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Abstract

From Labs to Real-World: Developing Smartphone-Based
Methodologies for Enhanced Phenotyping of Human Decision-Making
in Clinical Settings

Lili Zhang

The application of computational approaches in behavioral and cognitive science
has advanced our understanding of the biological mechanisms involved in learning and
decision-making. However, these advances have not been effectively translated into clinical
applications, partly due to the limitations of small-scale, lab-based experiments in capturing
the complexity of the brain and its interaction with the environment. The widespread use
of smartphones presents an opportunity to overcome the limitations of these lab-based
experiments. This thesis aims to develop and validate smartphone-based methodologies
that can provide richer data sets and larger samples for studying human decision-making
and facilitating clinical translation. Several case studies were conducted to demonstrate
the feasibility of these methodologies.

The first step involved moving experimental settings from laboratories to naturalistic
settings using lab-in-the-field methodology. Two case studies were conducted: one involv-
ing individuals with chronic pain and another involving patients with Parkinson’s Disease.
These studies revealed correspondences between altered decision-making performance and
clinical variables of interest, showcasing the potential of testing decision-making pheno-
types outside the laboratory. To capture momentary phenotypes in different contexts and
time points, the Ecological Momentary Assessment (EMA) methodology was employed.
A proof-of-concept EMA study assessed momentary tinnitus experience and its impact
on decision-making using a mobile app, demonstrating the possibility of dense sampling
of human decision-making in the daily contexts. Ethical and legal constraints on large-
scale human phenotyping were also addressed. The feasibility of training computational
models of decision-making using distributed learning strategies was examined using a
"many-labs" data pool. Federated Learning offered an alternative when large-scale private
data collection using smartphones is restricted.

In summary, this thesis explored smartphone-based methodologies to develop robust
neurocognitive models of mental health conditions, implemented through various be-
havioral and cognitive studies. These methodologies have the potential to complement
traditional lab-based experiments, significantly enhancing our understanding of cognitive
mechanisms and expediting clinical translation.
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Chapter 1

Introduction

1.1 Overview

One of the brain’s most fundamental abilities, which is also critical to the success of human
beings and other species, is to learn and make adaptive decision-making to exploit the
environment for resources and avoid harm [1]. Whether as a professional in a business or in
our private personal life, we routinely make series of decisions from choosing which restau-
rant to have lunch at to deciding how much production capacity installation is required to
meet the demand in business, with each decision depending on previous feedback from
a potentially changing environment. Decision-making has been investigated by multiple
disciplines, from economics [2], to psychology [3], to neuroscience [4], [5], to computer
science [6]. The application impact of these studies is of enormous importance since
decision-making processes are transversal to multiple and various contexts, including, for
example, the medical, political-economic, organizational, and business fields. Particularly,
many mental disorders are associated with aberrant learning and decisions. The improve-
ments in understanding the neural underpinnings of decision-making has the potential to
revolutionize the diagnosis and treatment for various neurological and psychiatric disorders
[71-[12].

From a cognitive science perspective, decision-making is a cognitive process based
on a series of basic cognitive processes like perception, attention, and memory, which

involves the accumulation of evidence associated with the utilities of possible options
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and then the choice of one of them given the evidence [13]. The most conventional
decision-making research in psychology and cognitive science generally begins with
developing a theory or hypothesis about what should happen in pre-defined experimental
paradigms given to the subjects under highly controlled laboratory conditions, away from
realistic settings [14], [15]. The behavioral paradigms are designed to mimic the cognitive
operation in the real world. Economic and Reinforcement Learning (RL) theories have
been widely applied to formalize the computations taking place in the brain in these
simulated scenarios. The computational parameters extracted from such theory-driven
models have been utilized as a promising phenotyping tool for humans. Additionally, these
parameters can be used to simulate time series of latent cognitive process, which can be
linked to neural activities. Data-driven Machine Learning (ML) models have also been
utilized to characterise the decision-making process, improve classification of disease and
predict treatment outcomes. The continuing and rapid development of these computational
approaches holds great promise for understanding the mechanisms of cognitive process and

what leads to maladaptive forms of learning and decision-making in clinical population.

While findings in these lab-based studies have significantly advanced our knowledge
about how people learn about their environment and how they make decisions about the
best course of action, most of them have unfortunately not been translated into major
advances in clinical practice. Apart from the fact that behavioral and cognitive research
involves both the most complex organ, the brain, and its interaction with a similarly
complex environment, a practical problem is that results from traditional small, single sites
lab-based studies generally do not permit the generalization beyond laboratory settings to
real-world replication attempts [16]-[18]. Conducting large epidemiological-style studies
of human behavior and decision-making in the natural world can be full of challenges.
There are many extraneous variables that can influence behavior and decision-making and
make it difficult to control for all relevant factors in naturalistic settings. For example,
human abilities to process information can be easily influenced or interrupted by the
contexts they are in as well as their emotional, social, and physical states. This can limit

the internal validity of the experiment and make it difficult to draw clear conclusions about
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the effects of the independent variables since we can not guarantee that the extent to which
an experimental measure accurately and appropriately captures the construst it is intended
to measure due to these variables. Furthermore, conducting experiments in real-world
settings can be more resource-intensive than conducting lab-based experiments, as it may
require more personnel, equipment and devices, and time to set up. Last but not least,
collecting data in subjects’ daily routines and in large-scale range can raise ethical and

legal concerns, such as concerns about informed consent, privacy, and confidentiality.

As a result, the research on how different computational phenotypes manifest in natu-
ralistic settings and change over time and contexts within large samples has been relatively
limited in the literature. However, monitoring behavioral changes in daily contexts in
real time in large-scale range can provide valuable insights into characteristics of clinical
mental disorders that are generally difficult to capture in laboratory settings. It is a necessity
to further disentangle complex cognitive processes and to accelerate the translation from
basic science findings to clinical treatment. The rapid ubiquity of smartphones makes it
possible overcome many of the barrriers for measuring behaviors, clinical symptoms and
their changes with high momentary resolution in the natural world. In this thesis, we focus
on developing and investing new methodologies using smartphones for basic research so
that we can shift from traditional small, single site lab-based paradigm to broad, dense, and
repeated assessments in the field in large scale. The first step is to move the experimental
context from laboratory to the field, i.e. administering the experimental paradigms under
unsupervised and uncontrolled environments of people’s everyday experience, which is
called lab-in-the-field experiments [19]. The second step is to use Ecological Momentary
Assessment (EMA) methodology [20] to measure potential associations between momen-
tary psychological states or symptom changes and performance on decision-making in real
time on relevant moments. The implementation of these steps mainly rely on smartphones,
which allows us to collect data sets remotely with web-based or mobile-based interfaces on
subjects’ own devices. Smartphones offer a cost-effective and versatile means of scaling
up the range of populations investigated in research, thus improving the diversity and

representativeness of the sample. By leveraging smartphones, experimental paradigms and
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self-report measures can be administered to a large and diverse cohort, simultaneously and
across time. In addition to collecting active data, smartphones provide access to a rich
source of passive data, including location and accelerometer data, as well as information
on email, calendar, microphone, and camera usage. Nevertheless, they have not been
involved in this thesis due to various challenges. A persistent issue faced by us is that
collecting much larger samples that contain massive amount of personal information is
always constrained by strict legal and ethical regulations for data privacy protection. Thus,
we turn to the field of secure and privacy-preserving Al approaches for solutions to fill the

gap between personal data protection and data utilization for research.

1.2 Research Objectives

The overall objective of this thesis is to facilitate the translation of research findings in the
field of behavioral and cognitive science into clinical settings. This is achieved through
developing and validating new methodologies that can deliver on substantially richer, mul-
tivariate data sets and larger samples for research on phenotyping human decision-making
and demonstrate the versatility of using computational models to reveal characteristics
of decision-making of various populations in contexts with higher ecological validity but
mixed with more noises. This thesis investigated three methodologies leveraging the rapid
ubiquity of smartphones and state-of-the-art machine learning techniques. Specifically, it

aims to achieve the following three sub-objectives:

* It aims first, to shift the experimental settings of human decision-making studies from
laboratories to daily contexts, i.e. assessing subjects’ performance on standardized
behavioral paradigms in natural states when they are not being observed. This
methodology is referred to lab-in-the-field experiments in this thesis, although the
definition of this term was not consistent in the literature [19], [21], [22]. People
do not always behave the same way when they are in a highly controlled laboratory
environment compared to how they behave in their naturalistic settings. The utility of

lab-in-the-field in a range of experimental targets can develop knowledge of what is
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possible in this area. Importantly, the preservation of the behavioral tasks guarantees
experimental control and theoretical tractability. Validating the feasibility of moving
conventional lab-based experimental paradigms in the field is the prerequisite to
further enhance the depth of assessments, i.e. dense, repeated assessments, which

are simply too difficult to be administered using traditional methods in laboratories.

If it is feasible to move the lab-based paradigms to real-world settings, a natural
further step is to move beyond cross-sectional methods toward longitudinal methods
so that we are able to make inferences about specific individuals and to monitor
longitudinal changes across time within an individual or group during intervention or
treatment. There is a lack of within-subject longitudinal assessments of momentary
decision-making behavior in contemporary research, which may present the most
significant barrier to the generalization of the laboratory findings. Thus, the second
objective of this thesis is to capture the momentary decision-making phenotypes in
various contexts and time points, as well as the interaction and confounding variables
within the same individual using. EMA [20], as a new method of data collection
designed for assessing and tracking people’s thoughts, feelings, or behaviors in real

time, is suitable for addressing this issue.

If it is feasible to repeatedly smaple subjects’ decision-making and their psycho-
logical states in real time in real world settings, the next step is to extend the range
of investigated population. Traditional laboratory experiments often involve young
and educated samples [23] and the sample size is generally small, which has been
criticized for lacking representativeness. Large-scale phenotyping of human decision-
making is an important step to test the extent to which our models generalize and
account for diversity in populations. Although smartphone-based data collection can
greatly reduce the barriers of large-scale research, in practice, there are ethical and
legal restrictions on data privacy and protection, which can make it extremely com-
plicated and challenging to collect data that contains sensitive personal information
in large-scale range. An alternative way to increase data size and diversity is via

laboratory collaboration and data sharing. However, this is not easy either, especially

5



1.3 Research Questions

when involving larger number of laboratories from different legal jurisdictions, due
to privacy, ethical, and data regulation barriers [24]. Thus, the third objective of this
thesis is to find a solution to overcome the ethical and legal limitations on large-scale

human phenotyping.

1.3 Research Questions

The research questions addressed in this thesis arise from the aforementioned objectives.
In addition, the thesis adopts a “Bring Your Own Device” (BYOD) paradigm increasingly
common in clinical trials with electronic Patient Reported Outcomes (ePRO) requirements
[25]. The thesis extends the BYOD approach to human decision-making experimental
paradigms along with a methodological flexibility which supports participants responding
at their own pace in their daily situation. The popularity of smartphones makes it much
easier to implement such a type of experimental design. The method of collecting data
with smartphones has yielded significant findings in various fields [26]-[28]. However,
the research on the adoption of smartphones to sample computational phenotypes of
decision-making is limited.

Two web-based decision-making paradigms that have been widely used for comparing
characteristics of decision-making across groups in laboratory experiments were developed.
The web-based attribute enables us to deliver the laboratory experimental paradigms via
widely accessible URLSs in daily environments. In order to allow subjects to report repeat-
edly on their experiences across real-time contexts, a mobile application called AthenaCX
was used. AthenaCX is a platform for rapid design, configuration and deployment of
mobile EMA and interventions. It is adopted to develop context-sensitive decision-making
experiments, i.e. as the URL to the web-based paradigm can be easily embedded into
AthenaCX so that it is convenient to trigger the decision-making paradigms based on the
fluctuations of the subjective well-beings or objective context variables (via data from
wearable sensors) using AthenaCX. For instance, administer assessments in natural settings
at regular intervals or in response to state changes. The development of these interfaces

facilitated the implementation of the lab-in-the-field and EMA methodologies. A further
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step towards clinical translation is to conduct large-scale phenotyping, which is often
hindered by the ethical and legal regulations of large-scale data collection. This problem
might be addressed by the rapid development of secure and privacy-preserving distributed
training strategies, which makes it possible to fit the model without extracting data from
subjects’ devices.

Four case studies are conducted in this thesis to prove the feasibility of implementing
such methodologies that may facilitate the clinical translation of basic decision-making
research. Given the objectives and research context we can now state the research questions

of this thesis which are:

1. Are we able to preserve the efficacy of the computational phenotypes to distin-
guish the decision-making strategies of various populations when shifting the

research settings from laboratories to real-world contexts?

This research question explores if it is feasible to administer the web-based be-
havioral paradigms and cognitive tests without supervision and if the additional
noise and potential confounds introduced because of the unsupervised experimental
setting undermines the efficiency of the experimental paradigms. This is validated by
two lab-in-the-field experiments implemented with smartphones involving various
participant populations. Through these case studies, we would like to examine if we
are able to collect adequate data sufficiently complete to facilitate modelling (e.g.
unpaid participants are more likely to quit tasks that they do not enjoy when they are
unsupervised); if the engagement of the participants is good enough; and if we are

able to reveal plausible relationships between the variables of interest.

2. Is it feasible to repeatedly sample human decision-making at various occasions
based on their subjective feelings and psychological states? If it does prove
feasible then we can ask if the computational phenotypes of decision-making
captured are static traits of an individual or fluctuate with the dynamic mo-
mentary symptoms or subjective well-being? Is it possible to identify the causal
relationship between changes in symptom fluctuations and decision-making

performance?
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Measuring momentary decision-making phenotypes is not easy. There needs to be
a trade-off between the length or duration of an assessment and the frequency at
which it can be administered. The behavioral paradigms generally involve hundreds
of trials, requiring more than ten or twenty minutes of focus to complete. The long
duration of testing can cause participants to tire of the assessments, which could
decrease the accuracy of responses and compliance, thereby increasing attrition. As a
result, researchers have rarely incorporated the behavioral paradigms in longitudinal-
based designs, especially when the tasks are administered multiple times in the
wild without any supervision. However, humans are constantly influenced by their
immediate context and their own physical and mental status, which are very likely to
lead to changes in decision-making performance. A cross-sectional study that aims to
identify group differences is not capable of detecting the intra-individual variations.
We argue that it is worth going beyond cross-sectional designs toward longitudinal
designs to understand the variation in the decision-making behavior. Thus, we will
conduct a case study to examine the feasibility of such experimental design and try

to link the momentary phenotypes to real-time symptom and well-being variables.

3. Is it feasible and reliable to fit computational models of human decision-making
using the distributed training technique to overcome the barriers for formulat-
ing large sample size? Could the distributed training strategy achieve equivalent

efficiency in comparison with the traditional centralized training approach?

This research question aims to examine the feasibility and efficiency of applying
distributed learning techniques from the machine learning field to fit models without
access to all data. This alternative model fitting approach will be beneficial to
overcoming the difficulties which can occur in the process of expanding the size
and diversity of the research populations. The answer to this question is particularly
interesting given that it is attractive to use passive data generated by the smartphones
to create complementary digital phenotypes of decision-making, but it is tricky to
collect such data due to the involvement of massive amount of sensitive personal

information contained in practice. Distributed learning is a promising method




1.4 Organization of the Thesis

for overcoming the ethical and data privacy barriers for large-scale phenotyping
of human behavior because the final model has access to personal data from all
participants. We would like to examine if the distributed learning strategies can

achieve comparable performance as the traditional centralized data pooling approach.

1.4 Organization of the Thesis
The organization of this thesis is as follows:

» Chapter 2 introduces the concepts of lab-in-the-field experiments and EMA method-
ologies adopted in this thesis. Theoretical models of decision-making are also

reviewed in this chapter.

* Chapter 3 describes the applications implemented for collecting data in more
ecologically valid settings and the framework of the computational phenotyping

process, which is the main method of data analysis in the following case studies.

* Chapter 4 involves a case study that implemented the lab-in-the-field experiment
methodology aiming to quantify decision-making differences between chronic pain

individuals and healthy controls outside the laboratory with a cross-sectional design.

* Chapter 5 is another lab-in-the-field study. This case study was designed to reveal
if the non-motor symptoms of Parkinson’s Disease are associated with impaired

adaptation of learning to contingency volatility in the decision-making process.

* Chapter 6 conducts a pilot EMA study aiming to explore if the computational
phenotypes of decision-making are traits of an individual or fluctuate with the

momentary physical distress, e.g. tinnitus.

* Chapter 7 examines if it is possible to train a large-scale model of human decision-
making without accessing to the raw data directly. Several distributed training
approaches designed for privacy preservation were compared to the traditional

centralized learning approach.
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» Chapter 8 concludes the thesis. Future directions are also discussed with respect to

the different research areas.
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Chapter 2

Methodology and Theoretical

Foundations

This chapter delineates the definitions of the two methodologies, i.e. lab-in-the-field experi-
ments and ecological momentary assessment, adopted for collecting granular, multivariate,
and high-frequency data on behavioral phenotypes and clinical symptoms in real world
contexts. The lab-in-the-field methodology emphases the importance of examining the effi-
ciency and reliability of the computational phenotypes of decision-making in naturalistic
instead of laboratory contexts. The EMA methodology aims to capture the variations of
decision-making across time and situations. Given that the implementation of the two
methodologies is technologically intensive, we explained the rationale and benefits of
implementing the two methodologies on smartphones. We also present a comprehensive
review of the economic theories of choice and reinforcement learning models used to build
the foundations for understanding the cognitive process of the choice behavior. The recent
development on applying Deep Learning (DL) models to understand cognitive process of

decision-making is also introduced in the review.
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2.1 Methodology 1: Lab-in-the-field Experiments

2.1.1 Decision-making Paradigms

In the past several decades, laboratory experiments have been the most frequently applied
experimental pattern in the fields of social, behavioral and brain science that aims to
provide an explanation for why human behaviors exhibit systematic patterns [29]. The
cognitive process of decision-making, which is fundamental to all human behavior, has
also been studied extensively in laboratories. Because laboratory research tends to focus on
narrow problems, researchers make a set of assumptions about how people make decisions
that are then embedded in the standard paradigms. A diverse repertoire of standardized and
validated decision-making paradigms have been developed. Participants in such paradigms
are generally required to choose from a set of options in a specific small-scale simulated
situation in which the related variables are manipulated. The feature of manipulation of
variables enables the researchers to establish cause and effect relationships. Although these
artificial paradigms provide an oversimplified model of social situations, they allow for
specific adaptation to more closely mirror real-life interactions, for example by having the
participants earn their endowment through exerting effort or by having them interact with
acquainted others. Importantly, the application of computational models (which will be
introduced in the last section of this chapter) to the decision-making paradigms presents a
promising new approach for inferring the underlying mechanisms which generate observed
behaviors. The parameters derived from computational models constitutes a phenotype
that can be used to represent the characteristics of an individual’s cognitive mechanisms
[30]. Thus, the decision-making paradigms have become effective tools for objectively
measuring cognitive processes and the neural basis underlying behaviors in humans and

animals, especially in the field of clinical psychology [7], [8], [11].

2.1.2 Laboratory Experiments

Administered in laboratory environments, the factors orthogonal to the theoretical problem

being studied in the simulated paradigms such as context and background are all removed
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so that the experimenter can ensure appropriate measurement of treatment or manipu-
lation effects and eliminate potential confounds from the study. The laboratory setting
offers several important benefits relative to other methodologies when studying human
behavior. Since laboratory participants are randomly assigned to different conditions in a
controlled setting with little noise, researchers can more accurately measure the effects
of the manipulated independent variables on participants’ subsequent decisions. This in
turn makes it possible to establish cause and effect relationships between variables. The
controlled environment also means it is easy to replicate the exact environmental conditions
of the original experiment. The artificial environment created in the laboratory is so far
from real-life that the results gained from such experiments tell us very little about how
respondents would actually act in real life [16]. It is difficult to generalize the conclusions

from laboratory settings to complex situations in the real world.

2.1.3 Lab-in-the-field Experiments

Field experiments, which are conducted in naturalistic environments typically without
deliberate experimental manipulation of the independent variable and without participants’
knowledge, are perhaps the most effective way for achieving the highest ecological validity
both in terms of the representation of the stimuli and the research context. However,
the gain in the realism of natural experiments is obtained at the expense of the stimuli
occurring without restrictions or control of the environment [21], [31], making it hard to
replicate the results and make direct comparisons to other environments and populations.
As an intermediate approach, lab-in-the-field experiments combines elements of both lab
and field experiments, providing researchers with a tool that has the benefits of both, while
minimizing the respective costs [19].

Specifically, lab-in-the-field experiments refer to studies conducted in a naturalistic
environment targeting the theoretically relevant population but using a standardized, vali-
dated experimental paradigm [19]. This experimental method is adopted throughout this
thesis to maintain experimental control and theoretical tractability. On the one hand, lab-in-

the-field experiments are conducted in naturalistic settings as field experiments, capturing
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behavioral features in the real world, which is particularly valuable since people generally
demonstrate more complex, heterogeneous behaviors while they are not supervised. On the
other hand, unlike field experiments, which are often limited by real-world circumstances
thus the results are difficult to be replicated, lab-in-the-field experiments target the relevant
population and setting, which increases the applicability of the results. Additionally, the
preservation of the standardized paradigm element in the lab-in-the-field experiments
permits us to maintain relative tight control, while allowing for direct comparisons across

contexts and populations.

2.2 Methodology 2: EMA

EMA is arange of research methods that use monitoring or sampling strategies to repeatedly
assess people’s emotions, behaviors and experiences at the moment as they occur in
natural settings [20]. The collection and assessment of the real-time data about when
and under what circumstances an action takes place is of significant importance for
revealing the behavioral patterns in real life. The EMA approach overcomes several
longstanding problems in behavioral assessment. Firstly, EMA approaches focus on
assessing phenomena on a momentary basis. This is often more accurate than conventional
methods that require people to recall their behavior or feelings over long periods later,
thus causing retrospective biases [32]. The moments can be strategically selected for
assessment, whether based on particular features of interest, by random sampling, or by
other sampling schemes. The vast majority of the research in decision-making studies is
cross-sectional that is only capable of capturing variability between individuals. EMA
studies are naturally in a longitudinal design, in which subjects are required to complete
multiple assessments, providing a picture of how their experiences and behavior vary over
time and across situations. The repeated measurements represent the dynamic nature of
the psychological processes of a single individual, which are essential for developing and
testing causal models of human behavior.

The EMA methodology is overlapped with the lab-in-the-field experiments method-

ology to some extent. The lab-in-the-field methodology is mainly used to move the
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experimental context outside the lab and they generally indicates a cross-sectional design
in this thesis. EMA methodology places emphasis on sampling subjects’ behavior and feel-
ings repeatedly at relevant moments in a longitudinal design, allowing us to test possible
links between brain and changes in symptoms over time. Until recently the measure-
ments in EMA were mainly restricted to self-reported data, however, their application via
smartphones has broadened the assessments to include data collected from their integrated
sensors or paired wearables. Decision-making paradigms seldom occur in EMA-based
studies to the best knowledge of the author, but they are incorporated in the EMA study of
this thesis to detect the fluctuation of the cognitive functioning. To this end, the essence of
EMA methodology in this thesis is in fact an extension of lab-in-the-field experiments, i.e.
administering the lab-in-the-field experiments multiple times according to the variations
psychological status and contexts. This kind of experimental design enables us to capture
the potential sources of within-person variation in terms of the cognitive processes across

time.

2.3 Methodology Implementation

Both methodologies, especially the EMA methodology are technologically intensive.
There are many ways to implement the behavioral paradigms and sampling schemes. The
exponentially increasing use of smartphones presents a promising tool for moving the
experiments beyond laboratories towards peoples everyday lives and achieving complex
structures of sampling schemes. They are naturally chosen as the devices where we
implement the lab-in-the-field and EMA experiments. Since the EMA experiment is an
extension of the lab-in-the-field experiment, it is more complex and difficult to conduct.
Therefore, we here mainly discuss the key advantages of implementing EMA methodology

using smartphones.
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2.3.1 Historical Methods

The implementation of EMA studies, i.e. how to engage participants during their daily and
private lives "without disrupting the phenomena to be observed", is one of the most complex
challenges faced in EMA studies. Historically, there have been two main approaches for
implementing EMA designs. One approach involves a signalling device of some sort and
paper-and-pencil surveys. The second approach combines signalling and item presentation
using a palmtop computer [33]. The former method has been achieved using a variety of
tools. Initial research required participants to carry pagers [34] that would beep periodically
throughout the day. Participants then would complete paper-and-pencil surveys that they
also carried out [35]. The desire to reduce participant burden led to some researchers using
digital wristwatches with preprogrammed alarms that could alert participants to complete
a survey card [36]. Nevertheless, carrying packs of survey cards instead of paper diaries
is still a heavy burden for the subjects, thus easily undermining their compliance. The
invention of the Personal Data Assistant (PDA), which was a small personal computer,
addressed this issue because it could be preprogrammed both to signal participants and
provide the survey interface. PDAs also offered greater control over the data collection
process, such as the ability to limit access to the PDA between responses and time stamp
responses [37]. However, the problem with PDA approaches is that it requires researchers

to purchase the hardware upfront, give it to participants, and recover it after data collection.

2.3.2 Smartphones

Over the past decade, as technology has advanced, PDAs were largely replaced by smart-
phones and tablets that have opened a whole new world for EMA studies [26], [27], [38].
This is the BYOD phenomenon referred to earlier and common in an ePRO context. Firstly,
this approach drastically lowers researchers’ hardware costs because participants can use
their own devices. Secondly, smartphones are sensor-rich, computationally powerful, and
nearly constant companions to their owners, making them capable of capturing numerous
interacting and confounding passive variables within the same individual. This is an

unparalleled superiority compared with other methods. Furthermore, it is easy to query
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people about their subjective feelings, thoughts, and behaviors via the notification system
of a smartphone. Last but not least, smartphones are compatible with both mobile and web
applications, both of which are suitable for implementing the decision-making paradigms

that are crucial elements both in lab-in-the-field and EMA methodology in this thesis.

There are multiple ways in which smartphone-based assessment can be employed in
EMA studies. One popular approach uses the Short Message Service (SMS) on smart-
phones (e.g. SurveySignal [39]). The SMS method uses text messages as a signaling
device by texting the participant a hyperlink to an online survey, which is accessed through
their smartphone’s web browser [40]. Text messages have the advantage that they are
relatively easy and inexpensive to deliver and are not limited by the model of an indi-
vidual’s phone [41]. Individuals will likely be familiar with sending and receiving text
messages and researchers only need to know how to create an online questionnaire using
their favorite survey program (e.g., Qualtrics, Survey Monkey [39]). One of the downsides
of this approach, however, is that participants must have cellular connectivity to receive
signals and respond to new surveys. If participants are in an area with no cellphone service
(e.g., the subway, the basement of a building), they will receive their signals much later
than intended or may even miss the survey altogether [42]. Additionally, this approach
is only limited to self-report assessments, which means it is not suitable for researchers
wishing to capture other sources of data via onboard and external sensors or to integrate

the assessment with user activities.

Another approach using smartphones is to collect data with an application installed
locally on participants’ smartphones, which allows for greater flexibility and ease of
use and thus has become increasingly widespread in recent EMA literature [40], [43]—
[46]. Similar to the PDA approach, the device itself is used for both signalling and data
collection. Depending upon how the app is programmed, it may not require constant
cellular connectivity. This approach also allows researchers to easily access to other device
data, e.g. microphone, location, accelerometer etc. so that more related passive data of
the same individuals can be collected. In work related to this thesis, we had access to a

no-code platform for rapid design and deployment of complex EMA studies.
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2.3.3 Data Quality

Research on smartphone data collection is still in its infancy, we discuss internet-based
experiments more generally in terms of data quality in this section. A major concern
about internet-based experiments is whether data collected online yield trustworthy and
equivalent results compared to those generated in lab-based settings. Web-based data are
thought to be noisier than in-person data. Such noise could result from numerous sources,
including not only lack of diligence from participants, but also the influence of a variety of
situational and personal confounding variables in the field, which are generally removed
in the lab. For instance, it is natural to worry about whether online participants are more
careless about their performance because of a lack of incentives; whether the anonymity
provided by internet participation could result in deceptive responses; whether the remote

participants lack focus while they are unsupervised as in traditional laboratory settings.

Reassuringly, little evidence has turned up in support of these concerns, either. On the
contrary, it was suggested in comparative studies that internet participants appear to be no
less motivated than their traditional peers [47] and the cloak of internet anonymity is more
of a benefit than a detriment [48] in terms of answering online surveys. Further studies
have shown that data from web-based samples need not reduce data quality, even for
performance-based, and stimulus-controlled experiments [49]. Apart from more traditional
web-based methods, several studies have been conducted to demonstrate the reliability and
validation of internet-based cognitive testing via crowdsourcing platforms, such as Amazon
Mechanical Turk [50], [51] and Prolific [52]. Amazon Mechanical Turk was designed for
individuals and businesses to outsource their processes and jobs to a distributed workforce
who can perform these tasks virtually, while Prolific was explicitly designed for the
scientific community. Such online labor markets have become enormously popular as a

source of research participants [53], [54].

The utilization of smartphones for gathering behavioral choices could generate even
noisier data because the testing environment is less controlled. However, it turns out that
the mass collection of experimental data using smartphones could outweigh the inherent

concerns regarding collecting data outside a controlled laboratory setting (see [55] for
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a comprehensive review). Smartphone data showed similar effects to those observed
in the lab and with comparable quality to in-person studies across multiple domains of
cognition [56]. For example, using computational modelling analysis, the Great Brain
Experiment app replicated the lab-based finding that self-reported affective state is not
explained by current earnings, but by the expectations and prediction errors arising from

those expectations [57].

2.4 Economic Theories of Decision-making

Decision-making is a primary target of investigation in the field of computational modelling.
Various theories have developed in the field of economics to explain how people evaluate
the utilities and values of options presented to them, while reinforcement learning (RL)
[58] theories in computer science provide valuable frameworks to model how decision-
making strategies are tuned by experience. Additionally, researchers from neuroscience
have begun to elucidate the mechanisms of neural substrates in the brain responsible for
the computational steps of learning and decision-making [4], [5], [59]. Not surprisingly,
economic and RL theories are now frequently featured in the neuroscience literature, and
play an essential role in contemporary research on the neural basis of decision-making.
Thus, computational models of decision-making not only provide a formalized description
of how decisions are made, but also presents more general possibilities for delineating the

neural underpinnings of decision-making.

2.4.1 Economic Theories of Choice
Decisions under Uncertainty

Uncertainty is pervasive in many situations we encounter in daily life. From small choices
to large lifetime decisions, we rarely know for sure the consequences that will stem from
our choices.

Knowledge about the likelihood of possible outcomes of a choice can lie anywhere on

a continuum space, from complete ignorance at one end, to various degrees of ambiguity,
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to risk, to certainty at the other end [60]. Ambiguity refers to a condition where the
probabilities of different outcomes are not available, whereas in a risk condition, the
outcomes of choice options and the outcome probabilities are both known to the decision-
makers. Here, we first focus on the economic assumptions on how people deals with the
uncertainties in risk conditions while making decisions. In a standard risk paradigm, a
decision maker is presented with an explicit description of probability distributions over
outcomes. There are two key components in the economic models: Stimulus Values (SV)
computation and a comparator process. SV is a measure of the expected benefit of
consuming the different options. It is assumed that decision-makers will assign a value to
available choice options in order to compare the options and select the one that is most
advantageous. One natural option of valuation is to decompose choice options into possible
outcomes (or rewards) and their associated likelihoods of occurrence. The assumptions
to the comparator process ranges from normative models which provide accounts of
what should be chosen, e.g. maximizing expected value or subjective expected utility, to

descriptive models that describe what is actually chosen, e.g. prospect theory.

2.4.2 Expected Value Theory

For simplicity, we take the simplest gamble where a set of outcomes and their associated
probabilities are provided as an example. Imagine simply choosing between a sure payment
of $49 and a 50-50 lottery of receiving $100 or nothing. The expected value of the risky (or
gamble) stimuli is the same for all decision-makers, as it uses the objective outcome amount
and probability level, i.e. multiplying each outcome by its probability of occurrence and

adding overall probability-outcome pairs:

EV(X)=Y p(x)-x 2.1)

where x is the payoff for each outcome, 1,...,X, and p is the probability associated with
that outcome. The expected value theory advice about how to choose between two gambles
was simply to choose the one with the highest expected payoff. Thus, in our case, decision

makers who apply this rule will prefer the gamble ($50 = 0.5 x 100+ 0.5 x 0) to a sure
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payment of $49 because the expected value of the gamble is higher than the value of the
sure thing.

However appealing the idea of weighting payoffs by their probability might have
been in this early expected value theory, expected value maximization is not a universally
applicable decision criterion because it could not explain the risk aversion behavior, e.g.
why anyone would purchase insurance. A risk-neutral decision maker is indifferent between
a gamble and its expected value; a risk-seeking decision maker pursues a risky prospect
instead of a sure payment. On the contrary, a risk-averse person prefers a sure payment
over a risky prospect of equal or high expected value. However, the expected value model
does not allow decision makers to exhibit risk aversion behavior, i.e., no person would
prefer a sure $49 over a lottery with a 50% chance of winning $100 or nothing under this

assumption, but the fact is it happens to many people.

2.4.3 Expected Utility Theory

In order to deal with the problems of the expected value theory, Bernoulli proposed that
instead of evaluating options by their objective payoffs, people utilize their expected utility
or “moral value” to make decisions. Thus, in Bernoulli’s model, decision makers choose

the option with the highest expected utility:

EU(X) =Y p(x)u(x) (2.2)

in which u(x) is a function that maps the objective payoff x, on the x-axis into the utility
of obtaining outcome x and this function is no longer linear but usually "concave", for
example, a power function of the form u(x) = x%. The exponent element 8 in this function
is a free parameter that varies between individuals. It is used to describe the curvature of
the function and importantly represent an individual’s degree of risk aversion. Because of
the introduction of this parameter, the expected utility of a risky choice option can exhibit
differences between decision makers since the same objective outcomes can map into
different levels of subjective utility. Individuals with smaller 0 value (8 < 1) are more

cautious when resolving choices among options that differ in risk, while those with higher
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0 value (8 > 1) are willing to take on great risks in the hope of even greater returns. As a
result, a risk aversion decision maker (6 < 1) believes the utility gained by receiving $50
is more than half the utility gained by receiving $100, thus prefers $50 for sure to a 0.5
probability of winning $100.

This idea of expected utility became a central assumption in the economic analysis of
choice under risk and uncertainty since it was proposed. However, it did not last a long
time before it was questioned. One of the most celebrated challenges was known as the
Allais paradox, which was initially proposed in 1953. In 1979 [61], the Allais paradox
was formally incorporated into the study of behavioral economics by Amos Tversky and

Daniel Kahneman, who presented a simplified version of the puzzle in their book:

Decision 1: choose between (A) a 61% chance to win $520,000; (B) a 63% chance

to win $500,000.

Decision 2: choose between (C) 98% chance to win $520,000; (D) a 100% chance
to win $500,000.

The majority of people chose option A over B in the first decision and option D over C
in the second decision, which violates the utility maximization principle. The violation
derives from the willingness of taking an additional 2% risk in exchange for an extra
$20,000 in potential winning for one decision but not for the other. In other words, people
were risk-seeking and chose the option with a greater expected value for the first decision
but were risk-averse and chose the option with a lower expected value for the second
decision, despite the possible outcomes being of equal value for both problems. People
explained their choice in Decision 1 as a preference for a higher possible prize given that
the difference between the probability of 61% and 63% is very small. They explained
their choice in Decision 2 as a preference for a certain prize over a slightly smaller prize
that entails a small possibility of receiving nothing. Apart from the Allais paradox, there
were a significant number of observations that could not be accounted for by expected
utility. Tversky and Kahneman [62] revealed a four-fold pattern of risk attitudes: risk

seeking for low-probability gains and high probability losses, coupled with risk aversion
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for high-probability gains and low-probability losses. Choices consistent with this fourfold
pattern, but violate expected utility maximization were observed in several studies [63],

[64].

2.4.4 Prospect Theory

While there had been various attempts to account for each of the failures of expected
utility, prospect theory [64], [65] accommodated neatly most of the known failures. It has
become the leading behavioral model of decision-making under risk and the major work
for which Daniel Kahneman was awarded the 2002 Nobel Prize in economics. Kahneman
[64] improved the expected utility theory mainly from three aspects: (1) introducing a
transformation mapping objective probabilities to subjective probabilities; (2) defining
subjective values not on total wealth as in expected utility but rather on gains and losses
relative to a dynamic reference point; and (3) allowing losses to have a different mapping
into value than that of gains, a phenomenon they called loss aversion. According to
prospect theory, the value V of a simple prospect that pays $x with probability p (and

nothing otherwise) is calculated by:

V(x,p) = w(p)v(x) (2.3)

where v represents the subjective value of the objective outcome x. w(x) is a weighting
function that measures the influence of the probability p on the attractiveness of the
prospect. Prospect theory replaces the utility function u(-) over states of wealth with a
value function v(-) over gains and losses relative to a reference point, with v(0) = 0. This
famous value function in the ’S’ curve, i.e. concave for gains and convex for losses and
steeper for losses than for gains, addresses the flows in expected utility theory. The most
famous value function proposed by Tversky and Kahneman [62] (Figure 2.1) relies on a

power function:
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where o, B > 0 are two free parameters that govern the curvature of the value function
for gains and losses, respectively, and A is a loss aversion parameter that determines the
sensitivity of losses compared with gains. Thus, the value function for gains (losses) is in-
creasingly concave (convex) for people with smaller values of o(f) < 1, and an individual
with a larger value of A is more sensitive to losses than gains. These parameters constitute a
computational phenotype [30], which could vary within and between individuals, providing
an opportunity to examine individual differences in computational mechanisms. With this
particular set of parameters, different risk attitudes people have for gains and losses could
be explained. Additionally, the reference point implies that people tend to focus less on

their final income or wealth, and more on the relative gains or losses that they will get.
The major difference between the decision weights w and objective probabilities is
observed with extreme probabilities (either very low, e.g., 1% or very high, e.g., 99%).
In general, people tend to overweight low-probability events in judgment, which helps to
explain the irrational appeal of gambling and insurance for very low-probability events.
On the other extreme, people tend to be underweight highly certain outcomes. People will
pay much less, for instance, for a lottery in which they have a 99% chance of winning

$1,000 than they will for a lottery in which they have a 100% chance of winning $1,000,
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but there is little difference between the amount people would pay for a 50% versus 51%
chance of winning $1,000. The objective difference in probabilities (1%) is identical, but
its impact on one’s decision is not. The most popular form of the weighting function [66]

assumes that the relation between w and p is linear in a log-odds matrix:

op?

M) = S (1=

(2.5)

where 6 > 0 represents the elevation of the weighting function and y > 0 measures its
degree of curvature. The weighting function is more elevated (exhibiting less overall
risk aversion for gains, and more overall risk aversion for losses) as 0 increases and
more curved (exhibiting more rapidly diminishing sensitivity to probabilities around the

boundaries of 0 and 1) as ¥ < 1 decreases.

2.4.5 Neural Representations of Stimulus Values

Although the economic models of decision-making were not designed to reveal the under-
lying processes implemented in the brain, cognitive neuroscience literature has assumed
that the hypothesized SVs are encoded either in single neurons or in populations of
neurons within a brain region. Under this assumption, the firing rate of such units in
every trial of choice, or the activity level of such regions, should be proportional to
the subject- and stimulus-specific SV measures that have been reviewed above. It has
been proved in many studies that SVs are represented in a specific set of brain regions.
Although theoretically this prediction can be tested using single unit neurophysiology,
blood-oxygenation-level-dependent (BOLD) signal from functional Magnetic Resonance
Imaging (fMRI), electroencephalography (EEG), or magnetoencephalography (MEG) to
look for neurons or brain regions in which the measures of neural activity correlate with
the inferred SVs, it is not an easy problem that requires much thoughtful experimental
design and numerous controls. Despite the challenges, the body of data available today,
taken as a whole, provides all of the necessary checks and has led to a robust set of findings
regarding the implementation of computing SVs in the brain.

Instead of inferring the SVs with parametric functions in expected utility theory or

25



2.4 Economic Theories of Decision-making

prospect theory, initial studies simply ask subjects to provide a value for each choice, either
using liking ratings or incentive-compatible bids. In [67], hungry subjects were shown a
picture of a familiar food snack on every trial and had to decide how much to bid for the
right to eat that snack food at the end of the experiment. The bids provide a behavioral
measure of the SVs on every trial. The study revealed that the neural responses as measured
by BOLD fMRI in the ventromedial prefrontal cortex (vmPFC) and right dorsal lateral
prefrontal cortex correlated with the bids. In [68], subjects were shown 50/50 gambles
involving both a potential monetary gain and a potential monetary loss and were asked to
choose between them and a fixed reference payoff of $0. It was found that a similar area
of vmPFC and ventral striatum correlated with the value of the potential gains and losses.
Similar results have been found in dozens of follow-up studies [69]—[72]. Together, these
studies provide convergent evidence for the hypothesis that the vimPFC is involved in the

computation of SV signals during choice.

As far as uncertainty and risk influence computation of SVs and SVs are represented in
a set of brain areas, uncertainty- and risk-mediated changes in value would be expected to
be represented in these brain regions, which is indeed the case [72]. Several regions have
been found to encode the two main components of outcome-probability decomposition
of risky options. Some findings in animal experiments [73], [74] suggested that the
phasic responses of dopamine neurons were indicative of value coding reminiscent of
expected value and expected utility. Accordingly, across cells, the sensitivity to probability
correlates with sensitivity to magnitude. However, some cells were more sensitive to one
than the other component. The primary target regions of dopamine neurons are the striatum
and prefrontal cortex. Functional neuroimaging has revealed that value-related BOLD
activations in the striatum were well-captured by a value function of the prospect theory

[68] and show features not contained in the many alternative theories.

The prefrontal cortex is connected to both the striatum and the dopaminergic midbrain.
Simultaneous recordings from neurons in the lateral prefrontal cortex (IPFC), orbitofrontal
cortex (OFC) and anterior cingulate cortex (ACC) have revealed reward probability and

magnitude signals in all three regions [75], [76]. The coding of both outcome and probabil-
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ities in single ACC, OFC and IPFC neurons could form the neural substrate of risky option
value computations such as the expected value or expected utility combination of outcomes
and probabilities. Under this assumption, neurons or regions closer to the motor output
are also affected by the combined coding of probability and magnitude. One example
comes from the supplementary eye field (SEF) [77], a region involved in processing eye
movements that are also innervated by the OFC. SEF neurons respond in an increasing or
decreasing fashion to increases in probability and magnitude during saccade preparation.
In summary, progresses in cognitive neuroscience has not only enhanced our confidence
in the validation and correctness of the theoretical assumptions of stimulus valuation and

choice processes but also facilitated the development of these theories.

2.5 Reinforcement Learning Theories

2.5.1 Decisions from Experience

It has been increasingly appreciated that learning plays an important role in decision-
making. Decision-making in the real world involves repeated rather than one-shot decisions
and people need to estimate the possible outcomes and probabilities based on learning
from feedback rather than a written description as used in the decision-making under risk
paradigms. Thus, an alternative experimental paradigm developed is based on decision-
making via experience. Under such a paradigm, participants learn about the different
outcomes of available choice alternatives and probabilities by repeatedly sampling them
and experiencing their consequences. Positive consequences increase the likelihood that
the option is chosen again, whereas negative consequences decrease it. The paradigms of
understanding decision-making through experience enable us explain more complicated
scenarios of decision-making in real life, which also raised the needs of new theories and

models to explain the incremented elements involved in such decision paradigms.
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2.5.2 Rescorla-Wager Model

Consider a scenario where a gambler standing in front of a row of K slot machines and
trying to conceive a strategy for which machine to play, for how many times, and when
to switch machines in order to increase the chances of making a profit. The rewards
specific to each bandit are dispensed according to a probability and is initially unknown
to the gambler. Computer scientists abstracted this problem as reinforcement learning
which concerns how an agent, such as the gambler, can learn by trial and error to make
decisions (choose slot machine in this case) in order to obtain maximum rewards. A series
of algorithms have been developed to accomplish this goal in computer science. In the
past few decades, such computational theories are also increasingly becoming central in
the field of neuroscience and psychology where the researchers have identified the neural

substrates for similar learning and decision functions in humans and animals [78]-[80].

The striking correspondence between RL algorithms and evidence from neuroscience
and psychology about how the brain solves the RL problem are not surprising because
the development of RL drew inspiration from psychological learning theories. One of the
most celebrated computational model of RL derived from a family of phenomena observed
in classical conditioning in psychology. This phenomenon only involves learning, but not
decisions. However, it is an important subcomponent of the full RL problem, because
choosing between actions can be based on predicting how much reward they will produce.
In the famous experiment on the salivating dog, Pavlov [81] exposed dogs to repeated
pairings whereby an initially neutral stimulus, such as a bell, accompanied food, such as
meat powder. He observed that, following the training, the dog would salivate in response
to the sound of the bell in the same way it did to the food. Connecting new stimuli to
innate reflexes in this way is now called classical, or Pavlovian conditioning, which is one
of the core empirical regularities around which psychological theories of learning have
been built. Pavlov [81] hypothesized that this conditioned response emerges because a
preexisting anatomical connection between the sight of food and activation of the salivary
glands comes to be connected to bell-detecting neurons by experience. This very general

idea was first mathematically formalized when Bush and Mosteller [82] and extended by
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Rescorla et al. [83]. They proposed that learning in classical conditioning was based on
a prediction error, the discrepancy between what reward the organism experiences on a

particular trial r;, and what it had expected on the basis of its previous learning V;:

PE,ZF;—V; (2.6)

If the experienced reward is different from its expectation, a prediction error exists, and
the organism should update the expectations of future reward V;, . By contrast, if the
experienced reward is exactly the same as expected, there is no prediction error, the
organism should keep their expectation unchanged. Specifically, the expectation of future
reward is a function of current expectations (V;) and this prediction error PE;, multiplied
by a subject-specific learning rate (o) that modulates the influence of the prediction error
on learning:

Viy1 =Vi+ axPE 2.7)

This equation is known as Rescorla-Wagner (RW) model [83], in which an organism is
assumed to maintain a set of predictions of the reward associated with each stimulus s, and
these predictions determine the organism’s conditioned response to whichever stimulus is
observed. The value of stimuli that are not observed remains the same, i.e. V;11(s) = V;(s),
for all s # s;. In essence, what this error-driven model does is compute a weighted running
average of previous rewards across previous trials. In this average, the most recent rewards
have the greatest impact, whereas the impact of prior rewards declined exponentially in
their lag. The learning rate parameter can be equivalently seen as controlling the steepness
of the decay, with higher learning rates producing averages more sharply weighted toward

the most recent rewards [84] (Figure 2.2).

The RW model of classical conditioning is critically important because it is the first
use of iterative error-based rule for the computational modelling of learning. Additionally,
it forms the basis of all modern approaches to study how animals learn stimulus-related
relationships when the experience with that stimulus is accompanied by other stimuli.

It successfully explained the blocking effect by specifying that when multiple stimuli
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Figure 2.2: The influence of recent outcomes on choice for three different learning rates
([84]). Red represents a participant with a relatively high learning rate of 0.9. There
is a strong influence of the outcome on the recent previous trial (n — 1), and a weaker
influence on the outcome received two trials back (n — 2) but virtually no influence on
earlier outcomes. A learner with smaller learning rates, here shown for 0.5 (grey) or 0.2
(blue), shows increasingly longer-lasting influences of outcomes received on trials further
back from the current trial.

are observed, the organism makes a single net prediction that is the sum of all of their
predictions. Since then, a broadening field of computational modelling has extended
the family of RW models to reinforcement learning, tackling some of its limitations
(such as capturing second-order conditioning), and still grappling with others (such as

reinstatement).

2.5.3 Transforming Values into Choice

After the SVs are determined, there needs to be an algorithm for determining which option
to select. The most straightforward solution provided by early expected utility and prospect
theory was to select whichever choice has the highest subjective value. However simple this
solution might be, it is not consistent with what is observed when people select between
options. A well known observation is that people do not seem to always choose the better
of two options, even when accounting for differences in the subjective weighting of each
of the chosen attributes. If they did, we would expect to see that their choices followed a

step function, as long as one option has a higher value than the other, they always choose
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Figure 2.3: The impacts of inverse temperature on the steepness of the softmax function.

the former one and vice versa. Instead, people’s choices follow a sigmoid-like pattern,
more step-like when there is a large difference between the option values, but, as that
difference narrows, people start to choose the higher-valued one with less consistency (i.e.,

are increasingly likely to choose the "objectively" lower- valued option).

To account for these inconsistencies, choice models incorporate a noise term, which
determines the extent to which choices will be strictly determined by the higher-valued

option versus by random chance:

1

P(C=A)= TR

(2.8)

This function, referred to softmax function, generates the probability of choosing each
option. The results are increasingly likely to favor the high-reward option when the
difference between the options are greater and increasingly likely to choose either option
equally when the difference is small. The steepness of the transition is determined by

the inverse temperature parameter 3 (see Figure 2.3 about how the inverse temperature
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Ventral straitum, prefrontal cortex

Action candidates | a b c < W
value 3 5 10

(ii) Choose an action
e. g. the softmax function
Same areas as (i) or downstream

c
Action to effectors

10

Prediction error

~N

(iii) Learn from experience
e. g. reinforcementlearning theory| 2
Dopaminergicerror signal

Reward 12

J/

Figure 2.4: The three stages of the theoretical accounts of experience-based decision-
making process proposed in [80]. (i) Calculate the values of the available stimuli (here
a, b, ¢) in the current situation. (ii) Choose and execute one by comparing the expected
rewards of each option. (iii) Finally, learn from the reward prediction error to improve
future decisions. Numbers indicate the predicted action values, the obtained reward, and
the resulting prediction error.

controls the steepness of the softmax function). This function can also be generalized to
choices between any number of options and is regularly used to model choice in learning
models described above.

In summary, the theoretical accounts of the learning and decision-making process
can be abstracted in three stages [80]: first, calculate the values of the available stimuli
using for example prospect theory; second, choose an action that maximizes the predicted
expected value, generally taking the choice noise into consideration by applying a sigmoid
function; third, learn from experience to update the expected values of the stimuli. Figure
2.4 demonstrates the three stages and the models and the neural substrates that support

these functions.

2.5.4 Responses of Dopamine Neurons to Prediction Error Signal

In the earliest study of reward processing in the brain, Olds and Milner [85] found that rats
would continue to press a lever in return for nothing more than a brief pulse of electrical
stimulation in a particular region of the rat brain. Since electrical stimulation in the brain

area was all that was needed to reinforce the lever-pressing behavior, which is a typical
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manifestation of the function of rewards in learning and approach behavior, and since
the rate of reinforcement was comparable to that produced by natural rewards, such as
foods and water, the authors inferred that stimulation in this brain area somehow induces
learning and approach behavior, thus linking brain function in a causal way to behavior.
Subsequent studies [86] confirmed that about half of the effective locations for electrical
self-stimulation were connected with dopamine neurons that are located in the midbrain
and extend their axons several millimetres into the striatum, frontal cortex, amygdala,
and several other brain regions. Additionally, dopamine neurons could generate strong
phasic activation when encountering rewards, without being stimulated by electric currents.
In one of the examinations of dopamine neurons in behaving primates, a strong phasic
activation occurred in the dopamine neurons only when the animals found food hidden

within a box. The higher the reward, the stronger the dopamine response [87].

However, a closer look revealed that the dopamine neurons not only responded to the
reward itself, but also to prediction error [74]. In other words, dopamine neurons resembled
the prediction error signal proposed in the RW model, the firing rate of dopamine neurons
increasing with the degree to which the reward was expected. In [74], the animals were
trained to learn the task in which five different visual conditioned stimuli predicted delivery
of liquid reward with different probabilities, ranging in steps of 0.25 from certain delivery
(p = 1) to certain non-delivery (p = 0). Surprisingly, phasic dopamine responded to a
reward delivery were zero for the always rewarded stimulus, one for the never-rewarded
stimulus, and something in between for the others (see Figure 2.5). Moreover, when
rewards were not delivered, dopamine neurons showed a phasic decrease in firing at
the time reward would have been expected. Taken together, the activation of dopamine
neurons at the time of reward or non-reward was well explained by the RW prediction
error. This hypothesis was further tested by Bayer and Glimcher [88]. Recall that the
prediction error of the RW model is the subtraction between the current reward and the
weighted average over previous rewards, with the weights exponentially declining over
trials. To quantitatively examine to what extent the reward history predicts the activity of

the dopamine neurons, Bayer and Glimcher used a task in which reward predictions shifted
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stimulus on reward

Figure 2.5: Rasters and histograms from a primate dopaminergic neuron in a classical
conditional experiment in [74], illustrating the responses to the conditioned stimuli and
reward at various reward probabilities. The five panels correspond to five cues trained
with stochastic reinforcement at different probabilities, increasing from top to bottom.
Dopmaine neurons responses increase with the size of the prediction error.
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over trials in conjunction with regression analysis to estimate the weights that best explained
the firing rates of the neurons at the time of the reward. The weights estimated suggested
that activities of the dopamine neurons reflected the iteratively computed prediction error
between the weighted average of the previous rewards and the magnitude of the current
reward of the RW model, i.e. they were positive for the current reward, and negative for
the preceding rewards, decreasing over trials with a roughly exponential shape. Data from
human fMRI experiments also corroborated the notion that dopamine neurons encode a
prediction error, in which the BOLD responses in the striatum area resembled the same

features of the prediction-error signals seen in animal dopamine recordings [89], [90].

2.6 Deep Learning Models to Predict Human Behavior

Apart from the aforementioned theory-driven models, a more flexible alternative model
that can characterize human decision-making achieved through DL models. The unique
feature of this type of model is that they do not require tweaking and manual engineering
like the theory-driven models [91], [92]. They are being applied in the last case study of
this thesis to test the efficiency of distributed learning techniques for privacy perseveration.
Dezfouli et al. [92] proposed a RNN model to the problem of human decision-making in
the two-armed bandit task (see Figure 2.6 for the structure of the proposed RNN model).
The model is composed of an LSTM layer (Long short-term memory, [93]) and a softmax
layer. The inputs to the model on each trial are the previous action and the reward received
after taking the action, and the outputs of the model are the probabilities of selecting each
action on the next trial. The LSTM layer is used to track relevant information regarding the
history of past rewards and actions and the softmax layer is used to turn this information
into subsequent actions through the output of the softmax function. There are two nodes in
the softmax layer since there are two options in the task. The way in which the network
learns and maps experiences to future actions is modulated by weight parameters in the
network. Thus, the aim of training such a network is to tune the weights so that the network
can predict the next action taken by the subjects, given that the inputs to the network are

the same as those that the subjects received on the task.
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RNN (LSTM) layer Softmax layer

Tt

L(©; RNN)

Figure 2.6: Structure of the RNN model proposed in [92]. The LSTM layer circled in
red dashed line receives the previous action and reward as inputs, and is connected to a
softmax layer (inside the black rectangle) which outputs the probability of selecting each
action on the next trial. The LSTM layer is composed of a set of LSTM cells (shown by
blue circles), which are connected to each other (shown by green arrows). The output of
the cells (denoted by /! for cell i at time ¢) are connected to a softmax layer using a set of
connections shown by black lines. The free parameters of the model are denoted by ®, and
(®;RNN) is a metric which represents how well the model fits subjects’ data and is used
to adjust the parameters of the model using the MLE as the network learns how humans
learn.

However, unlike the theory-driven models, the RNN model has a much larger number
of parameters that are hard to interpret. This renders RNNs impractical for studying
and modelling individual differences. Therefore, Dezfouli et al [94] developed a new
model which is capable of representing individual differences in a low-dimensional and
interpretable space, while maintaining the flexibility of RNNs (see Figure 2.7 for the
structure of the model). To achieve this, they proposed an end-to-end learning framework
in which an encoder is trained to map the behavior of subjects into a low-dimensional latent
space, which quantifies aspects of individual differences along different latent dimensions
(2.7). These low-dimensional representations of each subject are then used to generate
the weight parameters of an RNN corresponding to the decision-making process of that
subject. They applied their model to a synthetic behavior dataset which was generated
by simulating a RL model with various parameter values on a two-armed bandit task.
The actions taken by the model agents and the received rewards comprised the dataset.
Interestingly, it was found that the latent representations have an interpretable relationship
with the cognitive parameters that actually determined behavior: the inverse temperature 3

is mainly related to z; and the perseveration parameter K to z;. Another method proposed
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Figure 2.7: The structure of the autoencoder-based framework proposed in [94]. The
model comprises an encoder (red) and a decoder (blue). The encoder is the composition
of an RNN and a series of fully-connected layers. The encoder maps each whole input
sequence (in the rectangles on the left) into a point in the latent space (depicted by (z1, z2)-
coordinates in the middle) based on the final state of the RNN. The latent representation
for each input sequence is then fed into the decoder. The decoder generates the weight
parameters of an RNN (called the learning network here) and is shown by the dotted
lines on the right side. The learning network is the reconstruction of the closed-loop
dynamical process of the subject which generated the corresponding input sequence based
on experience. This learning network has similar structure shown in Figure 2.6.

to improve the interpretability is to combine the merits of the data-driven DNN models
and the theory-driven cognitive models, that is using DNN model as an exploratory tool to
predict human behavior, while using the theory-driven models to explain the DL. models

[95].

2.7 Conclusion

In this chapter, we firstly defined the two methodologies, i.e. the field experiments
and the EMA methodology, adopted in this thesis. The incorporation of behavioral
paradigms in these experimental methodologies allows us to explore the manifestations of
the computational phenotypes in naturalistic settings. The second section discussed the
rationale of using smartphones for using smartphones to implement the two methodologies.
The third section introduced the economic assumptions that explain how people make
decisions in uncertain and risk conditions and provided evidence in terms of how the
neurons implement the theoretical models in the brain. The RL theories and choice models
were then delineated in the fourth section to explain the learning mechanisms in paradigms
where decision is based on learning from experience. We also reviewed evidence showing

how the prediction error in the RL model is expressed in the dopamine neurons. Finally, an
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alternative method using RNNs to represent the learning and decision-making strategies

used by humans was reviewed.
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Chapter 3

Tools for Data Collection and Analysis

This chapter introduces the hardware tools and software applications for data collection in
naturalistic settings. The main device we rely on is smartphones, although the web-based
and mobile applications also work on tablets or even laptops. Two web-based behavioral
paradigms and a mobile application were developed for repeatedly sampling human
decision-making in daily routines. The workflow of the hierarchical Bayesian modeling
process is described in the last section of this chapter, providing the basic overview of the

data analysis methodology adopted in the following case studies.

3.1 The Web-based Decision-making Paradigms

3.1.1 Introduction

Various types of decision-making tasks have been employed to examine the cognitive
processes and neural basis underlying decision-making in humans and animals. They orig-
inated from different fields including psychology, cognitive neuroscience, and economics.
There is also a continual invention of novel paradigms. Some of them are stimulated by
the questions generated in the process of computational modelling, while some of them are
motivated by the findings from neuroimaging studies in which specific neuronal systems
or brain areas are suspected of playing an important role in decision-making. The structure

and scheme design of a decision-making paradigm is important for a research question
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since the computational models used for describing how information is processed behind
the scenes are fundamentally limited by the behavioral data, which is itself in turn limited

by the experimental protocol.

We are interested in understanding the between- and within-individual differences of
learning and decision-making in contexts with different sources of uncertainties, which
are common scenarios in daily life. The structure and scheme of the Iowa Gambling
Task (IGT) and the Aversive Leraning Task (ALT) are suitable for achieving this purpose.
These two decision-making tasks are both designed such that subjects have uncertainty
about the consequences of choosing one alternative over the others. They are rich for
theoretical modelling of the neural representation, computation, and utilization of different
forms of uncertainty that arise during learning and decision-making. The IGT is used to
test how people deal with the uncertainty existing in the relationships between actions and
outcomes, whereas the ALT is used to examine whether people are able to recognize a

higher-order of uncertainty, i.e. the switch of the action-outcome contingencies.

3.1.2 The Web-based Iowa Gambling Task

The IGT is one of the most popular laboratory experimental paradigms for assessing
complex, experience-based decision-making across groups. Originally, the IGT was
designed to measure the decision-making impairment of patients with lesions in the
vmPFC [96]. Since this initial study, this task has been applied to a variety of clinical
populations, including patients with neurological disorders [97]-[99] and those with
psychiatric disorders [100]-[102]. The IGT is used to measure risk-taking behaviors of

patients with chronic pain in the first case study.

Table 3.1: Summary of the payoff scheme of the IGT

Deck A Deck B Deck C Deck D
Bad deck with Bad deck with infre- Good deck with in- Good deck with fre-
frequent losses quent losses frequent losses quent losses
Reward/trial 100 100 50 50
Number of losses/10 cards 5 1 5 1
Loss/10 cards -1250 -1250 -250 -250
Net outcome/10 cards -250 -250 250 250
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Deck A
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Figure 3.1: The screenshot of the web-based IGT.

Participants in the IGT are initially given €2000 virtual money and presented with
four decks of cards labelled A, B, C, and D. Each card in these decks can generate gains,
and sometimes cause losses. Participants have to choose one card from these four decks
consecutively until the task shuts off automatically after 100 trials. In each trial, feedback
on rewards and losses of their choice and the running tally over all trials so far are given
to the participants, but no information is given regarding how many trials they will play
and how many trials they have completed during the task. Participants are instructed that
they can choose cards from any deck and they can switch decks at any time. They are
also told to make as much money as possible minimising losses. Table 3.1 shows the
payoffs of the four decks. As can be seen in the table, Decks A and B are two bad decks
that generate high immediate, constant rewards, but even higher unpredictable, occasional
losses. Thus, the long-term net outcome associated with Deck A and Deck B is negative.
In contrast, Decks C and D are two good decks that generate low immediate, constant
rewards, but even lower unpredictable, occasional losses. Thus, the long-term net outcome
associated with Decks C and D is positive. In addition to the payoff magnitudes, the four
decks also differ in the frequency of losses, i.e. Deck A and C are associated with a higher
frequency of losses, while Deck B and D are associated with a lower frequency of losses.
The key to getting a higher long-term net outcome in this task is to explore all of the
decks in the initial stage and then exploit the two good decks. In order to recruit internet
participants, we developed a web-based version of IGT (see Figure 3.1 for the screenshot).
This implementation is developed using HTML, CSS and Javascript. The server is run on

a Heroku instance with the data stored on a managed MongoDB service.
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3.1.3 The Web-based ALT

In 2007, Behrens et al. [103] developed a reward gain version of a probability-tracking task
in which the volatility of the reward environment was manipulated by switching the action-
outcome contingencies, i.e. action-outcome contingencies were stable in one period of the
task and volatile in the other. Participants in this task were required to choose between blue
and green cards based on both the past success and the reward magnitude associated with
each color. According to the RL theory that has been introduced in Chapter 2 , the learning
process of an organism is driven by prediction error, i.e. the difference between expected
and actual outcomes. The learning rate that scales the prediction error is a computational
phenotype of the participant reflecting the rate at which new information replaces old
before it is used to update the participant’s belief about the environment. It was argued by
Behrens et al. [103] that the learning rate should depend on the current levels of uncertainty
in the estimate of the action’s value and this uncertainty is determined by the statistics
of the reward environment. Thus, the rationale for designing this task is to investigate
whether humans can track the statistics of a rewarding environment. Browning et al. [104]
modified the task into an aversive version in order to investigate the aversive behavior
of anxious individuals. In aversive learning, an aversion is generally created toward a
targeted behavior by pairing it with an unpleasant stimulus, such as a painful electric
shock or money loss. The two stimuli in the aversive task [104] were associated with the
potential receipt of electrical shock. It was thus used to examine if anxious individuals
have difficulties in adjusting their learning rates to reflect the stability or volatility of
the environment while dealing with negative outcomes. Although the learning rate is
a fundamental feature of the behaviour of all organisms and even artificial agents, our
understanding to how and why it changes is still less well established. A range of variants
of either reward and/or punishment-based learning tasks have been utilized to examine if
healthy or clinical populations are capable of maintaining estimates of the uncertainty of
the associations they are learning and use these estimations to tune their learning [105]—

[107].

We developed a web-based reward-loss version of this task. To maintain the interest and
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Figure 3.2: The screenshots of the web-based ALT. In the first trial (panel A), the subject
chose the blue leprechaun, which did not steal gold coins from the subject, thus the feedback
is "Good choice". In the second trial (panel B), the subject chose the red leprechaun and it
stole 36 gold coins and ran away.
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Figure 3.3: Outcome probabilities across the course of the ALT. The task comprised
two blocks. In the stable block, one leprechaun (for example, the blue one) had a 75%
probability of resulting in loss of gold coins; the other shape had a 25% probability of
resulting in coin loss. In the volatile block, the probability that the choice of a given
leprechaun would result in coin loss switched every 30 trials between 80% and 20%.
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enthusiasm of the participants, the task was modified into a more entertaining, leprechaun-
themed game. The participants are initially given 10,000 gold coins in the forest. They
have to navigate through a clump of bushes to reach home. As they make their way through
the bushes, they will come upon a series of junctions. Participants have to repeatedly
choose one of two leprechauns, blue or red, to pass through the junctions. At each junction,
there will be two leprechauns, blue and red. One of the leprechauns has a higher probability
of stealing gold coins from the participants while the other one has a lower probability.
Each leprechaun holds a bag in their hands with a number on it, representing how many
gold coins the participants will lose if that leprechaun steals from them (see Figure 3.2 for
a screenshot of the task. The implementation technology stack is the same as that for the
Iowa Gambling Task.). The magnitude values of loss for the blue leprechaun are randomly
generated between 1 and 100 (Mj;,.), and the values for the red leprechaun are set to
(100 — Mp,.). The participants are instructed that the chance of the stealing leprechaun
being blue or red depends only on the recent outcome history. However, because of the loss
magnitudes associated with the two leprechauns, participants normally do not select the
less likely to steal leprechaun if it is associated with a very high loss. There are two blocks
in the task, i.e. the stable block and the volatile block, each for 120 trials. In the stable
block, the blue leprechaun has a 75% probability of stealing coins from the participants if
it is chosen. The other leprechaun has a 25% probability of stealing. In the volatile block,
the probability that the choice of a given leprechaun would result in stealing switches every
20 trials between 80% and 20%. The outcome probabilities of the blue leprechaun across
the course of the task are shown in Figure 3.3. The aim of the participants is to choose the
better leprechaun that steals less from them as much as possible to reserve more gold coins

when they get back home.
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3.2 EMA Platform: AthenaCX

3.2.1 Introduction

The implementation of EMA studies is in fact technically intensive. The utilization of
AthenaCX, a custom-programmed mobile app, allows us to address and reduce many of
the barriers we faced when conducting EMA studies. AthenaCX is not designed only
specific for a particular study. It is a platform that enables researchers to build complex
EMA investigations. The app has been made available publicly both on the Google Play

Store and the App Store. The key features of AthenaCX are described in the following.

3.2.2 E-consent and Survey Design

The Design Studio (DS) (see Figure 3.4 for the home page) is the survey builder where
researchers build e-consent, design, configure and deploy digital surveys with different
question types in AthenaCX. In order to implement their experiments, researchers can
start by creating e-consent in the DS. AthenaCX enables them to easily create and dis-
tribute consent surveys that stand up to Ethics Committee Review Boards scrutiny by
implementing a thorough and robust ’staged consent’ flow. It works well for studies being
carried out in both an online and offline capacity. After the e-consent, researchers can then
start creating surveys in the DS. They can have as many as surveys as they like within a
particular study by adding survey cards. Multiple question types are available in the DS

(Figure 3.5), including:

* Verbal Response Scale (VRS). Participants answer by selecting one of the predefined

options you create and list vertically.

* Visual Analogue Scale (VAS). Provide participants with an on-screen scale with
which they can provide their answers through the positioning of a handle, which is

commonly referred to as a ’slider’.

* Numeric Response Scale (NRS). Provide participants with a set number of pre-

defined boxes which are representations of a numerical answer. A common use is to
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ate Surveys Survey Title

Tooltips?

Figure 3.4: The home page screenshot of the DS.

provide an answer using the numbers O - 10.
» Text Box. Participants give their answers through a free text field.

* DateTime Widget. Allow participants to answer in the format of a date, time or date

and time.

* Instructional Widget. Provide participants with information through the message

created here. This is useful for generation of ecological momentary interventions

Powerful branching logic has been embedded in AthenaCX, which means researchers
can change what questions or surveys a respondent will see based on how they answer
a previous question. Branching is compatible with question types with defined answers,
such as VRS, VAS, and NRS. This feature makes it possible to show the respondent just
the fields they should see and make the sequence of the questions as short as possible,

ultimately improving the completion rate of the measurements.

3.2.3 Sampling Schemes

The sampling and assessment scheme is the cornerstone of an EMA procedure. AthenaCX
can be customized for various types of designs by using different types of surveys and
altering when notifications are scheduled within the configuration page in the DS. Three

types of surveys (Figure 3.6), i.e. time-based, self-initiated and remote trigger, and a set of
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Figure 3.5: Question types provided in AthenaCX.

configuration parameters, e.g. start and end time, the time between the surveys, and active

time of the survey etc., are provided in AthenaCX to achieve various sampling schemes.

The EMA sampling and assessment schemes can be roughly divided into event-based
sampling and time-based sampling schemes [108]. Event-based schemes aim to sample
discrete events or episodes in subjects’ lives and schedule the data collection around these
events, whereas time-based schemes focus on characterizing subjects’ entire experience
more broadly and inclusively. Some clinical and research interest is in particular events or
episodes, e.g., instances of drinking, smoking, or panic attacks. These cases lend them-
selves to event-based monitoring, in which data collection is triggered by the occurrence of
a predefined event of interest to the investigator. Typically, subjects themselves determine
when the event has occurred and initiate an assessment. It is possible to automatically
detect some events through incorporating wearable data, e.g. physical activities, sleeping
patterns, and mobility patterns collected with Fitbit and other wearables, in AthenaCX. The
remote trigger survey enables researchers to trigger and schedule specific surveys based
directly on their dynamic health and activity data. If the event can not be detected by the

devices, researchers can use the self-initiated survey that is always available to the subjects

47



3.2 EMA Platform: AthenaCX
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Figure 3.6: Survey types provided in AthenaCX. Inside the panel on the right side of the
survey card, the alarm clock is the time-based survey. Researchers can use this to create
schedules based on specified timing patterns, e.g. a daily or weekly survey. The triangle
is the Self-Initiated survey. This survey type will always be available to the participant
during the time period that it has been configured to be available. The third sharing icon is
a remote trigger survey. This survey type can be activated or scheduled directly from the
dashboard at any point once the participant has enrolled.
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during the time period. As a result, subjects can respond to questions in AthenaCX on
their own time whenever the event occurs.

Some clinical phenomena, e.g. actigraphy, heart rate, and skin conductance, vary
continuously and can be monitored continuously using wearable devices, while many
other phenomena, e.g. mood and pain, vary continuously but are not easily conceptualized
in an episodic framework either. EMA protocols rely on time-based sampling for these
cases There are many variants of time-based sampling schemes, which vary in schedule,
frequency, and timing. A time-based survey in AthenaCX can be used to create this type
of schemes based on any specified timing patterns either at fixed intervals or random times.
For interval-contingent designs (i.e., participants complete questionnaires at predetermined
times), notifications can be set to repeat every day of the experience sampling phase at
specified times. For signal-contingent designs (i.e., participants complete questionnaires
whenever they are signalled), researchers can set signals to occur at set intervals (e.g.,
every 2 hours) or randomly within a specified range (e.g., every 1.5 to 3 hours after each

signal) in a set period of time (i.e., daily data collection period).

3.2.4 Push Notifications

A push notification is a mobile alert visible on the locked screen of a smartphone or
tablet and it is the solution used in AthenaCX to remind the subjects to complete EMA
surveys. When it is time to take a survey, a notification pops up and chimes to signal to
participants that they should take a survey. Participants tap the notification to launch the
app, or they can tap on the application’s icon directly to launch it and answer the questions.
AthenaCX uses the local notification system available on Android and iOS devices to carry
out the signalling function essential for EMA studies. The local notification system is
"local" because it does not require a cell signal or an internet connection. Notifications are
scheduled immediately after participants have installed and set up the app on their phones.
The scheduled notifications are recorded and sent to the server so that researchers can
check response latencies and compliance. The local notification system also allows the app

to have a snooze function, which enables participants to delay answering the questionnaire
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for a specified period of time before they are sent another reminder to complete the survey.

3.2.5 Offline Data Collection

One of the biggest strengths of mobile apps is the possibility to work offline; in other words,
without an internet connection. This technology opens the door to EMA studies in places
with slow or no internet connection or areas where the cost of mobile internet is too high.
AthenaCX supports offline data entry, which means it stores the data in the local memory
of the device and synchronizes it to the server whenever an internet connection is available.
Each response is time-stamped to the millisecond, so researchers can determine whether
responses were actually collected in the same moments, or whether the participant was
interrupted in the middle of completing the questionnaire and resumed that questionnaire at
a later point in time. When the researchers are trying to identify ’careless EMA responses’,

the time taken to complete an item can be very useful.

3.2.6 Link with External Web-based Tasks

AthenaCX is valuable for decision-making studies due to its support for incorporating
decision-making paradigms that are designed to provide objective measures of behavior,
along with self-report EMA surveys. As explained before, the adoption of decision-making
paradigms enables us to conduct computational modelling analysis, which offers new
insights to the underlying mechanisms. Typically, decision-making paradigms are applied
in cross-sectional studies where retrospective symptom inventories are used to predict
task performance. However, it is difficult to falsify the impact of the fluctuation of the
emotional or physical status of the subjects with cross-sectional methods. Although the
most economical and flexible way to collect experience data and task data is with a custom
programmed app, designing an EMA app embedded with decision-making tasks from
scratch requires advanced programming skills and a large amount of time and energy.
AthenaCX is designed to eliminate the barriers of integrating within-subjects task data in
longitudinal studies. The researchers only need to implement the behavioral paradigms

they wish to use in their experiments themselves. Sometimes, they are able to find the tasks
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on open source platforms, e.g. Pavlovia, where hundreds of tasks have been implemented
and shared for free research uses. It is simple to configure the URL to their task in the DS
with an instructional widget question. The URL will be sent to AthenaCX and AthenaCX
will append the participant ID to the URL. The researcher only needs to make sure their
web-based application is able to read the URL and extract the participant ID in their
source code when the participants are directed to their fault browser. It means it is not
necessary for the participants to type in their IDs again even if they are directed outside the

AthenaCX, which could be a great burden for them and might impact the compliance rate.

3.2.7 Participants Onboarding

Onboarding participants is a crucial element in EMA studies. Participants can download
the AthenaCX mobile app to their phone using rapid onboarding via an email link, QR
Code, or app store search. After getting into the app, participants can search within the app
among different public studies that have been created by AthenaCX researchers and easily
join them. For closed studies that require pre-screening to select participants, researchers
can make their studies as closed studies so that they are not available to everyone. They
can create customized participant IDs within the DS and then share the IDs with those who
are qualified to participate. Participants are required to type in the IDs in AthenaCX to

join the closed studies.

3.2.8 Data Security

When doing daily diary studies, sensitive personal data, and possibly even medical data,
will be collected. Hence, data security is of significant importance and is the first thing
we need to consider. The databases of AthenaCX physically reside on the Amazon Web
Services platform in its Western Europe (Ireland) data center and are fully managed by
MongoDB Atlas. Data is transferred using the Heroku platform. Heroku provides fully
secure services which operate using HTTPS, Secure Sockets Layer (SSL). Heroku uses
SSL for all authentication (logins), and administration of the site. The user’s browser

establishes the authenticity by requesting an SSL certificate that verifies the identity of
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AthenaCX. Once that SSL certificate is recognized, an SSL connection is established for
security, encrypting data transmitted between browser and web server. Additionally, only

the researchers have the access to the data.

3.3 Workflow of Theory-Driven Computational Modeling

3.3.1 Introduction

The rapid advances in neuroscience have established that the brain, the most complex
organ, is essentially a massively complex nonlinear computational device that governs
the expression of an organism’s behavior. Thus, computational depictions of cognitive
function have been widely advocated in recent literature. Different from conventional
statistical modelling tools that generally ignore theoretically-relevant data-generating
mechanisms under behavior, the key feature of applying computational modelling in
behavioral and brain science is the definition of a formal mechanistic cognitive process,
i.e. using mathematical principles and formalism to generate consistent, rigorous, and
testable hypotheses about the underlying mechanisms of the brain and make better sense
of the behavioral data [109], [110]. As a result, computational models can link the trial-
by-trial experimentally observable behaviors, e.g. stimuli, outcomes, and experiences,
to behaviors in the immediate future, while traditional statistical models only provide
superficial summary descriptions of observed behaviors, e.g. actions or response time
averaged over time or trials. The collection of free parameters derived from computational
models fit to behavioral data forms the concept of computational phenotype that has
interpretations in terms of cognitive processes. This shifts our focus away from using
descriptive trait and symptom measures toward estimating psychologically interpretable
parameters to represent psychological characteristics [111]. Furthermore, it was found
that the application of computational modelling could produce higher test-retest reliability
estimates, alleviating the pressure of the reliability paradox in the study of individual
differences and thus advancing theory development [112], [113].

In a standard decision-making paradigm, such as the IGT and the ALT, a participant is

52



3.3 Workflow of Theory-Driven Computational Modeling

presented with multiple stimuli to choose repeatedly and receives rewards or punishments
according to their choice on each trial. While designing the task, a theoretical framework
is built for the task with a set of assumptions and mathematical equations. Multiple
computational models are then formulated to instantiate the assumptions about how the
behavior is generated. The behavioral data is not necessary limited to be choice data,
instead, it could be any observable data that can be quantified statistically in terms of
the probability the computational models assign to the data, such as reaction times, eye
movements, and even neural data. We will be mainly using choice data in this thesis. In
spite of the differences in terms of the structures and application situations, the general
workflow of examining the explanatory power of such models is the same. Typically, a
set of free parameters that allow the model to produce a range of behaviors are specified
along with the structural theory assumptions. Once the experimental paradigms and
computational models are designed, an important and necessary step, is to conduct model
simulation and generate synthetic behavioral data with various parameter values. This
step is helpful to refine the experimental and model design before data collection. After
collecting real data from the participants, they are fitted to the predefined models and the
free parameters of the models are solved through a process known as parameter estimation.
Different computational models constitute different hypotheses about the cognitive process
that gives rise to the data. In order to test which hypothesis fits the data best, the next

critical step is to evaluate and validate the model from different aspects.

3.3.2 Model Simulation

Model simulation involves running the model with known model and known parameter
settings to generate synthetic behavioral data. Simulation is important and useful across
all phases of computational modelling, no matter before or after collecting real data from
the participants [114]. In this section, we mainly focus on the use cases of simulation
that aim to improve experimental and model design before data collection. Simulation
for further checking the model after parameter estimation of the real data is referred to as

model validation and is introduced in the following section. Before the real data arrive,

53



3.3 Workflow of Theory-Driven Computational Modeling

simulation allows us to understand how behavior changes with different models across the
range of parameter values and refine the prior distribution of the parameters. To simulate
behavioral data, we need to first determine the task parameters, e.g. the number of trials,
the reward or loss magnitudes and the probability of reward or loss for each option across
trials, which should match the actual parameters used in the experiment. We can then
randomly sample a set of free parameters 6 from the prior distributions m(0) over each
parameter. With the parameter set 0, a sequence of behavioral choices 7 can be generated
from the model: y ~ 7(y|0). This process can be repeated as many times as we wish with
different parameter settings, yielding a matrix of simulated choices.

In order to assess whether the simulated choices capture key aspects of behavioral
patterns of interest and whether the prior model predictions are consistent with domain
expertise, it is useful to define model-independent summary statistics to visualize the
simulated data. The model-independent measures provide key markers of what we want
the model to account for in the data. They should thus be carefully chosen and designed
based on expectations we have about the true data generating process and about the kinds
of structures and effects we expect the data may exhibit. For instance, the proportion of
choosing good decks is a widely used model-independent measure for the IGT. The model-
independent measures for the decision-making tasks were suggested to be summarized at
three levels [115]. At the trial level, the model-independent measures are used to examine
the trial-by-trial dynamic of the choice behavior averaging across participants. At the
participant level, model-independent measures can be used to assess the individual variation
averaging across trials. At the At the overall level, model-independent measures provide
the average performance of the model across both trials and participants. To draw the
inference, correlation analysis can be conducted to determine how the measure-independent

statistics change with different parameter settings.

3.3.3 Parameter Estimation

Parameter estimation is a process that tries to minimize the error between the model’s

predictions achieved with a particular combination of parameters and the empirical data.
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Typically, a behavioral dataset includes a number of subjects, each with a series of choices
on the decision-making task. There are a number of different ways for estimating the
parameters. Traditionally, parameters are estimated with the most widely used frequentist
approach, Maximum Likelihood Estimation (MLE) [116] either at the individual level
or group level. The MLE is a point estimate based on the likelihood function alone. It
assumes there is a set of unknown but fixed parameters 0 and estimates 0 with some
confidence. Group-level MLE simply aggregates likelihood across both trials and subjects
and estimates a single set of parameters for the whole group of individuals. This method
treats the data from all subjects as though they were just more data from one individual.
The estimated parameters do not vary across subjects, thus individual differences can not
be derived, which is unlikely to be the case in reality. Individual-level MLE estimates a set
of maximum likelihood parameters for each individual. Although individual differences
are considered, estimates of this method are often noisy and unreliable, easily leading to
extremely parameter values, especially for psychological studies with few observations for

each participant.

It is thus more advocated to utilize hierarchical models [117]-[120] in which individual
differences and commonalities are both considered. Hierarchical models assume individual
parameters are drawn from a common distribution defined by group-level parameters and
the group and individual level parameters are estimated simultaneously. The accuracy and
precision of parameter estimation can be improved through the shrinkage effect [121], [122]
of hierarchical models, i.e. data is pooled across individuals to explicitly estimate the mean
and variance of the population and the group estimates then in turn inform the parameter
estimation of each individual in the group, thus avoiding unlikely extreme values. However,
hierarchical models are conceptually and computationally inconvenient to implement in a
frequentist context but are conceptually simple and computationally tractable in Bayesian
frameworks. Another benefit of Bayesian analysis is that it could provide full posterior
distribution to quantify uncertainty about the free parameters, whereas MLE only generates

fixed point estimates.

As a result, the combination of the concept of hierarchical modelling and the Bayesian
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framework yields probably the most competitive parameter estimation approach, i.e. Hi-
erarchical Bayesian Modeling (HBM), in the literature [122]-[124]. Recent years have
witnessed an emerging rise in the use of Bayesian analysis in cognitive science due to its
increasing recognition advantages in terms of robustness and reliability. The Bayesian
posteriors can be approximated with various methods. The most prominent class of
methods to approximate Bayesian posteriors are Markov Chain Monte Carlo (MCMC)
methods, which are very technical and complicated to implement. However, the increasing
availability of specialized programming languages and packages make these previously
less accessible algorithms easy to use. Several probabilistic programming languages, such
as Stan [125], WinBugs [126], and JAGS [127] have been developed, in which MCMC
algorithms are embedded for automatically generating MCMC samples. Many of these
MCMC generators use the corresponding language to define the model and rely on a
different programming language (like R, Python, Julia, etc) to communicate with the
program that does the sampling. Additionally, a series of tools and packages including the
hBayesDM package, the VBA toolbox, the HGF toolbox in the TAPAS software collection,
the brm and the rstanarm package, etc, requiring minimal knowledge of programming to

fit complex hierarchical Bayesian models are also available.

3.3.4 Model Comparison

In model comparison, our goal is to determine which model, out of a set of plausible
models, is most likely to explain the actual data. It is known that adding more parameters
nearly always improves the fit of a model to the sample. Here, ’fit’ means a measure of how
well a model can retrodict the data used to fit the model. Nevertheless, the problem with
more complex models is they often predict new data worse, a problem termed overfitting.
Specifically, a more complex model will be very sensitive to the exact sample used to fit it,
leading to potentially large mistakes when future data is not exactly like the past data. In
contrast, simple models with too few parameters, tend instead to underfit, systematically
over-predicting or under-predicting the data, regardless of how well future data resemble

past data. As aresult, we cannot favour either simple models or complex models only based
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on their within sample predictive accuracy. The best practice to cope with the trade-off
between goodness-of-fit and complexity would be testing the model on out-of-sample
data. However, this is difficult to achieve in practice, especially given the fact that the
sample size in cognitive studies is typically small. Another challenge is that in order to
measure the predictive performance of the models, we generally have to know the target
model, which is usually not accessible. We would not be doing statistical inference if the
target model is already known. A series of strategies have been developed to tackle these
problems. The most popular two strategies were information criteria and cross-validation,
both of which provided a relative measure estimating the predictive accuracy of different
candidates without knowing the target model. It is worth noting that since the two strategies
are relative measures, we can only use them to estimate which candidate model gets closer
and by how much to the target model, but we would not know how far each model is from

the target model.

Various information criteria have been adopted in literature including Akaike Infor-
mation Criterion (AIC) [128], Deviance Information Criterion (DIC) [129], Bayesian
Information Criterion [130], and Widely Applicable Information Criterion (WAIC) [131].
Essentially, all of them apply a correction to correct for the selection bias caused by
fitting and validating the model on the same sample of data, aiming to come out with an
estimated measure of out-of-sample predictive accuracy. Although each of them designed
the measure with different methods, the basic idea of calculating these criteria is the same,
i.e. evaluating the fit of the model on the data that was used to train the model and then
subtracting away a penalty term which accounts for the selection bias. Common to all of
these criteria, they evaluate the fit using log-likelihood and the penalty basically measures
the degree of uncertainty in the parameters. The measure of fit which AIC uses is the
log-likelihood evaluated at the maximum likelihood estimate of the parameters and the
penalty that AIC applies to the with-in sample fit is simply the number of parameters in the
model. It is of mainly historical interest now because the theoretical basis of AIC is not
applicable in more complex context. DIC uses a similar measure of fit at a point estimate of

the parameter value. Instead of the log of likelihood evaluated at the maximum likelihood
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estimate, DIC uses the log-likelihood evaluated at the maximum posterior density of the
parameters. A big change with DIC is the application of a more general and useful measure
of penalty, which is 2 times the variance across all of posterior draws. WAIC is a criterion
that is more general than both AIC and DIC. Instead of using the point estimate, WAIC
calculates the average log-likelihood over all of the posterior samples. The penalty part
of WAIC is also evaluated pointwise, computing the variance in log-likelihood for each
observation in posterior distribution.

Another popular strategy is to actually use out-of-sample data to measure the fits
of the models. This is known as cross-validation, dividing the sample in a number of
chunks (or folds) and predicting each fold after training on all others. The extreme case
of cross-validation is to take each unique observation as a fold, leading to the maximum
number of folds, which is called leave-one-out cross-validation (LOOCYV). The key trouble
with LOOCV is that, if we have 1000 observations, that means computing 1000 posterior
distributions, which can be time-consuming. There are clever ways to approximate the
LOOCYV without actually running the model over and over again. One way is to take
the pointwise log-likelihood as an estimate of the out-of-sample fit. Additionally, the
adoption of importance sampling, e.g. Pareto-smoothed Importance Sampling (PSIS),
provides an even faster and more reliable approximation of LOOCYV predictive accuracy,
1.e. PSIS-LOO. PSIS-LOO and WAIC will be adopted in this thesis for model comparison
because these two indices use the pointwise log likelihood of the full Bayesian posterior
distribution instead of point estimates. This is compatible with the HBM methodology we
are utilizing for parameter estimation. Similar to the WAIC, approximation of PSIS-LOO
is also on the information criterion scale; thus, lower values of these indices indicate better
out-of-sample prediction accuracy of the candidate model. Both of them can be computed

using an R package called loo [132].

3.3.5 Posterior Predictive Check

Sometimes, it is not enough to select the model with the lowest criterion value of either

PSIS-LOO or WAIC because both of them are only relative comparison criteria that merely

58



3.3 Workflow of Theory-Driven Computational Modeling

consider the merits of each model’s performance relative to the rest. It means they imply
no absolute criterion for model selection. Thus, there is no guarantee that the winning
model survived from these indices indeed explains or predicts the behavioral effect of
interest. It was suggested to perform other model comparisons in absolute scale in-between

deciding on the winning model.

One of the most widely used model validation approaches is posterior predictive
check (PPC) [122], [133], [134]. To generate the data used for PPC, we can simulate from
the posterior predictive distribution. The posterior predictive distribution is the distribution
of the outcome variable implied by a model after using the observed data y (the shape of
which is N x T, where N is the number of subjects and 7 is the number of trials) to update
our beliefs about the unknown parameters 6 in the model. For each draw of the parameters
6 from the posterior distribution p(6|y), we generate an entire matrix of outcomes. The
result y,, is an S x N x T array of simulations, where S is the size of the posterior sample.

That is, each N x T matrix is an individual "replicated" dataset of the observed data y:

P(Vreply) = / P(Vrep|0)p(O]y)d6 (3.1
where
_ pr010)p(0) _
p(6ly) = 20 p(y|8)p(0) (3.2)

The predictive density, p(y.p|y), depicts the degree to which model-reproduced data (y,.p)
corresponds to the actual data (y). It is worth noting that the generation of this replicated
dataset y. is conditioned on the observed response data. In order to quantify how much
the replicated predictions of a model deviate from the actual data, we can use the model-
independent measures introduced in previous section to summarize both the observed data
and the replicated data at different levels. At either trial level or individual level, we can
examine the correlations of the model-independent measures between the replicated data
and the observed data. At the overall level, a Bayesian p-value [122] could be computed to

assess how much area under the posterior curve is below the actual data.
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3.3.6 Parameter Recovery

Apart from assessing the predictive performance of the models, another assessment is
to evaluate how well a model can recover known parameter values. This is the process
of parameter recovery where the relationship between true (simulated) and recovered
parameters is examined [84]. In order to do this, we need to choose a set of ground truth
parameters first. Generally, the ground truth parameter set is generated by taking the means
of individual-level posterior distributions of the model to fit the real data to ensure that the
true parameter values were reasonably distributed and representative of human decision
makers for the corresponding model. Using the selected true parameters, we are able to
simulate choice datasets for a given model and task structure. The task structure is exactly
the same as that used in real experiments. The model is then fit to the simulated datasets
and the recovered parameter estimates are compared to the true parameters. According
to [135], we can either use the means of the posterior distribution or the entire posterior
distribution of each individual-level parameter to infer how well the model could recover

parameters in an absolute and relative sense.

3.4 Conclusion

In this chapter, we introduced the origins and implementations of the web-based behavioral
paradigms adopted for sensing human decision-making in naturalistic contexts. We then
presented the mobile application, AthenaCX, which was used to configure and design
complex EMA sampling schemes in our studies. Lastly, the workflow of the computational
modeling analysis for the trial-by-trial data of the decision-making paradigms is presented.
The principal tools and workflows set up here in this chapter lay a solid foundation for the

case studies in the following chapters.
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Chapter 4

Differences in Reward and Persistency

Characterize Behavior in Chronic Pain

for the IGT: A Lab-in-the-field Study

In this chapter, we conducted a lab-in-the-field experiment to capture how chronic pain
impact decision-making on the IGT. A cross-sectional design with independent groups
was employed. A convenience sample of 45 participants were recruited through social
media, including 20 participants who self-reported living with chronic pain, and 25 people
with no pain or who were living with pain for less than 6 months acting as controls. All
participants completed both pain experience assessments and the IGT in their web browser
at a time and location of their choice without supervision. Standard behavioral analysis
revealed no differences in learning strategies between the two groups, computational
modelling analysis suggested that compared to healthy controls, individuals with chronic
pain were more driven by rewards and less consistent while making choices between
the four decks of IGT. This lab-in-the-field case study demonstrated that 1) It is feasible
to administer the behavioral paradigms in the naturalistic environments and significant
effect of the variables of interest could be detected even though there is a high chance
that additional noise was included in such settings; 2) compared to standard statistical

summaries of behavior performance, computational approaches offered superior ability to
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resolve, understand and explain the differences in decision-making behavior in the context

of chronic pain outside the laboratory.

4.1 Introduction

Chronic pain is defined as pain persisting or reoccurring for more than three to six months
[136] and has been recognized as one of the most significant health issues of the 21st
century [137], [138]. Approximately 100 million adults in the US experience chronic pain,
resulting in an annual cost of $560-$635 billion in medical treatment and lost productivity
[139]. Globally, it is estimated that around 20% of the population lives with chronic pain
[140], [141]. As a result, there is significant ongoing research into understanding chronic
pain and supporting people that live with the condition. One key area of research is the
impact of chronic pain on cognitive or neuropsychological abilities. It has been reported
that at least 20% of clinical patients with chronic pain, including those without a history of
mental disorders, complain of cognitive impairments that cause significant difficulties to
their social life and daily functioning [142]. In other studies, researchers have found that
cognitive deficits occur across a range of pain conditions, including fibromyalgia [143],
migraine [144], chronic back pain [145], and chronic neuropathic pain [146].

Although pain is an attention-demanding sensory process, cognitive alterations cannot
be simply attributed to the extra attentional demand from ongoing pain [145]. fMRI has
revealed decreased grey matter density in the vimPFC area [147]-[149] and less brain
activation in cortical structures during response inhibition among patients with chronic back
pain [150]. These findings are important as the vmPFC also plays a critical role in other
cognitive functions, such as decision-making [151], executive control [152], learning [153],
and memory [154]. The latest research findings have confirmed that reduced glutamate
in the mPFC significantly impairs emotional and cognitive processing in people with
chronic pain [155]. This suggests that chronic pain may have a negative impact on the
vmPFC and related neural structures and could be considered a cognitive state that may be
competing with other cognitive abilities, especially those involving the vmPFC, such as

decision-making, which is one of the cognitive domains in which individual with chronic
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pain are commonly impaired.

The IGT developed by Bechara et al [96] has been used for classifying various clinical
populations from healthy cotrols, such as patients with lesions to the vmPFC [156], [157],
obsessive-compulsive disorder [158], and chronic cannabis use [118], [159]. It has also
been applied to investigate abnormalities in decision-making among people living with
chronic pain conditions, yielding significant findings. After extracting behavioral responses
to the IGT, Apkarian et al. [147] found that patients with chronic pain chose cards from
bad decks more frequently. The gambling performance on the IGT was found negatively
correlated with the reported intensity of chronic pain. Subjects in [160] were required
to complete both the original IGT, where the reward is immediate and punishment is
delayed and an IGT variant, where punishment is immediate and reward is delayed. The
authors summarized their behavioral choices and found that women with Fibromyalgia
had significantly lower scores on the third block, which was referred to as the hunch period
of the task, on the original IGT, while intact performance on the IGT variant, suggested
these patients were hypersensitive to rewards. Similar results were obtained in [145] where
people with chronic back pain won significantly less money relative to healthy controls

and their IGT scores did not change significantly throughout the whole task.

The alterations in decision-making on the IGT have been linked to changes in brain
function and structure and they may serve as potential biomarkers, aiding the development
of more accurate diagnostic tools and treatments for patients with chronic pain. However,
all the relevant studies were conducted in laboratory settings where the subjects were under
tight experimental control. No study has been conducted to examine whether theses results
can be replicated when subjected to real-world settings, which is an important question
need to be addressed for clinical translation. We aim to measure subjects’ decision-making
performance on the IGT in naturalistic settings. Additionally, pushing these objective
measures of decision-making outside of the lab is a crucial step to translate lab-based
research findings into clinical settings and makes it possible to use it as a daily self-checking
tool for the patients. Thus, the lab-in-the-field methodology is adopted to investigate the

differences in characterizations of decision-making between individuals with chronic pain
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and healthy controls in their everyday living environment.

Another limitation in the literature of using the IGT to investigate chronic pain was that
the computational modelling analysis was rarely applied. We only found one reference in
which a simple heuristic model was designed to differentiate the behavioral performance
of individuals with chronic pain and healthy controls on the IGT [161], thus the changes
in latent cognitive parameters that drive the impaired performances of people living
with chronic pain remain unexplored until now. In this study, we applied computational
modelling analysis as a complementary approach to explicitly decompose behavioral
performance on the IGT down into cognitive parameters. It has been documented that
estimated parameters from such models are able to reveal group differences in cognitive
processes despite an absence of group differences in conventional IGT measurement [162].
In summary, this case study is among the first research studies investigating the alterations
of the computational phenotypes that characterize the decision-making of the chronic pain

population through an online lab-in-the-field experiment.

4.2 Methods

4.2.1 Recruitment

The subjects in this study were recruited through social media and local pain advocacy
groups. A total of 64 people, including 28 symptomatic participants who have lived with
chronic pain for months and 36 healthy controls who have never lived with chronic or have
suffered pain for less than 6 months, were interested in participating in the experiments.
They completed the questionnaires and the IGT through computer or mobile phone. 8
symptomatic participants and 11 healthy controls were excluded from the study because
they failed to finish the whole IGT. Thus, a convenience sample of 45 participants (70.3% of
the total) was recruited finally, consisting of N = 20 symptomatic participants (14 females,
age =40+ 12), and N = 25 healthy controls (12 females, age = 38 £ 12). The groups did
not significantly differ in age (P = 0.43) and the proportion of females (P = 0.07). The

study was approved by the local ethics committee of the School of Computing, Dublin City
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Figure 4.1: A graphical representation of the conceptual framework of the measurement.

University, since it is notification only study. Participants were provided a plain language

statement and informed consent when they were involved.

4.2.2 Assessment of Pain Experience

The Brief Pain Inventory (BPI) - Short Form is a validated 9-item self-administered
questionnaire used to evaluate the severity of the patient’s pain and the impact of the pain
on the patient’s daily functioning. The patient is asked to rate their worst, least, average,
and current pain intensity, list current treatments and their perceived effectiveness and
rate the degree that pain interferes with general activity, mood, walking ability, normal
work, relations with other persons, sleep, and enjoyment of life on a 10-point scale. The
pain interferences are divided into the affective subdimension (i.e. relations with others,
enjoyment of life, and mood (REM)) and activity subdimension (i.e. walking, general
activity, sleep and work (WASW)). The BPI-Short Form has been used with a variety of
populations and across these studies has been shown to be a valid and reliable measure,
with adequate internal reliability (e.g., @ = .86 —.96) [163]. A graphical representation of

the conceptual framework of the measurement is shown in Figure 4.1.
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4.2.3 The Web-based IGT

Participants were given €2000 virtual money at the beginning and were asked to choose
between the four decks of cards for 100 trials in the web-based IGT. The payoff schemes
and more details of the task have been introduced in Chapter 3 and we will not elaborate

further on the implementation here.

4.2.4 Standard Behavioral Data Analysis

To compare the behavioral differences between the two groups on the IGT, three parameters
were measured. Firstly, the total amount of gain at the end of the task was calculated for
each participant to measure their overall performance on this task. An unpaired t-test was
used to determine if the difference between the two groups was significantly different on
this measure. Secondly, in order to obtain a visual exploration of the group-level deck
preferences across trials, we calculated the proportions of good deck selections (Deck C
and Deck D) and the learning IGT scores (i.e. the difference between the number of good
deck selections and the number of bad deck selections) across the task. Specifically, five
new variables were created through the division of the 100 trials into 5 blocks of 20 trials
each without overlap. The proportion of good deck selections and the learning score in
each block were calculated. In this way, five proportions and five learning scores, one for
each block, were obtained for each participant. The comparison between the five learning
scores was regarded as an index of learning. A learning score increasing from the first
block to the last block suggests that a subject is developing a preference for good decks and
an effective selection strategy. Given the repeated learning scores of the two groups over
five blocks of trials, a block-by-group repeated measures ANOVA analysis was performed
(within-subjects factor: block 1-5, between-subject factor: group healthy vs chronic pain)

to reveal whether the two groups differ in learning curves.
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4.2.5 Computational Modelling Analysis

Multiple cognitive models have been proposed to identify the psychological processes that
drive participants’ behavioral performances on the IGT. The most promising models of the
IGT according to the literature [164], [165] are the Expectancy-Valence Learning (EVL)
model (which is also the first proposed cognitive model for the IGT) [166], the Prospect
Valence Learning model with Delta (PVL-Delta) [164], the Prospect Valence Learning
model with decay (PVL-decay) [118] and the Values-Plus-Perseverance (VPP) model
[118], and the latest proposed Outcome-Representation Learning (ORL) model [135]. We
fitted the four models for the two groups separately using the hBayesDM package for R
[167], in which HBM for the IGT was implemented.

The PVL models. Both the PVL-delta and the PVL-decay model consist of a utility
function, a learning rule, and an action selection rule. They are identical except for using
different learning rules. The utility function determines the weight given to gains relative
to losses. Both of the two PVL variants applied the utility function from the Prospect
Theory [64] that featured diminishing sensitivity to increases in magnitude, and different
sensitivity to losses vs. gains. The utility u(¢) of each net outcome x(¢) (i.e. the difference

between the amount of rewards and losses) on trial t is calculated as follows:

() x(t)%, ifx(t) >0 @

—Alx(®)|%, ifx(r) <0

in which u(t) is the subjective utility of the experienced net outcome x(¢); « is the outcome
sensitivity parameter (0 < & < 1) that controls the shape of the utility function and A is the
loss aversion parameter (0 < A < 10) that governs the sensitivity to losses relative to gains.
Individuals with a higher value of o suggest they have greater sensitivity to feedback
outcomes. Individuals with a value of A less than 1 indicate that they are more sensitive to
gains than to losses and those with a value of A greater than 1 indicate that they are more
sensitive to losses than to gains.

The learning rule in the PVL models is used to update the expectancies of the decks

E(t) based on the subjective utility value. In the delta rule, a simplified version of the RW
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rule is applied, in which only the expectancy of the chosen selection is updated, while the

expectancies for other decks remain unchanged:
Ei(t+1)=E(t)+A-(u(t) — Ei(1)) 4.2)

in which A is the learning rate parameter (0 < A < 1) that determines how much weight
the decision maker gives to the recent outcomes when updating expectancies. In the decay
rule, however, the expectancies of all decks are discounted on each trial except for the

chosen deck, which is updated by the current outcome utility:
Ei(t+l)=A-Ei(t)—|—5i-u(t) 4.3)

here, A is the decay parameter (0 < A < 1) that determines how much the past expectancy
is discounted and §;(¢) is a dummy variable which is 1 when deck i is chosen and 0

otherwise.

The action-selection rule generates the choice possibilities P(D(t + 1)) = i for each
deck for the next trial using a softmax function:

89 -Ei(l‘—}- 1)

4.4)

where D(t) is the chosen deck on trial ¢, and 6 is assumed to be trial-independent and
set to 3 — 1, and ¢ (0 < ¢ < 5) is a response consistency parameter. A higher value of
c represents that the decision maker has a higher tendency to select choices with higher

expected values, which means they are responding more deterministically.

The VPP model. The VPP model adds a perseveration term P;(¢) for the chosen deck i

on trial ¢ based on the PVL-delta model:

K-P(t)+EP,, ifx(t)>0
P(t+1)= (4.5)

K -P(t)+EPy, otherwise

K is a decay parameter that determines how much the perseveration value of each deck
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is discounted in each trial. The tendency to persevere or switch is incremented each time
and is updated by a gain impact parameter EPp(—Inf < EP, < Inf) and a loss impact
parameter EPy(—Inf < EPy < Inf) based on whether the net outcome on the previous
trial was a loss or a gain. Positive values for these parameters indicate stronger tendencies
for decision makers to persevere with the choice of deck from the previous trial, whereas
negative values indicate switching tendencies. The expected value and the perseverance

term are then integrated into a single value signal:

Vit+1)=w-Eit+1)+(1—w)-P(t+1) (4.6)

where w(0 < w < 1) is a weight parameter that controls the weight given to the expected
value in each trial. A greater value of w represents a greater weight given to the expected
value. The values of V;(¢ + 1) are then entered into the softmax function to calculate the
probabilities of being chosen for each option.

The ORL model. The latest proposed ORL model assumes that people track the
expected value (EV (¢)) and win frequency (EF (t)) separately. Additionally, for positive
and negative net outcomes, the decision makers update the expectancy of the chosen deck

i with different learning rates.

EVi(1) + Ay - (x(t) — EV,(1)), ifx(r) >0
EVi(t+1) = 4.7)

EVi(t)+A_-(x(t)—EV;(t)), otherwise

where Ay (0 <AL <1)and A_ (0 < A_ < 1) are the reward and punishment learning
rates used to update the expected value of the chosen deck after rewards and punishment
respectively. The updating process for win frequency (EF (¢)) for the chosen option is as

follows:

EF(t)+Ay - (sgn(x(t)) —EF;(t)), ifx(t) >0
EF(t+1)= 4.8)

EF;(t)+A_-(sgn(x(t)) —EF(t)), otherwise

in which Ay and A_ are the same learning rates as those used to update the expected
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value; sgn(x(t)) returns 1, 0, or —1 for positive, 0, or negative outcome values on trial 7,
respectively. The expected outcome frequencies for unchosen decks j’ are also updated on

each trial, in which the learning rates are also shared from the expected value learning rule:

EFy(1)+A_ - (=2 _EF(1)), if x(r) >0
EFy(t+1)= 4.9)

EFy(t)+A, - (=) _EF, (1)), otherwise

C is the number of alternative choices for the chosen deck j, which is 3 in the case of the
IGT. The ORL model also assumes that the decision makers have tendencies to stay or
switch their choices regardless of the outcome in the last trial and this tendency can be

captured by a perseverance weight (PS;(¢)).

A, AfD(t) =i
PSi(t+1)=2¢ **! (4.10)
PS;i(t)

1K otherwise

where K is the decay parameter that controls how quickly the past deck selections are
forgotten and it is determined by:

K=3X_1 4.11)

K' €10,5], so K € [0,242]. A single value signal for each deck is then produced via

integrating the expected value, frequency, and perseverance into a linear function:

Vi(t+1) = EVi(t + 1)+ EF(t + 1) By + PSi(t+ 1) - Bp 4.12)

Br(—Inf < Br < Inf) and Bp(—Inf < Bp < Inf) are two weight parameters that reflect
the weight given to the outcome frequency and perseverance respectively relative to the
expected value of each deck. Finally, the choice probability for each choice is determined

by passing the expected values through the softmax function.

eVilt+1)

(4.13)
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4.3 Results

Both individuals living with chronic pain (N = 20) and healthy controls (N = 25) completed
the web-based BPI and the IGT at a location of their choice and at a time of their choice

without supervision. The full demographic information is listed in Table 4.1.

Table 4.1: Demographic information for healthy controls and people living with chronic
pain

Healthy controls Chronic pain P value
N 25 20 0.067
Female 12 14

Mean s.d. Min Max Mean s.d. Min Max
Age 372 125 24 63 402 119 23 62 0.431
Pain 1.2 1.3 0 5 78.6 763 6 264  <0.001
duration
(months)
Pain 207 25 0 10 4.3 23 0 8 0.004
severity
Interference 2 29 0 93 46 33 0 9 0.007
REM
Interference 1.9 26 0 83 4.2 25 0 8.5 0.004
(WASW)

4.3.1 Self-report Analysis

As expected, individuals with chronic pain demonstrated higher levels of pain sever-
ity (1(43) = —3.06; P = 0.004; Cohen’s d = —0.92; 95% confidence interval (CI):
[—3.64,—0.75]) and their daily activities were more influenced by pain (¢(43) = —3.05;
P =0.004; d = —0.92; 95% CI: [—4.1,—0.83]), in comparison with healthy controls.
Moreover, individuals living with chronic pain reported higher levels of sub-dimensional
interference on REM (#(43) = —2.86; P = 0.007; d = —0.86; 95% CI: [—4.50,—0.78])
and WASW (¢(43) = —3.02; P = 0.004; d = —0.91; 95% CI: [-3.84,—0.77]), respec-
tively. Pain severity, as expected, strongly correlated with pain interference (r(40) = 0.84,
95% CI: [0.73,0.91], P < 0.001). The two sub-dimensional interferences were positively
correlated (r(43) = 0.88, 95% CI: [0.80,0.93], P < 0.001) as well (Figure 4.2).
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Figure 4.2: Pain severity plotted against pain interference (left); activity sub-dimension
plotted against affective sub-dimension (right). Healthy controls (N = 25) are plotted
in red and people living with chronic pain (N = 20) are plotted in blue. The r values
were calculated between the paired pain measures for the whole sample (xP < 0.5, %P <
0.01, %% xP < 0.001).

5000

r=—0.35
P=.01"*

4000

3000 Group
Healthy controls

Chronic pain

Total amount of gain

2000

1000

0.0 25 5.0 75 10.0
Pain severity

Figure 4.3: Pain severity plotted against total amount of gain by the end of the task.
Healthy controls (N = 25) are plotted in red and people living with chronic pain (N = 20)
are plotted in blue. The r value was calculated between the pain measure and the task
performance measure for the whole sample (xP < 0.5,% %P < 0.01,%xxP < 0.001).
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4.3.2 Standard Behavioral Data Analysis

The total amount of gain at the end of the IGT did not significantly differ between
individuals with chronic pain (1997 £ 1187) and healthy controls (1756 +645; ¢t = 0.81,
P =0.42). However, the pain severity was significantly correlated with the total gain (r =
—0.35,95% CI: [—0.59,—0.07], P = 0.01, Figure 4.3). Figure 4.4 shows the proportion of
choices from each deck as a function of the 5 blocks for the healthy and chronic pain groups
separately and the proportion of choices from the good and bad decks. The choice pattern
of the chronic pain group was qualitatively different (visual inspection of plots) from that
of the healthy controls, although both groups demonstrated an avoidance of the bad Deck A
but a preference to the other bad Deck B. Both Deck B and Deck D featured low-frequency
losses and were generally chosen more often than Deck A and Deck C which featured
high-frequency losses. Both healthy and chronic pain decision-makers selected more cards
from good decks than bad decks at the beginning of the task. After learning whether each
deck was good or bad in the second block, healthy controls continued to select more from
good decks than bad decks. The choices of chronic pain decision-makers, however, seemed
to fluctuate more across the advantageous and disadvantageous decks throughout the task.
The final proportion of good deck selection of healthy decision-makers was higher than

that of chronic pain decision-makers.

Figure 4.5 shows the learning scores across the five blocks of the IGT. A learning
process was apparent for the healthy control group, in which the learning score progres-
sively improved across the five blocks. Although the learning scores of individuals with
chronic pain also showed an increasing trend, there is a clear dip in Block 4. To quantify
the group differences, we applied the repeated measures ANOVA test in the form of a
5 (block) x 2 (health status) form to the learning scores. To our surprise, neither block
(F(4,172) =2.37, P = 0.054) nor group (F(1,43) = 0.31, P = 0.58) factor had a signif-
icant impact on deck selection and there was no significant two-way interaction either
(F(4,172) = 0.32, P = 0.87). The results suggested that people living with chronic pain
and healthy controls did not show significant deck preferences on the IGT and neither

group developed a strong learning curve during the task.
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Figure 4.4: Mean proportion of choices from each deck within 5 blocks of both groups of
decision makers (top two graphs); mean proportion of choices from good decks and bad
decks of both groups of decision makers (the last two graphs). Each block contains 20

trials.

Group ~#= Chronic pain == Healthy controls

5.0
9 T —
o
(]
w254
o
£ A
[ = -
£ . il
3 —
= )
Q ﬂ.ﬂ"ﬂ_‘ d

259

2 3 4 5

Block

Figure 4.5: The learning IGT scores across the five different blocks of the IGT in healthy
controls and people living with chronic pain.
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4.3.3 Computational Modelling Analysis for the IGT

Even though the behavioral data statistics suggested that healthy and chronic pain decision
makers did not show significant different deck preferences on the IGT, there might still be
group differences in the cognitive processes underlying the decision choices. To investigate
this possibility, we decomposed the IGT performance of the two groups using the cognitive
modelling analysis introduced earlier. We first checked which model provided the best
short-term prediction performance, as measured by the one-step-ahead PSIS-LOO. The
smaller a model’s PSIS-LOO score is, the better its model fit is. As shown in Table 4.2, the
VPP model demonstrated the best overall model-fit relative to other models, followed by

the ORL model. The ORL model ranked the best for the chronic pain group.

Table 4.2: Models and prior fits

Model Painpg;s 100 Healthypgis 100 Sumpgis— 100
ORL 4593 4600 9194
VPP 4623 4544 9168
PVL_decay 4756 4867 9624
PVL _delta 5054 5622 10676
Healthy Controls Chronic pain
E E Vrep § Yrep
g 3 3 s
(o]
: : Blgck ! ’ 1 Blgck ! ’
E ;" “ = ip ;’ 0 = ;F
g 3 3

3 4 5 2 3 4
Block Block

Figure 4.6: Model validation with PPC on the learning scores across five blocks for the
ORL model and the VPP model. Model predictions plotted against actual learning scores.
Shaded area depictes the 95% HDI of the posterior distribution.

To further validate the two best fitting models, PPC and parameter recovery analysis
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Figure 4.7: Parameter recovery of the ORL model (the top pannel) and the VPP model (the
bottom pannel) for the chronic pain and the healthy participants. Both the means of the
posterior distributions of the true and the recovered parameters were being standardized.
Dashed and dotted lines reflect 1 and 2 standard deviations in the standardized space,
respectively.
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were conducted. In PPC analysis, Each model was used to generate synthetic choice
data per trial and per participant for 12,000 times. The learning scores across five blocks
was chosen as the model-independent measure to summarize both the real and the repli-
cated choice data for comparing the predictive performance of the models. Figure 4.6
demonstrates the PPC results of the two models. The correlation between the replicated
data and the real data for healthy control group is significant for both of the two models
(ORL model, r =0.72, P =0.003; VPP model, r = 0.68, P = 0.004), while the correlation
for chronic pain group is only significant for the VPP model (ORL model, r = —0.47,
P =0.18; VPP model, r = 0.60, P = 0.006). The true parameters (i.e., the parameter set
used to simulate choices) used in parameter recovery were the means of the individual-level
posterior distributions of each model (the ORL and the VPP) fitted to the chronic pain
and healthy participants respectively. The recovered posterior means of each parameter
were plotted against to the true parameters in a standardized space, in which both the
true and the recovered posterior means of each parameter were z-scored by the mean
and standard deviation of true parameters (Figure 4.7). This visualization enables us to
observe the bias in recovered posterior means, where any values falling above or below
the solid diagonal line indicate higher or lower recovered means in reference to the true
parameters, respectively [135]. The recovered posterior means of the VPP model for the
healthy group were systematically higher than the true parameters for the learning rate
(A), and systematically lower for the outcome sensitivity parameter (&) and the weight
parameter (w). The recovered means of the weight parameter (w) of the VPP model for
the chronic pain group were also lower compared the true means. For the ORL model, the
recovered posterior means were well-distributed around the true parameter means. The

ORL model was selected to compare the two groups in the following analysis.

Figure 4.8 shows the posterior distributions of the group-level mean parameters of
the ORL model fitted with two priors (one for each group) for healthy and chronic pain
decision makers. The chronic pain group also showed strong evidence of increased reward
learning rate (95% HDI from 0.22 to 0.55), punishment learning rate (95% HDI from 0.03

to 0.11) and the difference between the reward and punishment learning rate (95% HDI

7



4.3 Results

0.0 02 0.4 0.6 0.8 0.00 0.05 0.10 0.15 0.20 0.00 0.25 0.50 0.75 1.00 1.2

09

7 \l 0.41 /\
l \ Group
0.61 / ; l:‘ Healthy
0.2 | \ Pain
0.3
0.0 0.01

Figure 4.8: Groups-level ORL parameters across healthy controls and people living with
chronic pain.

from 0.16 to 0.47), and decreased decay rate (95% HDI from -0.76 to -0.25), and outcome
perseverance (95% HDI from -4.38 to -0.21) than healthy controls when fitting on the ORL

model (the 95% HDI for the comparison across groups did not overlap zero, see Figure

4.9).

Extracting individual estimations for the ORL model provided evidence for the exis-
tence of positive correlations between pain severity the and reward learning rate parameter
(see Figure 4.10; r(43) = 0.41, 95% CI: [0.12,0.62], logBFjp = 2.18, P = 0.005). Similar
correlations were obtained between pain interference (including two sub-dimensional inter-
ference) and this model parameter. However, a negative correlation was observed between
pain interference and the decay rate parameter (r(43) = —0.29, 95% IC: [—0.54,—0.00],
logBFp = 0.18, P = 0.05), but this correlation with decay rate parameter did not apply to
pain severity. Similar correlation was only identified between REM and decay rate parame-
ter (r(43) = —0.29, 95% IC: [—0.54,—0.00], logBF;o = 0.18, P = 0.05), but no supported
correlation for the WASW (r(43) = —0.27, 95% IC: [—0.53,—0.02], logBF;p = —0.04,
P = 0.07) was identified.
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Figure 4.9: Differences in groups-level distributions for the ORL model between healthy
and symptomatic groups. Solid red lines covers the 95% highest posterior density interval
(HDI), and dashed red lines marks the O point. Values on the left and right sides of each
graph are the lower and upper bounds of the 95% HDI of the comparison between the
symptomatic and healthy control groups. If 0 point was included in the HDI, we consider
there to be a non-significant difference between the two groups. We found a main effect
of group on the reward learning rate (A ), punishment learning rate (A_), decay rate (K),
perseverance weight (f3,), and the difference between the reward and punishment learning
rates for the ORL model.
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Figure 4.10: Estimated parameters of the ORL model plotted against four pain measures.
Healthy controls are plotted in red and patients with chronic pain are plotted in blue. The r
values were calculated between the model parameters and pain measures for the whole
sample (xP < 0.05, xx P < 0.01, **xxP < 0.001).
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4.4 Discussion

In this study, we explored the differences in decision-making in individuals living with
chronic pain against healthy controls in a field environment by collecting their behavioral
responses to the web-based IGT. The main finding of our study was that people with
chronic pain did not show significant differences in decision-making on the IGT based on
the standard behavioral statistics. However, computational modelling analysis revealed
that people with chronic pain had elevated learning rates both for rewards and punishments.
Further results revealed chronic pain individuals were more dominated by rewards in the
process of learning. Meanwhile, the symptomatic group demonstrated decreased decay
rate and perseverance weight. We also explored the association among the self-report pain
experiences, standard inferential statistics and cognitive parameters. The total amount
of gain at the end of the task was negatively correlated with the degree of pain severity.
Several cognitive parameters could also predict the pain severity and pain interference
assessed by the self-report pain experiences.

Using standard inferential statistics, the total amount of gain obtained by the end of
the task was not significantly lower in people living with chronic pain in comparison with
healthy controls, indivating that there was no difference between the two groups in terms
of the overall performance on the IGT. However, the total amount of gain was negatively
correlated with the pain severity measure, suggesting that higher pain severity could be
a factor that impairs performance on the IGT. Although people with chronic pain tended
to select more bad decks relative to healthy controls as seen from the learning curves, the
statistical analysis identified no significant differences between the two groups in terms of
deck preference across blocks. There was lack of statistical evidence of significant learning
across blocks for both of the groups either. These results are inconsistent with previous
studies that identified significant group effects, in which patients won significantly less
money and failed to adopt the advantageous decision-making strategy quickly learned by
healthy controls [160], [168].

However, significant differences were identified in several cognitive components when

comparing groups using the best-fitting model (ORL) in the computational modelling
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analysis. The reward and punishment learning rates in the ORL model are used to update
expectations after positive and negative outcomes, respectively. These two parameters
account for the degree of the subject’s sensitivity to losses and gains. Individuals with
chronic pain demonstrated both elevated reward learning rates and punishment learning
rates when fitting on the ORL model, suggesting they gave more weight to recent outcomes
in the process of learning. It was suggested in [135] that comparing the difference between
the reward and punishment learning rates for the two groups was more useful, although
they were defined separately. The larger the differences between the two learning rates,
the more the learning was dominated by either rewards or punishments. The significantly
higher reward learning rates that caused larger differences between the two learning rates
in individuals with chronic pain suggested that they were more sensitive to gains over
losses relative to healthy controls. In other words, chronic pain individuals appeared to be
more driven by rewards, which could be a possible reason that made them choose more
cards from Deck B (as seen in Figure 4.5), the bad deck with a higher reward magnitude

but also a higher punishment magnitude.

It can be seen from Equation (4.12), that the outcome frequency weight and perse-
verance weight parameter in the ORL model collectively influence the total value of the
expected value of each deck. Values for the outcome frequency less than or greater than 0
indicate that decision makers prefer decks with low or high win frequency, respectively.
The outcome frequency for the two groups were both larger than 0 and did not show signif-
icant differences, suggesting both of them prefer decks with high win frequency, i.e. Deck
B and Deck D, which can be reflected in the learning curves plotted in Figure 4.5 where
healthy individuals ended up selecting Deck D most and patients ended up selecting Deck
B most. Values for the perseverance weight parameter less than or greater than 0 indicate
that decision-makers prefer to switch or stay with their recent chosen decks. The mean
value of this parameter for the healthy controls was larger than 0, whereas this figure for the
patients was smaller than 0. Meanwhile, there was a significant difference between the two
groups. It means people with chronic pain were less persistent in their previous choices

during the task. In this sense, our findings were in agreement with a previous study [161]
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where a simple heuristic model was proposed to discriminate between patients and healthy
controls on IGT performance by tuning the degree of randomness and importance given to
losses and gains. Patients with chronic pain in their study demonstrated significantly less
persistent behavior, which was characterized by giving more emphasis to gains than losses
and increasing decision randomness. Contrary to our expectation, however, chronic pain
decision makers presented lower decay rates, suggesting that they could remember longer
histories of their own deck selections relative to healthy controls. However, substantial
existing studies have reported impaired memory functions in patients with chronic pain
[169], [170] and memory complaint was one of the most common complaints in patients
with chronic pain with cognitive deficits [171].

When analyzing the correlations between the cognitive parameters and self-report
pain experiences, we found that higher reward learning rates in the ORL model could
significantly predict higher self-reported pain severity and pain interference. Lower decay
rates were only associated with higher self-reported pain interference, especially with
the affective subdimension of interference. Given the correlations observed between the
cognitive parameters and pain experiences, the cognitive task might be an important tool
to take into consideration in evaluating individuals at risk of developing chronic pain

conditions.

4.5 Conclusion

In summary, by recruiting participants online and administering a lab-in-the-field exper-
iment, we found that chronic pain subjects displayed increased reward sensitivity and
reduced choice persistency to their previous choices relative to healthy controls and re-
vealed credible associations between the computational parameters and pain severity and
pain interference. Compared to conventional statistical analysis of behavioral performance,
computational modelling analysis revealed much more evidence of distinct differences in
decision-making between individuals with chronic pain and healthy controls in the noisier
lab-in-the-field environment. The successful implementation and significant findings of

this study provide experimental evidence for the feasibility of measuring and comparing
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the cognitive performance of people with chronic pain and healthy controls in their daily
environments instead of in laboratories settings. Moving the behavioral paradigms outside
of the lab to the field is a crucial step to improve ecological valid of decision-making stud-
ies, allowing us to observe how people make decisions when they are not under any control
or supervision. It has implications for researchers who are interested to explore whether the
cognitive alterations of chronic pain individuals may predict their functioning in everyday
life. More broadly, the benefits of shifting from the lab to the field may extend to clinical
outcomes, faciliting early detection of cognitive impairments and personalized treatment,
although before that the equivalence of the paradigms in the lab and field requires more

careful empirical testing and validation both in lab and outside the lab in various settings.
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Chapter 5

Impaired Adaptation of Learning to
Contingency Volatility is Attributed to
the Depression and Anxiety Symptoms

of Parkinson’s Disease: A

Lab-in-the-field Study

This chapter aims to further validate the feasibility of evaluating decision-making behavior
in the real-world settings by applying this methodology to patients with Parkinson’s
Disease (PD), a population who may require regular care and supports from others for
daily functions. Theoretical and empirical evidence has suggested that patients with PD
showed various deficits in feedback learning due to the depletion of dopaminergic neurons
and excessive dopaminergic medication, which are involved in the process of prediction
error coding in the striatum that is critical for the learning process. Research on the
impact of non-motor symptoms of PD is limited, regardless of the fact that non-motor
symptoms are in fact significant burdens on the patients and their caregivers. Particularly,
two of the most common neuropsychiatric symptoms, i.e. depression and anxiety which

are difficult to recognize and are under-treated in clinical settings, have been associated
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with biased reward/punishment learning behavior. In this study, we examined how patients
with PD performed in terms of adaptation of learning rates to contingency volatility on the
web-based ALT and if their performance was attributed to the severity of the non-motor
symptoms of PD. Consistent with the findings in the general population, patients with PD
with higher anxiety and depression levels were less able to adjust their learning rates on
the basis of whether action-outcome associations were stable or volatile in a simulated
aversive environment, but this deficit was not correlated with the severity of PD or other
non-motor symptoms. The depression- and anxiety-specific deficits of adaptation learning
to the contingency represented by the computational parameters provide more insight into
the nature of learning disturbances in patients with PD. The computational predictors
detected in this study may facilitate early detection and contribute to future individualized

treatment of the two symptoms comorbid to PD.

5.1 Introduction

Parkinson’s disease (PD) is a chronic, progressive neurodegenerative disorder due to the
loss of dopaminergic neurons within the substantia nigra located in the midbrain [172].
It is the second most common neurodegenerative disease, with approximately 2% of the
world’s population aged 65 years or older afflicted by it [173]. While classically defined as
a movement disorder that is characterized by degeneration of mobility and muscle control,
the neurotransmitter deficits in PD can also lead to various non-motor symptoms that have
great impacts on motivational drive and reward processing behavior, which themselves are
fundamental to the learning of new responses and decision-making.

As introduced in Chapter 2, a broad body of theoretical and empirical evidence has
suggested that phasic activity of the midbrain dopamine system is critical to incremen-
tal experience-based learning and decision-making [78], [87], [88], [174], [175]. The
dopamine neurons are known to encode a reward-related signal called reward prediction
error that indicates a discrepancy between obtained and expected reward values. This
prediction error, in turn, is thought to play a key role in rewarded learning and has gained

widespread use in temporal difference models of learning that are driven by reinforcing
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rewards [58]. Electrophysiological studies in primates showed that reward elicits phasic
dopamine increases, whereas aversive feedback leads to phasic dopamine decreases in
midbrain dopamine neurons. In other words, the reduction of phasic dopamine responses,
due to a decrease or an excessive increase of dopamine level, could negatively affect
prediction error and, consequently, impair reinforcement learning and decision-making.
Thus, the degeneration of dopamine cells in PD, which not only reduces the tonic level
of dopaminergic activity but also impairs phasic dopaminergic activity, has been associ-
ated with impaired reward-based learning [176]-[178]. Although the administration of
dopaminergic medication ameliorates the motor deficits in PD, according to the overdose
hypothesis, the excessive supplement of dopamine may prevent dopamine dips that are
critical for error detection, thus leading to a specific impairment in learning from negative

feedback [177].

Multiple controlled medication withdrawal studies in PD have tested the ON/OFF
state of medication on various types of learning and decision-making paradigms [179],
[180]. ON state is defined as when patients are mobile with a lessening of the parkinsonian
symptoms, whereas OFF condition is when the antiparkinsonian medications are wearing
off and parkinsonian symptoms reappear, i.e. patients show classical tremor or akinetorigid
presentations [181]. Compatible with the overdose hypothesis, a predominant finding was
that dopamine medication in PD enhanced reward-based learning that involves learning to
select responses that lead to rewards, while reduced punishment-based learning that leads to
negative outcomes in probabilistic learning paradigms [182]-[186]. Additionally, patients
with PD have been found to have difficulty learning the action-outcome contingency
reversals, particularly from the negative outcomes in reversal learning paradigms, and
to be more likely to commit perseveration errors while making decisions in a medicated
state. These effects were compelling, both theoretically and empirically, but several recent
studies have failed to replicate them [187], [188]. While at first puzzling, this variability
in the effects of dopaminergic medication is perhaps not so surprising. It concurs with
extensive evidence from the field of clinical psychology that the neuropsychiatric non-

motor symptoms, e.g. depression and anxiety, which are highly prevalent in PD, have been
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independently associated with altered reward processing among the general population
without PD [189]-[192]. However, knowledge about the influence of these psychiatric

factors on reinforcement learning in the PD population is limited.

The impact of the neuropsychiatric symptoms like depression and anxiety extends
far beyond mood symptoms in PD: earlier initiation of dopaminergic therapy, greater
functional disability, faster physical and cognitive deterioration, increased mortality, poorer
quality of life, and increased caregiver distress [193], [194]. However, in clinical settings,
depressive and anxious disturbances are often under-recognized and, even when identified,
frequently under-treated [195]. For example, one of the reasons for the difficulty of detec-
tion of depression and anxiety among patients with PD is that many somatic symptoms of
these two syndromes are also evident in patients with PD without depression and anxiety
disorder [196]. Pathophysiological changes involved in the pathogenesis of PD are also sus-
pected to play a prominent role in depression in the general population. A prevailing model
for the development of depression in PD proposes that the degeneration of mesocortical
and mesolimbic dopaminergic neurons causes orbitofrontal dysfunction, which disrupts
serotonergic neurons in the dorsal raphe and leads to dysfunction of depression-related
orbitofrontal-basal ganglia-thalamic circuits [197]. In fact, the interaction between depres-
sion heralding PD and incidental depression after the diagnosis of PD is complex and a
unified pathophysiological model of depression in PD is lacking. Moreover, treatment of
non-motor symptoms is often difficult and may either improve or worsen under dopamin-
ergic replacement therapy used to alleviate motor symptoms. In order to develop and
improve treatments for non-motor symptoms, it is necessary to enhance our understanding

of the mechanisms underlying non-motor symptoms like anxiety and depression.

In this study, we ask how the non-motor symptoms, particularly depression and anxiety
symptoms, may contribute to the learning deficits in PD. We aim to identify the corre-
lation by conducting a lab-in-the-field experiment using the web-based ALT, a task that
has shown good reliability and robustness for examing the relationship between anxiety
and depression and adaptation of decision-making to contingency volatility in general

population without PD [198]. The web-based nature of the experiment allows the patients
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to provide assessment data using their internet-enabled hardware without an extra clinical
interview, which is particular valuable for patients with PD who may have difficulties in
moving and traveling. Computational-based analysis allows us to distinguish between
different potential causes for impairment in dealing with the uncertainties involved in the
ALT. Two sources of uncertainties have been formalized in the literature of computational
modelling. One source of uncertainty is the noise in the relationship between actions
and outcomes, while the second source of uncertainty is the changes in action-outcome
contingencies in the underlying structure. Subjects are supposed to adopt higher learning
rates when action-outcome contingencies are volatile (i.e. the second-order uncertainty is
high) than when contingencies are stable (i.e. the second-order uncertainty is low). Failure
to adapt learning rates correctly to the source of uncertainty present in a given situation
may result in inaccurate predictions and suboptimal decisions. Depression and anxiety in
the general population have been associated with impoverished adjustment of learning to
volatility. Our question is whether this association can be generalized to the depressive
and anxiety symptoms of the PD population and whether PD itself leads to such deficits in
the adaptation of learning to contingency volatility. If such deficits are unique predictors
for depressive and anxiety symptoms, the altered computational phenotypes may facilitate
early detection and the development of the optimal care that is needed for patients with

these disturbances in PD.

5.2 Methods

5.2.1 Recruitment

PD subjects were recruited by the practitioners involved in the General Neurology and
Movement Disorder Program, Foothills Medical Center, Alberta Health Services in the
Calgary area, in the state of Alberta, Canada. Men and women patients in any phase of the
disease, who accepted to participate in the study and signed the informed consent form
were included. All patients were under dopaminergic medication. Inclusion criteria include

the diagnosis of idiopathic Parkinson’s disease according to the UK Brain Bank diagnostic
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criteria [199]. Exclusion criteria include patients with a diagnosis of dementia (Montreal
Cognitive Assessment < 20), participants who cannot engage with the decision-making
tool and participants who are unable to speak or understand English. This is a correlational
study. No healthy controls were involved for comparison since patients with PD in this
study were required to do a simplier version of the ALT to reduce their burdern and
therefore a control group comparison was not possible. The study was approved by the
human research ethics committee of University of Calgary. Participants Subjects were
advised both verbally and in the written plain language statement and informed consent

when they were recruited in the study.

5.2.2 Study Design

The primary outcome will be the relationship between the ability to adjust the learning
rate to contingency volatility and the presence and severity of non-motor symptoms of
PD, including depression, anxiety, apathy, pain and fatigue. Symptom evaluation was
administered during the clinical interview using validated instruments because appropriate
training in the administration and scoring of the scale is necessary to obtain reliable scores
for some of the instruments [200]. Additional information collected included demographic
information (age, sex and gender, educational level, cultural background, occupation),
medical history and a list of medications. The entire duration of the visit was 60-90
minutes. The adaptive learning ability was assessed with the web-based ALT, which means
the patients could choose to complete the task at a time and location of their own choices

without supervision from the practitioners.

* The Parkinson Disease Questionnaire (PDQ) is a PD-specific health status and
quality of life questionnaire and is the most frequently used disease-specific health
status measure in clinical trials. It comprises 39 items assessing how often people
with Parkinson’s experience difficulties across 8 dimensions including mobility
(10 questions), activities of daily living (6 questions), emotional well-being (6
questions), stigma (4 questions), social support (3 questions), cognition (4 questions),

communication (3 questions), and bodily discomfort (3 questions) [201]. Patients are
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requested to answer the questions based on how often (from never to always) they
have experienced the problem defined by each item during the past month because

of their PD.

MDS-Unified Parkinson’s Disease Rating Scale (MDS-UPDRS) is the most used
tool for rating PD. It has four parts: Part I (non-motor experiences of daily life), Part
IT (motor experiences of daily life), Part III (motor exploration) and Part IV (motor

complications).

Hamilton Depression Rating Scale (HDRS) is the most widely used and accepted
interviewer-rated measure for evaluating the severity of the illness in patients suf-
fering from depression without somatic comorbidity. The discriminant validity,
sensitivity, specificity, and test-retest reliability of HDRS are very high. The original
version contains 17 items pertaining to symptoms of depression experienced over
the past week. Cutoff scores of 9/10 [202] and 11/12 [203] to screen for depression
in PD, and 15/16 [202] and 13 /14 [203] to diagnose major depressive disorder have
been suggested. Using these cutoffs, sensitivity, specificity, and positive and negative
predictive values for a DSM-IV diagnosis of major depressive disorder in PD have
been found to be acceptable. It has been demonstrated to be sensitive to change in
patients with PD [204], [205] and to correlate with biological markers of depression

in PD.

Hamilton Scale for Anxiety (HAM-A) is one of the first rating scales developed
to measure the severity of anxiety symptoms and is still widely used today in both
clinical and research settings. The scale consists of 14 items, each defined by
symptoms, and measures both psychic anxiety (mental agitation and psychological
distress) and somatic anxiety (physical complaints related to anxiety). Each item is
scored on a scale of 0 (not present) to 4 (severe), with a total score range of 0 — 56,
where < 17 indicates mild severity, 18 — 24 mild to moderate severity and 25 — 30
moderate to severe severity. It has been demonstrated good psychometric properties

and internal consistency in patients with PD with general anxiety disorder [206].
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» King’s Parkinson’s Disease Pain Scale (KPPS) is a reliable and valid scale for
grade rating of various types of pain in PD. It is a scale developed in 2015 by
Chaudhuri et al. [207], to assess pain specifically in the PD population. This
rater-based 14-item scale measures the severity and frequency of pain in 7 various
domains. Each item is scored by severity from O (none) to 3 (very severe) multiplied
by frequency from O (never) to 4 (all the time) resulting in a subscore of 0 to 12, the
sum of which gives the total score with a theoretical range from 0 to 168. Acceptable

psychometric properties in PD have been reported for this scale.

* The Starkstein Apathy Scale (SAS) is the most used psychometric tool for assessing
apathy in patients with PD. The SAS consists of 14 items (total score range 0 —42;
higher scores indicate more severe apathy) phrased as questions to be answered on a
four-point Likert scale (intensity scores: not at all, slightly, some, a lot). In the first
eight questions, the "not at all" answer corresponds to severe apathy; for questions
9 — 14, the intensity scores are reversed, such that the "a lot" answer corresponds to

more severe apathy.

* The web-based ALT In order to reduce the burden for the patients with PD consid-
ering about their health conditions, the number of trials of the task was reduced to
120 trials, including 60 stable trials and 60 volatile trials. Other features remained

unchanged as described in Chapter 3

5.2.3 Model-agnostic Behavioral Analysis

For each participant, we measured four basic trial-by-trial model-agnostic behavioral
metrics: (1) the probability of choosing the favorable option with a lower probability
of stealing (correct choice), (2) the probability of choosing the option with a smaller
stealing magnitude (smaller choice), (3) the proportion of trials in which the participant
selected a different choice after suffering from loss in previous trials (loss-shift), and (4)
the proportion of trials in which the participant stayed with the same choice when there

was no loss in previous trials (win-stay). Each of the metrics was calculated separately for
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stable and volatile blocks and was submitted to repeated-measures ANOVA analysis to
assess the impact of volatility of the environment on behavioral-level performance. Scores
of non-motor symptoms in patients with PD were added as covariates in the analysis.
Regression analysis was conducted to examine the correlation between various non-motor
symptoms and behavioral summaries of the decision-making performance on the task. The
relationship of the model-agnostic measures with the model-derived parameters (obtained

in the next step of analysis) was also examined.

5.2.4 Computational Modelling Analysis

The models considered in this study were informed by prior work. Each of the models
includes a parameter to allow for individual differences in the weighting of outcome
probabilities against outcome magnitudes, an inverse temperature parameter to allow for
differences in the degree to which choices are in line with this weighted combination of
probability and magnitude, and a learning rate parameter that captured the extent to which
participants update probability estimates given the unexpected reward loss in previous
trial’s outcome. In total, five alternative models were assessed and compared.

One important cognitive process in a probabilistic decision-making paradigm is to
evaluate the SVs, integrating the probability and potential loss magnitude information.
The first model (model 1) [104] assumes that participants combine outcome probability
and outcome magnitude multiplicatively during decision-making, while the second model
(model 2) [208] supposes that participants combine them additively. Model 1 supposes
the probability F; that a bad outcome (loss of coins) would result from choosing the blue
leprechaun rather than the red leprechaun, is updated on a trial-by-trial basis using the RW

rule.

P=P+a(0 1 —P1) 5.1)

in which the learning rate o € (0, 1) determines how much weight the decision maker gives
to the recent outcomes when updating their expected probability. The outcome O,_; is

coded as 1 if the blue leprechaun was chosen and produces a bad result or if the leprechaun
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red was chosen and followed by a good result. O;_ is coded as O for the opposite situation
in the task. The initial outcome probability P; was set as 0.5.

The outcome probability estimate is then adjusted to P,/ using a risk preference pa-
rameter (Y € (0,10)) to capture the relative importance of the magnitude of losses versus
outcome probability. If y < 1, it means that the experiment participant places greater
weight on the magnitudes of losses, while if ¥ > 1, it means that the participant places

greater weight on outcome probability when performing a choice.
P = minmax[(y(P, —0.5)+0.5),0],1] (5.2)

The expected value for each leprechaun is then calculated by multiplying the adjusted out-
come probability and loss magnitude, separately, before taking the difference in expected

value between the two leprechauns.
v, =P.MPMe — (1 — P)M (5.3)

Finally, the action probabilities are generated using a softmax function with an inverse
temperature parameter 3, which controls the degree to which the expected values are used

in choosing the leprechauns.

1

1+exp(Bv) A

P(C = blue) =

Model 2 uses the same assumption as model 1 in terms of updating the outcome
probability (the RW rule). However, in contrast with model 1, model 2 assumes the
decision-makers combine outcome probability and outcome magnitude additively using a

mixture weight parameter (1).
vi= AP — (1= PB)]+ (1 —4)[MPlue — pred) (5.5)

Model 3 is the same as model 2 except it assumes participants might treat differences in

outcome magnitudes non-linearly (i.e. that they make decisions on the basis of subjective
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rather than objective outcomes magnitudes). Thus, the difference in outcome magnitude is
nonlinearly scaled with a scaling parameter (r € (0.1,10)) to capture any potential bias

that the participants have towards treating differences in outcome magnitudes in model 3.

v = AP — (1= B)]+ (1= A) [MP"e — pyeey (5.6)

The difference between model 4 and model 2 is that model 4 incorporates a choice
kernel k;. This choice kernel acts like an average window moving forward as the trials
proceed. It is updated by an update rate parameter (1 € (0,1)), which can be used to
determine the number of recent choices contained in the value of the choice kernel on the
current trial.

ki =ki—1+n(C—1 —ki—1) (5.7)

The impact of the choice kernel on choice was determined by an additional inverse

temperature parameter (@) in a softmax function:

1
1+ exp(—(@v; + olk; — (1 —k)]))

P(C = blue) = (5.8)
Model 5 incorporates both the subjective scaling of the outcome magnitudes in model

3 and the choice kernel components in model 4 based on model 2.

Decomposing Parameters into Parameter Components

In order to capture the differences in choice behavior associated with the experimental
conditions, i.e. the block type (volatile vs. stable) and relative outcome value (good
vs. bad), the core parameters were decomposed into sub-components. Specifically, the
learning rate parameter was divided into a baseline learning rate (0. ), a difference in
learning rates between the volatile and stable blocks (o), a difference in learning rates
between good outcomes and bad outcomes (0y,), and the two-way interaction of those

differences:
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104 :logit(abase + Oys Xvs + agb%gb) + OCvs><gb%(vs><gb) (59)

in which a logistic transform was applied to constrain the overall learning rate & to be
between (0, 1). This transform was also applied to other parameters that were constrained
to be between 0 and 1. Other parameters involved in the models were not decomposed
in order to avoid overfitting problems due to the introduction of too many parameters.
Additionally, there is evidence from previous studies that the task volatility manipulation

and relative outcome valence had no effect on them.

Hierarchical Bayesian Estimation of Parameters

A Hierarchical Bayesian procedure was used to estimate distributions over model param-
eters at both individual- and population-level for each alternative model. Data from all
participants was used to fit each model. Specifically, each parameter was assigned an
independent population-level distribution that was shared across participants. The standard
deviation for the population-level distribution was estimated separately for each parameter.
Posterior distributions were estimated using Hamiltonian Monte Carlo with an NoU-Turn
Sampler (HMC with NUTS) as implemented in Stan [125] via its RStan interface. The
Gelman-Rubin index R (Rhat) [209] was used to assess the convergence of the MCMC
samples. R values close to 1.00 indicate that the MCMC chains have converged to station-
ary target distributions. There were no parameters with R values greater than 1.1 (most
were below 1.01) in the process of sampling. Four chains were run with 1000 warming up
and 4000 samples each.

Estimation of parameters using both group and individual level information may
introduce dependencies among the individual level estimates, in that using participants’
parameters on an individual basis to compare against outside measures (e.g., non-motor
symptom severity) can be biased. Therefore, to examine relationships between parameters
and variables of interest, the effects were estimated within the model by introducing

another parameter to index the effect of the variable of interest. To do so, the non-motor
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symptoms were taken as covariates and entered into a regression during model estimation
to predict the mean of a parameter. It is notable that the non-motor symptoms were not fed
to the regression model together in the same model because they are highly correlated. For
example, the following analysis determines the effect of depression on the parameter that

represents the difference in learning rates between the volatile and stable blocks (a;):

05 ~ Normal (i + ByXy,0) (5.10)

Parameters were given a non-centred parameterization to increase the estimation per-
formance by specifying mean, scale, and error distributions for each parameter. The
group-level means were assumed to be normally distributed and the group-level scale
parameters were specified as half-Cauchy distributed. Error distributions, which were
estimated for each subject, were given a normal prior with mean = 0 and standard deviation
= 1. Similarly, effects of covariates (e.g. ;) were given a normal prior with mean = 0 and

standard deviation = 1.

Model Comparison

We compared the fits of different models using PSIS-LOO, which is a popular method
with which to estimate the out-of-sample prediction accuracy as it is less computationally
expensive than evaluating exact leave-one-out or k-fold cross-validation accuracy. If the
difference of the PSIS-LOO between the two models was larger than four times of the
standard error of this difference, we consider there was a significant difference between the
two models given that the five models were constructed through the inclusion of additional
model parameters. PPC was also conducted to validate the absolute performance of the
models. Each model generated synthetic choice data per trial and per participant for 12,000
times. The probability of correct choice was chosen as the model-independent measure to
summarize both the real and the replicated choice data at three levels for comparing the
predictive performance of the models. The correlations of the model-independent measure
between the replicated data and the real data were calculated at trial level and subject

level. The Bayesian p-value was calculated at the overall level. The winning model was
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used to make inferences about the relationships between task performance and non-motor

symptoms. Each model was estimated using the same hierarchical Bayesian procedure.

5.3 Results

5.3.1 Demographic and Clinical Data

Participants included 38 patients with a diagnosis of PD (20 males). The mean age was
62.70(£9.63) years and the mean disease duration of the participants was 5.6 (+3.95) years
(see Table 5.1 for listed details of the demographic and clinical data). The UPDRS part III
(the physical exam) could not be administered because in-person visits were not allowed
during the pandemic. The scores on the other subscales of UPDRS and the Levodopa
Equivalent Dose (LED) are reported here as an indicator of the severity of PD. The severity
of depression symptom was significantly correlated with the severity of anxiety symptom
(r=0.73,p < 0.001). Both of them were significantly correlated with the severity of
pain respectively (depression: r = 0.57, p < 0.001; anxiety: r = 0.50, p = 0.002). The
apathy symptom is weakly correlated with the other three symptoms. All of the non-motor
symptoms listed here are positively associated with the severity of PD as represented by
the total score of UPDRS (depression: r = 0.66, p < 0.001; anxiety: r = 0.78, p < 0.001;
pain: r = 0.61, p < 0.001; apathy: r = 0.45, p = 0.005) instead of the LED.

Table 5.1: Basic demographic and clinical details of the participants

Number of participants (Total N) 38
Female (N) 20
Age (mean = sd) 62.7+9.63
Disease duration (mean =+ sd) 5.61£3.95

LED (mg/day mean =+ sd) 757+519

PDQ (mean =+ sd) 37.294+20.89
UPDRSI (mean =+ sd) 12.66 +£6.32
UPDRSII (mean = sd) 12.05+£6.57
UPDRSIV (mean = sd) 6.97+4.12
HDRS (mean + sd) 9.08+5.35
HAM-A (mean =+ sd) 14.26 +7.50
KPPS (mean =+ sd) 23.45.294+18.77
SAS(mean =+ sd) 12.81 £6.12
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Figure 5.1: The proportion of trials selecting the option with a lower probability of yielding
losses and with smaller loss magnitudes and the proportion of trials shifting when receiving
or not receiving losses respectively. Each dot represents a participant and error bars
represent 1SEM.

5.3.2 Model-agnostic Analysis

We examined several aspects of the choice data to investigate the learning patterns of
patients with PD that are independent of the formal computational models (see Figure
5.1). Participants made significantly fewer correct choices in the volatile block compared
to that in the stable block (F = 39.55,P < 0.001), while the preference for choosing the
smaller options was not significantly changed transferring from stable to volatile block
(F =0.05,P =0.82). Participants were more likely to shift to the other option in the volatile
block after being stolen by the leprechaun (F = 16.65,P < 0.001), while the tendency
of shifting was stable across blocks when there was no loss caused (F = 2.96, p = 0.09),
indicating that participant behavior was more sensitive to bad outcomes in the volatile than
the stable environment, as an agent with a higher learning rate would be.

The relationship of the model-agnostic measures of behavior with the PD and the
non-motor symptom severity was also explored in this section. The difference of the
proportion of choosing the correct choice (diff;,,rcr) Was slightly negatively correlated

with all of the three non-motor symptoms (depression: r = —0.38, p = 0.019; anxiety:
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r=—0.36, p = 0.028; apathy: r = —0.4, p = 0.013). The difference of the proportion of
loss-shift measure (diffy,_gi7;) Was non-significantly related to depression and apathy
scale, but slightly negatively correlated with anxiety level (depression: r = —0.3, p = 0.065;
anxiety: r = —0.37, p = 0.023; apathy: r = —0.21, p = 0.2). The proportion of choosing
the smaller options (smaller) throughout the task was not correlated with any of the non-

motor symptoms. Particularly, none of the behavioral metrics was predicted by the severity

of PD.

5.3.3 Computational Modelling Analysis
Model Comparison

We fitted five models to the data. Model 1 and model 2 were compared to investigate
how participants integrated outcome probability and outcome magnitude (additive or
multiplicative) while calculating the SVs. We observed that the additive model fitted
participants’ choice behavior better (model 2 PSIS-LOO = 4,523 vs. model 1 PSIS-LOO
= 4672; difference in PSIS-LOO = -149; standard error of difference = 56). This finding
is consistent with findings from multiple studies where additive models have also been
reported to fit choice behaviour better than expected value models [198], [210]. Model
comparison between model 2 and model 3 revealed that allowing subjective weighting
of magnitude difference did not significantly enhance model fit (model 3 PSIS-LOO =
4521 vs. model 2 = 4523; difference in PSIS-LOO = -2.8, standard error of difference =
9.6). The addition of a choice kernel that captures participants’ predisposition to repeating
prior choices did not improve the model fit either based on the comparison results between
model 2 and model 4 (model 4 PSIS-LOO = 4526 vs. model 2 = 4523; difference in
PSIS-LOO = 2.8; standard error of difference = 6.4). Incorporating both subjective effects
of weighting magnitude difference and choice kernel in model 5 did not improve the model
fit either (model 5 PSIS-LOO = 4517 vs. model 2 = 4523; difference in PSIS-LOO = -6.2;
standard error of difference = 10.6). The results of the PPC were consistent with the results
of the LOOCYV analysis (Figure 5.2 shows the PPC results plotted at three levels for model

1 and model 2.). The correlation coefficient between the replicated data and the real data
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for model 2 was significantly improved compared to that for model 1 no matter at trial level
or individual level (model 2, ryjq; = 0.85, P < 0.001, rgpjecr = 0.95, P < 0.001, Bayesian
Poveran = 0.04; model 1, ryjqp = 0.83, P < 0.001, rgpjece = 0.90, P < 0.001, Bayesian
P,verani = 0), while the correlation coefficient for model 3, model 4, and model 5 was not
obviously changed compared to that of model 2. As a result, model 2 was selected as the
final model in the following analysis.

Model 1

1 70)

7 = mean

Data: correet choice(%)

Figure 5.2: Model validation with PPC on the model-independent measure of the prob-
ability of choosing the correct choice for model 1 and model 2. (a) Trial-level model
predictions plotted against actual data. Shaded area depictes the 95% HDI of the posterior
distribution. (b) Subject-level model predictions compared with actual data, in relation to
the identity line. Error bars depicted the 95% HDI of the posterior distribution. (c) Grand
average model prediction across trials and participants.

Effects of Experimental Manipulation on Learning Rate

Having selected model 2, we fitted this model to participants’ choice behavior and estimated
distributions over model parameters at both individual- and population-level. Here, we
used the posterior distributions over the group mean for each learning rate component
to examine whether learning rate varied as a function of block type (volatile or stable),
and relative outcome value (i.e. trials following good or bad outcomes). Figure 5.3
shows the posterior means, along with their 95%-HDIs for each parameter component. If
the 95% HDI for a given effect does not cross zero, the effect is considered statistically

credible. The effects of block type and relative outcome value upon learning rate were
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Figure 5.3: Effects of block type (volatile vs. stable), and relative outcome value (good vs.
bad) on learning rate (n = 38). It shows the posterior means along with the 95% HDI for
the group means (i) for each learning rate component (i.e. for baseline learning rate and
the change in learning rate as a function of each within-subject factor and their two-way
interactions). The 95% posterior intervals excluded zero for the effect of block type upon
learning rate (i.e. the difference in learning rate for the volatile versus stable task blocks
a,5). This was also true for the effect of relative outcome value, that is, whether learning
followed a relatively good (no stealing) or relatively bad (being stolen) outcome (0tg,).
Participants showed higher learning rates during the volatile block than in the stable block
and on trials following good versus bad outcomes.

statistically credible; that is, their HDIs did not cross zero (block type o, yu = 0.43,
95%-HDI = [0.03,0.87]; relative outcome value 0y, pt = 0.81, 95%-HDI = [0.47,1.17)).
Participants had higher learning rates during the volatile block than in the stable block
and higher learning rates on trials following good versus bad outcomes. The two-way
interactions of the two variables were not statistically credible (4 = —0.19, 95%-HDI

= [—0.46,0.07)).

The Correspondence between Model-derived Parameters and Model-agnostic Mea-

sures

To broadly examine the relationships between model-derived parameters and model-
agnostic measures of behavior, individual estimates of the mean values for each parameter
were extracted and compared to the model-agnostic behavioral measures. These analyses
confirmed expected relationships between these model-based and model-agnostic measures
(see Figure 5.4). The difference of the proportion of choosing the correct choice (diff.,;recr)

and the difference of the proportion of loss-shift (diff;,ss— i 1) Were both strongly positively
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correlated with the learning rate component (o) that represents the difference in learning
rate between the stable and volatile blocks (diffcoyrecr: ¥ = 0.52, p < 0.001; diffy 55 gpifs:
r =0.53,p < 0.001). This result was as expected because these two behavioral metrics
reflect to which extent the participants updated their learning strategy when the contingency
volatility was changed, which was similar to the meaning of ¢,s. The overall proportion of
choosing the smaller choice was strongly negatively correlated with the risk preference
parameter 7y that was assumed to be the same in the stable and the volatile block. The larger
the y was, the more weight the participants put on the outcome probability compared to
the potential loss magnitude, thus, it makes sense that the fewer participants chose options

with smaller losses.

” i
R=0.53,p=0.00059 * . . R=0.52,p=0.00074 . 3 R=0.18,p=0.29 . ®

02 03 -0.4 -0.2 0.0 05 1.0 15

0.0
01 0.0 01 02 03 04 02 00 05 0 5
diff_ioss.hin iff_corract smaller

Figure 5.4: Relationship of model parameters with model-agnostic summaries of behavior.

Impacts of Non-motor Symptoms on Learning Patterns

In order to investigate if the presence of deficits in adaptive learning was affected by PD or
the non-motor symptoms in PD, we explored whether the difference in learning rate be-
tween the volatile and stable blocks varied as a function of the PD severity or its non-motor
symptoms. Examining learning rate difference between blocks &, the 95%-HDI both for
the depression and anxiety regression coefficient excluded zero (Figure 5.5a, B; = —0.48,
95%-HDI= [—0.88,—0.07]; Figure 5.5b, B, = —0.46, 95%-HDI= [—0.90,—0.05]). In-

dividuals with lower levels of depressive and anxiety symptoms adjusted their learning
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rates between the stable and volatile task blocks to a greater extent than individuals with
higher levels of depressive and anxiety symptoms. Both the estimates for the main ef-
fect of relative outcome value (0g; B = —0.03, 95%-HDI= [—0.46,0.40]; B, = —0.28,
95%-HDI= [—0.62,0.05] and the interaction between block type and relative outcome
were not credibly modulated by depression or anxiety symptoms (Gysx gp; Bg = —0.15,
95%-HDI= [—0.47,0.15]; B, = 0.05, 95%-HDI= [—0.22,0.30)).

The other two non-motor symptoms, apathy and pain were not associated with
the adaptation of learning rate (Figure 5.5c, B,, = —0.67, 95%-HDI= [-0.81,0.11];
Figure 5.5d, B, = —0.46), 95%-HDI= [—0.90,—0.05]), although the apathy severity,
like depression and anxiety, was associated with increased risk preference value (7;
Ba = 0.77, 95%-HDI= [0.01,1.60]; B, = 0.88, 95%-HDI= [0.09, 1.69]; B,, = 0.99, 95%-
HDI= [0.21,1.81]). It was also found that the measures that the severity of PD did not
contribute to the less extent of adjustment of learning to volatility and it did not alter the

risk preference parameter either (Figure 5.5¢).

5.4 Discussion

We examined how patients with PD performed in terms of adaptation of learning rates
to contingency volatility in a lab-in-the-field design and if their performance could be
attributed to the severity of the PD or the non-motor symptoms in PD in this case study.
We modelled participants’ performance on a web-based aversive version of probabilistic
decision-making under volatility task using the hierarchical Bayesian framework. Our
results suggested that overall, patients with PD, like the healthy populations without PD
reported in other studies [103], were able to rationally adapt their learning about aversive
outcomes on the basis of whether action-outcome associations were volatile or stable. The
effects of the variables of interest were examined within the model by incorporating other
population-level parameters that captured variance attributable to each of the covariates.
The severity of the depression and anxiety symptoms in patients with PD were uniquely
associated with impoverished adaptation of learning to volatility among the other non-

motor symptoms and the PD itself, but this association was not modulated by the adjustment
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Figure 5.5: Effects of the severity of PD and the severity of non-motor symptoms of PD on
the cognitive parameters. The posterior means and 95% HDI for the effect of depression
(Ba), anxiety (B,), apathy (B,)), pain (B,,) symptoms, and the severity of PD (f3,) on each of
the cognitive parameters were shown respectively. The depressive and anxiety symptoms
uniquely and credibly modulated the extent to which learning rate varied between the stable
and volatile task block (as; By = —0.48, 95%-HDI= [—0.88, —0.07]; B, = —0.46, 95%-
HDI= [—0.90,—0.05]). The depressive, anxiety and apathy symptoms were all significant
correlated with the risk preference parameter (y; B; = 0.77, 95%-HDI= [0.01,1.60];
B. = 0.88, 95%-HDI= [0.09,1.69]; B4, = 0.99, 95%-HDI= [0.21,1.81]).
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to relative outcome domain. This finding is in line with the existing findings observed
in the general population without PD, in which decreased ability to appropriately adjust
updating of outcome expectancies between stable and volatile environments represented a
common vulnerability linked to both anxiety and depression [104], [198], [211]. A more
thorough understanding of the relationship between learning and decision-making and the
neuropsychiatric symptoms, like depression and anxiety, will provide greater insight into
the nature of decision-making disturbances in patients with PD and influence new strategies
to help people with this condition. Thus, our findings may facilitate early detection and
add future tailored therapeutic interventions and thereby promote accurate treatment of
these two neuropsychiatric disorders comorbid to PD. Since the altered computational
predictors of the deficits have been linked to the activity levels in anterior cingulate [103]
and broader frontal-striatal circuits [212] in neuroimaging studies, the results of this study
are also useful in terms of enhancing our understanding to the pathology of these two

symptoms in PD.

Although with discrepancies, it has been reported that patients with PD were markedly
deficient with respect to the integrity of probabilistic reversal learning, which is comparable
to the volatile block of the ALT used in this study, in patients with PD ON/OFF medication
[178], [182], [188]. Most of them did not take the non-motor symptoms, such as anxiety
and depression, which are potential confounding factors contributing to the learning deficits,
into consideration and none of them has detected particular learning and decision-making
impairments that are specifically attributed to the non-motor symptoms. Given that the
decreased adaptation of learning to volatility was credibly explained by the severity of
the depression and anxiety symptoms of patients with PD instead of the disease itself in
this study, the discrepancies of the reversal learning deficits in PD might derive from the
differences in terms of the severity level of depression and anxiety among the patients. It is
necessary to exclude patients with such psychiatric disorders when exploring the influence

of dopaminergic medication on feedback learning in future studies.

An extra finding of this study was that the severity of depression, anxiety, and apathy

symptoms in patients with PD were associated with the risk preference parameter. The
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higher the symptom scores were, the more the participant depended on the outcome
probabilities of the alternatives compared to the loss magnitudes. In other words, the
patients with a higher level of depression and anxiety not only were less able to adjust
their learning rates to obtain accurate estimations of the loss probability of each option,
but they were also more reliant on the wrong estimated probabilities when integrating the
probability and magnitude information. An inability to adapt learning rate to current levels
of volatility and an elevated reliance on the wrong estimated probabilities collaboratively
resulted in patients with PD with higher depression and anxiety levels being less able to
determine the best course of action when faced with unexpected outcomes, thus leading
to poor decision-making. We did not identify similar effects of severity of PD itself or
other non-motor symptoms on the adaptation of learning to contingency volatility and risk

preference.

The measures of learning pattern and risk preference that are independent of formal
computational models were also investigated by assessing the correspondence between the
model-derived parameters and model-agnostic measures of behavior and the relationships
between the model-agnostic measures and non-motor symptoms of PD. Patients selected
a smaller number of correct options and increased their loss-shift rate in volatile blocks
relative to stable blocks. This is consistent with the results of the computational modelling
analysis that revealed a significantly elevated learning rate for the volatile versus stable task
blocks. In fact, the increase of the loss-shift strategy adopted in the volatile relative to the
stable block significantly corresponded to the elevated learning component that represents
the difference in learning rate between the stable and volatile blocks. Nevertheless, unlike
the strong effects of depressive and anxiety symptoms on the computational parameters that
represent the learning strategies, relative weak effects were identified upon the superficial
behavioral-level change of loss-shift rate. The proportion of choosing options associated
with smaller magnitudes was constant across the stable and volatile blocks, indicating the
risk preference was not affected by the volatility of the environment. The preference for
options with smaller loss magnitudes was significantly correlated with the risk preference

parameter, i.e. the larger the risk preference parameter, the less weight was put on loss
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magnitudes, and the less the participant choose the options with smaller magnitudes.
Combining the results from the computational modelling analysis, patients with a higher
level of depression, anxiety and apathy level demonstrated a tendency for risk-seeking,
although, unlike the risk preference parameter, the behavioral preference for smaller losses
was not correlated with any of the non-motor symptoms of PD. These analyses confirmed
the expected relationships between these model-based and model-agnostic measures. The
diminished effects of the depressive and anxiety symptoms on the traditional behavioral
summaries illustrated how the model-derived measures facilitate the detection of significant
findings even with a relatively smaller sample size and noisier web-based experimental

design.

5.5 Conclusion

In summary, this study identified depression- and anxiety-correlated deficits on adaptation
learning to the contingency volatility in patients with PD. It is worth noting the signifi-
cance of extending the lab-in-the-field methodology to this special group who may have
difficulties attending to clinical interviews due to their limited mobility abilities. This case
study also demonstrated the versatility of using computational models to detect potential
decision-making deficiencies of various population. Like we concluded in the chronic pain
case study, before using the objective decision-making measures as a daily self-checking
tool for the patients, more rigorous testing and comparison in various settings is required

to validate their equivalence in the lab and field.
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Chapter 6

The Effects of Tinnitus in Probabilistic

Learning Tasks: an EMA study

In this chapter, we implemented a proof-of-concept EMA study for the assessment of tinnitus
experience and its impact on decision-making. The web-based decision-making paradigm,
along with the momentary emotional states and tinnitus symptoms were repeatedly sampled
at moments with high temporal resolution. Tinnitus is a disease characterized by irregular
circadian rhythms and it has been reported to have negative impacts on cognition. Patients
with this disease might have stochastic fluctuations in symptom and cognitive function
that cannot be easily predicted. The longitudinal EMA experimental design allowed
us to link the momentary computational phenotypes of decision-making to real-time
psychological state and tinnitus distress. Eight tinnitus patients were recruited with the
help of staffs of tinnitus clinics. The mobile app AthenaCX was applied to deliver both
the baseline tinnitus and psychological assessments and the regular EMA of perceived
tinnitus symptoms. The web-based ALT was triggered based on participants’ responses to
the EMA questions. Participants demonstrated relatively high response rates, suggesting
that it is feasible to incorporate behavioral paradigms in EMA studies thus to examine
if the computational phenotypes of decision-making are static traits of an individual or
fluctuate with the momentary variables. The mixed effect modeling analysis revealed

that, instead of being a stable feature, the primary computational phenotype of interest,
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which captured participant’s adjustment of learning rate to volatility, reduced when the
tinnitus stressfulness was relatively higher. This result has implications to the future
research in which decision-making paradigms are involved to measure human behavior. It
is necessary and important to shore up equivocal between-subject effects through within-

person analysis.

6.1 Introduction

6.1.1 Background

Tinnitus is an increasingly significant health concern characterized by the perception of
sound in the absence of external stimuli [213]. It has been reported by the American
Tinnitus Association that roughly 15% of the public, more than 50 million people in the
United States, suffer from some forms of tinnitus, with 20 million people struggling with
burdensome chronic tinnitus, and over 2 million characterized as extreme and debilitating
cases [214]. A recent large research study conducted by Stohler et al. [215] revealed
an increasing incidence rate of tinnitus between 2000 and 2016. It was reported that the
number of people living with chronic tinnitus is set to increase by more than half a million
over the next decade, emphasizing a potentially increasing burden on the health care
system. Particularly, the challenges associated with responses to the COVID-19 pandemic
increased tinnitus distress in case people perceive the situation as generally stressful with
increasing grief, frustration, stress and nervousness [216]. In fact, the British Tinnitus
Association has reported a rapid increase in the number of people accessing their services,
with a 256% increase in the number of web chats from May to December 2020 compared

with the same period in 2019.

6.1.2 Tinnitus and Cognitive Impairments

Although most tinnitus patients can cope well with the condition, managing to minimize
its impact on their life, approximately 20% of individuals can be characterized as being

severely debilitated by their symptoms [217], [218]. Recently it has been proposed to
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differentiate between "tinnitus" to describe the auditory phantom perception and "tinnitus
disorder" for the description of the auditory component plus the associated suffering [219].
Although neuroimaging evidence is emerging that tinnitus is associated with abnormal
functioning of the central auditory system [218], [220], [221], epidemiological studies
have revealed that the perceived sound typically associated with the condition is not
the only symptom. This suggests other pathological elements may be associated with
the condition. For example, the experience of tinnitus is related to a significant decline
in cognitive functions, such as working memory and attention [222], [223], learning
[224], and cognitive speed [225], leading to an obvious decrease in quality of life. This
involvement of non-auditory impairment is reflected by the fact that tinnitus is not only
related to abnormal functioning in auditory, but also in non-auditory brain areas, for
example the prefrontal cortex and the anterior cingulate cortex [226], which play crucial
roles in learning and decision-making [227]. Earlier studies that investigated cognitive
impairments caused by tinnitus were mainly in the domains of attentional process and
memory bias and the findings were largely based on patients’ self-report behavioral and
emotional responses to neuropsychological tests [224], [228]. Andersson et al. [229],
[230] were among the first to adopt experimental techniques from cognitive psychology,
1.e. the Stroop test, to measure selective attention in this context. Subsequent studies using
similar methodologies further corroborated their findings that tinnitus depletes attention

resources and results in compromised cognitive performance [225], [229], [231].

6.1.3 The Relationship between Tinnitus, Cognition and Psychologi-

cal Disorders

Apart from impairments in cognition, it has been documented that tinnitus patients may
suffer from a variety of psychological disorders such as depression and anxiety. Holgers
et al. [231] found that the occurrence of depression and anxiety among a population
suffering from severe tinnitus was significantly higher than that of the general population.
Similar results were obtained in [232] where subjective tinnitus severity demonstrated

a strong correlation with psychological distress measured by the Hospital Anxiety and
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Depression Scale. As a result, the identification of depression and anxiety disorders is
of significant importance in the management of tinnitus patients as these comorbidities
should be specifically treated [233].

It is widely recognized that the relationships between tinnitus and psychological
variables are complex. For example, it is unknown whether cognitive impairments are
caused by severe tinnitus directly, or if psychological factors are also involved given that
there is growing evidence for cognitive dysfunction in depression and anxiety. In other
words, cognitive impairments among those with tinnitus may not simply be the result
of tinnitus but the co-occurrence or mediation of high-level of anxiety and depression.
Alternatively, tinnitus may lead to anxiety and emotional distress that, in turn, disrupts
cognitive processes. Understanding the origin and underlying mechanisms of tinnitus and
tinnitus related impairment is therefore a significant challenge for current basic research.
Psychological factors, along with impairments in cognition, have been considered as
covariates to predict self-reported tinnitus severity. Interestingly, although both were
identified as significant predictors of tinnitus severity, the decline in cognition has not been

explained so far by psychological covariates in a tinnitus population [229], [231].

6.1.4 Inclusion of Tinnitus Symptom Dynamics

Tinnitus is a subjective symptom, thus it is often difficult to measure it. The evaluation
of tinnitus can be even harder given the fact that the perception of tinnitus loudness
and distress is not constant in most cases, but varies over time [234]. It is not clear
whether the previous between-participants findings capture trait-like features of tinnitus
or state-like features associated with fluctuating tinnitus symptoms. Additionally, in the
clinical management of tinnitus patients, it is critical to have useful tools for measuring the
fluctuations of tinnitus symptoms and identifying predictors for severe tinnitus suffering.
Conventional cross-section experimental designs are not optimized for such individual-
level prediction or for the study of highly dynamic disorder like tinnitus with varying
symptom trigger between individuals. This study employed longitudinal EMA design to

explore how individual-level moment-to-moment changes in tinnitus symptoms affects
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decision-making performance on the web-based ALT. Tinnitus symptoms in the current
moment are sampled multiple times per day via self-report questionnaires and the decision-
making task is triggered on several occasions based on their tinnitus severity. In contrast
to retrospective self-report measures where patients are required to recall and summarize
their tinnitus experience in the past one or two weeks, an EMA focuses on the current
moment, minimizing the potential for recall bias and increasing ecological validity. The
use of EMA in tinnitus studies has increased with the development of mobile applications
and the growing availability of smartphones [235]-[238]. The mobile app, AthenaCX
[239], introduced in Chapter 3, is used in this study to automatically send notifications to
the participants at several time points during the day requesting that they complete a state
questionnaire asking about their current tinnitus symptom levels.

In summary, we aim to delineate the within-subject correlation between tinnitus and
cognitive impairments in this study, leveraging the flexible and powerful EMA tools. We
hypothesize that tinnitus patients may suffer from cognitive degradation, thus impact
their adaptation of learning to contingency volatility in the ALT, as quantified by the
computational parameters extracted from the models constructed for this task. Given the
dynamic essence of tinnitus symptoms, the impairment-level of adaptation of tinnitus
patients may exhibit variability and is positively correlated with moment-to-moment

tinnitus severity in the longitudinal study.

6.2 Methods

6.2.1 Recruitment

Participants were recruited through clinics and tinnitus supports groups and associations.
We used an advertisement seeking for people whose lives are impacted by tinnitus. Eligible
participants are between the age of 18 to 70 years, have subjective tinnitus of 6 months’
duration or longer and have access to a smartphone device with internet capability. To
incentivize the participants to be adherent with the requests for data and in addition to

engage with the experimental decision-making task to the best of their ability, the payment
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was a gift card and the value of the card was composed of two parts, i.e. there was a basic
payment (€10) plus a variable bonus (up to €30). The bonus was determined by their
response rates and performance in the decision-making task (measured by the remaining
gold coins in each session) in the experiments. If the response rate to the EMA surveys was
higher than 50%, the participant was eligible to obtain €10 bonus. The participants were
required to complete at least 4 times of the decision-making task, each worth up to €5,
which means they would get up to €20 for completing the decision-making task. For all
participants, they needed to register their interest via the link provided in the recruitment
poster. After receiving their registration, we forwarded the instructions for joining the
experiment and asked each participant to meet the investigator online in case they had any
questions. Once recruited, we gave the participant a unique ID and a link to download
the study app AthenaCX from Google Play Store or Apple Store. Participants used the
assigned ID to enter the study app. After opening the app, they were directed to read the
Plain Language Statement and the Data Privacy Statement. Once they agreed to the terms,
they were asked to consent to the study. All communication with interested participants
was performed online. All assessments were completed inside of AthenaCX except for
the web-based decision-making task. The collected data was stored in the AthenaCX
databases, which resides on the Amazon Web Service platform in its Western Europe data
center. We also followed up with the participants on the 4th day to check if they came
across any problems of receiving notifications and to encourage them to be more positively

engaged (see Figure 6.1 for the workflow of the recruitment process).

6.2.2 Study Design

The experiment started when the participant logged in to the app and consented to par-
ticipate in the study. The complete study comprised two-phases of experiments, the
cross-sectional and the longitudinal experiment, lasting up to 2 weeks depending on fre-
quency of patient responses. The cross-sectional experiment took place right after they
logged into the app and have consented to participate. In this experiment, the participants

were required to finish several baseline assessments including the European School for
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Figure 6.1: The workflow of the recruitment process.

Interdisciplinary Tinnitus Research-Screening Questionnaire (ESIT-SQ) [240] to evalu-
ate their tinnitus-related history, State-Trait Anxiety Inventory (STAI) [241] and Major
Depression Inventory (MDI) to score their anxiety and depression levels, Mini Tinnitus
Questionnaire (MTQ) [242] to assess their baseline tinnitus severity, and an EMA ques-
tionnaire asking about their current tinnitus symptoms and emotional status. In summary,
the participants finished three instrumental surveys and one EMA survey in the baseline
assessment taking approximately 15 minutes. The last question of the EMA survey con-
tained the link to the web-based ALT, which directed the participants to their browser. The
ALT required around another 10 to 15 minutes to complete. The study was approved by

the Dublin City University research ethics committee (DCUREC/2021/070).

After finishing the baseline assessments, the longitudinal-phase of the experiment
was activated. AthenaCX started automatically presenting to the participants the same
EMA questionnaire as they had done in the baseline experiment. It was presented from
8am to 8pm three times per day and was valid for 90 minutes. Unlike in the baseline
assessment, the participants would not be presented with the ALT question until their
current tinnitus symptoms reached to the predefined thresholds. Specifically, a higher
and a lower threshold to the momentary tinnitus symptom was defined to trigger the

ALT. However, this is unknown to the participants. They were instructed to faithfully
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Figure 6.2: The pipeline of the experiment.

rate their momentary tinnitus symptom only. The participants were expected to complete
the ALT at least four times in four different time points when their momentary tinnitus
stressfulness was smaller than the lower threshold or larger than the higher threshold. If
the tinnitus symptoms did not reach the threshold, the task question would not be activated
and presented to the participants. Thus, we would notify the participants that they were
free to withdraw from the experiment whenever the task was done four times, but they
could choose to stay longer if they wished. Another termination condition was a time
limit, i.e. the experiment would be expired after two weeks no matter how much data
we collected from that subject. See Figure 6.2 for the pipeline of the experiments for the

tinnitus participants.

6.2.3 Study App

The study app AthenaCX, which has been introduced in Chapter 3, is available both for
Android and iOS users. All of the surveys in this study were delivered to the participants

in this app.
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6.2.4 The ESIT-SQ Measure

The ESIT-SQ [240] is a self-report tinnitus-relevant history questionnaire, which includes
39 multiple choice questions in total. It is structured in two parts. Part A consists of 17
questions, seven questions requiring the participant to provide details of demographics,
body characteristics, education and life-style, one question related to family history,
and nine questions asking for medical history and presence of hearing-related and other
symptoms. Part B includes 22 questions, including eight questions about tinnitus perceptual
characteristics, one general question about the impact of tinnitus, six questions about onset-
related characteristics, four questions about tinnitus modulating factors and associations
with co-existing conditions, one question on objective tinnitus and two healthcare-related

question.

6.2.5 The MTQ Measure

The MTQ [243] is the short version of the Tinnitus Questionnaire used to examine sub-
jective distress related to tinnitus. It consists of 12 questions reflecting the most pertinent
aspects of tinnitus distress with three potential answers: true, partly true, and not true, each
yielding a score from O to 2. The MTQ has shown good test-retest reliability, as well as
high validity. The MTQ score served as the primary outcome measure for tinnitus severity

in this study.

6.2.6 The STAI Measure

The STAI [241] is a commonly used measure including two, twenty-item self-report scales,
for assessing trait and state anxiety, respectively. *State anxiety’ refers to the current feeling
of the respondent, while *Trait anxiety’ refers to the general feeling of the respondent.
Items in state scale are rated on a 4-point scale from ’not at all’ to very much so’ and
items on the trait scale are rated also on a 4-point scale, but here the ordinal labels range
from ’almost never’ to "almost always’. The total score of each scale ranges from 20 to 80,

with higher scores indicating greater anxiety. Scores > 30 indicate moderate anxiety and
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scores > 45 indicate severe anxiety [244]. Internal consistency coefficients for the scale
have ranged from 0.86 to 0.95. Test-retest reliability of this inventory ranged from 0.65 to

0.75 over a 2-month interval [241].

6.2.7 The Major Depression Inventory

The MDI [242] is a 12-item, self-report measure for depression developed by the World
Health Organization’s collaborating centre in Mental health. Items contained in the MDI
reflect all symptoms of depression in the DSM-IV and the ICD-10. Each of them is rated
on a 6-point scale from "at no time’ to ’all the time’ to assess the presence of a depressive
disorder and the severity of depressive symptoms over the past two weeks. The reliability
of the MDI as a measure of depression severity is 0.89 based on the results in [245].
Scores on both STAI and BDI will be used as covariates, along with tinnitus severity to
examine the contribution of self-reported anxiety, depression toward the performance on

the cognitive decision-making task.

6.2.8 The EMA Survey of Tinnitus Symptom and Emotional Status

The EMA survey was used to allow in-the-moment responses from participants. Most
of the time, it took less than one minute to complete. It consisted of 4 questions. With
the first question, we asked the participant to rate their emotional valence raging from 0
to 10, representing very unhappy to very happy. The second question asked how much
they were concentrating on the things that they were doing before the interruption. The
participants could give their answers on a VAS be moving a slider between the endpoints
from ’Not at all’ to "Fully concentrated’. Technically, the VAS was implemented as a slider
without a pre-set initial position to avoid anchoring affects. The last two questions asked
about momentary tinnitus loudness and stressfulness. The answers were also implemented
with VAS. The extremes of the third VAS were ’Not audible’ on one side and *Maximal
loudness’ on the other side. For the last VAS the labels were *Not stressful’ on the left
side and *Maximally stressful” on the right side. We here provide the interface of the

EMA questions (Figure 6.3) on the smartphone screen as an example to demonstrate the
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Figure 6.3: The screenshots of the interface of the EMA questions on the smartphone
screen.
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Please go to the following link to complete the
Leprechaun task.

Important: Please return back to AthenaCX to
submit your responses after completing the task.

Figure 6.4: The screenshot of the task question on the smartphone screen.

implementations of the surveys on AthenaCX.

6.2.9 The Web-based Aversive Learning Task

Figure 6.4 shows the screenshot of the to-be-triggered task question based on the tinnitus
stressfulness answered in last question. There was a link embedded in the question, through
which the participant could be directed to the web-based ALT. The web-based ALT has
been introduced in Chapter 3. We are not presenting more details about it here to avoid

replication.

6.2.10 Compliance Analysis of the Longitudinal Part of the Experi-

ment

To examine the feasibility of the study design, we calculated the compliance rate of the
EMA survey (number of EMA prompts vs number completed) over the entire enrollment
period per subject. An unconditional Linear Mixed Effects (LME) model was constructed
to explore the moment-to-moment variation in the psychometric variables as assessed by

the four EMA questions. We then investigated the correlations between these variables by
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putting them together into the LME models.

6.2.11 Model-agnostic Behavioral Statistics

Similar to the analysis in the PD study, for each participant in each session, four basic
trial-by-trial model-agnostic behavioral statistics were measured: (1) the probability of
choosing the favorable option with a lower probability of stealing (correct choice), (2)
the proportion of trials in which the participant did not loss gold coins (win), (3) the
proportion of choosing the option with smaller magnitudes, and (4) the proportion of trials
in which the participant selected a different choice after suffering from loss in previous
trials (loss-shift). Each of the statistics was calculated separately for stable and volatile
blocks and was submitted to repeated-measures ANOVA analysis to assess the impact of
volatility of the environment on behavioral characteristics. The differences between the
stable and volatile statistics were calculated to represent the adaptation of the learning and
decision-making strategy on behavioral level and were utilized in the following correlation

and regression analysis.

6.2.12 Group-level Computational Phenotypes across Participants

and Sessions

The models used in this study were the same as those used in last chapter. Five hierarchical
models were fitted and the one that was best fitted with the data was chosen for the
following analysis. Data from all participants at each session was used to fit each model.
Each parameter was assigned an independent group-level distribution that was shared across
both participants and sessions. The primary phenotype of interest of the computational
modeling analysis is if the participants adapted their learning rates in response to the
change of the environment (stable to volatile block) and the outcome value (positive vs.
negative results). Thus, similar to the PD study, the dependence on experimental conditions
were represented through decomposing the learning rate parameter into components that
captured the effects of block type (volatile, stable), relative outcome value (good, bad) and

the two-way interactions of these effects.
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6.2.13 Task performance Variability and Impact of EMA Variables

To examine the variation of the task performance metrics represented by the behavioral-
level statistics and model-derived phenotypes, and across each metric with itself over time,
pairwise correlations were run across sessions for all participants. 75% of the participants
completed five times of the web-based ALT, thus the first five sessions of the task data for

each participant were utilized in this analysis.

The dataset of this EMA study has a relatively complex multilevel structure. The same
person answered the same self-report questionnaire and completed the same decision-
making paradigm multiple sessions across the study. This means the responses were not
independent. In other words, responses and task performances given by the same person
would likely to be more strongly related than responses given by two different people. The
non-independence characteristic of the multilevel data made it necessary to use mixed
effect analysis. Thus, in order to quantify how much of the variation in task performance
metrics was due to the between- vs. within-participant variability, LME models were
constructed. Each behavioral statistics and session-level computational phenotypes was
submitted to unconditional LME models as dependent variables without entering any
predictor variables and the Intraclass Correlation Coefficient (ICC) was computed using
EMATools package in R. To determine the degree to which variation in model-agnostic
statistics and model-derived parameters could be explained by within-person vs. between-
person differences in momentary tinnitus symptoms or emotional states, participant-mean
levels of emotional states and tinnitus symptoms were added to the LME models as fixed
effect predictors. Task repetition (number of times a subject had completed the web-based
ALT up to and including the current time) was also considered as a fixed effect predictor
given to examine if there was a learning effect as the repetition number of the learning task
increased. LME models were estimated using /me4 package in R. Missing data were not

imputed and were censored in analyses.
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6.3 Results

6.3.1 Demographic Data

Participants include 8 patients with a diagnosis of chronic tinnitus (2 females). All of the
patients reported that they had tinnitus on a daily basis. Overall, the participants were
moderately distressed by tinnitus, as reflected by the mean score (12.38) of the MTQ
measure. The mean age of the participants was 47.25 (£10.31) years. Detailed participants
characteristics of tinnitus and psychological status are listed in Table 6.1. Tinnitus severity
was positively correlated with both depression (r = 0.68, P < 0.001) and anxiety level

(r=0.74, P < 0.001), while it was negatively correlated with age (r = —0.71, P < 0.001).

Table 6.1: Basic demographic details of the participants

Number of participants (Total N) 8

Female (N) 2

Age (mean = sd) 47.25 £10.32
MTQ (mean = sd) 12.37 £5.40
MDI (mean =+ sd) 14.38 + 11.30
STAI (mean =+ sd) 42.88 + 14.46

6.3.2 Compliance Analysis

Participants completed a total of 202 unique EMA prompts (65.16% of all possible
EMA prompts, 25.25 per person, SD = 12.35) over the experimental period. One of
the participants completed two times of the web-based ALT, whereas all of the other
participants completed more than four times (7.25 +5.18). Figure 6.5 (a) demonstrates
tinnitus loudness and stressfulness of one sample individual varied across time points.
As expected, tinnitus stressfulness varied across moments, with 44% of this variability
attributed to within- person (vs. between-person) variation (ICC = 0.56) and tinnitus
loudness also varied across moments, with 58% of this variability attributed to within-
person (vs. between-person) variation (/CC = 0.42). Tinnitus loudness and stressfulness
were strongly associated with each other (Figure 6.5(b), in which we assume the intercept

varies randomly across individuals whereas the slope is the same for all individuals).
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The louder the tinnitus, the more stressful the tinnitus was (r = 0.62, P < 0.001, IC =
[0.52,0.71]) and 52% of the variance in the tinnitus stressfulness was due to person-to-
person variation, whereas 48% of the variance was due to within-person observation-to-
observation variation. Tinnitus loudness also had a marginal significant negative impact
on emotional state (r = —0.07, P = 0.026, IC = [-0.14,—0.01}), although most of the
variance (66%) in the emotional state came from between-participants variation. The

concentration state was not impacted by either of the momentary tinnitus-related symptoms.
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Figure 6.5: (a) Tinnitus symptom variation of one example participant. (b) Correlation
between tinnitus loudness and stressfulness.

6.3.3 Model-agnostic Behavioral Statistics

Four model-agnostic behavioral statistics were summarized to obtain a visual exploration
of the group-level learning patterns and decision-making characteristics (see Figure 6.6).
Participants chose the option with lower probability of stealing more often in the stable
block compared to in the volatile block (F(1,56) = 28.93,P < 0.001), and win more in
the stable block (F(1,56) = 14.27,P < 0.001), regardless of the order in which the two
blocks were completed (correct choice: F(1,56) =0.18, P = 0.68; win: F(1,56) = 0.05,
P = 0.82). Unlike the PD patients, tinnitus participants in this study did not demonstrate
significant higher loss shift rate in volatile block relative to stable block (F(1,56) =
0.72, P = 0.40), indicating that they were not more sensitive to the outcomes in the volatile
than the stable environment. The preference for smaller choices was not significantly

changed when the volatility of the environment was changed.
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Figure 6.6: (a) The proportion of trials choosing the option with a lower probability of
yielding losses, (b) the proportion of winning trials, (c) the proportion of choosing the
option with smaller magnitude, and (d) the proportion of trials shifting when receiving
losses for stable and volatile blocks separately for the two task schedules (schedule 1 =
stable block first; schedule 2 = volatile block first). Each dot represents one session of one
participant and error bars represent 1 SEM.
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Figure 6.7: Effects of block type (volatile vs. stable), and relative outcome value (good
vs. bad) on learning rate (sessions = 58). The 95% posterior intervals excluded zero for
the effect of outcome value upon learning rate (), i.e. whether learning followed a
relatively good (no stealing) or relatively bad outcome (being stolen). Participants showed
higher learning rates on trials following good versus bad outcomes. However, they did not
improve their learning rates in volatile block versus in stable block.

6.3.4 Group-level Computational Phenotypes across Participants and

Sessions

Five models were fitted and compared in this section. The PSIS-LOO values for each
model are listed in Table 6.2. Consistent with the model comparison results in the PD study,
additive model was significantly better than the multiplicative model (model 1 PSIS-LOO
= 10130 vs. model 2 PSIS-LOO = 9099; difference in PSIS-LOO = 1030.8, standard error
of difference = 90.8). Model 3 to model 5 in which additional parameters were added did
not significantly improve model fit (the PSIS-LOO decrease of these models compared
to model 2 was not larger than four times of the standard error of the difference). Thus,

model 2 was regarded as the best fitting model and was used in the following analysis.

Table 6.2: Leave-One-Out Information Criteria of the Five Models

Model LOOIC
model 1 10130
model 2 9099
model 3 9026
model 4 9108
model 5 9020

Figure 6.7 shows the posterior group means (across participants and sessions), along
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with their 95% HDIs for each learning rate component. The 95% HDI of the o, parameter,
which represents the effect of relative outcome value upon learning rate, did not cross
zero, thus was considered to be statistically credible (1 = 0.97, 95%-HDI = [0.78,1.17]).
However, unlike the patients with PD, tinnitus population in this study did not adopt higher
learning rates during the volatile block than in the stable block (o5, t = —0.10, 95%-HDI
= [—0.46,0.30]). The two-way interactions of the block type and outcome value were not

statistically credible either.
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Figure 6.8: (a) Pairwise correlations between behavioral statistics of task performance
across sessions and participants. The percentage of choosing the option with smaller
stealing probability (correct) and the percentage of winning were strongly correlated
win. These two metrics were moderately correlated with themselves across sessions.
(b) Pairwise correlation between model-derived phenotypes of task performance across
sessions and participants. The baseline learning rate oy, the risk preference 7, and the
inverse temperature parameter 3 were strongly correlated with themselves, whereas the
subcomponents of the learning rate did not maintain constant over time.

6.3.5 Task Performance Variability and Impacts of EMA variables

Figure 6.8 shows the pairwise correlations for the (a) behavioral statistics and (b) model-
derived parameters across sessions and participants, respectively. The numbers of the
row and column annotations represent the number of sessions the ALT was completed.
Comparing the behavioral statistics across sessions, we found the percentage of choosing
the option with smaller stealing probability and the percentage of winning metrics were
moderately correlated with themselves over sessions (correct: mean r = 0.58, SD = 0.36;

win: mean r = 0.62, SD = 0.34) and as expected, these two metrics were moderately
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correlated with each other (mean r = 0.58, SD = 0.36).

For the model-derived phenotypes, the baseline learning rate (mean r = 0.88, SD =
0.09), the risk preference (mean r = 0.74, SD = 0.18), and the inverse temperature param-
eter (mean r = 0.80, SD = 0.17) were strongly correlated with themselves over sessions,
suggesting a degree of test-retest stability in these parameters over the sessions. The learn-
ing rate component, which represents the difference in learning rates between the stable
and the volatile blocks a5, was moderately correlated with itself across sessions (mean
r =0.62, SD = 0.33). In contrast, the other two learning rate components did not keep
constant at different time points (Qg,: mean r = 0.42, SD = 0.44; o5 g, mean r = 0.26,
SD = 0.50). Although the block effect learning rate component was weakly correlated with
the inverse temperature parameter (mean r = 0.51, SD = 0.31), no significant correlation
was identified between and with other parameters. Collectively, these data indicated that
the different computational parameters assessed captured at least partly distinct aspects of

participants’ decision-making behavior in this probabilistic learning paradigm.

We formally quantified how much the variation in these task performance metrics was
due to between-participant vs. within-participant variability using the ICC. The variation
of all the model-agnostic behavioral statistics were mainly attributed to within-participant
variation. The highest between-participant ICC was 26% for the percentage of winning
metric. For the model-derived baseline learning rate (05 ) and the inverse temperature
(B), more than 60% of the variation were attributed to between-participant variation,
whereas the outcome value effect learning rate component (0,) and the interaction effect
learning rate component (0% ¢5) Were most influenced by within-participant factors (92%
and 91% respectively). 64% of the variation in the block effect learning rate component
and 57% of the variation in the risk preference could be attributed to within-participant

variation.

Finally, we examined the relationship between fluctuating emotional and tinnitus states
and the task performance metrics as a potential source of within-participant variation.
It was found that the momentary tinnitus stressfulness modulated the extent to which

learning rate varied between the stable and volatile blocks (rt = —5.61, B = —0.18, 95%
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CI = [-0.25,—0.12]), with most of the variation explained by within-participant varia-
tion. Adding the individual-level psychometric assessments (such as depression, anxiety,
baseline tinnitus severity, etc) as predictors to the LME models, no credible effects were
identified on the task performance metrics. These results suggested that participants ad-
justed learning rate between the stable and volatile task blocks to a greater extent when
they were under lower levels of tinnitus stress compared to higher levels of tinnitus stress.
It is worth noting that none of the task performance metric was predicted by the number
of times the task was completed, implying that the learning feature of the ALT was not a

problem for the repeated-measure design.

6.4 Discussion

In this study, a proof-of-concept EMA study was presented for high-frequency probes of the
momentary emotional and tinnitus states and performance on a decision-making paradigm
requiring adaptive learning, aiming to examine the feasibility of such experimental design
and explore if the computational phenotypes of decision-making are traits of an individual
or fluctuate with the momentary emotional states or tinnitus-related distress.

Tinnitus patients recruited in this study demonstrated relatively high compliance in
terms of using smartphone to submit information about various aspects of tinnitus bother
and completing the time-consuming decision-making task when it was triggered. This
observation suggests that smartphone, or the AthenaCX app used in this study, is feasible
for the longitudinal momentary assessment of tinnitus perception and the enhancement
of capturing the dynamic changes in probabilistic decision-making performance in the
everyday life. Compliance for EMA prompts were acceptable given that most studies
have not attempted to probe multiple times of probabilistic decision-making and with high
temporal resolution, especially in a patient sample. Although few longitudinal studies have
been conducted to investigate the temporal performance on preference-based decision-
making paradigms in opioid addiction [246], [247], to the best knowledge of us, no
one has examined the feasibility of dense sampling the learning-based decision-making

paradigms. The main concern about using learning-based paradigms in longitudinal
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experimental design is the learning effect, i.e. people might be able to remember which
option yields rewards and punishments after several times of repeating of the task. In
the field of computational psychiatry, decision-making based on RL from feedbacks
has been most widely used for identifying disrupted process in individuals with various
psychiatric disorders, however, most in cross-sessional studies. The fact that the number
of task repetition did not impact on participants’ task performance in this study provides
experimental evidence on the feasibility of adopting repeated-measures design for learning-
based decision-making paradigms to enrich our understanding to the underlying disruptions

of mental disorders.

Consistent with previous findings in large-population based studies [248], which
reported elevate prevalence of depression and anxiety among tinnitus patients, we revealed a
strong association among tinnitus severity, depression and anxiety. The momentary tinnitus
loudness and stressfulness varied considerably between patients and within individual
patients including obvious fluctuation over the course of different time points [238] and the
louder the tinnitus was, the more stressful it was. Although it has been documented that
healthy subjects were able to assess volatility in an optimal manner and adjust decision-
making accordingly [103], tinnitus patients in this study did not manage to adjust their
learning rates based on the changes of the volatility of the environment across all sessions
and individuals, no matter according to the behavioral statistics or the computational
phenotypes. A matched healthy control group is needed in future studies to confirm if
this is a specific deficit suffered by tinnitus patients. The individual-level depression and
anxiety traits were not found to be correlated with impaired adaptation of learning to
contingency volatility, which is as expected given the small sample size. Instead, we found
that this deficit was associated with elevated momentary tinnitus stress level. In other words,
tinnitus patients were less able to adapt their learning rates based on the volatility of the
environments when they were experiencing higher tinnitus stressfulness. This implies that
within-person changes in tinnitus symptoms may influence the ability of adaptive learning
which may be consequently related to changes in broader adaptive learning behavior. The

findings in the exploratory analysis of the computational parameters also backed up these
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regression results because most of the variation in the block effect learning rate component
were attributed to within-person variation, indicating that this phenotype might be moment
sensitive. The variations in all of the behavioral-level statistics and the outcome value
effect learning rate component were also mainly from within-person variation, although
we did not observe additional relationships between the assessed momentary variables
and the other task performance metrics. These findings highlighted the importance of
complementing between-subjects assessments with more granular within-subject probes
to provide a more nuanced view of how tinnitus symptoms and their impacts on decision-

making interact on different timescales and levels of abstraction.

6.5 Conclusion

In this study, the momentary stressfulness of tinnitus was found to have a negative impact
on participant’ adaptation of learning to contingency volatility, highlighting the necessity of
detecting the within-person variations of computational phenotypes and their associations
with momentary psychological or physical states. Longitudinal EMA designs, such as
the one used in this study, could present significant measurement challenges. These
challenges require not only consistency in the effects observed at the group level, but also
reliability at the individual level in order to accurately measure meaningful variations in
the mechanisms. However, the extention of computational phenotyping of human decision-
making to individual level prediction and longitudinal within-person change is a critical
pathway forward to realizing the goals of computaion to clinic translation. Thus, the
successful implementation of this methodology in this study, althouth only within a small
scale, has implications to many other behavioral and cognitive studies, providing empirical
evidence for the feasibility of dense sampling behavioral paradigms based on momentary
clinical symptoms that are featured with dynamic fluctuations using smartphones. The
advancement of measuring momentary clinical symptoms has the potential to reshape
clinical decision-making, e.g. studies examining treatments or interventions with high

temporal resolution may derive novel treatment targets.
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Chapter 7

A Comparison of Distributed Machine
Learning Methods for the Support of
Large-scale Computational Phenotyping

of Decision-making

This chapter presents the feasibility of applying distributed training techniques for con-
ducting large-scale computational phenotyping of human-decision making, which is an
essential step in clinical trials. In practice, large-scare phenotyping involving human
subjects is hindered by limited dataset availability for model training and validation, due
to the strict legal and ethical regulations for large-scale data collection and data exchange
between organizations in order to protect personal privacy. Distributed machine learning
techniques, especially Federated Learning (FL), which was designed for the preservation
of data privacy, is a promising method for addressing the issues of data availability. To
verify the reliability and feasibility of applying FL to train DL models used in the charac-
terization of decision-making, we conducted experiments on a real-world, "many-labs"
data pool including experiment data-sets from ten independent studies. FL was compared
with other distributed learning frameworks and the Centralized Learning (CL) framework

in which the researchers need to have full access to the data. The results demonstrated
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that the model trained using FL approach achieved performance comparable to that of the
CL strategy. This suggests FL has value in scaling data science methods to data collected
in computational modeling contexts when large-scale data collection or data sharing is

not convenient, practical or permissible.

7.1 Introduction

The successful implementations of the case studies introduced in the preceding chapters
(Chapter 4 to Chapter 6) suggest that it is feasible to measure subjects’ decision-making
performance outside of the lab and even to sample them multiple times with a longitudinal
experimental design.The strategy of allowing subjects to provide study data using their
own internet enabled devices (e.g. smartphones) in these studies makes it much easier to
conduct inexpensive large-scale computational phenotyping of human decision-making
study. Ideally, the self-report measurements and decision-making tests can be rolled out at
scale to hundreds and thousands participants simultaneously and through time. Apart from
collecting positive data, smartphones support the integration of passive data generated
automatically without requiring active engagement or submission of data by the participant.
These features allow researchers to obtain sunstantially richer, multivariate data and larger
samples in a short time with minumum cost.

However, large scale data collection from participants’ smartphones is subject to
strict laws and regulations to protect personal privacy. Both the United States Health
Insurance Portability and Accountability Act (HIPAA) and the European General Data
Protection Regulation (GDPR) [249] have enforced stricter regulations of the storage and
exchange of personally identifiable data and data concerning health. For example, apart
from passing through the general ethical application for involving human participants,
additional and more complicated procedures need to be addressed if a study involves
large-scale processing of personal data, not to mention the significant costs incurred with
movement and storage of large amounts of data. When passive data is involved, even more
ethical issues need to be taken into consideration. Passive data is often collected without

the participants’ active engagement or knowledge, causing greater risks to privacy and
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informed consent than active data collection. An alternative way to increase data size and
diversity is through collaborative learning or meta-analyses, in which many laboratories
cooperate and share data to train a global model together. Nevertheless, data sharing is not
easy either due to privacy, ethical, and data regulation barriers, especially when involving
larger number of laboratories from different legal jurisdictions [24]. As a result, large-scale
computational phenotyping in human subjects is still limited in the literature. Combining
the passive data to infer aspects of momentary decision-making behavior is in absence.
The ethical and legal issues of large personal data collection and sharing are also one of

the main challenges we faced for scaling up the three case studies we had done.

The field of secure and privacy-preserving Al offered techniques to help bridge the gap
between personal data protection and data collection and utilization for research involving
large-scale phenotyping of human behavior. FL is a distributed machine learning paradigm
designed to directly address the problem of data governance and privacy. It was first
introduced by Google AI [250] to allow mobile devices collaboratively learn machine
learning models without sharing data from the devices. It was applied very successfully in
training Google’s autocomplete keyboard application [251]. FL is a data parallel training
process, in which multiple clients train a model simultaneously (each on their own data in
parallel) and then send their model parameters to a central sever where these are aggregated
into a global model. The central sever then sends the global model to all collaborators
for further training. Each iteration of this process, i.e. parallel training, parameter update,
and distribution of global parameters, is referred to as a federated round. Different from
FL, the Incremental Learning (IL) [252] is another distributed learning paradigm. With
this approach each client trains the model and passes the learned model parameters to
next client for training on its data, until all clients have trained the model once. Another
approach is an extension of IL, called Cyclic Incremental Learning (CIL). This involves
the repetition of the incremental learning process multiple times, i.e. fixing the number of
training iterations at each laboratory and cycling repeatedly through the clients. Chang et
al. [253] explored these two distributed training approaches using medical imaging data

and found the cyclic approach performed comparably to centralized training approach,
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suggesting that sharing data may not always be necessary to build deep learning models
for patient imaging data. Micah et al. [252], [254] compared FL and IL approaches on
imaging datasets and unsurprisingly, the basic IL performed the poorest compared to FLL
and CIL. While CIL may seem a simpler alternative, given that implementation of FL
depends on a set of key challenges [255], it required additional validation steps at the
end of each cycle, which are basically as complex as the synchronization logic of FL,
to achieve comparable results to FL paradigm. Critically, CIL was less stable than FL,

resulting in an inferior alternative.

In previous chapters, we used computational models that specify a set of assumptions
about the underlying cognitive processes of subjects to represent the phenotypes of human
decision-making in a continuous parameter space. Such models generally require manual
engineering with an iterative process to examine the consistency between the hypothe-
sis and the empirical data [92]. The approach may fail if subjects adopt a completely
different strategy during decision-making. DL models, especially RNN models, present
an alternative approach to the characterization of decision-making behavior. They can
automatically capture behavioral trends exhibited by subjects without strong assumptions
about the mathematical structure of the underlying process through taking advantage
of their data-driven design and higher capacity for representing complex computational
processes [92], [94], [95]. Another key benefit of DL model is that they are more capable
and flexible for training and testing with big data, making it a more promising and valuable

tool for large-scale phenotyping of human decision-making.

In this study, we examine and compare the reliability and feasibility of applying dis-
tributed learning strategies to DL models for modeling human decision-making processes.
This is demonstrated using a real-world “many-labs” dataset comprising data from 10
different laboratories [256], where we artificially introduce a restriction on sharing of data
to simulate a real world example. The laboratories in this dataset can also be viewed as
"devices’ or ’clients’, in the context of FL. In fact, FL has emerged as a promising strategy
in scenarios where, for example, hospitals operate under strict privacy practices and may

face legal, administrative, or ethical constraints that require data to remain local. Subjects
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from all laboratories were healthy participants and completed a computerized version
of the IGT, one of the most widely used tasks measuring human decision-making under
uncertainty in an experimental context. We will first train single laboratory models for
each laboratory in the data pool and evaluate each of these models against held-out testing
datasets from each laboratory defined prior to model training. This experiment is used
to demonstrate the need for numerous and diverse data for training a robust DL model.
Secondly, we will illustrate the benefits of training collaborative models involving data
from all laboratories. The most straightforward way of training a collaborative model is to
use the Centralized Learning (CL) strategy, that is, pooling data from different laboratories
together and feeding them all to the collaborative model. However, as stated above, data
sharing or large-scale data collection is not always applicable because of data protection
and regulation purposes, which makes this centralized paradigm difficult to achieve in the
real world. Thus, we will compare and evaluate the performances of different distributed
learning strategies in which the collaborative model can be trained even without having
access to the laboratory data. One centralized model and several distributed models were
trained for this purpose. On-policy and off-policy simulations were then conducted to com-
pare the performance of the three distributed learning strategies. Apart from assessing the
relative performance of distributed learning compared to the CL paradigm, the simulation
analyses in this study present new insights provided by DL models in terms of revealing

the learning and decision-making strategies of human subjects.

7.2 Methods

7.2.1 The IGT dataset

The data pool (N = 617) used in this study derives from 10 studies assessing performance
of healthy participants (i.e. without any known neurological impairments) on the IGT [256].
It involved a broad range of healthy populations with ages ranging from 10 to 88 with
various education backgrounds and social status. Participants completed a computerized

version of the IGT consisting of 95, 100 or 150 trials. All included studies used the variants
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of IGT payoff scheme or the payoff scheme introduced by Bechara and Damasio [159].
Since the RNN model used for predicting subjects’ actions required us to have inputs with
the same size, the trial-by-trial decision sequences of all subjects were truncated according
to the length of the smallest sequence, i.e. 95 trials. In other words, for those subjects
who completed 100 or 150 trials of the IGT, only the first 95 trials were used for training
or testing the model. Each subject was an abstract data point and each data point was a
sequence of decision-making choices that contains 95 trials. The number of subjects in
each laboratory, which we will refer to lab 1-10, was 15, 162, 19, 40, 70, 25, 153, 35, 57,
and 41 respectively.

This dataset was reused here because, 1) participants in all studies were healthy subjects
and they all completed the same decision-making task - IGT, which made it feasible to
train a collaborative centralized model for all laboratories; 2) the subjects from ten studies
were coming from different backgrounds with various ages and female proportions, thus,
conducting multi-laboratory analysis was a natural operation to increase data size and
diversity and improve the performance of the model; 3) it created a perfect real-world
scenario where the local data of each lab is potentially non-IID and biased, thus it is
suitable for testing out the reliability and effectiveness of distributed learning paradigms,
that are sensitive to the data distribution [257]. Each laboratory can be seen as a ’device’
or “client in the context of FL and the data assignments for the clients in FL could be
matched with the real-world data distributions, such that all subjects from the same study
were assigned to the same client; 4) last but not least, we can more thoroughly investigate
how healthy subjects learned and behaved on the IGT using DL models, which as stated
previously, are promising in modeling human decision-making because of their higher

capability of learning from data in a less model-constrained manner.

7.2.2 RNN Model for the IGT

In order to model the data produced during the IGT, we used the state-of-the-art neural
network approaches [92], i.e. RNNs. The RNN model is composed of a GRU layer and an

output softmax layer with four nodes corresponding to the four choices for the different
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decks in the IGT. The inputs to the GRU layer are the previous choices made by the subject
along with the rewards and losses they received after making that choice. The softmax
output are the probabilities of choosing each deck option and sum to 1. The architecture of
the model is shown in Figure 7.1. It is known that the basic RNNs are inefficient in solving
problems that require the learning of long-term temporal dependencies because of the
gradient vanishing problem [258]. If a sequence is long enough, which is the case of our
choice sequences that include at least 95 trials, they will fail to convey information (the deck
preferences) from earlier trials to later ones. LSTM [93] and GRU [259] networks were
created as the solution to this short-term memory issue. In most cases, the two approaches
yield comparable performance. It is often the case that the tuning of hyperparameters may
be more important than choosing the networks. The GRU was chosen here in this paper
since it has fewer parameters and can be trained faster. We believe this to be a suitable

choice given that we have a relatively small dataset with moderately long sequences.
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Figure 7.1: Architecture of the RNN model. The model has a GRU layer (the left part),
which receives the previous action (the action is one-hot coded), loss and reward x;
and previous hidden states 4,1 and a softmax layer (the right part), which outputs the
probability of selecting each deck on the next trial. The GRU layer is composed of
two gates, i.e. an update gate and a reset gate, containing a set of weight parameters
{W,,U,,b,,W,,U,,b,W.U,bp,,, byy }(by,b;,bpw and by are not shown for simplicity). The
output of the cells of the GRU layer 4, are connected to the softmax layer using black lines.
The weight parameters in the softmax layer are represented as V.
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The GRU layer is composed of a set of hidden units (N,). Each unit is associated with
a unit output denoted by /¥ for cell k at time 7. Let’s define b, = [k}, h2,...hM|T (h, € RNv)
as a vector containing all the cell outputs at time ¢. They are initialized with the value of
zero and are updated after receiving each time step input. x; € R¥*2 (N, is the number of
choices, which is 4 for the IGT) is a vector containing inputs to the network at time ¢, i.e.
the action ¢; coded using one-hot representation and the reward r; and loss /; received after
taking action. There are two gates in the GRU network, i.e. a reset gate and update gate.
The update gate helps the model to determine how much of past information needs to be
passed along to the future. The output of this gate z; is a linear combination of the input
vector of the current time step x; and the previous cell output going through the sigmoid

function.

i = G(szt +Uzhi—y +bz) (7.1)

The reset gate is used to decide how much past information is forgotten. The formula is
the same as that used for the update gate. The difference arises from the weights and the

gate’s usage, which we will examine later in this section.

ry = G(Wrx, + Urht—l +br> (72)

The output of the reset gate is then passed through the current memory content, in which

the reset gate is used to store the relevant information from the past.

hy = tanh(Wx; + by +r; (DUhy—1 + byy) (7.3)

In the last step, the network needs to calculate the /; vector which holds information for the

current unit and passes it down to the network. In order to do this, the update gate is needed.

It determines what to collect from the current memory content /; and what to take from
(Nat2)

previous steps /;_1. The parameters of the GRU layer include W,,W,,W & RN«* ,

U,,U,,U € RNNu_and b,,b,, by, byy € RN«
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he=zOQh-1+(1=2) Ohy (7.4)

The softmax layer takes outputs from the GRU layer (#,) as its inputs and outputs the
probability of choosing each action. The parameter of the softmax layer is V € RN«*Ne,
The parameters of the RNN model will be ® = {V.W, W,,W,U,,U,,U,b;,b,,buw,bpy }

The RNN model was trained using the maximum likelihood estimation and Categorical

Cross-Entropy Loss summed over all subjects on all trials:

S T
Loss=—3 ) yslog(%s) (7.5)

s=1t=1
The model was implemented in TensorFlow [260] and optimization was based on the use

of the Adam optimizer [261].

7.2.3 The Architectures of the Four Training Strategies

Figure 7.2 demonstrates the architectures of the four training strategies. The first CL
strategy is the most straightforward approach. Here, data is shared among laboratories
and uploaded to the center server directly. Distributed learning, i.e. the following three
strategies in Figure 7.2, makes it possible to train the model through sharing the model
parameters rather than the more sensitive raw data. In the Incremental Learning (IL)
strategy, each laboratory trains the model once with their own data and passes the model
parameters to the next client to continue the training. The training process is finished when
all laboratories train the model once. In the Cyclic Incremental Learning (CIL) strategy,
this process can be repeated several times. In the FL strategy, all the laboratories train the
model with their data simultaneously and share their model parameters to a central server to
build a global model. All laboratories will receive the parameters of the global model and
update their parameters to match the global model with certain probabilities. It is expected
that the CL-based model will behave the best in terms of prediction accuracy and capturing
characteristics of human decision-making strategies, while the other three distributed

learning paradigms will sacrifice competitiveness to different extents in exchange for
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preservation of data privacy. Thus, the CL-based model will serve as the baseline model
against which comparisons are made with the distributed models. All of the learning

paradigms are implemented in Python 3.7.

7.3 Results

7.3.1 Experimental Settings

Each laboratory dataset was divided into training and testing datasets with 80% of the data
points for the former and the remaining 20% for the latter. Subjects were not mixed across

training and testing sets. Two experiments were conducted with these datasets.

* The first experiment was designed to establish the need for bigger and more diverse
data to train a reliable and robust RNN model that could predict human actions with
reasonable accuracy. In this experiment, we trained a single RNN model on the
training dataset for each laboratory and evaluated each of these models against testing
datasets from each laboratory. In total, we trained 10 independent RNN models,
one for each separate laboratory, and evaluated their generalization performance
both on the testing dataset of their own laboratory and testing dataset from the other

laboratories.

* In the second experiment, we sought to demonstrate the improvements of collab-
orative models (fitted with data from all laboratories) compared to single models
and also to make a comparison between the centralized learning model and the
distributed learning models. The collaborative models were trained directly or indi-
rectly with bigger and more diverse datasets depending on the collaboration methods
imposed between the laboratories, i.e. CL-based, IL-based, CIL-based), and FL-
based paradigms. For the IL-based and CIL-based paradigms, three different orders
of training the model were performed based on the sample size of the laboratories,
i.e. starting from the laboratory with the smallest sample, the largest sample or in

random order, yielding three models for these two training strategies. As a result, 8
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Figure 7.2: Architectures of the four training paradigms. (a) The most straightforward CL
approach is based on centralized data sharing, i.e. requiring that every laboratory share
data to a central node and aggregating to train a model; (b) IL approach, in which each
laboratory trains the model and passes the learned model parameters to the next laboratory
for training on its data, until all have trained the model once. (c¢) CIL, which involves
the repetition of the incremental learning process multiple times. (d) FL, in which all
laboratories train the same model at the same time and update their model parameters to a
central sever where it is used to create a global model.
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collaborative models were trained in this experiment.

The hyperparameters for training the centralized model were set as follows: batch size
32; maximum epochs 250; learning rate 0.02; number of hidden cells 10. To create an
equal playing ground for the centralized learning and the distributed learning paradigms,
we need to guarantee that all models see exactly the same number of samples in the whole
training process. Accordingly, the number of communication and the epochs per round
for the FL paradigm were set as 5 and 50 respectively. The maximum epochs for each
laboratory was set as 250 for IL-based model. For the CL-based model, the frequency
of weight transfer was every 50 epochs, thus the number of cycles was 5. The learning
rate and the number of hidden cells were set as the same values for all models. The batch
size for the distributed learning paradigms was the size of each laboratory sample. For
the single models, two hyperparameters, the number of cells and epochs, were tuned via
10-fold cross validation. Please see Table 7.1, in which the parameter settings for each
model are listed.

Table 7.1: Parameter settings for the centralized and distributed learning models

Model Batch size = Number of Learning Number of Number of communication
epochs rate hidden cells cycles rounds

CL-based 50 250 0.02 10 N/A N/A

IL-based Size of each 250 0.02 10 N/A N/A

lab training
sets

CIL-based Size of each 50 0.02 10 5 N/A
lab training
sets

FL-based Size of each 50 0.02 10 N/A 5
lab training
sets

7.3.2 The Need for More Numerous and Diverse Data

In this experiment, ten single models were trained with the tuned hyperparameters using
the training datasets from each laboratory respectively. These models were then evaluated
using the testing datasets available from each laboratory. Figure 7.3 shows the testing

results of the ten single models both against their own testing datasets and testing datasets
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Figure 7.3: Accuracy of single lab models tested against testing datasets from each of the
laboratories. The vertical axis represents models trained on a single laboratory dataset, and
the horizontal axis represents the testing dataset of each independent laboratory. AVG is
the average accuracy of each laboratory model performance over all laboratories. Overall,
the prediction accuracy of each single model on the testing sets, no matter from their own
laboratory or other laboratories, are not satisfying. Some of them are lower than the chance
probability 25%.

— training loss
—— validation loss

Figure 7.4: The training and validation loss of the ten single models for each laboratory.
The training loss decreases over time, whereas the validation loss starts increasing shortly
after the first 10 or 20 epochs.

145



7.3 Results

of other laboratories. The chance probability of predicting the next action taken by
the subjects correctly was 25% since there were four options in the IGT. However, the
prediction accuracy of several single models on some of the testing datasets was lower
than the chance probability, which was obviously not satisfactory performance. In order
to diagnose why the single models fail, we conducted a 10-fold cross validation with the
training sets of each laboratory for each single model. The training and the validation loss
are plotted in Figure 7.4. It can be observed that although the training loss of the single
models was continuously decreasing across the training process, the validation loss started
increasing shortly after around the first 10 or 20 epochs, which means the models started to
overfit. It can be seen that most single models performed the best on the testing dataset of
lab 9, except for the three models that trained on the laboratories with smaller sample sizes,
i.e. lab 1 (12), lab 3 (15), and lab 6 (20). The single models trained on these laboratories
did not perform well on their own testing sets nor did they generalize well to any other
testing sets from other laboratories. The best average model performances were shown on
lab 2 and lab 7, which had the largest sizes of training samples, 129 and 122, respectively.
These results indicated that more numerous and diverse data were needed for a laboratory
site in order to train reliable and generalizable models, at least in the contest of training

RNN models.

The accuracies of single models based on testing data collected from the same lab as
that which provided the training data were commonly lower than the accuracies calculated
using testing data from different laboratories (e.g. the model developed using data from
Lab 2 demonstrated better testing performance for the testing data associated with Lab
9 than that associated with Lab 2). This arose through chance. It may be surprising
because we might assume participants from the same lab demonstrated similar behavior
given that they were under similar experimental settings and thus the single models should
perform better on their own datasets. However, the confounding factors associated with
experimental biases should not be a significant factor and did not appear to be. It is worth
considering that the testing sets (no matter where they were sourced) represented sets

of distinct experimental subjects whose data had never been used in training models. In
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other words, we expect all testing subjects to be independent performers of the task and
model prediction on their data could contribute to an understanding of the generalization
error. Testing sets from different labs contributed to our estimate of the generalization error
creating a distribution. Indeed, if we observed that the testing performance was highest
for the lab in which the data was collected, this might suggest that local idiosyncrasies of
experimental procedures were being modelled via the data collected. This would be an

undesirable phenomenon.

7.3.3 The Benefits of Training Collaborative Models

In this section, we aimed to demonstrate 1) the benefits of laboratory collaboration and
2) the feasibility of conducting distributed learning strategies when data sharing barriers
were present. We compared the prediction accuracy of the collaborative models with the
single models for the first purpose. The results are illustrated in Figure 7.5. As a result,
apart from random and descending-ordered IL and CL models, the prediction accuracies
of the collaborative models were significantly improved when testing on each laboratory’s
data. Notably, the average performance over all laboratories of the CL-based model were
improved to 55%, 17% points higher than the lowest accuracy achieved by the single model
for lab 2, and the corresponding increase for FL-based model, CIL model with ascending
order and IL model with ascending order was 15%, 15% and 14% points, respectively.
Since random and descending ordered IL and CIL models did not outperform the single
models, only the ascending ordered models were selected to conduct further evaluation.
We will refer to these as the IL-based and the CIL-based model in the following analysis
for simplicity of reference. The ascending ordered IL-based and CIL-based models and

the other two collaborative models were evaluated from multiple aspects for the second

purpose.

7.3.4 On-policy Simulation

After training the four collaborative models, we fixed the weight parameters of the models

and simulated them on-policy in the task. We fed the model with the same payoftf schemes
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Figure 7.5: Accuracy of four collaborative models tested against testing datasets from
each of the laboratories. The vertical axis represents the collaborative models trained on
the training datasets from all laboratories and the horizontal axis represents the testing
dataset of each independent laboratory. AVG is the average accuracy of each collaborative
model performance over all laboratories. Apart from the random and descending-ordered
IL and CL model, the prediction accuracies of the collaborative models were significantly
improved compared to that of the single models.

as for the subjects and the models selected the decks autonomously based on what they
had learned from the human behavior data. Since 491 experimental subjects from across
all the studies were used for training the model, we simulated 491 fake agents for each

collaborative model.

The Average Probability of Selecting each Deck over Subjects

The SUBJ column in Figure 7.6 shows the average probability of choosing each deck
over all experimental subjects. All subjects selected Deck A the least compared to other
Decks, which was not surprising because Deck A was the bad deck that yields negative
long-term payoff and with more frequent losses. Consistent with subjects’ choices, the
probability of choosing Deck A for both centralized and distributed agents was the lowest.
Neither CL-based agents (n = 0.005, SE = 0.004, p = 0.26) nor the FL-based and the
IL-based agents (FL-based: n = 0.001, SE = 0.004, p = 0.91, IL-based: n = 0.001,
SE =0.004, p = 0.83) were significantly different from subjects in terms of the probability

of selecting Deck A, although the CIL-based agents selected slightly significant more
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Figure 7.6: Probability of selecting each deck (average over subjects). SUBJ refers to the
data of the experimental subjects; CL-based, FL-based, CIL-based, and IL-based are the
on-policy simulations of the four collaborative models trained on the IGT with the same
payoff scheme and same number of trials the subjects completed, respectively. CL-based,

FL-based and IL-based agents behaved more similarly to human subjects, selecting more
good decks than bad decks.

Deck A than subjects (n = 0.01, SE = 0.005, p = 0.03). FL-based agents had significant
aversion to Deck D (n = —0.02, SE = 0.010, p = 0.03), while CIL-based and IL-based
agents had significant preference to Deck B (CIL-based: n = 0.03, SE = 0.009, p < 0.001,
IL-based: n =0.02, SE = 0.008, p = 0.010) and significant aversion to Deck C (CIL-
based: n = —0.04, SE = 0.009, p < 0.001, IL-based: n = —0.03, SE = 0.009, p < 0.001)
compared to the subjects. As expected, no significant difference was observed between
CL-based agents and subjects on all of these decks. This can also be seen from the plot of
the overall probabilities of selecting Deck B and Deck C where IL-based and CL-based
agents were relatively higher and lower than that of the subjects, respectively and the
probabilities of selecting Deck D of FL-based agents were relatively lower.

It is worth noting that subjects preferred decks with infrequent losses, i.e. Deck B and
Deck D, compared to decks with frequent losses, Deck A and Deck C, although they ended
up selecting significantly more good decks (Deck C and Deck D) than bad decks (Deck
A and Deck B) (n =0.078, SE = 0.010, p < 0.001). CL-based, FL-based and IL-based

agents managed to learn this strategy from the subjects’ actions, selecting more good decks
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than bad decks (CL-based: n = 0.059, SE = 0.010, p < 0.001, FL-based: 1 = 0.059,
SE =0.011, p <0.001, IL-based: n =0.035, SE =0.008, p < 0.001), whereas CIL-based
agents did not learn this characteristic of the behavioral pattern, the probability of selecting
good decks was not significantly higher than that for bad decks (n = —0.006, SE = 0.010,
p =0.51).

The Fluctuation of the Probability of Selecting each Deck over Trials

The analysis in the previous section suggested that CL-based, FL-based, and IL-based
agents selected more good decks than bad decks, which was more consistent with the
subjects’ behavior compared to CIL-based agents. There were multiple possible strategies
that the models could follow to obtain the final proportions of each deck. Here we aim to
examine whether the models were using similar strategies to that used by subjects. We
examined the fluctuation of deck preferences of the subjects and model agents over trials.
The 95 trials were divided into 10 blocks of 10 trials for the first 9 blocks and 5 trials for
the last block. The proportion of each deck selection in each block and the learning scores
(i.e. the difference between the number of good deck selections and the number of bad

deck selections) for each subject was calculated.

Figure 7.7 shows the learning scores across ten blocks of the IGT. A learning process
was apparent both for experimental subjects and CL-based and FL-based agents, in which
the learning score progressively improved over blocks, although there was a clear dip in
block 10 for subjects and FL-based agents and block 8 for CL-based agents. To quantify
the differences between the subjects and the two kinds of model agents over blocks on
learning scores, the repeated measures ANOVA tests were conducted in the form of 10
(blocks) x 2 (groups). The ANOVA test conducted between human and CL-based agents
and human and FL-based agents revealed no significant interaction between the two factors
(CL-based: F(7.44,7290) = 1.39, p = 0.20, FL-based: F(7.1,6954) = 1.82, p = 0.08),
however, there was a significant main effect of blocks (CL-based: F(7.44,7290) = 67.63,
p < 0.001, FL-based: F(7.1,6954) = 60.64, p < 0.001), with the interpretation that the

learning scores of both subjects and CL-based and FL-based model agents varied across
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Figure 7.7: The IGT learning scores across ten different blocks of experimental subjects
and simulated model agents. The learning process of human subjects, CL-based and
FL-based agents was very similar to each other, overall the learning score progressively
increasing over blocks. The IL-based agents were least similar to the human subjects, not
presenting obvious learning trend in the process. Although CIL-based agents demonstrated
similar trends with human subjects, the magnitudes of their learning score were always
lower than that of the subjects.
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blocks and the CL-based and FL-based model did not behave significantly different across
subjects in the learning process. The ANOVA test performed between human and the other
two collaborative agents showed that the effects of blocks and group were both significant
on the learning score (CIL-based: F(7.85,7693) =47.11, p = 0.03, F(1,980) = 17.61,
p < 0.001; IL-based: F(7.71,7558) =22.66, p =0.02, F(1,980) = 5.69, p = 0.02) and
there was a significant interaction between groups and blocks on the learning score (CIL-
based: F(7.85,7693) =5.98, p < 0.001, IL-based: F(7.71,7558) = 15.76, p < 0.001).
This result suggested that the learning process of CIL-based and IL-based agents were
significantly different from the experimental subjects, which can also be seen from Figure
7.7, in which the learning scores of CIL-based were lower than the subjects almost over all

blocks and the IL-based agents did not present any apparent learning trend in the process.

The Switch Probability after Receiving Losses

Finally, we investigated the immediate effect of losses on subsequent choices. The reason
why reward effect was not considered here is subjects could always get rewards no matter
which deck they chose, 100 for Deck A and Deck B and 50 for Deck C and Deck D,
according to the payoff scheme. Figure 7.8 shows the effect of receiving a loss in the
previous trial on the probability of switching to the other deck in the next trial. For the
experimental subjects, receiving a loss significantly increased the probability of switching
to other decks (n = 0.218, SE = 0.010, p < 0.001). As the figure shows, same pattern
was established by all collaborative agents (CL-based: 1 = 0.209, SE = 0.007, p < 0.001;
FL-based: n = 0.201, SE = 0.007, p < 0.001; CIL-based: n = 0.246, SE = 0.007,
p < 0.001; IL-based: n =0.179, SE = 0.007, p < 0.001), suggesting that the strategy of
loss avoidance to losses used by the four collaborative models was similar to that seen in
the subjects’ behavior. However, the switch probabilities of CL-based agents were closer
to that of the experimental subjects visually and FL-based agents rank second. The switch

probability of IL-based agents was clearly higher than the subjects when there was no loss.
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Figure 7.8: Probability of switching to different deck based on whether received losses
or not in the previous trial, average over subjects. The CL-based agents demonstrated
almost the same switching strategy as human subjects. FL-based agents ranked second.
The switch probability of IL-based agents was obviously higher than that of the subjects
when there was no loss.

7.3.5 Off-policy Simulation

Off-policy refers to a model which uses previous actions and payoffs to make predictions
about the next action. However, the next actions actually used to simulate the models are
not derived from these predictions, instead they are derived from the choices made by the
human subjects. With such approach we can control the inputs the model receives and

examine how they affect the predictions.

Simulations of the models are shown in figure 7.9. Each panel shows a separate
simulation across 30 trials (horizontal axis). For the total of 30 trials, the action that was
fed into the model was Deck A (top left), Deck B (top right), Deck C (bottom left), or Deck
D (bottom right) for each simulation, respectively. The reward and losses associated with
these trials were the same as specified in the payoff scheme of IGT. As mentioned earlier,
based on the IGT payoft scheme, the player would always receive rewards no matter which
deck they chose and only the reward magnitudes varied depending on which deck they
chose, while they only received losses occasionally. We only marked trials where there

were losses with blue dots in the graphs.
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Figure 7.9: Off-policy simulations of the two collaborative models. Each panel shows a
simulation of 30 trials. The four collaborative models behaved quite similarly in responding
to the losses, especially the FL-based and CL-based model. CIL-based model was more
sensitive to the losses given by Deck C as deeper dips are caused compared to other models.
IL-based model presents the least perseverance with Deck A compared with other models.

The four collaborative models behaved quite similarly in responding to the losses
according to the plots, especially the FL-based model and the CL-based model. Receiving
a loss from all decks caused a dip in the probability of staying with that deck, which
showed a tendency to switch to another deck. This was consistent with the observations we
obtained in Figure 7.8 that the probability of switching was higher when receiving a loss
compared to no loss. It seems the CIL-based model was more sensitive to the losses given
by Deck C as deeper dips were caused compared to other models. The dips caused by
Deck B and Deck D were the deepest, which is not surprising, because Deck B and Deck
D are decks with less frequent but larger losses. It is reasonable that the switch probability
should be higher if a participant received a significant loss from that deck choice. The
probability of choosing Deck A, Deck B, Deck C, and Deck D was higher than that of
other decks respectively in each simulation. This implies that persisting with the previously
selected deck is a common deck selection tactic for the four models. We can also see
that the perseverance with Deck A was not as strong as for the other three decks as the
probability of selecting Deck A predicted by the two models was almost never more than

80% and this was even more obvious for the IL-based model. This result was consistent
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with the result reported in Figure 7.7 where the proportion of selecting Deck A was the
lowest both across subjects and trials. Interestingly, the perseverance effect for Deck C
was smaller and the sensitivity to the losses of Deck C was higher for the CIL-based model

and relative to other models.

7.4 Discussion

The results demonstrated, as expected, that models trained on a single laboratory’s dataset
only, performed poorly both on their own testing sets and testing sets from other laborato-
ries. The average prediction accuracy of the model of 1ab 1, which had the smallest number
of subjects among studies, on ten testing datasets was 31%, only 6% higher than the chance
correct probability. These results highlighted the need for larger and more representative
datasets and therefore emphasized the relevance of training using larger sample size or
collaborative models involving subjects from other studies.

Given the difficulties of large-scale data collection and data sharing across studies,
institutions and jurisdictions, it is attractive to use distributed learning paradigms to replace
traditional centralized training to make large-scale data availability easier. However, the
decision to adopt such as an approach is only justifiable so long as the resultant model
yields comparable performance with the data pooling approach. While the work presented
here cannot be fully comprehensive, it presents for the first time a representative sampling
of eight collaborative models, one of which was based on centralized data training while
the other seven were based on distributed learning including one FL-based, three CIL-
based and three IL-based, were trained on the training datasets from all laboratories for
comparison. It was found that the order of the laboratories was an important factor that
influenced the performance of CIL-based and IL-based models. An ascending order based
on the laboratory dataset sizes was the best strategy for both of these two paradigms
and the corresponding models were selected, along with the FL-based model, to be
further evaluated with the centralized model from multiple aspects. When examining
their prediction capability on the unseen testing datasets the prediction accuracy was

improved by 24%, 24%, 24%, and 23% points compared to the worst single model on
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the same testing data-sets for CL-based, FL-based model, CIL-based and IL.-based model
respectively. This highlighted the value of involving larger numbers of data samples for
training a deep learning model. It is also clear that FL-based and CIL-based approaches
can both achieve competitive performance with CL-based model while retaining the benefit
of enhanced data privacy. Another interesting finding was that all the collaborative models
performed clearly better on the testing sets of lab 9, lab 5, and lab 4 and the CIL-based
and IL-based models did not obviously suffer from the ’catastrophic forgetting’ problem
as reported in the literature [252]-[254]. This is apparent because they did not present
performance biased to the data they had mostly recently seen (i.e. lab 2 for the ascending

order case, lab 1 in the descending order case, and lab 10 for the random order case).

We then evaluated the capability of the distributed model in capturing characteristics
of human decision-making strategies used on the IGT in comparison with CL-based model
through on-policy and off-policy simulations. In the on-policy simulation, 491 fake agents,
which was the same as size as the training data-set for training the collaborative models,
were generated for the four models. The results revealed that CL-based agents behaved
more similarly to human subjects exhibiting similar choice proportions on all decks,
while the agents generated by the three distributed models had significantly different deck
preferences and aversions on one or two particular decks compared to the subjects’ choices.
This characteristic was also reflected in the fluctuation of the probability of selecting each
deck over trials except that FL-based agents performed as well as CL-based agents in this
comparison. The comparison analysis of the IGT learning scores across trials between the
experimental subjects and model agents also suggested CIL-based and 1L-based model
were weaker in recognizing the good decks as the learning scores of these two agents did
not change for IL-based agents or were always lower than the subjects throughout the task,
although the overall trend of the learning score was increasing for CIL-based agents. In
terms of the strategy of dealing with losses, all model agents adopted the same strategy as
human subjects, i.e. switching more often when they received a loss compared to no loss.
It is worth noting here that although no statistically significant weakness was identified

for CIL-based and IL-based agents, the average switching probability of receiving losses
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was relatively higher than that of the human subjects visually, while the CL-based and
FL-based agents were almost the same as the subjects on this figure. The characteristic
of switching more after losses was validated again in the following off-policy simulation,
where the actions fed to the model were specified by us and the models were responsible for
predicting the next action to be taken for the next trial. According to the model’s prediction,
the probability of sticking with a deck was decreased whenever there a loss incurred.
CL-based and FL-based models reacted almost the same way again in this simulation, but
IL-based model demonstrated less perseverance to Deck A and the CIL-based model was

more sensitive to losses compared to the other agents.

In summary, consistent with the results where FL. demonstrated comparative perfor-
mance on different benchmark datasets, [262]-[265], the FL-based model in this paper
achieved the best prediction accuracy and capability in learning and mimicking the decision-
making strategies used by the experimental subjects among the other distributed learning
paradigms. Although CIL-based and IL-based models also achieved considerable pre-
diction accuracy when compared to the CL-based model, they failed in capturing some
features such as subtle deck preferences between Deck B and Deck C and learning curve
shapes for the subjects. Although in this study the distributed learning strategies were
applied to a simulated scenario where data from different laboratories was isolated be-
cause of barriers of data sharing regulations, it has implications to deal with challenges
encountered in many situations for formulating large-scale datasets in the field of cognitive
and behavioral science. For example, if the researcher was prevented from collecting a
much wider range of private passive data from subjects’ smartphones due to data privacy
and protection policies, the distributed learning strategies examined in this paper could be
an alternative approach to use for them. It is worth speculating what deeper insights an
interpretation of the parameters might reveal in terms of human choices under uncertainty.
If important information describing underlying human computational elements is encoded
through subtle variations in the parameter values, then the noise or uncertainty introduced
through distributed learning needs to be carefully scrutinized. It suggests that simulated

datasets may be a useful means for determining to what extent distributed learning com-
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promises the quality of the models developed. Importantly, the comparisons of methods
introduced in this paper is informative regarding an approach to select the best technique.
Additionally, emerging improvements to FL [266], [267] hold further promise for the

narrowing of the gap in performance between centralized and federated learning.

7.5 Conclusion

In this study, the feasibility and reliability of applying distributed learning paradigms for
characterizing and predicting human decision-making in scenarios where large-scale data
formulating is hindered by ethical and law regulations. It was found that FL. outperformed
the other distributed learning paradigms in learning the learning features of human subjects
in this context. The degradation in performance of the FL-based model compared to the
CL-based model in terms of the capabilities of predicting and learning human behavior
was not negligible and its impact depends on the subsequent use of the model. Nonetheless,
the use of FL-based over CL-based model has the immediate advantage of keeping data
confidential, which is an important requirement enshrined in policy and law. An under-
standing of the trade-offs inherence in data privacy versus accuracy of measurement is
important and this paper demonstrates an approach for assessing this in the context of a
concrete, real-world multi-centre data collection effort. We hope that the development
of these techniques and emerging derivations of the approach will allow for data-private
distributed training over large-scale subjects with various ages, education backgrounds and
social status. It will facilitate the development of robust and reliable digital biomarkers
in the context of computational phenotyping of human decision-making and ultimately

maximum translation from basic research to clinic.
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Chapter 8

Conclusion

This chapter will conclude the thesis and reflect on the key research findings in relation to
the research objectives and questions and discussing the value and contribution thereof. It

will also review the limitations of the study and propose opportunities for future research.

8.1 Summary

The infusion of theories from economics and artificial intelligence into neuroscience
has dramatically advanced our understanding of the underlying neural mechanisms for
decision-making and reinforcement learning with conventional lab-based hard neuroscience
research [2], [S], [11], [268]. Nevertheless, improvements in understanding neurobiological
mechanisms of mental health have not been translated into clinical settings to solve
clinical problems. In addition, there is limited consensus on the specific barriers that
hinder the progress toward translation, as well as the best strategies for overcoming these
barriers. One of the many factors that impedes the clinical translation is that tranditional
single-site and one-shot laboratories studies with small sample size are not sufficient for
capturing numerous interacting and confounding variables within the same individual and
thus developing strong neurocognitive models of mental disorders. New methodologies
that can deliver on much broader and multidimensional data sets are needed to bridge
the gap between basic cognitive research to clinical application. In recent years, the

technological advances in data collection methods, e.g. the advent of smartphones and
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sensor-based wearables, have presented opportunities to overcome some of the limitations
inherent to conventional laboratory experiments [26], [27], [56]. This thesis contributes
to research both experimentally and methodologically that has potential to advance the
clinical translation of computational phenotyping of human decision-making. There are
three aspects to these contributions: moving the experimental cite outside the lab, capturing
the temporal fluctuations in cognitive function and clinical symptoms, and overcoming
the ethical and legal barriers of large-scale phenotyping. We proposed to implement the
two methodologies, lab-in-the-field [19] and EMA experiments [20], in behavioral and
cognitive research to capture how behavioral phenotypes manifest in the real world, change
over time, and interact with emotional, physical and social states. We also proposed to use
distributed learning strategies to overcome the ethical and legal restrictions on large-scale
human penotyping research. Lower cost and easier accessibility to large-scale phenotyping
study will promote the development of robust and reliable cognitive models and ultimately
will be benefical to clinical translation. The proposed experimental and data training
strategies were examined in four case studies to demonstrate the feasibility and reliability

of implementing them into the basic research.

In the first case study in Chapter 4, the lab-in-the-field method was implemented in a
study where we aimed to capture differences in the decision-making phenotypes on the IGT
between patients who suffer from chronic pain and healthy controls in naturalistic settings.
Significant differences were identified in person-specific computational phenotypes that
correspond to key theoretical mechanisms when comparing chronic pain patients and
healthy controls. Chronic pain individuals were more sensitive to rewards and less persis-
tent in their choices during the IGT compared to controls and the altered computational
parameters could predict subjects’ pain severity and pain interference. In the second case
study in Chapter 5, the lab-in-the-field method was applied to patients with PD. The
lab-in-the-field method is particularly valuable for such specifical group of population
who may have difficulties in traveling and remote assessment is a better option. Using
advanced computational modeling techniques, we found that the deficits in adaptation of

learning rates to contingency volatility on the ALT of PD patients were associated the
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depression and anxiety symptoms in this population. The successful implementation of
the two lab-in-the-field studies and the significant findings of the variables of interest in
the nosier naturalistic environments demonstrated it is feasible to move the behavioral
paradigms outside the laboratory and to characterizing human decision-making in their
daily life contexts even for vulnerable groups such as patients with PD. In fact, switching
experimental data collection from the laboratory to subject’s everyday living contexts has
been a trend, particularly in the field of psychiatric research [55], [269]. Although it is
still relatively new, uptaking of smartphones for research, or more general internet-based
phenotyping of human decision-making, have generated new insights into psychiatrically

relevant phenomena [198], [270]-[272].

The third case study in Chapter 6 applied the EMA methodology to patients suffering
from chronic tinnitus, a disease known to have fluctuations in symptoms related to perceived
distress. Participants in this study were sampled frequently for their momentary well-
being experiences combined with cognitive testing assessed by the ALT at various time
points and situations using an EMA app. It was observed that the fluctuation of the
tinnitus stressfulness was associated with performance variation of adaptive learning to
the volatility of the environment. In addition to observe how computational phenotypes of
decision-making manifest in the real world, the EMA methodology allows us to embrace
the dynamic process inherent to clinical symptoms and potential correspondence between
cognitive function and clinical symptoms. Specifically, the application of a mobile app in
this study facilitated closer temporal monitoring of symptoms than is typically not feasible
for traditional laboratories studies. The method of sampling contemporary experiences and
triggering cognitive tests of decision-making in this case study is applicable to many other
psychological research that aim at providing insights in the causal relationships that exist
between cognitive abilities and within-individual factors such as sleep [273], alcohol [274],
and drug use [275], etc. Combining with the computational parsing of the latent drivers of
learning and decision-making, such EMA studies has potential to identify which cognitive
decision processes might reflect changes at short timescales (e.g., days, weeks, or months)

that can guide ongoing treatment or prognosis, and which might primarily reflect stable
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features of the disorder that could inform early prevention efforts.

The last case study in Chapter 7 presented the application of the distributed learning
strategies to fit DL models to characterize decision-making without access to the raw data.
The comparable performance achieved by the FL strategy compared to the straightfor-
ward centralized pooling method indicated that the difficulties of large-scale human data
availability caused by the ethical and law regulations could be addressed by advanced
privacy-preserving Al techniques. The FL strategy was originally designed for protecting
data on mobile devices, thus it is particular suitable for smartphone-based research method
advocated in this thesis. Removing the barriers of incorporating large-scale data in model
training is of significant importance for scaling up the range of the investigated individuals,
thus substantially increasing the representativeness and diversity of the samples. The
findings in this case study suggest that FL might be an easier and more practical way of
implementing large-scale phenotyping in the future to overcome the stricter regulations to

data and personal privacy protection.

In summary, this thesis proposed to use new research methodologies in behavioral
and cognitive research to further advance our understanding of cognitive mechanisms
and accelerate the clinical translation and successfully demonstrated their feasibility
for a suite of new investigations with the implementation of the approaches in case
studies. The attempt to dramatically extending the depth and breath of computational
phenotyping research using the proposed methodologies is just in its infancy, but the
successful implementations of theses methodologies and findings in the case studies provide
empirical evidence for the possibility and feasibility of collecting richer, multivariate human
decision-making datasets under naturalistic settings among larger samples taking the
advantage of smartphones and state-of-the-art machine learning techniques. The findings
also contribute to our understanding of the characteristics of decision-making of various
populations (chronic pain, PD, and tinnitus) and the influences of potential covariates
particularly in settings where achieving the desired internal validity of the measurements
is more challenging. It is expected that the smartphone-based methodologies verified in

this thesis and their combination with computational tools will be an inexpensive add-on
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to a basic cognitive study that can complement the conventional lab-based experiments.
The use and further development of the lab-in-the-field and EMA methodologies and the
distributed learning strategy may reshape behavioral and cognitive research and clinical

trials in the near future.

8.2 Limitations

It is acknowledged by the author that the applications of these methodologies in the
case studies were not without limitations and challenges. In the chronic pain study, only
gender, age, and pain duration were collected in the demographic data, but the mental
health conditions of the participants were not considered apart from pain severity and
pain interference. It has been known that experiencing chronic pain puts a person at
increased risk for developing anxiety and depression disorders and these two factors have
been documented to have significant influences on decision-making performance on the
IGT [276], [277]. The impact of chronic pain medication, which may bias participants’
response to affective information, was not taken into consideration either. It is also
worth noting that virtual money may not be as effective as real financial incentives for
the decision-making task. However, we did get good adherence and compliance for the
experiment. Furthermore, we recruited a mixed sample of subjects who might have had
various kinds of pain conditions, which might cause various cognitive abnormalities and
thus have different influences on decision-making [145]. As a result, caution must be
exercised when interpreting the results obtained and generalizing them to pain populations
in specific environments and particularly chronic pain conditions. For the PD study, one
of the limitations was that the correlational study analysis design may limit the ability
to draw cause and effect explanations [188], which is also the case for the tinnitus study
where no healthy control group was recruited. In future studies, we will incorporate PD
patients with and without depression and anxiety and compare their performance on the
adaptation of learning to volatility in order to obtain concrete causal conclusions. In the
tinnitus study, regardless the great effort we have made on the recruitment process, the

sample size ended up being relatively small. Assessments such as the behavioral paradigms
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that require a substantial amount of time to complete cannot be easily incorporated into
participants’ daily routines or administered frequently without overly inconveniencing
users. In particular the fixed thresholds for triggering the task used in the study was very
likely to cause an excessive number of triggers. I have contributed to the design of an
adaptive triggering algorithm that has been designed to minimise participant burden [278].
However, the algorithm had not been embedded into the functionality of AthenaCX at the
time of the study. Thus, there is a long way to go in terms of the optimal experimental

design in the case of dense sampled EMA.

From the global perspective of the thesis, the samples sizes of the case studies conducted
were all relatively small, especially given the less controlled experimental methodologies
adopted in this thesis. It would be more comprehensive to present a case study in which a
large-scale lab-in-the-field or EMA experiment using smartphones is performed to illustrate
the feasibility of doing so. Due to the time and cost limit, we ended with providing a
solution for addressing the ethical and legal issues encountered on the way of implementing
large-scale phenotyping. We take the smaller scale of studies as pilot research mainly for
validating our research methodologies, i.e. the possibilities of phenotyping characteristics
of human decision-making with computational models and capturing their variations in
naturalistic settings. In fact, this is absolutely not the last issue we have on the pathway
of realizing the golas of computation to clinical translation. As the complexity of the
experiments increases, the logistic challenges to correctly deliver them also increase
and efficiency in data collection becomes necessary to reduce the costs of a prolonged
experiment. As mentioned earlier, in addition to active data like repeated cognitive testing
and experience sampling, sensors on smartphones can provide additional complementary
tools for collecting numerous passive data, which can be used to create so-called digital
phenotypes [279]. This type of data has not been included in this thesis. Apart from the
ethical and legal issues, another difficulty exists in analysing these data. Passive data is
generally complex and noisy with countless features. The addition of features can present
challenges for robust analysis, and as smartphone-based data sets become larger, this

problem can get worse, and external validation becomes increasingly important. Although
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ML approaches and dimensionality-reduction methods have been adopted to cope with the
curse of dimensionality, combining passive data with active data and deriving additional
insights into the underlying mechanisms is still not a easy task. In addition, a limitation of
the smartphone-based methodologies examined in this thesis is that they can not be used
to simultaneously collect some of the hard measures since fMRI and positron emission
tomography scans are unlikely to ever be collected remotely. This may pose challenges
in fully comprehending certain cognitive processes. However, investment on large-scale
smartphone methodologies does not mean complemently abandoning conventional lab-
based experiments. Instead, they should be complementary to each other, the former
gathering vast but noisy data, while the latter gathering smaller data sets of higher detail

and quality.

8.3 Future Work

8.3.1 Further Applications of the Lab-in-the-Field Methodology

Apart from the aforementioned lab-in-the-field studies involving chronic pain and PD
patients, we have also applied this methodology to a number of challenging populations
as part of efforts to further support the utility of the approaches being advocated here.
We begin with an account of efforts to engage with a particularly challenging group -
people who have strong beliefs in conspiracy theories. Belief in conspiracy theories has
been prevalent throughout human history at various times and in various societies [280]—
[282]. The outbreak of COVID-19 further accelerated the spreading and development
of conspiracy theories. Although conspiracy theories vary enormously in content, it has
been noted that belief in such theories is grounded in similar underlying psychological
processes. It has been found that numerous psychological traits are associated with belief
in conspiracy theories, including distrust toward authorities, high motives to conspire,
feelings of out of control, feelings of dissatisfaction about one’s life, etc [283]-[287].
The emotional state of anxiety was also linked to a higher belief in conspiracy theories

[288], [289], as was the political attitude of right-wing authoritarianism [290]. The studies
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that focused on examining the role of individual differences in cognitive mechanisms of
decision-making are rarely seen in the literature. It was found people who prone to believe
in irrational theories are more desired to seek for existing patterns to establish causal
relations even in facing with a random process where in fact no pattern exists, but they
were less able to recognize the real patterns when they are presented with a nonrandom
process where a pattern did exist [291]. In the pilot study which examines 39 individuals,
we explored if the general tendency to engage with conspiracy theories was associated
with deficits in recognizing and learning the probabilistic patterns of the environment in
the ALT. The participants were recruited online and were able to enter into the experiment
page directly through a URL attached. There were required to rate their opinions on The
Generic Conspiracist Beliefs Scale and then complete the ALT there. It was found that
high conspiracy belief individuals had difficulties differentially updating action-outcome
contingencies as a function of whether the current environment was stable or volatile in
the ALT. The difficulty in identifying the stability of action-outcome contingencies to
judge whether or not to repeat an action that has led to an unexpected aversive outcome
may lead high conspiracy individuals to engage in poor decision-making. It might also
result in aversive outcomes being experienced as less predictable and less avoidable. This
could in turn increase in desire to make sense of the environment, and thus potentially be
involved in the onset of conspiracist ideation. In the future, more comprehensive variables
will be evaluated to explain the relationship between impaired pattern recognition of the

probabilistic structure of the environment and conspiracy belief.

8.3.2 Extension of the EMA Method

Of clinical importance is whether the alterations of the computational phenotypes that
characterize underlying cognitive processes of decision-making are sensitive to treatment,
which would indicate a potential causal relationship between phenotype changes and
symptom improvement. While carefully monitored, it is simply difficult to follow enough
patients for enough time period to observe the changes of clinical variables in sufficient

numbers for meaningful analysis with traditional lab-based treatment studies. Another
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source of variability of decision-making is emotion. Although several techniques for
inducing emotion responses (e.g. induction of stress) in the laboratory have been developed,
observing daily fluctuations in mood and decision-making in naturalistic settings is crucial
to delineate the complex means by which affect can influence choices. The experimental
methodologies, particularly the EMA method, advocated and examined in this thesis are
poised to achieve the goal of convenient longitudinal tracking of symptoms and behaviors
in individuals. They are of great potential to provide a theoretically rich, predictive, and
detailed science of decision-making. Simultaneously, the distributed learning strategy will
be useful in scenarios, in which the subjects are recruited from multiple different clinical
centers where the treatments are actually prescribed and there are ethical issues for sharing

the patients’ data among the collaborators.

8.3.3 Scaling the Experiment with the Voice-based Devices

Another future direction concerns scaling the computational phenotyping of human
decision-making through the pervasive voice-based computing devices to create larger
datasets. Decision-making research has focused for a long time on investigating reinforce-
ment learning and decision-making from visual input or symbolic information. However,
people receive information and interact with their environments through various senses.
In particular, our sense of hearing in conjunction with speech represents a ubiquitous
modality for learning and for updating our knowledge of the world. Thus, in the future, we
aim to expand the experimental approaches beyond conventional visual representations.
This represents an important path for the investigation of human decision-making which is
now experimentally accessible via rapid advances in voice-enabled intelligent personal
assistants (IPAs). Examples include Amazon’s Alexa technology and Google’s Voice
Assistant. However, to date no studies have demonstrated the feasibility of delivering
such experimental paradigms over such voice technologies. We have conducted a pre-
liminary study in which the performance of the same group of participants (N = 30) on
the traditional visual-based the conversational voice-based two-armed bandit task were

compared. Both model-independent behavioral measures and model-derived parameters
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were compared. The results suggested that participants demonstrated higher shifting rates
in the voice-based version of the task. The computational modelling analysis revealed that
participants adopted similar learning rates under the two versions of the interfaces, but
more decision noise was introduced in the voice-based task as reflected by the decreased
value of the inverse temperature parameter. We suggest that the elevated shifting rate is
derived from the increased noise in the voice interface instead of a change in the learning
strategy of the participants. Higher intensity of the control adjustments (click touch versus
speak) might be one of the sources of noise, thus it is important to think further regarding
the design of the voice interface if we wish to apply voice-enabled IPAs to measure human
decision-making in their daily environments in the future. A publication detailing this

work is available.

8.3.4 Summary

Pervasive computing devices like smartphones and IPAs have changed our lives in un-
precedented ways. One benefit of these ubiquitous technologies is their ability to create
opportunities for the development of better tools to aid in behavioral and cognitive studies.
The continuing and rapid development of computational tools holds great promise for in-
terpreting the data acquired with these devices and delineating the underlying mechanisms
by which people adapt to their environments. This includes those that lead to maladaptive
forms of learning and decision-making within clinical populations. It is within this context
that the contributions of this thesis are best understood and through these contributions we
hope we can further advance the positive contribution of machine learning to help people

better understand themselves.
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