

Machine Learning Based Healthcare System for Investigating the Association Between Depression and Quality of Life
ABSTRACT

The present study aims to elucidate the main variables that increase the level of depression at the beginning of military conscription service using an artificial neural network (ANN)-based prediction model. Random sample data were obtained from one battalion of the Lithuanian Armed Forces, and a survey was conducted to generate data for the training and testing of the ANN models. Using nonlinearity in depression research, numerous ANN structures were constructed and verified to limit the optimal number of neurons, hidden layers, and transfer functions. The highest accuracy was obtained by the multilayer perceptron neural network (MLPNN) with a 6-2-2 partition. A standardized rescaling method was used for covariates. For the activation function, the hyperbolic tangent was used with 20 units in one hidden layer as well as the back-propagation algorithm. The best ANN model was determined as the model that showed the smallest cross-entropy error, the correct classification rate, and the area under the ROC curve. These findings show, with high precision, that cohesion in a team and adaptation to military routines are two critical elements that have the greatest impact on the depression level of conscripts.
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CHAPTER 1
1.1  INTRODUCTION

Depression is a medical condition and it is one of the most common mental illness which affects millions of people globally. Depression is considered as a dangerous disease, which not only affects mental state of a person but also cause physical harm to a patient. Severity of Depression is predicted in terms of mental health condition of a patient [1]. Most frequent cases of Mental Health Disorders include anxiety disorder, restlessness, sleeping disorder, eating disorder, addictive disorder, Depression, Trauma, and stress related disorders [2]. Depression is a type of mental illness in which a patient continuously feels hopelessness, demotivation, bad mood swings and loss of interest in daily physical, mental and social activities which leads to emotional damage and physical changes in a patient's body. It specially affects learning capacity in a person, causes mood fluctuations and it often reduces work efficiency in a person. A depressed patient has different symptoms based on its severity [3]. In high severity, brain activity goes slow down and produces the hormone cortisol which affects the growth of neurons in brain. It badly affects the thought process of a person and sometimes it may lead to suicidal cases. Depression has some stages of occurrence, clinical depression, bipolar depression, dysthymia, seasonal affective disorder and others [4]. There are some treatment options that are available, treatments and services vary from counseling sessions to therapies. Brain simulation treatments are also available [5]. According to a survey conducted by WHO, approximately 280 million people are suffering from depression worldwide, nearly 800000 cases of suicide due to depression reported every year worldwide [1]. Depression is the fourth leading disease in this world, it became a leading problem which affects people of all age groups children, teenage, adults, old age people. More than 80% people not get proper treatment due to unavailability of early services and treatments for depressed patients [6,7]. Researchers estimated that around 1 out of 5-person experience depression once in their lifetime. As number of people suffering from depression increases day by day, it is very important to see the severity of this mental condition. Therefore, an automatic system is required to detect early signs of depression and treat patients accordingly. Most used tools for depression detection are interview style system and assessment system such as the Hamilton Rating Scale for Depression and self-reporting techniques such as Beck Depression Inventory tool and PHQ-8 score, Structured Clinical Interviews are designed to predict symptoms severity and common actions observed in depression patients [[10], [8], [9]]. Traditional therapies and medications for depression such as psychotherapy or pharmacological services are mostly time consuming, expensive, and ineffective. Major problem with these traditional methods is that, firstly these depression detection techniques need more patient data, their background, their history, and any past trauma related information, to predict symptoms of depression or these treatments need continuous monitoring on patient activities for prediction of depressed patient or not [11]. And secondly, fear from public or society brings other negative consequences which may affect the diagnosis, patients intentionally hide their real response and conditions from doctors intentionally due to pressure from society and then they often mislead the treatment which consume more time for diagnosis [12]. Research shows that a depressed patient is different from a normal person due to changes in thought process, facial movements, body movements, facial expressions, mental behavior, physiological signals, and psychological signals [12]. A depressed patient often stammers while talking and take uneven pauses in speech. Another symptom is incorrect pronunciation; a depressed patient pronounces words and sentences in a slow and incorrect manner [13]. Research shows that the response time is significantly longer in case of depressed patient. They take more time to listen, respond and action which show symptoms of depression [6,8]. Individuals with depression tendencies are disturbed by sad thoughts and show a noticeable bias towards negative stimuli. Depressed patient continuously uses words that contain words with rejection with negative expressions which indicate sadness, stress, demotivation, or dissatisfaction [14]. An irregular menstrual cycle in females also indicates symptom of stress and depression [15]. Other factors such as abnormal eye contact, less frequent mouth movement, less activity detected in patients dealing with depression disorder [16,17]. People suffering from depression disorder have different behaviors on psychological level than normal people. For example, the generated brain signal and the level of feeling good hormones such as serotonin and oxytocin in the body are different [18]. EEG signals (Electroencephalography), NMR (nuclear magnetic resonance) signals and other audio or image signals are different in case of depressed patient . As a result, psychologists cannot accurately predict symptoms of depression and its severity, which makes conditions of depressed patient worst. Therefore, an accurate, automatic, and accessible approach is a necessity for patients as well as for psychologists.
The demand for artificial intelligence in human depression management is growing with a better understanding of the damage to human health caused by chronic depression. Longterm depression has been found to have a serious impact on the gastrointestinal system, affect brain activity, and lead to depression, kidney disease, or even to different types of cancer. In the military, depression may lead to the development of a post-traumatic depression disorder, and thus considerably reduce the quality of life . In response to these findings, researchers have already developed different methods for measuring depression and presented different approaches for the causes of depression. The variety and diversity of identified causes of depression testify to the fact that classical methods of linear analysis are no longer sufficient. Artificial intelligence needs to be used to analyze diverse depression depressionors that are measured in a depressionful environment, such as the beginning of military conscription service. The start of conscription is marked by “depressionors of social experience” due to the specific nature of the situation, such as distancing from family and friends, being in a masculine-warrior narrative, having a strict and busy daily routine, and doing physically-demanding tasks. It should be noted that artificial neural networks (ANNs) analyze depression data much better than other methods, including machine learning algorithms. There is very good evidence that ANNs analyze accrued data better than traditional methods of analysis, confirmed by Li . The researcher used the data collected by Schmidt et al.  and developed two deep neural networks. These two neural networks examined data on physiological signals from electromagnetic devices (chest-worn and wrist-worn sensors) and reached much better accuracy than the original linear analysis. Similar results can be found in studies on other topics where artificial network application indicates high accuracy and reliability. For example, Taherdangkoo et al. researched a training algorithm that led to excellent results in terms of the goodness-of-fit and independence test. This is especially important in depression measurements, where even minor deviations can indicate significant long-term health effects. Artificial neural networks have one additional advantage in predicting the level of depression. It is the ability to discover pathways underlying a complex set of data and to find a hidden association between depression factors. Hence, according to Vinga, an artificial neural network can investigate the complex associations between the level of depression and various depression factors. For example, researchers  have found that not only anthropometric parameters (e.g., height, weight, and body mass index) and results from blood tests (e.g., cholesterol and triglycerides) have an effect on depression. Their connectivity maps have highlighted the job-related social factors that are no less important than physical health in relation to depression levels. Using nonlinearity in depression research in military conscription opens up new directions of research. In terms of the development of the theory, the nonlinearity in depression management requires a rethinking of how the new environment is experienced and how the process of psychological adaptation changes. The application of ANNs enables us to analyze a combination of depression factors that are usually analyzed separately: military service-related factors and non-service-related factors, personal/lifestyle dependent factors and group cohesion factors, and leadership. Previous attempts to analyze the level of depression in the military using machine learning (ML) methods showed good results for example, Karstof et al. provided a forecast for long-term post-traumatic depression responses with high accuracy using ML methods. Their ML forecasting algorithms identified soldiers at risk for post-traumatic depression disorder with 95% accuracy prior to and just after deployment. A very similar accuracy level (91%) was achieved in a study by Pavlova et al., where it was found that subjective feelings about mental conditions best predicted anxiety among military conscripts. All together, these studies show that machine learning algorithms provide deep insight into depression-related data with high accuracy. The importance of research in depression among military conscripts has grown with the change in the security situation in Europe, involving strengthening or renewing conscription in almost a third of the countries in the region. More and more young people (mostly young men) temporarily become soldiers and enter a new and depressionful environment. Depression is a risk factor for mental and physical health disorders, and as NATO Science and Technology Organization (NATO STO) reports point out, long-term depression may negatively impact soldiers’ attitudes towards following the laws of armed conflict and also increase the risk of suicide. It can be argued that managing long-term depression in the military has become an important area of research. There is not much research focused on conscripts’ level of depression as an outcome of military service-related and non-related depressionors. In contrast, most studies treat the level of depression as a cause of other adverse events or diagnosis. For example, the findings of Crump et al.  suggested that high levels of depression among conscripts may lead to hypertension and high body mass index. Other researchers investigated the contribution of depression to the smoking habits among conscripts and adjustment issues. Only a few authors investigated depression levels as an outcome. For example, Nilsson identified a positive association between early life influences and the psychological level of functioning during the military conscription, while Purre and Oja  found a negative association between voluntary military conscription and the level of depression. Based on the research, the level of depression is determined not only by social circumstances, but also by physical natural parameters. In order to combine these diverse parameters into one study, nonlinear methods of analysis need to be used. The main purpose of the present paper is to elucidate the main variables that increase the level of depression at the beginning of military conscription service using an ANN-based prediction model. The variables represent diverse causes of depression: individual factors, such as personality and values toward military service; adaptation; military service-related factors, such as group cohesion and leadership; as well as non-service-related factors. ANN techniques were applied to data analysis and modeling as a methodology, which also provided the best results in previous literature on depression-level prediction. The results obtained allowed us to build a depression prediction model for conscription with appropriate accuracy and to determine the effect of the explanatory variables. This prediction is of great demand in the practice of conscript depression management, as compulsory conscription brings a large number of young men to the military environment, which could affect the mental health of the local population in the future.
1.2 OBJECTIVES

· Using Neural network algorithm we implement depression predication based on parameters like heart beat ,blood pressure level, sugar level .
1.3 Depression
Depression is a widely used term but it is not easy to agree on the definition because it is a subjective and hard to define phenomenon. However, if scientists cannot define depression, how could they quantify it? Merriam Webster dictionary defines depression as a physical, chemical, or emotional factor that causes bodily or mental tension and may be a factor in disease causation. Depression can be non-formally defined as the body’s way of reacting to any demanding or hazardous situation. The depression reaction is initiated by the brain as a response to sensory inputs from the eye, nose or ear. When the body senses a threat, it could be real or imagined, defensive mechanisms of the body initiates a rapid, automatic process called as the “fight-or-flight” reaction or the depression response to protect itself. Brain immediately sends a didepression signal to the hypothalamus. Hypothalamus is analogous to the command center of the brain. Hypothalamus controls involuntary body functions via the autonomic nervous system (ANS). ANS constitutes from two elements which are the sympathetic nervous system (SNS) and the parasympathetic nervous system (PNS). SNS can be considered analogous to a gas pedal in a car. In fight or flight situations, after getting the didepression signal, hypothalamus activates SNS. SNS releases depression hormones such as epinephrine and cortisol, which arouse the body to act in emergency situations. Heart rate increases, muscles tighten, blood pressure increases, inhalation frequency rises when the SNS is activated. Volumes of the airways in the lungs increase. Oxygen in the brain increases and this causes senses to become sharper. Blood sugar is also increased which makes an individual more energetic. Abovementioned changes improve the strength and stamina, shortens the reaction time, and improve the focus. If this mechanism works as desired, it helps an individual to stay focused and alert. When the danger passes, PNS, which is analogous to the brake in the car, diminishes the depression reaction. The abovementioned depression reaction is the physiological response of an individual to a depressionful event and can be named as physiological depression. Another type of depression occurs due to mental appraisal and interpretation of the depressionful situations by an individual and can be

called as perceived depression. Perceived depression can be measured with periodical self-reports collected from the individuals . In other words, it is the perception of the depression from an individual’s point of view. Theoretically, researchers expect that these two depression levels have a coherency between them. However, perception could be subjective, it can change from person to person. Liapis et al. give examples regarding the subjectivity of the self-reports. They demonstrated that although physiological data is similar for both genders in their laboratory experiments, women tend to express depression level more than men on self-reported data. Another problem of perceived depression is that since the self-reports are collected at certain periods, they can miss the depression episodes in some cases. Depression has a negative effect on memory and people have a tendency to forget depressionful events especially if the survey collection period is long. These two problems may result in discrepancies between the measured physiological depression levels and perceived depression levels. Collection of perceived depression data is also more difficult than physiological data collection. Although for the collection of the physiological data, an unobtrusive wearable device can be sufficient for the perceived depression, participants should fill some surveys periodically which could create a burden on the individuals. Depression helps the individual to survive in dangerous cases. Up to a certain level, depression can be also helpful in demanding situations such as presentation at work, exam in school. As abovementioned, depression is a mechanism of the body that helps and saves us in critical cases. However, after it exceeds a certain level, depression is not beneficial any-more, on the contrary, it starts damaging the health, emotional state, productivity and life quality of an individual. The reason is that our nervous system cannot differentiate between emotional and physical dangers. In emotional demanding situations such as an argument with a friend or a deadline, the nervous system reacts in the same way as a daily life-or-death situation. If this activation becomes frequent and an individual depressiones out more, body would be depressioned most of the time, and this can result in serious health problems.
1.3.1 Depression impact on society and economy
Daily life depression has become a significant issue for the modern society. Offices among other places contribute to the high depression most. The mismatch between job demands and abilities, time pressure and high workloads are general reasons for the office depression. Family-related issues, illnesses and chronic injuries and emotional problems can be listed as off-the-workplace depression causes. Depression is the second most severe work-related health issue in Europe, after musculoskeletal illnesses which can be caused by depression in some cases. The American Institute of Depression reveals that the US spends 300 billion USD per year to diseases caused by depression. In 2013, work-related depression cost 25 billion euros to the EU businesses. Recent public Survey  revealed that 51% of European workers are exposed to depression at workplaces. It is anticipated that 50–60% of all lost working days in the European business sector caused by work-related depression and psychosocial risks. There are two types of depression: acute and chronic. Acute depression is more common and the majority of people have experienced this kind of depression. American Psychological Association stated that demands and pressure from recent past and near future cause acute depression. The potential triggers for acute depression can be listed as athletic challenges, test taking, or anxiety when meeting new people. The causes of chronic depression can be counted as long-standing pressures and demands as a result of socioeconomic conditions, difficulties in interpersonal relationships, or an unsatisfying career. The consequences of chronic depression can be destructive if left unmanaged. Since the short-term symptoms of acute depression are more observable, researchers have investigated acute depression more than chronic depression. Furthermore, since the duration of acute depression is shorter, subjects are less affected when they are induced in the experiments when compared to chronic depression. As abovementioned, depression has noticeable effects on human health. In acute depression, possible symptoms can be listed as emotional didepression, muscular ache and tension, digestive tract issues, and overarousal. Overarousal related problems are more prominent which can lead to heart attacks, arrhythmias, and possible sudden death in those with preexisting heart conditions. Minor effects on physical conditions may include headaches, back pain, heartburn, stomach ache, elevated blood pressure, and rapid heartbeat. Chronic depression has similar effects with acute depression. However, it causes more damage to physical conditions. It is a significant risk factor for hypertension and coronary disease, irritable bowel syndrome, gastroesophageal reflux disease, generalized anxiety disorder, and depression. These health issues also have a prominent effect on the economy such as absenteeism, staff turnover and tardiness. These problems result in a decrease in productivity. “Presenteeism” problem, which can be defined as employees are present at their workplace, but they do not work at full capacity has also been emerged due to depression. The yearly cost of absenteeism and presenteeism has been estimated at 272 billion Euros and the cost of productivity loss has been 242 billion Euros every year in the whole of Europe. The long-term consequences of depression triggered a need for avoiding it when the symptoms first emerge. To prevent more damages, it should be detected in early stages.
1.3.2 Depression signals
We can measure and observe depression symptoms in numerous ways. The Sympathetic Nervous System (SNS) ignites the depression reaction, resulting in psychological, physiological and behavioral symptoms. The psychological way of measuring depression can be self-report questionnaires or being interviewed by a psychologist. Therefore, automatic depression detection topics do not include this class. The second way to detect depression is by evaluating physiological signals. They include information related to intensity and quality of the affect and experience of the subject. Signals of interest include hormone levels, Electro- Cardiogram (ECG), Electroencephalogram (EEG), Electro-Dermal Activity (EDA), Blood Pressure (BP), Skin Temperature (ST), Electromyogram (EMG), Respiration, Blood Volume Pulse (BVP), Pupil Diameter (PD), Eye Gaze and Blinking, Thermal Imaging (TI) and functional Magnetic Resonance Imaging (fMRI). The other two methods are investigating behavioral data and context information which are not investigated thoroughly in the literature. Another way of recognizing depression is from the behavioral changes. Depression affects in behaviors of individuals. Without invasive methods and a need for extra pieces of equipment, we can measure the behavioral changes. Behavioral responses comprise of keystroke and mouse dynamics, posture, facial expressions, speech, mobile phone usage, walking pattern and text linguistics. The last property we can recognize depression from is the contextual information which consists of calendar events and location. In this section, we will discuss the most important signals for depression detection, widely used types of equipment for each signal and the most distinctive extracted features.
1.3.2.1 Physiological signals
Heart activity

One of the most prominent signals for discriminating depression is the heart activity because ANS influences the heart rate directly. The electrocardiogram (ECG) is employed to measure the electrical activity produced by the heart via electrodes placed on the body typically to the left arm, right arm and the left leg. A typical heart beat has four fundamental elements which are baseline, P wave, QRS complex and T wave. The most distinctive R peak is employed for feature extraction. Heart activity can be modeled with heart rate (HR), RR intervals (IBI) and heart rate variability (HRV). Heart rate variability is the oscillation of the time between consecutive beats. IBI interval can be defined as the time between two consecutive R peaks. All of these can be inferred from R peaks. The wearable devices that are used commonly for ECG measurement are Biopacs MP150, MP35 and Shimmer Sensing 3. Features can be divided into three classes: time domain, frequency domain and non-linear features. Time domain features are the mean of RR intervals, the standard deviation of RR intervals, the root mean square of RR intervals, the percentage of the number of successive RR intervals varying more than 50 ms. Frequency domain features can be counted as Low-Frequency component, High-Frequency Component, LF/HF ratio. Most common non-linear features are entropy, complexity, Poincare Plots, recurrence and fluctuation slopes.

Brain activity

Brain activities are also affected from emotional changes and depression. The electroencephalogram (EEG) is used to measure the brain activity by placing a series of electrodes onto the scalp of the subject. BioSemi ActiveTwo, ABM B Alert X10, Emotiv EPOC+ are widely used gold standard types of equipment for measuring EEG. EEG signal is composed of four frequency bands: Alpha (8–13 Hz), Beta (13–30 Hz), Delta (0.1–4 Hz) and Theta (4–8 Hz) [11]. Alpha activities are a sign of a calm and balanced state of mind and decrease in depressionful states. Beta activity correlates with emotional and cognitive processes and increases with depression. Mean amplitudes of the EEG signal, mean amplitudes of Event Related Potentials (ERP), alpha, beta, theta frequency bands, mean power ratios and fractal dimension features are used to detect depression.

Muscle activity

The depression-related neural activity also affects muscles. Muscle action potentials are used to detect depression. Electromyogram (EMG) measures muscle action potentials by placing electrodes on selected muscles. Facial and Trapezius muscles are regions of interests for measuring muscle activity. The mean, median, standard deviation, RMS, peak loads and gaps per minute are the features that are used commonly.

Electrodermal Activity (EDA)
EDA, also known as Galvanic Skin Response (GSR) is the change of electrical properties of skin. Under emotional arousal and depression, body sweats and skin conductance increases. EDA can be computed by applying a small current and measure the resistance of skin between two placed electrodes. The EDA signal is composed of two components. The first one is the Skin Conductance Level (SCL). It represents slowly changing part over a long term (Tonic). The second part is the Skin Conductance Responses (SCR) which represents the faster and event-related part of the EDA (Phasic). To measure a slowly moving baseline and extract statistics related features such as mean, standard deviation and percentiles researchers are using the Tonic (SCL) part since this part is not contaminated with peaks which will affect the baseline calculations. For arousal event detection, the Phasic (SCR) part is employed. EDA is one of the best discriminative signals along with the heart rate signal. ProComp Infiniti, Biopac MP150, Shimmer 3 GSR+ and Empatica E4 wrist band are the instruments that are used widely to measure the EDA. The mean amplitude, standard deviation, minimum and maximum values, RMS, the delay between applied stimuli and response, number of peaks, peak height, rising time, recovery time, the position of maximum and minimum features are tried in the literature to determine depression of a user.
Blood volume pulse

When HR and HRV change with depression stimuli, blood volume and blood pressure also change. Blood volume pulse (BVP) is the change in the blood volume for each interbeat interval. Photo plethysmography (PPG) is the low-cost optical technique to measure BVP. It uses the absorption of light by blood. After light is emitted from a light source, different amounts of blood in the volume will absorb different amount of light. In this manner, blood volume can be measured. UFI model 1020, Empatica E3 and E4 wristbands, Angel Sensor, Biopac Bionomadix PPGED-R are the pieces of equipment that are commonly employed to measure BVP by using PPG. Although BVP features can be used directly, in general, they are used to extract the heart rate variability or IBI features.

Skin temperature

Skin temperature can change due to various factors including depression. Research demonstrated that arousal can cause 0.1 or 0.2 Celsius temperature change. The main reason for local temperature changes is that the blood flow is controlled by SNS. By controlling other factors, the effect of depression on the skin temperature can be measured. Mean, minimum, maximum and standard deviation of skin temperature features were used in the literature to determine depression.

1.3.2.2 Behavioral data

Speech
Depression causes changes in the human voice generation mechanism. Pitch, speaking rate, energy and spectral characteristics are affected by depressionful events. Speech is preferred by many researchers because it is noninvasive and data collection is easy in the controlled quiet environments. Pitch (mean, standard deviation, range), higher frequency bands ratio, speaking rate, voice intensity, smoothed energy, voiced- unvoiced speech ratio, Mel Frequency Cepstral Coefficients (MFCC) are the features that are used widely to detect depression levels.

Facial expressions
Depression and emotional states have a correlation with facial expression. It has been demonstrated that facial expressions reflect emotions more than self-reports. Facial EMG and image recognition from cameras were used to detect facial expressions in depressionful situations. Mean smile intensity, eyebrow activity and mouth activity are the main facial features for detecting depression.
Keystroke and mouse dynamics

Another important behavioral data is keystroke and mouse usage dynamics. Every individual has a different writing and mouse usage speed and style. Especially the speed of writing and mouse usage depends much on individuals. These two features define the key- stroke and mouse dynamics of a user. When an individual is depressioned, the muscles contract more than usual and it affects keystroke and mouse dynamics of an individual. Depression can be detected by relying on this change. Keystroke and mouse dynamics is a noninvasive technique and does not require additional equipment other than the mouse and the keyboard. The most important and measurable features that distinguish depression from keystroke dynamics are dwell and flight times, pause rate, the frequency of using specific keys such as backspace and space-bar, duration of digraphs and trigraphs and key pressure.

Important mouse dynamics features can be listed as the acceleration, average speed of the movement, frequency of the movement, stillness, frequency of the clicks.

Body gestures and movements

Individuals demonstrate behavior and gesture changes when feeling depressioned. These changes include but are not limited to jaw clenching, arm movements, self-touching, finger rubbing. Posture change is an-other sign of depression. Depression in sitting position is investigated by the change in the center of pressure. Subjects revealed more posture changes under depressionful situations.

Mobile phone usage

Depression also affects how the individual uses smartphones. Since collecting information is easy and non-invasive, smartphone usage behavior changes are investigated in the literature. Call logs, SMS logs, app usage, types of apps, battery usage, the screen on–off frequency, internet browsing and Bluetooth proximity were used to detect depression.

1.3.2.3 Questionnaires and surveys

Psychological depression evaluations can be collected by asking subjects to fill questionnaires and by interviewing. There are two ways to collect data from subjects in daily life (or long laboratory experiments) which are instant reporting and day reporting (or cumulative reports). People have a tendency to forget emotional peaks in 24 h. For this reason, asking questions to subjects at the end of the day can cause incorrect measurements. The alternative is to ask subject to report depressionful events instantly. The problem in this manner is that people can forget to report events. In the literature, a combination of these methods is used to increase the accuracy of reports. Perceived Depression Scale (PSS), Depression Self-Rating Scale (SSRS), NASA-TLX, Self Assessment Manikin and Positive and Negative Affect Schedule (PANAS) are the questionnaires and interviews that are commonly used in the laboratory and daily life depression experiments.

1.4 Depression detection 

Simply collecting the patterns of people’s behaviour is insufficient for helping them improve their personal wellbeing. It is important to use different dimensions of people’s wellbeing and compute their depression level. That way, we will be able to help them by giving advice for reducing their depression level and therefore improving their quality of life. Our depression detection module takes into account three main dimensions of wellbeing: the sleeping pattern of the users, their social interaction and their physical activity Sleeping pattern There is a large body of research work which analyzes the link between sleep hygiene and the mood of people. People usually exchange sleep for additional working hours as a coping mechanism for busy lifestyles.

User interface for the mood inference
In our depression detection module we take into account the user’s duration of sleep. We set the number of normal sleeping hours at 8 and penalize insufficient sleep and oversleeping. We set the lower threshold of normal sleeping hours at 7 and the upper threshold at 9 hours according to. For any extra missing or more hours of sleep we penalize the behaviour of the user with a weight factor per hour. In order to compute the sleeping pattern of the user we take into account the interaction of the user with his phone, by monitoring touches on the device’s screen. Between 6 p.m. and 10 a.m. we compute the biggest time interval that the user did not touch his screen and we infer the duration of his sleep.
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1.4.1 Social interaction 

The daily social interaction of people has a serious impact on many dimensions of wellbeing. People who maintain dense social connections are more likely to have resilient mental health. They tend to be able to cope with depression and often are better able to manage chronic illness. On the other hand regarding communication, researchers are hypothesizing that perhaps people become so used to and even dependent on receiving constant messages, emails, and tweets, that the moment they do not receive one, their anxiety increases. People feel compelled to check their phone constantly, which can then lead to disappointment when there are no new messages, and increased depression about why no one is messaging them, or when the next message might come. However, repetitive checking of mobile phones is considered a compulsive behaviour. People who are highly dependent on the Internet for interaction act impulsively, avoid emotions, and fail to keep up a proper planning or time management. We identify features which are relevant for detecting problematic phone usage and therefore increase the depression level of the user. In our system we take into account the number of touches of the screen (quantifying the usage of applications on the phone), the number of calls and the number of SMSs as factors for the social interaction of the users using their smartphones. The accumulated result per day is multiplied with the corresponding weight factor and therefore it is accumulated in the total relaxation score. The accumulated result of the social interaction dimension is computed using weights. These weights of the subdimensions of the social pattern are computed by asking the users in the beginning of the experiment to prioritize the ways of social interaction. The idea of the scoring procedure is the following. We assign a weight factor to each of the three subdimensions of social interaction. This factor is based on the response of the participants to the following question which was asked in the beginning of the experiment. Which of the three subdimensions do they personally consider as the most important for their communication with other people? To the most important dimension we assign a weight of w1 = 0.4 and to the rest we assign a weight of 0.3 respectively (w2 = w3 = 0.3), so that w1 + w2 + w3 = 1. 

1.4.2 Physical activity 

Physical activity plays a key role in the control of neuroendocrine, autonomic, and behavioral responses to physical and phychosocial depression. Physical activity is commonly regarded as beneficial to both physical and psychological health, and is seen as an effective preventive measure and treatment for depression-related diseases. Physically active people show reduced reactivity to physical depressionors as well as reduced susceptibility to the adverse influences of life depression. Several studies have linked exercise to improved depression, self-esteem and depression. Our system monitors the physical activity of the user, making the distinction between the type of activity (e.g. walking, running, bicycling). We have also implemented a step counter which gives us the opportunity to find the number of steps that each user took per day. The American Heart Association uses the 10,000 steps metric as a guideline to follow for improving health and decreasing risk of heart disease, the leading cause of death in America. 10,000 steps a day is a rough equivalent to the Surgeon Generals recommendation to accumulate 30 minutes of activity most days of the week. At first, in our model we assign the maximum value of wellbeing, and therefore the lowest depression level, when reaching the goal of 10,000 steps per day. If someone reaches less than this number we penalize (decrease relaxation score) with a weight factor per 1,000 steps. After the reception of the data for one month and based on the answers of the users to the Circumplex Model of Affect, we extract the pattern between the ideal physical activity of each individual user and his daily steps. Therefore extracting the personal pattern of the user we assign this value to the maximum value of wellbeing for this user. Then the comparison and the behavior of the user is compared with this personalized new value.
1.5 Artificial Neural Network

In order to overcome the limitations of traditional models and to improve the performance of the prediction of fatigue crack growth, more and more intelligent and interdisciplinary methods have been explored in the last several decades. In recent years, machine learning based approaches in the fields of fatigue crack detection and fatigue life prediction have become more attractive to researchers. Especially, artificial neural networks (ANNs) have been applied in many areas related material science. It has been shown that ANNs have the strong capability of learning the input-output relationship of a non-linear dynamic system through training with sufficient examples, and a well-trained ANN is able to exhibit the inherent behaviour of a non-linear dynamic system. Based on the investigations of the mechanical behaviour of the crack growth process and investigations of traditional crack growth models in the previous section, the process of crack growth under a given cyclic loading can be treated as a highly non-linear, timevarying and multivariable dynamic system. Therefore, in the absence of a complete understanding of the behaviour of the system, it will be of interest to use an ANN-based approach to characterize complex crack growth behaviour. ANN-based models to analyse the crack growth process related to its driving factors. Therefore, the discussions in this section are focused on the fundamental methodology of ANN, including the architecture of ANNs and the learning algorithms for training.
1.5.1 Fundamental approach 

The term “neural network” refers to a collection of neurons, their connections and the connection strengths between them. The knowledge is acquired during the training process by correcting the corresponding weights so as to minimize an error function. There are three types of learning in ANN technology: supervised, unsupervised and reinforcement. In case of supervised learning (learning with a teacher), the network is trained by optimizing corresponding weights in such a way that the significant outputs can be obtained for the inputs not belonging to the training set. The unsupervised training is based on organizing the structure so that similar stimuli activate similar neurons where there is no pre-defined output and the network finds differences and affinities between the inputs. The reinforcement learning, which is a particular form of supervised training attempts to learn input-output vectors by trial and error through maximizing a performance function (named reinforcement signal). Back propagation networks are in fact the powerful networks which refer to a multi-layered, feed-forward perceptron trained with an error-back propagation algorithm (error minimization technique). The architecture of a simple back propagation ANN is a collection of nodes distributed over a layer of input neurons, one or more layers of hidden neurons and a layer of output neurons. Neurons in each layer are interconnected to subsequent layer neurons with links, each of which carries a weight that describes the strength of that connection. Various non-linear activation functions, such as sigmoidal, tanh or radial (Gaussian) are used to model the neuron activity. Inputs are propagated forward through each layer of the network to emerge as outputs. The errors between those outputs and the target (desired output) are then propagated backward through the network and then connection weights are adjusted so as to minimize the error.

1.5.2 Design and analysis of ANN model for crack growth rate prediction 

The neural network used in the present investigation is a multi-layer feed forward perceptron  trained with the standard back propagation algorithm [39]. It consists of one input layer, one output layer and seven hidden layers. Hence, the total numbers of layers in the network are nine. The chosen numbers of layers have been selected empirically so as to facilitate training. The three input parameters associated with the input layer are as follows; Depression intensity factor range = “sifr”; Maximum depression intensity factor = “msif”; Overload ratio = “olr”. The output layer consists of one output parameter (i.e. crack growth rate = “cgr”). The neurons associated with the input and output layers are three and one respectively. The neurons in seven hidden layers are twelve, twenty four, hundred, thirty five, and eight respectively. The neurons are taken in order to give the neural network a diamond shape. The neural network has been written in the C++ programming language and all the training tests have been performed on a personal computer in MATLAB environment.

1.5.3 Application of neural network architecture 

Proper selection of input and output parameters and their normalization are the two primary objectives to design a suitable ANN architecture. The proposed ANN model has been developed using back propagation architecture with three inputs and one output. The two crack driving forces: depression intensity factor range (ΔK) and maximum depression intensity factor (Kmax) have been chosen as the two inputs. The selection of ΔK and Kmax as two inputs for the present model is based on the principle of Unified Approach [5]. According to this principle, fatigue is considered as two-parametric problem because there are two driving forces (ΔK and Kmax) required to obtain fatigue crack growth. The third input is the overload ratio (Rol) as the amount of retardation varies with the overload ratio. Crack growth rate (da/dN) has been selected as the output for the present study. As far as normalization of input and output parameters are concerned, classical normalization, where the range is scaled between 0 and 1, may not be applicable in every ANN model.
1.5.4 The ANN Approach 

Artificial neural networks (ANNs) are widely used computation procedures to help resolve multifaceted problems by simulating animal brain processes in a shortened method. Perceptron-type neural networks (PTNNs) cover the artificial neurons (nodes). These nodes are the information processing units in PTNNs. Moreover, artificial neurons are systematized in layers and interrelated by synaptic weights (connections). According to this information processing style, the neurons can screen and communicate the data in an in-demand administered style to construct an analytical model that is able to classify the data stored in the memory. The ANNs typically are designed as three-layer network models of interconnected artificial neurons (the input layer, the hidden layer, and the output layer). It can be mentioned that there is the possibility for researchers to form one or more hidden layers between the input and output layers’ neurons. Moreover, the neurons belonging to the identical layer have no interconnections, but despite this, each neuron can be linked to another neuron in the subsequent layer.
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Schemes for the structure description of the artificial neural networks (ANNs): (a) Description of neural network architecture: IL —input layer, HL—hidden layer, and OL—output layer; (b) Description of neural network active node: IN—inputs, WE—weights, AF—activation function, Sj—sum of the weighted input, and Oj—output activation function.
The input layer collects statistics about variables from the constructed dataset, and then the hidden layer completes the data processing. The output layer is the layer that is designed to produce the categorical class label, and otherwise used to predict continuous measures. The input layer values toward the inside the hidden node are multiplied by weights, which are a set of prearranged values. Later, all the measures are added to construct a single number, which is accepted as an argument to a nonlinear mathematical function, named in ANNs as the activation function (AF). The nonlinear AF returns the output as a number between 0 and 1. The ANNs’ neurons have two process approaches—the training stage and the using stage. Throughout the training stage, datasets with authentic inputs and outputs are involved as examples to train the system to predict outputs. This controlled learning starts with random weights and, through the use of gradient origin examination algorithms such as back-propagation, corrects the weights to be applied to the problem at hand. The variance among target output measures and gotten measures is used in the error function to manage learning.
According to the rule, the higher learning rank shows faster convergence, but it is not very good decision to look for the high validation measures of data training, because this search path may wrap around the ideal explanation and convergence may turn out to be unrealizable. After a dataset of respectable weights has been originated, the neural network model can take an alternative set with unidentified output measures and forecast the corresponding outputs automatically. 

1.5.5 The Multilayer Perceptron Approach 

The perceptron-based model described above is fairly restricted; it is only typically appropriate for linearly identifiable data. In case of a non-linear dataset, the perceptron-based model is extended to a more multifaceted construction, specifically known as multilayer perceptron (MLP). Moreover, MLP can be described as a neural network with neuron layers that are interconnected, so that the output of a neuron in a layer is only allowed to be an input to neurons in the upper layer. Furthermore, it means that, if non-linear activation functions, such as the sigmoid function, are used for those neurons. As such, the MLP neural network is capable of encompassing the high non-linearity of the dataset, which proves that it is possible to approximate any continuous function at the random minor error by applying complex-enough MLPs. For simplicity, a neuron is activated by the sum of weighted outputs of the neurons in the lower layer. A MLP network training procedure is used to minimize an objective function with regard to its criteria (i.e., weights and biases), which is connected to the task that the MLP is used for. In case of a need to reduce the objective function E(θ), the gradient method can be used, which states that the sum of an update for a parameter is negatively proportionate to the gradient at its current value. 
The BPA changes ANN weights to lessen the mean squared error among the looked-for and the actual outputs of the network. BPA uses controlled learning in which the neural network is trained using a dataset for which the input, as well as the desired outputs, are known. After the training process, the network weights are identified and then are used to compute the output measures for the original input samples. The feedforward algorithm is the calculation method that allowed us to quickly complete the prediction by an MLP (Figure 1a). The algorithm indicates that x is primarily computed by the outputs of the neurons in the primary layer, and later the outputs of the neurons in the second layer are computed, and the process continues until the top layer is reached. 

1.5.6 The Number of the Necessary Hidden Units 

The computing of the essential number of hidden units (NHUs) in an MLP is important to realize a specified approximation order. Also, the NHUs influence both the achievement of the given approximation instruction for the randomly sufficient smooth function and the number of independent values to be adjusted by varying the network parameters. Moreover, the computing of a number of MLP parameters is not so straightforward. Furthermore, the specified NHUs of the network parameters is not single. This situation can be described in case the hidden units are distributed in dissimilar hidden layers in numerous different ways.
1.5.7 Artificial Neural Network Depression Classifiers 

ANNs, inspired by biological neural networks, have characteristics for learning patterns to classify input tuples into classes. It is made up of interconnected processors, known as artificial neurons, which are connected by weighted links that pass signals between neurons. In this paper, feed-forward ANNs trained using backpropagation were used. Three topologies were used to classify depression in reading. For two ANNs, a GA was used to select depression features, which formed inputs to the ANNs. As a consequence, the three ANNs differed only on the number of inputs used. The ANNs were: 

· ANN-AllInputs: A feed-forward ANN was generated for each participant. The ANN had 215 inputs, which mirrored the number of features derived from the primary signals for depression. 

· ANN-GAInputs: This ANN was similar to ANN-AllInputs but the number of inputs was based on the features selected by a GA. The GA selected features to improve the classification rate for depressioned and non-depressioned states. 

· ANN-3Seg-GAInputs: An ANN was generated for each participant with at most 10 features with 3 sequential time segments for each feature as inputs to the ANN. Like ANN-GAInputs, the GA selected features to improve the classification rate for depressioned and non-depressioned states. 

GAs were not only used to improve the classification by selecting relevant features but also to leave out corrupted features. For instance, ECG sensors malfunctioned when acquiring ECG signals for participant with index 19, and this corrupted corresponding features. This information was recorded during data acquisition and can also be seen from observing graphs of raw signals. With a GA, there is a better chance that the ANN classifiers will not use corrupted features for developing relationships from features for depression classification. A reason for selecting fewer features than the total number of features for ANN3Seg-GAInputs was to determine whether fewer features can be used to successfully represent the feature space with a smaller network. In addition, if all the features were used as inputs then, in total, the number of inputs would have been 3-fold greater than ANN-AllInputs. Results from ANN-GAInputs show that all 215 features were not needed for an ANN classification. Using ANN-GAInputs, it was found that a smaller subset of features can produce a classification with a better accuracy. This provided another motivation to use fewer features as inputs in ANN-3Seg-GAInputs. The data sets for each participant was divided up into 3 subsets – training, validation and test sets – where 50% of the data samples were used for training the ANN and the rest of the data set was divided up equally for validating and testing the ANN. MATLAB was used to implement and test the ANNs. The MATLAB adapt function was used for training the ANN on an incremental basis. Each network was trained for 1000 epochs using the Levenberg-Marquardt algorithm. The network had 7 hidden neurons and one neuron in the output layer. Future work could investigate optimizing the topology of the ANN for depression classification on the reading data set. The accuracy, sensitivity, specificity and the F-Score were calculated to determine the quality of the classification. GAs were used to select features in ANN-GAInputs and ANN-3Seg-GAInputs based on quality measures for depression classification from ANNs. A GA is a global search technique and has been shown to be useful for optimization problems. Given a population of subsets of features, the GAs evolved the feature sets by applying crossover, mutation and selecting feature sets during each iteration of the search to determine sets of features that produced better quality ANN classifications. The initial population for the GAs was set up to have all the features. The number of features in the chromosomes varied but the chromosome length was fixed. The length of a chromosome was equal to the number of features in the feature space. A chromosome was a binary string where the index for a bit represented a feature and the bit value indicated whether the feature was used in the ANN.
1.6 HUMAN DEPRESSION LEVEL PREDICTION AND PREVENTION SYSTEM 

In this research method, initially EOG artifacts present in the raw EEG signals are filtered out, thus the classification error can be reduced. After noise reduction, time domain features are extracted from the EEG signals thus the classification accuracy can be increased considerably. Finally depression level classification using time domain features are done by using Artificial Neural Network approach. This proposed method ensures the accurate classification outcome which leads to efficient human live saving. If high depression, next mantras are hear or chant and this statistical examination is conversed, in the course of the performance analysis.
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Overall view of the proposed system
The detailed explanation of the proposed research method is given in the following sub sections. 

1.6.1 EOG ARTIFACT REMOVAL 

EOG noises are genearated due to continous eye movements and blinks happened while recording the EEG signals. In technical, EOG noises are low frequency and high amplitude signals that affects the original quality of the EEG signal which is recorded. There are two steps performed to remove the EOG noises present in the EEG signals. First is EOG noise detection and EOG noise correction. EOG noise detection is performed by using Auto regression model for the different time domains. The inverse filteirng method for varuing time domain is used to detect the EOG noise which is denoted. The vairance vt of the measured EEG signal decides the presence of the EOG artifacts in the measures signal. The variance above the threshold indicates that the EOG noises are detected at recorded EEG signal. Thus the elimination of EOG noise from the EEG signal would lead to obtian the EEG signal without noise. 
1.6.2. TIME DOMAIN FEATURE EXTRACTION 

After preprocessing, feature extraction from the pure EEG signals is done which can be utilzed to characterize the depression level accurately. Here the preproessed EEG signal would be segmented into five equal frames with constant duration. By doing so, depression level changes can be accurately predicted and can be differentiated for the multiple persons. This is ensured in this research method by introducing the time domain based feature extraction whih can differentiate the feature values accurately. This work considers the 4 time domain features for the accurate classification rate. Those are, simple square integral (SSI), integrated EMG (IEMG), waveform length (WL) and difference of absolute standard deviation value (DASDV). The definition and calculation procedure of these features are shown below with sutiable equation. 

Simple square integral (SSI): A summation of sqaure values of the EMG signal amplitude. Integral square uses energy of the EMG signal as a feature. Generallly, this parameter is defined as energy index.

Integrated EMG (IEMG): A summation of abolute values of the EMG signal amplitude. Normally used as an onset detection index in EMG nonpattern recognition and in clinical application. It is related to the EMG signal sequence firing point.
Waveform Length (WL): Cumulative length of the EMG waveform over the time segment. A measure of complexity of the EMG signal. Some literatures called this feature as wavelength (WAVE).

Difference Absolute Standard Deviation value (DASDV): A standard deviation value of the wavelength. Look like root mean square (RMS) feature.
1.6.3. DEPRESSION LEVEL CLASSIFICATION USING ANN 

The classification is user independent which means data gathered from all participants are used for training the classifier. The feature vector obtained all the way through HTT is classified into neutral or three stages of depression (depressionlow, depression-medium and depression-high). In this work, we adapted Artificial neural network algorithm for the depression level classification.

ANN is a multifaceted adaptive system which can alter its domestic arrangement based on the information pass through it. It is achieved by adjusting the weight of association. Each link has a weight coupled with it. A weight is a number that organize the signal amid two neurons. Weights are attuned to get better the result. Artificial neural network is an example of supervised learning. Artificial neural network acquired the knowledge in the form of connected network unit. It is difficult for human to extract this knowledge. This factor has motivated in extracting the rule for classification in data mining. The procedure of classification is starts with dataset. The data set is divided into two parts: training sample and test sample. Training sample is used for learning of network while test sample is used for measuring the accuracy of classifier. The division of data set can be done by various method like hold-out method, cross validation, random sampling. In general learning steps of neural network is as follows:  

· Network structure is defined with a fixed number of nodes in input, output and hidden layer.  

· An algorithm is used for learning process.

The ability of neural network to make adjustment in structure of network and its learning ability by altering the weight make it useful in the field of artificial intelligence.
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In the ANN model given in figure 3, the input variables are deformation time domain feature values extracte from the signal namely Simple square integral (SSI), Integrated EMG (IEMG), Waveform Length (WL), Difference Absolute Standard Deviation value (DASDV), while the output variable is depression level (σ). The experimental data obtained from the human with both depression and non depression were used to train and test the model. All the data were divided into two sets: 82% data points were selected as training dataset for training the ANN model and the remaining 18% data points were used as testing dataset for evaluating the performance of the ANN model.
1.7 APPLICATION OF THE FULLY CONVOLUTIONAL NETWORK TO DEPRESSION DETECTION TASKS 

To design a model useful to a broad audience and applicable to almost any interested party, the training processes of neural network models focused only on using smartwatch WESAD data (wrist data). Following, all other sensor data from the initial data set that are not widely available in commercial smartwatches (like EDA sensors) were removed from the training data. For programming purposes, popular Python environments TensorFlow and Keras were used. Finally, a Google cloud machine with Nvidia K80 GPU was exploited to provide optimal computational power.
For research purposes, an FCN and a ResNet DL model from were used for binary classification of baseline and depression states of the subjects. These models proved reliable and capable of a quality prediction of time series, especially the FCN model, a simple but effective model for time series classifications. Both networks were based on convolution layers, where the main difference between the two was in the number of layers: FCN was designed with 3, while ResNet possessed nine convolution layers. In general, a convolutional layer is a linear layer, like any other dense layer. However, the convolution layer structure was adapted for work with temporal information, which provided faster processing and improved accuracy of time series in comparison to a dense layer. In addition to these two types of networks, good results in DL analysis for emotion detection were presented. After three convolutional layers of FCN, a global average pooling and the final SoftMax layer continued. At the end of each convolution, a batch normalization layer influencing training and convergence performances was applied. The main batch parameters, feature maps and striding, were tuned with special attention. Feature maps affected the total number of neurons within a network, while striding influenced how the network processed and sampled the time series data. The best empirical performances were achieved to combine four, two, and two strides for each of the three convolution layers of FCN. This combination was applied to the structure of the network. Feature maps layers 1 to 3 were selected by following the procedure from, and the following configuration was utilized: 64, 128, 256. The approach from was also applied for selecting an Adam optimizer learning rate equal to 0.001, which was the default configuration for FCN. Two hundred and fifty learning epochs were specified, and the model that showed the best performances on the validation set was selected. Finally, ReLU activation functions were chosen for building artificial neurons and DL models.
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Simplified Diagram of FCN Model
For evaluation purposes, Leave-one-out cross-validation (LOO) from was performed. The LOO experiment was performed on 15 folds, where for each tested subject, the data was trained on 12 other subjects, and two additional subjects were used for building the validation set. For example, if the test data was defined as S2, validation data variables were randomly selected to be S3 and S5, and all other variables were used for the training data set. By utilizing this kind of approach of treating acquired data, 15 different data sets were created through the experimental phase, and they allowed 15 different testing environments for the proposed intelligent algorithm, providing robust and reliable results in the end. Different configurations of FCN and ResNet models were tested on the 
























