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Abstract

Emotional experiences shape our lives every day. Negative emotions can impact not

only our mood but also our biological signals, overall health, and wellness, especially

if they are not addressed. Emotion-regulation and self-care techniques, such as med-

itation and exercise, can help to alleviate these emotions, but we have to remember

to actively engage in them. Compression applied to the body, called Deep Pres-

sure Stimulation, has also been shown to help suppress reactions from our nervous

system under stress. In this work, we address the challenges of emotion regulation

when experiencing negative emotions while doing desk work. To accomplish this,

we custom-built two interactive jackets that have a removable, embedded microcon-

troller, sensors, and airbags. The airbags are used to apply compression to the sides

when a user presses a button. 12 participants interacted with the jackets during a user

study and were interviewed after. Data collected from 8 of these 12 participants dur-

ing the user study was used to train 3 machine learning models: Logistic Regression,

Support Vector Machine and XGBoost. Over 4 different testing conditions, XGBoost

proved to be an efficient and effective predictor of when users choose to turn on the

pump. Coupled with interview data from participants exploring desires for slow in-

terfaces and automatic actuation, we have established a foundation for individualized

interactive garment analytics using customized models for affect prediction.
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Chapter 1

Introduction

1.1 Motivation

The experience of negative emotions is an inescapable part of the human experience.

Despite this, prolonged experiences of stress, anxiety, or distraction can have a signi�-

cant impact on our lives. There are negative health implications from sustained stress

and anxiety [10, 16], as well as impacts on daily habits and social lives. Recent years

have shown an emergence in self-care techniques, including movement reminders, ex-

ercise, breathing, meditation and weighted blankets. Mobile apps that encourage and

promote emotion regulation have been developed to assist individuals in managing

emotions, as well as wearables, like smartwatches. While some �nd these bene�cial,

others don't always enjoy having to interact with screens regularly. Whether it be

a phone screen or a wrist-worn device, wearers have shown a desire to interact with

slower interfaces, such as an e-textile [19].

Emotion regulation techniques require individuals to play an active role in their

self-care practices. Individuals must �rst recognize the emotion they are experiencing,

then decide which type of emotion-regulation technique they would like to engage
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in. Lastly, they must actively choose to begin this activity. This poses a number

of challenges. First, it can be di�cult to name feelings that we are experiencing,

making it a challenge to decide when to engage in regulation practices. This impacts

the e�cacy of technological solutions to help manage emotions. Here, the application

of machine learning can help to identify emotions that may not be perceived by the

wearer. There is also expenditure of mental e�ort required to choose to engage in a

task, regardless of whether the task may be bene�cial in the long run.

One method known to help regulate emotions is Deep Pressure Stimulation (DPS)

[51]. DPS involves the application of pressure to the body, which helps suppress the

nervous system and can help relieve feelings of stress and anxiety [51]. This is the

theory behind why weighted blankets or a �rm hug can be helpful. In both these

cases, an individual needs to actively decide to use pressure to help with their negative

emotions. Additionally, it can require the use of another person. The employment of

machine learning poses a solution for deciding when to apply pressure.

It has been shown that physiological data, like heart rate, skin temperature, and

acceleration are indicators of a�ect. With mobile sensors becoming prevalent, it is

now easy to collect this data directly from a wearer. Machine learning algorithms

can be applied to this data to predict a�ect, including stress [27, 17]. While current

techniques are able to achieve high accuracy [27], it can be a challenge generaliz-

ing training across participants, since physiological data can be user-speci�c [57].

Successful methods can also be high resource, including a large number of trainable

parameters [12, 56], leading to increased memory and training time.
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1.2 Problem

To address the challenges above, this work leverages the use of DPS and machine

learning techniques. Two outer jackets were created with sensors that can be snapped

in, and airbags attached to the sides. At the press of a button, these airbags in
ate

to apply pressure to the sides of the body. A wrist-worn heart rate sensor, and built-

in microcontroller sensors collect data from the wearers. A user study followed by

interviews explored the use of the garments while completing laptop tasks. After

user experiments, the biological data is processed and used to train machine learning

models. This work is done to address the problems of emotion identi�cation and

leverages the use of DPS and slow interfaces to explore how participants respond

to emotions. Additionally, we explore the training of machine learning models that

are low-resource and participant-speci�c to facilitate future work for the on-board

prediction of emotions.

1.3 Research Questions

We strive to answer the following three questions.

1. How can interactive garments support wearers in managing daily stress?

2. Can we train machine learning models to predict when wearers choose to acti-

vate garment compression?

3. If so, is this training and inference able to work in a low-resource setting?
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1.4 Contributions

In this work, two jackets with embedded sensors and airbags for compression were

created through an iterative design process. Using these two garments, a user study

of 12 participants was conducted. Participants wore a garment that applied pressure

to the sides at the press of a button. Participants explored when they would like to

apply or remove pressure, and re
ected on their experiences. From these re
ections,

6 themes were created. These themes validate existing work and demonstrate a desire

for slow interfaces that include smart automation.

Additionally, data from 8 of 12 participants was used to train 3 predictive mod-

els: Logistic Regression, Support Vector Machine, and XGBoost. Di�erent training

and testing splits were explored leading to rich insight on the training data require-

ments, as well as current label and next step predictions. We observed that XGBoost

performed the best across all 4 testing conditions. Additionally, XGBoost performs

well when restricted to small portions of the training data. We observed minimal

di�erences in accuracy when predicting current time steps and the next time step.

1.5 Organization of Thesis

Chapter 2 provides background information on related works, including their strengths

and limitations. Furthermore, Chapter 2 presents general information on e-textiles,

statistical measures, model performance metrics, and the models used in this research.

Chapter 3 is broken into three distinct sections. First, the crafting of the physical

prototypes is discussed. Next, the user study is outlined. Finally, the process for the

application of predictive models is presented. Chapter 4 presents the results of the

user study, followed by the results from training di�erent models using data collected
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during the user study. Lastly, Chapter 5 provides a re
ection on the research, includ-

ing answers to the research questions listed above, limitations, and areas for future

work. The appendix contains interview questions.
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Chapter 2

Background

2.1 Preliminaries & Notation

2.1.1 Interactive Garments

The �eld of Human Computer Interaction (HCI) is a large and multidisciplinary �eld

that explores how users interact with technology. A wide range of sub �elds are

encompassed within HCI, such as UX design, gaming, educational computing and

interactive garments. Interactive garments refer to clothing items that wearer's can

interface with. In their 2012 paper, Buechley and Perner-Wilson explored the use of

carving, sewing, and painting as new methods for constructing electronics. Since then,

there has been a great exploration into the �eld interactive garments and e-textiles

[47]. Interactive garment actuation has been shown to include folding and crinkling

[42], 
ower blossoming movement patterns [6], thermochromic change [61], and pneu-

matic actuation [33, 45, 22]. Commercial manufacturers have started to explore the

�eld of interactive garments, such as Google ATP's Project Jacquard, where interac-

tive clothing, bags, and shoes were created in collaboration with popular brands, like

Levi's, Adidas and Samsonite [48].Beyond academic publications, there is a wealth
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of online resources posted publicly where creators can collaborate. E-textile micro-

controller manufacturers, like Adafruit1, provide tutorials, and KobaKant2 provides

resources for creating crafted sensors and actuators with e-textiles.

To control actuation, as well as sensing, in interactive garments and e-textiles, spe-

ci�c microcontrollers have been created that can be sewn into fabrics through large,

sewable connection holes using conductive thread. Arduino and Adafruit are two ma-

jor manufacturers of such boards, like the Flora, Gemma, and Circuit Playground.

Relevant to this research, the Bluefruit Circuit Playground [31] contains embedded

sensors for acceleration and temperature, as well as two onboard buttons, and a Blue-

tooth module [31]. This data can be accessed using built-in variables. Additionally,

the Bluefruit Circuit Playground supports the use of TensorFlow Lite [1], which is a

framework that allows for trained machine learning models to be converted to C++

and used for on-device prediction.

Other electrical components are also required in the construction of interactive

garments, including transistors, resistors, and diodes. These components are small in

weight and size, and contain metal leads that can be soldered together, or bent and

sewn onto. Transistors are used to control the 
ow of electrical current. Resistors

limit the 
ow of electrical current and come in di�erent resistances. Diodes restrict

the 
ow of electrical current.

2.1.2 Thematic Analysis

Presented by Virginia Braun and Victoria Clarke in 2012, Thematic Analysis formal-

izes the extraction of themes from qualitative data [7]. Thematic Analysis, sometimes

1https://learn.adafruit.com/groups
2http://kobakant.at/DIY
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referred to as TA, emphasizes the active role played by a researcher to create themes

from observations in the data, rather than the commonly used sentimentthemes

emerged. The process of TA is 
exible and involves �rst creating codes for the data.

This is an iterative process, whereby code names evolve and change as more passes

of the data are executed. Following the coding of the data, the codes are grouped by

commonalities. Based on these commonalities, themes are constructed. TA can be

performed using two approaches: latent and semantic [7]. In the semantic approach,

we move from surface-level to construct deeper meaning. In the latent approach,

we enter the analysis with underlying ideas and assumptions and work backwards.

To perform a qualitative analysis of our work, a thematic analysis was conducted

following a latent approach.

2.1.3 Quantitative Analysis

The following outlines the relevant information required to understand our method

for predicting user actions and evaluating their accuracy.

Classi�cation Techniques

In this work, three di�erent predictive models are trained using data generated from

e-textile sensors. The models used are outlined below.

Logistic Regression Logistic regression is a classi�cation model that predicts

the probabilities of a dependent variable using the logistic function [44]. Logistic

regression is used when output values are discrete, rather than continuous. To perform

a binary classi�cation, as is the case for this research, a cost function is optimized

according to the log-likelihood of the probability of predicting the correct class. In
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practice, this model is implemented in Python using the Scikit-learn linear model

class LogisticRegression [44].

Support Vector Machine Support Vector Machine (SVM) is a machine learning

technique that can perform both linear and multi-dimensional classi�cations. SVM

�nds a hyper-plane that creates a boundary between the data. In 2-dimensional

space, this hyperplane is a line, and there are various techniques to use for multi-class

problems. A wide variety of applications exist for SVM, including but not limited to,

bioinformatics, facial recognition, and credit card fraud detection [11]. This model

can be implemented in Python using the Scikit-learn SVM SVC class [44].

XGBoost Extreme Gradient Boosting, or XGBoost, is a supervised learning algo-

rithm that uses boosted trees to predict an output given a series of input values [13].

Based on traditional Tree Boosting, this method is a lower resource alternative to

other machine learning algorithms [14]. The authors measure e�ectiveness on a rank

task, insurance claim data, high energy physics data, and a click log data set [14].

XGBoost has also been applied to time series forecasting. Abbasi et al. use XGBoost

to extract features and predict electrical load for the next time step [2]. This model

can be implemented in Python using the XGBoost library [13].

Statistical Measures

To explore and analyze the data collected from the jackets, it is imperative that we

use statistical measures to give insights into the data. The following metrics were

used when exploring the data collected in this study, which will be discussed further

in Sections 3 and 4.

Mean, median and mode are measures used to calculate the average of a dataset.
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The arithmetic mean is the sum of all elements divided by the total number of el-

ements. The median is the middlemost element in the data when organized from

lowest to the highest value. The mode is also a measure of average which counts the

number of occurrences of each unique element and reports the element with the high-

est frequency. These three measures can be automatically calculated using methods

in the Pandas DataFrame class [43].

There are a number of metrics that we can use to understand the shape of our

data distribution. First, we can observe our highest (max) and lowest (min) values in

the dataset. Subtracting the two gives the range of the dataset values. This is part

of how we can understand the spread of data. We also look at the standard deviation

and variance to better understand the spread of our data.

Standard deviation represents how far away data values are from the mean. A

lower standard deviation indicates that the data is closer to the mean, whereas a large

standard deviation indicates a greater spread in the data. This can be calculated

automatically in Python using built-in Pandas libraries [43]. Variance is calculated

by squaring the standard deviation and represents the average dispersion of the data

with respect to the mean. Similarly to standard deviation, this can be calculated

directly from a Pandas DataFrame [43].

There are further statistics that give more insight into how data is distributed,

including skew and kurtosis which give indicators on what the peak and tails of our

data look like. Skew represents how asymmetrical data is. It can be positive or

negative, corresponding to a shift in data to the left or right respectively. A perfectly

symmetrical data set would have a skew coe�cient of 0, however, the converse is not

necessarily true. Skew is calculated using the formula below and can be automatically
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calculated using the Pandas library [43]. Kurtosis indicates whether data is more

concentrated at the tail end or the peak. Kurtosis values range from 1 to positive

in�nity, and a kurtosis value greater than 3 indicates that data is taller and has thicker

tails than a normal distribution. In general, the higher above 3 the kurtosis is, the

taller the peak and fatter the tails. Similar to other methods mentioned, kurtosis can

be automatically extracted using the Pandas library [43].

2.1.4 Measuring Model Performance

When evaluating a predictive model, it is important to observe a variety of measures

to understand the model's performance. Using built-in metrics from the Scikit-learn

metrics class [44], we can build a stronger understanding of model performance beyond

accuracy.

Overall accuracy is calculated using the true value and predicted value, calculat-

ing the number that were predicted correctly. Going one step further, we can use a

confusion matrix to observe the types of predictions made. In the case of binary clas-

si�cation, we can have a true positive, true negative, false positive, or false negative

predictions. These values can be calculated using the true labels and predicted labels

with the built-in Scikit-learn metrics method, confusionmatrix [44].

Using the values from the confusion matrix, we can calculate precision and recall.

Precision reports the number of true positive values out of all predicted positive in-

stances. Recall reports the number of true positive values out of all positive examples.

Both of these are shown in Formulae 2.1 and 2.2 where TP represents the number

of true positives, FP represents the number of false positives, and FN represents the

number of false negatives. In the case of a perfect model, false positive and false
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Figure 2.1: Confusion matrix for a binary classi�cation task

negative values would be 0, giving both a precision and recall value of 1.

P recision =
TP

TP + FP
(2.1)

Recall =
TP

TP + FN
(2.2)

The F1-Score is a way of combining the precision and recall values for a trained

model. It is a weighted average of precision and recall, with a perfect score of 1 and

a worst-case score of 0. The Scikit-learn metrics method f1score outputs a value for

each label in the classi�cation [44] and is calculated as shown in Formula 2.3.

F 1 =
2 � P recision � Recall

P recision + Recall
=

2 � TP
2 � TP + FP + FN

(2.3)
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2.2 Related Work

2.2.1 Emotions

Emotions can be di�cult to describe and formally classify. In their 1979 publication

A�ective Space is Bipolar, Russell de�nes emotions on two axes: valence and arousal

[52]. Valence refers to attraction (positive) or aversion (negative) towards a stimulus

[52]. Arousal also ranges from negative to positive and refers to perceived intensity.

In a subsequent paper, Russell classi�es 28 emotions using the bipolar model [53].

Figure 2.2 shows di�erent emotions classi�ed within Russel's model. Of particular

interest are the emotions in quadrants 2 and 3, where a low valence indicates negative

emotions. Stress, although not listed in 2.2, exists in the upper left quadrant. Saini

et al. argue that using this 2D model of a�ect facilitates the use of machine learning

methods for a�ect prediction because it gives a target mapping of the emotions, rather

than a qualitative expression that is di�cult to capture [54].

In general, the de�nition of stress in vague is most literature and can be expe-

rienced physiologically and psychologically. Kemeny avoids using the term stress

entirely in their paper The Psychobiology of Stressand instead distinguishes between

stressors and distress [35]. The former being events that threaten a goal, and the

latter being negative psychological feelings. Stressful periods can cause changes in

levels of hormones present in the body and impact the nervous system [36, 35]. These

physiological symptoms can have lasting e�ects; prolonged periods of stress have been

shown to increase the risk of severe illnesses, like coronary heart disease [10]. Long

working hours can also have an impact on the musculoskeletal system causing an

increase in neck, shoulder, arm and back pain [16] which may interact with feelings
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Figure 2.2: Russell's 1980 Circumplex Model of A�ect

of stress. While having a physical e�ect on the body, stress can also have an im-

pact on social interactions, work and study performance, and the completion of daily

tasks. Heightened stress and anxiety can also be associated with di�erent mental dis-

orders like Generalized Anxiety Disorder, Attention De�cit Hyperactivity Disorder,

Attention De�cit Disorder, Autism Spectrum Disorder and Depression [10].

Given the e�ects of stress on the body, biological data can indicate when an indi-

vidual is experiencing stress. One accurate indicator of stress is heart rate [10]. From

this, heart rate variability can be extracted [10]. Heart rate can be measured in a vari-

ety of ways from users, such as by measuring the distances between peaks in a blood
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volume pressure (BVP) signal collect through photopletysmography (PPG). Other

physiological indicators of stress include electrodermal activity [46], skin temperature

[8], acceleration [64] and electrocardiogram [55].

PPG is a non-invasive technique for measuring an individual's heart rate. A PPG

signal can be collected continuously and on the go, without the use of a reference

signal. Because of the aforementioned factors, PPG has developed popularity in

wrist-worn health monitoring devices in the last decade [39]. A light-emitting diode

(LED) coupled with a photo-receiver measures the amount of re
ected infrared light

when the LED is pressed against the skin. Plotting the amount of light measured

by the photo-receiver produces a wave, wherein the peaks can be extracted using a

peak-detection algorithm to extract the heart rate.

2.2.2 Sensing Heart Rates Using Wearables

There are a number of commercially available smart devices that are capable of detect-

ing heart rate, and other physiological data. Table 2.1 summarizes di�erent sensors

identi�ed in the works relating to wearable stress detection and e-textiles. As is ev-

ident in the table, there is a range of di�erent sensor readings and a wide variety

of price points. Some work relies on data collected from smartwatches that is then

relayed to the e-textile [20, 64, 63] , while others wore embedded sensors [60, 49, 29].

One study crafted an ECG sensor themselves, rather than relying on preexisting sen-

sors [66]. Lastly, one study demonstrated the feasibility of using a phone camera to

extract PPG data [15]. Data collected from devices listed above that are not already

embedded in e-textiles, could be used to collect data and passed to the e-textile over

Bluetooth connectivity.
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Product Measurement Price

Shimmer GSR+ [30] GSR, PPG unlisted
Empatica E4 [21] PPG, EDA, Acceleration $1690.00
Pulse Oximeter [3] BPM $49.95
FitBit [25] HR, HRV, BPM, Skin Temperature $169.95
Garmin [28] Pulse Ox, HRV $479.99
Apple Watch [4] Blood Oxygen, ECG, HR, HRV $529.00

Table 2.1: Commercially Available Wearable Data Sensors

Beyond smartwatches, there is an overlap in the use of biological signals in interac-

tion design. A number of works highlight the desire to explore how stress impacts our

bodies: Yu et al. used a �nger-clasp heart rate monitor connected to an interactive

art display to allow onlookers to see a visual representation of their pulse and observe

changes in their heart rate [65]. Similarly, the creators of Heart Waves used a crafted

bracelet to extract a wearer's heart rate and use this to control the 
ow of water in

a miniature sculpture [23]. As the heart rate increases, the 
ow of water becomes

more rapid [23]. These works serve as methods for participants to observe their heart

rate in a passive and slow fashion, providing sensory indicators of their heart rate,

rather than simply the interpretation of a number. There is no deliberate emotional

regulation technique applied here, however, awareness and sensory focus can have a

meditative e�ect.

Mauriello et al. created three athletic shirt prototypes with 
exible displays to

show data on runs, including heart rate. Participants noted that this helped them

stay on track and they didn't �nd the display obtrusive while running [38]. Ganti

et al. created a rudimentary microcontroller circuit for heart rate data collection [27],

and Dabby et al. created three fully-integrated heart rate monitoring garments in

the form of a compression shirt, compression shorts and a sports bra that are also
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washable [18]. These works demonstrate interest and applications in the area of heart

rate monitoring, including the use of e-textiles to collect heart rate data [38, 18].

2.2.3 Compression in Wearables

Muthukumarana et al. developed and validated a method to attach small tiles with

embedded shape-memory alloy wire that actuate. As current is applied, the tiles move

closer or further together. Although not yet explored, this could see applications in

compression. Pohl et al. explore the use of pneumatic actuation on the wrist as a

tactile noti�cation, given that vibrotactile noti�cations can be easily ignored [45].

In this case, a user study was not completed to validate the method. Endow et al.

developed a toolkit for prototyping with compression to either apply force to the

body or sense when an external stimulus has compressed the interface [22]. Amongst

other contributions in the toolkit, the authors propose a silicone air bladder that

can be fabricated in under 30 minutes [22]. This bladder can be in
ated with an

automated air pump and applies force directly to the desired body part. Their method

of fabrication uses 3D printing, allowing designers to create customized bladder shapes

that are tailored to their design [22]. Given silicone's waterproof qualities, this is

desirable for a wearable garment that will be undergoing general wear and tear.

2.2.4 Emotion Regulation Through Actuation

Numerous emotion regulation techniques exist, both formally de�ned and self-discovered

methods. In terms of negative emotions that may be experienced during school or

work life, such as stress, anxiety or distraction, techniques can include controlled

breathing, movement reminders and the use of weighted blankets. Researchers have
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explored triggers and solutions to workplace stressors, and broadly classify solutions

as problem-oriented or emotion-oriented [24]. Problem-oriented solutions focus avoid-

ance or addressing of stressors [24], whereas emotion-oriented solutions focus on mind-

fulness and relaxation [24].

A number of works have focused on presenting noti�cations and reminders in a

calm fashion without the use of screens. Devendorf et al. demonstrated the shortcom-

ings of screens and why individuals may prefer a tactile user interface over a screen

[19]. Nabil et al. created an actuating table runner and found that a richer and unique

spatial experience was presented through the use of fabric. Current literature has ex-

plored the use of tangible shape-changing break-reminders and noti�cations [58, 32].

While the e�ectiveness of these reminders was demonstrated, these reminders rely

solely on visual input, which is already stimulated when performing tasks on a com-

puter or looking at a phone screen. Other works have explored visual noti�cations that

have a tactile experience as a side-e�ect. Speer et al. used a combination of app-based

and visual shape changes to explore emotion regulation, like breathing or exercise,

in a group of children [59]. This technique also relies on visual input and required

signi�cant training and instruction for teachers and users [59]. Frans�en Waldh•or et al.

explored colour change and light emission as visual noti�cations in fabric [26]. They

also explored thermo (heat) feedback as a byproduct of thermochromic noti�cations

(heat triggered colour change) but did not conduct a user study [26]. Spikey Star�sh

is a cigarette handbag that morphs by in
ating when someone tries to take a pack

of cigarettes. This shape change does apply some tactile feedback to the wearer,

however, it is the visual change in the bag that communicates feelings of anger [37].

Deep pressure stimulation has been shown to impact physiological changes in
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the body as a result of stress and involves applying pressure to the body [51]. In

2021, Jung et al. published work on bringing awareness of breathing through deep

pressure stimulation [33]. They found that pressure applied to the torso allowed

them to become more conscious of their breathing. Participants also noted that when

the breathing pattern applied to their torso did not match their current breathing

pattern, it caused a noticeable discomfort that prompted a change in their breathing

to match the applied pressure [33]. This indicates the use of deep pressure stimulation

to regulate or change breathing patterns that may become altered by periods of stress.

In order to discover how customized haptic vibration plays a role in anxiety man-

agement, Umair et al. engaged participants in an anxiety-inducing task and allowed

participants to create their own calming vibrotactile and temperature noti�cations

[62]. Participants could choose di�erent beat per minute (bpm) ranges for vibration

noti�cations on their wrist. A number of participants picked 30 beats per minute,

despite it being signi�cantly below the average, adult resting heart rate, as they felt

it forced them to slow their breathing, and consequently, their heart rate [62]. This

work di�ers from previous works exploring the visual sense and focuses on biological

processes rather than noti�cations or break reminders.

2.2.5 Machine Learning for Emotion Classi�cation

Recent human emotion recognition has been able to classify emotional states using

a variety of di�erent types of data, including speech/text analysis, facial analysis,

movement and body position, and biometric data [27]. A number of di�erent a�ec-

tive states have been predicted with varying accuracies including joy, sadness, anger,

calm, scared, and valence and arousal [17]. Classi�ers that have been used include
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SVM, Random Forest and more intricate deep learning techniques [17]. At Shibaura

Institute of Technology, facial skin temperature was used in conjunction with heart

rate variability to predict fear, joy and sadness with 88.75% accuracy using a simple

neural network implementation [34].

Simple models have been used to classify emotions. Rakshit et al. use features

derived from PPG sensors to accurately classify sad, happy and neutral a�ect with

an SVM [50]. The creators of WESAD use a number of classi�ers to predict amuse-

ment, stress and baseline a�ect for participants completing di�erent pressure and

time-sensitive tasks [57]. They collected data on heart rate, skin temperature, elec-

trodermal activity, and acceleration and trained models to serve as a baseline for

those who use their data set [57]. They observed that within-participant classi�ca-

tion outperforms predictions made on models trained with more than one participant,

due to unique di�erences in biological signals across participants [57]. The authors

of Activity Recognition and Stress Detection via Wristbandwere successfully able to

detect stress from acceleration and a physiological signal from a device worn on the

wrist. They were also able to distinguish between events containing high physical

activity and heightened stress levels [64].

More sophisticated deep learning techniques have also been employed for emotion

classi�cation from biological signals. Chao et al. experimented with loss functions for

dimensional emotion detection using a Long Short Term Memory Recurrent Neural

Network on a data set containing ECG and EDA data [12]. Sarkar and Etemad take

a self-supervised approach using a convolutional neural network to classify emotions

from the SWELL and AMIGOS data sets, both of which contain physiological data.

While e�ective, these models contain a large number of trainable parameters, given



2.2. RELATED WORK 21

the nature of the deep learning techniques used. The authors ofEmotions on the

Go create user-independent emotion classi�ers using the facial recognition toolkit

OpenFace [5] and were able to accurately detect a variety of emotions using a mobile

phone. In this case, the models trained are accurate, but are user-dependent and

were not tested for generalizability.
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Chapter 3

Methodology

Our research is divided into two distinct phases. First, two interactive garment jack-

ets were created for users to wear and explore instances where they feel heightened

negative emotions and have a desire for compression, while also collecting physiolog-

ical data. Second, predictive modelling was used to determine when users decided

to engage in an emotion regulation technique. This section breaks down the design

process and �nal prototypes, the user study set up, and the models explored for

predictive purposes.

3.1 Garment Prototyping

Two physical prototypes were created. These prototypes are in the form of jackets

with airbags on the sides which apply compression at the press of a button, and heart

rate monitors on the left wrist. The �rst jacket, Jacket A, is a women's small and is

hand-sewn from black fabric with a faux leather �nish. The second jacket, Jacket B,

is a men's large and is commercially produced in a taupe cotton blend. This section

outlines the design process and culminates in the presentation, as well as the technical

speci�cations, of the two jackets.
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3.1.1 Design Decisions

A number of important decisions guided the design of our jackets. Key decisions

regarding hardware greatly in
uenced aspects of the prototype's physical appear-

ance and interactivity. Additionally, a desire for discretion rather than a tech-savvy

statement piece also in
uenced how the �nal products were designed.

Figure 3.1: This sketch shows initial considerations for air pump placement inside a
shirt, created during a brainstorming session early in the design process.

The choice of using in
ation of airbags, discussed further on in Section 3.1.1, as

the source for pressure actuation led to design decisions made to e�ectively hide the

hardware for the air pumps. These pumps are used to in
ate airbags tied to the waist.
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The garment design needed to accommodate two 27x45mm air pumps. Additionally,

the pump's weight of approximately 100g needed to be supported so that it did not

weigh down the fabric and cause unintended changes in the shape and drape of the

garment. To combat this, fashion trends were explored. Large, structured belts,

would allow the air pumps to be supported around the waist or hips in a position

that is familiar, but caused limitations when used in conjunction with airbags also

present on the waist. The presence of both could reduce the performance of each

other, or result in too much bulk around the waist. Cowl and ruched necklines also

presented opportunities to hide the shape of the air pumps, while supporting their

weight on the shoulders, but may not have enough fabric to conceal the size of the

pumps. Lastly, structured shoulders allowed the shape and weight of the air pump to

be neatly concealed on the shoulder, which can be technically more di�cult to situate.

They are further away from the actuators by the waist, but we deemed this to be

the most comfortable and least problematic solution for users. Figure 3.1 highlights

di�erent locations on the body where air pumps were initially considered.

In addition to the pumps, the design was in
uenced by the positioning of a sensor

to accurately measure the user's heart rate, given the use of a PPG sensor. As

discussed in the previous section, this is a common method for monitoring heart

rates in commercially available wearables, like the Apple Watch. In order to get an

accurate reading from the PPG sensor, the sensor must be pressed �rmly against the

skin. This guided the decision to use a long sleeve and some form of cu� to allow the

sensor to be squarely placed on the wrist.

Lastly, individuals may not always want to disclose their feelings. Indeed in some
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situations, it could increase the levels of discomfort that they are experiencing. Ad-

ditionally, participants may not want to show o� that they are wearing a technology

enable garment. Therefore, the design of the jackets placed emphasis on ensuring

that the jackets mimicked something that �t into everyday fashion. In order to be

more inclusive of size and personal preference, we decided to develop two jackets in

di�erent styles.

Figure 3.2: Di�erent actuations that were brainstormed early in the creation process:
(1) Neutral, (2) Crumpling, (3) Compression, and (4) Brushing.
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3.1.2 Initial Iterations

The process of crafting the �nal jackets was an iterative process, involving sketches,

basic fabric prototypes, and the �nal physical product. The initial sketches focused

on di�erent types of actuation that could be envisioned. The types of actuation

envisioned served the purpose of calming the feelings of anxiety a participant might

be feeling. These possible actuations included compression, scrunching, and brushing,

shown in Figure 3.2. Other ideas considered were vibrotactile feedback and light

emissions to breathe alongside. Wearers may not always want to broadcast their

emotions, so light emissions were eliminated as a possible actuation because of their

lack of discretion.

Figure 3.3: Image depicting the airbags in
ated (top) state and in the neural state
(bottom).
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Drawing on inspiration from Deep Pressure Stimulation [51], compression was

chosen as the form of actuation. This led to the development of di�erent ways to

induce compression, without being restrictive to the wearer. Ideas included Shape

Memory Alloy constriction, raised beads pressing on the skin, and airbags. Airbag

compression presented the most bene�ts [33]. Inspired by previous work in [33],

we chose to explore pressure applied to the sides. Thick, but 
exible, plastic sheets

connected to pumps through silicone tubing were chosen as the materials to implement

garment compression. Figure 3.3 shows an airbag �lled and empty.

One issue that arose when initially crafting the prototype was the fragility of wires

when combined with the weight of the air pumps used. The air pumps have more

weight to them than other electronic components, at approximately 100 grams. Once

sewn in, if they shifted at all, the wires attached to the pump started to fatigue. This

led to the wires disconnecting the pump from the circuit. This was solved by cutting

out a portion of a foam shoulder pad and placing the pump inside, leaving room for

the tubes to exit, and then sewing it shut. This reduce the movement of the pumps

while supporting the weight on the shoulders. Figure 3.4 shows the con�guration of

the pump and shoulder pads.

The air pumps were also di�cult to attach to the circuit with conductive thread.

The pumps have two posts (one positive, one negative) equally spaced in the middle

of the base. This lead to di�cultly using conductive thread to connect to the posts.

Therefore, wires were used to connect the components. Again, we ran into the issue

of metal fatigue. Longer wires which accommodated more room for movement were

�rst tried, however, this still lead to metal fatigue. This lead to multiple iterations of

the con�guration of the electrical components to ensure that the circuit functioned
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