is based on algorithms for learning multiple levels of representation in order to model complex relationships among data [34]. The deep learning algorithms have been applied for different applications such as cancer diagnosis, precision medicine, self-driving cars, predictive forecasting, and speech recognition [35]. We have discussed the two major deep learning algorithms that are used for text classification as follows. 
Convolutional neural network: CNN has been successfully applied for image recognition for many years through projecting filters into image space [36]. Recently CNN becomes a solution for the NLP tasks that needs text analysis or extraction of useful information from text. The application of CNN for sentence classification through detecting n-gram features (or the number of words to consider at a time) used for classification, achieved remarkable result [37].  CNN is a feed-forward artificial neural network where connections between the nodes do not form a cycle. CNN consists of various layers whereby each layer performs different operations. The layers of CNN include: embedding layer, convolutional layer, pooling layer, flattening layer, dropout layer, and fully connected layer. 

The Embedding layer holds the word embedding, which can be pre-trained; obtained through using word embedding methods, or generated during the training of the network from the words in the document [38]. The convolutional layer performs the task of feature extraction through applying k number of filter window size on the sentence of the text. This filter window size expresses the number of words to consider at a time; if the filter window size k=3, then three words of the sentence is considered, whereby words are detected adjacently. Through applying multiple windows sizes or kernel on the sentence, it is possible to detect patterns of multiple sizes (2, 3, or 4 adjacent words). For instance by applying window size of 3 to the following sentence, “I am sick of existing in pain all the time [40]”, we could get patterns of (“I am sick”), (“am sick of”), (“sick of existing”) and etc. The kernel is moved over x words to the right, where x is stride number. The above example is demonstrated by stride number of one. Then the dot product is performed between the concatenation of the embedding vectors in a given window and a weight vector w, and by adding bias value on the result obtained. Next, the activation function is applied to the result. The output feature Ci can be generated from a window of words xi by computing Equation 11 [37].
Ci= f (w. xi +b)	    				(11)
Where b is a bias term value, the function f is activation function and Ci. The activation functions are used to introduce non-linearity into the output of a neuron e.g. RELU. After applying the activation function, the pooling layer performs the task of downsampling the features by applying a window size of n; the output feature of each convolution operation is represented as n size of the matrix. This reduces the dimension of the feature maps obtained from each convolution operation.
The flattening layer concatenates the result of each pooling layer feature vectors into one long vector [38]; all detected n-gram word vector result are combined together in order to detect the information occurred in the sentence. The dropout layer is the regularization method, which is used to prevent co-adaptation of hidden units by randomly dropping out [37]. The fully connected layer is the final layer of CNN which performs the task of classification by using softmax function. 
Recurrent neural network: is designed to solve the problem of sequence prediction. RNN architecture is almost similar to traditional neural network architecture, the only difference is, RNN introduces the concept of memory, and it exists in the form of a different type of link. The RNN is very powerful for modeling sequence data (e.g., speech or text), but it suffers from the problem of vanishing gradients [34].  RNN processes sequences by iterating through sequence elements and maintaining a state containing information relative to what it has been so far. RNN has been applied for different tasks such as image captioning, automatic generation of poems, classification, language translation, music generation and speech recognition [26].  

 2.5.2.6 Performance Evaluation
Performance evaluation metrics are used to evaluate the performance of the classifier algorithms. We will discuss the major performance evaluation metrics used in text classification such as precision and recall, F-measure, and accuracy.
Precision and recall:
Precision is the fraction of relevant instances among the retrieved instances, and it measures the exactness of a classifier. Precision and recall are used to measure the effectiveness of text classifier [21]. 
Precision=                         (12)
A recall is the fraction of relevant instances that have been retrieved over the total amount of relevant instances, and it measures the completeness, or sensitivity, of a classifier. Higher recall means less false negatives, while lower recall means more false negatives. 
Recall =                             (13)
F-measure:
F-measure is a measure of a test's accuracy. It considers both precision and recall of the test to compute the score.
F-measure =                          (14)
Accuracy:
Accuracy measures the ratio of correct predictions over the total number of instances evaluated [39]. The accuracy of the model can be computed by using the following formula.
                                           Accuracy =    	(15)
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[bookmark: _Toc22592943]3.1 Introduction 
In this chapter, we will review some of the research papers that are done so far to the area related to our study. This includes review of papers on mental disorder recognition from text, and short text classification based on deep learning. The approaches they have been used, implementation methodology and evaluation result will be briefly discussed in this chapter. 
[bookmark: _Toc22592944]3.2 Mental disorder recognition
Saloun et al. [4] performed the identification of personality disorders from patient’s narrative, which primarily focused on identifying three types of personality disorders such as fear and anxiety, procrastination and tolerance of uncertainty. They incorporated natural languages processing techniques such as features extraction, sentiment analysis and text classification with the ultimate goal of detecting personality disorder from text. In order to extract features of each personality disorder they created a basic model which consists of keywords, supporting phrases and reference text. In which the keywords are words that reflect sign of specific type of personality disorder. Supporting phrases are phrases that indicate the mental status of the patient. The reference texts are the full texts in sentences, to indicate how the description of an individual personality disorder could appear. Therefore, those manually annotated features including polarity feature were used by selected machine learning classifier to classify the patient narrative into one of its personality disorder categories. The experiment was conducted on the dataset that was collected from online forums by using different classifier algorithms such as Multi-Class Support vector machine, Naive Bayes, k-Nearest Neighbors classifier and Decision Trees. They have categorized their experimentation into polarity detection and classification of personality disorder in which all selected classifier algorithms were implemented to both experimentations. According to their experiment result that was tested on 90 posts of patient’s narrative, SVM scored better result which is F-measure of 72.4% on polarity identification, and F-measure of 73% on classification of personality disorder 


Saleem et. al. [41] focused on the detection of psychological distress indicators and conducted severity assessment of distress, on patient’s forum post. They performed severity assessment after individual distress label is detected, in order to prioritize patients who should seek psychiatric advice. They incorporated NLP and traditional machine learning approaches in order to identify the mental status of the individuals. In their research work, the features that indicate a specific distress label was manually annotated by the help of experts, and the machine learning classifier was trained on those features. The machine learning classifier used in order to classify individual post to its distress label is the support vector machine. And also they demonstrated the severity or triage assessment by using Markov Logic Networks (MLNs) statistical approach. The experimentation dataset was collected from online forums. They measured the performance of the classification through calculating mean of the area under the curve (AUC) for all class labels. And the highest scored result was 68.7. According to the experiment conducted on the triage assessment, Markov Logic Networks provides statistically significant improvements over SVM, by which MLN used domain-specific rules for combining information from distress labels detection.
Pirina and Coltekn [42] identified depression in text posts collected from Reddit mental health support communities. They demonstrated the importance of data source selection to detect depression with the promising result, through experimenting on different datasets. The experimentation dataset is collected from Reddit forum consists of 8 datasets, in which the collected depression posts were represented as positive classes and breast cancer posts as a negative class. And they have used 400 posts for training and another 400 posts for testing purpose. In order to represent features, they have used bag-of n-grams feature representation method. The experimentation was conducted by using different classification models including support vector machine, recurrent neural networks, and logistic regression, and each model was evaluated by F1-score. According to the experiment result, support vector machine incorporation with character and n-grams of different sizes scored better result. 


	
Hanwen et. al. [43] performed recognition of anxiety on the text posts from Reddit mental health support communities. In this study, different linguistic features were used to detect depression from individual narrative or post. And they conducted the comparison of different feature representation method by demonstrating the effectiveness of vector-space representations and Latent Dirichlet allocation (LDA) features, in comparison with LIWC and N-gram models, in order to detect anxiety-related text. They collected the experimentation dataset from Reddit forum website. The classification was done by using different classification algorithms such as logistic regression, support vector machine and neural network. According to their experiment result, support vector machine with word2vec vector representation scored better result for single-source features, by scoring accuracy of 91%. And for the aggregate features, neural network incorporation with word2vec and Linguistic Inquiry and Word Count (LIWC) scored better result, which is 98% classification accuracy.     
Ding et. al. [44] focused on the prediction of substance use disorder from social media by using machine learning and text mining techniques. They performed identification of alcohol, drug, and tobacco-related abuse from user text posts, and analyze activities of the user (eg. user likes) on social media. The experimentation dataset is collected from Facebook, which contains three separate datasets: status updates (text posts), likes and Substance use disorder status. They have used different feature learning method to learn features of each substance use disorder such as Singular value decomposition, Latent Dirichlet Allocation (LDA), Document Embedding with Distributed Memory (D-DM), and Document Embedding with Distributed Bag of Words (D-DBOW). The model that performs the prediction on text posts has experimented with two baselines: unigram model that uses single word as a prediction feature, and Linguistic Inquiry and Word Count (LIWC) model that uses manually annotated LIWC features or psycholinguistic lexicon. Support vector machine was used to perform classification on a user text post into one of Substance used disorder. The experiment result conducted on a user text posts shows that support vector machine with D-DBOW scored better result among others, whereby prediction of substance use to alcohol scored 79.5%.  

 
[bookmark: _Toc22592945]3.3 Short Text Classification based on Deep Learning
Kim [37] introduced the concept of applying a convolutional neural network to the sentence classification. In his paper, the experimentation was conducted by using CNN as machine learning classifier, which is trained on top of pre-trained word vectors generated by word2vec word embedding method. The detail of how the CNN model applied to the sentence classification and the hyperparameters that should be considered during the training process were discussed in the work. The author experimented the task of classification on different models with little hyper parameter tuning such as CNN-rand, CNN-static, CNN-non static and CNN-multichannel.  The models have experimented on different data sets such as movie reviews, Stanford Sentiment Treebank (SST1), SST2, Subjectivity dataset, and TREC question dataset and customer review dataset. According to their experiment result CNN-static model scored better result which is 89.6 on MPQA dataset.  And followed by CNN-multi channel which is scored 88.1 on SST-2 dataset and 85.0 on CR dataset. 
Laurren et. al. [38] performed a classification of clinical narrative by using different architectures of the convolutional neural network. They proposed the CNN architecture which uses a data analysis technique that addresses the problem of performing classification to the highly imbalanced classes, and it results improvement to the previous literature. Word2vec based pre-trained word embedding was used in the embedding layer. They experimented on a dataset that contains 4920 clinical narratives with 736 clinical narratives for testing purpose. They used Softmax classifier in order to classify the clinical narrative to one of the categories, and cross-entropy to determine the error between the predicted class label and the actual class label. The experiment was made based on the number of the convolutional layers used in the model, and the evaluation method is F1-measure. In their study, for the model that has one convolutional layer they have used a filter height of 5, for the model that has two convolutional layers they have used a filter height of (3,5) and finally for the model that have three convolutional layers they have used filter height of (3,4,5).  According to their experiment result, the model that has three convolution layers with the filter height of (3,4,5) recorded better F1-score.  


[bookmark: _Toc22592946]      3.4 Summary
In this chapter, we reviewed research works that have been done so far in the area of our study. We have discussed the methods used, the dataset used for the experimentation and the result obtained from the experimentation.
From the reviewed related works, we have understood that the identification of specific mental disorder from text can be achieved through training machine learning algorithms with text samples that indicate a specific type of mental disorder, and later the identification of mental disorder on the new test samples is determined by matching the patterns of the new test data features (words or phrases that determines how specific disorder could appear) with formerly learned features. However, the features of the required disorder are manually annotated in the previous works [4, 41, 43], which needs sufficient domain knowledge and selecting the features that determine specific disorder is a tedious task.  In contrast, adopting the model that automatically learns the features from the provided data allows the model to learn different patterns of the mental disorder with little domain knowledge. In addition, since patients express their feeling in different ways detecting the mental disorder from the text needs effective analysis of the patient narrative. In the previous work, identification of mental disorder is done without considering semantics and syntactic relation occurred in the text [42]. Identification of disorder based on word count used has the problem of considering the context of the patient narrative and the similarity occurred in the patient narrative [41]. Consequently, implementing the system that uses natural language processing techniques incorporation with machine learning approach will improve the performance of the mental disorder recognition system, by capturing the semantic and syntactic relationship occurred in the patient narrative.     






[bookmark: _Toc22592947]Chapter Four: Recognition of Behavioral Disorder
[bookmark: _Toc22592948]  4.1 Introduction
In this chapter, we will discuss the overall design of our proposed system, which is the recognition of behavioral disorder from the text. The solving of recognition of behavioral disorder from the text is achieved through the use of natural language processing techniques and supervised text classification approach by using deep learning algorithm. Identification of behavioral disorder from text passes through different stages. In these stages, different operations are performed with the aim of classifying the text documents to their predefined behavioral disorder categories based on features of each behavioral disorder. The system architecture of behavioral disorder recognition will be discussed in this chapter. 
[bookmark: _Toc22592949]  4.2 System Architecture
The recognition of behavioral disorder from text is achieved by using text classification approach and natural language processing techniques. The proposed system consists of two phases: training and recognition phase. In the training phase, first, the texts that indicate each behavioral disorder were collected from mental disorder forums based on DSM-5 manual.  Then, the text is preprocessed by using natural language processing techniques in order to make the text suitable for further processing. After the text is preprocessed, the task of performing POS tag is performed in order to tag the words to their parts of speech. Next, the text is represented in the form of dense vector representation by using the word embedding method. Then, the dense vector representation of the words fed to the selected machine learning algorithm. The selected machine learning classifier performed the task of feature extraction and training the features after applying different operations on the dense vector. Finally, the learned model is created. In the recognition phase, first the texts that indicate each behavioral disorder which is different from the training texts were collected. Next, the task of preprocessing was performed on the text. Then, the text is POS-tagged to get parts of speech result of the text. Then, the text is represented in dense vector representation form. Finally, the selected machine learning algorithm performs the task of identifying the class of the behavioral disorder, based on the detected patterns.  Figure 4.1 shows the architecture of the proposed solution.           
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Figure 4.1: Proposed System Architecture
[bookmark: _Toc22592950]    4.3 Training Phase 
The first phase of the proposed system architecture is the training phase. In the training phase, first, we have collected texts that indicate each behavioral disorder (Alcoholism, Depression and Suicidal thought) from mental disorder forums based on diagnostic criteria of DSM-V. This text corpus will be an input to the machine learning classifier after several operations are performed on the text, with the aim of creating the learned model. Each step of the training phase is explained as follows.
[bookmark: _Toc22592951]  4.3.1 Text preprocessing
The task of preprocessing is done for making the text suitable for further processing. It plays a great role in removing noises or unnecessary words from the corpus that decreases the classification performance. Natural language processing techniques are used to perform the task of preprocessing. We have performed the following operations on the text: tokenization, stop word removal and lemmatization. After those tasks are performed on the text, it passes the text to the next stage of the training phase, which is POS-Tagging.  
Tokenization: We segmented the text that shows each behavioral disorder into individual words or sequence of words. These segmented words are called tokens, and the process of segmenting the text into individual word is called tokenization.   Larger texts can be tokenized into sentences; sentences can be tokenized into words. We have used NLTK word tokenize method in order to segment a text content into tokens. Example: The text below is taken from a mental disorder forum, posted by a patient that needs advice.
“I want to die; I need to escape from all this. I'm worthless, I know the pain is excessive and I hate my life, I can't enjoy anything. I'm daily suffering and knowing what I had lost forever. I'm hopeless and I don't want to live anymore [40].”


After the tokenization task performed on the text, the text looks like:[image: ]     Figure 4.2: Screenshot of tokenized words.
After tokenization, all the tokenized words are changed to a small letter in order to have a similar form of words, and punctuations are removed from the corpus.
Stop word removal: Stop words are words that are filtered out from the text because they don’t convey meaning. Since these stop words frequently co-occur with different words in the corpus, capturing the similarity occurred between the words could be difficult. Therefore, we performed the removal of these stop words from the text corpus. We have removed selected English stop words that don’t convey meaning such as 'is', 'to', 'they', 'them', 'a', 'be', and etc.  After stop words are removed from our corpus the dimensionality of the term space is reduced.
Lemmatization: is the process of grouping together the inflected forms of a word so that they can be analyzed as a single item, identified by the word's lemma, or dictionary form. Lemmatization considers the morphological analysis of the word based on the detailed dictionary which the algorithm can look through to link the form back to its lemma. In this study, we have used NLTK WordNetLemmatizer in order to represent words of the corpus into their associated dictionary form. For instance, the verb ‘suffer’ may appear as ‘suffers’, ‘suffered’, and etc. in the corpus.  After lemmatization, those words are converted into lemma or dictionary form i.e. suffer. The lemmatized words will be ready for the next task, which is POS tagging.




[bookmark: _Toc22592952]  4.3.2 POS Tagging 
We have used POS tagging to markup terms in the sentence into their corresponding parts of speech. The need for POS tagging is to capture the syntactic relation of words and understand sentence structure of specific disorder by analyzing how the patients describe their feelings and form a sentence when they describe their feeling. For instance, it was presented that changes in the way people use pronouns when writing about traumatic experiences is a powerful predictor of changes in physician visits or an indicator of their general health [45]. The patient sentences are represented in the array that holds words and their corresponding parts of speech. After POS tagging, each part of speech treated as a feature word, which later is an input to the word embedding. English parts of speech include CC-coordinating conjunction, NN noun, NNS noun plural, NNP proper noun, VB-verb, RB adverb and etc. The following example demonstrates how the tokenized words are POS tagged by using NLTK POS tag method.
[image: ]
Figure 4.3: Screenshot of POS-tagged words.
[bookmark: _Toc22592953]  4.3.3 Word embedding
So as to train the machines with the example data, we need to transform the text data in the vector form (numerical representation of words), which permits easy processing of the data. The process of converting the text corpus into the dense vector representation is takes placed in this stage to build a low dimensional vector representation of a word from a corpus of text. Word embedding encodes words to dense vector, where a vector represents the projection of the word into a continuous vector space. The position of a word within the vector space is learned from text depending on the neighbor words or words that surround the target word. For instance, for the sample sentence “I feel completely useless and numb [28]”, each word of the sentence is represented in the form of dense vector; I [0.9, 0.5, 0.255, 0.33, 0.2. 0.1], feel [0.5, 0.2, 0.12, 0.4, 0.8. 0.1] and etc. The number inside the array indicates that the geometric relationship (or semantic distance) of the word with other context words; the highest number indicates the words have close meaning. The length of the vector depends on the choice of the dimension size, the above example is demonstrated by dimension size of six. We performed the word embedding for both the words of the text and their corresponding parts of speech, in order to detect both semantic and syntactic relations respectively.        
In this study, we have used Word2vec in order to produce word embedding, with the aim of detecting semantic similarity between the words. The utilization of semantic similarity among terms in text documents improves the performance of the text classification by analyzing the term meaning. The patients write their feeling in different ways, even the texts that have the same concept could be expressed by using different words. 
For instance, the word worthless has similar meaning with valueless, useless, unimportant, nothing, wretched, trashy, etc. The user self essay may contain a sentence: “I’m trashy and my life is full of pity” [40].          
The above sentence gives the same meaning with “I’m worthless and my life is full of sadness”, but expressed by using different words. Hence, we need to capture semantics occurred in the sentence by making word match between the two sentences. Our algorithm considered that the information in the first sentence is very similar to the information in the second sentence by building a geometric relationship between the words. 
As we discussed in section 2.5.2.3, Word2Vec is a prediction based model, which is composed of two neural network language models, Continuous Bag of Words (CBOW) and Skip-gram. After we conduct a detail literature review, we have selected Skip-gram model with negative sampling because it has better performance in small corpus of text, and computationally efficient. 
Skip-gram word embedding: The Skip-gram model performs the prediction based on the context of the central word or the words that surround the central word. This means, in order to make the prediction of the context to the target word, the model looks for the words that appear in the left and right of the target word, based on the given window size (the number of words to look for in the neighbor). Then, the similarity between the two words can be computed by measuring cosine similarity or the angle between the two words, by following this, the words that have close in vector result are similar. Hence, words that are synonyms of the given word tend to have close vector result with the given word. E.g. the word worthless have close vector result with the word valueless. Accordingly, a word’s meaning can be captured from the contexts it appears in.
For example, the model that would be trained to predict the contexts of the target word alcohol by the window size of 2, predicts all the words in the underlined form.    
    “I drink much alcohol daily to forget my life difficulties [40]”.
By considering the above example, our Skip-gram model performed a different operation on the text to achieve its goal. Firstly, we generated one-hot word vectors of all words in the corpus, in which each dimension of the vector corresponds to a particular word; the target word is set to the value one, and the rest of the words in the dimension are set to zero. Next, the model builds a data pair of (Wt, Wc), where W is the word and t,c, are indexes of the target word and the single context word respectively. Therefore, the training data could contain data pairs such as (alcohol, drink), (alcohol, much), (alcohol, daily) and (alcohol, to). Then, the Skip-gram model computes the probability of the context word (Wc) being predicted as a target word (Wt’s), with the aim of maximizing P(Wc|Wt). In order to convert the scores to the probability distribution, we have used negative sampling as an alternative to hierarchical softmax, because it is computationally efficient or it has better speed during training process.  
Negative sampling: So as to speed-up the training process, negative sampling has been taken as an alternative to the softmax by several researchers. The softmax objective has the problem of performing the probability distribution to all the words in the vocabulary, even the words that don’t have any semantic relation with the target word could be computed, this results in computational inefficiency when a thousand or more words existed in the vocabulary. 
The evolution of negative sampling is derived by considering this problem, the notion is, instead of performing the probability distribution to all the words in the vocabulary, the model is trained to distinguish among the correct training data pairs retrieved from the corpus and the incorrect randomly generated pairs. We have done the task of differentiating noise from the correct data by the means of logistic regression. For instance, for the target word alcohol, words that may occur as context word to the target word, could contain words like (“drink”, “much”, “daily”, ”crave”,  etc.), and the small set of words randomly generated that could not appear in the context contain words (“cloth”, “phone”, “ability”,etc.). Therefore, all the other words that are different from the correct words (positive context words) and randomly generated incorrect words (negative context words) could be ignored with the aim of speeding up the training time.   
The architecture of the Skip-gram model with negative sampling demonstrated in Figure 4.4 consists of three layers simple neural network namely, input layer which takes one-hot encoded vector representation of the given word, one hidden layer or the linear layer, and the third layer is output layer which outputs the probability distribution of the context word in the range of 0.0 and 1.0.
All positive context words Wc (drink,much, daily etc.)



      Linear layer
One hot encoded of Wt (alcohol)

                                                                                  NS	 All random negative context words (eat,phone, etc.)






Figure 4.4: Architecture of Skip-gram with negative sampling.

Subsampling of the training word: In the skip-gram word embedding the prediction of the context words to a target word is performed on the basis of creating a word pair. Words that frequently appeared in the corpus can co-occur with different words in the corpus. This leads to words that are infrequently occurred in the corpus but holds essential meaning of the domain knowledge could not be treated equally with the frequently occurred words. For instance, the word “I” may appear several times in the corpus with different words: (I, feel) (I, want) (I, hate), etc. The co-occurrence of the words “hate” and “life” could be less in the corpus, but these two words gives strong meaning to the domain. Thus, subsampling is the process of sampling the infrequent words more than the frequent words to create new training data [18]. In this study, we used subsampling of 20 words. After we performed the word embedding, the next layer which is the convolutional layer takes the word vectors as an input for further processing. 
[bookmark: _Toc22592954] 4.3.4 Convolutional neural network Model
In this research, the deep learning algorithm we have used in order to link a patient narrative or self essay text with its correct behavioral disorder category is a convolutional neural network. Because text is a discrete sequence of words which is represented in one dimension, we have used 1-dimensional convolutional neural network to train the model. As we discussed in section 2.4.2.5, CNN is a type of feed-forward artificial neural network which is made up of multilayer neural networks. 
Invariance to local translation: the pattern is detected from any location in the text, based on different n-gram sizes (number of words to consider) which allows multiple pattern recognition. 
Parameter sharing: the convolutional layer learns a specific number of words at a time based on the given window size rather than considering all the text. Whereas, the fully connected layer learns all the features in the text, which is computationally expensive.    
Automatic feature extraction: CNN allows automatic feature extraction, whereby the features are learned from the data, rather than hand-crafting the features. On the contrary, conventional machine learning classifiers work on handcrafted features or manually annotated features which need adequate domain knowledge. 
We have adopted the multi-channel CNN model that has been applied for sentence classification with little fine-tuned hyperparameters [37]. In the multi-channel model of CNN, a model may contain two or more-word embedding depending on the number of channel used; a model that contains two-channel has two sets of word vectors. The channel stands for each set of word vectors, and different filter sizes are applied to each channel.
The two sets of pre-trained word vectors obtained from word embedding method are input to the CNN model. One set of word vector contains the sequence of words in the sentence, and the second set of word vector contains parts of speech tag of each word in the sentence, whereby each part of speech treated as feature word to detect the syntactic structure of the patient narrative. 

The use of both vectors together during training enables the model to detect semantic and syntactic relationships occurred between the words of the sentence.  
The CNN architecture we have used in this study consists of different layers: embedding layer, convolutional layer, RELU layer, pooling layer, flattening layer, regularization, fully connected layer; with the aim of classifying the patient narrative into one of its behavioral disorder categories by capturing semantic and syntactic relationship of the patient narrative. First, the embedding layer loads the pre-trained word vectors into the CNN model. Next, the task of performing convolution based on different kernel size is done to produce feature maps. Then, the task of normalizing the feature map is done through selected non-linear function. Next, we performed downsampling of the feature maps through pooling layer. After that, the downsampled feature maps were concatenated together to form fully connected layer. Finally, the softmax classification performs the task of classifying the text into associated behavioral disorder category (depression, suicidal thought or alcoholism). In general, layers such as convolutional layer, RELU layer, and pooling layer emphasizes the learning features of each behavioral disorder. Layers such as flattening layer, regularization and fully connected layer emphasizes the task of classification. We have discussed the tasks in the CNN which are feature extraction and training by associating with layers of CNN because those operations are done through CNN layers. The algorithm of multi-channel CNN is illustrated in the Algorithm 4.1 and its architecture is given in Figure 4.5.









	Start
Read the pre-trained word and POS-tag vectors from directory.
Load both vectors into embedding layer. 
Apply convolution operation to both vectors by window size W=2,3,4.
Normalize the output vector obtained from convolution operation using RELU.
Produce feature map for each W size filters.   
Apply max-pooling by window size P=2 to the feature map.
Apply dropout to the max-pooled feature vector. 
Flatten the result of both vectors. 
Merge the word vector result obtained from different filter sizes. 
Merge the POS-tagged vector result obtained from different filter sizes. 
Add the two merged vector results.
Connect the added vector result to fully connected layer.
Output one of the three class of behavioral disorder using Softmax function. 
Compute the loss or error by using categorical cross entropy.
Back-propagate the error and adjust the weights accordingly.
END 




Algorithm 4.1: multi-channel CNN.

We illustrate the CNN architecture that we used in this study to classify the patient essay to the predefined category of behavioral disorder as follows. The dimension and the vector result of each word that we used in the diagram are for the sake of demonstration.
[image: ]Figure 4.5: Architecture of multi-channel CNN.
The detail functions of each layer of the CNN model is discussed in the following section.                                                   
Embedding Layer 
In the NLP based CNN model, embedding layer is the first layer of the model. The embedding layer can be implemented in two ways. One is through using pre-trained word vectors created using word embedding methods. The second is the embedding generated during the training neural network from words in the text corpus [38]. We used the pre-trained word embedding because it has the capability to capture the semantic similarity occurred between the words. The pre-trained word vectors are loaded to this layer for further processing. The embedding layer needs three parameters to be defined: input dimension or vocabulary size, output dimension; the size of vector space in which words were embedded, and input length or the length of input sequences. We used the same size of output dimension with the word embedding dimension used while creating word embedding which is 100. 
Feature extraction 
In our study, feature refers to the words that indicate the symptoms of each behavioral disorder. The process of acquiring this feature is called feature extraction. The features are extracted automatically by using convolutional layer of CNN through considering n-gram words. The number of words to be considered during extraction is depends on the choice of windows or filter height. After extracting the features, the features of each behavioral disorder are learned automatically.
Convolutional layer 
In this layer, we have done the task of extracting features of each behavioral disorder from the continuously represented vectors. The notion of convolution is derived from a mathematical combination of the two functions to produce the third function. Hence, the given filter size is projected on the words of the sentence to produce output feature.  The given filter or window size determines the number of words to detect during the convolution operation. We already discussed how the sequence of words is represented in a given dimension in the word embedding section. For example, the sentence that contains six words, with a dimension of three will have a sentencing matrix of the shape 6 x 3. So the matrix is filled by the vector result of the words. The convolution operation is performed on this vector to produce output feature.  The process of creating a feature map from convolution operation starts with selecting the filter size or the number of words to consider in specific convolution operation; the filter size 2, considers two words of the sentence. Then, the dot product is performed between associated vectors of the words at specified region or in given window and a weight vector w. So the output feature is considered as the convolved feature, and it is an input to the next layer by following the task of activation using nonlinear function. We have described the idea how the convolution operation applied to the sentence by using mathematical notation as follows. Let,  refer to the concatenation of words   in the sentence; whereby ∈ Rd be the d-dimensional word vector corresponding to the i-th word in the sentence. The filter size is the parameter used in this layer to perform the convolution operation whereby filter w ∈ Rhd, which is applied to a window of h words to produce a new feature.  A convolved new feature  is produced from the window of the words in the sentence  by computing the following equation 16 [37].
                                          (16)
Where: f is the nonlinearity function i.e. RELU, b stands for bias term whereby b ∈ R which increases the flexibility of the model by determining by how much the neuron will fire or activated. The convolution operation is performed to the whole document matrix by applying each filter on the sentence with the aim of producing a vector c = [c1, c2, . . . , cn−h+1], whereby c ∈ Rn−h+1 with n being the length of the document matrix. Each filter slides or moves over the input matrix or the target sentence, depending on the given stride number. 
In this study, we used multiple filter window size or filter height h of convolution (2, 3 and 4) with the dimension of 50. This allows the filter to consider 2-grams (sequence of 2 words), 3-grams and 4-grams in a sentence while performing convolution. We have performed the convolution of each filter with a stride size of one. We will discuss how the convolutional layer performs the computation by the following example.
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Figure 4.6: Convolution operation
The 2x3 matrix table demonstrated in the above example is a filter word (in this case filter height=2) which is projected on the “I” and “feel” word vectors first. Next, it performs an element-wise multiplication for all 2x3 elements, and add them together (0.1 x 0.7 + 0.8 x 0.1 + 0.7 x 0.5….. 0.8 x 0.3=1.43) and the number obtained from the dot product is recorded as the first element of the output feature. Then the filter moves based on the given stride number, in this case, the filter moves down one word and performs similar operation and record the result to the second row of the output feature. Accordingly, this operation continues until the last word of the sentence. 
After the convolution operation is done on the input matrix or sentence, the vector result obtained from convolution operation is normalized by a non-linear function.   	



Rectified linear unit layer (RELU)
After performing the task of convolution on the word vectors, we applied nonlinear function RELU in order to normalize the convoluted output feature vector. The RELU sets all negative numbers to 0, and numbers that have greater than zero remains as it is; for the vector result x obtained from convolution operation, the RELU computes the following simple equation.
[image: ]                        (17)
The reasons why we selected the RELU activation function from others after reviewing different literature:
Computational efficiency: it is easy to implement and the computation that could be made to activate the neuron is simple.
Model Sparsity: allows representational sparsity which speeds up the learning behavior of the model.
Linear behavior: RELU has linearity behavior to the positive numbers which avoid vanishing gradient problem. The problem of vanishing gradient happens when the gradient is too small in order to prevent weights from updating during training, which prevents the model from learning.
After RELU is applied to the output feature vectors, then the normalized vector is passed to the pooling layer. 
 Pooling layer
The task of reducing the dimensionality of the data took place in this layer, by using the convolutional feature maps as an input to this layer. The vector result obtained from the convolution operation by applying different filter size is mapped into a fixed-size p-dimensional vector. Pooling layers perform the task of downsampling by selecting the most important features, from the one that doesn’t convey meaning. The most important features result in higher vector values in the feature map that shows the presence of features. On the contrary, the one that has zero value, or low value in the feature map vector result is considered as an irrelevant feature or shows absence of features. The task of pooling allows the model to detect the most important features of the sentence by detecting relevant n-grams. 
We have used the max-pooling method in order to downsample the feature map. The notion of max-pooling is; it preserves the numbers that have maximum values in the feature map with the aim of detecting the relevant n-grams or group of words for making a decision.  Therefore, in order to apply the max-pooling operation to the feature map matrix, selecting the size of pooling is the first step, whereby the size of pooling must be smaller than a feature map. In this study, we have used the pooling window size of two. Therefore, the 2×2 matrix is striding over each feature map, and the maximum values of the feature map is recorded in 2×2 matrix, which results the reduction of each feature map to 2×2 matrix. The task of pooling was done by addressing the location invariance problem, through which each filter is able to extract a specific n-gram feature from anywhere in the sentence.   
Classification
The classification refers to the task of classifying each down-sampled feature maps into one of its behavioral disorder categories. In order to meet the classification objective, different operations were performed in different layers such as flattening layer, concatenation layer, dropout layer, and fully connected layer.   
Flattening layer: In this layer, the downsampled output features are flattened into a single 1-dimensional long linear vector, so as to prepare the vector for the fully connected layer. This means all detected n-gram features by the given pooling size (P=2) is added together to form a single 1-dimensional array that holds all the features together, which later helps to the task of classification. The max pooled feature maps vector which acquired from both pre-trained word vector and the corresponding part of speech vector were flattened separately. Finally, the flattened output features of both vectors are merged together and connected to fully connected layer after applying dropout operation.     
Dropout layer
In order to solve the problem of over-fitting, we have implemented the dropout method, with the ultimate goal of improving the performance of the model. The problem of over-fitting occurs when the model learns indeed on the training data, to the amount of affecting the performance of the test data. So as to solve this problem, randomly selected neurons are ignored or turned to zero randomly during the learning process. This means the neurons that are dropped out could not be considered during a specific forward or backward propagation. Thus, our neural network is forced to learn new representation for the data or new pathways that the data transmitted. We have used the probability of 0.5 dropouts to randomly drop out the neurons. 
Fully connected layer 
The last layer of the CNN model is a fully connected layer which performs the task of classifying the output feature into one of its behavioral disorder category (alcoholism, depression or suicidal thought). All the neurons of the fully connected layer are connected to each neuron of the flattening layer. In this layer, the output feature vectors of a text are converted to the probability values to each class of behavioral disorder. We used Softmax classifier in order to predict the class label of each behavioral disorder: depression, suicidal thought, and alcoholism.  The softmax function converts the k feature vectors into probability values which resides in the range of 0 and 1, by using Equation 18.  
                                                          (18)
 Suppose, the input k feature vectors could contain a vector [4, 5, 6]. First,   is computed, denotes the input vector index i.e. for  index, the value is 4. After  is computed for all vectors, and it gives, then the is computed, by adding all the values obtained from computing, which gives 606.42 and finally the probability value of each input vector is obtained by dividing  value by the total sum of the vectors results, obtained from  . So, the probability of input vector   to be predicted as one of the class label (alcohol use disorder, depression, and suicidal thought) is 606.42=0.09, Accordingly, the probability value of each input vectors is computed, and the result is residing between 0 and 1. 
After the feature vector is transformed to the probability value for each of the class the model trying to predict the maximum values of the computed probability value are selected by using the argmax function, which enables the model to detect the class label of the feature vector. 


Backpropagation: The learning process of the neural networks can be achieved by using backpropagation. The output of each neuron is compared with the expected output value that already known for each class labels. Accordingly, the loss functions perform the task of computing the loss. This computed loss result is treated as an error and backpropagated to the previous layer and the weights are adjusted accordingly. This process is repeated until the output error is below a predetermined threshold, which allows the model to learn from its mistakes. Therefore, the training objective is to reduce the loss across the training samples.  We used sparse categorical cross-entropy to compute the loss function because we implemented multi-class text classification which consists of three classes labeled with integer values. The categorical loss function can be computed by using equation 19.
(19)
Where CE is categorical cross entropy, t is the true label probability distribution, p is the predicted label probability distribution obtained from softmax function. The true label (alcohol use disorder, depression, and suicidal thought) is represented as a one-hot-encoded vector (for the target class label the value will be 1 and the remaining value is represented by 0). Thus, the distance between the true label and predicted label is computed and back-propagated and the weights are updated accordingly until the loss value become less. Finally, the learned model is created by following the above-mentioned steps, in which the learned model holds the detail of how a specific behavioral disorder is appeared in the patient narrative







[bookmark: _Toc22592955]  4.4 Recognition phase
In the previous training phase section, we have discussed how the model is trained using the training data sets of each behavioral disorder. The training data are used to create a model which is later used for the purpose of recognition of a specific disorder. The learned model holds the detail of how a specific behavioral disorder can appear in the text. In the recognition phase, patient texts which are different from the training texts are used. This text consists of a total of 99 sentences which shows the patterns of each behavioral disorder; 33 for alcoholism, 33 for depression and 33 for suicidal thought. Then, we have performed preprocessing task on the text; all preprocessing tasks that are performed in the training phase is applied to the text. Next, the preprocessed texts are POS tagged to get the parts of speech of the words in the sentence. Then, the selected word embedding method represented the words and the corresponding POS tag in the form of dense vector representation. Then, the convolutional layer extracted features of the vector by applying different filter sizes. Next, the max-pooling layer selected important features from the feature map. Then, the max pooled feature vectors are concatenated together. Finally, we used the neural network model that is built during the training phase to categorize the text into its class of behavioral disorder. 









[bookmark: _Toc22592956]Chapter Five: Experimentation and Results
[bookmark: _Toc22592957]  5.1 Introduction 
This chapter discusses the experimentation aspects of our study. The software tools used, data used for the training and testing purpose, the training procedure and testing procedure and evaluation result obtained during training and testing the model are briefly discussed in this chapter.
[bookmark: _Toc22592958]  5.2 Dataset
In this study, we collected the data used during the training and testing process from mental disorder forums; the patients those who need advice to their mental problems post’s their feeling on forum website in the form of narrative. We used five different mental disorder forums namely, Reddit [40], Beyond blue [28], Sane forum [46], Drugs forum [47], and Suicide forum [48]. The sentences that show a behavioral disorders symptom is collected based on the diagnostic criteria of Diagnostic Statistical Manual for Mental Dsorders (DSM-V). These collected text data are validated by the experts who have the domain knowledge. 
We have collected a total of six hundred sixty (660) sentences, from these two hundred twenty (220) sentences are sentences that indicate alcohol use disorder, two hundred twenty for depression and two hundred twenty for suicidal thought. For the training purpose, we used one hundred eighty-seven (187) sentences for each class of behavioral disorder, and for the testing, we used thirty-three (33) sentences for each class. 








Sample sentences collected from the above-mentioned forums are illustrated in the Table 5.1.
                               Table 5.1: Sample datasets.
	Sample sentences
	Category

	1. “I have found myself incapable of going without alcohol for a morning, let alone a day [47].”     
2. “I'm dependent on alcohol for a long time, I can't cope life problems without drinking alcohol [40].”
	Alcoholism

	3. “I hate myself very deeply and don't feel I'm worthy of love, I don't     know why I was born [40].”
4. “I won't feel anything else but emptiness for the rest of my life [28].”
	Depression

	5. “I want to take the pills that end my life [48].”
6. “All I can think about is killing myself [48].”
	Suicidal thought



[bookmark: _Toc22592959]  5.3 Implementation 
We used Python 3.6 programming language for training and testing the neural network, which is installed on the Windows operating system. The reasons why we selected python: various available modules or libraries for data analysis, permits data visualization options, and platform independence are the majors. In order to achieve the objective of this study, we used various libraries or modules that are installed on the python environment. The major libraries used are as follows.
NLTK: We used NLTK for preprocessing the text data by using different natural language processing techniques. 
Gensim: The Gensim library is used for creating the Word2vec word embedding. 
TensorFlow: We used TensorFlow 2.0 which works at the backend of the Keras library with the purpose of building the neural network model. 
Keras: We used Keras for training and testing the neural network that works on the top of TensorFlow. 
Numpy: The training data is represented in the form of vectors or numbers to achieve the learning process. Thus, Numpy is used for computing the array of numbers. 
Matplotlib: is used for visualizing the experimentation data.
[bookmark: _Toc22592960]  5.4 Experimental result
As we discussed in the Section 4.3, the convolutional neural network is used to train the features of each behavioral disorder. The features of each class of behavioral disorder is learned automatically from the provided dataset. The recognition of the behavioral disorder can be made based on these learned features. The following sub-section discusses the training and test results obtained.
[bookmark: _Toc22592961]  5.4.1 Training result 
In the training phase, the text data that shows each behavioral disorder are used to train the model. We used 187 sentences for each behavioral disorder categories (alcohol use disorder, depression, and suicidal thought). These collected sentences passed through different operation such as preprocessing, POS-tagging, word embedding, before fed into convolution neural network. The convolution neural network performed the task of feature learning from available data to create a learned model. The learning is made by back-propagating the error and adjusting the weights. The categorical cross-entropy is used to compute the error or loss that is backpropagated during training. The process of back-propagating the error and adjusting the weights are repeated until the output error is below a predetermined threshold. Since we have three behavioral disorder categories, we have used softmax function in the output layer. We labeled the classes of each behavioral disorder by integer values. Therefore, the neural network is expected to output 1 for Alcohol use disorder, 2 for depression and 3 for suicidal thought. After we have defined all the necessary parameters in each layers of CNN, the model summary looks like as in Figure 5.1.
[image: ]
Figure 5.1: Screenshot of CNN model summary






We have trained the training samples by epochs of 5 and batch size of 16. The loss value became high during the first epochs and started decreasing while the epoch number is increasing. In contrast, the accuracy of the model was less during the first epoch and started increasing while the epoch is increased. The training accuracy reveals that to what extent the model learns features of each class of behavioral. The highest accuracy obtained is 100%, and the lowest validation loss obtained is 0.2 during the last epoch. Figure 5.2 shows that the screenshot of training accuracy and loss during training.        
[image: ]
Figure 5.2: Screenshot of training accuracy
[bookmark: _Toc22592962]  5.4.2 Testing result
After the training task is accomplished by creating the learned model, the convolutional neural network is tested on the unseen (or dataset different from the training data) text data of each behavioral disorder. We have tested the neural network by 99 total sentences, 33 sentences for each behavioral disorder categories (alcoholism, depression and suicidal thought), which is 15% of the total dataset of each class. The neural network identifies the categories of the sentences by considering the learned features of each behavioral disorder in the training phase. The recognition of behavioral disorder category that is made on the test dataset are shown in Table 5.2. 
	
	                1
	22
22.2%
	9
9.1%
	2
2%
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	         2
	0
0%
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	81.8%
18.2%

	         3
	3
12.5%
	12
12.5%
	18
18.2%
	54.5%
45.5%

	
	88%
12%
	56.3
43.7%
	69.2
30.8%
	67.7%
32.3%
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	     2
	    3
	


Table 5.2: Confusion matrix of test data
Confusion matrix


Output class



  	

Target class


From the above confusion matrix 1,2,3 represents, alcohol use disorder, depression and suicidal thought, respectively. The confusion matrix obtained is summarized in Table 5.3.
Table 5.3: Summary of identification result
	               Target class

Output class 
	
                1
	
              2
	
         3

	1
	22
	9
	2

	2
	0
	27
	6

	3
	3
	12
	18

	Total
	25
	48
	26

	Percent correct (%)
	88
	56.3
	69.2



According to the result obtained, from the total test dataset of 99 sentences, 67 (67.7%) were identified correctly and 32 (32.3%) were not identified correctly.






[bookmark: _Toc22592964]5.5 Discussion 
It is known that the deep learning algorithm needs a large amount of training dataset in order to obtain remarkable result. In this study, we have trained and tested the model with small dataset due to scarcity of data in the domain. We have seen that the result was becoming slightly increasing while we add a dataset. 
The identification accuracy for alcohol use disorder, depression and suicidal thought are 88%, 56.3% and 69.2% respectively. Alcohol use disorder sentences are identified as depression due to slight symptom similarity between alcohol use disorder and depression. In addition, suicidal thought sentences are identified as depression due to strong similarity on the symptom, and depression is the cause for suicide. In general, from the total test dataset used 67.7% were classified into their correct behavioral disorder category and 32.3% were wrongly classified.  











[bookmark: _Toc22592965]Chapter Six: Conclusion and Recommendation
[bookmark: _Toc22592966]  6.1 Conclusion 
The practice of people in writing their mental condition and feelings on forum websites to get help to their problems is growing rapidly. However, psychiatrists could not monitor the patient’s narrative written on this forum website. Therefore, automatic recognition of mental disorder from text is very crucial in order to alert the mental status of the patient. Accordingly, we have used natural language processing techniques incorporation with a machine learning technique in order to detect specific behavioral disorder from text. We have focused on detecting three types of behavioral disorders: alcoholism, depression and suicidal thought. natural language processing plays a great role in extracting the feelings of the patient from text. The Convolutional neural network is used to train and test the machine with the example data of each behavioral disorder. In this study, the developed system consists of two phases: training and recognition phase.
In the training phase, first, text that indicate each behavioral disorder are collected from mental disorder forum. Then, we have performed different preprocessing tasks on the training sample texts in order to remove noises and reduce the dimensionality of the data. Next, we performed POS tagging on the text to capture syntactic information of the words. Then, the selected skip-gram method performed the task of embedding the words and parts of speech tag of the words, so as to detect semantic and syntactic information. Next, the CNN neural network took the pre-trained vectors of the words as input. Then, it performed different operations in each layer and train the neural network. Finally, the model which later performs the task of prediction on the new data is built.  
In the recognition phase, we have used texts that are different from the training data. Then, we performed the same operations used on the text. Then, the model tries to predict the class of behavioral disorder identified in the text, based on the learned patterns. According to the experiment result obtained, recognition of behavioral disorder through capturing the semantic and syntactic relation appeared in the patient narrative is the effective method to detect the disorder appeared in the patient narrative. 

[bookmark: _Toc22592967]  6.2 Contribution 
The main contribution of this research work is that we have developed the system that automatically identifies the behavioral disorder by considering both semantic and syntactic relation occurred in the patient narrative.  Accordingly, the task of detecting syntactic and semantic relation is realized by using the multi-channel architecture of CNN, in which one channel used the pre-trained word vectors to detect semantic similarity and one channel used the pre-trained POS-tags to detect syntactic relation occurred in the patient narrative.
[bookmark: _Toc22592968]  6.3 Future works
In this research work, we have presented the efforts used to design and implement automatic recognition of three behavioral disorders such as alcohol use disorder, depression and suicidal thought from patient narrative. However, automatic identification of mental disorder from text needs effective text analysis to achieve its goal. For this reason, additional features and improvements, modification should be combined to come up with effective and efficient identification of mental disorder.  
Hence, we recommend the following recommendations for further research and improvement. 
· The deep learning algorithm needs a large amount of dataset to learn various patterns of a specific disorder. Therefore, enlarging the experiment data could make improvement on the result obtained.
· Mental disorder has many forms, this study only focused on the recognition of three behavioral disorders only: alcoholism, depression and suicidal thought. The diagnostic criteria and the text patterns of each disorder vary based on the type of mental disorder. Consequently, considering other types of mental disorders for automatic recognition can be an extension of this research.   
· In this study, we built a system that identifies a type of behavioral disorder presented in the patient text. But, this system does not analyze the length of duration or severity of specific disorder appeared in the patient narrative. Therefore, detecting automatically the severity of the disorders can be another research direction.
· After recognition of a specific disorder is made, providing the equivalent therapy for the identified disorder is also another research direction which will make the system an expert system.
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cc'), ('knowing', 'VBG'), (‘what', 'WE'), ('i', 'NN'), (*had’, 'VED'), ('lost', 'VEN'), (‘forever', 'RB'), ('i', '33'), ("'
m", 'VBP'), ('hopeless’, '33'), ('i', 'NN'), ('do’, 'VBE'), ("n't", 'R®'), (‘wamt', 'VB'), (‘to’, 'T0'), ('live’, 'V8'), ('

anymore’, '88')]

[erat, 'mw'), ('want', 'vBP'), ('die’, 'mw'), ('i',
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