

STRESS DETECTION USING GALVANIC SKIN RESPONSE: AN ANDROID APPLICATION 

ABSTRACT

Stress is one of the factors that affect human health in many aspects. It is considered as one of the culprits in increasing the risk of getting sick that could probably lead to critical physical or mental illnesses. Stress can be experienced everywhere and in different circumstances. Hence, stress should be controlled and managed by monitoring its progress or regress. Physiological information can be used to determine stress levels. One of these is the Galvanic Skin Response (GSR) that utilizes skin conductance which is known to be directly involved in the emotional behavioural regulation in humans. In this study, a method on how to determine stress when a person is engaged in mobile communication is proposed. An Android application was developed that is capable of determining the stress level of a person while doing SMS composition. GSR data were utilized and the performance of the proposed method was found of no significant difference with a commercially available device. Factors like phone size and period of texting was investigated and were found out that these only contribute an extremely low level of stress. The developed App could be used to determine stress levels especially if emotional conversations are considered.
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CHAPTER 1
1.1  INTRODUCTION

          Modern communication systems transformed the way people talk and perceive information. This is brought about by the advanced telecommunication devices which are easily accessible by hand, the smartphones. A recent survey shows that 66.72% of the world owns a cell phone with mobile connections close to 9 billion consisting of unique mobile users approaching 5.2 billion out of the approximate 7.7 billion population of the world. People ages between 18-29 are all found to have mobile phones while 94% own a smartphone only. The demand for more voice and data services is ever increasing parallel to the increasing contents that the Internet can provide. The most common method of communication is via text messaging or technically known as SMS (short message service) which is available on-line or off-line. This is viewed by many people as a key part of daily social life. Receiving a text message somehow provides an instant urge to read and send a reply to the sender regardless of whatever the recipient is doing. Nonetheless, it is anticipated to experience stress during this instance in communication. A direct link exists between stress levels and texting using mobile phones. Texting induces stress to a person that probably varies with the period of texting time and the size of the phone aside from the thoughts of the message received. Long term exposure to mental stress could lead to some health problems as well as disruptions of the different systems of the human body. Aside from mental issues, the physical and social well-being of a person can also be affected. Physiological information can be used to identify if a person is stressed or not. They are used to possibly predict increasing or decreasing levels of stress once a person is engaged in a certain activity. In a more practical and economical way, the electrical conductance of the skin can be utilized through what is known as galvanic skin response (GSR) or electro dermal activation (EDA). GSR or EDA is the measure of the continuous variations in the electrical characteristics (conductance) of the skin caused by the variation of the sweating activity of the human body. This concept is based on the assumption that skin resistance varies with the state of the sweat glands in the skin. The resistance was just reciprocated to determine the conductance. This concept is based on the activity of the Autonomic Nervous System (ANS) with which if its sympathetic branch is highly aroused, the activity of the sweat gland follows. This results to decrease in skin resistance thus, increasing skin conductance. This instance is used to measure human sympathetic nervous system (SNS) responses which are directly involved in the emotional behavioural regulation in humans. Hence, GSR data were used in relation to mental state, such as stress, drowsiness and engagement. This study would like to look at the effect of the ergonomic design of the mobile phone in terms of its length, height and width as well as the length of time that a person is engaged in a texting task. Two types of mobile phones were used; conventional phones and smartphones. Phone size matters and has been a constantly changing design parameter since mobile phones were made available in the market. Mobile phones in the 1990’s are big and bulky. Their size was reduced around the year 2000’s. But when the smartphones were invented with touchscreens, phone sizes varied proportional to the area of its screen. Keypads are now made available on screens and other characters are available for additional means of conveying information. The physical appearance of mobile phones has evolved to further improve user-experience and ergonomics. The utilization of conventional phones that uses T9 keypads versus the modern touchscreen smartphones with “qwerty” keypads poses an issue of which among the two induces lesser or greater stress levels to the users especially when they are engaged in emotional conversations. Factors like the size or dimensions of the phone, and the time of composing messages were investigated in relation to the possible stress level induced. GSR was used as the physiological information which was then processed to assess stress levels. Moreover, a stress level detection application was developed in the Android platform which was benchmarked from the performance of a commercial grade eSense GSR skin response application.
           Stress is an emotion of unexplained anguish, anxiety and fear from which a person is unable to free itself. Stress is the response to a stimulus, which combines cognitive reactions, physiological reactions and behavioral reactions. Although controlled and fugitive stress is a driving force to achieve a difficult task, when manifested at the wrong time and when experienced strongly for a long time stress is dysfunctional, with unpleasant effects on humans. Stress reduces the individual to a specific reaction and causes a corresponding change in the nervous system (e.g. tachycardia and sweating). The Autonomic Nervous System (ANS) is responsible for stress control. There are two divisions of the ANS the sympathetic and the parasympathetic nervous system (SNS and PNS) that are having opposing effects, while the balance between them is critical for effective bodily function. In the state of anxiety, the sympathetic part hyperworks. The three basic parts of the emotion reaction, is the physiological arousal, the expression motor and the subjective feelings. Stress can also be a multi-dimensional clinical symptom as a result of a poor quantitative elation or due to a permanent anxiety situation. With this format, the stress escorts many medical and psychiatric disorders, i.e. being the predominant symptom of anxiety disorders. Furthermore, stress may appear as an indicator of reaction to a disease. Especially, in the elderly a physical disease may be chronic and combined with other losses such as revenue, social position, loss of relatives and friends can escalate stress symptoms to depressive illness. Elderly with such a form of secondary depression typically show more anxiety, pessimism and feeling of lack of support. Even though stress can be addressed with effective methods, this is often underestimated, disregarded or treated incorrectly. Neglecting and failing to cope with stress can have further adverse effects on health, manifested in the form of psychosomatic diseases and psychiatric complications or as a disintegration of interpersonal relationships leading to isolation. It is considered that the proliferation of wearable technologies can offer a wide range of health monitoring opportunities, despite the many challenges that must be overcome in terms of lack of standards, service integration/adaptation, and privacy and trust concerns. The data obtained through sensors can be analyzed using intelligent techniques, such as non-linear analysis, probabilistic analysis and rough set and soft set  in order to support health related decision making mechanisms. The traditional approach to measure stress is by using weighted instruments such as scales and questionnaires. The disadvantage is that such methods are not objective, require a lot of manual effort and they cannot easily adapt to dynamic environments. On the other hand effective stress management depends on long-term monitoring and recognition of stress levels to confront and limit stress implications. The collection and logging of several biological parameters such as skin temperature, electrodermal activity, blood pressure, heart rate and respiratory rate have been reported to achieve this goal. A study that examined the use of skin temperature in detecting human stress level is reported in. Using the Stroop test to induce stress feelings in young volunteers the researchers found that the average temperature in the majority of the participants increased almost linearly from relax to stress period and this change was statistically significant. The use of electrodermal activity to discriminate between cognitive load and stress at working environments is discussed in. The experiment performed during the study simulated both social and mental stress elements. Features calculated for the assessment of stress level were statistical measures of electrodermal activity signal level (i.e. avg, max and min values), the linear regression fit line slope of the raw signal and the signal peak height and rate as well as various percentile values of them. The analysis performed showed that percentile thresholds of the mean signal rate were more powerful in distinguishing cognitive load from stress. The appropriateness of the electrodermal activity in terms of the Galvanic Skin Response metric for detecting stress has been also manifested in several studies. Heart rate variability (HRV) features calculated with signal analysis in time and frequency domains have been proved as good indicators of stress detection compared to other related physiological signals such as blood pressure. In a recent study with young participants the analysis of HRV on frequencies was focused in the context of an experiment using the Stroop test as a stressor. The analysis revealed that in the stress period the high frequency and very low frequency components were significantly reduced while the low to high frequency ratio was significantly increased with respect to the corresponding values observed during the relax period. A different approach was followed by a study which examined non-linear HRV methods, like Approximate Entropy, to calculate important features. Thirteen different features were calculated and most of them were found to decrease significantly during the stress period. However a subset of three features were finally selected to reduce system complexity without affecting stress detection accuracy. Although there are many studies on stress monitoring these are focused on younger ages and so a different characteristic of our work is its focus on a target group that has not been examined adequately in the past. Our objective is to identify individual characteristics that suggest the existence of stress and how they affect the emotional state of seniors and associate these characteristics with features extracted from biometric signals. The detection of these characteristics will facilitate intervention measures determined by clinical experts. For identifying these characteristics, on the one hand emotional/psychological measurements are performed by using special questionnaires (personality, state-trait anxiety and emotional management), and on the other hand variables are extracted from biometric signals collected by using wearable sensors. Results on the statistical correlation among extracted features and stress are reported. To the extent of our knowledge a study with such characteristics has not been previously performed and reported in the literature.

1.2 Methods 

              Stress level detection using GSR is guided by the block diagram. An initial skin conductance is required to establish baseline readings when the person is in a relaxed state. A specialized sensor attached to the fingers of the participant and connected to the headphone socket of the mobile phone was used to gather the GSR. Readings should be obtained when the person is idle or basically at rest. GSR is taken again when the person is engaged in a texting task or when composing a pre-defined text message. These readings are then pre-processed to determine the upper and lower thresholds or cutoff values.
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Stress level detection block diagram
A total of 25 tests were conducted from five different participants doing a texting task five times. The baseline data was recorded when the participants are in a relaxed position for a minute and the actual test data follows with a variable period of time. Two apps were used: the eSense App and the GSR App. Initial data acquisition was performed in a quiet and controlled environment. This was performed to calibrate the conductance readings of the GSR App as compared to the commercial grade eSense App. Six mobile phones were used. Three mobile phones are of the conventional type while the other three are of the smartphone type.
1.2.1 GSR data processing 

The next part is to convert the obtained readings into a set of values that can be graphed similar to what the eSense App does. This process took several iterations before coming close to the commercial grade output of the eSense App. The results were repeatedly analyzed and the processing was recalibrated in order to arrive at values similar to how the eSense outputs were obtained. Five participants were invited to test the system by texting the predefined message 5 times. After all the GSR data were gathered, the values were converted into its corresponding stress levels. This was done by calculating the mean maximum and mean minimum GSR’s of the participants which were obtained from both apps. Given the minimum and maximum bounds, the interval was equally divided into seven to provide stress level points. The average GSR values of the participants during text composition were then marked against their corresponding stress levels in the scale. All stress levels data for each app were then statistically compared. 

1.2.2 GSR application program logic 

The GSR sensor sends data to the mobile phone through the audio jack and socket terminals. The recording can be started and can be stopped by the user at any given time. The readings are saved in a csv file format which can be accessed using the smartphone itself or a computer for further processing and analysis. They also serve as inputs of the real-time graph displayed on screen. The graph shows a skin conductance vs. time plot with a 0.2-second interval. The program logic flowchart of the application is in Figure 2. The start / stop button is used to trigger the start and stop of the data recording task of the application. The GSR App will continue to read skin conductance and calculate the stress levels until the start / stop button is pressed. Results are saved in a csv file and the user can have the option to view or share this data. Initial sharing feature is via electronic mail only. In addition, a new session can be started for new set of data or for another user. The threshold values can be altered for new users. This was made possible because of the understanding that people have difference skin conductance thresholds. This feature allows the application to be customized according to who is using it. Results may also vary depending on the person’s skin conductance. The stress level of one person may or will be really different from the other. Hence, the recorded files can be stored for future reference mapping the history of stress level tests done using the application. 
1.2.3 Hardware overview 

There are six phones used in this study. Three phones (Phones 1-3) are conventional and the other three are smartphones (Phones 4-6). Conventional phones use T9 keypads while smartphones uses “QWERTY” touchscreen keypads. These phones were used to gather data using the eSense App and the GSR App. Figure 3 shows the mobile phones used in the study. Among the conventional phones, Phone 1 is the biggest and Phone 3 being the smallest. Among the smartphones, Phone 6 is the biggest while Phone 4 is the smallest. The brand and models are different in consideration of design variability. 

1.2.4 Experimental procedures 

Thirty participants were randomly selected to test the developed application. The participants were asked to compose a text message using conventional and smart phones. The GSR App and the eSense App were both used to gather skin conductance data and later be processed to determine the stress level. The stress levels of the 30 participants during the texting task were averaged per phone and were compared to the average baseline of the participant to determine if there is a significant difference between the reading obtained between the GSR App and the eSense App.
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Stress level detection block diagram
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1.2.5 Activity recognition module 

In this module we use ML classifiers to detect activities from accelerometer data. Our approach differs from the related work by explicitly determining phone’s orientation and location of wear. Knowing phone’s orientation allows to normalize the accelerometer data, so no requirement is placed on the user on how is he to wear his phone. Secondly, since every location of wear (trouser pocket, breast and bag) has different pattern of movement, a specialized classifier is used in each case. Our activity recognition module works in the following way:
· If the wrist device is detected, its accelerometer is used instead of phone’s accelerometer. In this case, a wrist-device specific classifier is used.

· If the phone orientation and location of wear are unknown (at the beginning of application usage), a general orientation and location independent classifier is used. 

· If a general classifier detects walking segment, orientation and location are calculated. Every location of wear (trouser pocket, breast, bag) has different pattern of walking that a dedicated classifier can learn to detect. Phone’s orientation can be determined by its perceived direction of gravity (average of all accelerometer measurements approximates gravity vector). Knowing orientation, data is normalized by translation into an appropriately rotated coordinate system.

· If location is known, a location specific AR classifier is used. 

· If the phone is detected as not worn (simple heuristics: screen is lit, phone is still for too long, phone detects light, etc.), orientation and location reset.

To implement this module, we needed to train 6 different classifiers. To do so, we created an AR learning dataset by measuring ten different people. Each had to follow a fixed scenario that lasted for roughly an hour. In this scenario the subject performed different activities that we aimed to recognize. Accelerometer data was captured by Microsoft Band and three phones (Samsung S4), each worn on a different body location: trouser pocket, breast pocket, bag. True labels of the activities were marked during the experiment. The accelerometer frequency was 50 Hz. The data was then split into 2-second windows. Each window became one instance, totaling to around 80000 instances. We started with 88 features per instance, including signal average, min, max, standard deviation, kurtosis, skewness, correlation between axis, number of times the signal crosses its mean, integral of the signal and also some features in the frequency domain. Using a feature selection technique (features were ranked with ReliefF algorithm, and then iteratively added to the set, until classification accuracy stopped increasing) the number of attributes was narrowed down to 20-40 (depending on the task). For each required task we then used ML to create an SVM classifier for AR.

1.2.6 Stress detection module 

For implementation and evaluation of the stress detection module two datasets were recorded, a laboratory dataset, which included 21 subjects, and a real-life dataset, which included 5 subjects. In both datasets the Empatica wrist device was used to collect data. The Empatica wrist device provides heart rate (HR), blood volume pulse (BVP), galvanic skin response (GSR), skin temperature (ST), time between heartbeats (RR intervals) and accelerometer data. For the laboratory data we used a standardized stress-inducing experiment as proposed by Dedovic et al. The main stressor was solving a mental arithmetic task under time and evaluation pressure. For the real-life data, five subjects were wearing the wrist device and were keeping track of their stressful events. On the laboratory data, a laboratory stress detector is built using ML. The laboratory stress detector distinguishes stressful vs. non-stressful events using 4-minute data windows with a 2-minute overlap. For each data window of 4 minutes, features for stress detection are computed. From each physiological signal (BVP, HR ST and GSR), statistical and regression features are computed: mean, standard deviation, quartiles, quartile deviation, slope and intercept. Additional features to quantify the GSR response are computed with an algorithm for peak detection. For the RR signal, we use features obtained through heart-rate-variability analysis in the frequency and time domain. These features are fed into a classifier trained with the Random Forest ML algorithm, which was chosen experimentally by comparing performance measures (precision, recall, accuracy) of several ML algorithms.
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Context-based output with LOSO evaluation
On the real-life data, a context-based stress detector is built. The context-based stress detector was introduced to distinguish between genuine stress in real life and many situations which induce a similar physiological arousal (e.g., exercise, eating, hot weather, etc.). As features, it uses the distribution of the last 10 outputs of the laboratory stress detector, the previous output of the context-based detector, and context features: whether there was any high-level activity in the last 20 minutes, the hour of the day, the type of the day – workday/weekend, etc. It classifies every 20 minutes as stressful or non-stressful. The context-based stress detector was trained with the SVM ML algorithm, which was again chosen experimentally by comparing performance measures (precision, recall, accuracy) of several ML algorithms.
1.3 State of the Art 

There exist different studies which try to detect people’s emotional states, including attempts to find out whether someone is suffering from stress or is not. Studies use EEG to classify the different data acquired by brain activity. They extract different frequency features of the signals for their posterior classification with good results. Heart Rate Variability is another parameter used to measure stress levels. To induce stress the authors in  propose using hyperventilation and talk preparation. Then, they present a method based on fuzzy logic to analyze the different data from HR and GSR. An ambulatory device is developed in in order to evaluate stress in blind people. This device also includes the measurement of skin temperature, which is another parameter used to analyze stress. As regards Galvanic Skin Response (GSR), there are several studies which propose different methods of detecting stress levels by measuring skin conductance. The study described in has the objective of detecting sweat levels for the diagnosis of sudomotor dysfunction, something that can help in the diagnosis of diabetes. There are other medical applications based on skin conductance, such as epilepsy control: sweaty hands may be a warning signal of an epileptic attack, as support of the diagnosis and treatment of bipolar disorder patients. By combining the sweat of the hands with the temperature of the skin, it is possible to develop a truth meter; as when the person is lying, his hands are colder and skin resistance is lower. In this case it is not necessary to include an ADC because the variation of skin resistance happens at odd times so, with different resistances and transistors, it is possible to build a lie detector. In, different videos are shown to the participants in order to induce different emotions. The data acquired by GSR are classified by Immune Particle Swarm Optimization, obtaining a high average when classifying different emotions from the conductance of the skin. The study presented in shows a method based on Support Vector Regression for recognizing emotions by combining different devices. Continuing with the differentiation of the emotional state, literature includes other studies like, where different devices are combined so that, by means of Cross-Correlation and Fisher, it is possible to distinguish six different kinds of emotions. In, applying a method based on Principal Component Analysis (PCA) to reduce the dimension of the GSR data is proposed, saving as much information as possible. The devices described above are also used in the analysis of different bio signals.
1.4 Stress Detection 

We have tackled the problem of stress detection with two distinct approaches. The first exploits statistical information extracted from biosignal analysis in a feature classification scheme, whereas the second classifies 2D images of spectrograms (from ECG) using a 2D CNN architecture. 

1) Preprocessing and feature extraction from 1D physiological signals (ECG, EDA): The preprocessing step is taking as input the raw ECG and EDA and extracts several statistical features for stress detection that have been proposed for physiological signal analysis. In addition to the raw ECG, the heart rate variability signal is calculated using a peak detector on the ECG and is analysed in time and frequency domain. Each signal is split into non-overlapping time windows of 1- minute length used for feature extraction. Data are being scaled using zero-mean and unit variance technique in [0, 1] range. Typical statistical properties that we include into our feature extraction method for both ECG and produced HRV signals are: mean, standard deviation, median, range of values, min and max values. Moreover, for HRV analysis we incorporate also second order statistics which are based on the difference of two consecutive time distances between heart beats or normal-to-normal (NN) differences [19]. More specifically, we detect the NN intervals, i.e. all intervals between adjacent QRS complexes resulting from sinus node depolarizations, and calculate the 1) square root of the mean squared differences of successive NN intervals, 2) number of interval differences of successive NN intervals greater than 50 ms, and 3) standard deviation of NN interval. Moreover, through frequency domain analysis, HRV‘s signal energies are measured for specific frequency bands using Power Spectrum Density method. Using these measurements, we obtain the total amount of energy contained in each band and their normalized values. Moreover, EDA is measured from certain sensors placed on participants’ hands. From the obtained signal, we calculate the same statistical properties as used for ECG and store them for further analysis.
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Schematic diagram of the stress recognition module. (a) Stress detection from multimodal sensing; (b) Stress detection using ECG‘s spectrogram (2D

image) data.
2) Classification: Upon feature extraction and fusion, classification of the available data instances is performed to identify the participant’s stress condition. For determining the best classification method, several well-known machine learning (ML) algorithms are being deployed and tested on different data subsets. The classification techniques that we select to examine are: support vector machines (SVM) with radial basis function (RBF) kernel, random forest (RF), knearest neighbors (KNN) and an artificial neural network (ANN). The specific algorithms are lightweight and operate in near real-time, and are therefore suitable for mobile devices. 

3) 2D CNN-based spectrogram analysis: In addition to using tubular-like data for classifying stress from non-stress states, we extend our study to 2D data analysis using the spectrograms extracted from the ECG time-windows used in the previous task. With this experiment we aimed to identify and exploit the frequency patterns that relate to the existence of stressful conditions in a participant’s recording. For this purpose we developed a custom CNN. The network‘s backbone is based on VGG architecture of layer blocking, consisting of a 2D CNN, a Batch Normalization and an Activation Function (Leaky ReLU). The head of the network is a simple global average pooling (GAP) layer followed by a fully-connected layer and a sigmoid and softmax layer. The produced feature maps are classified using the crossentropy loss function. The GAP layer is also offering valuable information about class activation mapping, i.e. the regions on the image (frequencies localized in time) that are activating the network and determine the final classification decision. An example of a calculated spectrogram and the obtained activation map. During training, a variety of overfit-preventing techniques are being applied, like dropout, structural pruning and early stopping. The network is optimized for mobile platforms (∼700K parameters, 241 MFLOPS for network operations). It has been quantized and pruned using different percentages for each layer. 

4) Feature-level and decision-level fusion: The method described above follows a feature-level fusion approach where available data from different sensors (Physio, Kinect and Face Camera) are combined, in order to compose a unified vector of attributes for each instance. This data fusion task demands a precise temporal alignment of the recordings of the multiple sensors. In this section we also examine a late integration scheme in which a different classification model is trained with data from each individual sensor and then the final classification is obtained by fusing the various model decisions. In this decision-level fusion scheme, we investigate different classification techniques and select the best for each sensor, in order to maximize the final system‘s accuracy. In respect to the fusion rule, we apply majority voting , i.e. the ensemble chooses a class when it receives the highest number of votes, whether or not the sum of those votes exceeds 50%. Majority voting is the most common fusion technique because it does not require a priori knowledge. Another of its advantages is simplicity of implementation and flexibility in changing or adapting the decision rule with the aim of optimizing performance.
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Example of calculated spectrogram (left) and the corresponding class

activation mapping from CNN’s last convolutional layer (right)
1.5 Emotion Recognition from 2D Facial Images 

For emotion recognition we implemented a CNN architecture that exploits facial expressions in 2D images captured from a mobile phone’s camera. The architecture is a modified version of an architecture used in the FER2013 challenge. We used ReLU as activation function and binary cross entropy as loss function.
Changes in lighting which can happen from frame to frame, along with image blurriness from movement and inaccurate face detection can unintentionally influence the network’s predictions. In order to circumvent this and to increase the overall robustness of the classifier, we use the network in batches of images, evaluate every image in the batch and finally select the most dominant emotion displayed within this time window. The most dominant emotion is selected by simple voting of each frame, weighted by the confidence of the face detection algorithm.
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CNN architecture used for emotion recognition from facial images
All steps of the emotion recognition pipeline including the integration of the network into the Android platform are illustrated in Fig.4 and detailed next.
· The existing repository1 was ported to Tensorflow 2.0 and Keras framework in order to work on latest standards and export compatible TensorFlow Lite (an optimized FlatBuffer format) models for the Android platform. 

· An Android application was developed to detect the face of the user and to extract the surrounding bounding box utilizing the face detection of Camera2 API from Google, which is compatible with most Android smartphones. The application also assigns a confidence score (w) to each detected face. This confidence score assumes a floating point value between 0 and 1. 

· The cropped image that contains only the face is then converted to grayscale and it is reshaped to 48 × 48 in order to be compatible with the CNN input size. 

· Inference is performed using batches of 10 images (as explained in the previous paragraph) which are dispatched asychronously to the neural network. The CNN detects the emotion captured per frame and yields a decision score pc for each emotion class c. The emotion with the highest score from the network is later multiplied by the face detection confidence score to receive the final weighted value of the frame’s most dominant emotion p ( t) = w · max c∈C {pc} (1) where t is the frame index and C is the set of emotion classes. 

· After all images in the batch have been evaluated, scores of the same emotion class are added together across frames and the class with the highest sum is used to determine and display the final emotion to the user.
An example of the execution of our application is visualized in Fig. 5. The detected face is marked by a green bounding box and the corresponding cropped grayscale image patch (extracted from the bounding box) is illustrated on the bottom left part of the figure. This image patch is subsequently scaled and introduced as input to the CNN. The developed module has been tested on Samsung Galaxy S10+. The processing time of the whole emotion recognition module is around 1.5 seconds.
1.6 Galvanic Skin Response 

Galvanic skin response is one among the several Electrodermal Responses (EDR) (Braithwaite, J. J. 2013). EDR typically is a change in the electrical property of skin due to the interaction between objects or environment (Moore, M.M & Dua U. 2004). Under normal conditions, human skin is a good conductor of electricity, when a weak current is induced on top of the skin the body offers resistance that is measured in terms of impedance (Blank I.H & Finesinger J.E 1946). According to Ohm’s Law, Resistance (R) is directly proportional to Voltage (V) and inversely proportional to current (C). Changes in the resistance of the skin are equal to the voltage applied between the electrodes (placed on the skin) and divided by the current supplied through them (Montagu J. D & Coles E.M 1966). In a general application, the amplifier circuit offers a minimal and measurable quantity of voltage to the skin through electrodes (Cutmore et al. 2007). On the other end, the current that flows backward due to skin impedance can be measured as the voltage, and resistor values are known parameters using Ohm’s law. The measured output is expressed regarding microSiemens (µS).

EDR is divided into two types: 

· Tonic 

· Phasic

Tonic Skin conductance is referred to Skin Conductance Level (SCL) since it is independent of discrete changes in an environment whereas Phasic is dependent on stimuli such as light, sound, smell, etc. The phasic signal level shifts from base to a higher level and stays at a high level typically for 10-20 seconds. It is therefore termed as Skin Conductance Response (SCR) (Braithwaite, J. J. 2013). 

In real world applications, these signals are measured on an individual’s fingertips and toes because of high response on these areas of the body (Elie B & Guiheneuc P 1990). The measurement of these signals is used for applications such as stress detection (Sun, F.T et al. 2010), lie detection (Lykken D. T 1959), emotional status recognition (Zhai J & Barreto A 2006), etc.
1.6.1 Galvanic Skin Response (GSR) and Stress 

GSR is a measure of the electrical resistance of the skin. A transient increase in skin conductance is proportional to sweat secretion[6]. When an individual is under mental stress, sweat gland activity is activated and increases skin conductance. Since the sweat glands are also controlled by the SNS, skin conductance acts as an indicator for sympathetic activation due to the stress reaction. The hands and feet, where the density of sweat glands is highest, are usually used to measure GSR. There are two major components for GSR analysis. Skin conductance level (SCL) is a slowly changing part of the GSR signal, and it can be computed as the mean value of skin conductance over a window of data. A fast changing part of the GSR signal is called skin conductance response (SCR), which occurs in relation to a single stimulus. Widely used parameters for GSR include the amplitude and latency of SCR and average SCL value.
1.6.2 Galvanic Skin Response sensing system 

The system consists of four parts, namely GSR sensors, interface circuit, microcontroller and laptop for data analysis. The sensors have electrode surface made of copper foil on velcro tape to be worn on fingers, as illustrated in Fig.1a. When under stress, our Eccrine sweat gland will produce sweat, making our skin more electrically conductive. The skin resistance commonly fluctuates between 50k and 10MOhms (and may be even higher when hands are really cold/dry).
The main function of interface circuit is to measure the change in skin resistance. We implemented it using a single op-amp (MCP6241) for voltage conversion. The op-amp is also used to form a low pass filter to remove any high frequency noise (i.e. 4.8 Hz or higher). High pass filtering to remove baseline drift was performed in software. No signal amplification is included in the circuit. The circuit output is directly connected to a microcontroller. Fig. 1b shows the printed circuit board that houses the interface circuit. In this case, we used an Aduirno UNO board for data acquisition and its subsequent submission to a laptop for further data processing. The board is based on ATmega328 (an 8-bit microcontroller) with 10-bit ADC to convert raw measurements into digital signals, and has a USB connection for PC interface. The board was programmed using Arduino software IDE, and the digitised measurements were analysed with MATLAB (MathWorks, Natick, MA).
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Sensor system modules: (a) the sensors, and (b) the interface circuit
1.6.3 Galvanic Skin Response System Design 

To measure the electrical conductance of skin we need a good source for measuring minute changes in skin impedance as low as 10-50 uS (microSiemens), Ag/AgCl (Silver/Silver Chloride) electrodes have proven to be a dependable source as most of the devices currently available are FDA approved. In the experimental stage, GSR signals have been recorded via fingertip rather than from the wrist location; this is done so to observe the original pattern to differentiate the feedback response from stress to a non-stress state of a person with HR and HRV. The hardware consists of a simple low powered op-amp-LM324. Due to weak signal strength, a gain of 2 dB is added to the signal source to boost the signal strength. Since the microduino resolution is 10 bit, the initial signal saturates at 5V hence a voltage divider is introduced near the output with two resistors of value 1M Ω and 200k Ω, this also helps in tackling some of the artifacts of the signal as those will have a higher amplitude than that of the GSR raw signal. The output signal is fed to pin A1 on the controller and signal goes directly to SD card/save it to a server for further processing. The schematics from Figure - 12 are transferred to the final prototype board. Instead of using vibration alone as a user feedback, a multicolored LED is recommended in the design to emit light of different intensity for different levels of stress. Varying levels of stress will be characterized by the clinical studies once the final prototype is design ready. The data from the clinical studies data will be used to characterize the stress levels into separate groups such as mild, medium, high and very high levels and each group of data will be assigned with individual color code. For example, if the user is at the medium stressed yellow light would be enabled on LED along with vibration so that user can know at what level of stress they are in that particular instance of time.
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- GSR Hardware
1.7 STRESS ANALYSIS USING GSR AND BP 

Autonomous nervous system consist of two branches Parasympathetic nervous system(PNS) which deals with conservation and restoration of body energy and sympathetic nervous system(SNS). Electro Dermal Activity (EDA) is index of sympathetic nervous system.EDA is basically a change of skin conductance at surface. The measurement of EDA was done during both physical and emotional stressor.EDA is solely determined by SNS branch of ANS and independent of the PNS branch. Stress causes disruption of ANS which involves state of high sympathetic activation. Attention grabbing and attention demanding task invoke increased EDA response.EDA assessment is usually done over long term.EDA response is one of the measures to determine stress undergone by a person. GSR can be measured by using the Biofeedback technology that can be used to avoid sudden attacks that affect the heart or brain. This condition is known as seizure. Biofeedback technology stamps from the fact that when a participant is watching a graphical picture, the GSR decreases. The analysis was made by asking a subject to watch a picture moving back and forth, and skin resistance was calculated. When the picture moved forward, the skin resistance was observed to decrease thus resulting in increase in stress. Conversely when the picture moved backward, the GSR increased thereby reducing the stress. The study suggested that GSR biofeedback has the potential to act as a potent adjunctive to detect stress. Every stimulus produces a deflection in the galvanometer directly proportional to the actual emotion aroused. The deflection was caused due to change in resistance which was reflected by sympathetic response of the nervous system to emotional stress through the secretion of sweat glands. There are two ways of measuring EDA which are Paper-based and Paperless system. Paper-based system provides a continuous record of the entire session and does not require expensive software or components, and is a much less sophisticated system as marking important events like movement or sudden distractions. But the cost of the paper, ink and pen along with time required for analysing the paper record and mechanical malfunction made the paper-based technique obsolete. Hence a paperless technique, which required an ADC to convert the analog signals to digital and a special program for analysis, was preferred. Irrespective of the technique, the contact area and not the size of the electrodes affect the EDA values. EDA measured from the palm is same for both hands. Also, the skin should be unprepared i.e. no special treatment using abrading agents or soap and water should be carried out. Reducing stress decreases high blood pressure.Too much stress can cause high blood pressure, chest pain, irregular heartbeats etc. When the body is under stress, it responds by producing a surge of stress hormone causing an increase in blood pressure and heart to beat faster. This response is generally called as stress. It consists of even the daily events that increase physiological wear and tear. The study found that, individuals who underwent a stressful task had a late recovery of blood pressure making it a good indicator of stress even after some time. A new calibration method that includes Pulse Arrival Time (PAT) was used for estimating the blood pressure. The estimation was done during an exercise stress test which increased its quality. PAT and Heart Rate are related to blood pressure. The quality of estimation can be improved by using differential inputs of PAT and HR. The test was conducted on 55 healthy subjects between 19 to 20 years old; who did not have any unhealthy medical records in the last 3 months. The subjects were asked to undergo the exercise test which included 6 stages namely; rest, stage1, stage2, 1-minute recovery and 5-minute recovery. During the test, ECG (Electrocardiogram) and PPG (Photoplethysmogram) signals were recorded at the end of each stage.PPG signal consists of pulses that reflect the change in vascular blood volume with each cardiac beat. Then after a short time, the BP was measured. The R-peak of ECG and foot point of PPG was determined from the signals. The time interval between the Rpeak of ECG and foot point of PPG is the PAT. It was seen that the method which included calibration and delta algorithm (i.e. taking differential PAT and HR) had lower errors than other methods. Thus delta-PAT and delta-HR had higher correlation with BP than PAT and HR which thus improved the quality of blood pressure monitoring during the stress test. The effects on the heart rate and blood pressure due to ageing process, before and after exercise in male subjects were studied in. A total of 80 normal healthy persons who were all males were taken as test subjects. All of them were grouped into 3 age categories namely; 20-29years, 30-39years and 40- 49years. Each of the subjects was asked to perform exercise by running on a motor driven treadmill, held in upright position. The readings were taken before and after performing the exercise. The blood pressure was measured using the process of auscultation (listening to sound) by using a stethoscope and sphygmomanometer, which includes a mercury column pressure gauge and a pressure cuff. The systolic and diastolic pressure was recorded before and after the exercise. Also ECG was used to determine the heart rate using the standard R-R method which is the time interval between two successive R waves. It was found that mean heart rate decreases significantly with increasing age after exercise. The systolic blood pressure was found to increase significantly in older group subjects post-exercise and shows a positive linear correlation with increasing age. The diastolic blood pressure was found to decrease non-significantly with increasing age in all groups. A negative linear correlation between Heart Rate and increasing age was observed. Also, there was a positive linear correlation between age and the mean blood pressure after exercise. Ageing has an effect on blood pressure and heart rate. After excluding patients with diabetes or secondary hypertension, 16 elderly patients (above 60) and 16 young patients (below 60) were taken having systolic and diastolic values greater than 140/90mmHg. The body mass index of the patients was closely matched and had no medical condition with respect to altered blood pressure variability. The heart rate and blood pressure were measured using the Remier M 2000 ambulatory system during the awaking hours of the day. The Remier M 2000 is an accurate and reliable, portable patient activated blood pressure recorder. Four statistics from which the blood pressure variability can be described are namely, the standard deviation of ambulatory mean, coefficient of variation, range and mean hourly change in measurement were compared between the young and elderly. It was observed that only the systolic and diastolic blood pressure range were found to differ with age, whereas other tests of variability, coefficient of variation and standard deviation had no effects on age. Mean systolic blood pressure was seen to be greater in the elderly and mean diastolic pressure was greater in the young. The young had significantly greater range for systolic and diastolic blood pressure measurement. When stimulated, there always occurs a temporary elevation in blood pressure in both children and adults. But this response reduces once the stimulation or stress causing agent is removed. This response of blood pressure correlates with the BMI, body fat distribution and waist-to-hip ratio of the person. But hierarchical regression does not contribute towards influencing contribution of perceived stress to blood pressure. Reference analysis examined the association between blood pressure reaction to acute psychological stress and the subsequent hypertension due to it. Blood pressure was recorded during different acute stress tasks i.e. strop colour word, mirror tracing, speech etc. It was observed that systolic blood pressure was related to future hypertension and diastolic pressure was not as much related making it a parameter which is less frequently used to determine the hypertension. GSR (Galvanic Skin Resistance) technology avails measurement of stress levels reflected from physical symptoms of the person. This technique proves to have 83% success results. The test consists of using electrodes placed on skin through which signals are obtained and analysed. But caution should be taken during testing i.e. the electrodes should be firmly placed on the skin and the person should be still (with no major movements).Relation between GSR and four Blood pressure indexes (BPI) namely systolic, diastolic, pulse pressure, mean arterial pressure was studied before and after treadmill exercise in. Blood pressure is used to study cardiovascular system. GSR is simple sensitive reproducible method of capturing functions of sweat glands as sympathetic nervous system. Test subjects included adults and their GSR and BPI were recorded before and after doing treadmill exercise. It was observed that GSR and BPI occur during physical activity and that there was a positive correlation between GSR value and BPI both before and after exercise.
1.8 Physiological Parameters as Indicators of Stress 

Galvanic skin response (GSR), also called skin conductance (SC) or electrodermal activity (EDA), is a biomarker of sympathetic nervous system activation and is considered one of the most sensitive and valid markers of emotional arousal. During high levels of emotional arousal, sweat secretion is intensely activated, which can be measured using a GSR sensor accurately and easily on hands and feet. There is a linear relationship between arousal and skin conductance up to very high levels where the skin gets saturated. There are two types of skin conductance, i.e., the skin conductance level (SCL) and the skin conductance response (SCR). The SCL, or tonic skin conductance, is the baseline level of a recording during an experiment without any environmental events, while the SCR, or phasic skin conductance, represents the body’s reaction in the presence of a stimulus. Various features of GSR can be used to investigate ANS activity, such as (1) amplitude of the response, i.e., the difference between the highest SCR occurring at the peak of the response and the pre-stimulus SCL. It has been observed that a higher amplitude is caused by a more intense stimulus. (2) Latency is the temporal distance between the stimulus and the start of the response. The average latency was found to be around 3 s, but it varies from 1 to 5 s in different studies. However, high-intensity stimuli lead to shorter latencies. (3) Rising time is the time between the onset of the stimulus and the peak of the response. An intense stimulus affects the rising time and may vary from 1 to 5 s. Shorter rising times tend to appear after longer latencies. (4) Recovery time of the response is defined as the time from the peak value of GSR to the point of 50% recovery of the initial level before the stress event. It is probable that the recovery will be asymptotical or a full recovery may not occur at all. For this reason, recovery time is measured from the peak to the point of 50% recovery. The half-recovery time typically corresponds to approximately 1 to 10 s . (5) The number of responses and (6) the area under the curve is also used in GSR analysis. (7) Response slope is the rate of the response over time. Steeper slopes indicate a more intense stress moment. According to our literature review, the most widely used GSR features are amplitude, rising time, and the number of responses, whereby the particular feature combination varies depending on the scope of the study. Skin temperature (ST) usually varies from 32 to 35 ◦C. However, in some cases, it may show greater variations because of extreme environmental temperature, fever, malnutrition, physical exertion, and physiological changes such as vasospasm. Skin temperature can be easily and reliably measured using a temperature sensor in contact with the skin and has been used in numerous studies for emotion detection. However, there is an ambiguity concerning the impact of stress on skin temperature. Some studies confirm that skin temperature rises in the presence of stress, while other studies find that skin temperature decreases under stress. Heart rate variability (HRV) is another promising marker that reflects the sympathetic and parasympathetic activities of the ANS measuring the temporal difference between successive heartbeats. The time between beats is measured in milliseconds and is called the R-R interval or Inter-beat interval (IBI). HRV is a commonly used feature in stress detection as it is considered a very sensitive indicator of tress. There are parameters that are used to study the HRV in the time domain such as mean value, the standard deviation of RR intervals, root mean square, etc. In the frequency domain, the most widely used method is low frequency (LF), high frequency (HF), LF/HF ratio, etc. Numerous other physiological signals can be used for stress detection, such as the electrocardiogram (ECG or EKG), which records the electrical activity of the heart on the skin’s surface. Many researchers have used this physiological signal for stress detection. Electromyography (EMG) measures the muscles’ activity. While some muscle contractions are under voluntary control, some are activated mostly involuntarily, including facial contractions in response to stressors. Blood volume pulse (BVP) is the amount of blood in vessels during a certain time interval and is an indicator of blood flow. BVP decreases under stress due to vascular constriction and increases in a calm state. Respiration rate (RESP) measures the speed of respiration of a person by, for instance, recording chest expansion through a resistor that is integrated into a chest belt and measures the impedance. Stress is typically characterised by an increased respiratory rate. Respiration can influence the ECG signal by causing a peak in the low frequencies of the ECG spectrogram. RESP is not highly correlated with stress. The electroencephalogram (EEG) measures the alternating currents of ensembles of brain neurons using headsets.
1.9 Stress and Stress Level Detection 
A literature review on stress detection strategies to investigate emotional states using physiological signals unveils a variety of approaches. There are studies attempting to detect whether a subject is stressed or not, such as wherein participants were asked to solve arithmetic problems under time pressure and psychosocial stress induced by social-evaluative threat. They fed SVM with GSR features and achieved an accuracy of 82.8%. Zhai and Barreto measured BVP, GSR, and ST in combination with pupil dilation using the Stroop Test as a stressor. Then they investigated the accuracy of various learning algorithms selecting the SVM as the most accurate (90.1%). In, they proposed an emotional stress recognition system based on GSR, EEG, BVP, and respiration rate. They used pictures of the International Affective Picture System (IAPS) to elicit stress and SVM as a classifier achieving the accuracy of 82.7%. The researcher in presented a study of stress identification based on Heart Rate (HR), HRV, GSR, EMG, and respiration rate in office-like situations using various sounds as stressors. The induced stressors were validated through questionnaire answers. General Estimating Equations analysis was applied to classify the data into rest or stress state, achieving an accuracy of 74.5%. In, they developed an algorithm based on a multilayer perceptron (MLP), a Generalized Regression Neural Network (GRNN), and an Adaptive Network Based Fuzzy Inference System (ANFIS). They used the Stroop test combined with auditory stimuli (70 dB) obtaining 96.67% accuracy. However, the procedures are not described in detail. Sharma and Gedeon combined GSR, ECG and blood pressure (BP) with eye gaze and pupil dilation (PD) to recognize stress. They asked the participants to read stressed and non-stressed types of texts, and they surveyed to confirm the stress states. They developed a hybrid genetic algorithm, which combined an Artificial Neural Network with an SVM, achieving 89% accuracy. Other studies attempt to detect stress states and stress levels (low, medium and high). Healey and Picard recorded ECG, EMG, GSR, and respiration rate, while drivers followed a predefined route in the Boston area. They concluded that GSR and HR are closely correlated with drivers’ stress levels, approaching an accuracy of 97%. De Santos Sierra et al. used GSR, HR, and fuzzy logic to achieve the highest accuracy (99%) amongst the examined related studies. Their experiments focused on two stressing tasks, hyperventilation and talk preparation to give a speech in front of a recording camera. In another study, the researchers asked the participants to do arithmetic subtractions in configurable Virtual Reality (VR) environments while HRV, GSR, and ST were recording. After the experiment, they conducted two questionnaires surveys to evaluate the intensity of the stress. A Kernel-Based Extreme learning machine algorithm was used to classify stress achieving 95% accuracy. Other researchers achieved an accuracy of 88.2% using drivers’ ECG measurements obtained from the MIT-BIH PhysioNet Multi-parameter Database and machine learning algorithms. Another researcher employed la Stroop test and achieved 88.5% accuracy using GSR, ECG, EMG, and reaction time (RT) with machine learning algorithm. In, they opted to record only EEG and classified the data through an SVM. They used the Stroop test and arithmetic test as stressors, reaching 75% accuracy. In another study [53], researchers asked the participants to do some tasks on the computers while some physiological signals (ECG, GSR, ST) were recording combined with behavioural and performance evidence. Through a Bayesian Network, they were able to infer user stress levels with 92% accuracy. There are also researchers who aim to classify emotional states (stress, neutral, euphoria, anger, etc.). Picard et al. developed such a method based on GSR, EMG, BVP, and respiration. They gathered data from one subject for more than six weeks. They used Clynes protocol to elicit emotions that sequences eight emotions, engages physical expression and prompts the subject to express the same emotion every three minutes. This study achieved the highest recognition accuracy (81%) on eight classes of emotions using the Fisher Projection. In another study, the researchers analysed the emotional state of four drivers in simulated race conditions by classifying vectors of features extracted from GSR, facial EMG, respiration, and ECG. The proposed system classified the emotional state using an SVM and was also able to detect the relative stress level of participants. Their achieved classification accuracy was 86%. In, they tested linear and non-linear classifiers to classify emotions automatically using film clips. Participants were asked to self-report their emotional state after each film. They measured GSR, ECG, facial and eyeblink EMG, ST, and other physiological channels achieving an average classification accuracy of 84.5%. Kreibig et al. distinguish fear, sadness, and calm, inducing films. Participants reported their perceived emotional state through a questionnaire. They recorded GSR, ECG, EMG, RESP, and other physiological measures and classified the emotions using pattern classification analysis, achieving 85% accuracy. To summarize, various physiological signals can be used, alone or in combination, to detect stress. However, increasing the number of physiological signals does not necessarily ensure the highest possible accuracy. For instance, Wijsman et al. tried to detect stress using four different signals, and their achieved accuracy was only 74.5%, while Setz et al. used only GSR, and they achieved a higher accuracy (82.8%). However, Wijsman et al. confirmed the induced stressors carrying out questionnaire survey while Setz et al. did not. Besides the combination of physiological signals, the selected algorithms play a crucial role. Regarding the selected physiological signals, all researchers have used GSR, mainly combined with ECG or BVP. Methodologically, the use of SVM dominates previous studies for stress detection, as depicted in Table 1, but the highest accuracy has been achieved by an algorithm that combines MLP, GRNN, and ANFIS. However, details about the implemented algorithm are missing as well as the confirmation of the induced stressors by the participants. Concerning the studies for estimating stress levels, GSR and EMG were found to be most helpful. An introduced feature-based algorithm and fuzzy logic seem to contribute to more accurate stress level classification. Many researchers achieved accuracies over 95%. On the contrary, the achieved accuracy for emotional states classification does not exceed 90%. This is reasonable, as it is a generally complex task to measure distinct emotions, rather than general arousal or stress.
1.10 Stress Detection Using Wearable Sensors 
An essential facilitator for physiological signal records is the use of new sensing capabilities dominating mainly in urban environments. Most notably, wearable biosensors enable the continuous stream of physiological data with high temporal resolution and can be used for basic research, clinical application, or during daily routines in real-life situations. They are “objective” in that they do not require individuals to report on their current state and they are less interruptive because individuals can go about their regular routines. The rapid development of high-performance sensor technology has led to small and flexible wearable biosensors, which are the basis for pervasive sensing approaches. These biosensors may be valuable tools to detect emotional or stress activation, as they provide high-quality data that are accurate, complete, relevant, timely, detailed, adequately portrayed, and retain adequate contextual information to support a decision-making process . However, the use of wearable biosensors in real-world experiments poses several challenges in terms of reliable and useful measurements for emotion extraction. First, the sampling frequency should be sufficient to depict the signal correctly. Second, the proper placement of the sensor is critical to avoid any ambiguities and to record the physiological signal accurately. Third, even if the sensor is properly placed, the raw physiological signals usually have a large number of small fluctuations caused by the oscillations of the physiological status of human bodies. These fluctuations are inevitably recorded. Thus, filtering the raw sensor signal is an essential task for noise removal to ensure stress detection with high accuracy. Noise can be filtered by implementing various filters, such as the Kalman filter, Butterworth filter, Median filter, Wiener filter, or Wavelet Decomposition. The selection of the optimum filter depends on the nature of the signal, the features to be extracted, and the type of noise. Last, it is not feasible for the researchers to control the environmental factors in real-world studies. Consequently, it is challenging to isolate the impact of a stimulus.
CHAPTER 2
LITERATURE SURVEY

1. “STRESS, TEXTING, AND BEING SOCIAL” VITELLI R

Smartphone use has grown by more than 5000 percent and the demand for more voice and data services is still greater than ever. For college undergraduates, text mesaging remains the single most popular way of communicating and many students view it as a key part of social life. The very act of text messaging can magnify the effects of interpersonal stress because of the time and energy involved in a non-stop social environment. This leads to a greater cognitive and attentional load. While text messaging by itself does not automatically lead to problems, students already dealing with high levels of interpersonal stress are already more vulnerable to the problems linked to greater text messaging. Possible reasons for this relationship including students using their phones for texting late at night leading to a later beditime, more disturbed sleep, or the use of caffeinated products such as coffee to ensure that users stay awake while texting at night. This lead to a greater likelihood of sleepiness during the day and reduced awareness. Exposure to a bright screen late at night may also produce melatonin and lead to a dysregulation of the normal day/night sleep schedule.Waking up at night may be more frequent because of cell phones going off since most people sleep with them within earshot. According to one study, 89 percent of cell phone users keep their cell phones in their bedrooms at night with 56 percent keeping it within arm's reach. For 14- to 17-year-olds, the overwhelming majority keep their phones in their bedrooms (many even keeping them under their pillow while they sleep). Though this research study suggests tontinuous access to texting and cell phones can be linked to stress, there are still some limitations to what conclusions can be made. The study only deals with first-year college students and also fails to look at factors such as use of caffeine products, sleep aids, or other substances that can affect sleep. Also, since these are first-year students, how and when they use cell phones and text messaging may change over time as they become more adapted to college life.Since text messaging has become a key part of communication in American culture, it is important for researchers to take a closer look at the psychological impact it can have on how people interact.
DRAWBACKS
· Frequent cell phone use has also been linked to sleep problems and symptoms of depression over time.
· While text messaging by itself does not automatically lead to problems, students already dealing with high levels of interpersonal stress are already more vulnerable to the problems linked to greater text messaging.

· That cell phone and text-messaging appears to be linked to problems with interpersonal stress and burnout may not be so surprising.
2. “THE ASSOCIATION BETWEEN SMARTPHONE USE, STRESS, AND ANXIETY: A META-ANALYTIC REVIEW” VAHEDI Z AND SAIPHOO A.

A smartphone is a piece of portable technology born from the technology of handheld computers (Campbell‐Kelly & Garcia‐Swartz, 2015) that allows users to access telephone and computer services within the same device (Soukup, 2015). The term was first introduced to the world in 1997, shortly after the creation of the PalmPilot. The industry was then revolutionized a decade later with Apple's introduction of the iPhone, and in 2008 with Google's Android devices (Campbell‐Kelly & Garcia‐Swartz, 2015). A smartphone allows users to stay connected with news and world events as one would using a computer with internet access but also with their social group as one would with a traditional telephone. The multitasking capability of these devices results in users spending more time using them than they would a traditional telephone or cellphone (Soukup, 2015). American smartphone users report that they use their smartphones not just for communicating with others but also to look up health information, do online banking, and to look up real estate and job information (Smith & Page, 2015). This multifunctionality is thought to be a factor contributing to people's feelings of dependence on their smartphones. One study found that 20% of college students surveyed believed they were addicted to their smartphone, and over 50% believed that they were overly dependent on it. Although there are plenty of studies on this topic, the literature on smartphone use and stress shows mixed results; some studies suggest that smartphones are associated with reduced stress (e.g., Kline & Liu, 2005; Toda, Ezoe, & Takeshita, 2014), whereas the results of others suggest that smartphone use is associated with increased stress (e.g., Thomée, Härenstam, & Hagberg, 2011; Yun, Kettinger, & Lee, 2012). Consequently, it is difficult to accurately summarize the relationship between smartphone use and stress. Furthermore, studies in this literature are cross‐sectional, and the typical methodology involves collecting self‐report measures of smartphone use and stress, and correlating them.
DRAWBACKS

· The fear of missing important information or events, have been proposed to lead to the development of problematic—or addictive—smartphone use.
· Anxiety disorders may develop when anxiety becomes severe enough to impact an individual's daily functioning.
3.“ACTIVITY AWARENESS CAN IMPROVE CONTINUOUS STRESS DETECTION IN GALVANIC SKIN RESPONSE” TANG T B, YEO L W AND LAU D J H,
Chronic stress disrupts nearly every system in our body. It raises blood pressure, suppresses our immune system, increases the risk of heart attack and stroke, and so on. More recent studies showed that stress could result in a significant rewiring of brain circuitries, alteration in neuronal morphology and changes in neurogenesis, making one more susceptible to stress. The World Health Organization (WHO) estimated that mental stress problem cost American businesses $300 billion dollars a year. Similar statistics for UK and Australia have also been published. In addtion to the conventional interview or questionnaire approach, there are several alternative methods to detect stress such as electrocardiography (ECG) to measure heart rate variability (HRV), electroencephalography (EEG) to measure stress-related brain waves (alpha and beta band power), Near Infrared Spectroscopy (NIRS) to measure oxyhemoglobin concentration, and cortisol sensing to detect stress-related hormone in saliva. A more economical and simpler way is to measure the electrical conductance of our skin. The skin conductance varies as a result of physiological arousal (stress). This is known as galvanic skin response (GSR) or electro-dermal activation. Previous studies on mental stress have mostly confined to a laboratory environment. This only provides a momentary snapshot of an individual’s stress level. Continuous monitoring offers a means to track the ebb and flow of his/her stress symptoms. This helps us understand different mental stress patterns and how clinical intervention could best be applied. Hence, several wearable devices have been developed to monitor mental stress continuously, e.g. cardio-respiratory sensor, GSR sensor with ZigBee, HRV-EEG processor and AutoSense. Some of them use multiple aforementioned sensors to improve stress detection rate. However, we hypothesize that activity information (not additional stress sensor) can also be exploited to improve the sensitivity of a stress detection system. Continuous stress monitoring offers a potential to help understand different mental stress patterns and how clinical intervention could best be applied. One economical way to detect stress is to measure galvanic skin response (GSR) as the electrical conductance of skin varies with physiological arousal. In this work, we studied the effects of different activities (sit, stand and walk) on GSR measurements. We implemented a GSR sensor system and an activity recognition system. We showed that using two accelerometers (at thigh and ankle each) achieved an overall accuracy of 94.7% in activity recognition, an improvement of +27.3% from using single sensor node system. We further demonstrated that the activity information could help improve the sensitivity in stress detection at sitting and standing positions.
DRAWBACKS
· We used MATLAB to code the arithmetic problems and to display visual stimulus.
· Long-term exposure to mental stress could lead to serious health problems. Chronic stress disrupts nearly every system in our body.
4. “A WEARABLE DEVICE FOR MONITORING GALVANIC SKIN RESPONSE TO ACCURATELY PREDICT CHANGES IN BLOOD PRESSURE INDEXES AND CARDIOVASCULAR DYNAMICS” SUBRAMANYA K, BHAT V V, AND KAMATH S

Predicting acute hypotensive episode (AHE) in patients in emergency rooms and in intensive care units (ICU) is a difficult challenge. As it is well accepted that physiological compensatory adaptations to circulatory shock involve blood flow redistribution and increase in sympathetic stimulation, we recently investigated if galvanic skin response (GSR) or electrodermal activity (EDA), a measure of sympathetic stimulation, could give information about the impending danger of acute hypotensive episode or circulatory collapse (Subramanya and Mudol, 2012). In this current study, a low-cost wearable device was developed and tested to help progress towards a system for predicting blood pressure (BP) and cardiovascular dynamics. In a pilot study, we examined hypotheses about the relation between GSR values and four BP indexes (systolic BP, diastolic BP, mean arterial pressure and pulse pressure) in apparently healthy human volunteers before and immediately after treadmill exercise. Cardiovascular diseases(CVD) are the number one cause of death globally and over 80% of all CVDrelated deaths occur in developing nations. Early detection and prompt treatment of CVD will improve health outcomes. Blood pressure indexes (BPIs) are simple, reliable, and noninvasive surrogates to study the physiology and pathophysiology of the cardiovascular system. The Ohm's Law essentiallly defines the relationship between BP, cardiac output (CO), and total peripheral resistance (TPR). As depicted in the Fig. 1B, systolic BP (SBP) and diastolic BP (DBP) is the peak and the minimum value of BP during each heart beat cycle. The pulse pressure (PP) is simply the difference between SBP and DBP. The mean arterial pressure (MAP) is approximately equal to DBP plus one-third of the PP. Acute hypotension episode (AHE) is a common and major complication that occurs in trauma and critical care which can rapidly lead to shock, tissue/cellular hypoxia, multiorgan damage and death. There is an unmet need for a reliable means of predicting risk of imminent vascular collapse and shock in clinical settings. To this end, we recently proposed the use of GSR signal monitoring as a convenient addition to conventional recording of BP and a reliable method for predicting AHE that might result in early diagnosis, effective care, reduced complications and improved outcomes.
DRAWBACKS
· The exclusion criteria were pre-existing diabetes, hypertension, exercise intolerance, cardiovascular disease, kidney disease, anxiety/panic disorder and current use of drugs with possible impact on sympathetic nerve activity or BP.
5. “DETERMINATION OF STRESS USING BLOOD PRESSURE AND GALVANIC SKIN RESPONSE” FERNANDES A, HELAWAR R, LOKESH R, TARI T, AND SHAHAPURKAR A V,

Stress is a response to mental/emotional or physical aspects that is encountered in daily life. In order to manage stress, it is required to monitor the stress levels on continuous basis. Individual physiological parameters such as Galvanic Skin Response (GSR), Heart Rate (HR), Blood Pressure (BP), ECG (Electrocardiography) and respiration activity can be used as a measure to determine stress. But, the accuracy of determination is limited by using individual parameters. Usage of multiple parameters aids in better determination of stress. A combination of parameters such as GSR and Blood Pressure further increases the accuracy. The paper signifies better detection of stress by using GSR and BP. The GSR circuit showed three levels depending on the resistance of the skin of the particular person and categorized as either low, medium or high. The volunteer was concluded to be low stressed; medium stressed or highly stressed corresponding to body resistance of 2MegaOhms or greater, 1MegaOhms and 500KiloOhms respectively. The output from the GSR circuit (i.e. low, medium, high) was fed into the microcontroller. The BP level of volunteer was examined by inflating a cuff in line with the heart, around the fore-arm which is again fed to the microcontroller. The BP was concluded to be normal if it was less than the value of (135/85) and high otherwise. The result of this computation was then displayed onto LCD display. Next, each volunteer was told to perform certain physical activities like running up a flight of stairs. Each volunteer was told to run up and down two floors because going through such a situation consisting of two or more floors induces stress on any person irrespective of BMI, lifestyle, or sex. After the session of physical activities, each volunteer was told to sit and breathe slowly to get rid of panting or hyper-ventilation. The GSR and BP of the volunteer were recorded once again using the same procedure as followed above. These parameters were then compared per volunteer to analyze change in stress levels.
DRAWBACKS
· The palm of the hand has a very high density of sweat glands and hence proves to be a great spot to measure GSR.
2.1 EXISTING SYSTEM
· We aimed to identify and exploit the frequency patterns that relate to the existence of stressful conditions in a participant’s recording.

· The existing repository1 was ported to Tensorflow 2.0 and Keras framework in order to work on latest standards and export compatible TensorFlow Lite (an optimized FlatBuffer format) models for the Android platform.
· By relying on an objective proxy for stress (GSR) and a robust statistical framework (PSM), this study strengthens substantially the existing literature on mental health benefits of active travel.
· Heart rate and GSR can currently be reliably sensed passively in existing wristworn wearables, this paper focuses on using these sensors from a commercially available smartwatch.
2.2 PROPOSED SYSTEM
· The preprocessing step is taking as input the raw ECG and EDA and extracts several statistical features for stress detection that have been proposed for physiological signal analysis.
· Due to differences in the incorporated datasets, they indicate that the proposed CNN classifier based only on ECG can achieve better or similar performance with the multi-sensor features classified by standard ML techniques (evaluated by 10CV).

· Moreover, the proposed CNN-based spectogram analysis revealed that the temporal variation of the spectrum of frequencies seems to have high discriminative power for stress identification.
· The problem of stress identification and categorization from the sensor data stream mining perspective, consider a reductionist approach for arousal identification as a drift detection task, highlight the foremost problems of managing with GSR data, and propose simple approaches the way to them.
2.3 FEASIBILITY STUDY
The feasibility of the project is analyzed in this phase and business proposal is put forth with a very general plan for the project and some cost estimates. During system analysis the feasibility study of the proposed system is to be carried out. This is to ensure that the proposed system is not a burden to the company.  For feasibility analysis, some understanding of the major requirements for the system is essential.

Three key considerations involved in the feasibility analysis are:

· Economical feasibility

· Technical feasibility

· Operational feasibility

2.3.1 Economical Feasibility
This study is carried out to check the economic impact that the system will have on the organization.  The  amount  of  fund  that  the  company  can  pour  into  the  research  and development of the system is limited. The expenditures must be justified. Thus the developed system as well within the budget and this was achieved because most of the technologies used are freely available. Only the customized products had to be purchased.

The economic feasibility based on the terms of:

· Time

· Cost

· Man power

2.3.2 Technical Feasibility
This study is carried out to check the technical feasibility, that is, the technical requirements of the system. Any system developed must not have a high demand on the available technical resources. This will lead to high demands on the available technical resources. This will lead to high demands being placed on the client. The developed system must have a modest requirement, as only minimal or null changes are required for implementing this system.

2.3.3 Operational Feasibility
The aspect of study is to check the level of acceptance of the system by the user. This includes the process of training the user to use the system efficiently. The user must not feel threatened by the system, instead must accept it as a necessity. The level of acceptance by the users solely depends on the methods that are employed to educate the user about the system and to make him familiar with it. His level of confidence must be raised so that he is also able to make some constructive criticism, which is welcomed, as he is the final user of the system.

CHAPTER 3
SYSTEM SPCIFICATION
3.1 HARDWARE REQUIREMENTS:
· NODE MCU.
· Accelerometer sensor.
· GSR Sensor.
· LCD Display. 
3.2 SOFTWARE REQUIREMENTS:
· Operating System: Windows 10
·  Code: NODE MCU 

CHAPTER 4
SYSTEM DESIGN AND DEVELOPEMENT

DATA FLOW DIAGRAM
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CHAPTER 5
TESTING AND IMPLEMENTATION

5.1 TESTING

 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 5.1.1Unit Testing


Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

5.1.2 Block Box Testing

Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.

5.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

CHAPTER 6
RESULTS AND DISCUSSION
The GSR App was developed in Android Studio. The graphical user interface (GUI). The parts of the App are labelled accordingly and their functions are literally understandable.
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GSR App Graphical User Interface
6.1 eSense App and GSR App result validation 

The graphical representation of some of the average skin conductance of the participants as recorded by the eSense and GSR Apps using Phones 1-6, respectively. The left bar of each pair is the result of the eSense App while the other of from the GSR App.
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Average skin conductance of the participants
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Average skin conductance using (a) conventional phone, (b) smartphone
The average skin conductance of the participants when using conventional phones and smartphones, respectively. Results were obtained using the eSense and GSR apps. Again, the left bar of each pair is the result of the eSense App while the other of from the GSR App.
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Skin conductance in the (a), (b) GSR App and (c),(d) eSense App before and during

texting using conventional and smart phones, respectively
The increased level of skin conductance when the participants are engaged in a texting task using conventional phones and smart phones, respectively. Results were obtained using the GSR and eSense Apps. The increase in skin conductance is evident in the graphs. 
6.2 Test for significant difference 

To validate the results of the GSR App, the skin conductance measurements were compared to the skin conductance measurements of the eSense App. A total of 180 tests were conducted involving 30 participants who used 6 different mobile phones to perform a texting task. The t-test was used in order to statistically determine and test the null hypothesis (Ho) that there is no significant difference between the skin conductance measured using the eSense App and GSR App before and during text composition. The t-values obtained ranges from -0.0036 to 0.1278. Results fall below the t-critical which is 1.6716. This is indicative that there is no significant difference between the skin conductance measured by eSense App and the GSR App during a texting task for all the phones considered. The developed GSR App can perform at par with the commercial grade eSense App. 
6.3 Stress level analysis 

Stress levels were determined using of a 7-point equally divided Likert scale. Each average skin conductance value was converted and gauged according to its corresponding stress levels as defined by the range of values in Table 1. Extremely low stress levels starts with 1.0 going up to 7.0 to indicate extremely high stress levels. In Table 2, the average stress levels of the participants were averaged per phone used. Results show an extremely low level of stress when the participants are using the phones doing a texting task using the mobile phones as presented.
CHAPTER-7

CONCLUSION

CONCLUSION
The developed Android application (GSR App) can simulate the performance of the commercial Galvanic Skin Response (eSense) application. The GSR App can record skin conductance and systematically determine the stress level of a person during a texting task. The GSR App was able to display the stress levels of an individual on the smartphone. The stress level was based on the value of skin conductance of the person while doing a texting task. The skin conductance recorded by the eSense and GSR App was compared and results show that there is no significant difference between the results given by the two apps. The texting task provides an extremely low level of stress though there are evidences that task increased some of the participants’ skin conductance values. However, it is not enough to elevate the low stress levels to higher level.
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