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Abstract

Machine learning to model health with multimodal

mobile sensor data

Dimitrios Spathis

The widespread adoption of smartphones and wearables has led to the accumulation
of rich datasets, which could aid the understanding of behavior and health in un-
precedented detail. At the same time, machine learning and specifically deep learning
have reached impressive performance in a variety of prediction tasks, but their use
on time-series data appears challenging. Existing models struggle to learn from this
unique type of data due to noise, sparsity, long-tailed distributions of behaviors, lack of
labels, and multimodality. This dissertation addresses these challenges by developing
new models that leverage multi-task learning for accurate forecasting, multimodal fu-
sion for improved population subtyping, and self-supervision for learning generalized
representations. We apply our proposed methods to challenging real-world tasks of
predicting mental health and cardio-respiratory fitness through sensor data.

First, we study the relationship of passive data as collected from smartphones
(movement and background audio) to momentary mood levels. Our new training
pipeline, which combines different sensor data into a low-dimensional embedding and
clusters longitudinal user trajectories as outcome, outperforms traditional approaches
based solely on psychology questionnaires. Second, motivated by mood instability as
a predictor of poor mental health, we propose encoder-decoder models for time-series
forecasting which exploit the bi-modality of mood with multi-task learning.

Next, motivated by the success of general-purpose models in vision and language
tasks, we propose a self-supervised neural network ready-to-use as a feature extractor
for wearable data. To this end, we set the heart rate responses as the supervisory signal
for activity data, leveraging their underlying physiological relationship and show
that the resulting task-agnostic embeddings can generalize in predicting structurally
different downstream outcomes through transfer learning (e.g. BMI, age, energy
expenditure), outperforming unsupervised autoencoders and biomarkers. Finally,



acknowledging fitness as a strong predictor of overall health, which, however, can only
be measured with expensive instruments (e.g., a VO2max test), we develop models that
enable accurate prediction of fine-grained fitness levels with wearables in the present,
and more importantly, its direction and magnitude almost a decade later.

All proposed methods are evaluated on large longitudinal datasets with tens of
thousands of participants in the wild. The models developed and the insights drawn
in this dissertation provide evidence for a better understanding of high-dimensional
behavioral and physiological data with implications for large-scale health and lifestyle
monitoring.
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Chapter 1

Introduction

The purpose of computation is insight, not numbers

–Richard Hamming

1.1 Motivation

Computers and data have changed the way we organise information, the way we

communicate, and the way we think about science. The curation of large datasets has

revolutionized many areas, enabling advances on a scale unthinkable decades ago

(Aad et al., 2012). But data seen in isolation has no meaning; our efforts should be

targeted to extract actionable insights and knowledge that in�uence decisions and

ultimately improve lives.

Health data is the best candidate to directly transform lives. Advances in the ways

in which we process this data can transform our society. Although the overwhelming

majority of medical research studies clinical data (labs, imaging, vitals etc), the average

person visits a doctor only around 5 times a year (Kim et al., 2014). On the other

hand, recent advances in wearable sensing and mobile computing, along with their

wide adoption, have created new pathways for the collection of health and well-being

data outside of laboratory and hospital settings, in a longitudinal fashion. Apart from

”�lling the gaps” of traditional clinical data, these devices open up new research and

commercial directions for large-scale lifestyle monitoring. For example, millions of

people worldwide use such devices to track their physical activity and sleep, with

increasingly more sophisticated predictive capabilities (Althoff et al., 2017).

At the same time, seemingly disparate forces like mature open-source scienti�c

software libraries, easier data crowdsourcing and labeling, and the repurposing of spe-

cialized hardware (graphics cards), have enabled dramatic improvements in predictive

modeling. Many machine learning (ML) tasks have achieved impressive performance,

11
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ranging from object recognition in images (He et al., 2016), to winning the best players

in the games of Go, Atari, and Chess (Schrittwieser et al., 2020), or outperforming

experts in breast cancer screening (McKinney et al., 2020). The common denominator

in all these cases has been the curation of high-quality large datasets that allow models

to exploit latent patterns and subsequently generalize in the real world (Hyland et al.,

2020). However, especially in health where erroneous predictions can have grave

consequences, the roll-out and adoption of such systems has been met with resistance

(Davenport and Kalakota, 2019). Instead, �elds with low false-positive costs and high

digitization rates such as online services, social networks, or streaming services, have

not only embraced machine learning, but also actively drive the research community

in further developing the �elds of computer vision and natural language processing.

Similar to how social networks learn our online behaviors, wearable and mobile

devices monitor our activities in the real world. By tracking our sleep, steps, eating and

working habits, they create a holistic understanding of the most important components

of our everyday health (World Health Organization, 2002), until now only possible

through surveys. Although we recognize the value of such datasets, advances in

machine learning for health and mobile sensing 1 have not kept up with other areas.

For example, over the last decade devices such as Fitbit or the iPhone have been

collecting multimodal sensor data at an unprecedented temporal resolution. However,

effectively leveraging these datasets presents many challenges, leading to this data

being frequently overlooked for scienti�c and medical research. Further, obtaining

quality annotations and ground truth might be costly or even impossible at this

granularity. New computational methods are needed to address these challenges and

this thesis attempts to bridge some of these gaps.

1.2 Limitations of traditional mental and physical health

monitoring

Despite the importance of detecting and understanding �uctuations of mental and

physical health, physicians and researchers are hindered by a key limitation: the lack

of reliable and meaningful data. Most established research and clinical practice is

based on pen-and-paper self-reports and surveys which, whilst valuable in the absence

of alternatives, are subject to bias and often provide incomplete information (Brenner

and DeLamater, 2014).

1We de�ne mobile sensingas data from connected sensors which is used to characterize behaviors
related to health. Other terms used in literature are personal sensing, digital phenotyping, and context
sensing, with different albeit overlapping connotations. We point the interested reader to this discussion
(Mohr et al., 2020).
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Individuals may inaccurately recall their behavior, report an idealised version

of their habits or some combination thereof. Previous studies have found that self-

reported physical activity suffers from reporting bias, which stems from social de-

sirability bias (reporting behavior seen as socially desirable), as well as the cognitive

complexity of reporting the intensity, duration, and frequency of physical activity

behaviors with precision (Sallis and Saelens, 2000). In addition, the understanding of a

behavior that is self-reported is limited to the speci�c set of questions given to study

participants. These may not be enough to re�ect a complete view of complex behaviors.

Inaccuracies resulting from reporting errors may be randomly distributed across the

population being studied. The errors may also be systematic, with participants in

different population groups systematically under or over-reporting their activity levels.

This could lead to the identi�cation of erroneous associations.

Similar to physical health, bias can impact mental health studies in more subtle

ways. Patients who are asked to report their mood levels or test for depression might

be triggered by the content of the questions in a self-reinforcing loop that can possibly

do more harm than good (Labott et al., 2013). In order to diminish concerns regarding

bias in studies using self-report measures of physical and mental health, questionnaires

should be validated against a gold-standard measure or objective measurements when

this is possible. Data from mobile devices can combine the best of both worlds:

self-reports are always time-stamped and contextual due to push noti�cations, while

passive sensors can unobtrusively and objectively monitor behaviors.

1.3 Challenges in multi-sensory machine learning

The typical work�ow of a scientist in most �elds involves devising comprehensive

variables2 that explain the variance of a dataset. Until recently, this process was

characterized by elaborate feature engineeringin order to construct informative features

that would discriminate between some classes (in the case of classi�cation). Now,

deep neural networks promise to automate this task by learning latent features as

the side-effect of the optimization process and besides achieving state-of-art results

(LeCun et al., 2015). This is even more crucial for mobile sensing data (Fig. 1.1 presents

a schematic of a typical machine learning work�ow for mobile sensor data).

Data coming from common sensors such as accelerometers, electrocardiograms

(ECGs), gyroscopes, and microphones is commonly represented as high-dimensional

time-series (Lane et al., 2010). Unlike other data types, these sensor measurements are

2In this thesis, we use the terms variable, feature, and covariate interchangeably, when referring to
the input data of a statistical model. The ML community prefers the more liberal term featurewhich
tends to describe raw data (in 3D or higher dimensions), whereas in statistics the independent variables
are often the outcome of some initial processing.
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Figure 1.1: Lifecycle of machine learning work�ows . The iterative steps followed
when processing data from personal devices. This thesis makes contributions to
methods applied across the entire lifecycle, with a particular focus on novel feature
extraction and representationmethods, as well as generalizing to new datacollected in a
longitudinal fashion.

noisy and although in small-scale studies manually engineered features have proved

to be effective (Wang et al., 2014), it is not straightforward to select robust features for

different noise levels of individual user behaviors. Noise in mobile measurements is

hard to model because it is correlated over time (Park, 2004) and presents a non-linear

structure (Ang et al., 2007). Apart from noise, challenges in modeling sensor data

extend to varying sparsity levels (Abedin et al., 2019; Ghassemi et al., 2015), the inability

to obtain quality annotations and labels (Bulling et al., 2014), and heterogeneous data

types (Radu et al., 2018), unlike those used in established benchmark tasks.

An illustrative scenario depicting these challenges may be an individual taking off

their smartwatch when having a shower. The light sensor of the watch might re�ect

off a distant surface and hence record a faulty heart rate (noise); the non-wear period

produces irregularly sampled data which has to be imputed with the expected sensor

values (sparsity); it is unlikely that the user would annotate this or other events at

the minute level (label scarcity). Furthermore, when �nally worn, motion and heart

sensors behave differently in response to external stimuli such as stress (multimodality)

(Bent et al., 2020).

Scale is also different. Large longitudinal studies like the UK Biobank(Doherty et al.,

2017), the Apple Study (Perez et al., 2019), theFenland Study(O'Connor et al., 2015),

Utsureko(Suhara et al., 2017), andEmotionSense(Servia-Rodr�́guez et al., 2017) have

been monitoring the physical and mental health of tens of thousands of participants

with wearable sensors. For example, elevated resting heart rate from over 200, 000

Fitbit users was used to predict in�uenza-like illness in the US (Radin et al., 2020).

However, statistical methods like generalized linear mixed models which operate on
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longitudinal data with repeated measurements (e.g. a single user appears on multiple

days), cannot scale to that number of subjects (Zhang et al., 2016). Also, given that

previous studies in mobile health have been conducted through controlled experiments

and a limited number of participants (Sano, 2016; Jaques et al., 2017; LiKamWa et al.,

2013), it is not clear whether previous �ndings and methodologies could be transferred

to these large datasets. Furthermore, the absence of rigid control over participation

and the limited mechanisms to promote engagement, make the data collected more

dif�cult to interpret than in controlled setups.

Arguably, the underlying challenge here is about representation. Machine learning

attempts to �nd meaningful representations which will transform data to linearly

separable spaces and distinguish between semantic classes. It has come a long way

from the low-dimensional embeddings of convolutional networks that captured the

structure of image datasets (LeCun et al., 2015) to the recentself-supervisednetworks

which learn better features by predicting distorted samples of the input data (Devlin

et al., 2019). But understanding how multi-sensory measurements relate to each other

across time means constructing a representation of the health stateof the individual.

This thesis argues that some of the fundamental building blocks of future machine

learning for health will be multi-tasking, transfer learning, and forecasting. We now know

that models that perform multiple tasks are not only more useful, but they also make

each individual task more robust (Kaiser et al., 2017). Also, models that are able to

reason about the future can transfer better across different environments (Chen et al.,

2021). Therefore, we need models to account for these challenges through improved

data representation that leverages cross-sensor relationships and relying as little as

possible on manual annotations.

1.4 Thesis and substantiation

We have reviewed some potential bene�ts from the improvement of machine learning

for mobile health, what limitations arise when traditional methods are employed,

and what challenges are involved when processing noisy sensor data. Formally,

the overarching objective can be stated as: to improve machine learning methods for

observational, retrospective, and longitudinal data as generated by consumer mobile and

wearable devices, both of dynamic and static nature, of multiple tasks, and of limited supervision,

for the ultimate aim of improving health and well-being with a focus on mental and physical

health. We substantiate this statement by �rst evaluating the potential of existing

approaches on large-scale physical and mental health datasets and then proposing

new models which outperform current methods or offer new insights. Our methods

leverage and expand on the paradigms of multimodal fusion, multi-task learning,
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time-series forecasting, transfer learning, and self-supervised learning. In particular,

this dissertation addresses the following four research questions:

• Research Question 1. How can we use machine learning to combine passive

sensor time-series with traditional user-level metadata to distinguish between

clustered user trajectories?

• Research Question 2. How effective is multi-task learning and encoder-decoder

models for multi-step time-series forecasting?

• Research Question 3. How can we train general-purpose neural networks with

self-supervision to leverage large amounts of unlabelled time-series data?

• Research Question 4. How can we use deep learning on free-living wearable

sensor data for long-term cardio-respiratory �tness prediction?

To address these questions we develop models which can fuse time-series and

tabular data, as well as sequence models which enable accurate forecasting of mental

health. Further, we design novel self-supervised tasks that leverage large unlabeled

time-series data and propose new models to predict lab-measured �tness levels with

free-living sensor data.

1.5 Contributions and chapter outline

In terms of methods, we customize deep learning models to unlabeled time-series. In

the application domain, we adapt machine-learning methods to challenging tasks from

the �elds of physical and mental health. We shall start with an introduction to the

background of deep learning for sequence data in Chapter 2, before presenting the

four main contributions that extend to the later chapters in the rest of the thesis as

follows:

Contribution 1: Multimodal machine learning for large scale mood

prediction

In Chapter 3, we show that psychological traits combined with passively collected

sensing data (activity from the accelerometer and noise levels from the microphone),

can detect individuals whose general mood deviates from the common relaxed char-

acteristic. We validate our approach with data from the EmotionSense Study, a large

mobile application dataset collected in the wild with 17,251 participants, �nding that

the combination of these modalities achieves the best classi�cation performance, and
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that passive sensing yields a +5% boost in accuracy. The main motivation behind this

study was that experience sampling has been proposed as a mechanism to monitor

mental health, but it requires users' attention and this therefore leads to considerable

retention issues. We study whether passive sensing and one-off surveys can be used

to identify relaxed and non-relaxed users and –by extension– unobtrusively monitor

mental health.

The proposed methodology involves two steps. First, clustering historical mood

trajectories (after feature extraction) using a standard algorithm such as k-means in

order to �nd groups of users with similar trajectories. Second, classifying users into the

found clusters. Our pipeline employs feature selection, dimensionality reduction and

classi�cation algorithms such as Gradient Boosting Trees and Deep Neural Networks.

The experimental results show that by adding passive sensing to personality and

demographics surveys we can predict the mood group of individual users with higher

precision. Our models achieve a 75% AUC when using a combination of weekly sensors

(accelerometer and microphone) and one-off questionnaire data as inputs. We discuss

feature extraction techniques and appropriate classi�ers for this kind of multimodal

data, as well as over�tting shortcomings deep neural networks when handling static

and dynamic features. These �ndings might have signi�cant implications for mobile

health applications that can bene�t from the correct modelling of passive sensing

alongside extra user metadata.

Contribution 2: Multi-task and sequence learning for mood time-

series forecasting

In Chapter 4, we propose an end-to-end encoder-decoder model to forecast sequences

of future mood from previous self-reported mood. Our results show that multi-

tasking learns both dimensions of mood simultaneously, which is more accurate

than individual models or baselines. Also, plotting the neural activations helps us

understand the latent trajectories of mood, as well as post-hoc error analysis identi�es

signi�cant differences in the model's performance regarding the users' personality,

mood variability or day of the week. The main motivation behind this study was that

psychologists use mostly pen-and-paper surveys to track mental health, which, unlike

mobile apps, are prone to recall bias. On a more technical side, we show that current

machine learning models for mental health do not provide long-term predictions and

cannot learn complex patterns from time-series.

The proposed methodology relies on an end-to-end Long Short-Term Memory

(LSTM) Encoder-Decoder model. The sequence passes through an LSTM, gets trans-

formed into a single vector, and is decoded through another LSTM that predicts future
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sequences. Moreover, model interpretability is always important when dealing with

health data, therefore we analyze the role of the layers of the trained models. As we

move into deeper layers, we see that the network lays out the continuum of positive

and negative mood, even though it has been trained to solely forecast the mood. Also,

by inspecting individual neurons of the Decoder we observe that some neurons �re

almost always with the same slope, while others are more conservative with almost

�at lines. This helps us identify different subtypes of mood evolution.

Here, we again use data from the EmotionSense Study, however, this time we only

use the sequences of self-reported mood. Our results show that 3 weeks is the best

window of mood reporting, verifying previous research on depression prediction.

Also, our models outperform machine learning regressors and simple baselines while

multi-task learning seems to help the prediction of the alertness (one of the two mood

dimensions). We believe this work provides psychologists and developers of future

mobile mental health applications with a ready-to-use and effective tool for early

diagnosis of mental health issues at scale.

Contribution 3: Self-supervised transfer learning of physiological

representations from free-living wearable data

In Chapter 5, we develop a novel self-supervised general-purpose neural network

which maps activity data to heart rate responses and can be used as a feature extractor

for wearable data. Its features can be used for a variety of practical downstream tasks

that are personalized to the users' unique physiology as well as this model outperforms

a set of strong baselines in both upstream and downstream tasks evaluated with

ablation studies.

For pre-training, we introduce a joint loss function that acts as a regularizer to

traditional Mean Squared Error by using the quantiles of the predictive density of the

model in order to approximate the long-tails of HR data, an ubiquitous problem in

real-world (health) data. There, we show that including a single measure of Resting

Heart Rate had signi�cant impact, and in combination with cyclical modeling of the

timestamps achieved the lowest error of � 9 BPM in free living conditions.

Downstream, we perform a set of downstream, transfer learning tasks by aggregat-

ing the window-level features to user-level ones and showcase the value captured by

the learned embeddings through strong performance at inferring physiologically mean-

ingful variables, outperforming autoencoders and common biomarkers. For example,

our models achieve an AUC of 0.70 for Body Mass Index (BMI) prediction and an AUC

of 0.80 for Physical Activity Energy Expenditure. By inspecting the embeddings we

also notice that most outcomes improve with higher latent dimensionality, while some
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are invariant to its size.

We evaluate this model with the Fenland Study, the largest multimodal wearable

ECG and wrist accelerometry dataset, including over 1,700 participants tracked for

a week, together with associated health outcomes measured with clinical lab equip-

ment. We perform ablation tests to show the performance of different modalities and

components to the architecture. Overall, we propose a multimodal self-supervised

method for behavioral and physiological data with implications for large-scale health

and lifestyle monitoring

Contribution 4: Adaptable cardio-respiratory �tness prediction from

free-living wearable devices using deep learning

In Chapter 6, we develop deep learning models utilising wearable data and common

biomarkers to predict the gold standard of �tness (VO 2max) and achieve strong

performance compared to other traditional approaches.

Cardio-respiratory �tness is a well-established predictor of metabolic disease and

mortality. Fitness is directly measured as maximal oxygen consumption (VO 2max),

or indirectly assessed using heart rate response to a standard exercise test. However,

such exercise testing is costly and burdensome, limiting its utility in healthcare and

large-scale population studies. Fitness can also be approximated using RHR and self-

reported exercise habits but accuracy is low compared to estimates based on dynamic

data. Modern wearables capture non-standardised dynamic data which could improve

�tness prediction.

Here, we use a bigger cohort of the Fenland Studyand analyze movement and

heart rate signals from wearable sensors in free-living conditions from a population

study comprising 11,059 participants who also underwent a standard exercise test. We

develop a deep neural network model that leverages sensor information to predict

VO2max, yielding a Pearson correlation of r = 0.82 [CI 0.80-0.83], when compared to the

ground truth in a holdout sample. This model outperforms conventional non-exercise

�tness models and traditional biomarkers using measurements of normal daily living

without the need to undertake a speci�c exercise test. Additionally, we show the

adaptability and applicability of this approach for detecting �tness change over time

in a longitudinal subsample ( n = 2,675) who repeated measurements after 7 years.

We evaluate the inference capabilities of the model in the difference (delta) between

the present and future �tness. For this last task, the model produced outcomes that

translated to a 0.57 correlation between the delta of predicted and delta of true VO 2max.

Last, the latent representations that arise from this model pave the way for �tness -

aware monitoring and interventions at scale.
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The last chapter of this thesis (Chapter 7) re�ects on the new insights and results

presented on the previous chapters and outlines limitations along with potential future

research directions.

1.6 List of publications

During my Ph.D. studies, I was fortunate to establish several fruitful collaborations

with computer scientists, engineers, psychologists, epidemiologists, and other domain-

experts, which have yielded publications both in machine learning methods and their

applications to mobile health. In particular, Chapter 3 draws from a study published

in PervasiveHealth 2019(Spathis et al., 2019), Chapter 4 is based on a paper atKDD

2019(Spathis et al., 2019), Chapter 5 builds on recently published papers at CHIL 2021

(Spathis et al., 2021) andNeurIPS 2020 ML4MH (Spathis et al., 2020), and last, Chapter

6 is based on to-be-submitted work. Beyond that, I co-authored some other works in

the wider area of machine learning and data science, which, while not directly related

to this dissertation, have nonetheless in�uenced my ideas.
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Chapter 2

Background

If I have seen further it is by standing on the shoulders of Giants

–Isaac Newton

In the previous chapter, we highlighted the importance of developing new models

for mobile and wearable health data. In this chapter, we delve into the data modalities,

tasks, and the fundamentals of relevant machine learning techniques used throughout

this thesis. We �rst provide an introduction to machine learning for mobile health

(Section 2.1), and we proceed with the building blocks of neural networks (2.2),

common training paradigms (2.3), as well as considerations speci�c to time-series

modeling (2.4).

2.1 Machine learning for mobile health

Mobile health is the application and use of mobile devices to healthcare. When

combined with predictive capabilities, it offers novel and scalable ways to track and

diagnose diseases, while reducing costs of the broader health system. Mobile health

applications have been successfully introduced to model a variety of health outcomes

such as infectious diseases (Wood et al., 2019), HIV medication adherence (Rana et al.,

2016), and asthma management (Chan et al., 2017). The �rst large-scale studies focused

on associations between control and experimental groups while making sure that they

address challenges such as reporting–selection bias and low retention rates. Only

recently machine learning has started to be used in an end-to-end way in mobile

health. For example, an image-based deep learning system was evaluated by Google

for automatic diagnosis of skin conditions (Liu et al., 2020), and was later rolled out in

a mobile app for end users (Peggy Bui, 2021).

However, a sentiment echoed by the –still nascent– health informatics research

community is that the development of such technologies has progressed at a faster

25
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Figure 2.1: Example of a hierarchical framework of wearable and mobile health . The
boxes at the top represent inputs to models. The boxes in between represent features
and high-level behavioral markers along with outcomes. (PPG: Photoplethysmography,
HRV: Heart rate variability). Figure inspired by (Mohr et al., 2017).

pace than the methods to evaluate and validate their ef�cacy. For example, commercial

smartwatches are able to capture heart rate data accurately but fail in more com-

plex metrics such as the energy expenditure, when compared to ground truth devices

(Shcherbina et al., 2017). Also, context matters, especially considering that such devices

can be used everywhere by everyone. For instance, skin tone or the type of activity

(e.g. running versus walking) might affect the heart rate estimation (Bent et al., 2020).

While most of these devices are increasingly using machine learning to estimate more

high-level outcomes such as �tness or mood swings, we should ensure that they are

being evaluated in diverse population cohorts.

Studies involving machine learning in mobile health usually fall into two categories;

either proving the feasibility of the respective modality (sensors, images etc) to predict

the respective outcomes (Wang et al., 2014), or, given a standardized dataset with

a clearly de�ned outcome, trying to devise more accurate models (Aggarwal et al.,

2019). As such, the level of sophistication in machine learning models has been usually

commensurate with the dataset size (see Section 2.4 for an in-depth discussion of this
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trade-off). Nevertheless, we argue for a third way; we collect large longitudinal datasets,

identify bottlenecks of existing models when dealing with such datasets, and then

propose bespoke models and pipelines that outperform other baselines.

Acknowledging that the term ”mobile health” is quite broad, the scope of this

Chapter (and this thesis) will be narrowed to devices with connected sensors and their

associated mobile applications, excluding non-internet sensors such as thermometers,

electronic health records, or large stationary equipment such as smart treadmills. We

point the interested reader to this excellent review which covers all device categories

(Marra et al., 2020). In all cases, we study data coming from smartphones and wearables

as well as models which extract information from sensors in order to transform them to

behavioral markers which eventually map to clinical states (see Fig. 2.1). To showcase

the impact of mobile technologies, we focus on two broad areas which concern most

people, that is, mentaland physicalhealth.

2.1.1 Mental health

Clinical outcomes and measurements. Mood and general mental wellbeing have been

associated with several clinical outcomes. Self-reported sadness was found to be an

indicator of depression (Cheng and Furnham, 2003), while self-reported happiness is

linked to longevity (Veenhoven, 2008), personality traits (Ching et al., 2014; Geukes

et al., 2017), and reduced mortality risk (Aichele et al., 2016). The experience sampling

method (ESM), or ecological momentary assessment (EMA), –which involves asking

participants to report their behaviors or environment on repeated occasions over

time– has long been used as a mechanism to longitudinally assess the mental health

of individuals by prompting them to report their mental state using questionnaires,

traditionally administered using pen and paper, and also via the web. Psychologists

have used different tools or scales to measure mood. These include the Positive and

Negative Affect Schedule (PANAS) (Watson et al., 1988), a self-report questionnaire

of two 10-item scales that measures both positive and negative affect; and the Affect

Grid scale (Russell et al., 1989), a 2-dimensional grid, where the x-axis indicates the

feeling in terms of its positiveness or negativeness and the y-axis indicates its intensity.

Independently of the scale used, timely and accurate mood reporting is important

to anticipate clinical outcomes. To this end, smartphones and wearable devices have

enabled timely delivery of experience sampling (Csikszent and Larson, 2014), allowing

a near real-time detection of clinical outcomes and relapses.

Mobile devices brought increased reach. The penetration of mobile devices has in-

troduced scale: many more individuals can now be reached and assessed. For example,

in a hospital environment, mobile experience-sampling enabled the collection of 11,381
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survey responses over a 12-month period from 304 physicians and nurses, completed

with minimal initial training (Tejani et al., 2010). Mobile sensors enable researchers to

collect not only the explicit reports of the participants, but also the contextin which

these answers were provided. Indeed, a survey of 110 ESM papers concluded that a

total of 70 studies (63.6%) passively or actively collected sensor data from the partici-

pants' study device (Van Berkel et al., 2018). For instance,StudentLife(Wang et al., 2014)

combined sensing and self-reports to assess the impact of student workload on stress,

whereas Snapshot(Taylor et al., 2017) tracked their mood and sleep. Others focused

on detecting depression by tracking medication, sleep patterns and actions (Suhara

et al., 2017), location (Canzian and Musolesi, 2015; Palmius et al., 2016) or keypress

acceleration (Cao et al., 2017). On a larger scale,Utsureko(Suhara et al., 2017) and

EmotionSense(Servia-Rodr�́guez et al., 2017), two independent smartphone applications

for mood monitoring through self-reports, were used by more than 24, 000 and 17, 000

users, respectively.

Towards larger datasets. However, most existing works suffer �rstly from limited

sample size, both in terms of number and diversity, which hampered them from

drawing robust conclusions, and secondly from limited duration of the studies. For

instance, in the MoodScopestudy (LiKamWa et al., 2013) 32 people were monitored for

2 months; in StudentLife(Wang et al., 2014), 48 students were tracked for 10 weeks,

whereas in Snapshot(Taylor et al., 2017), probably the biggest general published study

about mood monitoring using mobile devices, 206 students were tracked for 1 month.

In contrast, this thesis employs the EmotionSensedataset (Servia-Rodŕ�guez et al., 2017),

which tracked tens of thousands of participants in the wild for more than 3 years, by

collecting ground truth through self-reports as well as passive sensor data. Putting

aside the limitations of the sample size, perhaps the most closely related work to ours

is the Snapshot(Sano, 2016) study. This study investigated how daily behavior gathered

through passive sensing data in�uence sleep, stress, mood, and other wellbeing-related

factors. Multiple papers focused on different aspects of the collected dataset, such

as personalization with multi-task learning to predict tomorrow's mood, stress, and

health (Taylor et al., 2017), and the prediction of happy/sad moods based on sleep

history (Sano et al., 2015).

The EmotionSense dataset. This thesis uses the EmotionSensedataset (Servia-

Rodr�́guez et al., 2017), a dataset that contains sensor and self-reported data collected

with a mobile phone application for Android designed to study subjective well-being

and behavior. From February 2013 until October 20161, this application collected

735,778 self-report datapoints from 17,251 users, through surveys presented on the

1We use a longer time-frame of collected data than that of (Servia-Rodr �́guez et al., 2017). Their
ending timestamp was in January 2016.
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phone via experience sampling, and behavioral data from physical and software

sensors in the phone (accelerometer, microphone, location, text messages, phone calls,

etc.). The participants signed a consent form that restricts the use of the data to the

University of Cambridge researchers, in accordance with Institutional Review Board

(IRB) protocol. For this analysis, we consider self-reported mood collected graphically

using the Affect Grid (Russell et al., 1989), pro�le-related surveys, as well as sensed

data collected with the accelerometer and microphone sensors. Twice per day, between

8am and 10pm after a time interval of at least 120 minutes, participants received a

noti�cation asking them to report their mood in the affect grid. Meanwhile, sensed

data was collected passively in the background at different time-points during the day

depending on the different versions of the study. At different stages of the application,

participants were requested to complete pro�le-related questionnaires covering a broad

range of topics including: demographics, personality, gratitude, health, sociability, job

satisfaction, life aspirations and connectedness, where the questions were answered

using Likert scales.

Machine learning models. Regarding machine learning models, the majority of

related literature has applied some kind of supervised learning, such as Logistic

Regression or Support Vector Machines, which cannot capture non-linear combinations

of features. For a more extensive view of the �eld, we point the interested reader to

this comprehensive review on ML for mental health (Thieme et al., 2020). Some recent

works employ RNNs (Suhara et al., 2017), feedforward layers (Mikelsons et al., 2017),

multi-task learning (Taylor et al., 2017), and autoencoders to �ll in missing sensor data

(Jaques et al., 2017), or to learn better representations (Li and Sano, 2020; Liu et al.,

2020). Further, binary prediction is quite common in the mood prediction literature,

where mood is simpli�ed to a binary state (Taylor et al., 2017; Servia-Rodr �́guez et al.,

2017), so that for instance, extreme depression is binned in the same class as moderate

unhappiness. Since neutral mood might be uninformative and make the predictions

harder, authors often omit the middle-scoring 40-60% of reports. Instead, we explore

�ne-grained mood prediction through regression and clustering, as well as novel

multi-dimensional formulations of the Affect Grid through multi-task learning.

2.1.2 Physical health

Measuring physical activity at scale . Large scale studies of physical activity and

well-being leveraging mobile devices' built-in accelerometers have shown promise as

global physical activity surveillance tools, demonstrating, for example, inequalities

across different countries after analysing data from over 700, 000 people (Althoff et al.,

2017). Another analysis of exercise patterns in a global social network of 1,1 million
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runners, demonstrated that exercise is ”contagious”, whose effect depends on gender

and relative levels of activity (Aral and Nicolaides, 2017). 10 million users of a weight

monitoring app were used to show that people are more likely to lose weight when

they had more friends of the opposite sex (Wang et al., 2017). Weight loss was the

subject of other studies of over 1 million participants (Serrano et al., 2017), which

showed that power users demonstrated the greatest weight loss. The relationship

between physical activity and cardiovascular disease was studied for 50,000 people in

(McConnell et al., 2017), �nding that lower overall activity but more frequent transitions

between active and inactive periods was associated with similar cardiovascular disease

to higher overall activity but with fewer transitions. Mobile and wearable sensors

allow for continuous and ubiquitous monitoring of an individual's physical activity

pro�les, which, when combined with cardio-respiratory information, provide valuable

insights into that individuals' health and �tness status (Mandsager et al., 2018). Hence,

the possibility of measuring individuals' physiological characteristics in free-living

conditions is of great interest for research, clinical and commercial applications. In

particular, physical activity is characterized by both movement and the associated

cardiovascular response to movement (e.g., heart rate increases after exercise and the

dynamics of this increase are dictated by �tness levels (Jones and Carter, 2000)), thus,

leveraging these two signals concurrently likely produces better representations than

either signal taken in isolation. For instance, heart rate (HR) responses to exercise have

been shown to be strongly predictive of cardiovascular disease (CVD), coronary heart

disease (CHD) and all-cause mortality (Savonen et al., 2006). In healthy individuals,

HR responses to activity are de�ned by an increase in HR that is concurrent to the

increasing intensity of the activity (Ellestad and Wan, 1975).

Challenges in modeling wearable data. The advent of wearable technologies has

given individuals the opportunity to unobtrusively track everyday behavior. Given

the rapid growth in adoption of internet-enabled wearable devices, sensor time-series

comprise a considerable amount of user-generated data (Blalock and Guttag, 2016).

However, extracting meaning from this data can be challenging, since sensors measure

low-level signals (e.g., acceleration) as opposed to the more high-level events that are

usually of interest (e.g., arrhythmia, infection or obesity onset). Most wearable devices,

particularly those that are wrist-worn, incorporate accelerometry sensors, which are

very affordable tools to objectively study physical activity patterns (Doherty et al.,

2017; Menai et al., 2017)2. However, since wearables are used in daily, unconstrained

environments, activities such as drinking coffee or alcohol, as well as stress, may

confound simple heuristics.

2Throughout this thesis, we refer to activity, movement and acceleration interchangeably as signals
obtained from wearable accelerometers.
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Fitness as a key predictor of well-being. A concept that is particularly central to

physical activity is that of cardio-respiratory �tness (CRF), an important modi�able

marker of cardiovascular health embodied by a strong inverse relationship with the

incidence of cardiovascular disease (CVD), type 2 diabetes, cancer, mortality and other

adverse health outcomes (Lynch et al., 1996; Lakka et al., 1994; Myers et al., 2002;

Ekelund et al., 1988; Schmid and Leitzmann, 2015; Schuch et al., 2016; Blair et al., 1989;

Laukkanen et al., 2004; Mandsager et al., 2018). Clinical clinical evidence shows that

CRF is not only potentially a stronger predictor of mortality than well-established risk

factors like hypertension, type 2 diabetes, high cholesterol or smoking, but that using

CRF to complement these traditional risk factors signi�cantly improves the precision

of risk prediction models for adverse CVD health outcomes (Ross et al., 2016; Myers

et al., 2002; Kokkinos et al., 2013; Lloyd-Jones et al., 2010). Beyond its implications in

medicine, CRF is frequently used in sports as indicator of endurance capacity, having

strong predictive value for other sport-related performance traits (Ross et al., 2016).

Challenges in collecting �tness ground truth . The gold-standardmeasure of CRF

is the maximal oxygen uptake (VO 2max), which measures the maximal rate at which

an individual can consume oxygen during exercise. VO 2max is assessed through

an exercise test to exhaustion while respiratory gas exchange is measured, with the

assessment only deemed a true maximal result if several test criteria are met. These

criteria include leveling-off of oxygen uptake and heart rate (HR) and the surpassing

of thresholds for the respiratory exchange ratio. This type of assessment requires

trained staff and expensive laboratory settings with specialized equipment and often

test criteria for maximal effort are not met (Swain et al., 2014; Davis, 1995). Given these

logistical constraints and the inherent risk of maximal exercise testing, scalability of

�tness assessment in large populations has been limited, meaning relatively little is

known about population levels of �tness, or their possible changes over time.

Scaling �tness prediction . Despite some promising studies which attempt to

infer VO 2max from data collected during free-living conditions, these mostly stem

from small-scale cohorts with less than 50 participants and use contextual data from

treadmill activity, which again limits their application in real-world contexts (Altini

et al., 2016). In this thesis, we employ data from the Fenland Study, the largest study of

its kind, following more than 10,000 participants for a week and almost a decade later

to assess the change of �tness. We use purely free-living data to predict VO 2max.

The Fenland dataset. The Fenlandstudy is a prospective cohort study that includes

12, 435 men and women who are between the ages of 35 and 65 (O'Connor et al.,

2015). After a baseline clinic visit, a subsample of 2, 100 participants were asked to

wear a combined heart rate and movement chest sensor and a wrist accelerometer on

their non-dominant wrist. All participants provided written informed consent and
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the study was approved by the National Research Ethics Service - Cambridge East

Research Ethics Committee (IRAS ID 138617). Thechest ECGmeasured heart rate

and uniaxial acceleration in 15-second intervals while the wrist devicerecorded 60 Hz

triaxial acceleration. The chest device was attached to the chest at the base of the

sternum by two standard ECG electrodes. Participants were told to wear both monitors

continuously 24 hours per day for a week and were advised that both monitors were

waterproof and could be worn during showering, sleeping or exercising. During a lab

visit, all participants performed a treadmill test that was used to inform their VO2max

(maximum rate of oxygen consumption and a golden measure of �tness). Resting

Heart Rate (RHR) was measured with the participant in a supine position using chest

ECG. HR was recorded for 15 minutes and RHR was calculated as the mean heart rate

measured during the last 3 minutes. These measurements were then used to calculate

the Physical Activity Energy Expenditure (PAEE) (Brage et al., 2004). The Fenlandstudy

has two distinct phases. Phase I, during which baseline data was collected from 12,435

participants, took place between 2005 and 2015. Phase II was launched in 2014 and

involved repeating the measurements collected during Phase I, alongside the collection

of new measures. All participants who had consented to being re-contacted after their

Phase I assessment were invited to participate in Phase II. At least four years must

have elapsed between visits. As a result of this stipulation, recruitment to Phase II is

ongoing. A subset of 2,675 of the study participants returned for the second phase of

the study, after a median (interquartile range) of 6 (5-8) years, and underwent a similar

set of tests and protocols, including wearing the combined heart rate and movement

sensing for 6 days.

Modeling wearable signals with machine learning . Machine learning models

have been only recently applied to this task. To approximate VO 2max without the

need for a dynamic test, non-exercise models aim to provide a viable alternative to

CRF assessment for widespread use in many healthcare settings. These are usually

traditional regression models and incorporate variables like sex, age, body mass index

(BMI), resting heart rate (RHR) and self-reported physical activity to infer VO 2max

(Cao et al., 2010; Jurca et al., 2005). However, the validity of such estimation is still

much lower than what can be achieved with dynamic exercise testing (Gonzales et al.,

2020; Nes et al., 2011). Wearable devices, such as activity trackers and smartwatches,

increasingly provide opportunities for non-intrusive objective monitoring of biological

signals such as heart rate and movement during free-living, potentially enabling

more precise prediction of VO 2max without the need to conduct a speci�c exercise

test (Plasqui and Westerterp, 2005).

Deep learning for physical activity and vitals . Recent advances in deep learn-

ing architectures for sequential modeling based upon wearable and mobile sensing
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have been used for health predictions and recommendations (Ballinger et al., 2018;

Schwab and Karlen, 2019). For example,FitRec, an LSTM-based approach to modelling

HR and activity data for personalized �tness recommendations was able to learn

activity-speci�c contextual and personalized dynamics of individual user HR pro�les

during exercise segments (Ni et al., 2019). This approach is helpful but requires prior

segmentation of activities, which can be a constraint when applying these techniques

in free-living, unconstrained conditions. Recent work using self-supervised learning

has shown promise in the same data modalities such as ECG data (Sarkar and Etemad,

2019; Hallgr�́msson et al., 2018; Kiyasseh et al., 2020). In the following sections we

expand on these new neural network training paradigms and discuss how we build

upon them towards more accurate �tness prediction as well as generalized models

which can predict multiple physiological outcomes.

2.2 Deep neural networks

The history of neural networks dates back to the 1950s with the invention of the

perceptron(Rosenblatt, 1958), which paved the way for today's modern Deep Neural

Networks (DNNs) (LeCun et al., 2015). The goal of a neural network is to approximate

some function f , so that, for example, a classi�er y = f (x; q) maps the input x to a

category or real value y, by learning the optimal parameters q that best approximate

this function. They are called networksdue to the fact that they are composed of many

different functions. For example, four functions –or layers– f (1) , f (2) , f (3) , and f (4) , can

be connected in a chain to form a computational graph:

f (x) = f (4) ( f (3) ( f (2) ( f (1) (x)))) (2.1)

where stacking several layers de�nes the depthof the model, hence the widely adopted

term deep learning.

More formally, considering a simpli�ed case of a two-layer network and an output

unit, we de�ne it as follows:

z1 = g(W>
1 x + b1)

z2 = g(W>
2 z1 + b2)

out = s(W>
3 z2 + b3)

(2.2)

where z are intermediate layers with trainable weights W and biasesb, and out is the

output of the model. The result of each layer is further processed by an activation

function, which, like g, is usually a Recti�ed Linear Unit (ReLU( z) = max(0,z)). The
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intuition behind this function is that it allows the network to learn non-linear patterns

of the features. Last, the output layer activation s can be asoftmaxfunction
�

ezi

å j= 1 e
zj

�
, to

transform the output to a probability distribution over predicted classes (classi�cation).

In regression problems, the raw numerical output can be the �nal prediction, and

usually no further activations are applied.

To train the model, we use backpropagation(Linnainmaa, 1970), which de�nes the

error and in turn compares the expected output to the ground truth t:

E =
1
2

k(out � t)k2
2 (2.3)

This error is calculated in the forward pass of the neural network. Then, it is propagated

across all the intermediate layers, which allows the model to learn from its mistakes

and repeat the training process by adjusting the weights. Formally, given a single

weight W i and the previous layer output zi , we de�ne the backward pass as follows:

¶E
¶W i

=
¶E
¶zi

¶zi

¶W i
(2.4)

After computing the gradients, the network updates the weights according to the

following equation:

W i = W i � a
¶E

¶W i
(2.5)

where a is a scalar called learning rateand its value is decided by the optimization al-

gorithm of choice. For an in-depth view of deep learning, we recommend the excellent

Deep Learning book (Goodfellow et al., 2016). Next, we discuss the shortcomings of

perceptron (feedforward) layers when processing data with dependencies (e.g. sensor

timeseries) and present modern approaches which handle these challenges.

2.2.1 Recurrent neural networks

While feedforward layers can easily handle two-dimensional inputs x = (x1,...,xN )

2 R N � F, where N are the samples andF the features, data from complex systems is

usually high-dimensional with internal dependencies. For example, sequential data is

commonly represented as three-dimensional tensors x = (x1,...,xN ) 2 R N � T� F, where

T are the timesteps. In other words, every sample includes both a timeseries and
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Figure 2.2: Variants of recurrent neural networks . Conceptual illustration of the
various components and differences between RNNs, LSTMs, and GRUs. Illustration
inspired by (Olah, 2015).
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its associated features3. In practical terms, a feedforward layer can still ingest such

tensors, however, it will not learn any sequence-aware patterns because the tensor

should be �attened ( T � F) prior to the initial dot product with the weights.

As Christopher Olah put it so eloquently ” Humans don't start their thinking from

scratch every second. You don't throw everything away and start thinking from scratch

again. Your thoughts have persistence(Olah, 2015)”. Feedforward layers cannot do this.

Therefore, new layers have been proposed which sharethe same weights across several

time steps and, as a result, are able to explicitly leverage and process sequential

data. In this thesis, we mainly use variants of Recurrent Neural Networks(RNNs) and

Convolutional Neural Networks(CNNs).

An RNN (Rumelhart et al., 1986) is a specialized layer for processing a sequence

of values. In Eq. 2.1, a classical computational graph just passes through information

across layers, one after another. On the other hand, RNNs introduce extra feedback

loops which allow the models to learn different weights for steps of an input sequence.

More formally, the RNN has three main weights: the input to hidden connections

is parametrized by a weight matrix U, hidden-to-hidden recurrent connections are

parametrized by W, and hidden-to-output connections are parametrized by V. The

internal dynamics for each timestep t of the RNN are de�ned as follows:

a(t) = b + Wh (t � 1) + Ux(t)

h(t) = tanh(a(t) )

o(t) = c + Vh (t)

ŷ (t) = so f tmax(o(t) )

(2.6)

where h is the hidden state, b and c are biases, andŷ the output probabilities. While

RNNs have proved particularly effective in text prediction tasks (Nallapati et al., 2016),

scalable training is problematic because the gradients either explodeor vanishat each

time step. As a result, although the main premise is to learn long-term dependencies,

evidence shows that it is dif�cult to learn patterns in long sequences (Bengio et al.,

1994).

To correct for that, an idea was to add explicit memory to RNNs. The �rst proposal

of this kind is the Long Short-Term Memory(LSTM) (Hochreiter and Schmidhuber, 1997).

These networks introduce special gatesthat �lter the information as it �ows across the

layer and allow the LSTM to keep or forget information. The core concept is the cell

statewhich acts as a conveyor belt, or the memory of the network. As the cell state is

3Sometimes, the third component of a 3D tensor which hosts multiple parallel timeseries is called a
channel.
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progressing, the gates, which are different neural networks, decide which information

is allowed on the cell state. In particular, the forget gatedetermines what information

should be stored by applying a sigmoid function. Then, the input gateupdates the

cell state through a combination of sigmoid and tanh functions. The cell state, is now

updated and the output gatedecides what the next hidden state should be, through

another pair of sigmoid and tanh functions. LSTMs have achieved state of art results

in many sequence problems, with a particular success in speech recognition (Graves

et al., 2013).

However, at this point it is natural to wonder which parts of the LSTM are actually

necessary. Recent variants of the LSTM include theGated Recurrent Units(GRUs) (Cho

et al., 2014), which use the hidden state to transfer information, doing without the

cell state of the LSTM. In particular, a GRU has only two gates, a reset gatewhich

decides how much past information to retain, and an update gatewhich combines the

functionality of the forget and input gates of the LSTM. A conceptual illustration of

the variants of recurrent networks can be found in Fig. 2.2, where one can observe the

increasing complexity of LSTMs and GRUs over the RNN.

Another useful property of RNNs/LSTMs is the ability to forecast multiple timesteps.

Hidden Markov Models (HMMs), autoregressive models and regression algorithms

have been traditionally applied to sequence prediction. HMMs and autoregressive

models operate by default on single sequences, being unable to learn patterns from

several users. Traditional feature-based ML algorithms such as linear regression, ran-

dom forests or support vector regressors, can solely predict one scalar value. They

do not support an extended forecast horizon without feeding through the previous

prediction as its new input (Venkatraman et al., 2015), which unavoidably introduces

compounding errors that skew the input distribution for future prediction steps. RNNs

have become increasingly popular in modeling sequential, high-dimensional, non-

linear data by incorporating encoder-decoder architectures (Figure 2.4). Recent RNN

models (named sequence-to-sequence orseq2seq) can map an input sequence to an

output sequence of any arbitrary length, making RNNs the state-of-the-art in Natural

Language Processing for machine translation and speech processing (Sutskever et al.,

2014) since they can map, for example, a phrase in French to a phrase of different

length in English.

2.2.2 Convolutional neural networks

An effectively simpler approach to timeseries modeling is to repurpose the convolu-

tional operations that have been successfully applied to image processing (Krizhevsky

et al., 2012). Traditionally, the image processing community would use the convolution
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Figure 2.3: Convolutional neural networks . Conceptual illustration of the components
of a convolutional neural network applied to timeseries data.

operation (or kernels) for tasks such as blurring or sharpening. In its simplest form,

a convolution is done by multiplying a pixel and its immediate neighborhood with

a matrix. The same idea is applied to CNNs, where every subsequent layer learns

feature maps of increasing or decreasing granularity by scanning the 2D space of an

input image.

Until recently, sequence modeling was synonymous with RNNs. However, em-

pirical results suggest that 1D CNNs are equally good –or better– in a set of diverse

tasks (Bai et al., 2018). This idea goes back to the 1980s wheretime-delay networks

�rst popularized the notion of shift-invariance in time: the network would discover

temporal relationships which will not be confounded by temporal shifts of the input

(Waibel et al., 1989). In addition to better performance, CNNs are faster to train, which

justi�es the resurgent interest in the ML community for sequential tasks.

More formally, given an input dataset x = (x1,...,xN ) 2 R N � T� F, it passes through a

stack of CNN layers that scan over the sequences with 1D windows and learn �lters

f : f 0, ...,k � 1g 2 R. The convolution operation C of a sequence elements is de�ned

as

C(s) = ( x � f )(s) =
k� 1

å
i= 0

f ( i) � xs� i (2.7)

where k is the �lter size, s � i records the convolution step and � denotes the convo-

lution operator. We note that the 1D window learns patterns across all the parallel

features of the 3D input tensor x. Often, after the convolutional layers the dimensional-

ity of the resulting feature maps is further reduced with a poolinglayer, which either
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aggregates the maps with a max or averaging operation (same dimensions but fewer

parameters), or –more aggressively– performs globalpooling (reduced dimension) 4.

A conceptual illustration of a CNN applied to timeseries data can be found in Fig.

2.3, where one can observe how the learned CNN features are further summarized by

pooling operations.

1-dimensional CNNs have been applied to various �elds with remarkable success.

For example, some of the most widely-used audio synthesis and language modeling

systems are based on CNNs (Van Den Oord et al., 2016; Dauphin et al., 2017).

2.2.3 Other layers

Apart from RNNs and CNNs, other layers have been proposed over the past years to

model sequence data with neural networks. Most notably, attention layers leverage

dot products of the input data in combination with simple feed-forward networks

(Bahdanau et al., 2014). The intuition is based on how we pay visual attention to

different regions of an image or correlate words in one sentence while reading. Pure

attention architectures –like the Transformeror BERT (Vaswani et al., 2017; Devlin

et al., 2019)– have dominated language tasks, however, in the case of high-dimensional

signals, the literature has not ”converged” to attention-only networks yet. Instead,

it is common to mix CNN/RNNs with further attention layers (Hao and Cao, 2020).

This might be due to the structural differences between language and time-series data;

memory-aware layers may explicitly capture the temporal patterns of continuous data,

whereas discreet data (text) could be favored by attention.

Another approach tailored to irregularly sampled timeseries was to supercharge

RNNs with properties of ordinary differential equations (ODEs). ODE-RNNs (Rubanova

et al., 2019) achieve strong results in datasets with missing timesteps, when compared

to simpler methods like GRU-D which tweak the RNN's internal state to account for

the time delta between the datapoints (Che et al., 2018).

On the other hand, we see that sometimes the data sampling method is more

important than the layer of choice. For instance, it is worthwhile to mention MLP-Mixer

(Tolstikhin et al., 2021), a recent method that achieves state of art results in vision with

simple feed-forward layers (no CNN/RNN/Attention), by splitting the input images

into patches. This thesis advocates for and presents some new data alignment methods

towards better representation learning. In the next section, we discuss some notable

training paradigms that are gaining momentum towards this direction, moving beyond

4Considering that neural networks can be seen as LEGO™ blockswhereby every layer has to match
the dimensions of the next one, the output vector de�nes the intermediate operations. The data has to
�ow from the high-dimensional input to the –usually simpler– output, and hence different layers such
as Poolingor Flatteningare used to achieve that.
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traditional supervised learning.

2.3 Training paradigms

After introducing the main building blocks of neural networks, we will now discuss

some emerging training paradigms which are inspired by real-world tasks and their

challenges. For example, humans perform thousands of tasks naturally, but our models

are still painfully single-purpose. What does it take to bridge this gap? Also, infants are

never explicitly taught physics or grammar, but they still learn to speak or the effects

of gravity through observation and interaction with their surroundings (Vallabha et al.,

2007). Likewise, can we apply this paradigm to machine learning? For instance, we

never start learning something new from scratch, but we build upon basic abstractions.

Our models can learn to re-use and �ne-tune, but what are their limits?

As a means of answering these fundamental questions, this thesis is employing

multi-task learning, multimodal learning, self-supervision, and transfer learning.

2.3.1 Multi-task learning

Multi-task learning is a training method in which a model learns to predict simulta-

neously two or more similar tasks. For example, an architecture with shared layers

and separate outputs might enable to perform –with a single model– robotic grasping,

pushing, and poking (Pinto and Gupta, 2017). Multi-tasking has been used to reduce

over�tting on the main task (with auxiliary targets), produce better data representations,

and in general to improve accuracy in neural networks (Ruder, 2017). Speci�cally in

deep neural networks, this multi-target setup forces the shared weights of the network

to optimize all tasks and consequently learn internal representations that draw from

multiple outcomes.

More formally, let T be a set of learning tasks for a datasetf x,yg. The model tends

to share some weights qg on the lower layers, where it learns generic patterns that are

useful to all tasks. As we move to the last layers, the model is split to various ”forks”

which host task-speci�c weights qt (see Fig. 2.4). In particular, the training optimizes a

joint multi-objective loss where each task contributes to the weighted sum as follows:

L joint =
T

å
t = 0

wt � L t (2.8)

where L t denotes the individual-task loss and wt the task weights. Despite this

joint objective formulation and the parameter sharing, the tasks should present some

similar characteristics. Besides, the input data should be general enough so as to
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Figure 2.4: Training paradigms . Illustration highlighting the differences across su-
pervised, unsupervised, and self-supervised learning, along with emerging neural
network architectures applied to multimodal data.
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generalize to many tasks; otherwise the singular tasks would dominate the loss. We

point the interested reader to this survey which covers many recent architectures and

applications of multi-tasking (Crawshaw, 2020).

Multi-task learning has been successfully applied to high-impact systems which

range from single models that caption images and translate text (Kaiser et al., 2017),

to self-driving cars which perform joint depth estimation and image segmentation

(Kendall et al., 2018). In this thesis, we use multitask learning in conjunction with

encoder-decoder models in Chapter 4.

2.3.2 Multimodal learning

While multi-task learning aims to better leverage the outputs or outcomes, multimodal

learning involves relating information from multiple inputs and sources. An illustrative

example comes from speech recognition: a visual /ga/ with a voiced /ba/ is perceived

as /da/ by most people. In other words, the so-called McGurk effect (Ngiam et al.,

2011) showed that people tend to integrate audio-visual information in order to

decode speech, and as such, the visual modality provides information which helps to

disambiguate between similar acoustics.

Machine learning at its core is about �nding better representations of data. When

dynamic data comes from different sources (e.g., a motion sensor and an ECG), it may

present non-linear correlations where it is not straightforward to match and relate

raw time-series collected with different devices or sampling rates. On top of that,

extra metadata encoded as static features (e.g., sex or height) have to be processed

in isolation. Multimodal representations usually involve a single end-to-end network

with individual sub-networks for every modality which are later merged in a joint

representation (see Fig. 2.4). Similar to parameter sharing in multi-tasking, here we

decide between early (or data-level) and late fusion, which de�nes the stage in which

the latent features are merged. In general, late-fusion strategies are more intuitive,

particularly when the modalities vary in terms of sampling and dimensionality and

often result in better performance (Ramachandram and Taylor, 2017).

Nonetheless, reiterating the Legoanalogy of neural network layers, a third category

became possible with modern models, that of intermediate fusion. The latest models

attempt to �rst transform all modalities into representations, and then it becomes

possible to fuse different representations into a single hidden layer (or shared represen-

tation). A simple –yet effective– strategy is to concatenate all resulting representations,

with increasingly more sophisticated ideas investigating loss functions which enforce

inter- and intramodality correlations (Wang et al., 2015).

Multi-task and multimodal learning can be seen as two sides of the same coin, in



2.3. TRAINING PARADIGMS 43

which we strive for enabling many capabilities and leveraging different sources with a

singlemodel. In this thesis, we use multimodal models in Chapters 3, 5, and 6.

2.3.3 Self-supervised learning

Given a training task and enough labels, supervised learning can achieve good perfor-

mance. This performance usually requires a decent number of manual labels which

–in the best scenario– might become easier through crowdsourcing (cf. Imagenet),

but in some cases is virtually impossible. For example, annotating wearable sensor

timeseries for human activity recognition tasks a posterioriis not feasible without a

video recording. On the other hand, considering the amount of unlabeled data (e.g. all

the images on the internet or the entire Fitbit user base) is considerably more than is

contained within a limited curated dataset, motivates ongoing research in this area.

However, unsupervised learning is hard and until recently was less ef�cient than

supervised learning (Chen et al., 2020).

A simple yet exciting recent idea was to obtain labels ”for free” from the input data

(x) through various transformations, and then use conventional supervised objectives

to predict them ( x̂). The representations obtained this way would be meaningful for

downstream tasks with limited labeled data and linear classi�ers (see Fig. 2.4). This is

coined as self-supervised(or predictive) learning due to learning the supervision directly

from the data 5. Even before this term, researchers would attempt to �nd surrogate

tasks (Dosovitskiy et al., 2015) which would exploit unlabeled data. The most common

tasks involve predicting distorted versions of the spatial characteristics of image data

by means of rescaling (Dosovitskiy et al., 2015), rotating (Gidaris et al., 2018), patching

(Doersch et al., 2015), shuf�ing (Noroozi and Favaro, 2016), colorization (Zhang et al.,

2016), and inpainting missing parts (Pathak et al., 2016).

These pre-training tasks have achieved state-of-the-art results in computer vision

(Lee et al., 2017; Jenni and Favaro, 2018) and natural language processing (Lan et al.,

2020). However, someone would argue that devising these increasingly complex

pre-training tasks resembles traditional feature engineering that neural networks

promised to automate. Therefore, more generic methods switched focus from data

transformations to the loss function level by offering elegant methods of implicit

clustering between pseudo– positive and negative samples. Notably, SimCLR(Chen

et al., 2020) achieved –for the �rst time– performance on par with supervised models,

by proposing a training method for visual representations which maximizes agreement

5The terminology surrounding unsupervised and self-supervised learning is a bit blurry. In strict
terms, unsupervised used to mean methods for principal component and cluster analysis (no labels). Be-
yond the supervision dichotomy, reinforcement learning offers an alternative formulation to intelligence
through reward-based learning, which is however out of scope of this thesis.
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between differently transformed views of the same sample via a contrastivecosine

similarity loss in the latent space. More recently, BYOL claimed better results even

without the negative pairs in its training objective through a similar two-network

approach (Grill et al., 2020).

It is not clear, however, whether these methods can generalize beyond the image

domain, with preliminary results showing that they underperform without domain-

aware modi�cations (Tang et al., 2020; Kiyasseh et al., 2020). On the other hand, the

closest conceptual modality to mobile and wearable timeseries is video, in which the

relevant literature attempts to leverage the temporal –rather than spatial– information.

Namely, approaches like the arrow of time(Wei et al., 2018) posit that low-level physics

(like the smoke rising up) and high-level events (e.g. you cannot revert breaking a

glass), produce more effective representations in downstream action classi�cation tasks.

This thesis, along with recent works (Jawed et al., 2020; Taghanaki and Etemad, 2020;

Chen et al., 2021), argues that models which anticipate and forecast the future are

more robust and generalizable. We use principles of time-aware self-supervision in

Chapters 4 and 5.

2.3.4 Transfer learning

Transfer learning is the natural application of self-supervised learning. The term

transferdescribes a set of methods towards preserving and reusing previously acquired

information, applied possibly to a slightly different domain. This stored information

can further accelerate the training of a downstreamtask with usually limited training

data. For the context of this thesis –and considering that it is a well-studied problem

with traditional methods–, we focus on transferring the weights (also known as

representationsor embeddings) of deep neural networks. Modern transfer learning uses

pre-trained networks –either supervised or self-supervised– as �xed feature extractors

in linear downstream models (e.g. logistic regression) or further �ne-tuning by freezing

the backbone architecture and retraining the last layer. This has shown remarkable

results in vision and language domains (Chen et al., 2020; Devlin et al., 2019).

More formally, given a source domain DS and learning task TS, a target domain

DT and learning task TT, the goal of transfer learning is to improve the predictive

performance of target function fT(�) in DT, leveraging the knowledge of the source

domain DS and TS, where DS 6= DT, or TS 6= TT. In the special case when the target

and source tasks are identical, it is known as transductive transfer, whereas in inductive

transfer, the target task differs from the source task, no matter if the source and target

domains are the same or not. Multi-task learning can be seen a special case of inductive

transfer, where labeled data is available in the source domain and source/target tasks
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are learnt simultaneously. We point the interested reader to this comprehensive survey

(Pan and Yang, 2009).

In this thesis, we explore transfer learning in conjunction with self-supervision in

Chapter 5 and implicitly through multi-task learning in Chapter 4.

2.4 Modeling time-series and signals

We saw that most novel models in deep learning are evaluated with either image or text

data. We will now discuss whether we should take into account speci�c considerations

when training ML models with high-dimensional signals.

In the following sections, two schools of thoughtare presented, in the context of

mobile and wearable health data. The �rst seeks for informative features that represent

time-series through inventive feature extraction, while the second is based on the

emerging power of representation learning to automatically extract features from

lightly processed time-series.

2.4.1 Traditional feature-engineering modeling

Most commonly, sensor data coming from personal devices is transformed to feature

vectorsin order to be compatible with the majority of machine learning algorithms.

A feature vector is a spreadsheet-like data structure where each row is a unique

sample and each column a different feature or variable. However, the raw readings

coming from e.g. an accelerometer are represented as multiple continuous sequences.

Consequently, the next step after the data collection is to summarizeeach sensor in

a couple or more independent variables through a sliding window operation. This

laborious task is called feature-extraction and researchers try to come up with increas-

ingly more complicated features that explain the respective label (see Fig. 2.5). For

example, the MoodExplorerstudy (Zhang et al., 2018) extracted the mean, variance,

and signal-to-noise ratios from the microphone sensor, while the EmotionSensestudy

(Servia-Rodr�́guez et al., 2017) calculated the standard deviation of the magnitude of

acceleration (
p

x2 + y2 + z2) from the three axes (x, y, z) of the accelerometer.

Depending on the size of the datasets and the computing power, computing these

features as a pre-processing step can be time-consuming as well as renders the pro-

cess multi-step. Simple statistics like the mean, median, standard deviation and

inter-quartile ranges might be easier to estimate but they may not capture informative

features of noisy signals. On the other hand, higher-order statistics and transformations

like the kurtosis, skewness, stationarity, least squares slope, autocorrelation, Fourier

transforms, and entropy, provide more expressive metrics that re�ect real-world phe-



46 CHAPTER 2. BACKGROUND

Figure 2.5: Typical feature engineering pipeline for movement sensor data . From
raw accelerometer data to appropriate �lters and summary statistics. ( ENMO: Eu-
clidean Norm Minus One, HPFVM: High-pass Filtered Vector Magnitude)

nomena like the seasonality or repeatability, but might require extensive computation

(Fulcher, 2018; Fulcher and Jones, 2014).

The �eld of signal processing and waveform analysis has proposed multiple algo-

rithms for extracting useful features from sensor timeseries. A common �rst step is

computing a signal quality index (SQI) which assesses how physiologically reasonable

a signal is (Orphanidou et al., 2014). An SQI is typically a combination of thresholds

that should be met in order to keep or discard a signal (for example, in the case of PPG

signals, check that all RR6 intervals are < 3s). We can group the techniques for extrac-

tion of a waveform signal into two categories: �lter based or feature based. Filter-based

techniques are performed in a single step and they attenuate frequency components of

the raw signal (e.g., bandpass �ltering, wavelet transforms, detrending, or resampling).

Feature-based techniques involve multiple steps and consist of extracting windowed

feature measurements (e.g., amplitude, kurtosis between peaks, or maximum upslope).

Another useful grouping is between time-domain and frequency-domain features: the

former usually operate on the raw signal and calculate peaks or zero-crossings 7 over

time, while the latter operate on the power spectrum of the signal using Fourier and

wavelet transforms, or auto-correlations for periodicity estimation. We should note

here that every application area has its own domain-speci�c features that attempt to

best leverage the underlying data. We point the interested reader to indicative papers

discussing the role of features for breathing rate estimation from PPG (Charlton et al.,

2017) and human activity recognition with accelerometers (Haresamudram et al., 2019).

After the calculation of the appropriate features, they are fed to ML models. If

static metadata exist (like demographics or personality traits), they are concatenated

with the sensor features on a large feature vector. Common classi�cation algorithms

that appear in the literature are the Logistic Regression, Random Forests, Support

6the time elapsed between two successive R-waves of the QRS signal on the electrocardiogram
7a point where the sign of a signal changes (e.g. from positive to negative)
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Vector Machines, and variants of Neural Networks. When the number of features

increases as a result of the extensive feature extraction, we might end up with sub-

optimal results: learning algorithms under-perform when the number of features

is higher than the number of samples (”the curse of dimensionality”)(Friedman et al.,

2001). As a result, we aim to reduce the number of features before training, either

through feature selection or dimensionality reduction. For example, in a study of

recognition of state changes in bipolar patients with smartphones (Gr ünerbl et al.,

2015), data is reduced using Linear Discriminant Analysis. More robust approaches

include the Principal Component Analysis (PCA), however we see cases such as this

study on stress recognition (Bogomolov et al., 2014), which avoided using it because

the transformation produces new variables that are dif�cult to interpret. The trade-off

of interpretability and feature representation is an important open problem in this

area, which is particularly exacerbated by the dominance of neural networks.

Most notably, and reiterating on the curse-of-dimensionality argument, the main

bottleneck of using either more sophisticated models or features, is the risk of over�t-

ting. Especially when dealing with human-generated data, over�tting refers to models

which memorize exactly a particular set of data, but fail to generalize to a different

population. As mentioned in previous sections, many studies conducted in the area

of mobile health, included small numbers of participants. For example, some mile-

stone studies using mobile sensors to track mood, sleep or other behavioral outcomes,

analysed data from around 10 to 50 participants (Lane et al., 2011; LiKamWa et al.,

2013; Wang et al., 2014). Based on each study's setup, the required granularity, and the

duration of the tracking, each participant might contribute some tens or hundreds of

data-windows. It goes without saying then that only the simplest models and features

can be effective in this low data regime. In this thesis, we extensively discuss the

trade-offs of feature engineering and more automated approaches for longitudinal

sensor data, as well as limitations of encoding domain knowledge when processing

raw data.

2.4.2 Raw sensor time-series modeling

The state of the mobile sensing–ubiquitous computing research community until

recently used to resemble the computer vision community (then image processing)

around 10 years ago. Due to the inability of algorithms back then to work directly on

the raw pixels of an image (raw sensors in our case), researchers published inventive

methods that were called feature descriptors. Seminal papers of that time like the Scale

Invariant Feature Transform(SIFT) (Lowe, 2004), orthe Histogram of Oriented Gradients

(HOG) (Dalal and Triggs, 2005), are handcrafted algorithms that extract interest points
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from an image based on geometry8. The turning point was in 2012 when the Imagenet

study (Krizhevsky et al., 2012) showed that better results are possible with deep

learning that does not need all these extra hand-crafted features.

The Imagenet momentin mobile sensing has yet to come because of various reasons.

Datasets are not as big as to be fully exploited with deep learning, as well as there are

no big benchmark datasets that are systematically evaluated through yearly competi-

tions. Also, unlike object recognition, there is not oneestablished task; we see many

overlapping but different areas covering mood, stress, schizophrenia, bipolar disorders,

sleep patterns, social interactions or depression, to name a few.

However, this plethora of tasks is achieved with a small number of sensors that

reside in mobile phones or wearables (motion, ECG, etc), which can be modeled

with light pre-processing in a similar manner with recurrent or convolutional neural

networks. The �eld of human activity recognition embraced these methods early

due to the availability of limited but standardized benchmark datasets and showed

state-of-the-art results (Hammerla et al., 2016). This quickly spread to other tasks such

as in mental-wellbeing modeling (Cao et al., 2017), and a more uni�ed architecture was

presented in DeepSense(Yao et al., 2017). This architecture integrated convolutional

and recurrent layers and showed the ef�cacy of CNNs to learn local patterns, and

RNNs to learn temporal properties. They demonstrated that the same architecture

can generalize to various domains: car tracking with motion sensors, human activity

recognition, and user identi�cation with biometric motion analysis.

In the past three years, the literature has converged to the use of 1D CNNs

(and sometimes a combination of CNNs and RNNs), when processing large datasets

(Ballinger et al., 2018; Saeed et al., 2019). However, in tasks where non-standardized

or smaller datasets are employed, researchers still use traditional features and linear

models (Schubert et al., 2020). It is then obvious that we need better methods for ”small

data”. As discussed earlier, the focus seems to have shifted to better training paradigms

which exploit unlabeled data in a more ef�cient manner. In 2021, we would argue that

the �eld of mobile and wearable health can skip the Imagenet momentaltogether and

strive for achieving its BERT moment(Devlin et al., 2019). Just as Imagenet showed

that deep learning works in supervised setups, BERT showed that simple pre-training

(�ll the gaps) on massive cheaply-sourced unlabeled data produces models which can

transfer effectively.

This thesis takes a pragmatic approach with regards to deep learning and feature

engineering. In the next chapter, we see that sometimes careful feature engineering

8It is noteworthy – and somehow ironic –, that the vision community is now using similar transfor-
mations as targets in self-supervised pre-training tasks. We might have come full circle in that instead
of inventing features, we now do so with tasks, although it highlights that the same operations capture
very fundamental information.
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achieves results on par with deep learning, especially when it comes to modeling

very long time-frames of �ne-grained signals. Last, we argue that, beyond accuracy,

deep learning is particularly useful for its internal representations and the re-usability

thereof in other transfer tasks.

2.5 Relating to planned work

Having reviewed the state of the art in the area of ML for mobile health with a fo-

cus on mental and physical well-being, we will now discuss how the next chapters

improve upon existing works. We acknowledge that the building blocks of machine

learning such as neural network layers (CNNs or RNNs for example) have become

commoditised and can be used in various con�gurations to create ”novel” architec-

tures. However, our focus has been on targeted approaches which best leverage large

retrospective behavioral data, such as new loss functions that are inspired by the data

generation distribution (see Chapter 5), or ways to visualize neural activations towards

understanding the temporal dynamics of the underlying data (see Chapter 4).

Regarding mental health, we present results on a global dataset of mood reports

associated with passive sensing data, orders of magnitude larger than other studies

(LiKamWa et al., 2013; Lane et al., 2011; Taylor et al., 2017). Also, given the imprac-

ticability of obtaining clinical labels — such as depression (Suhara et al., 2017; Shah

et al., 2021) — in this scale, we focused on mood prediction whose instability is a

predictor of poor mental health. Chapter 3 proposed a methodology which combines

clustering historical mood trajectories with classi�cation models that operate on these

clusters. A conceptually similar methodology follows a cluster-then-classify approach

on a smaller sample (Taylor et al., 2017), although their goal is to provide personalized

predictions to these clusters. Our work provides insights in terms of evaluating the

impact of adding sensor data to personality metadata through ablation studies, as

well as providing actionable recommendations on handling sparse smartphone sensor

data. Chapter 4 proposed an encoder-decoder multi-task model for mood forecasting,

which to the best of our knowledge has not been investigated before. Mood forecasting

was the subject of other studies (Suhara et al., 2017), however they focused on using

multiple mobile sensor data for this task. Our aim is to understand the interplay of

the two dimensions of mood through multi-task learning and investigate the learned

temporal dynamics of mood as well as how they relate to personality or external

factors.

For the second half of the thesis which is related to physical health, we present

results on a retrospective dataset of high-frequency free-living physical activity sensor

data and lab-measured clinical outcomes. Chapter 5 proposed a model that — by
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mapping activity to future heart rate — learns a meaningful representation that can be

used as features in many downstream tasks. Many studies have focused on unimodal

unsupervised learning on either activity or ECG data (Saeed et al., 2019; Tang et al.,

2021; Sarkar and Etemad, 2019), however our work was one of the �rst ones proposing a

multi-modal pre-training task. Our work is conceptually similar to (Hallgr �́msson et al.,

2018), with the main difference of this approach being the requirement of a historical

input of one month of data, as well as the application to more coarse-grained data

than ours. On the other hand, our approach provides ablation tests and experiments

with a wider range of transfer learning outcomes. It is also noteworthy that ideas from

our model are incorporated in a recently published paper proposing a self-supervised

model for forecasting adverse surgical events (Chen et al., 2021). In Chapter 6, we

develop models which can predict the gold standard of cardio-respiratory �tness

using completely free-living wearable data along with demographics. Once again,

the difference to other studies is in the scale and validation methods. While recently

published studies used 50 (Eades et al., 2021), 46 (Altini et al., 2016), 37 (Bonomi

et al., 2020), and 191 patients (Kwon et al., 2019), we leverage a cohort of over 11, 000

participants with a large sample of over 2, 000 people repeating the protocol almost a

decade later. This allows us to train robust models which can potentially generalise

to the population level. Also, we are able to investigate hypotheses pertaining to

fundamental challenges in machine learning such as distribution shifts, by applying

the same models to the longitudinal cohort.

Last, we should note that the publications arising from the chapters of this thesis

have already been cited by other researchers more than 30 times, with multiple studies

building on top of our work.



Chapter 3

Multimodal mobile sensing

for mood prediction

To ìlon eÐnai megalÔtero apì to ˆjroisma twn mer¸n tou1

–Aristotle

3.1 Introduction

In this chapter, we present a training pipeline for population-scale mobile sensor data

towards more accurate mood clustering and prediction. These results motivate the

complimentary use of different modalities through multimodal learning, which is

further studied in Chapters 5 and 6.

Experience sampling has long been the established method to sample people's

mood in order to assess their mental state. Smartphones start to be used as experi-

ence sampling tools for mental health state as they usually accompany individuals

throughout their day and can therefore gather in-the-moment data. However, the

granularity of the data needs to be balanced with the level of user inconvenience that

these tools introduce. Interrupting users during their daily lives at a high frequency

and with the same purpose is seen as a high burden by many users (Mehrotra et al.,

2015), as it is evidenced by the high dropout rates reported in these applications.

Indeed, according to recent statistics, more than two thirds of people who download

a mobile health app used it only once (Lee et al., 2018). As a consequence, the data

collected with this technique is often sparse. This has been obviated by the use of

passive sensing in addition to mood reports; however, this adds additional noise. In

this chapter, we show that psychological traits collected through one-off questionnaires

combined with passively collected sensing data (movement from the accelerometer

1The whole is greater than the sum of its parts.

51
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and noise levels from the microphone) can be used to detect individuals whose general

mood deviates from the common relaxedcharacteristic of the general population. By

using the reported mood as a classi�cation target, we show how to design models that

depend only on passive sensors and one-off questionnaires, which do not entail the

user inconvenience associated with experience sampling. We validate our approach by

using a large dataset of mood reports and passive sensing data collected in the wild

with tens of thousands of participants, �nding that the combination of these modalities

achieves the best classi�cation performance, and that passive sensing yields a +5%

boost in accuracy. We also show that sensor data collected for a week performs better

than single days for this task. We discuss feature extraction techniques and appropriate

classi�ers for this kind of multimodal data, as well as the over�tting shortcomings

of using deep learning to handle static and dynamic features. These �ndings have

implications for mobile health applications, that can bene�t from the correct modeling

of passive sensing along with additional user metadata.

A summary of the contributions of this chapter is as follows:

• We conducted an extensive data exploration of the self-reported moods provided

by 17, 251 of the users of an experience-sampling based smartphone application,

with the aim of identifying the most common reporting behavior in order to

characterize mentally healthyindividuals in the context of our research. Our

�ndings showed that the majority of the population in our dataset reported –on

average– a relaxed feeling (bottom-right side of the affect grid, Fig. 3.1a), which

is in line with previous research (Russell et al., 1989).

• We provide a supervised learning methodology to detect individuals whose

general mood deviates from the common relaxedmood distinctive among mentally

healthy individuals (Russell et al., 1989). Our methodology does not involve any

kind of cumbersome experience sampling, but only uses one-off questionnaires

(demographics, personality, etc.) as well as sparse and noisy passive sensing

data collected with the accelerometer and microphone sensors of individuals'

smartphones.

• We performed an extensive evaluation of our methodology using a large scale

dataset collected in the wild. Our results showed that the combination of one-off

questionnaires and passive sensing data gives the best performance in mood

prediction. Indeed, by adding passive sensing data we achieved a +5% in accuracy

(75% in absolute) with respect to only using questionnaires.

These �ndings have the potential to inform future developers of mobile health

applications as well as psychologists on how to how to most effectively use one-off
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(a) Heatmap of valence and arousal. (b) Distribution of valence and arousal.

Figure 3.1: Aggregate 735.778 self-reported mood scores in the EmotionSense
dataset collected from 17.251 users. Most users report neutral (around 0.5,0.5) and
calm-happy (bottom-right quadrant) mood on the affect grid (a). The two multimodal
distributions (Pearson's r=-0.23, p < 0.001) of the mood (b).

questionnaires and passive sensing data for the early detection of symptoms of mental

disorders at scale.

3.2 Problem formulation

A machine learning model that combines passive sensor signals with tradi-

tional user-level metadata should be more accurate in predicting mental health

outcomes (mood differences).

Hypothesis

Mobile health applications, aimed at assisting users with their mental health to

prevent clinical intervention outcomes should minimize the burden to the user so

as to increase adherence and satisfaction with the app. Instead of the timely and

continuous collection of mood self-reports, psychological traits obtained through one-

off questionnaires, as well as passive sensing data, should be preferred in order to

design effective and useful applications. Our aim in the rest of this chapter is to

investigate how psychological traits and passive sensing data can be used to detect

individuals who might not feel mentally well, i.e., users who have been reported

moods that deviate from the general reports of the population.

To do so, we �rst conduct an exploratory analysis of the mood reports provided by

more than 17,000 individuals for a period of more than 3 years, in order to identify

the most common set of mental states (moods) reported by any of these individuals

(Section 3.3.1). Given the scale and the real-world context of the data collection, we

believe our results are general enough to be representative of the whole population.
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Figure 3.2: Screens of the mood tracking application . Users could report their mood
in an affect grid, as well as complete personality-related and other questionnaires.

We then use these �ndings as the ground truth to validate our machine learning

methodology and identify individuals whose record of reported moods deviates

from that of the majority, by using only one-off questionnaires and passive sensing

data (Section 3.3.2). We provide further details of the data used in our analysis and

experiments in the rest of this section.

3.2.1 Data modalities

Experience sampling. Figure 3.1 shows the aggregate of mood self-reports for all

users of the application, where the bottom-right quadrant, corresponding to relaxed

mood, is the most densely populated, a result that matches previous studies in the

area (Russell et al., 1989). Due to the real-world context of the data collection, users

did not always report their mood even if they were prompted to do so, which might

be consequence of the burden that experience sampling brings to the users. Figure 3.3

shows in more detail the CCDF of moods reported per participant, included the reports

they were expectedto do given the time they were using the app, the reports they were

prompted to do but did not give (missed), and those that they actually did give. The

results show that alternatives to experience sampling are required to design effective,

long-term, mobile health applications for mental health. As we will show later, by

using the reported mood as a classi�cation target we can design systems that depend

only on passive sensors and one-off surveys.
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Figure 3.3: Complementary cumulative distribution function of the mood reported
by users during the time they were using the application . This includes (i) the self-
reports actually done ( done), (ii) those that users were prompted to report but they did
not do so (missed) and (iii) the sum of both ( expected).

One-off questionnaires. Previous research has found a link between self reported

mood and personality traits such as emotional stability (Ching et al., 2014; Geukes

et al., 2017). However, to the best of our knowledge, it is not clear yet how to utilise

personality, and other psychological traits, to detect potentially mentally unhealthy

individuals. In the EmotionSensedataset, a subset of the users (12, 106, 70% of total)

completed some one-off surveys providing information regarding their demographics,

personality, gratitude, health, sociability, job satisfaction, life aspirations, connectedness,

and satisfaction with life.

Passive sensing data. Data collected through the built-in accelerometer sensor of

our smartphones provide valuable insights into our activity level throughout the day.

At the same time, previous research has demonstrated the link between activity level

and happiness (Lathia et al., 2017; Servia-Rodŕ�guez et al., 2017). We hypothesize

that our activity level throughout the day has a high impact on how we feel on that

day and therefore we use this data in our experiments. In the EmotionSensedataset,

accelerometer samples consist of[x, y, z](m/ s2) axes data for periods of 5, 8 or 10

seconds, collected at different intervals throughout the day depending on the version

of the application. Microphone samples, on the other hand, provide insights into the

noise level in the user's environment. As with activity, we hypothesize that how we

feel (our mood) in�uences/is in�uenced by the kind of places or environments we

visit and the level of noise in these spaces. Therefore we use this in our experiments.

To preserve privacy, the EmotionSenseapplication only recorded the amplitude level of

noise at 20Hz (the lower limit of human's audible spectrum) for periods of 5, 8, and

10 seconds at different intervals throughout the day depending on the version of the
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Figure 3.4: Hierarchical clustering of the users (y-axis, only some user IDs are visible)
and features (x-axis) extracted from their historical mood ( x=valence, y=arousal). The
colorbar represents the actual value of the feature.

application.

Varying amounts of data is available for each of the sensors and self reports, mainly

due to the uncontrolled methodology for participant recruitment. Also, the in the wild

nature of the data collection makes the available data noisy and sparse, which adds to

the challenge. We present more detail on how we dealt with the noise and sparseness,

as well as on the number of participants and days of sensed and self-reported data

used for each analysis, in Sections 3.3.1 and 3.3.2.

3.3 Method

3.3.1 Clustering historical trajectories

The main goal of our research is to investigate whether psychological traits and passive

sensing data can be used to identify users whose set of mood reports deviates from

those of the general population, which might be indicative of some mental condition.

Fig 3.1 shows a visualization of the aggregation of self-reports provided by users in the

EmotionSensedataset, where the most common mood reported is in the bottom-right

side of the affect grid, corresponding to the relaxedmental state. However, it is not

clear how to split the affect grid into bins or classes. We propose not to hard code any

thresholds and potentially induce biases in our labels, but instead to rely on clustering

techniques in order to make labels naturally emerge from the data. The rest of this

section describes in detail the methodology to label users into relaxed/non- relaxedin
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(a) (b) (c)

Figure 3.5: Clustering the historical mood trajectories . Grouping in 2, 3, and 4
clusters: (a,b,c) Affect grid plot of the mean valence and arousal of the clustered users
(every dot is a user). The clusters of the �rst plot (a) are used as prediction labels for
the subsequent classi�cation task.

the EmotionSensedataset.

Feature extraction. A mood self-report in the affect grid is described by means of

two coordinates: the x-coordinate that indicates the feeling in terms of its positive and

negative affect, and the y-coordinate indicates the intensity of alertness. The history

of mood-reports of an individual consists of time-series trajectories of [x,y] tuples

recorded over time in the affect grid. Also, the in-the-wild setup is re�ected on that (i)

the number of self-reports reported by different individuals might be different, and

(ii) that for a given individual, the reported moods might not be consecutive (as a

consequence of users missing reports). In order to cope with this variability and obtain

independent features to allow clustering algorithms to learn representative clusters,

we extract eight simple features for each axis or coordinate, namely counts, mean, std,

min, max and quantiles(25%, 50%, 75%), resulting in 16 �nal features for every user.

Missing values are replaced with zeros and minmax[0,1] normalization is applied to

the �nal features column-wise. Due to the sparsity of the mood and the power law

distribution of the counts, these two count features that measure non-missed reports

are affected the most by the normalization, concentrating all their mass close to zero.

Clustering . We then apply a clustering algorithm to produce mutually exclusive

clusters (k-means(MacQueen et al., 1967)). In order to come up with the optimal

number of clusters, we apply the Elbow method (Thorndike, 1953) where we increase

the number of clusters and observe the drop of the evaluation metric. Here, we use

the silhouette metric (Rousseeuw, 1987) which measures how similar a sample is to

its own cluster in comparison with other clusters. Other clustering algorithms might

also be used. In fact, techniques such ashierarchical (agglomerative) clustering(Kundaje


	Introduction
	Motivation
	Limitations of traditional mental and physical health monitoring
	Challenges in multi-sensory machine learning
	Thesis and substantiation
	Contributions and chapter outline
	List of publications

	Background
	Machine learning for mobile health
	Deep neural networks
	Training paradigms
	Modeling time-series and signals
	Relating to planned work

	Multimodal mobile sensing for mood prediction
	Introduction
	Problem formulation
	Method
	Evaluation
	Results
	Discussion
	Conclusion

	Sequence multi-task learning for mood forecasting
	Introduction
	Problem formulation
	Method
	Evaluation
	Results
	Discussion
	Conclusion

	Self-supervised learning for wearable data
	Introduction
	Method
	Evaluation
	Results
	Discussion
	Conclusion

	Longitudinal fitness prediction with wearables
	Introduction
	Method
	Results
	Discussion
	Conclusion

	Conclusion
	Summary of contributions
	Implications and limitations
	Future research directions

	Bibliography
	Extra information
	Hyperparameters
	Feature list


