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Abstract

Multiple lines of evidence indicate that different diseases have shared pathological
pathways. From an epidemiological perspective, certain diseases frequently co-
occur within the same individuals. From a genetic perspective, the phenomenon
of pleiotropy is widespread. In this work, I introduce, test and apply statistical
methodology that aims to bridge these two perspectives and to better define how
genetic risk factors influence the broad spectrum of common human diseases.

The approach taken is to use topic modelling applied to routine healthcare
data, specifically hospital records encoded by the International Classification
of Disease Version 10 (ICD10) ontology. Due to the sparse nature of the data,
we introduce statistical methodology that uses the hierarchical structure of
the ontology to create a prior on feature distributions. We combine this with
Bayesian non-negative matrix factorization to develop our own methodology,
named “treeLFA”, to model the multi-morbidity patterns of common diseases
as disease “topics”. The estimated individuals’ weights for topics then provide
derived phenotypes for the analysis of association.

We first introduce the methodology and the computational methods used
to estimate parameters. Using simulation, we then demonstrate that treeLFA
outperforms other commonly used topic models in situation where the training
data is small or individuals frequently have multiple topics. We also assess
treeLFA’s performance under various aspects of mis-specification.

We then apply the methodology to data from UK Biobank (UKB), finding
that inferred disease topics align well with current medical understanding and
provide additional power for genetic discovery (69 new loci identified for common
diseases in the UKB). However, by comparing patterns of genetic association
of topics and single disease codes, we find that the majority of genetic effects
(about two thirds of topic-associated loci) are readily identified at the single
code level. Nevertheless, we also show that, for about two thirds of diseases,
genetic risk prediction can be improved by leveraging the GWAS results for topics.
We also explore modelling multi-morbidity at different resolutions (i.e., with
different numbers of topics) and find that inference results and most associations

are stable across different resolutions. ) _
In summary, treeLFA provides a new data-driven approach to model the hidden

structure of the high-dimensional and sparse phenome data in biobanks. In addi-
tion, its inference results provide additional insights to genetic and epidemiological
studies, in terms of both prediction of risks and the understanding of biology.
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Abstract

Multiple lines of evidence indicate that different diseases have shared pathological
pathways. From an epidemiological perspective, certain diseases frequently co-occur
within the same individuals. From a genetic perspective, the phenomenon of
pleiotropy is widespread. In this work, I introduce, test and apply statistical
methodology that aims to bridge these two perspectives and to better define how
genetic risk factors influence the broad spectrum of common human diseases.

The approach taken is to use topic modelling applied to routine healthcare
data, specifically hospital records encoded by the International Classification of
Disease Version 10 (ICD10) ontology. Due to the sparse nature of the data, we
introduce statistical methodology that uses the hierarchical structure of the ontology
to create a prior on feature distributions. We combine this with Bayesian non-
negative matrix factorization to develop our own methodology, named “treeLFA”,
to model the multi-morbidity patterns of common diseases as disease “topics”.
The estimated individuals’ weights for topics then provide derived phenotypes
for the analysis of association.

We first introduce the methodology and the computational methods used
to estimate parameters. Using simulation, we then demonstrate that treeLFA
outperforms other commonly used topic models in situation where the training data
is small or individuals frequently have multiple topics. We also assess treeLFA’s
performance under various aspects of mis-specification.

We then apply the methodology to data from UK Biobank (UKB), finding that
inferred disease topics align well with current medical understanding and provide
additional power for genetic discovery (69 new loci identified for common diseases in
the UKB). However, by comparing patterns of genetic association of topics and single
disease codes, we find that the majority of genetic effects (about two thirds of topic-
associated loci) are readily identified at the single code level. Nevertheless, we also
show that, for about two thirds of diseases, genetic risk prediction can be improved by
leveraging the GWAS results for topics. We also explore modelling multi-morbidity
at different resolutions (i.e., with different numbers of topics) and find that inference
results and most associations are stable across different resolutions.

In summary, treeLFA provides a new data-driven approach to model the hidden
structure of the high-dimensional and sparse phenome data in biobanks. In addition,
its inference results provide additional insights to genetic and epidemiological studies,
in terms of both prediction of risks and the understanding of biology.
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1.1 Multi-morbidity

1.1.1 Overview of multi-morbidity

In recent decades, with economic development and the advancement of bio-
science, medicine and technology, it has become inevitable for us to face the
population-aging problem and its consequences. Among them, multi-morbidity
is one of the most challenging. According to the report produced by the The
Academy of Medical Sciences in the UK [1], the basic de nition of multi-morbidity
is the co-existence of two or more chronic conditions. Notably, the de nition of
multi-morbidity and co-morbidity are not entirely the same, though both refer
to the co-existence of multiple conditions. For co-morbidity, there is an index
condition that receives the major focus, while for multi-morbidty no disease is
regarded as the index condition [1]. Multi-morbidity is increasingly common in
di erent age groups across both high-income and low-income countries around the
world (Figure 1.1) [2]. According to systemic reviews, estimates of the prevalence of
multi-morbidity range from 13 % to 95 % [3, 4]. The large range for the estimates
of prevalence is likely to be caused by the di erences in the inclusion criterion
and de nitions of multi-morbidity among studies.

Multi-morbidity has negative impacts on both patients and health-care profes-
sionals and requires immediate attentions from clinicians, researchers and policy
makers. It was found that patients with multi-morbidity have lower quality of
life [5] and worse clinical outcomes [6] compared to those with single conditions;
moreover, they also su er from higher treatment expenses [7]. For health care
professionals, the management of patients with multi-morbidity is challenging, since
most treatments and guidelines are targeted towards single conditions. A similar

situation can be found in the research eld, since patients with multi-morbidity
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1. Introduction 3

are often excluded from standard clinical studies, and most basic scienti ¢ projects
are also focused on the mechanisms of single diseases. These result in the lack of
relevant high quality data, and consequently evidence-based guidelines for multi-
morbidity, which makes its management less e cient and e ective. Due to all
these factors, the economic burden caused by multi-morbidity is often larger than

the additive costs for multiple single diseases [8].

Figure 1.1: Multi-morbidity prevalence across di erent age groups in di erent countries.
(Source: Garin, et al., 2015)

1.1.2 The study of multi-morbidity

To better understand multi-morbidity, the rst step is to identify which diseases
are more likely to co-occur, or in other words, to identify the common multi-
morbidity clusters. A few systematic reviews have summarized multi-morbidity
patterns reported in published studies [9, 10]. For instance, depression, cardio-
metabolic disorder and musculo-skeletal disorders have been identied as the
most common components of di erent multi-morbidity clusters. However, these
reviews have only summarized the results from individual observational studies.

Nowadays, with the wide use of electronic health records (EHR), more systematic
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4 1.1. Multi-morbidity

study of multi-morbidity can be carried out. A recent study identi ed six disease
clusters (among which ve are organ speci c, including musculo-skeletal, endocrine-
metabolic, digestive/digestive-respiratory, neurological, and cardiovascular patterns)
by analyzing the EHR data of a Spanish cohort using multiple correspondence
analysis (MCA) [11]. Other studies tried to build networks of diseases where the
relationships among diseases are described via the topological measures of the
network (Figure 1.2) [12 15]. Notably, these networks were constructed based on
the correlation of occurrence for pairs of diseases, which limits its power in capturing
complex structure in the high-dimensional phenotypic space. In the future, more

advanced methodologies are still required to further mine the phenotypic data.

Figure 1.2: Multi-morbidity network based on the co-occurrences of diseases in UKB.
Original caption: a, Schematic illustration of how relative risk (RR) is calculated for
each pair of diseases. b, The high-con dence multi-morbidity network constructed by
only including multi-morbidities with RR > 15. Each node represents a disease and each
edge represents a multi-morbid relationship between two diseases. The color code of a
node represents the category of the disease. The size of each node is proportional to the
number of its multi-morbidities. (Source: Dong, et al., 2021)

With multi-morbidity clusters identi ed, the next important step is nding their
determinants. Both genetic and environmental factors can play key roles in this
process, and among these factors there can also be complex interactions. Besides,
the causal relationships among diseases in the same multi-morbidity cluster can

also be sophisticated. For one thing, diseases may share common causal factors
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(for instance, psychiatric diseases are known to share many associated genomic loci
[16]); for another thing, certain diseases may themselves be causal to other ones
(such as the relationship between obesity and type-2 diabetes [17]).

Broadly speaking, there are still only very limited studies focusing on the
mechanisms of multi-morbidity instead of individual diseases. To dissect the
complexity of multi-morbidity, diseases in the same cluster should be analyzed in
an integrated framework, instead of being studied individually and then compared
with each other. In the future, studies speci cally designed for multi-morbidity are
undoubtedly necessary for us to accumulate knowledge and insights about them,
which are the prerequisites for achieving more e cient prevention and treatment

of multi-morbidity in the long run.

1.1.3 Genetics and multi-morbidity

In past decades, genetic studies have revolutionized the way we understand
and (to a lesser extent) manage diseases. It has been widely observed that some
seemingly unrelated diseases are genetically correlated [18], which may partly explain
their tendency to co-occur. For example, epidemiological studies on depression
and cardio-metabolic diseases rst found they increase the risks for each other
[19]; later, shared genetic factors were identi ed by analysing the results for their
corresponding genetic studies [20, 21].

Some studies have aimed to systematically assess the roles of genetic factors in
forming major multi-morbidity clusters. For instance, Bagleyet al. evaluated the
overlap of disease pairs that are likely to co-occur in EHR and disease pairs that are
known to be genetically correlated, and found that immune and neuro-psychiatric
diseases are the two major classes of diseases for which the multi-morbidity clusters
are likely to be driven by genetic factors [22]. More recently, with the wide
application of biobanks, integrated analysis of both genotype and phenotype data
for the same population has become feasible [23]. A recent study used the hospital

inpatient data for 385,335 patients in the UK Biobank (UKB) to investigate the

DRAFT Printed on October 19, 2022



6 1.2. Association study with genome and phenome data

morbidity relationships among 439 common diseases. After constructing the multi-
morbidity network for all pairs of diseases that are likely to co-occur, post-GWAS
analyses were carried out to reveal their shared genetic components on di erent
levels (loci, network and genetic architecture levels). It was found that 46 % of
multi-morbidities have shared genetic components on at least one of the three levels
[15], indicating the widespread e ect of genetic factors on multi-morbidity clusters.
To date, most studies focusing on systemically investigating multi-morbidity
clusters from a genetic perspective are still largely exploratory in nature. The best
pipelines and frameworks for carrying out such studies have not been established
and much remains to be done to improve the computational algorithms for such
work. Moreover, novel ndings need to be thoroughly validated, and their biological
indications also require further investigation. In spite of the gaps to be lled, it
is clear that studying the genetics of multi-morbidity is an e cient strategy to
deepen our understanding, since evidence accumulated thus far strongly suggests the
importance of genetic factors, and there are su cient resources (such as the genome

and phenome data for the same population in biobanks) now available to researchers.

1.2 Association study with genome and phenome
data

1.2.1 Genome-wide association study: GWAS

During the past fteen years, Genome-wide association study (GWAS) have
been the driving force for modern genetic studies. It is used to nd genetic variants
across the entire human genome that are associated with phenotypes of interest,
such as common diseases, expression of genes or behaviours. To date, more than
5,700 GWAS have been conducted on 3,300 traits [24], and tens of thousands of
signi cant variants have been found. In the future, it is expected that more and
more signi cant variants (including rare variants) will continue to be found by

GWAS with increasingly larger sample sizes.
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A GWAS usually scans through hundreds of thousands of genetic variations
across the genome. Typically, there is usually only one phenotype studied by a
GWAS each time. This type of study design to a large extent limits the potential
of GWAS, in that the recruitment of patients meeting certain inclusion criterion is
time-consuming and expensive. In recent years, with the establishment of biobanks
and the extensive use of EHR [25, 26], researchers began to have other options

for designing and carrying out GWAS.

1.2.2 GWAS with biobank data

In recent years, many population-based biobanks have been established across
the world [27 30]. Biobanks, by de nition, are collections of biological specimens,
such as blood samples that can be used for genotyping or sequencing. Meanwhile,
unlike traditional cohorts, in biobanks a large number of variables are measured
for all individuals through various approaches including questionnaires, physical
examinations, laboratory tests and linkage to people's EHR. Take the UKB as
an example; at present, biological measurements (including genetics), lifestyle
indicators, biomarkers as well as the imaging data for half a million people have
been made fully accessible to researchers around the world [27]. With these resources,
it has become more convenient than ever for researchers to extract cases and controls
for any speci cally designed association studies (Figure 1.3). It is noteworthy that
the de nition of cases does not have to rely on a single phenotypic variable. For
instance, instead of using only one diagnostic code to nd people in biobanks with
a certain disease, electronic phenotyping algorithms can more accurately de ne the
desired phenotype by combining a few related diagnostic codes [31].

Biobanks are ideal resources for the study of multi-morbidity, because the
diagnosis data for tens of thousands of diseases for all individuals are directly
available, thus the co-occurrence of any pair of diseases can be directly evaluated.
Moreover, phenome data in biobanks are linked to omics data, enabling integrative

analyses across data modalities.
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