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We are at a pivotal point in healthcare informatics where our technical abilities and computational
methods are often beyond our abilities to translate and implement them in practical and applied settings.
For example, researchers are working on unraveling the intricacies of the human genome to help individuals
with their healthcare needs, but often lack the ability to easily share genetic data and medical records
between clinics or healthcare providers due to logistical, legal, and interoperability issues. Using more
sophisticated healthcare data on individuals derived from other data-intensive assays, such imaging or
digital devices, to guide their care is likely to create even more practical issues. This will especially be the
case as the community pushes towards personalized medicine and an ability to track an individual’s health
over time through the use of these data-intensive assays. In my thesis research, | consider the application
of statistical methods to large-scale longitudinal health data. | focus on not only the detection of novel
relationships between longitudinal data points, but also on developing strategies for making more
personalized health predictions and recommendations. | focus on three broad settings: one involving an
analysis of genetic factors associated with progressive visual field loss in patients with primary open angle
glaucoma using a large clinical data set, and two that consider individual mental health and mood data
obtained from the prolonged use of a digital therapeutic (i.e., smartphone app) designed to provide
meditations to individual users to reduce stress, anxiety, and depression. | also discuss and explore the
implementation of systems designed to learn or adapt from past data in order to improve predictive models

going forward using the glaucoma and healthcare app data.
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INTRODUCTION

Background

Many disease risk assessments only leverage data collected on individuals at single snapshots of
time.2234 This can be problematic for identifying factors that are truly predictive of a disease since the
temporal component associated with the underlying disease process is ignored. For example, genetic studies
often associate specific variants with a disease to facilitate the development of a diagnostic or enable general
long-term predictions about disease risk. Without longitudinal data or very strict assumptions about disease
incidence and prevalence, reliable, empirically based, long term predictions about a person’s risk for
developing a disease based on an individual’s genetic profile are not possible. Although inherited (i.e.,
germline) DNA sequence -- and the genetic information within it -- doesn’t change over time, it can’t be
used as a concrete indicator of predisposition to a disease if there is no data relating that genetic information
to long term individual health outcomes. Without longitudinal and developing phenotypes data it will be
difficult if not impossible know just how well genetic information may inform an individual’s long-term
health. Thus, while genetic association studies and methods have provided important advances in the fields
of medicine and biology, they often only involve case/control or single slice in time data and thus only
address part of the greater picture of how diseases manifest themselves but are limited in how they can be
used to inform the prediction of individual differences in their genetically-mediated individual progression.®

The ease with which health data can be collected via, e.g., wireless devices, continuous glucose
monitors, micro-sampling biofluids through routine dried blood spot collections, and smart phone apps, has
changed the way biomedical researchers can design studies. The ubiquitous use of smart phones, mobile
applications, internet-based surveys, wearables, and other remote data collection devices has enabled the
gathering of aspects of this data, particularly in longitudinal contexts. In addition to the availability of
continuous data collection, there has been great interest in leveraging medical records to enable the

aggregated, real-time analyses for identifying trends in those records that could guide healthcare. For
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example, the 2009 ‘HITECH” initiative was organized to motivate the ‘digitalization’ of all medical records
and ultimately help create an environment where multi-factor, individualized healthcare could become a
reality. With massive amounts of longitudinal data, researchers can look for patterns in those data that may
be indicative of disease onset, mitigation of symptoms, or correlations with various factors, such as diet,
that might shed light on disease pathogenesis. In addition, longitudinal data can be used to refine prediction
models that may have clinical and public health utility. For example, with longitudinal data on biomarker
or potential predictor of a particular disease one could ask how much earlier than the disease onset could
one have anticipated the disease: 10 years prior, 5 years prior, 1 year prior? In addition, with longitudinal
data one could ask if the use of the lifetime risk of disease determined by genetic profile (a ‘trait’ measure),
coupled with a biomarker collected over time (a ‘state’ measure), could result in more reliable and precise
risk mitigation strategies. Finally, longitudinal data could reveal specific trends associated with the use of
a disease risk mitigation strategies that identify the settings in which those strategies might be most

effective.

As a result of this ability to capture information relevant to an individual’s health, there is
considerable interest in personalizing medicine. Personalized medicine involves providing medical
interventions — including those designed to prevent disease —based on an individual’s genetic, biochemical,
physiologic, exposure, and behavioral profile. One vision of personalized healthcare involves consideration
of all atarget patient’s health data and measures and compares those data to data obtained on similar patients
who may have been prescribed drugs or developed an outcome that could inform the prognosis of the target
patient. The use of data in this way could then feedback into the development of predictive models that
could then be used to guide patient care. These models can then be updated as experience with them is built
up. This ‘Rapid Learning System (RLS)’ ‘analyze-predict-evaluate-refine’ concept can not only to be used
to predict outcomes based on interventions, but also elucidate the key triggers that elicit or confound an

intervention response.



There are many challenges to the analysis and use of longitudinal data, however, and I comment
on these challenges in isolation in the sections that follow. First, there are a wide variety examples in the
biomedical research literature that expose issues in the analysis of longitudinal data. Second, there are a
number of analysis methods for longitudinal data, each of which make different assumptions, but all must
deal with phenomena common to all longitudinal data, such as serial correlation, vulnerability to a wide
variety of factors (such as diet, weather, etc.); 3. Third, analysis of longitudinal can lead to more powerful
analyses than single-slice in time data, but only under certain conditions; 4. The general availability and
use of health data collection devices, like fitbits or smart phone apps, has created vast data repositories that
can be mined for patterns of relevance to clinical care and public health. However, such ‘real world’ data
often present data analysis challenges given that there might be biases in who can take advantage of relevant
data collection devices, missing data, non-uniform data collections, and other challenges; and 5. The
continued analysis of accumulating longitudinal data could be exploited in efforts to improve prediction
models in real time, possibly leading to the construction of ‘learning systems,” which are designed to
specifically evolve a system towards optimality, but themselves can be tricky to implement. Ultimately, the

material in these sections provide context for the studies I pursued.

Example Longitudinal Data Analysis

The use of longitudinal data to make better clinical predictions is not a new concept, but practical
applications are only now beginning to emerge. There are a few specific settings which have shown promise
in the use of longitudinal data to enable more sophisticated analyses and prediction models. We provide a
few examples that bring in elements of data analysis similar to those | dealt with in my research. For
example, models for cardiovascular events prediction have been pursued, where researchers used EMR data
and genetic information to enhance the predictive ability of those events . The researchers showed further
that their approach with longitudinal data performed better than those currently used in clinical practice.

The researchers incorporated several different types of machine learning methods, and built predictive



models including longitudinal data and longitudinal data plus genetics. Even without the inclusion of
genetic information, the models which incorporated longitudinal components outperformed the clinical
standards. Genetic features marginally improved the predictive ability. Another study used EMR data and
natural language processing from clinician notes to predict suicidal behavior and tendencies.” In this study
they used a naive Bayesian classifier to model the probability of a suicidal event. Given the large sample
size (> 1.7 Million individuals) and longitudinal data they were able to include a large number of covariates
(>30) as well as ICD9 codes to look for predictors of suicidal events. While there was no comparison group,
the researchers demonstrated an ability to predict nearly half of all suicides and suicidal behaviors an
average of 3-4 years in advance with 90% specificity. Another group used temporal EMR data to model
progression of kidney function loss. In their analysis the researchers derived 3 models, one which did not
include longitudinal data, and the other two which did.® Their results showed that both temporal models
vastly outperformed the model which did not include longitudinal data, at predicting kidney function loss.
In this example they used generalized linear mixed-effects models to capture the non-independence between

samples and account for non-linear features.

Longitudinal Data Analysis Methods

The analysis of longitudinal datasets requires special technigques, and there are several statistical
frameworks that can be implemented for particular analyses.®*® A classic analysis method is repeated
measures (rm) analysis of variance (ANOVA). This method accounts for the repeated measures on
individual subjects over time, and because the analysis is fundamentally similar to standard ANOVA the
results are easily understood. However, this method is not always well suited, especially for RWD, since
rmANOVA operates under the assumption that variances across groups are relatively equal, and if this
assumption is not met, resulting confidence intervals and p-values are biased and will lead to false positive
and negative inferences. Additionally, rmANOVA assumes that the time intervals are uniform between

measurements, which is rarely the case for real world data (RWD), and it does not work with unmatched



time-series data or and in situations where there is lot of missing data. There are simple alternatives to
rmANOVA, but they also make assumptions. For example, if the hypothesis of interest is not concerned
with the magnitude of the differences of a measurement between two or more groups, the Friedman test can
be used as a non-parametric substitute to rmANOVA, but it still lacks the ability to handle asynchronous
measures. Linear and non-linear mixed effects models have been a staple in handling longitudinal data, as
they do not depend on many underlying assumptions and are generally more flexible than other approaches.
They can also handle serial correlation (correlations between measurements collected over time on the same
unit of observation) which is very likely to occur with longitudinal data. When applying mixed effects
models, the only basic assumptions are that residual values follow an identifiable and specifiable
distribution, like multivariate normality, and this assumption can be tested by exploring the distribution of
residual values. Non-linear relationships among independent and dependent variables, as well as non-linear
relationships between time and the independent and dependent variables can be handled by either
transforming data prior to analysis or using a model that specifies the relationship between variables and
time. This includes analysis of binary outcomes (e.g., diagnosis of disease yes or no) which can be
accommodated by specifying an appropriate link function shaping the models. There are alternative
statistical models that can account for longitudinal data, many of which are only now being used more and
more often, but many are computationally burdensome, such as longitudinal support vector machines, and
long short-term (LST) memory convolutional neural networks. These methods work well with high
dimensional data but can be difficult to interpret. Given their flexibility, mixed models can be a first choice

in many analyses of longitudinal data sets.

Longitudinal Data and Statistical Power

There is little doubt that leveraging longitudinal data can lead to increases in the statistical power
to detect effects, but one needs to accommodate potential noise in such data, and, in hypothesis testing
contexts, the assumed magnitude of an effect and number of units of observation in addition to the number

of time points at which data are collection on those units of observation in the dataset. It is well known that

5



the inclusion of multiple measurements on each sample or unit of observation can lead to variance shrinkage
of any estimated parameters, leading to greater power to test hypotheses based on those parameters.'23 In
addition, estimates for individual subject or unit of observation variances can be made and used to account
for subject level differences in those variances, which could be crucial if a parameter of interest is known
to be affected by subject-specific covariates. In many translational settings the endpoints of interest are
often linked to or directly correlated with an overall rate of change (such as the rate of visual loss in
glaucoma, the rate of recovery from a surgery, the rate of aging, etc.). Such endpoints can only be assessed

with longitudinal data.

Real World Data

Real World Data (RWD) is just as it sounds: data collected from routine use of a product and not
in the context of a highly contrived or controlled setting, like a clinical trial. RWD can also be gleaned and
analyzed from consumer health products that either do not need FDA approval (like dietary supplements
and many smart phone health apps) or have been approved previously and are out on the market. A major
component of my research involved not only using RWD longitudinal data but also considering the
application of the results to guide real world use (i.e., in overt translational settings). The use RWD has
presents a number of opportunities, and is actually contributing to new sources of evidence for clinical use
and consumer utility.24> One of the most common uses of RWD is in post-approval safety of a product, as
highlighted by the FDA Sentinel Initiative to monitor long-term effects of pharmaceutical drug use.® This
practice has been adopted by pharmaceutical and biotech companies as well to monitor safety and efficacy
after Phase 111 drug approval and distribution in the health care market. Another successful use of RWD
has been with initial regulatory approval. This has been especially true in the context of studies of rare or
deadly diseases where it is difficult to obtain controls needed for randomized clinical trials (RCTs) or where
it would be unethical to treat with placebo.”*® Thus, single arm experimental trials considering only the
responses of a few patients compared to historical RWD-based controls, potentially mined from EMRSs to

mimic the population which is receiving the drug/treatment. In a similar vein, RWD can be used for
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comparative effectiveness evaluations when there are many competing therapies and a full RTC across all
compounds would be impractical. Another advantage of using RWD is that it can be used to continuously
test for efficacy of treatments in the population at large. This can provide opportunities to look for
subpopulations in which a particular treatment is more effective.’® This also means that effectiveness can
be evaluated on broader populations that are not confined to the strict enrollment criteria associated with
an RTC.202 Additionally, RWD can be used to test post-hoc alternative end points for their association
with an intervention. A good example of this involves a study in which immunotherapy-treated cancer
patients saw little tumor reduction during treatment and therefore were moved to different treatments. A
post-hoc meta-analysis months to years after initial immunotherapy treatment showed that those pre-treated
with immunotherapies had overall better survival than those that did not.?? From a practical standpoint
RWD also has the advantage that it can inform clinical decision support, quality of practice, and continually
establish efficacy. This means there are likely massive cost and time savings to be reaped from leveraging
RWD as long as relevant data can be cleaned and harmonized, which could help alleviate the US’s inflated
cost of healthcare. RWD is not without challenges - unlike the controlled setting of RTC data collection is
irregular, non-standardized, contains missingness and confounding factors. Fortunately, there are solutions
which can often be remedied with collection and careful incorporation of additional meta-data in relevant

analyses.

Rapid Learning Systems

The development of Rapid Learning Systems (RLS), as noted, relies on a few key concepts, the
most important of which involves building a longitudinal record of, e.g., patients and their outcomes, or
consumers tracked for their responses or utilization of a particular product. Unfortunately, leveraging health
care data is a difficult task in the US as there is no universal patient identifier and strict laws exist on
handling and releasing of Patient Health Info (PHI). This issue is even more pronounced when
considerations involve the use of consumer product use data, where there are even fewer standards that can

be used harmonize or combine data. In terms of clinical data, it is not uncommon for a patient to receive
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care from disparate sources, and without a common unique identifier, consolidating their electronic medical
records (EMRs) relies on PHI and other personal records (social security humber, name, address, etc.).
Without this step, longitudinal records would contain duplicate entries for individuals and confound any
statistical results from the data source. The CancerLinQ initiative is an example of an attempt to aggregate
clinical data, and publications associated with it describe merging EMR data in detail, and show how they
can use PHI to validate identities and assign quality metrics to data collected.?*?* Another concept or
component of developing an effective RLS is tangential data collection, in which new data types are
brought into a system in order to go beyond limitations of an initial RLS. As an example, in systems
designed for, e.g., precision oncology in which drugs are matched to tumor profiles, initial designs
attempted to provide treatment based only on the primary tissue of the tumor. After several revisions of this
approach, evidence supported a broader view in which genomics, proteomics, and metabolomics data about
an individual’s tumor provided better predictions for patient-drug response.?® Of course, the use of the
newer or tangential data also allows for further associations between disease and the mechanism of action
and various perturbations in the underlying data which can aid in drug design, or provide evidence for
additional drug indications.?® A final concept or consideration in the development of RLS involves the
addition of outcome measures that are collected in real time whereby individuals can be re-assessed, e.g.,
for new treatment responses if there is no evidence that a specific treatment they have been on in the past
seems to have worked for them. This creates a need to continually refine the model with data that is not

collected at uniform time intervals or even with the same instrument, likely adding noise to the data.

Thesis Aims

In this light, it is clear that research designed to personalize disease predictions will need to leverage
data and methods that accommodate and build off longitudinal data. Longitudinal data can be exploited in
a wide variety of healthcare settings, including: 1. developing insights into disease prognosis and
progression; 2. increasing the power to detect important relationships between variables that capture disease

relevant processes that manifest within individuals but not necessarily between individuals; and 3.
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identifying and accounting for individual differences in basal or initial states that impact longitudinal
outcomes (as in aggregated n-of-1 studies). Machine learning (ML) technigues are now being implemented
in many settings (academic and in industry) and have amazing power to create accurate predictions as long
as they have enough training data to work from. They are even being used more often to make predictions
in healthcare settings®’; however, ML techniques often suffer from becoming ‘a black box.” It can be
difficult to understand why they make the predictions they do, or what is driving a particular prediction,

which limits their usage and adoption in real world clinical settings.?®

Note that there is not always motivation to understand the driving features behind a predictive
model if the predictions it generates are reliable. In many healthcare settings, such as developing drugs,
developing infrastructure to allowing preemptive disease risk mitigation measures, and creating long-term
plans for an individual’s care, an understanding of the mechanisms responsible or behind the predictions is
crucial since they may bear on genetic network, biochemical pathways and pathophysiological processes
that could help refine future interventions and risk mitigation plans. Thus, understanding the underlying
biology and causal mechanisms behind healthcare predictions can be crucial, unlike many other situations
(e.g., credit card use patterns or buying habits of consumers to develop more efficient marketing strategies).
Furthermore, it is unlikely that patient care will be completely automated or that this would be the ultimate
goal, and to get buy-in from healthcare professionals they will probably need to understand why a certain
prediction or recommendation is being made. Given these sensitivities, the majority of the analyses and
model building | have pursued in this thesis to create predictions in a number of settings will complement
contemporary ML techniques with various standard and advanced regression techniques. Many of these
techniques have the benefit of being easy to understand with intuitive ways of interpreting the manner
which predictive factors impact outputs. For example, Linear Mixed Effect (LME) models and Generalized
Linear Models (GLM) are well-suited for longitudinal analysis as they can create hierarchical dependencies

to account for non-independent repeated measures within a group (i.e. subject). They also can account for



interaction terms, random effects, and serial correlation, but the manner in which they are designed and

their results interpreted is much more intuitive than ML-based techniques.

While there are obvious advantages to leveraging longitudinal RWD data, there are many
complications that occur when obtaining, processing, and analyzing such data. For example, acquiring
guality datasets that can be used to explore the benefits and issues associated with longitudinal data to
develop predictive models can be complicated. Fortunately, | have been able to collaborate with, and gain
access to, data from several fruitful partnerships. These include a collaboration with the Shiley Eye Center
on studies of glaucoma risk and progression using longitudinal clinical information on individuals with
genotype information obtained from whole genome sequencing (WGS) protocols; and a collaboration with
Stop Breathe Think (SBT), Inc., a company that has collected data on 11,000,000 uses of a stress-relief
mindfulness app which has been used routinely and repeatedly by over 80,000 individuals. Both the Shiley
and SBT datasets are unlike many curated research datasets in that they are ongoing, observational real-
world datasets. Real-world settings are different from clinical trials and laboratory tests in many ways which
make processing and analyzing more challenging. For example, for the Shiley data sets, there were no
placebo or contrived control groups to be used for comparison purposes in our analyses, since all patients
were undergoing routine clinic care. Thus, the care they received was delivered without bias and without
use of non-conventional methods, unlike in a clinical trial where the use of controls and highly contrived
or specialized protocols are pursued to maximize the power to evaluate a very particular hypothesis. Real
world data sets, like the Shiley dataset, include patients that have not been held on the same treatment,
especially if there were no signs of the efficacy of that treatment, or there were signs of severe side effects.
In addition, there were no regular scheduled intervals for testing or treatment changes since it was often up
to the patients as to when they chose to receive care. Lastly, recorded outcome measures in the Shiley data
set was limited by patient engagement and adherence. All of these issues can confound or conceal true

effects of intervention and make finding meaningful results difficult. This was also true for the SBT data
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set, as it was collected during the routine use of the SBT app and not as part of a specific study focusing on

one or another element of the SBT platform.

The first chapter will address the work | pursued with the glaucoma ADAGES I11%° dataset from
Shiley Eye Center. The primary outcome of glaucoma is partial vision loss or complete blindness.
Glaucoma is a complex disorder and may have several underlying determinants but is primarily
characterized as a neurogenerative disease which causes loss of retinal ganglion cells. Changes to the retinal
nerve fiber layer, as well as the optic nerve, are also common, and can usually only be diagnosed by
inspection of eye and the optic nerve. The degradation of the visual field in glaucoma is often gradual and
begins at a patient’s periphery, making it hard for even the patient to notice the loss immediately, even
though the effects are irreversible. For this reason, early detection of the disease is important as treatment
can help preserve a patient’s vision. Early detection by itself is not enough though, as patients experience
a wide range in rates of visual field loss and degradation, which suggests that there may be additional
factors, including genetic, that mediate the disease progression. Fully understanding these factors can help
improve a patient’s quality of life through risk assessment, risk mitigation, early detection and treatment
and potentially illuminate causal determinants which reveal novel drug targets. Ultimately, in order to
understand how genetic factors impact visual loss progression, and not just glaucoma diagnosis,

longitudinal data on patients with genetic data is required.

Glaucoma has been the focus of many genome wide association studies (GWAS). These studies
have revealed associations between many common genetic variants and, for example, at least one form of
Gluacoma, Primary Open Angel Glaucoma (POAG).%031:3233 Many studies have also linked the loci
harboring these variants and others to secondary phenotypes associated with the disease, such as intraocular
pressure, retinal nerve fiber layer thickness, and cup to disk ratio.3*353% However, there are few studies
which have examined the relationship between genetic variants and glaucoma prognosis, probably because

of a lack of longitudinal data. At the time of my research only one other GWAS study managed to address
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the question of whether or not genetic variants impact glaucoma progress, and the authors of this study
binned patients into binary classification of progressors vs. non-progressors, but did not consider
progression as providing a range of values as a quantitative measure.®” Using GWAS to find genetically-
mediated progression-related associations is not uncommon, however, as GWAS on longitudinal data has
been pursued with several other diseases.®3%40 In the analysis | have pursued, | treat visual field loss
associated with glaucoma as a quantitative measure, which may reveal novel associations of relevance for

predicting and treating aspects of glaucoma.

The second and third chapters will consider two different analyses involving longitudinal data
arising out of the SBT data collections. These data collections include SBT app users’ emotions, general
mental and physical health, demographics, and the mindfulness and mediation activities they completed.
These analyses explore long term changes and the effects of specific mediations provided to a user of the
app for improving or maintaining their mental health. It is well-known that poor mental health, like
behavioral conditions and neuropsychiatric diseases, is a stressor linked to many co-morbidities as well as
low productivity.*+424 Several studies suggest these conditions are on the rise, especially in the United
States, yet mental health is often viewed as a stigma instead of part of something to consider in evaluating

an individual’s overall health.*

Unfortunately, even if a patient were ready to seek help for their mental health problems, and were
willing to be compliant in treatment regimes, the scarcity of mental health professionals, socio-economic
factors, and lack of insurance coverage for many mental health issues, restrict those who can receive care.
Delivering care at the scale that is required given the seriousness and prevalence of mental health
conditions, is itself a serious problem. Fortunately, there are initiatives at the FDA and other regulatory
bodies to consider digital therapeutics — therapeutics delivered through a digital device such as a smartphone
— bona fide, insurance-reimbursable, officially sanctioned and registered, healthcare devices. Digital

therapies have the advantage of being able to scale to meet the needs of the population without increasing
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the number of actual healthcare professionals. They also have the ability to reach remote locations, and act
as a less expensive treatment option for those with little financial means. While digital therapeutic treatment
may not be an effective tool for everyone, even if they are able to treat a fraction of people who need mental

healthcare, they will have a huge impact.

Stop Breathe Think, Inc. (SBT) has created a platform that uses guided meditations to provide self-
awareness and mindfulness coaching to interested users. Mindfulness training has been shown to be an
effective way to treat many conditions, often inducing positive thought patterns and improving mood.*>46
The SBT application is unique in that it asks users to define their emotional state before and after completing
an meditation-based mindfulness activity. The data from the SBT device allowed me to analyze the actual

effect that completing a meditation/mindfulness activity had on a user.

In chapter 2, | discuss measuring SBT app users’ baseline (i.e., pre-meditation) emotional state to
see if the prolonged use of the app has effects on the baseline emotional state in the long term. In chapter
3, | explore the effect of specific meditation/mindfulness activities given a user’s initial emotional state
given information on their background (e.g., demography). Additionally, | explore the possibility of
predicting what emotional state a user might end up in if they choose certain meditations given their
background, with the ultimate goal of trying to provide more personalized meditation/mindfulness activity

recommendations for positively adjusting their emotional state.

Ultimately, my thesis research focuses on the application of longitudinal analysis methods using
real-world data sets in order to make predictions about health outcomes that are tailored or personalized to
an individual patient or health app user. | use data from one clinical care unit in a hospital and one digital
device platform to showcase how one can find associations and build personalized predictive models in
different settings. In addition, | show in each setting that resulting predictive models can be progressively

enhanced by adding a learning component to their construction that accommodates the collection of new
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data that is fed back into the predictive models. I also show that analyzing real-world longitudinal data to
develop such models requires dealing with irregular measurement intervals, addressing serial correlation
between observations, handling missing data, integrating disparate data types, and accommodating several

additional confounding factors.
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CHAPTER 1 : GENOME WIDE ASSOCIATION STUDY AND

META-ANALYSIS OF LONGITUDINAL GLAUCOMA-

RELATED VISUAL FIELD LOSS PHENOTYPES

Abstract

Obijective: Although a great deal is known about genetic susceptibility to, and general risk factors
for, glaucoma, few studies have considered the influence of genetic factors on the time course or trajectory
of vision loss and related phenotypes associated with glaucoma. We therefore pursued a series of GWAS
studies and meta-analyses to uncover genetic variants associated with disease progression as measured by
visual loss over time. The results of our study may facilitate the selection of preventive interventions and

therapies for clinical subtypes of glaucoma.

Design: Genome-wide association study (GWAS) of longitudinal visual field data followed by gene

based meta-analysis of two populations with different ancestral backgrounds.
Subjects: Glaucoma patients (n = 754) with follow-up clinical data collected over several years.
Methods: We leveraged whole-genome sequence (WGS) data on 754 patients who had also been
tracked for vision loss and progression over an average of 9.1 years. Focusing on the common variants from
the WGS data, we pursued genome-wide association studies (GWAS) on vision loss trajectories in two sets
of individuals, one of European and one of African American ancestry, using standard single locus analyses,

gene-based variant analyses based on summary statistics, and a meta-analysis of the results of each study.

Outcome Measures: Glaucoma-related visual field loss trajectories collected over time
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Results: We found evidence for association between variants in the TGFBR3 (p=9.44E-05),
CDKN2B-AS1 (EUR: p =6.33¢-06), TLR4 (EUR: p=6.43E-07, AAM: p=3.67E-05), ARHGEF12 (EUR:
p=4.42E-05), TMTC2 (EUR: p=1.87E-04, AAM: p=6.86E-06), and TIP1 (AAM: 7.26E-06) genes with
longitudinal visual loss phenotypes. These genes have been previously shown to harbor variants that are
associated with glaucoma onset, intraocular pressure (I0OP), and central corneal thickness (CCT). We also
found evidence for association between variants in the region between the CNTNAP2 gene and the C70rf33

genes (p=8.984e-07, p=1.67E-06, respectively), with multiple glaucoma phenotypes.

Conclusion: The analysis of a unique and deeply-phenotyped cohort confirmed previous genetic
associations with glaucoma and revealed novel associations between genetic variants and glaucoma-related
progressive visual loss. Further validation of our findings is needed before our results can be used to identify

glaucoma subtypes that might benefit from different intervention strategies.

Background

Glaucoma is a complex neurodegenerative disease that affects vision via detrimental changes to
the optic nerve, the retinal nerve fiber layer, and retinal ganglion cell (RGC) loss. The degradation of RGC
results in a narrowing of the visual field (VF) and poorer vision-related quality of life. This degradation is
irreversible and can ultimately result in total blindness. Early diagnosis can help preserve a patient’s vision.
However, individuals with glaucoma exhibit wide variation in their rates of VF loss. Understanding the
underlying mechanisms that contribute to this variation in VF loss, especially genetically-mediated
mechanisms, could lead to more appropriate ‘personalized’ care plans for individuals suffering from, or

susceptible to, glaucoma.

Previous genome wide association studies (GWAS) focused on glaucoma have established that one
form of glaucoma, Primary Open Angle Glaucoma (POAG), is influenced by number of genetic variants.

53132334748 Additional studies have linked genetic variants to other features of glaucoma pathology, such

16



as intraocular pressure, cup disk ratio, and RNFL thickness. 34353 Although these studies have revealed a
great deal about glaucoma’s underlying genetically-mediated pathology, they do not necessarily consider
factors that might be more directly relevant to the management of a glaucoma patient. For example, little
research has been conducted addressing genetic determinants of glaucoma progression, or the trajectory of
VF loss. Knowing the factors that may contribute to variation in VF loss over time could lead to a better
understanding why standard of care is ineffective for particular patients. A study by Trikha et al, which was
rooted in a GWAS with VF Progression as an end point, did consider longitudinal VVF loss, but their analyses
focused on a binary classification of individual progression and did not accommaodate the length of follow-
up, nor all the data collected over time on each patient.®” The lack of studies on longitudinal phenotypes of
relevance to glaucoma is unfortunate since GWAS have been pursued to in an effort to identify loci
associated with the longitudinal trajectories and progression of many other diseases. %3 In order to
overcome this, we pursued a meta-GWAS meant to identify genetic variants contributing to the progression
for glaucoma-related VF loss using extensive longitudinal data on 754 patients collected, on average, over

9.1 years.

Methods
Regulatory Oversight

UCSD Internal Review Board (IRB) approval, as well as written and informed consent from
patients, was obtained for this study (IRB Protocol #140107). All protocols adhered to the guidelines of the

Declaration of Helsinki.

Study Population

The population we used in our analyses is a subset of the ADAGES Il (clinical trial #:
NCT00221923) for which we pursued WGS.?® Patients with POAG and control participants were recruited
who self-reported as African ancestry or European ancestry (note: we ultimately determined ancestry using

genetic variants, see below). Eligibility for inclusion as a POAG patient required that no other ocular or
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non-ocular disease was responsible for the glaucomatous VF damage. We conducted WGS on 1,589
individual patients at an average read depth of 30x using the Illumina X10 technology. European and
African ancestry proportions were computed from genotype profiles using a panel of 100,000 ancestry
informative markers (AIMs). After filtering for sequence quality (e.g., TS/TV ratio, SNP & INDEL counts,
etc.), 1,219 Primary Open Angle Glaucoma (POAG) patients remained in the analysis. These 1,219 patients
included 580 individuals who were of European descent and 639 individuals who were of African descent.
We focused our analyses on a subset of glaucoma patients (n=754) who had sufficient longitudinal VF

measures available. A summary of the study population is provided in Table 1.1 and the workflow is shown

in Figure 1.1.
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Figure 1.1 Workflow of Data Preparation

The above workflow shows various filters and divisions within the WGS dataset. Of the original 1,589 samples 17 are removed for
sequence quality or identity issues, 1,219 remain after admixture filtering, and a total of 754 patients had sufficient longitudinal
data.
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Table 1.1 Study Population Breakdown by Ancestry
A total of 754 participants were included based on all layers of filtering. Patients were treated and studied over an average of 9.1
years. There were more Europeans, and more females included in the study.

Variable Total European Ancestry  African Ancestry
Count 754 488 266
Male 337 229 108
Female 417 259 158
Num VF 13.1+7.5 13.6+7.5 12.3+7.5
Years of Follow-up 9.1+4.3 9.3+45 9.6+4.0
Min 0.3 0.4 0.3
Max 18.8 18.8 18.4

Variant Calling

Variant calling was conducted by Human Longevity, Inc, using an extended version of Tllumina’s
‘Issac’ pipeline.”® Variants were filtered using both Bcftools and PLINK v1.90.%° Principal components
analysis (PCA) was conducted to identify evidence for population stratification, and the identified PCs were
later used to account for ancestry and batch effects in the association analyses. The first three PCs accounted
for minimal variation but were likely reflecting minor sequencing batch effects. Roughly six million SNPs
were selected for analysis based on filters for study population minor allele frequency (MAF > 5%), Hardy-
Weinberg equilibrium (HWE < 1E-10), and total called genotypes across all loci interrogated (>90%) in
both populations combined. Additional individuals were removed from analyses for having abnormal
transversion-transition ratios, SNP/indel counts, or low confidence that their samples were from an

identified patient (mis-matched sex, ancestry discordance, duplicates).

Phenotype Data
Patients underwent VF testing using the SITA-standard 24-2 strategy within 30 days from image
acquisition and diagnostic tests. The UCSD Visual Field Assessment Center (VisFACT) completed a

quality review of the VFs. VFs were excluded if fixation losses, false positive errors or false-negative errors
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were greater than 33%. The exception was the inclusion of VVFs with false-negative errors of more than
33% in eyes with advanced disease (Mean Deviation (MD) lower than 12 dB). VVFs were further reviewed
and excluded for the following artifacts: learning effects (i.e., initial tests showing consistent improvement
on VF indexes); inappropriate fixation; inattention; lid and rim artifacts; fatigue effects; or evidence that

the VF results were due to a disease other than glaucoma (such as homonymous hemianopia).

We ultimately focused on fourteen quantitative VF measures collected on the patients with the
WGS data. These measures represent a patient’s ability to detect light at specific thresholds and include: 1.
VF global measures, Mean Deviation (MD) and Pattern Standard Deviation (PSD); 2. VF sectoral measures
of mean sensitivity and pattern deviation each calculated for the 6 Garway-Heath visual field (GHVF)
sectors; and 3. number of test locations for each GHVF outside normal limits (<0.05) for pattern deviation.
Each of these fourteen longitudinal end points were each collapsed into progression metrics for each patient
using least squares regression with visual measures as dependent variables and time since first visit as an
independent variable along with covariate information (age, sex, average 10P). The slopes obtained from
these regression analyses were taken as a rate of glaucoma progression. °1°2 We will use each of these
phenotypes in their own GWAS analysis for a few reasons: 1) loss of VF is not uniform across the eye, and
we want to be-able to detect any change as it is important for patient quality of life and 2) and SNPs can
effect structural changes which may influence regional decay.>® Because the regression model used to
conduct association analyses (see below) is particularly susceptible to influence from extreme values, small
sample sizes and the influence of non-normality or errors, individuals with progression scores 2.5 standard
deviations from mean in 50% or more of the measures were removed from analysis. Additionally, all scores
were adjusted using Box-Cox power transform to conform to regressions assumption of normally

distributed residuals.>*
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Association and Meta-Analysis

Patients were split into two groups according to European or African American ancestry based on
the genetic ancestry information, and analyses were pursued within each group. Using the additive allele
effect-based regression analysis model implemented in PLINK, we tested single SNP associations against
disease progression of GHVF sectors (i.e., slopes computed from the regression of visual loss on time) and
summary global outcome measures.>® SNPs were represented numerically as the number of minor alleles
possessed by a patient at each locus: 0=homozygous wild-type or major allele, 1=heterozygous genotype;
and 2=homozygous minor alleles. Covariates were also considered in the analyses and included age, time
in the study, sex, and the first three principal components obtained from a Genetic Correlation Matrix
(GRM) using PLINK for stratification and ancestry analysis. Results of the association analyses for each
SNP by each GHVF phenotype were aggregated within genes (EUR N =635, AAM N = 821) and intergenic

regions defined by ANNOVAR variant notation.

For each of the fourteen phenotypes, aggregated association statistics were tested for enrichment
of statistically significant (p<5.0E-5) associated variants using the COMBAT package , which provides a
single p-value for a gene or region based on the strength of the association of each variant considered after
correcting for linkage disequilibrium (LD) between the variants.>® Ancestry matched genotype frequencies
for the variants considered in our analyses, as well as insights into the LD structure among these variants,

were obtained from the 1000 Genomes project data.®’

Results

GWAS was performed with fourteen quantitative phenotypes, and we looked at enrichment within
genes and intergenic regions across all phenotypes. Given the sample size, this study focused on gene level
summary statistics via the use of the methods implemented in the COMBAT software suite rather than
individual SNPs. We also examined loci already associated with POAG to see if they also exhibited signs

of association with rate of disease progression.
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We used SNPs and genes found to be associated with glaucoma in a recent publication (A
multiethnic genome-wide association study of primary open-angle glaucoma identifies novel risk loci) for
replication purposes as the authors of this publication used similar ancestry cohorts.*® Replication tests in
known SNPs for glaucoma onset were not ultimately conclusive (See supplementary material for greater

details about these analyses).

For our analysis of patients with European ancestry, four genes previously associated with
glaucoma diagnosis (TLR4, CDKN2B-AS1, ARHGEF12, TMTC2) were found to be associated with
glaucoma progression, based on the gene-based test implemented in the COMBAT package, with
progression defined as the slope of VF loss over time. In addition, a gene associated with a related eye
disease (pseudoexfoliation syndrome), but not previously tied to glaucoma diagnosis, was also strongly

associated with glaucoma progression (CNTNAP2 P=3.85E-07).%°

In the African ancestry population several genes previously associated with glaucoma diagnosis
were also associated with glaucoma progression (TMTC2, TGFBR3, CDKN2B-AS1l). CNTNAP2
(P=1.67E-06) was strongly associated with progression in the African population as well. Table 1.2
provides a summary of the gene-based analysis results and Figures 1.2A and 1.2B provide a heatmap
characterization of the genes associated with the different phenotypes for individuals of European and

African American ancestry, respectively.
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Figure 1.2 Gene by Phenotype Significance Enrichment

Shows significance by gene and phenotype arranged by average lowest p-value. Genes further on the left are more enriched for
significance across all phenotypes. Both European ancestry and African American ancestry show CNTNAP2 as the most
consistently significant.
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Table 1.2 Associate Genes by Ancestry
Known genes to be associated with glaucoma onset which were also associated with progression in our study. Additionally,

significant SNP’s in Promoter / Enhancer regions that were identified with encodes RAMPAGE pipeline.

Population: European

Previous Signigicant SNP's in
Glaucoma Gene P-  Promotor/Enchancer
Region Chr  Association Value Regions
CNTMAPZ 7 Mo J.85E-07 B
CHNTMAP2, CTorf33 7 Mo 6 41E-08 0
CDKMN2B-AS1, DMRTAA1 9 Yes 6.33E-06 0
TLR4, BRINPA1 9 Yes 6.43E-07 0
ARHGEF12, GRIK4 11 Yes 4 42E-05 0
TMTC2 12 Yes 1.87E-04 0
Population: African American
Previous Signigicant SNP's in
Glaucoma Gene P-  Promotor/Enchancer
Region Chr  Association Value Regions
TGFBR3 1 Yes 9 44E-05 0
CNTMAPZ 7 Mo 1.53E-06 2
TLR4, BRINP1 9 Yes J.6TE-05 0
TJP1 15 Yes 7.26E-06 0

Discussion

Glaucoma is a complex, multifactorial eye disease that has the largest prevalence of all
neurological diseases. Identifying each and every factor contributing to glaucoma susceptibility
will be difficult, given that each contributing factor may have a small effect. This is also true since
glaucoma-related phenotypes, such as disease progression as characterized by VF loss, exhibit
wide variation among patients, suggesting the existence of a pronounced cumulative or temporal
component to the disease. We pursued a GWAS focused on glaucoma progression with a
phenotype derived from measures obtained over an average of 9.1 years on 754 patients. We found

that many genes that had been previously implicated in glaucoma susceptibility were also
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associated with glaucoma progression, most notably, the gene CNTNAP2 and variants surrounding
the CNTNAP2 gene. Interestingly, CNTNAP2 is expressed in all ocular tissues including glial and
neuronal cells. Additional laboratory assays, constructs, and functional testing are required to
validate our findings and put them into a more rigorous pathogenic context. We did cross-reference
all SNPs that were significant at genome-wide levels with the Encode Screen tool®%5 put found
that there was no overlap between suggestive SNPs and promotor or enhancer positions shown to
be functional. For CNTNAP2 we found six SNPs that were in five different enhancer or promotor
regions (EH37E0933479, EH37E0933483, EH37E0933484, EH37E0933487, EH37E0933492).
The RAMPAGE (RNA Annotation and Mapping of Promoters for the Analysis of Gene
Expression) pipeline has identified all five of these regions as transcription start sites for

CNTNAP2,

Our analysis was constructed to test several phenotypes efficiently. There are other ways
we could have tested the effect of genetic variants within our population. As mentioned earlier, a
report by Trikha et al.3" described the results of an analysis of a binary 5-year ‘progression or not’
phenotype rather than a quantitative measure of progression. This has the advantage of not being
heavily influenced by extreme cases but is probably ignores important variation in actual
progression rates. Our association analysis considered the slope of an individual’s worst eye as the
dependent variable for the regression at each SNP. A more rigorous and computationally expensive
analysis would use the raw VF measures as a dependent variable and implore more complicated

regression techniques to handle serial correlation within each individual.
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Our study is not without limitations, the first of which is the sample population and size.
Our study was observational and thus limited by patient follow up and recruitment. While the study
contained 1,219 individuals, 465 (38%) had to be removed for insufficient, incomplete, or
questionable data. We have confidence in our findings, however, since our study involved a
relatively small cohort, our main findings were observed in analyses involving two separate
cohorts with different ancestral backgrounds, and therefore provides some assurance that they are
true positives. In addition, our study leveraged WGS data, but only considered common variation
in our GWAS. We did this in part because of power issues, but also because we did not have access
to a sizable replication data sets to verify associations with rare variants. However, we do intend

to assess the contribution of rare variants to glaucoma progression in the future.

Chapter 1, in full, has been submitted for publication of the material as it may appear in
Ophthalmology Glaucoma, 2020, Argus J Athanas, Radha Ayyagari, Linda Zangwill, Mark Christopher,
Jeffrey M. Liebmann, Christopher A. Girkin, Robert M. Feldman, Harvey Dubiner, Yii-Der Chen, Kent D.
Taylor, Xiuging Guo, Jerome I. Rotter, Nicholas Schork, Robert N. Weinreb for the ADAGES IlI

Genomics Study Group. The dissertation author was the primary investigator and author of this paper.
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CHAPTER 2 : LONG-TERM USE OF A MINDFULNESS AND

MEDITATION SMARTPHONE APP IS ASSOCIATED WITH

IMPROVEMENT IN BASELINE MOOD

Abstract

Background: The use of smartphone apps to monitor and deliver healthcare guidance and
interventions has received considerable attention recently, particularly with regard to behavioral disorders,
stress relief, negative emotional state, and poor mood in general. Unfortunately, there is little research

investigating the long-term and repeated effects of apps meant to impact mood and emotional state.

Objective: We aimed to investigate the effects of both immediate point-of-intervention and long-
term use (ie, at least 10 engagements) of a guided meditation and mindfulness smartphone app on users’
emotional states. Data were collected from users of a mobile phone app developed by the company Stop,
Breathe & Think (SBT) for achieving emotional wellness. To explore the long-term effects, we assessed
changes in the users’ basal emotional state before they completed an activity (eg, a guided meditation). We

also assessed the immediate effects of the app on users’ emotional states from preactivity to postactivity.

Methods: The SBT app collects information on the emotional state of the user before and after
engagement in one or several mediation and mindfulness activities. These activities are recommended and
provided by the app based on user input. We considered data on over 120,000 users of the app who
collectively engaged in over 5.5 million sessions with the app during an approximate 2-year period. We
focused our analysis on users who had at least 10 engagements with the app over an average of 6 months.
We explored the changes in the emotional well-being of individuals with different emotional states at the
time of their initial engagement with the app using mixed-effects models. In the process, we compared 2
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different methods of classifying emotional states: (1) an expert-defined a priori mood classification and (2)

an empirically driven cluster-based classification.

Results: We found that among long-term users of the app, there was an association between the
length of use and a positive change in basal emotional state (4% positive mood increase on a 2-point scale
every 10 sessions). We also found that individuals who were anxious or depressed tended to have a
favorable long-term emotional transition (eg, from a sad emotional state to a happier emotional state) after
using the app for an extended period (the odds ratio for achieving a positive emotional state was 3.2 and

6.2 for anxious and depressed individuals, respectively, compared with users with fewer sessions).

Conclusions: Our analyses provide evidence for an association between both immediate and long-

term use of an app providing guided meditations and improvements in the emotional state.

Keywords

mental health; smartphone; emotional well-being; mindfulness

Introduction
Background

Behavioral conditions, neuropsychiatric diseases, and poor general mental health are seen as major
contributors to morbidity, mortality, and lost productivity on a global scale. However, these factors are
often overlooked in discussions about the current state of healthcare, which tend to focus on physical well-
being.** Many studies suggest that mental health can play a large role in physical health, recovery from
disease, and ultimately productivity and, therefore, should receive greater attention.*-424% Unfortunately,
there are serious questions about how mental health can be promoted and, in instances when it is called for,
how relevant interventions can be prescribed and deployed efficiently in a cost-effective manner.526364 This

is especially true given the number of people who may actually benefit from such interventions.® In light
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of this, there is enthusiasm for the development of smartphone apps that can not only monitor an
individual’s health—both physical and mental—but also deliver content designed to help coach them
through difficult times or provide a needed intervention. In fact, many smartphone apps have been
developed, or are under development, to aid in healthcare via, for example, image-based diagnostics,
glucose monitoring for diabetes, and physical fitness promotion.%®%” For mental health management and
intervention, there is growing enthusiasm for the development of smartphone platforms that provide
guidance on mindfulness and meditation as a way of relieving stress and promoting mental health and well-

being. Many of the resulting platforms have been or are undergoing testing in clinical studies.586°70.7%.72

The use of mobile phone apps in combating or mediating behavioral conditions, stress, negative
emotional states, and elevating mood is also consistent with directions that public health and regulatory
officials are considering. In fact, evidence is mounting from clinical trials showing that smartphone apps
can be effective in a variety of settings. Agencies such as the US Food and Drug Administration (FDA)
have created, and in instances passed, legislation allowing the filing and approval of mobile health apps as
approved health technologies on the same level as in vitro diagnostics and drugs. Pear Therapeutics was
one of the first companies to have a smartphone app for addiction approved for use by the FDA in 2016.7
Many other commercial and academic groups are developing smartphone apps for a wide variety of
conditions that go beyond the simple direct-to-consumer market by seeking regulatory approval for their
use in clinical contexts.”"7® Unfortunately, not enough time has elapsed since the introduction of
smartphone-based intervention apps to provide insight into their long-term repeated effects as well as their

effects in real-world settings (ie, outside of clinical trials).”":787

Objectives
Stop, Breathe & Think (SBT) has developed a smartphone app that provides guided meditations
and mindfulness activities to promote self-awareness coaching to interested users. As noted, mindfulness

and meditation have been shown to improve affect and mood and promote healthy thought patterns.*4¢ The
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SBT app prompts users before and after they are guided through meditation and mindfulness activities to
provide an emotional, mental, and physical check-in, thereby allowing an assessment of an individual user’s
emotional state and mood pre- versus postactivity in real time. As repeated uses of the app by SBT users
are archived, longitudinal information on its users with regard to their long-term engagement with the app
is retained. This allows further analysis of the influence of repeated engagements with the app on an
individual user’s basal mood over time in real-world settings. We pursued such an analysis using data from
SBT users who had at least 10 engagements with the app. The SBT app allows users to choose from more
than 100 unique emotions to reflect their emotional state at the time they use the app. These emotions cover
a range of human emotions including anger, remorse, anxiety, calmness, and enthusiasm. Users are guided
through meditations that they can choose from based on an algorithm developed by SBT. We focused our
analyses on the baseline (or basal) emotional state of a user, before he or she engaged in a guided meditation
or mindfulness activity and were primarily interested in the long-term and repeated use effects of the SBT
app on this baseline emotional state. Essentially, we wanted to ask the question if the continued use of the
app lifted the spirits of the user over time. We were particularly interested in users who tended to pick

emotions associated with depression and anxiety when engaging with the app before meditating.

Methods
The Basic Stop, Breathe & Think App

The SBT app is a multiplatform (ie, iOS, Android, and Alexa) app designed to guide users through
meditations and mindfulness activities to alleviate stress, anxiety, and depression and improve the sense of
well-being. Upon opening the app, a user can participate in an optional 10-second reflection period. After
this optional reflection period, users describe their current mood, emotional state, and physical health by
choosing from a number of emotions; the SBT app then provides suggestions for specific meditation and
mindfulness activities. The user can choose from among the suggested activities after being asked to
endorse up to 5 different characterizations of their mood and emotional state. A user can choose not to

provide any input regarding their mood, emotional state, and physical health and simply engage in an
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activity. The figure below (Figure 2.1) provides a schematic of an individual session and the corresponding

points where user information is collected.
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Figure 2.1 Stop Breathe Think User Interaction Flow Chart

Stop, Breathe & Think user interface and stages of interaction with the app. Users are provided several ways in which they can
record their current emotional state both pre- and postactivity. These emotional check-ins are optional, but the intuitive and simple
selection process makes it easy for most users to enter at least some emotional status information.

It should be understood that all information collected with the SBT app is volunteered by users as
stated and defined in the SBT user licensing agreement and privacy policy. In addition, for purposes of our
data analyses, all the data we obtained from SBT were anonymized and put into a Health Insurance
Portability and Accountability Act (HIPAA)-compliant format such that users could not be reidentified.
Functionality and delivery of the SBT app and service varies from device and platform implementation (eg,
Alexa, Android, and Web browser). Therefore, to avoid batch effects, we focused on users who were
exclusively on an iOS platform and started using the app after SBT provided its last major version of the
app (05/01/2016). Users had to have completed at least 10 sessions or engagements with the app, with a
minimum of 6 of those sessions including pre- and postactivity emotion selections. The SBT app content is
in English and to avoid translation errors and alternative interpretations of the language used in the SBT
app, we restricted our analyses to individuals from native English-speaking countries: The United States,
United Kingdom, Canada, and Australia. An additional filter was used, restricting users’ ages to between

12 and 100 years.
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Emotional Check-ins Pre- and Postactivity Score

The SBT app allows the user to endorse between 1 and 5 emotional states out of a possible 115,
before and after engagement in a guided meditation or mindfulness activity (or series of activities if they
choose to engage in more than 1 activity during a session). This emotional check-in involves selecting an
initial emoticon and then choosing from a list of emotions within subgroups of terms that closest
characterize the user’s current emotional state. These 115 emotions were chosen for the app based on
internal SBT research and user requests. All emotions were classified as positive, neutral, or negative and
given corresponding scores of 1, 0, and —1, respectively. All emotions and their corresponding scores are
provided in Multimedia Appendix 1. As users can select up to 5 emotions, an average emaotional score was
calculated for both pre- and postactivity and standardized to a range from —1 (all negative emotions) to 1
(all positive emotions). Our analysis explored (1) trends in the preactivity emotional score over repeated
uses of the app while accounting for the covariates as well as serial correlation between sessions and (2)

trends in changes of the emotional scores before and after an activity over repeated uses of the app.

Clustering of Emotions

In addition to treating the preactivity emotion scores and changes in emotion scores pre- and
postactivity as dependent variables and time, sex, and age covariates as independent variables, we also
explored the patterns among the emotion endorsements to see if there was evidence for obvious clusters of
emotions that could reflect the same general emotional state. We leveraged principal coordinates analysis
(PCoA) and the nonsupervised clustering technique, Partitioning Around Medoids (PAM), for these
analyses.®° We pursued these analyses as it is arguable that some users may see a subset of the emotions as
synonymous and hence only choose one among many possible choices to describe their emotional state at
the time to avoid redundancy, whereas other users might see those same subsets of emotions as

complementary and reflecting different aspects of their mood. In addition, other users may preferentially
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select emotions based on their location in the selection list or choose a set of rare emotions that are

infrequently selected by other users to differentiate their emotions.

The distance between the emotions was calculated using the Bray-Curtis distance measure.®! To
determine the optimal number of non-supervised emotion clusters in 2-dimensional PCoA component
space, we selected the number of clusters with the largest silhouette score. Once we identified the optimal

number of clusters, emotions were then assigned to one of the identified clusters.

An individual’s emotional status was also summarized in terms of the relative distances (using the
Euclidean distance measure) between pre- and postactivity states. The distances between an individual’s
emotional status and the medoid of the closest associated emotion cluster were calculated as well. Emotions
were labeled with clinical categories, associating each of them with either anxiety, depression, anger, or
happiness (Multimedia Appendix 1). Ultimately, using distances between emotional states and emotional
clusters allowed us to build models relating the number of times users engaged with the app to gross changes

in emotional states defined by the emotion clusters.

Statistical Analyses to Identify Long-Term Changes in Emotional State

To assess the effects of the continued use of the app on the preactivity emotional state, we used
Linear Mixed-Effects (LME) models and Generalized Linear Models (GLMs) as implemented in the Ime4
package in R.82 These analysis techniques can accommodate serial correlations among emotions over time
and also account for both fixed (eg, sex) and random effects (eg, variation in preactivity emotional state or
the degree to which use of the app changed the preactivity emotional state over time). We pursued different
analyses to evaluate changes in the preactivity emotional state over time, including a model that considered
the effect of the emotional states possessed by individuals at their first engagement with the app. These
analyses considered both the emotion scores as the dependent variables as well as the use of the emotions

as defined by the cluster analysis clinical labels as dependent variables. We also tested the effect of repeated
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uses of the app on the change in the emotional state pre- to postactivity by treating the ratio of pre- to

postemotion score as a dependent variable.

We included several covariates in our analyses and tested them for their effects on the emotional
state: session index (ie, 1 as the first use and 2 as the second use—which captures the repeated use of the
app), gender, age, country of origin, subscription status, and whether the user remained anonymous (ie, did
not fill out information in his or her account—which may indicate a fake or disengaged user). As there is
large variability in the number of completed sessions and the distribution of the number of uses of the app
per individual has an extreme right skew, we applied a log10 transformation to the session index variable.
This transformation markedly improved the normality of the session index as a variable (data not shown).
LME models were fit, and the features associated with the preactivity emotional state as the dependent
variable were selected using a forward stepwise selection procedure based on the Akaike Information
Criteria. Similar models were fit with the pre- to postactivity emotional state ratio as the dependent variable.
GLMs were fit to the data when changes in emotion categories (ie, based on clinical or cluster analysis

labels) were taken as the dependent variable.

Results
Defining the Dataset

After all the duration, quality, platform, and country filters were applied, 13,393 users remained
(10,082 females, 2187 males, and 1124 undeclared sex). The average age of the users was 32.3 (SD 13.5)
years, with 31.7 (SD 13.3) years for females, 34.6 (SD 13.4) years for males, and 33.3 (SD 15.0) years for
undeclared participants. Collectively, the users completed 569,961 sessions with the app, with 302,514 of
these sessions having emotional check-in data, with an average of 42.6 sessions and 22.6 emotional check-
ins per user. Multimedia Appendix 2 provides a histogram depicting the distribution of the length of time
users engaged with the app. Multimedia Appendix 3 shows average period between app uses given the total

length of engagement for users.
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Cluster Analysis of the Emotions

The use of the silhouette scores based on the PCoA and PAM analyses suggested that there were
likely 8 clusters of emotions.®® As noted, the relative distances between pre- and postactivity emotional
states and the distances between each user’s emotional state and the closest associated emotion cluster were
calculated. In addition, each of the 115 emotions that could be endorsed was assigned to one of the emotion
clusters (see Multimedia Appendix 1). Using these cluster labels, we calculated the mean orientation of
each cluster and the relative distance of each individual’s emotional scores both pre- and postactivity from
these means. These distances were compared with the other emotion scores we calculated and were highly
correlated with them (Figure 2.2). Figure 2.3 provides a graphical depiction of the results of the clustering

using the first 2 principal coordinates obtained from our analyses.
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Dist Positivity -0.1

Session Index

10910 Session Index 0.14 0.14 0.11 0.13 0.14
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Dist Anxiety F 0
0.2
Average Pre Emo Score
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Dist Anger 06
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Figure 2.2 Variate Correlation

Average emotional score versus cluster centroid distances correlation matrix represented as a heat map. As an example for
interpreting the numbers in the matrix, a —0.90 correlation between the preactivity emotion score (x-axis Average Pre Emo Score
label) and positivity cluster (y-axis Dist positivity label) shows that users who score higher on the preactivity emotional score had
a shorter distance of their selected emotions to the centroid of the positive emotion cluster. Note that labels with Dist reflect distance
measures derived from the cluster analyses (eg, Dist Anxiety reflects the distance of a user’s emotional score from the anxiety
cluster mean) and Emo reflects a specified emotional cluster.
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Figure 2.3 2-Dimensional PCoA Clustering Based on Co-selection

Emotion clustering using both pre- and postactivity emotion endorsements. The points in the plot reflect positions in the first 2
principal components defined by the Bray-Curtis distance between each pre- and postactivity emotional selection. The 8 circular
clusters encompassing the emotions were defined by a permutation around medoids analysis technique, in which 8 clusters
maximized the average cluster silhouette scores. Cluster boundaries are drawn on the smallest region including all underlying
emotions. Emotions are labeled by clinical association such that terms clinically associated with anger are in red and pink,
depression in blue, anxiety in purple, and happiness in green.
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Table 2.1 Assignment and scores for Stop, Breathe & Think selectable emotions.
All endorsable emotions within the SBT application with clustering, clinical assignment, and emotional
score. Not all emotions were given clinical assignments.

Assigned Cluster

Clinical Assignment

Emotion

Assigned Emotional Score

Angry', Annoyed?, Disgusted®, Frustrated*, Grumpy®,

Thankful''®

Angry Iritated®, Resentful”
1 Anger Impatient® 0
Depressed Pessimistic’ -1
None Closed-mlndedm, Defenswe”, Full of Contempt12, Full of 1
Dislike', Jealous™, Judgmental'®
Depressed Depressedm, Disappointz?”, Discouragedm, Sadm, 1
Self Gritica”, Unhappy®'
Ahenatedzz, Arrogant23, Ashamed“, BUllIedzE,
Defeated®®, Despairing™, Despondent?®, Envious®,
2: Depression Gri evingj”, Guirty3;,eHeartDroI3<$n32, H.elpless”, Hurt3:;5 P
None Insecure™, Insulted™, Isolated™, Lacking Confidence™,
Lonely®® Longing®*’, Overwhelmed*!, Powerless*,
Rejected*’, Remorseful®, Vulnerable*
Competitive*®, Embarrassed®’, Homesick®*, Not 0
Confident*®, Sensitive®™
Anxious™, Concerned®?, Nervous™, Restless™,
Anxiety e -1
37 Anxious - Worrled": -
None Apprehensive®, Disconnected®, Distracted®®, Mixed P
UpE'B Scattered™, Stressed® Uneasy62
Anxiety Afraid®, Panicked® -1
Achyes', Clingyeﬁ, Exhaustede?, Fat\guees, In Painﬁg, 1
4: Tired None Insomnia™, Lazy”", Suspicious’, Tired”®, Tom™* ]
Apatheti CFE, Boredm, Conﬂlc’[ed”, Confusedm, 0
Guarded™, Hesitant®, Indifferent®’
Carmgaz, Compassionatem, Empathetic“,
5: Compassion None Equanimous®, Fiery®®, Kind®, Non-judgmental®®, 1
TrustlngSB
Positive Calm®®, Relaxed®’ 1
& Calm None Balanced”, Connected®”, Grounded®*, Loving®, ;
Neutral®®, Open-hearted®”, Open-minded®
Positive Enthusiastic®®, Excited'”®, Satisfied""" 1
7: Excited None Creative', Fulfilled'™, Glad"™, Joyful'™®, Proud'®, ;
Relieved'”
Positive Content'_ Happy'"®, Hopeful'"® 1
8: Grateful None Appreciative"", Encouraged''?, Grateful''*, Strong™"*, ;
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Mixed-Effects Modeling: Long-Term Use Effect on Preactivity Mood and Emotional State

Using the average preactivity emotional scores, as well as the cluster-based distance measures, as
dependent variables, we fit linear-mixed models with session, as well as the important covariates, as
independent variables, while accommodating serial correlation emotions. The results using the average
preactivity emotional state scores suggest that a statistically significant relationship exists between the
number of uses of the app (ie, session index) and the preactivity emotional state, with an elevation in mood
(i.e, increase in positive emaotions) occurring with repeated use of the app. Adjusting for scale, users
experience a 2% improvement in mood after their first session, a 4% increase after their 10th session, and
a 6% increase after their 100th session. The clinical relevance of this improvement in mood needs to be
investigated further. We found that males have an average 2.5% higher (improved) preactivity mood than
females and that older users have a more positive mood than younger users. Additional analyses suggested
that repeated use of the app resulted in specific improvements in levels of anxiety and depression. After the
first 10 sessions with the app—which on average corresponded to a 63.4-day period—users were 82% more
likely to report no anxious emotions and 28% more likely to report no depressive emotions. This effect was
even more pronounced when we only examined users whose first emotion endorsement reflected anxiety
(440%) or depression (1050%). Figure 2.4 depicts the effect size and statistical significance of the estimated
regression coefficients for the analysis models with the average emotional score in the left panels and
cluster-based emotion similarity scores in the right panels. The statistical significance (ie, P values) were
calculated using a Wald-Z statistic approximation. Models fit using a subset of users who reported anxious
or depressed emotions in their first session with the app are labeled as primary models. The session index
is consistently associated with improvements in mood, suggesting, again, that repeated use of the app

positively impacts mood.
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Figure 2.4 Basal Emotional Model Estimates

Linear mixed-effects regression coefficient estimates, their SEs, and P values (<.001***, <.01**, and <.05*) for models with the
preactivity emotional state as the dependent variable. Analyses with the emotion scoring method as the dependent variable are on
the left panels and analyses using distances from clustering as the dependent variable are on the right panels. Generalized Linear
Model logit regression models were used with a binary dependent variable indicating if the emotion terms endorsed at a session
reflected anxiety (middle panels) or reflected depression (bottom panels)
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Mixed-Effects Modeling: Pre- Versus Postactivity Mood or Emotional State

We also fit models that considered the ratio of preactivity to postactivity emotional scores as the
dependent variable. Figure 2.5 plots the regression coefficients resulting from the fits of these models with
the ratio of average emotional score pre- to postactivity as the dependent variable (top panel) and the ratio
of the distances between the emotions based on the clustering (bottom panel). The results suggest that
repeated use of the app leads to increases in improvement of the mood/emotional state achieved through a
meditation or mindfulness activity—or rather that the activities seem to lead to larger improvements in

mood as the user has more engagements with the app.
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Figure 2.5 Immediate Emotional Change Model Estimates
Linear mixed-effects regression coefficient estimates, their SEs and P values (<.001***, <.01**, and <.05*) for models with pre-
to postactivity change in the emotional state as the dependent variable. An analysis with the standardized change in emotion score

pre- to postactivity as the dependent variable is reflected in the top panel, and proximity to the positive emotional clusters as the
dependent variable is reflected in the bottom panel.

43



Discussion
Principal Findings

Our analyses show that repeated engagements with the SBT app are associated with an
improvement in users’ emotional states over time. In the absence of a randomized control trial, it is difficult
to say with certainty that there is a direct causal relationship between the use of the SBT app and emotional
state; however, given the large diverse sample size, we believe that the impact of unmeasured covariates
on our results (such as external events in the users’ lives) is likely to be small, although potential biases in
the users of the app may exist. The effect we observed is more pronounced for users who often endorse
anxiety or depression when capturing their emotional state at their initial uses. We also found that age and
sex covariates are associated with the basal mood or emotional state. Ultimately, our analyses suggest the
possibility that guided meditations and mindfulness activities have the potential to be effective ways of
reducing anxiety, depression, and stress and ultimately elevating mood, although the ultimate clinical
significance of the improvements in the emotional state that we observed needs to be explored. Our analyses
did reveal other interesting phenomena. For example, although a minority in our study, males tended to
have higher baseline emotional scores and responded better to the SBT app than females. The age of a user
was also found to be a significant correlate of the basal emotional state, with older users generally endorsing

more positive emotions.

Limitations of the Study

Our analyses are not without limitations, the first and foremost being that there is no control group
and comparator app. This makes it difficult to definitively state that guided meditation and mindfulness
activities are causally related or responsible for the increase in baseline mood or emotional state over time.
However, given the sample size and magnitude of the effect, the significant change in emotional state after
immediate and prolonged use of the app suggests that it has potential as an intervention. Another limitation
is that all the information we analyzed was self-reported without any oversight by a third party. There could

be users who did not follow instructions and entered erroneous emotions to expedite engagement with the
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meditations. Many of the individuals we did include in our analyses did not record emotions for each and
every one of their sessions, resulting in many incomplete observations. Finally, a potential limitation with
our analyses is that there could have been a heavy selection bias among the individuals using the app in the
sense that they were motivated enough to download it and use it. Thus, this may be an indication that they

could be predisposed to responding positively to the app.

Broad Emotional State Transitions

Our use of the emation clusters and similarity scoring of emotions based on our cluster analyses of
those emotions allowed us to explore how often individual users transitioned from one broad set of
analogous and almost synonymous emotions to another. On the basis of these analyses, we found evidence
that, in general, individual users’ emotional states move from negative to positive over repeated uses of the
app. We find that anxiety-prone and more depressed individuals benefit from the app more than others.
These findings, as with the analyses, need to be verified in more controlled settings, such as randomized
control trials, but again suggest that there is promise for the app and related apps in clinical and public

health settings.

Future Directions

There are a number of questions that deserve attention beyond those that we addressed with our
data. For example, the number of uses of the app may not reflect the total length of time the app was used
(eg, a user could engage with the app intensely over a short period of time or stretch their use out over a
longer period of time). Assessing the impact of the number of uses versus length of time on outcomes could
provide a more detailed insight into the benefits of the app. In addition, it would be good to see if a
companion study designed especially for adolescent populations also has a positive effect on their
emotions.® In addition, special clinical populations may benefit from the app (eg, clinically depressed
individuals and individuals with addictions). It would be of value to explore analyses that focus on the

impact of large-scale social stressors (eg, school shootings, national election results, and natural disasters)
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on the use of the app as well as its effects on mood in the wake of stress-inducing events. Geolocation data
on users could better define such exposures to social stressors should they be location specific (eg, a natural
disaster in a particular state). Finally, as emphasized, it would be ideal to test the utility of the app in bona
fide clinical trials to determine which aspects of the app are causally related to improvements in mood and
emotional state as well as identifying subgroups of individuals that appear to respond best to particular

activities.

As more and more attention is given to the delivery of healthcare and health maintenance strategies
through devices such as smartphones, robots, and telemedicine communications, greater sensitivity to the
nuanced effects of these devices should motivate studies of them that are pursued in a comprehensive
manner. Such sensitivity and more elaborate studies could also lead to more efficient and sophisticated
deployment of these devices and help combat the need for expensive and logistically challenging visits to

healthcare providers.
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CHAPTER 3 : CHARACTERIZING EMOTIONAL STATE

TRANSITIONS DURING PROLONGED USE OF A

MINDFULNESS AND MEDITATION APP: AN

OBSERVATIONAL STUDY

Abstract

Background: With the rising need for mental healthcare, shortages in mental healthcare providers,
and unequal access to care, digital device apps that can be used to adjust mood show promise for helping
meet mental healthcare demands. The therapeutic content delivered through a digital therapeutic to combat

aspects of mental health disorder can also be ‘personalized,” and hence potentially provide greater benefit.

Objective: We sought to characterize the transitions from one emotional state to another during the
prolonged use of a digital app designed to provide a user with guided meditations based on their initial
emotional state. Understanding the factors that mediate such transitions can lead to improvements in
predictions and recommendations for which specific Mindfulness and Meditation Activities (MMAS) might

be appropriate.

Methods: We analyzed data collected during the use of the Stop, Breathe and Think (SBT)
mindfulness app. The SBT app prompts users to input their emotional state prior to and immediately after
engaging with MMAs recommended by the app. Data were collected on more than 650 thousand SBT users
involving over nearly 5 million MMAs. We limited the scope of our analysis to users with 10 or more MMA
sessions and data on at least 6 basal emotional state evaluations. Using clustering techniques, we empirically
grouped emotions into more coherent groups and then applied longitudinal mixed effect models to
determine the effects that individual recommended MMAs had on emotional state transitions.
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Results: We found that basal emotional states have a strong effect on transitions to a different
emotional state after MMA engagements and that different MMA impact these transitions. We found that
MMAs were effective in eliciting a healthy transition but only under certain conditions, and also observed

gender and age effects on these transitions.

Conclusions: We find that SBT MMA app users' initial emotional state has an impact on which
MMAs will have a favorable effect on their transition to another emotional state. Our results have
implications for the design and use of guided recommendations for digital therapeutics.

Keywords: Mental Health, Mobile, Smartphone, Emotional, Mindfulness
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Background

The call to treat mental health disorders on a footing equal to physical health disorders is
growing.8%" Mental health disorders are known to affect productivity, comorbid conditions and physical
wellbeing generally.*+44#8 |n fact, when asked, nearly ninety percent of Americans value mental health on
par with that of physical health.® This is not without reason, as the prevalence of anxiety disorders alone is
estimated to be between 3.8-25.0%.%° Given the high collective prevalence of mental health disorders, their
impact on quality of life, and the costs associated with the care of individuals with mental health disorders,
there is a huge need to develop more efficient and reliable ways of not only treating them but also preventing
them. Unfortunately, developing the appropriate infrastructure to combat mental health disorders within the
current health systems will be daunting and expensive as many people find available mental healthcare
overly complicated and often inaccessible.®®®! Fortunately, newer and more accessible approaches to the
care of individuals with mental health issues are being developed and include the use of telehealth, an
emphasis on risk mitigation as opposed to treatments, and the use of digital therapeutics.® Of these, digital
therapeutics are receiving a great deal of attention. Basically, digital therapeutics are digital devices (e.g.,
smartphone apps) that provide content meant to provide guidance on dealing with symptoms or content

meant to alleviate symptoms in some other way (e.g., via imagery).

The emergence of digital therapeutics is recognized by public health and government regulatory
agencies as well. The Food and Drug Administration (FDA) has allowed mobile mental health apps to
receive approvals and accreditation as bona fide medical health apps just like drugs.’3%3 Care that includes
the use of digital therapeutics can be scaled to help meet the demand without requiring many additional
trained professionals. More importantly, digital therapeutics have great potential to help provide care in
underserved populations where financial, professional scarcity, and societal burdens make other forms of
care inaccessible.®® Digital therapeutics have obvious limitations in that they aren’t appropriate for use in

all settings. One example of where they make good sense is in behavioral and mental health settings
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involving stress management where techniques, such as encouraging relaxation via, e.g., meditations and
mindfulness, can be used. In fact, mindfulness and meditation activities have been linked with healthy
thought patterns and improved mood and could reduce stress and anxiety that is often of a type that is a

precursor or symptom of many mental health disorders.*>%

Unfortunately, while the promise of digital therapeutics for reducing the risk and treating some
mental health issues and disorders are great, there is a need to vet different digital therapeutics and
understanding the settings in which they might be most effective. This is due in part to difficulties in
defining mental health disorders and tracking individuals’ symptoms over time in a way that can shed light
on when to intervene and in what manner. This is as true for very serious mental health disorders, such as
treatment resistant depression, as it is for managing stress and anxiety. For example, determining which
personal settings and emotional states are appropriate for different interventions, such as Mindfulness and
Meditation Activities (MMAS), have yet to be explored in full.% In fact, it is quite likely that there is a great
deal of intra and inter individual variability in mood and feelings of stress and anxiety that might be
necessary to understand and characterize so that guidelines and interventions, such as MMAs, can be

tailored or personalized to individual users.

Objective

We have pursued a series of analyses to explore how the moods of the users of the SBT MMA app
change or transition to other moods as they engage the app. As discussed in our prior paper on data collected
via the SBT MMS app,*® the SBT app recommends sets of MMAs to users based on their mood at the time
they engage the app. In our initial work, we identified a trend for improvements in basal mood with
prolonged use of the app. We also showed that, on average, a user’s mood was improved after a single
session with an MMA recommended by the app. In this paper, we aim to assess the specific effects that the
recommended MMASs have on the transitions between moods of users at baseline and after they participate

in a recommended MMA. A better understanding of which MMAs drive changes in emotional state could
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lead to insights into which MMAs might be appropriate for individuals with specific emotional state

profiles. Such an understanding could lead to better predictions and recommendations for individual users.

Methods
The App

The app developed by SBT is designed to guide users through MMASs which are created to reduce
stress, anxiety, depression, and improve internal focus, mood, mental state, and sleep. This app is
multiplatform and can deliver MMAs through many different platforms (i.e. iOS, Android, Alexa). When
the app is engaged, a user is prompted to perform an optional 10-second reflection, which is followed by
optional prompts to state how he or she is feeling mentally, physically, and emotionally. The mental and
physical questions ask users to respond on a five-point scale with the following categories: great, good,
meh, poor, rough. Following this, users are asked to pursue an ‘emotional check-in’ involving a selection
of 1 to 5 terms from a pool of 115 emotions which describe their current state. After this initial check-in,
users are shown some suggested MMAs (e.g., Gratitude, Silence, Breathing), but are free to selectan MMA
of their preference within a defined set. After the completion of an MMA users can continue to select
additional MMAs or end the session. At the end of the session users are again prompted to do another
optional check-in for mental, physical, and emotional state. A flow diagram of the user experience with the

SBT app can be seen in Figure 3.1.
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Figure 3.1 SBT App User Flow Diagram

A diagram depicting the users’ experience when engaging the SBT app. A natural flow allows the user to reflect, check-in, perform
an activity, and then check-in again. Reflections and check-ins are optional but were required data points for our analysis.
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All data collected through the SBT app is volunteered by users as stated in the SBT user licensing
agreement and privacy policy. All reported data were anonymized and put into a Health Insurance

Portability and Accountability Act (HIPAA) compliant format so that users could not be reidentified.

Our data preparation methods were nearly identical to those described in our previous publication
on the SBT data; however, in the current analysis data from several users were removed from all analyses
by direction from the legal and compliance team at SBT. Because of our de-identification process, we
cannot distinguish which users were removed from the previous analysis, or which users are now included
because they have since met active user filtering criteria. We can say based on information about when
users started to use the SBT app that there were 856 new active users who passed our filtering criteria since
our last publication, and at least 3,219 users were removed in this analysis from our last publication. The
SBT app has variation in functionality and delivery across platforms, and to avoid confounding effects we
focused our analysis only on iOS users. We excluded users who joined before the last major update
(05/01/2016). Further filtering was pursued to only include active users (10+ sessions completed) who had
at least six sessions with both pre and post emotional check-ins filled out. To avoid cultural differences and
language barriers, only users from English-speaking countries (United States, United Kingdom, Canada,
and Australia) were included. Lastly, for both compliance and questions about the accuracy of the

information we excluded users under the age of 13 or over the age of 100 from analysis.

Clustering Emotions

As described in our previous paper, emotions endorsed by users of the app were grouped into
clusters based on the user's co-selection of emotional terms. Emotions were compared using Bray-Curtis
dissimilarity.8! We used Principal Coordinate Analysis (PCoA) to translate emotional dissimilarity into
two-dimensional space using the first two PCoAs, and then used Partitioning Around Medoids (PAM) along
with silhouette scores to determine the optimal number of clusters.®® Each of the 115 emotions was then

assigned to a cluster and the corresponding cluster medoid recorded. Individual emotional states, both pre
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and post MMA engagement, were defined by the nearest (in terms of Euclidean Distance) cluster. These
clusters define distinct emotional state categories, and the change (or ‘transition’) in emotional state

categories between pre-MMA and post-MMA is the focus of our analysis.

To better understand and synthesize the results of our emotion clustering, we projected the clusters onto
the Yale Mood Meter (YMM; Figure 3.2).2%° This YYM groups emotions into four quadrants which are
defined by the ‘energy’ of the emotion (y -axis) and the ‘pleasantness’ of the emotion (x-axis). We color
code these quadrants using the accepted criteria: Red = high energy, low pleasantness; Yellow = high
energy, high pleasantness; Blue = low energy, low pleasantness; and Green = low energy, high pleasantness.
We assigned each of the clusters to each of the four quadrants based on the majority of emotions within
each cluster that mapped to a quadrant. This mapping allows us to think about transitions from quadrant to
guadrant instead of simply cluster membership, which has several advantages: 1) it reduces our search space
from 64 transitions to 16; 2) it increases the sample size for each transition thus providing better power to
detect changes; and 3) it provides an interpretable scale for transitions (i.e., a high energy, low pleasantness
state [red] to high energy, high pleasantness state [yellow]). While users may have different objectives in
engaging the app and an MMA, the intuition is that red and blue states are undesirable, whereas yellow and

green are desirable.
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ENERGY

PLEASANTNESS

Figure 3.2 Yale Mood Meter
This framework was designed by Marc Brackett, PhD. classifies emotions into a 2-dimensional space with pleasantness as the x-
axis and energy as the y-axis. The negative emotion quadrants red and blue represent low pleasantness, Red is higher energy such
as anger, and blue is low energy such as sadness. The more favorable quadrants, green and yellow, are high pleasantness with
energetic emotions like ‘excited’ fitting in yellow and lower energy emotions like calm fitting in green.
Description of MMASs

The SBT app provides over 100 different MMAs for users to choose from, with varying levels of
popularity. Given the number of MMAs and the risk for overfitting our analysis models by considering
each MMA individually, we focused on the top 20 chosen MMAs (86.8% of all completed MMAs) and

combined the rest into a single category, ‘Other’, for a total of 21 MMAs assessed in analyses. The

distribution of these MMAS and their descriptions can be found in Table 3.1.
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Table 3.1 Meditation and Mindfulness Activity Frequency
Descriptions and frequencies of the top 20 MMAs completed. The remaining MMAs are aggregated as ‘other’.

Percent of all Cumulative _—
MMA Name Count Percent of all MMA Description
MMASs
MMAS

Use your imagination to relax, feel maore stable and
Relax, Ground and Clear 35,863 12.4% 12.4% grounded, and clear your mind.

Meditation timer with customizable chimes and
Reflection 32528 11.2% 23.6%0 soundscapes

Let go of the day's stresses and bring a sense of open,
Falling Asleep 31,153 10 8% 34.4% calm awareness into sleep.

Boost resilience and positive feelings by focusing on
Gratitude 24744 B 6% 43 0% cratitude

Bring awareness to each part of your body, noticing your
Body Scan 159,543 6.5% 45 B experience with a sense of curiosity and openness.

Feel happier, more connected and strengthen your heart
Kindness 12,368 4 3% 54.1% by focusing on Kindness

Focus your attention on your breath, noticing what's

going on inside (your thoughts, feelings, and physical

sensations) and ocutside (your interactions and
MMindful Breathing 12 054 42% 58.3% surroundings) with cpenness and curiosity.

Magnify your positive feelings by celebrating the
positive moments, accomplishments, happiness, skills
loy 10,691 3 7% 62 0% and good qualities of yourself and other people.

Strengthen the mind's capacity to stay present, so it's
not always jumping from thought to thought, like a
Moting 10,569 37% 65.6%0 monkey jumping fram tree to tree.

Begin the day mindfully by focusing on your body's
natural feelings of warmth and peace, and carry those
Welcoming the Day B 230 2.9% £8.5% warm feelings into your day.

Break down the barriers between yourself and others by
breathing in their difficulties and breathing out
Great Compassion 6,498 22% 70.8% kindness and compassion.

Become more attentive to what's going on inside (your

thoughts, feelings, and physical sensations) and

outside (your interactions and surroundings) without
Mindful Walk 6,036 21% T728% getting caught up in judging or evaluating

Develop a sense of mental calmness and evenness
towards all people and situations, and allow yourself to
Equanimity 5817 2.0% 74.8% extend your kindness, compassion, and joy to everyone.

Strengthen your forcefield of peace and calmness by
recognizing that others are suffering and cultivating the
Compassion 5,713 2.0% 76.8% sincere wish that they be free from it.

Ground yourself in the present by bringing your

attention to each of the senses, noticing and

experiencing things as they are, without reacting to or
Engaging Your Senses 5,658 2.0% 78.8% judging them.

Slow the mind down when you need to focus on a
certain task, when your thoughts are racing, or you're
Counting Breaths 5,171 18% B0 6% trying to fall asleep.

Become more aopen and flexible with the recognition
that everything is in a constant state of change, all of

Change 5,087 1.8% B2.3% the time.
Take a time our by focusing on one thing-the sounds of
Mature Sounds 4277 17% 24.0% nature-to de-stress and settle yourself down.

Keep your mind on the bigger picture. Like a Lion, learn
to notice distractions but not follow after them by

Lion Mind 4710 16% B5 6% forusing your attention on your breathing.

Find more patience, empathy and understanding as you
Commonality of Suffering 3,462 12% 86.8% learn to recognize how we're all in the boat.
Other 38,098 13.2% 100.0% Catch all for remaining MMAs
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Statistical Analysis

To determine the effect that a particular MMA has on the transition from one emotional state to
another we used Generalized Linear Models (GLMs) as implemented in the R package Ime4.82 GLMs have
many benefits which makes them suitable for our analysis. For example, GLMs can accommodate and
quantify serial correlations among variables in longitudinal analyses. Additionally, both fixed and random
effects can be considered for important covariates. Random effects are important to account for variance
explained by unmeasured covariates such as individual-specific random effects of unknown origin (e.g.,
personal habits, unmeasured stressors or exposures, etc.). GLMs have also been widely used in statistical
analysis of many psychiatric and psychological phenomena.'°*1% For each YMM quadrant we subset the
data to users whose mood was associated with that quadrant when they initially engaged the app and then
built four logit-link GLM models designed to predict which quadrant the user transitioned to after engaging
in the MMA.. To enable this, we created dummy variables to indicate if a user transitioned to a specific
quadrant based. We used count data for the number of MMAs a user completed in a session as an
independent variable, and also included age, sex, session index (i.e. 1 as the first use of the application, 2
as the second use, etc.) to capture repeated uses of the app, as additional predictors. Finally, we included
other covariates, such as subscription status, user account completion, time between sessions, and country
code in initial analyses, but were left out of subsequent analyses due to their insignificance and inability to
contribute to predictions of transitions. Because of the differences in the number of user engagements (the
range was from 10 uses to 1044 uses), we used a logie transform on session index, which is consistent with
what we did in our previous analysis of the SBT data. All non-MMA independent variables were

standardized so that the resulting model beta values could be directly compared.

Modeling a Learning System
To evaluate the effectiveness of our analytical models in predicting transitions, we implemented
the same methodology of fitting GLMs, but restricted our analyses to a ‘training dataset’ to three sequential

observations per user starting with their first completed recorded session. After obtaining models for each
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of the possible transitions based on data from these three initial sessions, we used the models to predict the
probability of each transition in subsequent sessions and then selected the transition with the highest
probability and matched it with the observed transitions. This allowed us to compare the actual emotional
state transition with a predicted transition state and to see if the app could be improved by anticipating
MMA s likely to result in positive mood transition in real time. We repeated this analysis using different

numbers of and time-intervals in our training sets a number of times to further evaluate its performance.

Results
Dataset Summary

Prior to any filtering we had observations for nearly 5 million engagements with MMAs provided
by the SBT app across 677,000 different users. There were 84,000 active users who completed 10 or more
sessions who collectively completed 3.16 million engagements with MMAs provided by the app. After
filtering for operating system, which users were active, language used in the app, and quality, 11,030 unique
users were included in subsequent analyses. These users collectively completed 289,360 MMAS across
253,363 sessions (Average 1.14 MMAs per session). As shown in Table 3.2, most users were female
(75.0%) and between the ages of 13 to 40. Compared to our previous publication we had fewer users and
sessions, due to removal from legal and compliance, but the users for which we had data they completed
more sessions and emotional check-ins on average. Additional population information can be found in

Supplemental Figures 3.3-3.6.
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Table 3.2 Study Population Statistics
Detailed study population statistics broken out by gender.

Users Gender

Female Male Undeclared All Users
count 8,274 1,814 042 11,030
75.0% 16.4% B.5% 100.0%
Average Age (tsd) 33.00 36.23 33.90 33.61
std 13.48 13.48 15.15 13.68
Avg. Completed Sessions
38.59 51.97 40.74 40.97
(sd)
std 55.33 78.15 65.63 60.76
Avg. Completed Pre & Post
) 21.29 30.91 22.43 22.97
MMA Checkins (tsd)
std 37.86 60.16 42.61 42.87

Clustering Analysis of Emotions

The results of our clustering of emotions analysis were similar to those described in our previously
published paper. The optimal number of clusters as defined by silhouette scores on PCoA and PAM
analyses was eight. Of the 115 emotions, all but 3 emotions (Envious, Fiery, Self Critical) were assigned
to the same clusters as in our previously published analyses. The eight clusters grouped emotions into
categories with very common themes and were validated with prior SBT product internal and clinical
groupings (see Figure 3.3 and Table 3.3). Based on these clusters a user’s emotional state pre- and post-
MMA, we could determine which category a user’s emotions were most closely associated with using

distances of selected emotional terms to cluster medoids.
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Figure 3.3 Emotional Clustering on Co-selected Terms

Emotional clusters created from co-selected terms within the same check-in, then defined using PAM and silhouette score. A) The
optimal eight clusters are shown across the first two PCoAs. Clusters are given labels based on a single emotion that is thematic to
most emotions within the cluster. B) In-house defined emotional labels show consistent grouping within the first two PCoAs C)

PCoA 1 (4.84%)

Clinically defined emotional labels show consistent grouping within the first two PCoAs.
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Table 3.3 Emotion Cluster and Quadrant Assignments
All 115 endorsable emotions grouped by cluster and associated YMM quadrant.

Assigned Cluster YMM Mapping Emotion

calm®, Relaxed®, Neutral®, Grounded®™, Balanced™, Open-

calm oreen Minded®®, Luvingu, Connected®, r:];:uen-Hear‘teu:i14
Grateful vellow Content’, Greatful®, Hopeful®, Appreciative’, Happy’®,
Thankful*®, Enmuragedn, Strt:ung15
Tired®, ﬁ.chyzg, In Pain®®, Exhausted™, Fatigue“, Lazfg,
Tired Blue Indifferent™, Confused®®, Hesitant™, Bored™, Insomnia”™,
Apathetic™
Red Cunflictedsg, Guardedﬂ, .ﬂ.fraidﬁ, Pir_wicked?g, Tcurngs', Cling',-'s"‘,
Suspicious™
Anxiety Blue Distracted™
.ﬂ.nxiuu5u, StrEEEEdl'_', ScatteredZE, NEWGUEZE', Uneaﬁ‘,rr,
Red RESﬂESSZQ, Wurriedm, Cuncernedﬁ, ,ﬂ.pprehenﬁive“, Mixed
Up®, Disconnected™
Excited vellow Satisfied'®, Excited™, Relieved™, Enthu5ia:—‘._tic13, Proud™,
Fulfilled®, Creative™, Jt:u‘,-'fulgs', Glad™, Fier",,-fs'1
Sad™®, Overwhelmed®, Lcnnel',rs{', Insecure™, Sensitive™’,
Depressed™, Discouraged®™, Longing™, Disappointed™,
Vulnerable™, Lacking Confidence™, Hurt™, Powerless”’,
Depression Blue Defeated®™, Heartbroken®, Isolated®, Unhappygi, Mot

Confident™, Grievinggg, Rejectedm, Guilt',-f?l, Ashamed®,

Helpleszgs, Despairinggg, Embarrassed'®, Demnndemtm,

105 1io

Alienated®, Remorseful®™, Homesick'®, Bullied™*®,

Competitive H2 Arro g2a nt™

Red Insulted™™”

) Caringm, Kind®, Cnmpa%innate“, Nnn-_ludgmental“,
Compassion Green

Tru5ting51, Empatheticsg, En:qu;ar'lir'rut:n.m?9

Self Critical®®, Pessimistic™, Defensive™, Di5gu5tedm9,

Anger Blue
L Closed-Minded*

Envious

Frustrated™, .ﬁ.nnwedsg, Irritated®®, ﬁ.ngr",rm, Grump‘,rg'_',
Red Resentful®®, Impatientgz, Full Of Dislike®, Judgmentalms,

Jealous™, Full Of Cuntemptm
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Alignment of clusters to YMM quadrants provided further support for the clustering, as most
clusters were clearly aligned to a quadrant. As shown in Figure 3.4A, “Calm” and “Compassion” clusters
had perfect alignment with the green quadrant, and “Grateful” and “Excited” clusters had perfect alignment
with the yellow quadrant. The “Tired” cluster had emotions that crossed between both the blue (i.e. tired,
lazy, fatigue) and red (i.e. afraid, panicked, suspicious) quadrants. The “Anger” cluster also had some
crossover between red (i.e. angry, impatient, resentful) and blue (i.e. defensive, disgusted, pessimistic)

guadrants. Conveniently, each quadrant was mapped to two clusters.

Figure 3.4B & 3.4C show relative frequency of pre-MMA emotional states and post-MMA
emotional states. The most frequent ending cluster was calm, followed by grateful. User’s predominately
started and ended in positive states (i.e., green/yellow clusters), with green (low energy, high pleasantness)
being the predominant emotional state that users transitioned to. The most common negative states were

tired and anxiety.
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A) Cluster to Yale Mood Meter Assignment

B) Transitions by Cluster

Pre Activity Best Cluster

Cluster Blue Green | Yellow Red
1 Calm 0 9 0 0
2 Greatful 0 8 0
3 Tired 12 0 0 7
4 Anxiety 1 0 0 11
5 Excited 0 0 10 0
6 Depression 32 0 1
7 Compassion 0 7 0
8 Anger 6 0 0 11

Totals 51 16 18 30
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Figure 3.4 Cluster Alignment and Pre-to-post MMA Transitions
Clusters are assigned to YMM quadrants based on the majority of emotions within that cluster which correspond to the YMM

quadrant (i.e. Tired cluster is Blue in YMM). A) Counts of all 115 endorsable emotions in the SBT app by each cluster and YMM
quadrant they are associated with. B) Session counts for transitions from pre MMA emotional cluster to post MMA emotional state.
Calm and grateful clusters are the most frequent ending states. C) Session counts for transitions from pre MMA emotional YMM

quadrant to post MMA emotional quadrant.
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Model Features

We did not find any specific MMA to be the most effective in transitioning users’ emotions to
different categories. Each of the sixteen GLMs we fit to the data centering on the effects of the different
MMAs showed various degrees of association strength between pre and post MMA emotions. The MMAs
Great Compassion, Lion Mind, and Gratitude provided by the app were all are associated with transitions
from the red emotional state quadrant to a pleasant emotional state quadrant (green/yellow), whereas
Falling Asleep, Kindness, and Commonality of Suffering were associated with staying in a negative
emotional state. For users starting in the blue quadrant, the MMAs Kindness, Great Compassion, and
Counting Breaths were associated with transitioning from green or yellow quadrants. Session index (a
proxy for the number of engagements with the app over time) also was associated with users remaining or
transitioning to low pleasantness quadrants. Both age and gender were associated with transitions of
different sorts as well. For example, males were more likely than females to transition from negative states
to positive states, and older users were more likely to transition to yellow states. There was not enough data
to assess the degree to which MMAs could influence users who started in a yellow quadrant and ended in

a red quadrant.
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Figure 3.5 Transition Model Odds Ratios

Sixteen model fixed effect odd ratios and P values (<.001***, <.01**, and <.05*) for MMAs, gender, session index, and
intercept split by starting YMM quadrant. Blue bars show increased propensity to make a transition, where-as red bars
show decreased probability of making the transition. A) Transitions starting in Red YMM quadrant. B) Transitions
starting in Blue YMM quadrant. C) Transitions starting in Green YMM quadrant. D) Transitions starting in Blue YMM
quadrant. For example, looking at A) Transitions from starting in Red YMM quadrant, users who completed the MMA
Lion Mind were 52% less likely to stay in Red, 30% more likely to enter Green, and 28% more likely to enter Yellow
than those who did not complete Lion Mind.
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Rapid Learning System

The most common quadrant for which users transitioned to was green, as expected for an
application built to guide users to a calm and meditative state. The green emotional state quadrant accounted
for ~45% of all emotional states that users transitioned to. Using data associated with the first 3
engagements with an SBT MMA, we built predictive models to determine which states users are most likely
to transition to in subsequent engagements. We then compared the predicted transitions to the actual
transitions. We found that the predictions were 61% accurate. Subsequent analyses involving the use of
more data from users suggested that this accuracy level was maintained. We did find that the accuracy of
the predictions differs as a function of the quadrant the emotions were assigned prior to pursuing the MMA,
with blue being the least accurate, and yellow being the most accurate. We ultimately found that the more

observations used in training the models, the more accurate the predictions become, as expected.

Table 3.4 Study Population Statistics

Num Obs
Ending State 3 4 5 10 15
Green 45.1% 44.9% 44.7% 44.0% 43.4%
Yellow 39.3% 39.5% 39.8% 40.7% 41.4%
Blue 10.4% 10.4% 10.4% 10.4% 10.4%
Red 5.2% 5.2% 5.1% 5.0% 4.8%

Overall Accuracy 60.7% 61.4% 61.7% 64.5% 65.4%
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Figure 3.6 Ending YMM Quadrant Prediction Accuracy from Distance to Training Data

Accuracy of predictive models for ending Y MM quadrant with varying number of observations used for training. Accuracy is also
shown depending on the starting Y MM quadrant which shows differing levels of accuracy and change in accuracy given the starting
quadrant. A) 3 training observations. B) 4 training observations. C) 5 training observations. D) 5 training observations. E) 15

training observations
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Discussion
Dataset

Due to the de-identification process of users, it is difficult to directly compare aspects of our current
analyses with the results of our previously published studies. Despite this, we note that, in aggregate, the
proportions of users in different emotional state categories was more or less the same (age, gender, emotion
endorsement) between the studies. Our clustering performed analyses produced very similar results, which
we interpret as consistency in the underlying data as well as in the final results. The key finding of the
previous analysis, that users baseline emotional state improved with the number of engagements with the

app helps put into perspective our findings from our most recent analyses.

Principal findings

Our analyses suggest that individual MMAs provided by the SBT app have varying degrees of
influence on transitions between emotional states, based on a user’s baseline emotional state. Furthermore,
we find that there is no ‘one-size fits all’ solution to a user’s poor mood in that not all MMAs affected
individuals in the same way. Thus, we find evidence suggesting that depending on what a user’s initial
mood or mental state was at the time of an engagement with the SBT app prior to pursuing an MMA can
influence whether or not a specific MMA will improve their mental state. Thus, with this in mind, for the
app to be more effective, it would be important to ‘nudge’ users away from certain MMAs which might
increase the probability that they will remain in a negative mental state. Gender differences also seem to
play a role in how a user’s mood will transition after engaging in an MMA, as males appear to have an
easier transition away from unpleasant emotional states. A user's age also seemed to affect how they
transition from poor mental states as well, as older users seem to heavily favor a more pleasant, energetic

state.

Overall some clear themes emerged from analyses implicating each of our eight mental state

clusters. The first PCoA resulting from our cluster analysis most strongly resembles the pleasantness axis
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of the YMM, with the left-hand side being more pleasant clusters (Grateful, Calm, Compassion, Excited).
The second PCoA somewhat resembles the energy axis of the YMM, with the clusters on the top having
higher energy (Excited, Grateful, Angry); however, we found that the anxiety cluster (mapped to Red) was
more ambiguous. This could suggest that an additional underlying emotional factor to anxiety exists that
makes it different from other high energy, low pleasantness emotions. Additional projections (supplemental
figure 3.7) with the 3rd and 4th PCoAs suggest that the angry and anxiety clusters share only weak

similarity.

When we examined which MMASs drive emotional transitions, we see some common themes as
well as a few surprising results. For example, the Engaging Your Senses MMA asks a user to tune into each
of his or her senses in sequence, observing what they notice without evaluating or judging their experience.
The ability to observe one’s thoughts, rather than being fully caught up or entangled in them, has been
referred to as ‘metacognitive awareness,” and has been shown to be beneficial in dealing with anxiety and
stress. This type of MMA may be ideally suited for producing specific transitions as our analyses suggest.
Another MMA, Great Compassion, involves a 3 step process: 1) recognizing that others are just like you
in that they want to experience happiness and avoid pain and suffering; 2) broadening one’s attention to
include people or pets that they love, people you don't know, and even people you have difficulty with, and
then imagining you are breathing in pain and suffering, and breathing out positive energy; and 3) calling to
mind people who are of service to others in the world who can inspire you to do the same. Great
Compassion may have the effect of moving people out of an angry state because of the process of putting
yourself in another's shoes, and then cultivating "big picture” thinking - i.e., looking at the world a little
differently, from a broader perspective. The Gratitude MMA has a similar perspective and has the impact
of reframing, and also helping to cultivate big picture thinking, helping to put things into a larger
perspective. These three activities all have a focus on separating one’s thoughts from the current emotions

one is experiencing and thus are quite likely to lead to similar transitions.
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The Lion Mind MMA, on the other hand, is a quieting activity, using the metaphor of lion mind vs.
dog mind to help take one out of ‘thought loops’ (or ruminating thoughts) that feed anger. What is surprising
is that the MMA Kindness seems ineffective, as it is thought of as the antidote to anger in the traditional
Tibetan Buddhist perspective for which the MMA is founded on. It may be that this type of activity works
better as a long-term remedy, but does not work as an immediate solution for, e.g., anger management.
Commonality of Suffering and Change both are similar in that they help to put things into perspective by
tapping into your empathy. With a broader perspective, it’s supposed to be easier to feel more relaxed about
your own situation or feelings, but users may not be able to reach this perspective given their emotional
state. One additional complication may be that Kindness and Change use a somewhat different and more

traditional way of communicating than other MMAs.

For transitions which start from the blue quadrant, we see less surprising results, but still notice
some common themes. For MMAs which lead to a favorable transition, e.g., Kindness, Great Compassion,
Counting Breaths, and Equanimity, there is a strong focus on interconnectedness and developing a bond to
others. Using this information to anticipate needs for effecting changes in mental state, the app can better

recommend and understand why some MMAs might be more effective given a user’s emotional state.

Our previous analysis suggested that a user's baseline emotional state improves with continued use
of the application. However, in this present study we noticed that the longer a user has engaged the app, the
less likely they are to transition from a negative state, as defined by associations with literature-defined
mood quadrants. While counterintuitive, these results do not contradict each other. We do see more users
both starting and ending in green or yellow states (as shown in the learning system modeling studies). This
observation might suggest there are some users who use the app but may not find it effective despite long
term use, or there is a gradual “inoculation” of sorts whereby users don’t find as much benefit from the app
since they have benefitted maximally at some point in time. Additionally, there is a unique MMA, Falling

Asleep, which is meant to help users relax and fall asleep. The ‘tired’ cluster can be both a negative, or
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positive cluster depending on the circumstance, and users who select the Falling Asleep meditation could

be moving to this more ambiguous cluster, driving some the results that we observed.

We find great potential in using the types of models we built to predict what outcome a user will
have based on their MMA selections and initial mood or mental states. Even with a nominal number of
observations we are able to accurately predict 60.7% of all transitions (15.6% increase over informed
guessing, 35.7% increase over random guessing). These models get more accurate with more data, which
suggests that a real-time learning system could be implemented to help guide users to MMAs which would
have better chances of a successful transition. As more data is collected, further refinements to the predictive
models could be made, as different covariates could be included in the analysis without the worry of
overfitting. Other covariates could include, but are not limited to, environmental factors such as time since
the last session, last MMA completed, current weather, political events, or other external events in a user’s

life.

Limitations of the Study

While our study was conducted with data from many users, each with several engagements with
the app over varying periods of time, our study is entirely observational and does not include the sorts of
controls in place in, e.g., randomized controlled clinical trials. Our analyses were also limited to data
reflecting what the users of the app ultimately chose and disclosed within the app. Given that some MMAs
have widely differing effects, this would suggest that there are certain MMAs which are likely better suited
for inducing different transitions but should be studied in more tightly controlled settings. Note also that
the emotional classifications themselves are experimental and there are many alternative concepts that may

differ from our observations in terms of the YMM quadrants.%

Our filtering criteria could have also created biases in our results. Since we examined individuals

with 10 or more uses of the app, our attention was naturally confided to individuals that are engaged users
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and have found some personal benefit for its continued use. In contrast, a user who stops after a few uses
may not see the same benefits from MMAS, and hence not necessarily follow the observed transitions that
long term users exhibit. Additionally, as noted in our previous Baseline Paper, long term use of the app
influences basal emotional state. Finally, most users reported being in a YMM Green state (low energy —
high pleasantness) when engaging the app initially and did not change their state post MMA, reducing the

number of transitions we could study.

Future Directions

Since we confined our attention to specific users (e.g., iOS users) and MMAs (i.e., only those most
widely used) we could expand our analyses to all users and MMAS, possibly by clustering the MMAS in
some way. We focused our analysis on the transition from initial emotional state based on the chosen MMA
but ignored other data that was collected (e.g., physical state of the person, sex, geolocation, etc.). We
therefore could assess the degree to which these other factors impact our results. For example, we observed
that males generally transition easier to improved mood more so than females (i.e., starting in a red state,
males are 29% less likely to transition to blue and 20% more likely to transition to green), but we didn’t
test which MMAs work better for males (or females) individually. Knowing the effect of these factors, and
how similar users react to MMAs, would help push our efforts towards the goal of truly personalizing the

engagement and inducing a desired state of mind.
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Supplemental Figures

Frequency of All 115 Endorsed Emotions
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Supplemental Figure 3.1: Emotional Endorsement Frequency
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Supplemental Figure 3.2: Counts of MMAs completed
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Distribution of User Age
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User Origin
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Chapter 3, in full, has been submitted for publication has been submitted for publication of the
material as it may appear in Journal of Medical Internet Research, 2020, Argus J Athanas, Jamison
McCorrison, Julie Campiston, Nick Bender, Jamie Price, Susan Smalley, Nicholas J Schork. The

dissertation author was the primary investigator and author of this paper.
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CHAPTER 4 DISCUSSION

Summary of Work

In each study we were able to use the extra dimensionality of longitudinal data to increase the
power of detection, gain unique insights, or address otherwise impossible to answer questions. The works
shown above highlight the importance of capturing and leveraging longitudinal data, and how it can be used
to personalize medicine. This might come as risk factors in disease progression, assessing basal emotional
state, or determining which therapies work best given your current disposition. Regardless of the domain,
without capturing the trajectories of predictor variables we are missing a crucial component for developing

personalized medicine.

Each dataset had its own unique and shared challenges to overcome. The Shiley patient data has
several asynchronous measures on individuals for a multitude of tests. This was further confounded by non-
independence of measures on each eye. The SBT data was complicated by multiple measures within the
same time point, and both datasets involved missing, erroneous, and complex datatypes. These are just a
few of the challenges that need to be addressed when using real world data, and if we are unable to do so it

will be difficult to translate laboratory results to practice.

When considering the translation of these methods from trial to practice we must be cognizant of
who is receiving and utilizing these results. A clinician or patient is likely not as technically savvy or willing
to trust complete ‘black box’ algorithms. The implementation of standard and complex regression
techniques provides an easier transition from theory to practice. An end user doesn’t need to know what a
beta or p value is to understand that concepts they stand for. For example, telling a patient that ‘they are
20% more likely to experience an increased rate of visual field loss because of a genetic mutation,’ is far
more digestible than ‘the machine learning algorithm says so.” With better patient education comes better

adherence to the care plan and improved outcomes.
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Future Directions

Much like a rapid learning system, these projects and methods could benefit from iterative
improvement and there are several avenues for future investigation. While the papers themselves discuss
some aspects of future directions they are not entirely inclusive. For the glaucoma data one of the biggest
missed opportunities leveraging the longitudinal data is that for simplicity we collapsed the time series data
into a single quantitative feature. Instead of fitting a simplistic linear model at each SNP we could again
implore the use of LME models to use every timepoint. Because LMEs support hierarchical dependence
structure, we could also use measurements from both eyes instead of just the worst one. This would allow
us to create a regression model for each SNP which incorporates age, gene level admixture, intraocular
pressure, medications, operation status, demographics, and comorbidities all while accounting for the
inherited correlation from serial measures, right and left eye, and individual effects. The more features we
can include within our models will allow us to explain more variance and have better power to detect true
positives in our dataset. This approach is not without obstacles, first being with the data itself. Aligning the
data is not trivial, and even once completed there are several ways of implementing the alignment.
Determining which one is best is a mixture of domain knowledge and trial and error. While the dataset is
deep, it is lacking in number of subjects, and importantly controls. With the number of confounding
covariates (age, admixture, treatment, etc.) it is easy to overfit modeling for so few subjects, increasing the
chance of false positives we end up seeing. Lastly a more complex model means more computation time. |
found that running a single model with the data we had available for one SNP ran between 1 and 3 minutes.
Extrapolating that to 6 million common SNPs across our subjects is 12 million minutes of compute time,
or 22 years! Fortunately, this is not a linear problem, so distributive computing could reduce this to a couple
of months in real time; however, this is still expensive (both in time and financially) and as noted before,
there is likely some trial and error to create an optimal solution. This could also be addressed by writing
some specialized software as the LME packages | was using in R are built to be flexible and may have some

inefficiencies which a software engineer could overcome.
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Throughout this project we have tried to incorporate more samples to increase our power or add
viable controls. We tried to focus our inclusion criteria to WGS samples that had been sequenced and called
using the same vendor and pipeline. Our first attempt was to include around 800 samples from the O’Connor
study; however, much of the meta data for these samples was lost, and they were called using a different
version of the reference genome. Ultimately the batch effects were too strong to include these samples. The
second attempt occurred after giving a talk on our analysis and preliminary findings at ARVO 2018. We
were approached by researchers from the UK who had access to roughly 3,000 additional samples that had
variant calling done the same way as the ADAGES IlI dataset. We were never able to see if these samples
could be used as we ran into bureaucratic issues with sharing personal data between countries. In the end,
inclusion of more samples might help with providing a baseline and validation of previous known SNPs
but is unlikely to have the same deep phenotyping on visual fields. Inclusion of more samples is not the
only way to expand this dataset, as mentioned extensively, the power of the ADAGES Ill data is how
subjects are deeply phenotyped over time. On top of visual field measures there is an abundance of imaging
data which can be mined to access nerve fiber depth, vasculature, and abnormalities in the optic disk. Image
data comes with its own problems, and handling and incorporating this data with genetics would be a very

interesting problem that may provide some otherwise inaccessible insights.

Since the ADAGES III cohort is an ongoing trial, it lends itself as a perfect candidate for
implementation and testing of a rapid learning system. The core principal is that predictions on an outcome
are made and used to direct a care plan. Subsequent visits provide feedback if the treatment predictions are
effective, and this new information is included in the model to redefine predictions. In a clinical setting
treatment is entirely at the discretion of the clinician, but the model can still be used to still make predictions
and evaluate effectiveness. Examining which features are driving prediction will provide information as to
why some patients are progressing faster than others. In addition, various hierarchical clustering algorithms

can be applied to subset patients into meaningful groups which can be individually studied for mechanisms
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of action. Once a clear mechanism of action exists drug development becomes an easier and more
straightforward task. While it is my belief that this should be standard practice with ongoing data collection,
this same idea can be applied retroactively. To simulate continuous data collection, we can separate our
data into test and training sets, not by random subject selection but by a fixed interval. For example, we
would use the first three visits of every patient to train our rapid learning system and have it predict visual
field decline. Then we would increment to the next time point and rebuild our models and predictions. This
type of analysis would allow us to address several important questions: which features are most indicative
of visual field decline, what is the relative effect of genetics vs. other clinical / demographic measures, the
number of observations needed to make accurate predictions, and which models and assumptions provide

the best predictive power.

The SBT analysis was performed on a dataset of users actively seeking treatment. To insure we had
enough information on each user we subset our data such that only active users were included, which
introduces some inherent biases. It is unlikely that people who the app didn’t resonate with continued to
use it. Like most real-world data, when you are doing active treatment it is difficult if not unethical to have
true control patients where they are not receiving the standard of care. This means that we cannot directly
attribute any results we see to the app or mindfulness and meditation activity. It could be useful to recruit
healthy individuals and run a controlled experiment to determine the effects on baseline mood. This way
we could attribute the application to changes more confidently. Additionally, we could expand this to try
testing application use in targeted at risk groups such as, youths, socio-economic disadvantaged, or those
with chronic medical conditions. This would have the benefits of allowing us to compare against the general
population and determine if there are other useful meta-data that could be collected in order to make better

MMA recommendations.

The SBT application and other digital therapeutics are perfect candidates for implementing an RLS.

Because the care is delivered virtually and autonomously, the recommendation system is not on the
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shoulders of clinician and instead dictated by an algorithm and acted upon by the individual receiving care.
It is easy enough to version software and roll it out to subsets of your userbase. You can then in real time
see which version of recommendation / prediction software is performing better for your users or patients.
When you have enough confidence that the new system is working you can transition all users over to the
same version of the app and then continue your iterative improvement. While there is still no true control
the standard of care is being applied while new methods are being tested, and results can more directly be

attributed changes in administration of the digital therapeutic.

These analyses are not limited to the datasets analyzed. There are many fields in which these
longitudinal techniques, and rapid learning systems could be applied to real world data. The discordance
between the two fields which | conducted my research is proof that they can be applied in many situations.
Diseases like cancer, chronic kidney disease, and Alzheimer’s where progressive decline is considered the
most important endpoint are specific targets. Alzheimer’s Disease (AD) is a progressive neurodegenerative
disease which ultimately can result in death. AD comprises 60-70% of all dementia cases, and it is one of
the largest public health concerns facing aging Americans.>'%® While some medications show signs of
slowing progression, AD, unfortunately, has no known cure. The ADNI is a longitudinal collaboration study
which follows patients suspected of, or diagnosed with, AD. One of the specific aims of ADNI is to track
progression with biomarkers. This makes it a great target to use similar methods as | conducted to explore

the utility of genetics and clinical measures on predicting cognitive decline.

Current State of the Field

Risk calculators have been a common tool to help clinicians and patients both make informed
decisions about what type of care they should get. While there are several studies which attempt to
incorporate longitudinal factors into risk, longitudinal data is not often used in practice.'%-1% This is in part

because quality longitudinal data is difficult to obtain due to interoperability issues, differing metrics, and
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lack of recorded data. We have seen some specialties which have been able to successfully incorporate this
type of data in real time for the benefit of the patient. For instance, with diabetes, where patients are using
wearable insulin pumps this information can be relayed wirelessly and instantaneously and results in better
patient outcomes.® Some diabetics have taken this one step further and made their own N-of-1 RLS by
hacking their insulin monitoring and administration device.!'* Overall this is still a growing field and needs
to be a focus of upcoming research to bring the use of longitudinal data into real world settings for
calculating risk factors and predictions. For glaucoma specifically there has been some increased interest
in doing more of these types of analyses. Since the time of my initial analysis (early 2018) there have been
several publications which have also attempted to answer the same question as my analysis, although none
of which have had the same deeply phenotyped data or the same approach.*?1¥* A common approach has
been to reduce SNPs into a polygenic risk score instead of testing individual SNPs or looking at gene
burden. There is no way of knowing which approach will be the best until we have enough data, but my
intuition says that is will be a mixture of domain specific knowledge and using robust statistical tests that

can leverage time series data.

The concepts of rapid learning systems have been around since at least the 1970s when the field of
biomedical informatics was just forming.!*® Today we still see many challenges which impede the
implementation of such systems, even though they are still often thought of as the holy grail of personalized
medicine.!*® We have seen many research hospitals make moves towards developing RLS especially in
oncology.!'"118 City of Hope is one of the institutions which is trying to pave the way by integrating
genomics with clinical outcome data, but they admit the process of doing this is still on the frontier of
medicine. Some major hurdles yet to overcome include those of interoperability between providers,
versioning of both software and references, accurate collection of outcomes, and increasingly policy
concerns. It is my belief that interoperability between healthcare systems will always exist until strict data
standardizations are in place. ICD 10 codes and the initial HITECH mandate are good starting points, but

a stricter backbone for healthcare data normalization needs to exist before institutions can freely share data.
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As we gain more information or have the ability to collect new information, the features we may want to
include in a rapid learning system might change. While this is a tenant of any RLS it is also a challenge
because it introduces the possibility of missingness within your data. In addition, some standards we treat
as constants are bound to change as well. Within my research, the new standard for the human reference
genome slowly switch from GRCh37 to GRCh38. At the start of my work with the Shiley data this caused
innumerous problems as most tools were still set for using the older GRCh37 while the data was aligned
and called using the newest version of the reference genome. Technology companies have been successful
at making sure their applications are backwards compatible for at least a few versions, otherwise every time
someone got a new phone, or upgraded their operating system none of their applications would work.
Serious thought must be considered on how best to implement similar ‘backwards’ compatibility within
genomics and medicine. Lastly, we must also consider the ramifications sharing information may have on
an individual’s privacy. For personalized medicine to be effective it must encompass everything that is

important to the individual, including their right to anonymity.
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