


Abstract

How ideal would it be if a device small and non-intrusive enough would be able to help

you live a healthier life? Over the last couple of years wearable technology has risen in

popularity and accuracy. These ‘wearables’ promise to be useful for recording physical

activity data such as daily activity, workouts, sleep and heart rate information. Earlier

studies have shown that medical grade devices could be used to indicate the correlation

between physical and mental health. This study aims to see if this correlation is also

visible when using popular consumer wearables and if data from these wearables could

be used to make a predictive model about the current mental state of an individual.

An experiment was conducted in which participants were asked to fill in a short mood

assessment twice a day which scored the mental well-being of the participants based on

positive affective state, rumination, resilience, cognitive complaints and depression. The

answers to these questionnaires were used to capture mental health information, while

wearables were used to capture the physical health information.

Linear mixed effects models showed that mental well-being is positively affected by more

daily steps, a higher workout intensity and frequency and lower mean stress scores. The

sleep information did not show to have a significant effect on mental well-being.

To see if this correlation could also be implemented in a predictive model, multiple

models were trained using different classification methods. These models showed to

be able to reach a maximum predictive accuracy of 75% when only predicting either a

positive or a negative class of mental well-being. This accuracy could only be reached

when some prior mental health information about depression and anxiety scores was

added to the models.

This study partially confirms that wearables can be used to show the correlation between

aspects of mental health and several physical health variables. Using the data and data

types available in this study, the predictive model showed to be too inaccurate for reliable

usage.
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How ideal would it be if a device small and non-intrusive enough would

be able to help you live a healthier life? This could be helpful in, for

example, the situation where someone has a dangerously infrequent

heart rate. This device could be able to indicate that you should seek

medical help. When someone has a panic attack the device could instruct

someone with, for example, breathing exercises. Even when someone is

feeling down/depressed, how great would it be if the device could help

them by suggesting to take a walk.

Such a device would be put in the domain of wearable technology, a

device that can be worn close to or on the surface of your skin. The

interest in wearable technology has risen over the last couple of years

[1][2] and so has the accuracy of recording physical information using

this technology [3]. These ’wearables’ promise to be useful in making

ones life easier by being able to detect, analyze and provide information

regarding signals from the body of the individual wearing that wearable.

At the time of writing this paper, a wearable is generally capable of

detecting and analyzing information like amount of steps taken, current

heart rate, workout information, and sleep information. Some wearables

are in addition also capable of processing heart rate variability (HRV)

and sleep phase information. Most devices are accompanied by an app

which is not only intended to provide extra information or to provide a

more user friendly way of interpreting the wearables its data, but is also

intended to be able to ask for extra information such as weight, length

and age. it is possible to make an estimation on how physically healthy

an individual is by combining all this data. If the person is not taking

enough steps every day, the wearable will advise the user to take a walk,

and if the user is not sleeping enough, the wearable will advise that the

user should go to bed earlier.

Even though this sounds very promising, itmainly focuses on the physical

aspect of health while the mental aspect is widely ignored within the

wearable domain. This is unfortunate since mental health has been seen

to have an effect on physical health and vice versa [4][5][6][7][8].

Poor mental health is often associated with mental disorders such as

anxiety and depression. These mental health disorders are shown to be

accompanied with sudden and uncontrollable mood changes [9][10][11].

If your mood is constantly negative, this might be an indication for

depression [12], while a frequently changing mood might indicate a

bipolar disorder [13][14].

Research has shown that a correlation can be found between mood

and different types of physical information such as sleep data, activity

data and heart rate information [15][16][17][18][19]. A positive mood is

associated with enough and a regulated sleep cycle, enough physical

activity and normal heart rate information without any signs of stress or

other irregularities (per subject more detail later). Although mood alone

cannot be used to diagnose a mental health disorder, it can be used as a

motivational tool to go and find help from an expert.



2 1 Introduction

Previous research has mostly been performed using medical grade

devices, which are usually big bulky devices, so these cannot really be

called wearables. There is one big problem with using such devices for

concluding anything about an individuals mental/physical health over

a period of time. The recordings that are made during this period of

time are not reliable to be representative for the typical day of an average

person. Either the recordings have to be made on site at a medical center

once every couple of days/weeks, or the devices are intrusive enough

that it could interfere with the outcome.

Another shortcoming of previous research in this field is that conclusions

about mental health and physical health were solely made using the

outcomes from self-reflection questionnaires [17][18]. This is problematic

if participants have to fill in physical activity information such as how

many activities they have performed and how intensive they rated these

activities. This might simply be hard to correctly remember and it can

be very confrontational. If someone has to fill in that they only made

a couple of hundred of steps a day, it can in turn affect mood by being

disappointed with themselves. It is also not easily possible to accurately

measure the exact amount of steps taken, heart rate or stress values or the

specific total duration of activities when solely using questionnaires.

1.1 The Importance of Mental Health

While disorders such as anxiety and depression are widely known to

cause difficulties in life, the majority of people suffering from mental

disorders will not seek professional help or are not even aware of the

impact that a mental, behavioral, or emotional disorder can have on a

person [20][21][22]. The World Health Organization (WHO) estimated

that 1 in 5 people suffer from a mental disorder of which two-thirds

is not effectively trying to fix it . The WHO says that this comes from

stigma, discrimination and neglect. While seeking medical help should

be seen as a healthy and smart idea, often barriers such as disgrace and

embarrassment are still a problem [23].

Poor mental health can have a (silent) impact on multiple aspects of life.

Next to having an impact on an individual its social life by self isolation

and breaking social connections [24], it also decreases productivity and

thus it can have a financial impact. In the worst case, poor mental health

may result into suicide, which is one of the leading causes of death

worldwide [25]. Every form of making the process easier of identifying

and tackling mental disorders can have a positive impact on a persons

life. Since previous research showed the correlation between mental and

physical health, there is a real potential in wearables that could possibly

be used to give instructions on how to become mentally healthier.

1.2 Mental Health in a Diary Study

This study uses symptoms from mental diseases such as depression and

anxiety. These symptoms are used to find the correlation with data origi-

nating from wearables, and to predict the mental state of an individual.

These mental diseases develop through the time span of months or years

[26][27], so the scope of this study does not include to find the correlation
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between mental diseases and wearable data. The mentioned symptoms

are used to relate to the term ‘mental state’. Mental state is used to explain

the positivemental well-being of a person, how is their emotional, psycho-

logical and social well-being at a specific moment. This mental well-being

score is represented as several different aspects; positive affective state

(PAS), rumination (R), resilience (RES), cognitive/physical complaints

(COG), and depression (D). The term positive affective state explains how

much your positive emotions such as excitement, cheerfulness and energy

weigh out against negative emotions such as sadness, fear or distress[28].

Together with cognitive/physical complaints, and the depression aspect,

these are the most obvious aspects when thinking about mental health.

When a person suffers from cognitive or physical complaints this could

include a lack of attention, difficulty to focus, and physical pains such as

a headache or muscle strain. The possible causes of these problems are

often associated to issues with sleep and overuse (or improper use of)

muscles. Next to these causes related to physical health, the cause could

be related to mental health in the form of depression [29][30].

While having a significantly lower prevalence than depression [31], anx-

iety still affects millions of people worldwide. Similar to depression,

anxiety can present itself with cognitive and physical complaints, while

the act of rumination and a poor resilience capability are likely to also be

present [32][33]. Rumination is the act of having thoughts that influence

your depressivemood by interfering with attention and concentration. By

enhancing the recall of negative events‚ and by increasing the likelihood

of using depressogenic explanations for negative life events [34], which

can cause stress levels to rise. With resilience is meant how capable

you are at coping with negative life events and stress. Higher scores of

depression and anxiety usually correlate with lower resilience scores

[33].

Another important aspect about mental health is the company that you

are with or the location where you are at. For example, the environment

at work can be quite stressful and purely professional, while being with

friends might make you feel more relaxed and more open about your

feelings.

In contrast to the earlier mentioned use of self-reflection questionnaires,

there are some reliable questionnaires that can make a conclusion about

mental health. In the mentioned studies [17][18] implementations (or vari-

ations) of the Patient Health Questionnaire (PHQ-9) and the Generalized

Anxiety Disorder (GAD-7) scales were used. The first is a depression

module based on the PRIME-MD diagnostic instrument for common

mental disorders. In comparison to the PRIME-MD instrument, the Pa-

tient Health Questionnaire (PHQ) can be self-administrated while also

resulting into a reliable and valid measure of depression severity [35][36].

This questionnaire asks to grade how frequent some questionswere appli-

cable to you in the last two weeks, with questions like; "How often were

you bothered to have little to no interest or pleasure in doing things?".

This question has to be answered on a 4 point scale about frequency.

Eventually the outcome of the questionnaire will give a suggestion on

where you are on a scale of depression.

The Generalized Anxiety Disorder (GAD) questionnaire works in the

same way and was proven to be a reliable method of diagnosing anxi-

ety [37][38]. Since the mentioned mental well-being variable might be

heavily influenced by the depression or anxiety scores, it’s important
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to have some prior information about mental health before looking for

correlations with mental state.

1.3 Physical Aspects Correlated to Mental

Health

The physical aspects correlated to mental health that could be recorded

using wearables can be classified into three subjects; sleep data, activity

data, and heart rate information. The difference between the three is

that the first two are behavioral data types, while the last is a body

function. This difference and the correlations of these aspects to mental

health will be discussed in the following sections. Next to these aspects

there are other factors that have an influence on mental well-being.

These factors can be both genetical and environmental [39][40]. One of

these environmental factors can be the weather for example [41] or the

amount of access to sunlight over the day [42][43]. Only physical health

parameters originating from consumer wearables will be used in this

study.

The Relationship Between Sleep and Mental Health

As mentioned, previous research showed a correlation between mental

health and sleep. A properly regulated and long enough sleep schedule

showed to have a positive effect on mental health [18][44][45][46]. Mental

disorders such as anxiety and depression are shown to be intertwined

with insomnia over time. Anxiety can cause higher levels of rumination,

which can increase stress, which can in turn decrease the quality of sleep

[34]. While anxiety causes your thoughts to race, thus making it harder

to fall asleep, depression can lead to oversleeping and irregularity in

sleep rhythm [47][48][49].

Several aspects of sleep have shown to affect mental health. Correlations

were found between mental health and sleep continuity, sleep depth,

and excessive daytime sleepiness [44][50][51][18][45]. Sleep continuity is

defined as a longer sleep duration combined with a reduced number of

awakenings.

The sleep depth refers to the different sleep stages someone can be

in during a sleep session. There are 5 different stages; wake, NREM1,

NREM2, NREM3 and REM. Sequentially these stages show a slower heart

beat, a lower breathing frequency and the body begins to relax more.

The NREM3 (deep sleep) stage houses several health-promoting tasks

such as tissue repair and immune system strengthening [52][53][54]. The

REM stage shows a more variable heart rate, more variable breathing

frequency and the brain activity increases (dreams occur during this

stage). An increase in percentage of time spent in NREM3 and REM

phase and a decrease of percentage of time spent in wake, NREM1 or

NREM2 has shown to have a positive effect on mental health [51][55].

Next to the effects of ‘normal’ sleep sessions on mood, excessive daytime

sleepiness was shown to correlate with a depressive disorder [56] and

thus a poor mental health.

In addition to these symptoms that can be recorded on a daily basis,

mental health showed to be correlated with sleep patterns [57]. An
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infrequent sleep pattern, for both sleep onset and sleep duration is

correlated with poor mental health.

Working Out to Improve Mental Health

Previous research showed a correlation between mental health and phys-

ical activity[58][59][60]. People who suffer from mental health diseases

such as anxiety and depression generally tend to be less physically active

[59], while frequent exercises and strength training has shown to reduce

symptoms of these mental health diseases [61][62][63][64][65]. A study

by Martinsen et al. (1985) [66] showed that individuals who suffer from

depression can use aerobic exercises as an antidepressant.

In studies that used a combination of self-reflection questionnaires and

medical grade devices, higher workout intensity and total workout dura-

tion showed to have a positive impact on mental health [67][68][69][70].

The workout frequency showed to be beneficial for mental health and

cognition, where the optimal value is between 3 and 5 workouts a week

[71][72].

The time since the last workout also showed to have a negative relation

with mental health [73][74][75]. During workouts the production of

several hormones such as dopamine is increased. In the period after the

workouts this increased productivity slowly decreases.

The amount of steps taken showed to have a positive impact on mental

health [76][77][78]. It was shown that people who reported to take longer

walks, more frequently and at a more intensive level also reported to

have an improved mental health. The level of intensity is based on the

speed and distance of the walk and is reflected in the amount of calories

burned.

Heart Rate Variability and Mental Health

Where you are able to choose to start a workout or try to go to bed, most

people do not have a lot of control over their heart. In some ways it is

convenient that your heart is automatically regulated, for example you do

not have to actively think about letting your heart make a beat frequently

enough. In other ways missing some control might be problematic for

people. Next to the physical importance of your heart by keeping all

organs running, the heart plays an essential role for your mental health.

Especially heart rate variability showed to play a major role in indexing

your stress levels and your resilience to stress [79][80][81]. Heart rate

variability (HRV) is the variability of the time between consecutive heart

beats. If there is a bigger difference between these times (so HRV is

higher) stress is naturally lower and vice versa [82].

When stress is at a higher level it in turn can cause an imbalance in your

quality of cognition, decision making and mood [83][84]. High stress can

therefore cause signs of depression, anxiety and other mental illnesses.

Multiple studies compared individuals who suffer from these mental

health disorders to mentally healthy individuals [85][86]. These studies

found a significant effect between higher stress levels (so lower HRV

scores) and mental health disorders [87][88][89].
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1.4 Why Wearables Could Be Useful

As mentioned, the popularity, acceptance and accuracy of wearables has

risen over the years [1][2][3][15]. Compared to wearables, questionnaires

about physical health information are less reliable due to the inability to

capture real-time data. The correlations found between mental health

and sleep, workout or heart rate information were indicated to exist

through the use of self-reflection questionnaires and medical grade de-

vices [15][16][17][18][19]. What makes the use of this method an even

bigger problem is that mental disorders are shown to cause more unreli-

ability in self-reflection questionnaires [90]. The main reason for this is

that people with mental disorders see themselves differently than how

others see them, Anthony et. al. (2017) [90] described this with the term

"lack of insight". Since wearables make it possible for information such

as sleep data, workout data and heart rate information to be collected

in a non-intrusive way, these problematic experimental design flaws

can be resolved, while also improving accuracy (in comparison to only

self-reflection questionnaires).

The use of wearables in mental health related studies has been explored

before [91]. Smith et. al. (2020) [92] used data originating from wearables

for stress management intervention and Coutts et. al. (2020) [93] showed

that a prediction could be made about mental health diseases such as

depression and anxiety using HRV recordings from wearables. These

studies used wearables that are only focused on tracking specific mea-

surements, like HRV or even EEG recordings [94]. These are not popular

consumer wearables so currently these prediction models are not directly

applicable to the masses. Next to that, these earlier studies focused on

mental health diseases, such as anxiety and depression. Because these

diseases do not arise in a time span of 2 weeks, these studies had a time

span of multiple weeks or months.

Most research that made use of wearables mostly used these wearables

as a measurement for validation (compared to medical grade devices)

or as a means to set physical health goals and track progress for these

goals. Liau et. al. (2018) [95] used Fitbit wearables to see the effects of

setting physical health goals on mental health and the Apple Watch

was used to monitor mental health related symptoms, such as resilience

[96], energy expenditure [97][98] and sleep monitoring [99]. The biggest

difference to these earlier studies is that this study is not looking to

validate the accuracy of wearables against medical grade devices or to see

if monitoring certain health related symptoms are possible. This study is

looking into whether popular consumer wearables can be used to find

the correlation/make a prediction about mental state.

1.5 Research Outline

This study aims to use popular consumer wearables from brands such as

Apple, Fitbit, Samsung andGarmin to handle the physical aspect of health,

while using frequent ‘positive mental well-being’ assessments to capture

the mental aspect of health. Earlier research has shown that there is a

correlation between physical health and mental health [15][16][17][18][19]

and that the prediction of mental health diseases based on wearable data

is promising [93]. In contrast to this earlier research this study will use
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popular consumer wearables and will try to find the correlation and

make a prediction on the current mental state of an individual.

With this combination of mental health data and physical health data

the aim was to answer two research questions. The first, Can we use
physical health data originating from consumer wearable technology to note
a correlation between mental and physical health? Since information such

as sleep data, workout data and heart rate information was shown to

impact mental health using questionnaires or medical grade devices, it

would be interesting to see if the usage of consumer wearables could

introduce a method which is more reliable (instead of self-reflection) and

less intrusive (instead of medical grade devices).

A side note to this question is to see howmuch each wearable or wearable

brand differs compared to each other, since every brand can use a different

heart rate sensor or step count sensor. Once wearables have shown to

be a reliable source of measuring this correlation we want to be able to

use this information to create a ‘personal health plan’ in a predictive

way: How can the data from these wearables be used to create a model which
is capable of predicting the mental state of an individual according to physical
activity information? If the data coming from the wearables can not only be

used to keep track of physical health but correlation wise also ‘conclude’

something about mental state, wearables might become something more

than just fun physical health trackers or digital fashion accessories.

The hypothesis states that a better/more positive mental state correlates

with more activity, more sleep and lower stress values. More specifically

for activity the amount of steps, the amount of workouts and the intensity

of these workouts are expected to have a positive relation with mental

well-being. For sleep the total sleep duration and the percentage of time

spent in the NREM3 and REM sleep phases is expected to have a positive

relation with mental well-being. More sleep sessions during the day are

expected to correlate with a poorer/more negative mental well-being.

For the heart rate information it is expected that a higher percentage

of time spent with a higher stress level has a negative relation with an

individual its mental well-being.

Since the frequency of the sleep and activity information showed to be

correlated with mental health, we hypothesize that a more infrequent

sleep pattern and more infrequent walking/workout pattern has a

negative effect on mental well-being.
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2.1 Participants

In total 32 participants participated in the experiment (13 woman, 19

men, aged between 18 and 62 with an average age of 28.9 and a standard

deviation of 10.46). In total 43 individuals registered to participate in the

experiment but not all completed the initial setup or participated after the

initial setup (18 woman, 25 men, aged between 18 and 62 with an average

age of 29 and a standard deviation of 10.38). These participants were

mostly gathered through family, friends, and colleagues. Furthermore,

advertisements were placed at public properties of the University of

Groningen, as well as online social media platforms such as LinkedIn

and Instagram.

The participants who completed the experiment received a mental and

physical health summary after the experiment in which their physical

activity and their answers to the mental well-being assessments are

presented and evaluated (based on aspects in other studies such as

average sleep duration, average amount of steps or average stress levels).

To participate with the study participants had to fill in a consent form

where they were instructed about the voluntary participation with the

experiment, the data that would be collected and how this data would

be used. In this consent form the participant agreed with wearing the

wearable as much as possible during the day as well as while sleeping.

In addition, the participants were informed about the duration of the

experimental period, the anonymity of the gathered data and they were

provided with contact details for possible questions. The participants

were informed about how data would be collected and that they were

free to leave the experiment without any negative consequences.

Derived from the PHQ-9 and GAD-7 questionnaires the participants

had to fill in while setting up their account, 55% of the participants

had a PHQ-9 score higher than 5, which already shows some mild

signs of depression (see Table 2.1 for all PHQ-9 scores), and 36% of

the participants had a GAD-7 score higher than 4, which shows some

mild signs of anxiety (see Table 2.2 for all GAD-7 scores). The difference

between genders showed to be neglectable.

It was decided to allow as much possible different wearable brands in

the study since this introduces a bigger audience of possible participants.

The division of wearables used in the study is visible in Figure 2.1. The

biggest part of the participants used a Garmin wearable, which is capable

of recording stress values.
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Table 2.1: Summary of the PHQ-9 scores

of the participants

Score #

0-4 15 Minimal signs of depression

5-9 14 Mild signs of depression

10-14 4 Moderate signs of depression

15-19 0 Moderate to severe signs of depression

≥20 0 Severe signs of depression

Table 2.2: Summary of the GAD-7 scores

of the participants

Score #

0-4 21 No signs of an anxiety disorder

5-9 5 Mild signs of an anxiety disorder

10-14 4 Moderate signs of an anxiety disorder

≥15 3 Severe signs of an anxiety disorder

Figure 2.1: Division of wearable brands

used by the participants of the study.

Garmin: 24%

Apple: 21%

Fitbit: 18%

Google Fit: 18%

Samsung: 12%

Strava: 3%

Polar: 3%

2.2 Materials

Several aspects were required to be able to conduct this experiment. We

needed a method of receiving and storing the participant its physical

activity information and we needed a secure method to fill in, store and

receive the mental health information. Since this study is conducted

solely online, we also needed to offer a safe way to participate online. To

do this the platform Research-Health was created.

Research-Health

Research-Health is a Laravel [100] based online application which func-

tions as the technical backbone of this experiment
1
. This platform was

used for online registration (see Figure 2.2), secure authentication and

data storage, mental well-being assessments, connecting to wearables as

well as an admin panel to conduct the experiment. Every hour the server

was scheduled to possibly send out notifications either bymail or through

Firebase [101] to get notifications in the created Android app. This app is

a Kotlin [102] based Android application which main functionality is to

let the user receive notifications when it has to fill in a mental well-being

assessment. The app is available on the Google Play Store
2
and can also

be used to register into the experiment and start participating
3 4 5

.
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Figure 2.2: The registration screen of

research-health.

1: Research-Health is available at

https://www.research-health.com/

2: The Research-Health An-

droid application is available at

https://play.google.com/store/

apps/details?id=com.researchhealth

3: In order to be transparent with the

participants about the private data

being shared by the app, a privacy

statement is available on the web-

site: https://research-health.com/

privacy_policy_app

4: The website has its own privacy

policy: https://research-health.com/

privacy_policy

WeFitter API

The WeFitter API [103] makes it possible to connect to wide range of

wearable brands, and to more than 250 different wearable devices. At

the time of conducting the experiment, WeFitter made it possible to

connect to FitBit, Strava, Garmin, Google Fit, Withings, Polar, and Oura

without any necessary development per connection. WeFitter handles the

authentication to connect to these wearable brands and pulls data from

connected wearables every ±10 minutes (depending on the wearable

brand). This data is processed and returned as structured data in the

form of daily summaries, biometric data, workouts, sleep summaries and

stress samples/summaries. At the time of conducting this experiment

these stress samples/summaries are only available on Garmin devices.

If participants are wearing multiple wearables and did also connect

multiple wearables, the data will be aggregated.

By using theWeFitter platformwe do not need to implement the authenti-

cation methods, data retrieval methods and secure data storage methods

for all the different wearable brands. This safes a lot of development time,

server costs and maintenance.

Since both Apple and Samsung wearable devices do not offer an API but

only an SDK connection, the decision was made to not implement these

two brands into the research-health app (due to verification-, costs- and

time-constraints). The already existing WeFitter app could be used to-

gether with the Research-Health platform. This meant that some manual

work had to be done per participant to connect both platforms, which

requiredmore guidance initialising the participationwith the experiment.

This method was only used for participants who could be available for

direct communication. This difference in app usage is not visible in the

collected data and does not affect the outcome of this study in any way.

Physical Health Data

The health data from the wearables cover a wide variety of domains and

different time intervals. To see if the data originating from wearables

could be used to show a correlation between physical health and mental

health, we will use the WeFitter models; daily summaries, workouts,

heart rate summaries, sleep summaries and stress samples. All the

different wearable brands have a different way of structuring their data.

WeFitter restructures this uniformly without losing necessary data, so no

conversion is required anymore on our side. The different models will be

explained more in detail:

Daily Summaries

The daily summary objects from WeFitter offer a way to get a general

sense of how active the participant was on a certain date. It included

the amount of steps, calories and distance of a person a day, while

some wearable devices include a heart rate summary with minimum,

maximum and average heart rate values. The calories variable is an

estimation based on the basal metabolic rate (BMR) and the amount of

steps traveled and the heart rate during these steps. This daily summary

https://www.research-health.com/
https://play.google.com/store/apps/details?id=com.researchhealth
https://play.google.com/store/apps/details?id=com.researchhealth
https://research-health.com/privacy_policy_app
https://research-health.com/privacy_policy_app
https://research-health.com/privacy_policy
https://research-health.com/privacy_policy
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5: The website is also accompanied with

a cookie policy to adhere to European

guidelines: https://research-health.

com/cookie_policy

Value Class

0-25 Rest

26-50 Low

51-75 Medium

76-100 High

Figure 2.3: The classification of stress

scores according to Garmin.

can be used to cross validate earlier studies that showed a correlation

between the amount of walks and mental health of a person [76][77].

Workouts

Theworkouts objects fromWeFitter aremanually or automatically tracked

exercises such as cycling or taking a longer walk. A workout has a

timestamp, duration, type (like running or cycling), tracking method

(automatic or manual), distance, steps, calories, and a possible heart rate

summary (min. max. avg.). A wearable automatically starts tracking a

workout by looking at multiple aspects, such as heart rate, amount of

steps, and GPS location. This means that most often these automatically

tracked exercises are aerobic exercises.

Heart Rate Data

At the time of conducting the experiment, the only wearable brand that

uses heart rate variability to estimate a stress value is Garmin. Garmin

is dividing this stress score into 4 separate stress levels classified as rest

(0-25), low stress (26-50), moderate stress (51, 75), and high stress (76-100).

This data is recorded and collected every 3 minutes (if possible). This

stress score is determined by looking at the heart rate variability and

the domain of these stress scores are dependant on the wearer of the

wearable. If the person wears the wearable often, the stress scores are

adapted to their personal condition, if not the stress scores are based

on global averages. All participants with a Garmin connection already

owned the watch for more than a month, which is enough to personalize

the stress scores. Thismeans that these scores can be used as an indication

of stress levels over time.

Sleep Summaries

The sleep summary objects are recorded if the participant is wearing

their wearable while they are sleeping. This object contains a timestamp,

duration, duration awake (NREM1), duration in light sleep (NREM2),

duration in deep sleep (NREM3), duration in rem sleep (REM), and total

time in sleep. The difference in sleep stages is determined using the

accelerometer and the heart rate of the person wearing the wearable.

The accuracy of sleep tracking in the wearables differs per brand. Al-

though reliable to summarize a night of sleep, the actual accuracy of the

measurements compared to (current) medical grade devices is between

70% and 80% [104][105][106]. This lower accuracy is not expected to be

problematic since the percentages of time spent in sleep stages will be

used, this does not have to be accurate on a minute per minute basis.

Positive Mental Well-being Assessment

To get a good assessment about mental health looking at the 5 dif-

ferent aspects, positive affective state, rumination, resilience, cognitive

complaints and depression, several items from multiple well-validated

questionnaires were combined. First of all a part of the Positive and

https://research-health.com/cookie_policy
https://research-health.com/cookie_policy
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6: The registration page is available

at https://www.research-health.com/

register/

7: The terms and conditions are avail-

able at https://research-health.com/

terms_conditions

Negative Affect Schedule (PANAS) was used, which involves repeated

and frequent sampling of the current mood of the participant based

on certain words. More specifically the PANAS-X scale was used since

this makes it possible to measure at different time intervals [107][108].

In comparison to the PHQ-9 and GAD-7 questionnaires, these mental

health assessments were asked twice a day and specifically ask for the

current state of the participant instead of the past two weeks.

To test for rumination and resilience we respectively used parts of the

Ruminative Response Scale (which also tests for depression) [109][110]

and the Resilience Scale [111]. To test for cognitive complaints, statements

about concentration and memory are used since these strongly correlate

with symptoms of mental disorders [30]. Another symptom of mental

illness can be physical complaints [29], so a question about howphysically

uncomfortable someone is was also added.

The statements had to be scored on a 5 point Likert scale where 5 means

strongly agree and 0 means strongly disagree. The statement about the

location can be answered by several options, see table 2.3. This statement

was added to get a better idea about the participant its environment and

state while filling in the questionnaire. The order of these statements were

randomized when presented to the participant, so that the participants

were less prone to recognize a pattern and fill in the same scores.

question subject

1 At this moment I feel Energetic PAS

2 At this moment I feel Happy PAS

3 At this moment I feel Satisfied PAS

4 At this moment I am focused on my feelings R

5 At this moment I am worried about problems R

6 At this moment I feel like I would be able to effectively cope

with a negative life event

RES

7 At this moment I feel forgetful COG

8 At this moment I feel inattentive COG

9 At this moment I experience physical discomfort COG

10 At this moment I feel depressed D

11 At this moment I feel hopeful about my future D

12 At his moment I feel stressed / I am too busy R

13 In the last 2 hours I spent most of my time: Location

- At home

- At School / Work

- With Family / Friends

- On the move

- In nature

- At the gym

- On vacation

- Somewhere else

Table 2.3: Statements which are shown

in the positive mental well-being assess-

ments.

Statements 1 - 12 are scored on a 5 point

Likert scale.

PAS = positive affective state.

R = rumination.

RES = resilience.

COG = cognitive complaints.

D = depression.

2.3 Procedure

A participant can create an account to participate online
6
, where it

had to fill in some personal details (see Figure 2.2). On this screen the

participant had to consent to participate, as well as agree to the terms and

conditions of the platform
7
. After registration the user was manually

approved or declined to prevent spam and a verification email was sent

to the participant. After verifying the account the participant can start the

experiment and does this by filling in a PHQ-9 and GAD-7 questionnaire

to give an indication of their prior mental state. The participant can

now connect to a wearable brand by pressing one of the wearable brand

https://www.research-health.com/register/
https://www.research-health.com/register/
https://research-health.com/terms_conditions
https://research-health.com/terms_conditions
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logos (see the right screen in Figure 2.4). After a connection is made, the

experimental period of two weeks begins.

Figure 2.4: The Research-Health app.

Left: shows the home screen where a par-

ticipant can connect to new wearables and

fill in the questionnaire

Right: the wearable connections screen, on

which the participant can connect to a new

wearable.

Experiment Period

During the experimental period the participant is notified at 10:00 in the

morning and 18:00 in the afternoon about filling in the positive mental

well-being assessment. If the participant forgets to fill in the questionnaire

it will be reminded hourly for the next three hours, either by app or by

mail (the participant can set its own preference). If the participant follows

the link in the notification it will be brought to the mental well-being

assessment page where the participants has to fill in the questionnaire.

The participant is also able to fill in the questionnaire earlier or later than

when the notifications are sent, this functionality is added since the time

slots may be inconvenient for some participants. Only allowing entries in

certain time frames, for example between 10:00 and 10:30 will result into

a huge loss of data. A participant cannot send in 2 questionnaires within

4 hours of submitting one. WeFitter pulls data from the wearables every

±10 minutes and stores this on their systems. All log files from the app

and the platform are stored securely on the server and on Google Cloud

Storage for Firebase. These log files together with the questionnaires

were used to track progress and activity. In total 6 different participants

showed some inactive behaviour by not submitting a questionnaire in at

least 3 hours after the notification. Two of those participants had to be

reminded more than once and contact was made to urge the participant

to fill in the questionnaires or to check the connection with their wearable

(1 participant just bought a new wearable 1 day into the experiment, so

she had to reconnect).
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Post experiment

When the participant has submitted 28 questionnaires, or is participating

for 2 weeks, the notifications will stop and the participant has finished

the experiment. After participation the participant receives an email with

a link to a summary about their physical and mental health. The purpose

of this email is that the participant can get a health check. Information

is provided that may help them live a healthier life. For example if it is

visible that they show some problems getting a good night of sleep, tips

will be provided to try and prevent this. Their answers to the GAD-7 and

PHQ-9 questionnaires and their answers to the positivemental well-being

questionnaires are presented and discussed. Furthermore the amount

of steps, the average sleep duration and the amount of workouts are

compared to values from earlier studies and anonymously how they rank

compared to other participants. The physical health data is downloaded

from the WeFitter API and stored anonymously.

2.4 Pre-processing and data mapping

Each physical health data type is converted to values per questionnaire,

and all data points measured between questionnaires are added to the

following questionnaire. So for example the amount of workouts done

after the questionnaire of 18:00 on Monday afternoon, will be added to

the questionnaire of 10:00 on Tuesday morning.

Since the time of filling in the questionnaires is not exactly the same

per participant, the questionnaires will be classified either as morning

or afternoon submissions. The data is not yet directly connected to the

questionnaires so some conversions have to be done to match data from

the morning or afternoon time frames.

Daily Summary Mapping

The daily summaries show an activity summary of the whole day. This

means that the daily information for steps taken, distance traveled and

calories burned are returned as one value per day. To take into account

the progress of activity over a day the total amount is estimated according

to the average active time of the day. The active part of the day is based on

the average sleep wake times found in previously existing WeFitter data.

The average wake time is 7:02 in the morning and the average sleep time

is 23:40 in the evening. This means that on average a person is ‘active’ for

more than 16 hours a day.

From the daily summary objects two different variables are composed

which should be correlatedwithmental health according to earlier studies

[76][77][78]:

1. Daily activity intensity.

2. Daily activity frequency.

For the daily activity intensity only the amount of steps taken are used.

Because steps, distance and calories showed to be highly correlated (Pear-

son correlation test showed ?-values < 0.001 with correlation coefficients
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between 0.66 and 0.90). The amount of steps taken were chosen because

this is the easiest of the three measurements to be accurately recorded,

and is also easiest to understand as a user.

The daily activity frequency is added since the infrequency in activity

showed to have a negative relation with mental health. This variable is

composed by getting the standard deviation of the daily steps over the

last 3 days.

Workout Mapping

Workouts happen at an irregular moment in time and are also variable

in duration. Because of this and the expectation from earlier studies

[61][62][63][64][65] the workout data between the mentioned time frames

is mapped to the questionnaires in the following fields:

4. Workout intensity.

5. Time since last workout.

6. Workout frequency.

The calculated workout intensity is based on the workout type, the

workout duration and the total amount of calories burned during the

workout. The workout types are ordered by WeFitter on their aerobic

score where mindful has the lowest score and strength training has the

highest score (see Table 2.4). The calculation of the workout intensity

score can be seen in Equation 2.1, where = is the amount of workouts,

3DA0C8>=8 the duration of the 8-th workout, 20;>A84B8 are the amount of

burned calories of the 8-th workout, and B2>A48 the aerobic score of the

8-th workout.

The workout since last variable is the amount of minutes since the last

workout was performed.

Similar to daily activity information, the workout frequency will be taken

by looking at the last 3 days (not available for the first 2 days). The average

amount of workouts in the last 3 days is used as workout frequency.

,>A:>DC�=C4=B8CH =

=∑
8=1

(3DA0C8>=8 ∗ 20;>A84B8 ∗ B2>A48) (2.1)

Table 2.4: The workout types and their

aerobic scores.

The workout type "Other" contains a wide

range of workouts, based on all connec-

tions and all possibilities its aerobic score

was scored between rowing and swim-

ming.

Workout type Aerobic

score

Mindfulness 1

Yoga 2

Walking 3

Cycling 4

Running 5

Rowing 6

Other 7

Swimming 8

Crossfit 9

Strength Training 10

Sleep Mapping

Atfirst, it seems to bepossible tomap sleepdatadirectly to a questionnaire,

but this would neglect smaller possible naps during the day. Furthermore

this data is mapped to both the morning and afternoon questionnaire,
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since a bad night of sleep might have a bigger effect at the end of the

next day compared to the beginning of that day. The smaller possible

naps during the day that occurred after the submission of the previous

questionnaire are only mapped to the next questionnaire. According to

expectations from earlier studies [44][50][51][18][45] the sleep data is

mapped to the following fields:

7. Sleep duration.

8. Sleep depth.

9. Sleep onset frequency.

10. Sleep duration frequency.

The sleep duration is the total duration which the wearable classifies as

sleeping, this may include laying awake in bed. The sleep depth is the

percentage of time spent in NREM3 or REM stage.

The sleep onset frequency and the sleep duration frequency are composed

by getting the standard deviation of the main sleep recording onset time

and duration of the last three days (both not available for the first 2 days).

The main sleep recording is selected by getting the longest duration of

the sleep recordings in the specified interval. If there is no sleep data for

all of the last three days, the frequency values will be nulled.

Stress Mapping

Earlier studies showed that the stress values are correlated with mental

health disorders [87][88][89]. Mental health disorders such as depression

and anxiety showed to be accompanied with higher stress scores. The

stress data fromGarmindevices is coming in every 3minutes (if available),

The mean of these values over the mentioned time interval is used as the

last variable.

2.5 Data imputation

Out of the 32 participants, only 20 recorded sleep data, only 14 recorded

sleep phase data and only 8 recorded stress data. Only 7 participants

recorded both sleep duration, sleep phase and stress data, but not during

all days of the experiment. If all the assessments are excluded where

no stress or sleep data is recorded, only 55 out of the 727 assessments

would be used. To still make use of all the assessments and the activity

and workout data that accompany them, some data imputation was

performed on the data set. Because of the small amount of participants

the decision was made to solely do median imputation. This replaces

all missing values with the median value of that datatype. So for stress

data all the missing values were replaced by 22.25. For sleep duration

the missing values were replaced by 492 minutes of sleep (8.2 hours) and

for sleep depth the missing values were replaced by 33.9% of time in

NREM3 and REM sleep phase. The use of data imputation means that

the specificity in the data set becomes lower, while the general effects of

difference in activity, workouts, sleep and stress data on positive mental

well-being should still be visible.
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2.6 Data Transformation and Scaling

To prepare the data set for analysis some transformations, grouping and

scaling are performed.

First of all the data types are mostly skewed, if we use this skewed

data in the analysis, the spectrum of values wont be used equally. To

transform this skew in a more normally distributed data set the variables

are transformed using the Yeo-Johnson power transformation [112].

After this transformation we want to make sure that all data types are

on a comparable scale, currently the amount of steps taken is much

higher than for example the sleep depth. To scale the variables, the

pre-processing module from the sklearn [113] library is used. From this

module the StandardScaler was used to transform all used features

in the data set. This scaler standardizes the data set by removing the

mean values and scaling it to unit variance. This is important for feature

importance selection.

2.7 Analysis

To analyse the results and see whether the physical information from

the wearables can accurately be used to show a correlation between

physical health and mental well-being, statistical analyses were carried

out using the statistical programming language R [114] in RStudio [115].

Research-Health has an export function that returns all physical and

mental data per participant as a JSON file, all files from all participants

are combined and transformed to a data set that has the information

stored per submitted questionnaire. Only participants who actively tried

to participate in the experiment and filled in multiple questionnaires for a

duration of 2 weeks were included in the analysis. Some participants did

not fill in all 28 questionnaires, this does not mean that the participant is

completely excluded from participating.

In total 727 questionnaires were filled in from the expected 924 (78%).

This unfortunately means that some of the physical health data went

lost because it couldn’t get mapped to mental health questionnaires. On

average the questionnaire was submitted 61 minutes too late (52% of the

questionnaires where submitted within the first hour of receiving the

notification).

To analyse the possible correlations between the physical and mental

health data Linear Mixed Effects models (LME) were created using the

;<44 package [116]. Since multiple aspects about physical health are used

in this study a correlation matrix is made comparing all the different

variables described in the pre-processing section (see Appendix.2). This

correlation matrix showed a strong correlation between the workout

intensity and the time since the lastworkout. This correlation is confirmed

using the Pearson correlation test, which showed a ?-value of 4.3554−05

with a correlation coefficient of -0.15. Because of the lower number of

entries with a known value for the time since the last workout, this

variable was excluded from the models.

The frequency data will be evaluated in a separate linear mixed effects

model since this data is based on longer term recordings. Since most

previous studies about the correlation between mental and physical

health are based on longer period recordings, the difference between the
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two linear mixed effects models is important to be analyzed.

A composite variable positivemental well-being is composed by inverting

the scores of the negatively formulated questions from the positively

formulated questions. This score is an ambiguous term referencing to

how positive or stable someone is mentally. The division of positive and

negative questions was confirmed using K-Means clustering and factor

analysis. Horn’s (1965) "parallel" analysis [117] and the gap statistic [118]

stated that 2 clusters could be the optimal number of clusters in the

questionnaire data (see Appendix Figure.1 and Table.1 for the results

of K-Means clustering and factor analysis). The ’question types’ (Pos-

itive affective state, rumination, resilience, cognitive complaints, and

depression) are all summed scores of the answers to the questions from

Table 2.3, except for the depression score. Here the answer to the second

question "I feel hopeful about my future" is inverted when used with the

answer to the first question "I feel depressed".

Table 2.5: Table of how the question are classified in a positive and negative class. The left column are all positive formulated questions, the

left column all negative formulated questions.

Positive Negative

At this moment I feel energetic At this moment I am focused on my feelings

At this moment I feel happy At this moment I am worried about problems

At this moment I feel satisfied At this moment I feel forgetful

At this moment I feel like I would be able to At this moment I feel inattentive

effectively cope with a negative life event

At this moment I feel hopeful about my future At this moment I experience physical discomfort

At this moment I feel depressed

At his moment I feel stressed / I am too busy

The Satterthwaite Formula for Degrees of Freedom was used to calculate

the ?-values using the ;<4A)4BC package [119]. Each participant and each

date is used as a random variable, while the physical health parameters

(and the initial mental health questionnaires) are used as fixed variables.

These fixed variables are used as a predictor with which the composite

variable positive mental well-being is predicted.

Maximum likelihood estimation and ANOVA were used to compare

models and to create the optimal model which explained the most

variance. The AIC values of the models were compared to see which

model fits the best and a more complex model will only be preferred if

its AIC value is at least 2 points lower.

Next to the model that is predicting the composite variable positive

mental well-being, separate models were created where each of the

question types are used as the predicted values.

2.8 Prediction model

To see if the collected data could be used to make a model capable of pre-

dicting ones "positive mental well-being" based on data originating from

consumer wearables, multiple classification methods were tested and

compared to each other. To stay impartial to the data set, eight of the most

popular classification algorithms from the scikit-learn library[113] were
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Figure 2.5: Division of the mental well-being scores. The numbers in the sections indicate the amount of questionnaires gathered within

that mental well-being range. The curve in the background shows the distribution of available assessments.

used in the python programming language [120] to make a cross compar-

ison on model performance; naive bayes, logistic regression, K-nearest

neighbors, Support vector machine, decision trees, linear discriminant

analysis and ensemble learning (random forests, and ADA-boost).

The scale of the positive mental well-being variable now ranges from

-30 to +25, so a 55-point scale. It was decided to make this less specific

and categorize this data. To see how specific our predictive model could

classify the positive mental well-being, the data was split into 9 different

variants. The least specific variant included 2 classes, so either a posi-

tive or a negative class of mental well-being. The most specific variant

included 10 different classes, so that positive mental well-being could

be scored on a 10 point scale. This split was done using pandas its [121]

quantile-based discretization function, this function groups the values

into similarly sized buckets. Figure 2.5 shows how the different classes

of positive mental well-being are divided and how much recordings are

available per class. Each horizontal line shows the number of classes,

and each number in each ‘box’ shows the amount of recordings in that

group. The shaded curve in the background shows the histogram of

available recordings and it is visible that most recordings are skewed

to the positive part of the spectrum. The Shapiro-Wilk normality test

showed a ?-value < 0.05, so the data is not normally distributed. Other

forms of data normalisation did not show to improve the normality

distribution.

For each algorithm model optimization was performed based on when

the classification was done on 3 different mental well-being classes. This

amount of classes was chosen because this is the amount that could still

be usable (negative-, neutral- and positive- mental well-being) while still

showing some promising accuracies. The individual model specifications

and its parameter settings are visible in Appendix.1. Further optimization

includes that the models were trained with 10-KFold cross validation to

avoid the chance of over-fitting.

The variables that showed to have a significant effect on positive mental
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well-being in the linearmixed effectsmodels were used as features during

model training (daily steps, workout intensity, mean stress score and

workout frequency). The addition of the PHQ and GAD values is again

explored by comparing the average model accuracies. These PHQ and

GAD scores are categorized based on the values visible in Table 2.1 and

Table 2.2 to be able to make a more generalized model.
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First the results of the linear mixed effects models will be presented,

where the effects of the different data types on the positive mental well-

being will be shown. The effects that are based on daily frequency or

difference are modelled in a separate linear mixed effects model since

this requires consecutive daily information which not all participants

have (so less data is available). After this the predictive model will be

presented in section 3.2.

3.1 Linear Mixed Effects

Daily information

To see if positive mental well-being is significantly affected by workout,

sleep and stress information originating from consumer wearables, the

initial model included the data types mentioned in the methods section.

To specify, the createdmodel includes the daily activity steps, theworkout

intensity, the sleep duration and depth, and the mean stress scores as

fixed effects. The participants and date are used as random effects. The

predicted valuewill be the composite variable positivemental well-being.

In this model (see Table Appendix.3) it is visible that the higher amount

of daily steps, the higher the mental well-being score (so the better a

participant felt)(Est. = 3.517e-04, ?-value < 0.001). The same significant

relation can be seen between the workout intensity and the mental well-

being score (Est. = 1.919e-05, ?-value < 0.05). Additionally, the mean

stress score showed to have a negative relation with mental well-being,

the higher the mean stress score, the worse a participant felt (Est. =

-1.230e-01, ?-value < 0.05). This model showed a marginal '2
score of

0.019 and a conditional '2
score of 0.57.

The effect of the daily amount of steps taken on positive mental well-

being are shown in Figure 3.1a. The shaded area in the figure shows that

the score of positive mental well-being increases whenever more steps

are taken. For every ±270 steps taken, the linear mixed effects model

estimates that the positive mental well-being score improves by one

point.

Figure 3.1b shows the effects of the workout intensity on the mental

well-being of a person. The shaded area in the plot shows a positive effect

from workout intensity on the mental well-being. This estimation shows

that whenever the intensity of a workout is ±50.000 points higher, the

mental well-being improves by one point. Using the workout intensity

equation (see Equation 2.1) this is similar to a bike ride of 30 minutes

where 450 kcal are burned.

The effects of stress on mental well-being are shown in Figure 3.1c. The

shaded area shows a negative effect of stress on positive mental well-

being. The models shows that the mental well-being score decreases with

one point whenever the mean stress score increases by ±8 points (on a
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scale form 0 to 100).

(a) Effects of the amount of steps taken on the positive mental

well-being in the linear mixed effects model on daily informa-

tion.

(b) Effects of the workout intensity on positive mental well-

being in the linear mixed effects model on daily information.

(c) Effects of mean stress scores on the positive mental well-

being in the linear mixed effects model on daily information.

Figure 3.1: Plots of the linear mixed effects model with daily information. The shaded areas indicate 95% confidence intervals. The dots

indicate the sample points. The results in these plots are converted back to the original values instead of showing the normalized data.

The Addition of PHQ and GAD scores

A new model was able to explain more variance whenever the PHQ and

the GAD scores, and their interaction with some physical health features,

were added ("2(8)=59.514, ?-value < 0.001, see Table Appendix.4). To

specify, the interaction between the PHQ score and the sleep duration,

and the interactions between the GAD score and the daily steps, workout

duration, sleep duration and the PHQ score were added. The marginal

'2
score of this model is 0.33, while the conditional decreases a bit to

0.59.

The significant effects in this model have changed, the PHQ score has a

significant negative effect on mental well-being (Est. -2.24, ?-value < 0.05)

as does the mean stress score (Est. -1.20e-1, ?-value < 0.05). Furthermore

the interactions between the GAD score and the daily steps (Est. 5.06e-5,

?-value < 0.01, see Figure 3.2a) and the workout intensity (Est. 3.50e-6,

?-value < 0.01, see Figure 3.2b) have a significant positive effect on mental

well-being, and the interaction betweenGAD score and the sleep duration
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has a significant negative effect (Est. -4.97e-3, ?-value < 0.05, see Figure

3.2c).

The plots in Figure 3.2 show the significant effect of the interactions

between the GAD score and the amount of steps, workout intensity

and sleep duration on positive mental well-being. For Figure 3.2a and

Figure 3.2b it is visible that the effect of more steps and a higher workout

intensity is strongly positive with individuals who suffer from a anxiety

(a high GAD score of 21). For individuals without anxiety (a low GAD

score of 0) the effects are only slightly positive, almost neutral.

The significant effect of the interaction between the GAD score and the

sleep duration is visible in Figure 3.2c. This plot shows that this effect

is positive for individuals with anxiety and negative for individuals

without anxiety.

(a) Interaction of the Daily Steps and the GAD score on positive

mental well-being. The red scores represent a low GAD score

of 0, and the blue scores represent a high GAD score of 21.

(b) Interaction of the Workout Intensity and the GAD score

on positive mental well-being. The red scores represent a low

GAD score of 0, and the blue scores represent a high GAD score

of 21.

(c) Interaction of the Sleep duration and the GAD score on

positive mental well-being. The red scores represent a low

GAD score of 0, and the blue scores represent a high GAD score

of 21.

Figure 3.2: The significant interactions found in the linear regression model including the PHQ and GAD scores. The dots indicate the

sample points. The results in these plots are converted back to the original values instead of showing the normalized data.

Frequency information

The frequency or daily difference of physical health data showed to be an

important factor of mental health in previous research [57][71][72][78].
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Since this data is based on the differences or similarities betweenmultiple

consecutive days and less participants filled in the questionnaire on

consecutive days, the decision was made to make a separate model

for these data types. To be more specific, a linear mixed effects model

was created to see if any significant effects could be found between

the positive mental well-being of an individual and the daily activity

difference, workout frequency, sleep start frequency and sleep duration

frequency of that individual. The last four mentioned variables are used

as fixed effects, while the date and participant are again used as random

effects. The predicted variable is once more the composite variable

positive mental well-being.

Again, the addition of the PHQ and GAD scores and their interaction

with some parameters showed to explain more variance to the model

("2(7)=43.964, ?-value < 0.001). To specify, the interaction between the

PHQ score and the sleep onset frequency and the interactions between the

GAD score and the daily activity frequency, sleep onset frequency and the

PHQ score were added. The linear mixed effects model (see Appendix.5)

shows that there is a significant positive effect of a higher workout

frequency on positive mental well-being. Whenever the frequency over

the last 3 days is on average 1 workout higher, the positive mental well-

being increases by almost 2 points (Est. 1.98, ?-value < 0.001, see Figure

3.3). The marginal '2
score of this model is 0.33 and the conditional

equals 0.58.

Figure 3.3: The effect of the workout fre-

quency over the last 3 days on positive

mental well-being. The shaded areas in-

dicate the 95% confidence intervals. The

dots indicate the sample points.

Effects on Question Types

To see the effects of the variables on each question type, separate models

were created where the predicted variable was set to the scores for each

question type. These models do not include the interactions between the

PHQ or GAD scores and the physical health parameters. This decision

was made to focus mostly on the effects of the physical health parameters

on the individual question types. The estimations and significance from

the effects found in these models are visible in Table 3.1. It is visible that

when positive affective state is the predicted variable, a significant effect

is found for the daily steps (Est. = 1.87, ?-value < 0.001), workout intensity

(Est. = 7.51, ?-value < 0.05), sleep depth (Est. = -5.24, ?-value < 0.05)

and mean stress score (Est. = -4.98, ?-value < 0.05). For rumination a

significant effect was found on the GAD score (Est. = 2.71, ?-value < 0.01),
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and for resilience a significant effect was found for the mean stress score

(Est. = -2.25, ?-value < 0.01). The cognitive complaints are significantly

effected by both the GAD (Est. = 1.85, ?-value < 0.05) and PHQ scores

(Est. = 2.60, ?-value < 0.05) and depression by the daily steps (Est. = -7.27,

?-value < 0.001) and the workout intensity (Est. = -3.06, ?-value < 0.05).

For the frequency information again only the workout frequency showed

to have a significant effect on all question types except for rumination.

The significant effects on positive affective state (Est. = 7.14, ?-value <

0.001) and resilience (Est. = 1.99, ?-value < 0.01) are positive. The effects

on cognitive complaints (Est. = -4.76, ?-value < 0.001) and depression

(Est. = -2.30, ?-value < 0.01) are negative.

Table 3.1: Table that shows the estimates and the significance of variables in different linear mixed effects models. The question types

are visible on the horizontal axis of the table and represent the positive affective state (PAS), rumination (R), resilience (RES), cognitive

complaints (COG), and depression (D) (see Table 2.3). Each question type was used as the predicted variable in different linear mixed effects

models. The estimations of each variable are visible, the color and stars show the significance of the variable in the model.

Legend: � * p < .05 � ** p < .01 � *** p < .001

PAS R RES COG D

daily steps 1.865e-04*** -4.543e-05 2.455e-05 -2.624e-05 -7.269e-05***

workout intensity 7.511e-06* -3.176e-06 1.156e-06 -4.459e-06 -3.063e-06*

sleep duration -2.055e-05 1.639e-03 8.343e-04 -8.945e-04 -2.625e-04

sleep depth -5.236e-02* -7.962e-03 -1.378e-02 3.036e-02 1.951e-02

stress mean -4.975e-02* 1.872e-02 -2.254e-02** 1.707e-02 1.501e-02

GAD -1.117e-01 2.712e-01** -6.813e-02 1.849e-01* 1.121e-01

PHQ -2.597e-01 5.710e-02 -5.487e-02 2.600e-01* 6.723e-02

Workout Freq. 7.143e-01*** -2.456e-01 1.991e-01** -4.759e-01*** -2.295e-01**

3.2 Prediction Model

It would be ideal if these correlations could be used to make a prediction

model about mental well-being. This feature could be used to detect

deteriorating trends early, and possibly act upon it.

The different algorithms only showed some slight differences in classi-

fication performance. Figure 3.4 shows the classification performances

of each of the models through cross validation. It is visible that the

average accuracy over all models is ±38% (see the blue boxplots). This

figure also shows the balanced accuracy scores for these classification

methods (see the red boxplots). These balanced accuracy scores remove

the guessing chance from the model performance. It is visible that the

mean balanced accuracy values of all classifiers are close to the chance

level of 0. The differences between algorithms are quite small but the

CART classifier shows to have the highest mean accuracy. This classifier is

used to compare the effects of an increase in amount of mental well-being

classes, the permutation importance of each of the used features and

the predictive capabilities on separate question types. In some cases the

CART classifier will be compared to other algorithms.

The difference in the amount of mental well-being classes showed to have

a significant effect on the performance of the models. Figure 3.5 shows

the model accuracy and balanced accuracy against the amount of to-be

predicted classes. When the mental well-being score is divided into two

different classes, the average accuracy of the model is 58%. This accuracy

quickly drops when more classes are added. Whenever a classification is
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Figure 3.4: The cross validated accuracy and balanced accuracy scores of the different classification models when 3 classes of mental

well-being are predicted.

The chance level for balanced accuracy is at a model performance of 0.

SVM = Support Vector Machine

Naive Bayes = Gaussian Naive Bayes

Logistic = Logistic Regression

RandomForest = Random Decision Forests (Ensemble Learning)

LDA = Linear Discriminant Analysis

KNN = K-Nearest Neighbors

CART = Classification and Regression Decision Tree

ADA = ADA Boost (Ensemble Learning)

done on 3 different classes of mental well-being, the accuracy already

drops to 38%. The results of a binomial tests on these values show a

?-value > 0.05 for all of these models, this shows that we cannot reject the

null hypothesis. There is not sufficient evidence to accurately predict the

mental well-being of an individual. The balanced accuracy also indicates

this, which stays close to the chance level of 0 (see the red line in Figure

3.5). The addition or removal of physical health features did not seem to

improve model performance. To see how much the model performance

is dependant on certain features, the permutation importance of each

Figure 3.5: The accuracy and balanced

accuracy of the CART classification per

amount of to-be predicted mental well-

being classes.

The chance level for balanced accuracy is

at a model performance of 0.
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(a)Permutation importance of the features in the Support Vector

Machine classifier.

(b) Permutation importance of the features in the CART classi-

fier.

Figure 3.6: Permutation importance plots for the prediction of 3 mental well-being classes using the CART classifier and the Support Vector

Machine classifier.

feature for the CART classifier and the SVM classifier are presented in

Figure 3.6. These two models are presented because of similar accuracies

(see Figure 3.4), but big differences in permutation importances. The

plot of the support vector machine model is visible in Figure 3.6b and

Figure 3.6a shows the permutation importance for the CART classifier.

It is visible that the F>A:>DC_8=C4=B8CH feature shows to be the most

important feature for the SVM model, while not being used at all in the

CART classifier. The negative values mean that using a random value for

that feature showed to increase the model performance in some cases.

This low classification accuracy is also visible is the confusion matrices.

The CART classifier was used to create confusion matrices which are

visible for respectively 2, 3 and 5 mental well-being classes in Table 3.2,

Table 3.3 and Table 3.4. Especially in the second and third tables it is

visible that the predicted classes do not correlate correctly with the actual

classes. In the last table only 2 out 5 different classes are actually being

predicted, where the negative classes are never predicted.

The predictive performance of the models is different when the indi-

vidual question types are used as target variables. Table 3.5 shows the

permutation importance of each feature when predicting each question

type using the support vector machine classifier including the model

accuracy. The support vector machine classifier is used since this classifier

shows some permutation importance for all features (the model with

the CART classifier is only dependant on the workout frequency). The

question types are visible in the columns of Table 3.5. Each column is a

separately trained SVM classification model, where the target variable is

the score of the question type. The values for each question type are split

into 3 classes using the quantile-based discretization function, the same

method that was used for the positive mental well-being classes. Next to

the permutation importance, this table shows the accuracy per column.

This accuracy is equal to the amount of predicted classes being true to the

actual classes. The accuracy for each question type is always higher than

when predicting the composite variable positive mental well-being. The

permutation importance is higher for the daily steps, workout frequency

and mean stress when predicting the positive affective state questions

and for the workout frequency when predicting the questions about

depression.
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Including the PHQ and GAD scores

The model performance increases whenever the model is trained includ-

ing the PHQ and GAD scores as features. The average accuracy for the

prediction of 3 classes of mental well-being increased to ±57% whenever

both scores are added. The importance of these two features can again

be seen from the permutation feature importance (see Figure 3.7). For

all models the PHQ and GAD scores show to be the most important

features, if not the only. The classification and regression decision tree

and the support vector machine algorithms showed that the PHQ and/or

GAD values are the only values with any relevant importance to the

models. The Pearson correlation test between the composite variable

positive mental well-being (PMW) and the PHQ and GAD scores showed

?-values < 0.001 with correlation coefficients of ± -0.50. Which shows

that there is some overlap between the PHQ/GAD values and the mental

well-being scores. Using only these two features when training each

model also showed to reach similar average accuracies than when using

these values in combination with the physical health data originating

from the wearables.

The final specifications of each model (see Appendix.1) are chosen be-

cause they showed to reach the highest possible accuracy while also

minimizing any signs of over- and under-fitting. Figure 3.8 shows the

averaged accuracy of all models when the PHQ and GAD values are

added against the number of mental well-being classes. It is visible that

the accuracies are much higher than in Figure 3.5. Table 3.6 again shows

the permutation importance of each feature per question type and the

averaged accuracies per prediction of each question type. The values for

the question types are again split using the quantile-based discretization

function, and each column is again a different SVM classification model.

It is visible that the accuracy does not drastically change when predicting

the question types. What is noticable is that the permutation importance

of the PHQ scores are mostly affecting the positive affective state and

cognitive complaints questions. Next to that, the GAD score is mostly

affecting the cognitive complaints questions.

Table 3.2: Confusion matrix for the

CART classifier when 2MentalWell-being

classes are being predicted.

Negative: PMW score < 10.

Positive: PMW score >= 10.

PMW = positive mental well-being.

Predicted

n=219 Negative Positive

Actual Negative 77 44

Positive 34 64

Table 3.3: Confusion matrix for the

CART classifier when 3MentalWell-being

classes are begin predicted.

Negative: PMW score < 4.

Neutral: 4 <= PMW score < 14 .

Positive: PMW score >= 14.

PMW = positive mental well-being.

Predicted

n=219 Negative Neutral Positive

Negative 0 55 28

Actual Neutral 0 37 30

Positive 0 19 50
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Predicted

n=219 VNeg Neg Neu Pos VPos

Very Negative 0 0 33 0 18

Negative 0 0 28 0 15

Actual Neutral 0 0 21 0 16

Positive 0 0 19 0 25

Very Positive 0 0 10 0 34

Table 3.4: Confusion matrix for the

CART classifier when 5MentalWell-being

classes are begin predicted.

Very Negative(VNeg): PMW score < -1.

Negative(Neg): -1 <= PMW score < 6.

Neutral(Neu): 6 <= PMW score < 12 .

Positive(Pos): 12 <= PMW score < 17.

Very Positive(VPos): PMW score >= 17.

PMW = positive mental well-being.

PAS R RES COG D PMW

Daily Steps 0.020 0.0002 0.005 0.009 0.005 -0.0005

Work. Int. 0.007 0.0002 0.001 0.0003 0.001 0.009

Work. Freq. 0.049 0.0008 0.006 0.001 0.017 -0.019

Mean stress -0.0004 0.007 -0.001 0.007 0.003 -0.005

Model performance

Accuracy 0.45 0.44 0.45 0.39 0.47 0.38

Bal.Acc. 0.016 0.0 0.0 -0.001 -0.001 0.011

Table 3.5: The Permutation importance of

the Support Vector Machine classifier for

the prediction of 3 classes of each of the

question types and the positive mental

well-being.

Bal.Acc. is an abbreviation of balanced ac-

curacy.

To make the values comparable, the pre-

dicted variables are again split into 3

classes using the quantile-baseddiscretiza-

tion function.

The question types are visible on the hori-

zontal axis of the table and represent the

positive affective state (PAS), rumination

(R), resilience (RES), cognitive complaints

(COG), and depression (D) (see Table 2.3).

The most right value is the composite vari-

able, Positive Mental Well-being (PMW).

(a) Permutation importance of the features in the SVM model. (b) Permutation importance of the features in the CART classi-

fication model.

Figure 3.7: Permutation importance plots for the prediction of 3 mental well-being classes using the CART classifier and the Support Vector

Machine classifier including PHQ and GAD values.

db_phq_cat and db_gad_cat are the categorical values of the answers to the PHQ and GAD questionnaires (see Table 2.1 and Table 2.2).

PAS R RES COG D PMW

PHQ Score 0.108 1.0e-02 0.047 0.168 0.078 0.157

GAD Score 0.025 9.4-02 0.086 0.103 0.034 0.075

Daily Steps 0.005 7.4e-04 0.006 0.006 -0.002 0.005

Workout Int. 0.003 -2.2e-04 0.004 0.0003 0.006 0.003

Workout Freq. 0.006 8.5e-05 0.008 0.005 0.010 0.005

Mean stress 0.005 1.7e-03 0.002 -0.0002 0.004 0.003

Model performance

Accuracy 0.58 0.53 0.56 0.58 0.55 0.57

Bal.Acc. 0.19 0.07 0.09 0.17 0.18 0.21

Table 3.6: The Permutation importance

of the Support Vector Machine classifier

including the PHQ and GAD scores for

the prediction of 3 classes of each of the

question types and the positive mental

well-being.

Bal.Acc. is an abbreviation of balanced ac-

curacy.

To make the values comparable, the pre-

dicted variables are again split into 3

classes using the quantile-baseddiscretiza-

tion function.

The question types are visible on the hori-

zontal axis of the table and represent the

positive affective state (PAS), rumination

(R), resilience (RES), cognitive complaints

(COG), and depression (D) (see Table 2.3).

The most right value is the composite vari-

able, Positive Mental Well-being (PMW).
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Figure 3.8: The accuracy and balanced

accuracy for the CART classifier per

amount of to-be predicted mental well-

being classes. The included models are

trained on the activity data from the wear-

ables and the PHQ and GAD question-

naire scores.

The chance level for balanced accuracy is

at a model performance of 0.
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The goal of this study was to use wearable technology in combination

with mental state assessments to see if any correlation could be found

and if this correlation could be used for a predictive model. Two research

questions were formulated:

I Can we use physical health data originating from consumer wearable
technology to note a correlation between mental and physical health?

I How can the data from these wearables be used to create a model which
is capable of predicting the mental state of an individual according to
physical activity information?

According to earlier studies based on self-reflection questionnaires or

medical grade devices, a correlation should be found between physical

data such as sleep,workout and heart information. These previous studies

also showed the importance of the current mental state of a person, which

we record using the PHQ and GAD questionnaires. We hypothesized

that more intense and more frequent activity, longer sleep durations and

a higher percentage in NREM3 and REM stages, and lower stress levels

would correlate with an improved mental well-being.

The results partially confirm the hypotheses. The participants reported a

more positive mental well-being whenever they were more active and

their stress scores were lower. The amount of daily steps, the workout

intensity and the mean stress scores showed to have a significant effect,

while none of the sleep variables showed to have a significant effect on

the mental well-being. The marginal and conditional '2
values showed

to differ a lot, which suggests that the random effects (participant and

date) could explain more variance to the model. This shows that the

physical health data originating from the wearables is not the only factor

in the correlation to mental state. The date could have an effect because

of different weather on each date, as mentioned in the introduction [41].

This is also visible in that more variance to the model could be explained

whenever the PHQ and GAD scores were included. Ideally this data

should not have been included to the model since we want to see if we

can only use physical health data to state the correlation with mental

well-being. But it shows that prior knowledge about mental health helps

with explaining the correlation. From all frequency/periodical data only

workout frequency has shown to have a significant effect on mental

well-being . All these different data types will be explained more in detail.

After this the predictive model will be discussed which did not show

to be able to predict mental well-being with a high accuracy whenever

more mental well-being classes are categorized. Even when only 2 classes

could be predicted, the highest accuracy was 75%.
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4.1 Review of the different data types

Daily Activity Steps

Previous literature showeda correlation betweendaily steps, daily activity

intensity and mental health [76][77]. In this study the variable "Daily

activity intensity" is used, in which only the amount of steps are actually

used. This decisionwasmade because the amount of steps taken, distance

traveled and calories burned showed to be highly correlated.

To get a better estimation of the activity intensity a variable called VO2-

Max could be used. TheVO2-Max value represents themaximumamount

of oxygen that your body is capable of using while performing an activity

and this variable has shown to be correlated with mental health [122].

Recently wearable brands started to offer a VO2-Max value over a day,

unfortunately this was not yet available in the WeFitter platform during

the experimental period.

Since the daily information was only recorded per date, we did not

have access to more specific data concerning daily activity. This means

information like sedentary time and specific minute per minute data

could not be used, while both showed to be correlated with mental health

[123]. Because of this unavailability only step information (estimated on

different timestamps over a day) were used. The amount of steps taken

before submitting the forms was estimated based on the average sleep

wake times of previously available WeFitter data. This estimation does

not accurately represent the division of activity of a participant over a

day, it could be the case that the participant is only highly active for one

hour in the day, while spending the rest of the day sitting down. It could

be argued that because of this estimation, the significant effect found for

the daily activity steps is unreliable. By estimating the amount of steps

taken based on previously available data, this value is heavily affected by

the time of submission of the questionnaire. However, neither the time

of submission nor the fact that the questionnaire was submitted in the

morning or the afternoon showed to have a significant effect on mental

well-being. This shows that the found significant effect is not only caused

by the submission time of the questionnaire but actually also by the total

amount of daily steps taken.

Previous research also showed an effect of daily activity frequency on

mental health issues [78]. This data did not show to have a significant

effect on mental well-being in this study. One possible explanation for

this is that the previous researchmostly saw the correlation between daily

activity frequency and state of mental health with elderly individuals

(65+ Years old). This study did not have a lot of older participants, and

the oldest participant was 62 years old.

Workouts

Previous research showed that workout intensity, duration and frequency

showed to have a significant effect on mental well-being. In this study

the workout intensity was calculated using the workout duration and

workout type. The linear mixed effects model confirmed that this variable

has a significant positive effect on mental well-being. Figure 3.1b shows

the effect of the workout intensity on mental well-being. This plot shows
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that there are not much workouts on the higher spectrum of intensity.

The skew in distribution is also exaggerated by the equation used for the

workout intensity. This equation was used since the duration showed

to have a significant effect on mental health in previous studies, and

a longer duration of strength training is more aerobic intensive than

a longer duration of meditation. This problem again could be solved

by using the VO2-Max value during the workout, but this parameter

was also not available during the experimental period in the WeFitter

platform.

Most workouts are around an intensity of 13672, this is comparable

to a bike ride of 45 minutes (using Equation 2.1). Only 52 of the 727

questionnaires were accompanied with a workout intensity score higher

than 0. This means that a lot of the participants in this experiment did

not perform or record their workout sessions. Since the previous research

found a correlation between high intensity workouts and mental health,

our data might be too heavily skewed to reliably annotate a correlation.

Two of the participants informedme that they did not wear their wearable

every time they performed a workout. The first participant thought that

the wearable was annoying to wear during boxing classes and the second

did not completely trust the water resistance of their wearable for a

swimming session. Both of these workouts are high intensity workouts,

so this data is important to show the correlation between high intensity

workouts and mental well-being.

Most other participants informed me that they did wear the wearable

during workouts, although they thought it was uncomfortable to do so.

Sleep

Although previous research showed a significant effect of sleep duration

and percentage of time in NREM3 and REM sleep, this study did not

confirm these correlations when using consumer wearable devices. There

are two important shortcomings that could be the reason for this lack of

significance.

The first possible cause of the lack of significance is that only 316 of the

total 727 amount of questionnaires were provided with sleep data. The

data imputation should have been able to fix this issue, but because 57%

of the data had to be imputated, the actual correlation estimation is done

over mostly the same values, where the actual real values became the

minority. This problem is even worse for the sleep phase data, only 185

different questionnaires were provided with sleep phase data (75% had

to be imputated).

The second possible cause is that the sleep recordings that were collected

did not really vary that much from each other. Our mean sleep duration

is just below 8 hours, and 60% of our data set is between 7 and 9 hours of

sleep. The data set also includes sleep recording for only some couple

of hours, this data is questionable because the possibility of someone

actually having only 1 hour of sleep is low (none of the participants suffer

from insomnia). Excluding this data did not improve any significance

levels. The previous research showed the correlation between sleep and

mental health for people who sleep way too much of way too little.
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Stress

Although the stress levels were only recorded for a small amount of

individuals (8 participants). The mean stress score still showed to have

a significant effect on mental well-being. Because of the low number of

participants this data is not completely reliable.

Figure 3.1c clearly shows the imputated data points. 87% of the question-

naires had to be imputated with stress data. This again means that the

actual data becomes the minority data in the set. Although the correla-

tion between lower and higher than average stress values could still be

mentioned, the specificity from the data is now much lower.

From some participants I got feedback that they thought that the stress

score was almost never accurate to how they actually claimed to feel.

The Garmin watch notified them about high stress levels while the par-

ticipants felt really relaxed. This problem was also found in the low

correlation scores between the mean stress score and the answers to

the stress question in the mental well-being assessments. The Pearson

correlation test shows a ?-value lower than 0.05 for a correlation value of

0.125, this indicates that there is indeed a correlation, but this correlation

is low. The source of this problem can be many different things, wearing

the watch too loose, wearing the watch only during workouts, a bad skill

of self-reflection or just a low level of specificity in the watch.

The fact that the stress score now only comes from Garmin variables

does not help with the generelizability of the correlation. It is possible

that the method which Garmin uses to calculate the stress score from

the heart rate variability values is different than how a different brand

would do it. During the experimental period the raw HRV data was not

yet available in the WeFitter platform, this data would be more reliable to

use since the equation that Garmin is using to calculate the stress score

is not publicly available.

The Importance of Prior Mental Health Data

The model were the PHQ and GAD scores were included showed to

explain more variance to the model. Figure 3.2 shows that the beneficial

effects of more steps, higher workout intensities or longer sleep durations

are significantly different between individuals with high and low GAD

scores. For the daily steps and workout intensity, it shows that the mental

well-being of an individual who suffers from a severe anxiety disorder is

stronger affected by these two parameters than individuals who do not

have this disorder. For sleep duration, individuals with severe anxiety

feel worse when sleep is longer and individuals without severe anxiety

feel better when sleep is longer. This is interesting since next to being

less active [124][125], individuals who suffer from anxiety typically show

signs of insufficient sleep [34]. The fact that individuals with extreme

anxiety show an improved state of mental well-being when sleep is

shorter defies expectations based on earlier literature. A high score of

mental well-being is not expected to be correlated with high anxiety

scores (also since the PHQ and GAD values showed to be negatively

correlated with the mental well-being scores). The small sample size of

individuals with signs of severe anxiety (3 participants) explains the

need for more research on this topic.

The Pearson correlation test showed no significant correlation between
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high GAD scores and shorter sleep sessions. This might indicate that

the beneficial factor of these physical health parameters on mental well-

being is truly different between individuals with and without anxiety.

Especially with the sleep duration this shows that prior knowledge

about mental health is important to correctly note a correlation between

physical health information originating from consumer wearables and

the mental well-being of an individual.

Effects on Question Types

The correlation effects between each separate question type and the

wearable data showed some interesting results. For the linear mixed

effects model where positive affective state was the to-be predicted value,

the GAD and PHQ scores did not seem to have a significant effect.

The sleep depth did however show to have a significant negative effect.

The negativity of this effect seems questionable since earlier research

showed that an increase of time in deeper sleep phases showed to be

beneficial for mental health [51][55]. One possible explanation might be

sleep disruptions. Studies found that sleep disruption might be worse

for mood than problematic sleep duration [126]. Especially waking from

deeper sleep might results into worse mood, so if someone woke up to

an alarm while in deep sleep, this chance of a worsened mood is higher.

Unfortunately this measurement was not included in this experiment,

which might be doable with access to the alarm of the participant or ask

a question about how they woke up.

The significant effects for rumination and resilience are as expected. A

higher GAD score results into higher scores on the rumination questions,

and a higher stress score results into lower resilience scores (see Section

1.3).

The questions about cognitive complaints are the only questions where

both the GAD and the PHQ scores have a significant effect. It was

expected that both scores would have a significant effect on all question

types because all question types are a possible indication of depression

or anxiety. That the cognitive complaints scores are the only scores

significantly affected by both PHQ and GAD values might indicate that

participants who score higher on both these tests are more prone to

problems with cognition. Since one of the questions about cognitive

complaints was about physical discomfort, it could’ve been expected that

workout intensity and so muscle ache would have a significant effect

but this was not the case. An explanation for this might be that workout

intensity does not directly correlate with muscle ache, that the muscle

ache was never bad enough or that the question is only one third of

the score of the question type, so it does not influence it that massively.

Whenever the workout frequency is higher, the cognitive complaints

showed to decrease. As mentioned in Section 1.3, this complies with what

earlier studies showed.

The depression questions showed to be significantly negatively affected

by the daily steps, the workout intensity and the workout frequency. This

is as expected according to earlier studies (see Section 1.3).
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4.2 Predictive model

Eight different classification methods were used and compared, and for

each method the used features were the same. It was decided to only

use the variables that showed to have a significant effect on the mental

well-being in the linear mixed effects model. This decision was made

because including the other data types decreased the model accuracy

and increased the amount of over-fitting.

Classifiers

The different classification methods showed to be similar in classification

performance while some showed to be able to reach a better fitting

model than others. Appendix.3 shows the accuracy of the learning curves

for all used methods. It is visible that Naive Bayes, Random Forests,

K-neighbours and ADA Boost learning still show (slight) signs of over-

fitting. To decrease over-fitting, the model specifications are set so that

the classification threshold is more linear. This is best seen in the amount

of neighbours in the K-neighbours classifier (120 neighbours are used for

classification). This again suggests that the specificity of the prediction

models decreased.

The logic of ensemble learning is that weak aspects of one classifier can

be combined with strong aspects from another classifier. Although the

model performance of the ADA boost algorithm was close to the highest

performing model of the CART classifier (see Figure 3.4), it showed

signs of over-fitting. The random forests algorithm showed the lowest

mean accuracy scores and also showed signs of over-fitting. The balanced

accuracy of all models showed to stay close to a model performance of 0,

which suggests that none of these models have any ‘strong’ aspects. This

could be the reason why the ensemble models do not show any increased

model performances. Other methods such as training a neural network

were explored, but this did not show to improve model performance.

Mental Well-Being Classes

The final models were optimized for 3 classes of mental well-being,

because this showed to be the most promising one (2 classes would not

have been useful, and more showed to decrease accuracy). This means

that all parameter and model values are ideal for the 3 classes, while

it could be not ideal for more classes. This decision was made because

otherwise the different amount of mental well-being classes would not

have been comparable. when trying to optimize the settings for more

well-being classes, the accuracy did not improve.

The divisions of the classes are currently done using pandas’ quantile-

based discretization function. This is optimal for the training of themodel

since it groups the data set in similar amount of buckets, but this might

not be ideal for the segregation of the classes. Currently in the 3 mental

well-being classification, everything with a score between 4 and 14 is

classified as a neutral class of mental well-being. Since the score is a

composite variable of the used questionnaires, we cannot say that this

is comparable to an actual ‘neutral’ class of mental well-being. Only
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when this is compared to other participants in this study, this would be

classified as neutral.

Model performance

The final results of the predictive model only showed promising scores

when the GAD and PHQ scores were added and when we wanted to

classifymentalwell-being on either a positive or a negative score (accuracy

of ±75%). When we add one more class the accuracy already drops to

±57%. When the GAD and PHQ scores were not used during training

the model performance for 2 classes was ±58% and for 3 classes this

already dropped to ±38%. This 38% is just a bit higher than the guessing

chance for three classes. This indicates that the physical information

features are not really useful for the model, and that the PHQ and GAD

questionnaires are necessary to have a higher accuracy for predicting any

ones mental state.

Classifying mental well-being on only two different classes is not really

useful. This could mean that someone who is just not having an ideal day

is classified in the same group as someone who is experiencing a really

bad day. This also means that the prediction of 3 separate classes would

not be really useful. Ideally the model would be able to make at least

a prediction to 5 or more classes, strongly negative, slightly negative,

neutral, slightly positive, and strongly positive. Table 3.4 shows that a

predictive model for 5 classes is not working correctly. The predictive

class is mostly the neutral class. This selective classification is also visible

when more classes are added (see the confusion matrix of values when

10 classes are predicted with the SVM classifier in Appendix Table.2). For

a 10 class classification it is clear that there are only 4 different classes

which are most often predicted. A reason for this could be that previous

research was mostly performed between mentally healthy participants

and participants who are suffering from a mental disorder. It could mean

that the effects visible from activity, sleep and stress data are mostly

effecting individuals who would be on the more extreme side of mental

health. According to the answers to the PHQ and GAD questionnaires

this would mean that most predictions would go to the neutral class,

since we do not have a lot of participants in the high classes of the GAD

questionnaire, and none in the high classes of the PHQquestionnaire. This

is not the case so this could mean that the model is wrongly predicting

a lot of individuals to be in the extremely negative mental well-being

class.

Permutation Importance

The permutation importance graphs and tables show that the importance

of the features originating from wearable devices (so not the PHQ and

GAD scores) are just a small fraction of the total model score. This means

that the model performance is quite independent from the used features.

The standard deviation for each value shows to be a big value compared

to the importance. The permutation importance of the PHQ and GAD

scores showed to be a larger fraction of the total model scores. This

indicated that the general mental well-being variable could be predicted

using the PHQ and GAD values only. Doing so resulted into similar
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accuracy scores. This changes when the predictive variable was only one

of the question types.

Predicting Individual Question types

The prediction of the individual question types seemed to be promising

when looking at the difference it had on the significance in the linear

mixed effects models. For the models that did not include the PHQ

and GAD values as features, the prediction accuracy of the individual

question types outperformed the prediction accuracy of the composite

variable mental well-being (see Table 3.5). This could mean that this

mental well-being score is not optimally composed. Some tests were done

where some of the question types where excluded from this composition

but this did not show to improve model accuracy. The permutation

importance of the features did show to increase in some cases when

predicting the individual question types. Although the permutation

importance of daily steps, workout frequency and stress showed to

increase when predicting positive affective state, cognitive complaints or

depression, the importance is still very low. This shows that the model

accuracy is not really dependant on the used features.

When the PHQ and GAD values were added the difference in predicting

mental well-being or predicting the individual question types did not

show any big differences (see Table 3.6). This again confirms that the

model performance is not dependant on the features originating from

the wearables.

4.3 Limitations

The main limitation of this study was to get people invested enough

to participate correctly and to wear their wearable as often as possible.

Most people do not wear their wearable the whole day nor do they

always wear it during sleep. It was already hard to find participants who

would want to join the study even though they would be compensated

with information that could coach them on how to live a healthier life.

Previous research showed that all used data types could be important

to note some correlation between mental and physical health so if a

person does not wear their wearable during sleep or does not fill in all

questionnaires, this can already compromise their individual results.

The willingness to participate also differed a lot. Some participants

mentioned at the end of their experimental period that they would

like to continue doing the questionnaires. They liked to have a short

reflective questionnaire at the end of the day. This method of self-

reflection at the end of the day could be used as a antidepressant,

although it could also lead to more rumination, which in turn could

function as an depressant [127][34]. The majority of the participants

were however mostly annoyed by the questionnaires, and did not like

the frequency of them. Presenting the questionnaires less often to the

participants or changing the questionnaires could help with engagement.

The expectation of an actual coaching platform with life coaches is that

all participants want to be helped. This might also result into better

participation in their prognosis trajectory and thus might result into
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more reliable data.

The addition of the location question in the daily questionnaires was done

since the location of a person could heavily influence the mental state of a

person. Because of the low number of participants this question was not

added to the models. The choice of using different wearable brands was

made with the intention to reach more participants. Although it helped

with the amount of participants, it clustered the small set of participants

across the different brands. The results for not constant available data

such as sleep and stress information are suffering from this limitation.

Since not all participants have a wearable that records stress or sleep

(phase) data, a lot of important data went missing.

To still use all the daily activity and workout information a lot of data

for the sleep and stress scores was imputated. Without imputation the

used data set would be small. With this imputated data a correlation

could still be found between low and higher values in the data type, but

the specificity of this data type decreased. This is mostly affecting the

accuracy of the predictive models. This was visible in that the model

showed to work optimally when a more linear decision boundary was

used.

The WeFitter platform was missing some important data types during

the experimental period. Currently WeFitter added the functionality

of intraday step, calories, distance, and heart rate information. This

information shows a better picture on how active a person is over a day

than just summarized information. Another addition to the platform is

more clinical biometric data such as blood pressure, body fat, glucose

levels, temperature, blood oxygen levels, VO2-max levels, and more

compatibility for heart-rate variability recordings. The WeFitter platform

is now also capable of recording individual sleep phase start and end

times. This is more informative about whether the participant has an

adequate ultradian rhythm since a mentally healthy individual enters

REM sleep on average 4 or 5 times a night with ±90 minute intervals

[128].

Even though this study was introduced by improving on existing studies

since wearables are less intrusive to wear than medical grade devices,

a lot of participants informed me that they did not wear their wearable

when they are more relaxed. Some participants only wore their wearable

whenever they went out of the house or whenever they started a workout

and took them off them whenever they came home or were done with

the workout. This means that a lot of ’normal life’ data is not recorded.

The current battery life of the wearables is another mayor limitation.

Most wearables are still only capable of functioning for 1 or 2 days. This

means that the wearable should be charged almost every day, which is

something that could be forgotten. Some participants notified me about

an empty battery in their wearable before the middle of the day (this

happened on 2 occasions). This again means that unfortunately a lot of

important information is not recorded.

The last limitation of this study is that it took place during the COVID-19

pandemic. 1 participant notified me about having COVID in the last 2

days of the experimental period and 2 participants received the vaccine

during the study. This made them feel less positive, less active, and

sometimes also really sick. In two cases this was only a day or two, but

one participant was sick for 10 days in which he did not leave his bed or

couch. This participant was excluded from the study since this does not
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show normal activity, for the other two participants the days that they

notified to be sick were excluded form the experiment.

As mentioned in the section about stress, the raw HRV values could not

be used in this study, only the related stress scores are used. The scientific

background of the correlation of mental health and stress was based on

raw HRV values. Garmin is stating that their stress scores are based on

HRV values, but do not disclose the equations used to get these stress

scores. Although earlier research also used the Garmin stress scores

instead of raw HRV values [129][130][131], this unknown factor can be

problematic.

4.4 Future work

Since one of the biggest limitations of this study was the lack of hundreds

or thousands of participants, a possible follow up study might be to

reproduce this experiment with much more participants. If this follow

up study could also make use of the new data types such as intraday

data, advanced biometric measurements, proper heart rate variability

recordings, more detailed sleep recordings, and a wider variety of

wearable brands that can be connected, the results would be more

informative.

The experiment design and goal should be revised. The current setup to

have a questionnaire twice a day made the participants feel annoyed and

less engaged.

Another variant of this study could be implemented by looking at

cognitive abilities by for example letting the participant play a small

game on their mobile phone. The ease of getting data through the

wearables (through the WeFitter platform) makes it possible to apply this

data to a wide variety of studies. This research has shown an indication

that wearables could function as a easy source of physical health tracking.

A way of improving engagement with the study should be explored.

Maybe if the participant was presented with their performances during

the experimental period this would help with engagement. This could

however also influence the data massively, so this could only reliably be

done over a longer time period. Then it could also be tested what effect

certain feedback has on the physical and mental health of an individual

and how this feedback is ideally presented to the participant. This longer

time period might also be informative to look at. Mental disorders do

not just develop over a time span of 2 weeks. This can take multiple

months to properly assess after which multiple months are necessary for

rehabilitation [132]. It might therefore be much more interesting to follow

participants in a long term study with periodic (professional) checkups.

Eventually the goal of trying to use wearables to capture early signs of a

deteriorating mental state might be more useful than being able to show

signs of their current mental state.
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The aim of this study was to see if wearables could be used to find a

correlation between mental health and physical health, and if this corre-

lation could effectively be used to create a model capable of predicting

the mental state of a person. Although a correlation was found in some

data types, not all expected data types showed to have a significant effect

and not all data types could be interpreted to have reliable results.

A higher amount of daily steps, a higher workout intensity and frequency

and a lower mean stress score showed to significantly correlate with an

improved mental well-being. The correlation of the mean stress score

on mental well-being was based on only 8 different participants, which

makes the correlation of this data type less reliable. The different sleep

data types did not show to have a significant effect on mental well-being,

this could be because of the low number of participants or because of a

low accuracy of measurements in the wearable devices.

The maximum accuracy of the most optimal predictive model showed

to be 75% for only predicting either a positive or a negative class of

mental well-being. To reach this accuracy the scores of the PHQ and

GAD questionnaires had to be added. The scope of this study was to see

if physical health data originating from wearable devices could be used

to predict the mental state. The inclusion of the PHQ and GAD scores

means that prior information about mental health is necessary to make a

prediction about the current mental state of an individual.

This study showed to be more than a progressive observational study

about the correlation between physical health data originating from

consumer wearable devices and mental health data. It also showed to be

a feasibility study on using wearable devices in such a short diary study

with this amount of participants, these mental well-being assessments

and the use of multiple different wearable brands.

The correlation found between mental state and the daily steps, workout

data and heart rate information shows that the use of consumerwearables

in similar studies is promising. Big intrusivemedical devices or long ques-

tionnaires show to become less necessary to get simple physical health

information from an individual. The absence of the significant correlation

between sleep data and mental well-being shows that more research is

necessary, where more participants but also more detailed data types

should be used. The low prediction performance shows that the current

setup of using physical health information from wearables to predict

the current mental well-being of an individual is not a reliable/usable

method.
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Clustering of Positive Mental Well-Being Assessments

Figure .1: Visualization of the results of K-Means clustering using the silhouette method.

Table .1: Results of the Factor analysis on the mental well-being submissions

Factor Analysis using method = pa

Call: fa(r = dat, nfactors = 2, rotate = "varimax", max.iter = 100, fm = "pa")

Standardized loadings (pattern matrix) based upon correlation matrix

PA1 PA2 h2 u2 com

ds_energetic 0.70 -0.31 0.59 0.41 1.4

ds_happy 0.81 -0.30 0.74 0.26 1.3

ds_satisfied 0.79 -0.26 0.70 0.30 1.2

ds_focused_on_feelings 0.06 0.42 0.18 0.82 1.0

ds_worried_problems -0.39 0.58 0.48 0.52 1.8

ds_cope_with_negative_life_event 0.72 -0.21 0.56 0.44 1.2

ds_forgetful -0.23 0.55 0.36 0.64 1.3

ds_inattentive -0.31 0.60 0.45 0.55 1.5

ds_psysical_discomfort -0.29 0.46 0.29 0.71 1.7

ds_depressed -0.40 0.52 0.44 0.56 1.9

ds_hopeful 0.80 -0.15 0.66 0.34 1.1

ds_stressed -0.25 0.52 0.34 0.66 1.5
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Correlation matrix

Table .2: Correlation of all physical health data types used.

daily_activity_intensity workout_intensity workout_since_last

daily_activity_intensity 1.000 -0.152 0.056

workout_intensity -0.152 1.000 -0.492

workout_since_last 0.056 -0.492 1.000

sleep_duration 0.0341 0.027 -0.075

sleep_depth 0.021 0.035 -0.072

stress_mean -0.011 -0.016 0.055

sleep_duration sleep_depth stress_mean

daily_activity_intensity 0.034 0.021 -0.011

workout_intensity 0.027 0.035 -0.016

workout_since_last -0.075 -0.072 0.055

sleep_duration 1.000 0.033 -0.066

sleep_depth 0.033 1.000 -0.040

stress_mean -0.066 -0.040 1.000

Predictive model

Code 1 Classification model specifications

1 "SVM" : SVC(
2 C=0.3 ,
3 kerne l=’rbf’ ,
4 gamma=’auto’ ,
5 ) ,
6 "Naive Bayes" : GaussianNB ( ) ,
7 "Logistic" : Log is t i cRegress ion (
8 C=0.55
9 ) ,

10 "RandomForest" : RandomForestClass i f ier (
11 n_est imators =5 ,
12 max_depth=2 ,
13 ) ,
14 ’LDA’ : L i nea rD isc r im inan tAna l ys i s ( ) ,
15 ’KNN’ : KNe ighborsC lass i f i e r (
16 n_neighbors = 120 ,
17 l e a f _ s i ze = 10 ,
18 p=1 ,
19 n_jobs=−1
20 ) ,
21 ’CART’ : Dec i s i onT reeC lass i f i e r (
22 min_we igh t_ f rac t i on_ lea f = 0.4
23 ) ,
24 ’ADA’ : AdaBoos tC lass i f ie r (
25 n_est imators = 100 ,
26 l ea rn i ng_ ra te = 0.001
27 )
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Linear Mixed Effects

Daily information

Table .3: Summary of a linear mixed effects model of the effects of the daily activity, workout, sleep and stress data. The daily activity,

workout intensity and mean stress score have a p-value < 0.05

Model: mental well-being ∼ daily_activity_steps + workout_intensity + sleep_duration+

sleep_depth + stress_mean+ (1 | participant) + (1 | date)

Estimate Std. Error df t value Pr(>|t|)

(Intercept) 1.280e+01 3.502e+00 4.898e+02 3.656 0.000284 ***

daily_activity_steps 3.517e-04 9.783e-05 6.914e+02 3.595 0.000347 ***

workout_intensity 1.919e-05 7.663e-06 6.912e+02 2.504 0.012518 *

sleep_duration 4.701e-04 4.136e-03 7.079e+02 0.114 0.909533

sleep_depth -1.093e-01 6.116e-02 6.949e+02 -1.788 0.074281 .

stress_mean -1.230e-01 5.535e-02 6.948e+02 -2.223 0.026566 *

* p < .05 ** p < .01 *** p < .001

Table .4: Summary of a linear mixed effects model of the effects of the daily activity, workout, sleep and stress data. This model included

the answers of the PHQ and GAD questionnaires. The PHQ value, mean stress score, and the interactions between GAD score and daily

stpes, workout intensity and sleep duration have a p-value < 0.05

Model: mental well-being ∼ (daily_activity_steps + workout_intensity + sleep_duration * phq)

* gad + sleep_depth + stress_mean + (1 | participant) + (1 | date)

Estimate Std. Error df t value Pr(>|t|)

(Intercept) 2.264e+01 7.283e+00 6.152e+02 3.109 0.00196 **

daily_activity_steps 5.812e-05 1.367e-04 6.870e+02 0.425 0.67093

workout_intensity 5.900e-06 8.697e-06 6.845e+02 0.678 0.49779

sleep_duration 1.757e-03 1.333e-02 6.908e+02 0.132 0.89515

phq -2.244e+00 9.531e-01 3.613e+02 -2.354 0.01909 *

gad 7.908e-01 1.329e+00 3.934e+02 0.595 0.55223

sleep_depth -1.098e-01 5.968e-02 6.993e+02 -1.840 0.06619 .

stress_mean -1.199e-01 5.416e-02 6.932e+02 -2.214 0.02717 *

sleep_duration:phq 2.806e-03 1.746e-03 7.035e+02 1.607 0.10850

daily_activity_steps:gad 5.060e-05 1.614e-05 6.931e+02 3.135 0.00179 **

workout_intensity:gad 3.499e-06 1.143e-06 6.862e+02 3.060 0.00230 **

sleep_duration:gad -4.967e-03 2.440e-03 6.921e+02 -2.035 0.04221 *

phq:gad 4.893e-02 1.444e-01 4.779e+02 0.339 0.73488

sleep_duration:phq:gad 5.130e-05 2.717e-04 6.966e+02 0.189 0.85031

* p < .05 ** p < .01 *** p < .001
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Frequency data

Table .5: Summary of a linear mixed effects model of the effects of the frequency information. This model includes the difference in daily

activity, the workout frequency, the sleep start frequency and sleep duration frequency over windows of 3 days. The workout frequency

has a p-value < 0.001.

Model: mental well-being ∼ (daily_activity_frequency + sleep_start_frequency * phq ) * gad +

workout_frequency + sleep_duration_frequency +(1 | participant) + (1 | date)

Estimate Std. Error df t value Pr(>|t|)

(Intercept) 2.531e+03 2.284e+03 6.792e+02 1.108 0.2681

daily_activity_frequency 3.755e-04 2.978e-04 7.032e+02 1.261 0.2077

sleep_start_frequency -1.069e+02 9.710e+01 6.792e+02 -1.101 0.2714

phq -2.748e+02 2.495e+02 6.792e+02 -1.101 0.2711

gad -1.861e+02 1.664e+02 6.792e+02 -1.118 0.2638

workout_frequency 1.977e+00 4.100e-01 6.977e+02 4.822 1.75e-06 ***

sleep_duration_frequency -2.836e-02 3.138e-02 6.889e+02 -0.904 0.3664

sleep_start_frequency:phq 1.164e+01 1.061e+01 6.792e+02 1.098 0.2728

daily_activity_frequency:gad -6.034e-05 3.652e-05 7.030e+02 -1.652 0.0989 .

sleep_start_frequency:gad 7.840e+00 7.076e+00 6.792e+02 1.108 0.2683

phq:gad 1.958e+01 1.765e+01 6.792e+02 1.110 0.2675

sleep_start_frequency:phq:gad -8.283e-01 7.504e-01 6.792e+02 -1.104 0.2701

* p < .05 ** p < .01 *** p < .001
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Confusion matrix When Predicting 10 Mental Well-being Classes

Figure .2: Confusion matrix of the test cases when 10 mental well-being classes are being predicted with SVM classifier including the

PHQ and GAD values.
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Prediction Model Performances

(a) Learning curve of the support vector machine classifier

with 3 mental well-being classes.

(b) Learning curve of the logistic regression classifier with

3 mental well-being classes.

(c) Learning curve of the naive Bayes classifier with 3

mental well-being classes.

(d) Learning curve of the random forests classifier with 3

mental well-being classes.

(e) Learning curve of the Linear Discriminant Analysis

classifier with 3 mental well-being classes.

(f) Learning curve of the K-Neighbors classifier with 3

mental well-being classes.

(g)Learning curve of theADABoost classifierwith 3mental

well-being classes.

(h) Learning curve of the classification and regression

decision tree classifier with 3 mental well-being classes.

Figure .3: Learning curves of all trained models including the PHQ and GAD scores. The blue values represent the cross-validation

score and the red values the training scores. These plots do not include the balanced accuracy scores because of visualization clarity.

The KNN learning curve (Figure .3f) has a different start of the X-axis because 120 neighbours are used for the classification method.
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