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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 definition of multi-morbidity
is the co-existence of two or more chronic conditions. Notably, the definition 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
different 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 differences in the inclusion criterion
and definitions 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 suffer 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 field, since patients with multi-morbidity
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1. Introduction 3

are often excluded from standard clinical studies, and most basic scientific 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 efficient and effective. Due to all
these factors, the economic burden caused by multi-morbidity is often larger than

the additive costs for multiple single diseases [8].
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Figure 1.1: Multi-morbidity prevalence across different age groups in different countries.
(Source: Garin, et al., 2015)

1.1.2 The study of multi-morbidity

To better understand multi-morbidity, the first 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 identified as the
most common components of different 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 identified six disease
clusters (among which five are organ specific, 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.
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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-confidence 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 identified, the next important step is finding 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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1. Introduction 5

(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 specifically designed for multi-morbidity are
undoubtedly necessary for us to accumulate knowledge and insights about them,
which are the prerequisites for achieving more efficient 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 first found they increase the risks for each other
[19]; later, shared genetic factors were identified 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, Bagley et 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
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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 different
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 effect 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 findings need to be thoroughly validated, and their biological
indications also require further investigation. In spite of the gaps to be filled, it
is clear that studying the genetics of multi-morbidity is an efficient strategy to
deepen our understanding, since evidence accumulated thus far strongly suggests the
importance of genetic factors, and there are sufficient 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 fifteen years, Genome-wide association study (GWAS) have
been the driving force for modern genetic studies. It is used to find 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
significant variants have been found. In the future, it is expected that more and
more significant 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 definition, 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 specifically designed association studies (Figure 1.3). It is noteworthy that
the definition of cases does not have to rely on a single phenotypic variable. For
instance, instead of using only one diagnostic code to find people in biobanks with
a certain disease, electronic phenotyping algorithms can more accurately define 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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Figure 1.3: Resources in UKB and design of GWAS using biobank data. Original
caption: a, Summary of the UK Biobank resource and genotyping array content. b, An
Example of a Biobank Linked to an Electronic Health Record. (Source: Bycroft et al.,
2018; Hebbring, 2018).

1.2.3 Phenome-wide association study: PheWAS

Biobanks paved the way for carrying out more GWAS at much lower cost.
However, focusing on one trait each time is not the only and best way to exploit
the rich information in biobanks. To find more phenotypic associations for genomic
loci, Phenome-wide association studies (PheWAS) were developed, aiming to find
phenotypic associations for a single exposure (genetic variants, genetic risk score
or a biomarker) from a large number of candidate phenotypes [32]. GWAS are
a representative of forward strategy (from phenotype to genotype) for genetic
studies. By contrast, PheWAS is a reverse strategy (from genotype to phenotype),
therefore PheWAS is often regarded as a complement to GWAS. In 2010, the
first proof-of-concept PheWAS was published [33]. In the following years, other
PheWAS studies proved that PheWAS could not only replicate GWAS discoveries,
but can help to identify new associations as well [34, 35]. Particularly, PheWAS
is well-suited to studying cross-phenotype (CP) associations for genetic variants,

so-called “pleiotropic” effects.
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1.2.4 Widespread pleiotropic effects for common genetic
variants

A striking phenomenon discovered by GWAS and PheWAS in the past decade
is that many genomic loci are associated with multiple different phenotypes (cross-
phenotype association, or CP association), especially different diseases. One famous
example of pleiotropy is the FTO gene, which was discovered to be associated
with both BMI and type 2 diabetes. Later, PheWAS found it was also associated
with sleep apnea [36]. Another well-known example is the human’s HLA (human
leukocyte antigen) gene complex, the most polymorphic and pleiotropic region in
the human genome. Various conditions related to human’s health are associated
with genetic variations in this specific genomic region, particularly autoimmune
diseases and susceptibility to infectious diseases [37, 38].

A recent study quantitatively assessed the extent of pleiotropy across the genome,
and found that among the 41,533 significant loci that had been discovered by GWAS,
93.3% are associated with more than one traits [39]. In many cases the discovered
CP associations are quite unexpected, since many diseases associated with the same
genomic locus are previously thought to be completely unrelated. For instance, it
was discovered that variants in the ABO gene (which determines people’s blood
groups) was associated with the risk of coronary artery disease and tonsillectomy
[40]. There are many possible reasons behind the observed CP associations, and
genuine pleiotropy (a genomic locus directly affects more than one trait) is only
one of them, since there are also spurious CP associations (which can be caused by
mis-classification of cases, ascertainment bias or the ambiguity in mapping the true
underlying causal variant with the tag SNP identified by the GWAS) and mediated
associations (one phenotype is causally related to a second phenotype) [41]. The
above mentioned percentage of pleiotropic loci refers to statistical pleiotropy, which
include both spurious CP and mediated CP.

The existence of widespread pleiotropy has important research and clinical
implications. First, the universal pleiotropic effects provide a motivation for the

study of multi-morbidity from a genetic perspective, since it is common for different
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10 1.3. Multi-trait GWAS

diseases to share causal variants, and identifying them will point to the underlying
biological pathways for these diseases. Furthermore, from a clinical perspective,
the genetic components shared by multiple diseases also offer new opportunities

for drug re-purposing [41].

1.3 Multi-trait GWAS

1.3.1 Limitations of PheWAS

As discussed in the previous section, the widespread pleiotropic effects for
common SNPs and the establishment of biobanks make PheWAS a very appealing
tool to researchers. However, PheWAS also has major limitations. First, PheWAS is
usually performed for genomic loci for which GWAS have already provided evidence
of phenotypic association. In another word, PheWAS is not used to discover new
genetic markers - only novel associations. However, it has long been realized that
many diseases are polygenic, for which a large number of variants with small effects
can explain a non-small proportion of the phenotypic variance [42]. For these
diseases, new significant variants are kept being found, enabling us to better depict
their genetic architecture. Second, PheWAS evaluates all traits independently and
doesn’t take into account the phenotypic correlation structure, which can result in
a loss of statistical power for discovery. For the phenome data in biobanks, these
limitations of PheWAS means it is far from a perfect method. In biobanks, many
traits are rare, which makes if difficult to find their genomic associations. On the
other hand, in biobanks there are many correlated traits (such as the systolic and
diastolic blood pressure), which potentially reflect the same underlying biological
pathways from different perspectives. Evaluating these phenotypes independently

can result in a significant loss of power.

1.3.2 Applications of multi-trait GWAS methods

In recent years, multi-trait GWAS methods have been under fast development
and have received lots of attention. Multi-trait GWAS methods jointly model the

association between variants and multiple related phenotypes (diseases), aiming for
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an increased power for discovery, making use of the correlation structure among
phenotypes and the larger sample size achieved by joining individuals with different
yet correlated phenotypes into a single group.

To date, multi-trait GWAS have generated important insights about the mecha-
nisms of complex diseases that cannot be obtained using standard single trait GWAS.
For instance, based on the summary statistics of single trait GWAS, Julienne et al.
detected new loci with CP associations that cannot be found by single trait studies.
These significant loci were assigned to different clusters according to their phenotypic
association profiles, and mapped to distinct biological pathways in various tissues
[43]. In another study, by applying Non-negative matrix factorization (NMF') on
the summary statistics of 47 significant variants found by single trait GWAS for 47
type-2 diabetes (T2D) related traits, five distinct clusters of T2D associated loci were
identified, which all have distinct patterns of tissue specific enhancer or promoter
enrichment and are potentially involved in different biological pathways [44].

For the study of multi-morbidity, multi-trait GWAS is a natural and straight-
forward choice, since diseases in the same multi-morbidity cluster can be analyzed
jointly, and their shared genetic components can be directly identified. In the next
section, a review of different multi-trait GWAS methods will be given. The major
emphasis will be put on the dimension reduction methods, which are suitable for
analyzing high-dimensional phenome data in a data-driven and hypothesis free
manner, since these methods can automatically extract hidden patterns from

the phenome data.

1.4 Multi-trait GWAS methods

As summarized by Hackinger and Zeggini [45], multi-trait GWAS methods can
be divided into two classes according to their underlying statistical framework:
the univariate methods and multivariate methods. Univariate methods combine
the summary statistics of multiple single trait GWAS, while multivariate methods
model all the traits and the genetic variant in a unified framework. Multivariate

methods can be further divided into two classes: regression based methods (also
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12 1.4. Multi-trait GWAS methods

named as direct methods, since they model the phenotypes without changing its
original format) and dimension reduction methods (also named as indirect methods,
since the original traits are combined in some ways to form new traits). Unlike
univariate methods multivariate methods require access to individual level data.
Figure 1.4 provides a schematic summary of the main methods to be discussed

in the following sections.
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Figure 1.4: Major classes of multi-trait GWAS methods. Original caption: GV
indicates genetic variant; MV, multivariate; PCHAT, Principal Component of Heritability
Association Test; T1, trait 1; T2, trait 2; T3, trait 3; TATES, Trait-based Association
Test that uses Extended Simes procedure; UV-MA, meta-analysis of univariate results;
UV-PCA, univariate analysis of first principal component. (Source: Galesloot et al., 2014)

1.4.1 Univariate methods

In general, univariate methods offer more flexibility than multivariate methods.
The origin of univariate methods was the meta-analysis methods for GWAS, which
combined the P-values or estimated effect sizes given by different studies on the same
trait. To analyze traits with heterogeneous genetic associations, cross-phenotype

meta-analysis (CPMA) methods were then designed, which compared the expected

DRAFT Printed on October 19, 2022



1. Introduction 18

and observed joint distribution of P-values for all traits at a locus [46]. Later,
other more advanced univariate methods were developed. For instance, The “Asset”
evaluates all possible subsets of traits to find exactly which traits are associated
with a variant [47]; “CPASSOC” combines P-values given by single trait GWAS,
and it can model heterogeneous genetic effects on different traits and the overlap of
samples for different cohorts [48]; “TATES” also works by combining the P-values
for single traits, but takes into account the correlation structure among traits
[49]; “MTAG” dissects different sources of the correlation between the estimated
effects for correlated traits, and improves the estimates for each trait [50]. There
are also Bayesian univariate approaches. For instance, “metaABF” calculates the
probabilities of different association models for one variant and multiple correlated
traits, with the correlation structure for traits and the relatedness of individuals in
different studies encoded using priors on parameters of the model [51]; “CPBayes”
uses spike and slab prior for the effect sizes of different traits and relies on the

Gibbs sampling to simulate their posterior distributions [52].

1.4.2 Multivariate methods

In recent years, multivariate methods have become increasingly popular because
they can make use of the individual level data that is available in many large scale
datasets. Theoretically, individual level data contains more information than the
summary statistics given by single trait GWAS, therefore multivariate methods
should possess larger power for discovery compared to univariate methods.

1. Multivariate mixed models: Linear mixed models (LMM) are an extension
to the standard regression model, which incorporates both fixed and random effects.
When used as a multi-trait GWAS method, LMM model genetic effects as fixed
effects and the inter-trait covariance as random effects [53]. In the recent years,
algorithmic improvements have significantly sped up the computation for LMM
[54, 55], allowing simultaneous analysis of up to 100 traits [56]. More advanced
LMDMs also allow non-normally distributed traits (such as binary traits) and even

the combination of different types of traits [57, 58].
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2. Bayesian approaches: A major advantage of Bayesian approaches is that
direct model comparisons can be made. The standard Bayesian multivariate linear
model was implemented in the software “SNPTEST” [59]. By comparing Bayes
factors for different models of associations, “PleioGRiP” could detect additional
phenotypic associations for a variant conditioned on one known association [60].
A unified framework proposed by Stephens et al. (implemented in the software
“mvBIMBAM?”) divides all phenotypes into three categories: unassociated, directly
associated and indirectly associated. Models of different partitions of phenotypes
into these groups can be compared using their Bayes factors [61].

3. Other approaches: In addition to the major classes of methods discussed
above, there are also other unconventional methods. The “Multiphen” [62] performs
ordinal regression for the genotype variable against multiple phenotypic variables
and tests their associations. Since phenotypes are independent variables in this
framework, no assumption needs to be made for their distributions [63]. Multinomial
regression (implemented in the software “TRINCULO?) is a generalization of the
logistic regression, and can be used to model phenotypic variables with more than
two possible values, such as diseases with multiple subtypes [64].

4. Explicit tests for pleiotropy: Most methods discussed above do not explicitly
test for cross-trait associations, since a global null hypothesis that assumes no trait
is associated with the variant is typically used. As a result, post-hoc analyses
are needed to further dissect the association signals. Specific methods were also
developed to overcome this problem. For instance, the sequential likelihood ratio
test developed by Schaid et al. gives the exact number of associated traits. This
framework starts with the global null of no associated trait, and tests for one
additional associated trait in each step, until the null hypothesis of no more
association can no longer be rejected [65].

5. Summary of multivariate methods: There have been a few studies aimed at
evaluating and comparing the performance of different multi-trait GWAS methods.
Galesloot et al. found that all multivariate methods have higher power compared to

standard single trait method, even when the correlation between the traits is small,
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or there is only one trait associated with the variant [66]. Porter et al. concluded
that most multivariate methods have similar power, which is typically higher than
single trait methods. In addition, the relative performance of different multivariate
methods depends largely on the specific correlation structure between the traits
and the specific combination of genetic effects on all these traits [67].

Notably, most of the methods discussed above rely on experts to select the
set of traits to be analyzed together based on their domain knowledge. For the
phenome data in biobanks, such expert-led methods are not sufficient, since in
addition to analyzing traits that are known to be correlated, we also want extract
unknown patterns from the data. To deal with this problem, dimension reduction

methods offer a potential solution.

1.4.3 Dimension reduction methods

A common and practical way to deal with very high-dimensional phenotype
data is to firstly apply a dimension reduction on the original features in the input
data to project them into a space of much lower dimension. With the new set of
features, standard multi-trait and single-trait GWAS can then be carried out, with
important correlation structure retained and the multiple testing burden relieved.

The most distinguishing feature of dimension reduction methods is the derivation
of a new set of traits. They may be understood as something similar to the endo-
phenotypes (intermediate phenotypes) used in PheWAS, such as bio-markers [32].
Clearly, these endo-phenotypes are not clinical end-points, but measurements that
may reflect latent diseases or pathological processes in an early stage. For the
study of multi-morbidity, new traits obtained by dimension reduction algorithms
on the original disease occurrence data may represent abstract biological pathways
or mechanisms shared by a group of different yet related diseases.

The most commonly used dimension reduction method is principal component
analysis (PCA), which finds the linear combination of the original traits that
maximize the covariance of these traits. Quite a few studies have used PCA-

based methods for combined analyses of multiple related traits (such as different
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quantitative traits related to the metabolic syndrome) [68-70]. Notably, some studies
further applied other multi-trait GWAS methods on the principal components (PCs)
of the original traits [68]. Hugues et al. discovered with simulations that combining
the association signals across all PCs of the original traits may significantly increase
the power for detecting both the pleiotropic variants and variants associated with
only one trait [71].

One drawback of the basic PCA based multi-trait GWAS is that PCs derived
for the phenotypic features are not genetically based. “PHCAT” extends standard
PCA and aims to find the single new trait that results in the largest heritability
for the variant of interest among all the possible linear combination of the original
traits [72]. Simulation showed that PHCAT had larger power than standard PCA
based methods, particularly when some traits were not associated with the variant.

CCA (canonical correlation analysis) is another type of dimension reduction
method [73-75], which evaluates the linear relationship of two sets of variables (the
canonical correlation refers to the correlation between the two sets of variables).
For genetic studies, CCA implemented in the software PLINK finds the linear
combination of traits that maximizes the covariance between variants and traits.
If only one variant is analyzed, the statistical test used for CCA is equivalent to
the MANOVA (multivariate analysis of variance) test [63].

In theory, both CCA and PCA work best on continuous variables that are
approximately normally distributed. For other types of input data (such as binary
input data), it is better to use other latent factor models for dimension reduction,
such as topic models developed for discrete input data. The use of topic models
on phenotype data is the basis of this thesis, so they will be comprehensively

reviewed in the next section.

1.5 Topic models

Topic models were originally developed for text mining and natural language

processing. They learn topics from documents based on the counts of all words used
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in documents in the corpus (Figure 1.5). Words that are frequently used together

in the same context in documents will be grouped into the same topic.

Topic proportions and
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Figure 1.5: Schematic for the learning of topics from documents by topic models. Topics
of documents were learnt based on the number of words used in documents. (Source: Blei,
2012)

The basic assumption of topic models is that a document is a “bag of words”,
which means the model omits the order and the context of words in documents,
and pays attention only to the number of times each word in the vocabulary is
used in a document. In this way, the input for topic models is simply a word-count
matrix for all documents, with each row (or column) represents a document and
each column (or row) represents a word in the vocabulary. Each entry in the input
matrix records the number of times a word appears in a document. The outputs of
topic models are usually two matrices: the topic matrix (which contains the topics
used by all the documents) and the topic weight (loading) matrix for documents,
which describes the contributions of different topics to different documents.

For the study of multi-morbidity, topic models can also be directly applied to
the diagnosis data for patients to project them from the original disease space to the
lower dimensional topic space. More specifically, each disease will be regarded as a
word, and each person viewed as a document. In another word, people will be treated

as “bag of diseases” by topic models. In this way, the occurrences of different diseases
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on people can be explained by people possessing different weights for different topics

1.6. In the next section, the emphasis will be on technical aspects of topic modelling.
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Figure 1.6: Schematic for the study of multi-morbidity with topic models. Based on the
diagnosis data for people, topics of diseases and individuals’ weight for topics are inferred
by topic models.

1.5.1 Overview of major types of topic models

The development of topic models

The origin of topic models can be dated back to 1990, when the latent semantic
analysis (LSA) was proposed. LSA is based on the singular value decomposition
(SVD) of the transformed document-word (word-count) matrix [76]. One drawback
of LSA is that the factorized matrices can contain negative entries. Later, non-
negative matrix factorization (NMF) was developed [77], which puts non-negativity
constraints on the two factorized matrices. This makes the interpretation of learnt
topics and topic weights easier, since only additive contributions of topics to
documents are allowed. NMF-based topic models continue to be widely used today.

Aside from adding constraints onto the parameters of the model, another
development direction is to build probabilistic models. Inspired by LSA, pLSA,
the probabilistic version of LSA was developed in 2001 [78]. pLSA has a proper

generative process, in which each word in a document has a corresponding latent
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topic assignment variable, denoting which topic generates the word. The joint
likelihood of a pLSA model can also be written in the form of a matrix tri-
factorization [78]. The difference between LSA and pLSA is that LSA uses
the L2 norm as the objective function for matrix factorization, while pLSA uses
the cross entropy between the empirical distribution and the model [78], which
better fits its generative process. Probabilistic models also enabled researchers
to use standard statistical tools to deal with tasks like model selection and
comparison. A shortcoming of pLSA is that topic weights of documents are
individual parameters that have to be learnt separately and independently for

each document in the training set.
Latent Dirichlet Allocation

The Latent Dirichlet Allocation (LDA) [79, 80], which was a Bayesian extension
to pLSA. The most important advancement for LDA was putting a Dirichlet prior
on the topic weights of all documents, which makes LDA a full Bayesian model.
For LDA, each topic is a multinomial distribution over words, and each document
is a multinomial distribution over topics. To generate the documents (all words
in documents), firstly for each document a topic weights vector (a multinomial
distribution denoting the weights of topics in the document) was sampled from
the Dirichlet prior. Then for each word in the document, a topic assignment is
sampled from the topic weight distribution. In the final step, each word is sampled
from the corresponding topic according to its topic assignment. The generative

process of LDA is summarized below:

For each topic k:
sample topic variable ¢ ~ Dirichlet(n);
For each document d:
sample topic loading variabel 0; ~ Dirichlet(a);
For each word placeholder s in document d:
sample topic assignment variable Zg, ~ Multinomial(0y);

sample word Wy, ~ Multinomial(¢z,, );
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The graphical model for LDA is shown in Figure 1.7.

® |

Figure 1.7: The graphical model for LDA.

At present, Latent Dirichlet Allocation is the most widely used topic model in
various fields. Since its introduction, a large number of more advanced topic models
have been developed based on its framework with diverse functionalities added,

such as correlated topic models [81] and supervised topic models [82].

3. Binary matrix factorization methods

Thus far, we have been discussing topic models built for count input data.
However, other types of input data can also be analyzed by topic models, such as
binary data, in which zeros and ones are used to represent the presence/absence
of features for samples (documents).

In fact, LDA can also be used to model binary input data. However, this is
not completely appropriate, since in this way all words can at most occur once in
a document, and zeros in the input matrix will be ignored by the model. Apart
from LDA based topic models, there were also other types of models specifically
designed for binary input data based on various matrix factorization techniques.
The most common way to model binary input data with matrix factorization

can be expressed as:

P(W | ¢,0) = I;IHBernoulli(st | o(0 % ¢)as) (1.1)
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In the above equation, W is the input matrix, rows of matrix 6 are topic weights
for documents, and rows of matrix ¢ are topics. Each binary word variable wy;
(word s in document d) is modelled with a Bernoulli distribution, and the matrix of
Bernoulli distributions for all words are parameterized with the product of  and ¢.

To ensure the validity of this parameterization, all entries in the product matrix
of ¢ and 0 need to fall between 0 and 1. A common way to achieve this is to apply
a link function (such as the logit link function, represented by o in equation 1) on
the product matrix, which makes the model nonlinear. The advantage in using
a link function is no extra constraints are needed for 6 and ¢. On the contrary,
by adding additional constraints on ¢ and 6, the product matrix can be directly
used. This type of linear model is named mean-parameterized binary non-negative
matrix factorization (BNMF). If § and ¢ are treated as variables and given prior
distributions, we will have Bayesian BNMF. Alberto, et al. proposed a general
framework for such models [83], in which various combinations of prior distributions
(including beta prior for individuals entries in the matrices, and Dirichlet prior for

rows or columns of the matrices) can be chosen for the components of 6 and ¢.

1.5.2 Applications of topic models

Since its introduction, topic models were quickly adopted in various biological
research fields such as population genetics and functional genomics [84]. Topic
models were often used as bioinformatic tools for data mining tasks such as clustering,
classification and feature extraction. For instance, they were used to model micro-
array expression data, where each sample was regarded as a document, and each gene
a word. Topics in this scenario represented groups of genes which had functional
relations [85, 86]. Topic models were also efficient in extracting hidden structure
from EHR data. For instance, “MixEHR”, a Bayesian multi-view topic model was
developed to extract meaningful medical concepts (in the form of topics) from
the heterogeneous and noisy EHR data [87]. Based on the inferred topic weights
for patients, superior prediction power for undiagnosed phenotypes was achieved

compared to other state-of-art machine learning methods.
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Topic models for genetic studies

Topic models were also used in genetic studies. In 2002, Pritchard et al.
developed a Bayesian clustering approach to infer population structure and assign
individuals to different population groups using genotype data [80]. Via the use of
topic models, simultaneous assignment to multiple populations was allowed, which
means alleles of different loci for the same individual can be sampled from the
corresponding parametric distributions for different populations.

In 2017 McCoy et al. first applied topic models to population based association
studies. LDA was used to learn 50 topics for 508 Phecodes from three small biobanks,
and GWAS was then carried out using topics traits, instead of single Phecodes
[88]. Multiple known disease-associated loci were recovered with smaller P-values
compared to the standard case-control GWAS, and new significant loci were also
found. After the first proof of concept study, topic modelling of diseases was used
in a few following studies aimed to expand our knowledge of the pleiotropic effects
of known disease-associated loci. For instance, in one study a polygenic risk score
(PRS) for depression was found to be associated with topics of cardiac diseases,
suggesting shared genetic components for these diseases [89]. Another study found
that the schizophrenia associated gene SLC39A8 was also associated with topics
of cerebrovascular diseases [90]. The third study focused on the SNP rs10455872
[91], which is located in the lipo-protein A (LPA) gene and explains 20-30 % of
the variation circulating lipo-protein level. A NMF based topic model learnt six
topics for 1853 phenotypes from the EHR of 12759 individuals, and a negative
correlation between rs10455872 and a topic enriched for lung cancer related codes
was discovered, which was not known before.

To summarize, in all the studies discussed in this section, some previous GWAS
findings were replicated, and new discoveries were also made. This was achieved by
joining diseases into topics to form new traits for the standard GWAS and PheWAS.
In spite of these preliminary success, there is still large space for improvement. For
instance, these studies all used the most standard topic models (LDA or NMF),

and many technical issues related to topic models (such as model selection and
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hyperparameter learning) were only tackled using some basic heuristic rules. In
the following section, some technical issues related to topic models will be briefly

discussed, before the research goals of the thesis are given in the final section.

1.6 Technical issues related to topic models

1.6.1 Model selection for topic models

For standard topic models, we need to specify the number of topics to be
inferred before training the models. In reality, this number is usually not known
a priori. To tackle this problem, people usually train multiple topic models with
different number of topics, and then compare their performance using some metrics.
To date, there hasn’t been a golden standard metric for the evaluation of topic
models. A common metric being widely used is the predictive likelihood for a
model on the testing dataset. It is calculated based on the topics inferred from the
training data, and it evaluates the generalization ability of the inferred topics to
unseen new data. On average, a higher likelihood on the testing dataset indicates
better inferred topics. The review written by Wallach [92] gives a comprehensive
summary of the existing methods to calculate this predictive likelihood, most of
which are based on monte-carlo techniques.

In addition to the likelihood on the testing data, there are also other model
selection methods based on different ideas. For instance, in practice different
secondary tasks such as document classification and information retrieval can be
used to evaluate topic models if they are trained for a specific purpose. Furthermore,
other metrics such as the coherence and stability of inferred topics [93-96] directly
evaluate the inferred topics from different perspectives. Notably, Cao et al. proposed
to do model selection by calculating the overall correlation among all the inferred
topics. The idea was that with both too few or too many topics, the overall /averaged
correlation among topics would be large, since ideally the inferred topics should
be distinct, which will leads to small overall correlation [97]. Lastly, building

non-parametric models is another option. The Dirichlet process [98] can be regarded
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as the non-parametric version of LDA, for which the number of topics is a also
a variable to be learnt from the data.

All the available model selection methods have both advantages and shortcomings.
Currently there is not a fit for all method. In general, the predictive likelihood on
the testing data is a basic metric that was applied in most studies. But in addition
to that, the inference result given by topic models should also be evaluated from

other perspectives, depending on the research goals.

1.6.2 Incorporation of domain knowledge into topic models

Medical data in biobanks are often high-dimensional and sparse, which makes the
statistical inference very challenging. As a result, pure data-driven approaches may
face great difficulties, especially when the input data is noisy and not large enough.
On the other hand, during the past decades, people have accumulated large amounts
of medical knowledge, which is undoubtedly valuable external information to be
exploited. Therefore, incorporating people’s prior knowledge into the modelling
process should benefit the inference for statistical models.

In recent years, efforts have been put into encoding domain knowledge as priors
for hidden variables (topics) of topic models to boost the quality of inference [99,
100]. For the study of multi-morbidity, such priors should reflect the relationship of
different diseases, and more specifically for topic models, which diseases are more
likely to be the active components in the same topic. Medical ontology built by
experts based on their current understanding of the diseases, like the ICD-10 disease
coding system [101], can be an ideal choice for constructing informative prior for
the structure of topics. Medical ontology usually uses a hierarchical structure to
summarize the subordinative relationships of a large number of medical concepts
(such as diseases). Take the ICD-10 coding system as an example, tens of hundreds
of diseases are firstly divided into dozens of chapters (major categories of human
diseases such as infectious diseases, cancers and metabolic diseases). Then layer
by layer, increasingly smaller categories of diseases are defined, until individual

diseases (or subtypes of individual diseases) are reached (Figure 1.8). In general,
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diseases that are similar to each other in a broad sense will also be more closely
positioned on the hierarchical structure dictated by the medical ontology. With
this hierarchical structure, priors for topics can then be constructed using various
mathematical tools, with domain knowledge encoded in the form of probabilities.

Chapter IX Diseases of the circulatory system
110-115 Hypertensive diseases

110 Essential (primary) hypertension
X 111 Hypertensive heart disease
N — 112 Hypertensive renal disease
_ - 113 Hypertensive heart and renal disease
- o T 115 Secondary hypertension
o T
* T 120-125 Ischaemic heart diseases
@ 120 Angina pectoris
P 121 Acute myocardial infarction

A AN
- // \ _ P j:?""/ A\ T 122 Subsequent myocardial infarction

" ~ — p ™ e 123 Certain current complications  following

acute myocardial infarction

124 Other acute ischaemic heart diseases

125 Chronic ischaemic heart disease

Figure 1.8: Schematic for the ICD-10 coding system. A very small fraction of the entire
hierarchical structure for the ICD-10 coding system is plotted.

Quite a few studies have succeeded in improving the inference for statistical
models with priors defined on the basis of medical ontology. For instance, medical
ontology was used as a knowledge graph to instruct the learning of embeddings for
medical concepts, and this helped with the data insufficiency and interpretation
issues for deep-learning algorithms [102]. In another study, researchers used distances
between diseases defined on the ICD-10 ontology to regularize topics learned from
EHR data by a non-parametric Bayesian topic model named “wddCRF”. With the
use of decay function, it was more likely for words to be assigned with the same
topic if their distance on the ICD-10 ontology was small [103]. For genetic studies,
“treeWAS” was designed to increase the statistical power for association study using
the hierarchical phenome data in biobanks. It assumed a correlation structure
for the effect sizes of a variant on all diseases according to the ICD-10 ontology
[104]. Overall, these studies all implied that priors based on medical oncology
can significantly improve inference of hidden variables from the high-dimensional

and sparse phenotypic data in biobanks.

1.6.3 The learning of hyperparameters for topic models

The main hyperparameters for topic models are the parameters of the prior

distributions for topic weights (vector a) and topics (vector ). They control
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the distribution of people’s weights over different topics and the probability of
diseases in topics. For both LDA and NBMF, these prior distributions are usually
Dirichlet distributions (or Beta distributions, which are Dirichlet distributions with
a dimension of two), since they are conjugate priors for multinomial (Binomial)
distributions (topics, topic weights for people).

Take « (parameters of the Dirichlet prior for topic weights) as an example,

a = (a1, e, ...ap) can be parameterized as below:

t:ZOék
k

m=a/t

m is the base measure (mean distribution) of the Dirichlet distribution, and ¢
is the concentration parameter (scale). For standard topic models, normally a
symmetric base m is used for the Dirichlet prior «, which means the numbers of
assignments of different topics to words in the corpus are assumed to be roughly the
same. As for the concentration parameter t, it controls how peaked the Dirichlet
distribution is (Figure 1.9). In most cases, the concentration parameter is set to
be 1 (non-informative), or a simple grid search can be used to find its optimal
value (for instance: try 0.1, 1, 10 for ¢). There are also heuristic rules to choose
values for these hyperparameters [105].

In recent years, there are studies exploring the use of more complex and
appropriate priors for topic models. For instance, Wallach et al advocated using
asymmetric Dirichlet prior for topic weights and symmetric prior for topics, and he
verified with experiments that this parameterization gave the best inference result
for LDA [106]. Besides, he also suggested the use of an optimization based method
to learn « from the data, since it gave result as good as that achieved by employing

a more complex and time consuming full Bayesian approach.
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Figure 1.9: Distribution of 1,000 samples from Dirichlet distributions with different
parameters. A, Result for Dirichlet(1,1,1). B, Dirichlet(0.1,0.1,0.1). C, Result for the
Dirichlet(10,10,10). D, Dirichlet(10,1,1);

1.7 Research goals for the topic modeling of phe-
notypic data in biobanks

In spite of the success of the previous studies, several issues regarding the
use of topic models to analyze phenotypic data in biobanks still remain, and
are summarized as follows: Firstly, LDA, the most widely used topic model for
biomedical data, takes word-count matrix as input. However, many phenotypic
datasets in biobanks are binary. Although there are also topic models specifically
designed for binary data, they haven’t been widely used in biomedical studies.
Secondly, the inference for LDA is entirely data-driven, without the incorporation of
the prior knowledge about topics. Thirdly, a few technical problems related to topic
models have not been completely solved, including the model selection problem
for topic models and the learning of hyperparameters for topic models. Although
advanced methods have been developed to deal with these issues [105-107], in
biomedical studies they haven’t been widely adopted and validated. Lastly, the

most efficient way to carry out the downstream analyses (such as the association
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study) based on the inference results given by topic models is still unknown.
In summary, further explorations are needed to answer these questions, before
topic modeling algorithms can be widely accepted as one of the standard ways
in analyzing the phenotype data in biobanks.

In this thesis, I aim to develop a new topic model to learn individuals’ major
multi-morbidity clusters in the form of topics of diseases. Meanwhile, the technical
issues related to the current mainstream topic models should be properly dealt
with. After that, I will explore ways to carry out further analyses based on the
inference result given by the topic model to advance our understanding of the
mechanisms of multi-morbidity clusters, with an emphasis put on studying the

genetic basis of multi-morbidity.

1.8 HLA and human diseases
1.8.1 Genotype data for GWAS

Various types of genotype data can be used for GWAS, including single nucleotide
polymorphism (SNP) data, copy number variants and sequence variations. The most
widely used data type for GWAS is the SNP data given by microarrays genotyping
[24]. In recent years, with the decrease of cost for the next generation sequencing
(NGS), we have seen an increasing trend of using NGS data for GWAS, which allows
us to find more rare variants and their associations. In human’s genome, the HLA
gene complex is a special region, in which the common analytic strategies for GWAS
do not work very well, because of the high variability and complex structure of this
region. In the following sections, genetic variations in this region and their wide
association with phenotypes will be briefly introduced. Then the emphasis will be
put on using in-silico algorithms and the NGS data to determine people’s genetic
variations in this region, which is a unavoidable step towards a better understanding

of this region and its implications for human’s health.
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1.8.2 The HLA gene complex

The Human Leukocyte Antigen (HLA), the human’s Major Histocompatibility
Complex (MHC), is a gene complex in the 6p21.3 region on the short arm of
human chromosome 6 [108]. More than 220 genes of diverse functions are located
in this region, playing pivotal roles in the functioning of the human’s immune
system [108], which makes it the most gene dense region in human’s genome [109].
The HLA gene complex can be divided into three regions. The class I region
contains HLA*A, HLA*B and HLA*C genes, while the class II region contains
HLA*DPA1, HLA*DPBI1, HLA*DQA1, HLA*DQA2, HLA*DQB1, HLA*DQB2
and HLA*DRBI1-5 genes. The major biological role for the two classes of genes is
to present processed antigens to immune cells. The class III region doesn’t contain
HLA genes. However, it is the most genes enriched region in the HLA gene complex,
since many genes implicated in the inflammatory response, leukocyte maturation
and complement cascade are located in this region [110, 111].

The HLA gene complex is the most polymorphic region in the human genome.
However, in spite of the diversity of HLA genes, the recombination rate in this
region is low [112], therefore HLA genes are usually inherited as haplotypes [113].
Up to now, the official repository for curated HLA sequences, the IPD-IMGT/HLA
database [114], have recorded 30,522 different HLA alleles. In addition to the small
genetic variations, there are also large structural variations in the HLA region.
In the class II region, people can have different copy numbers for genes that are
paralogous to the HLA*DRBI1 gene, which include HLA*DRB3, HLA*DRB4 and
HLA*DRB5. For example, some people only have the HLA*DRB1 gene, while
other people can have both the HLA*DRB1 and the HLA*DRB3 genes [111].

Genetic variations in the HLA gene complex have large influence on human’s
health. By far, it is the genomic region with the largest number of associated
diseases in the GWAS catalog (constitute 6.4 % of all genome-wide significant
SNP associations) [109]. During the past decades, genetic variations in the
HLA complex were found to be associated with various medical conditions [115],

including autoimmune diseases [116], infectious diseases [117], organ transplantation
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rejection [118], adverse drug effect [119] as well as cancer and patients’ responses to
immunotherapy [110, 120, 121]. Nevertheless, there is still much work to be done

before we can fully understand the mechanisms behind all these associations.

1.8.3 Nomenclature of HLA alleles

The diversity of HLA alleles requires a hierarchical system to precisely classify
and name them. The WHO Nomenclature Committee of Factors for the HLA
System is in charge of the naming of HLA alleles [122]. Currently, HLA alleles are
named using 2-4 fields of numbers. The first two fields are used to name HLA alleles
encoding different amino acid sequences. The third field is used for HLA alleles
with the same amino acid sequence but different silent mutations in the coding
area of the genes, while the last field (the fourth field) is used for variations in the
non-coding region of the genes. In addition, HLA alleles with abnormal expressions
have a suffix, which is a single letter used for expression variants. Figure 1.10
describes the nomenclature rules for HLA alleles. It is important to understand
the nomenclature of HLA alleles because different HLA allele inference algorithms
(see the following sections) output HLA alleles at different resolutions (HLA alleles

with different number of fields to name them).

Field Field Field Field
1 2

HLA — A*01:01:01:01

HLA — A*01:01:01:03

HLA — A*01:01:02

HLA - A*01:02:01 " oo
HLA — A*01:01:01:02N |

Low Expression
Null, not expressed
Field 1 Shows the allele group
Field 2 Names the amino acid sequence of the peptide
Field 3 Identifies synonymous substitutions in the coding region
Field 4 Names differences in the non-coding sequence (3’ and 5’ UTRs and introns)

HLA Prefix Gene

Questionable
Secreted

wp =z

Figure 1.10: Nomenclature of HLA alleles. Up to four fields of digits can be used to
name a HLA allele. Different fields are used to represent different types of variations for
HLA alleles. (Source: Lee Ann Baxter-Lowe, 2021)
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1.9 Inference of HLA alleles

There are many different methods to determine which alleles people have for
different HLA genes, including both experimental and computational methods. In
history, serology was firstly used for typing HLA alleles, which utilizes antibodies
that can recognize epitopes of antigens on the HLA proteins. Later, DNA based
typing methods that determine the nucleotide sequences of genes replaced serology
methods. Early DNA-based typing methods use polymerase chain reaction (PCR)
to amplify specific segments of HLA genes. This method can only detect a few
key sequence motifs, which are then used to assign HLA genotypes. Later, sanger
based typing (SBT) appeared, which is based on nucleotide sequencing technique.
Although usually SBT still couldn’t cover the full length of HLA genes (in most cases
only exons in the antigen recognition domain are sequenced), it quickly became the
golden standard for HLA typing since it has higher resolution than the PCR based
methods. However, it is important to note that both SBT and early genotyping
based methods have the problem called HLA typing ambiguities, because sometimes
multiple HLA alleles in the reference HLA database (such as the IPD-IMGT/HLA
database) can be matched to the same typing result [123].

In the past decade, Biobanks were established in many countries, and array
based genotyping were done for millions of people. However, genotyping in
the HLA complex is challenging because of the high polymorphism, the large
structural variations and homology between HLA genes in this region [111]. Besides,
interpretation of GWAS hits in this region is also difficult due to the complex
Linkage Disequilibrium structure. To deal with these challenges, many genotyping
based statistical imputation methods for HLA alleles were developed [124-128],
which uses the model built on a reference panel of people with both genotyping and
HLA typing data to infer HLA alleles for people with only genotyping data in
the imputation panel.

Except for array based genotyping, in the past decade the next generation

sequencing (NGS) also gained its popularity quickly. NGS is substantially less
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expensive than Sanger based sequencing, thus in a short perior of time, large
amounts of NGS data have been accumulated. For the HLA region, standard
mapping and variant calling methods do not work well, therefore more dedicated
algorithms for this highly polymorphic region were developed [129-133]. Among
these methodologies, the use of the genome graph for the representation of diverse
genomic sequences in the population was widely adopted. In the genome graph,
nodes or edges are labelled with nucleotides, and traversals of the graph represent
possible genomic sequences. Dilthey, et al firstly adopted the genome graph for the
inference of HLA alleles, and developed a series of HLA typing algorithms based
on short-read sequencing data [129-131]. Currently, the graph based inference of
HLA alleles still have limitations, which is mainly caused by the lack of completely
resolved HLA haplotypes that can be used as backbones of the genome graph
[111]. In the future, such situation might be improved by long-read sequencing
technology and haplotype resolved de novo assembly [111, 134]. Nevertheless, in
silico HLA typing methods have already achieved inference accuracy comparable to
more traditional sequencing based method such as SBT [135]. Compared to the
imputation methods, NGS based methods are less dependent on sample ancestry,
which undoubtedly broadens its applications [131]. A summary of different HLA
typing methods were shown in Figure 1.11.

In summary, the establishment of biobanks all over the world, which give us
access to the genotyping and short-read sequencing data for hundreds of thousands
of people, together with the fast developing statistical HLA inference methods, have
offered us an amazing opportunity for the characterization of genetic variations
in the HLA gene complex. With accurately inferred HLA alleles and the deep
phenotyping data in Biobanks, it is obvious that our understanding of the biological

roles of HLA alleles will soon be brought to a new level.

1.10 Thesis aims

The overarching goal of this thesis is to develop a new framework to find the major

multi-morbidity patterns and their underlying mechanisms using data in biobanks.
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Figure 1.11: Summary of different HLA typing methods. (Source: Valia Bravo-Egana,
2021)

More specifically, I will firstly aim to develop a new topic model for the binary
diagnosis data in UK Biobank, which also incorporates our prior knowledge about
the structure of topics encoded in the hierarchical structure of medical ontology.
In a second step, using the inference results (topics of diseases) ascertained using
this topic model, various genetic analyses will be carried out to find the genetic
components of these multi-morbidity clusters, and their biological implications.

Meanwhile, I aim to validate one of the state-of-art HLA typing algorithms,
the HLA*LA, and use it to infer the HLA alleles for people in the UKB, such
that in the future we can determine their relations with major multi-morbidity
patterns. A summary of chapters follows.

In Chapter 2 we first introduce the topic model we developed (treeLFA) in details
and the relevant algorithms for it. Then we comprehensively evaluate its performance
with simulated data and investigate the role played by its hierarchical prior for topics.
We also compare its performance with the most widely used topic model, LDA. In

addition, we evaluate the robustness of treeLFA from a few different aspects.
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In Chapter 3 we construct a relatively small input dataset (the top-100 UKB
dataset) for treeLFA, which contains people’s diagnosis data for 100 common ICD-10
codes. Topics of common diseases are learnt and analyzed, and the performance
of several relevant topic models are compared. We also compare the inference
result given by treeLFA models with different numbers of topics and study the
connections between them. Lastly, we explore the possibility to subtype common
diseases based on treeLFA’s inference results.

In Chapter 4 we focus on carrying out genetic analyses using the inference result
of treeLFA. The emphasis is on running GWAS on topic weights as new traits
(topic-GWAS). Results given by topic-GWAS and standard single trait GWAS
are compared, and new discoveries of topic-GWAS are validated using multiple
methods. In the last section, we explore a different way to perform genetic analyses
for topics other than running topic-GWAS.

In Chapter 5 we construct a larger input dataset for treeLFA (the top-436
UKB dataset), and repeat the core analyses done on the top-100 dataset. Results
and findings are compared to that obtained on the top-100 dataset, and with new
analyses more insights about the topics are gained.

In Chapter 6 we validate the HLA typing algorithm - HLA*LA with the 1000
Genomes dataset, using SBT data as the benchmark. Then we apply HLA*LA onto
the WES data for about 50,000 people in the UKB. Typing results are summarized
and presented and further compared with SNP-based imputation results.

In Chapter 7 we discuss the key findings, the limitations of the current work
and the implications of results obtained on the two UKB datasets, as well as

potential future directions.
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2.1 Aims of this chapter

The major goal of this chapter is to develop a new topic model capable of
learning multi-morbidity patterns of diseases in the form of topics of diseases from
the cross-sectional health-care data such as that available from those population-
scale biobanks. We built the model such that it makes use of both the data and our
prior knowledge about the topics for inference. This prior knowledge for topics is
the relationships of all the diseases codes summarized in the hierarchical structure
specified by a disease classification system like the ICD-10 coding system. In
addition to design and implement the model, we also aim to find reliable solutions
to a few common technical issues related to topic models, including choosing the
number of topics to be inferred (a model selection problem) and learning the
hyperparameters for the model, as well as the identifiability issue of Gibbs sampling
algorithms for topic models. After developing the model, we tested its performance
with both simulated and real world data, and compared it with two other related
topic models so that we could figure out the specific situations in which each of
them is most advantageous against the others. Lastly, we tested the robustness

of the model from a few different perspectives.
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2.2 treeLFA

2.2.1 Model overview

Our topic model is named “treeLFA” which is the abbreviation for “latent factor
allocation with a tree structured prior for topics”. It retains the basic “document-
topic-word” configuration of topic models, but these components are assigned with
new meanings to analyze the phenotypic data in biobanks. For treeLFA, each
individual in the biobank is viewed as a document, and each disease a word. Topics
of diseases capture different constellations of diseases that frequently co-occur on
the same individuals. The input for treeLFA is a D x S binary matrix, where each
row corresponds to a person, and each column a disease code. Entries in the input
matrix denote which disease codes were diagnosed for individuals. In total, D x S
binary disease variables are used to record the diagnostic status of all diseases for
all individuals. Like LDA, the output of treeLFA is two matrices: matrix of topics
(T x S, each entry is the probability of a disease in a topic), and the matrix of
people’s topic weights (D x T, each row records an individual’s weights for all topics).

The treeLFA is developed on the basis of the Bayesian mean-parameterized
binary non-negative matrix factorization (BNMF)[83], which is specifically designed
for analyzing sparse binary matrices, and is fundamentally different from the widely
used topic model LDA [79, 80] (discussed in detail in Section 1.5.1). treeLFA models
the presence and absence of disease codes for people with Bernoulli distributions. For
treeLFA, each topic is a sequence of probabilities which parameterize the Bernoulli
distributions for all diseases in this topic, instead of a Dirichlet distribution over all
the diseases (LDA topics). Therefore, the model is named as latent factor allocation
(LFA) to differentiate from the latent Dirichlet allocation (LDA). Furthermore, a
prior for topics based on a hierarchical structure for all diseases is incorporated into
the model, therefore the word “tree” is added into the model’s name before “LFA”.
The schematic for the inference of treeLFA is shown in Figure 2.1.

To incorporate the prior for topics based on the tree structure of disease codes,

for each disease code s in topic t, a binary indicator variable I, is introduced,
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Figure 2.1: Schematic for the inference of treeLFA. The input for treeLFA is a binary
matrix, with each row representing a person, and each column a disease code. The output
of treeLFA are two matrices, one topic matrix and one topic weight matrix. Active disease
codes in topics are visualized on a hierarchical structure of diseases, which is used to
construct the prior for topics.

denoting whether disease code s is active in topic t. Active disease codes in a topic
have relatively large occurrence probability (large ¢y), while inactive disease codes
have near-zero ¢y,. These are attained by putting different Beta priors (Beta(ad, a})
or Beta(al,ai)) on the ¢y for inactive and active disease codes. Indicator variables
of all disease codes in a topic are generated using a Markov process on the tree
structure of disease codes. As is shown in Figure 2.2, each node on the tree
corresponds to the indicator variable of a disease code in a topic. Starting from
the inactive root node (does not correspond to any disease code), the value of
an indicator variable is sampled conditioning on the value of its parent indicator
variable on the tree. Going down from the root node to all the terminal nodes,
indicator variables are sampled layer after layer. Notably, the sparsity of a topic
(which means the total number of active codes in a topic) can be controlled by

tuning the transition probabilities of the Markov process, just as what we can do
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with LDA by tuning the concentration parameter of the Dirichlet prior for topics.
Furthermore, we can also manipulate the distribution of active codes in a topic

by tuning (see Section 2.5.2 for the relevant discussions).

O, Z O,

Po1 1= po1 D3
D2

() & () @
P11 o)

® ® & &»° O @ @ @

Topicl Topicl Topic2 Topic2

Figure 2.2: Schematic for the Markov process on the tree structure of disease codes.
The indicator variables for six disease codes in two topics are shown in the middle of the
figure. Each cell in the table corresponds to the indicator variable of a disease code in a
topic, with white color representing inactive code, and orange representing active code.
The first topic has three active codes, and the second topic has four. Indicator variables
for all codes in a topic are generated using a Markov process on the tree structure of codes.
po1 and pi1p are the transition probabilities of this Markov process: pp; is the probability
of getting an active indicator conditioned on an inactive parent indicator, while pi; is the
probability of getting an active indicator conditioned on an active parent indicator.

The model can be more clearly explained by going through its generative process.
To generate a topic, we firstly sample the indicator variables I for all disease codes
in this topic using a Markov process on the tree structure of all disease codes.
Next, conditioned on these indicator variables, we sample probability variable ¢
for all disease codes in the topic from the corresponding Beta priors. The topic
weight variable 0 for an individual is sampled from the Dirichlet distribution
parameterized by a. With topics and topic weights, the observable disease variable
W (the input binary matrix) can then be generated by sampling from the Bernoulli
distributions paramterized by the product of 8 and ¢. The full likelihood of the

model can be decomposed as below:

P(W,0,¢,1 | p,a,a,tree)

=P(I | tree,p) - P(¢ | I,a)- P(6 | o) - P(W | ¢,6)
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Figure 2.3: A, The probabilistic graphical model for treeLFA. Only the disease variables
for people are observable. Each topic has a probability vector ¢ for the S disease codes,
and each probability variable ¢ has a corresponding indicator variable I, denoting if this
disease code is active in the topic. I for all disease codes in a topic are generated using a
Markov process on the tree structure with transition probability vector p. Different Beta
priors a are used for the ¢ of active/inactive codes. To generate the disease variable Wy,
for disease code s for person d, its topic assignment variable Zg4, is firstly sampled from
the categorical distribution parameterized by this person’s topic weight vector 84, which
itself is sampled from a Dirichlet prior distribution parameterized by vector . With
the topic assignment and topics, the disease variable Wy can then be sampled from the
Bernoulli distribution parameterized by ¢z, s. B, The graphical model for LDA.

To perform inference for treeLFA using MCMC algorithms, we further augment
the model using topic assignment variable Z. For disease code s and individual d,
the topic assignment variable Z4, specifies the topic from which the disease variable
Wy is sampled. Zg; is sampled from the categorical distribution parameterized by
6,. In this way, the model become conjugate, since 84 and Z,4 follow a compound
Dirichlet-Multinomial distribution.

The graphical models for treeLFA and LDA are shown in Figure 2.3. It can
be seen that the two models use different topics, but the generative process for
topic weight variable @ and topic assignment variable Z (the lower half of the
two graphical models) are the same for the two models. Notations for treeLFA

are listed in Table 2.1.
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The full treeLFA model is specified as below:

P(W,0,Z,¢,1| p,a,a,tree)
—P(I | tree,p) - P(¢ | I,a)- P(8 | a) - P(Z | 8) - P(W | ¢, )

T S

P(I | tTeea p) = H H P(Its I Ifsa’ p)
t=1s=1

T S
P(¢|I’a) = H HP((bts | Its,a)

t=1s=1

D
P@|a)= ][] P(6a|a)

dzl <
P(z|6)= [[{]] P(Zus | 6a)}
d=1 s=1
D S
PW | ¢,2) =[] [I PWas | ¢24,,5)
d=1 s=1

P(0,4 | o) ~ Dirichlet(a)

P(Z4s | 84) ~ Categorical(04)
P(Ii | IV} = 0, p) ~ Bernoulli(po1)
P(Ii | IV} = 1, p) ~ Bernoulli(p11)
P(¢ys | Its = 0,a) ~ Beta(ad,a})
P(¢is | Its = 1,a) ~ Beta(a?, al)
P(Wgs | ¢2,..s) ~ Bernoulli(¢.,, s)
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Notation Explanation

D total number of people in the input data

S total number of disease codes to be analyzed

T total number of topics to be inferred

d person d

s disease code s

t topic ¢

Zys topic assignment variable for disease code s for person d

Dys probability variable for disease code s in topic ¢

I, indicator variable for disease code s in topic ¢

Iy indicator variable for the parent disease code of disease
code s in topic ¢

I tcsh indicator variables for all children disease codes of disease
code s in topic ¢

04 topic weight vector for person d

Was binary disease variable for disease code s for person d

tree the fixed hierarchical structure for disease codes specified
by a disease classification system

Po1 transition probability of the Markov process on the tree
of getting an active code given an inactive parent code

P11 transition probability of the Markov process on the tree
of getting an active code given an active parent code

« parameter vector for the Dirichlet prior for 8

ad, ag parameters of the Beta prior for ¢ of inactive codes

a?, a} parameters of the Beta prior for ¢ of active codes

Table 2.1: Notations for “treeLFA”

2.2.2 Inference of treeLFA with Gibbs sampling

We use a partial collapsed Gibbs sampler [83, 136] to sample from the posterior
distributions of the latent variables of treeLFA. The topic weight variable 0 is
integrated out to achieve better mixing for the the Markov Chains, which is now
the standard method of performing Gibbs sampling for topic models. It may also
be possible to integrate out I or ¢, but we haven’t explore these options.

Derivations for the updating equations of different hidden variables are as follows:
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Topic assignment variable for disease code s for person d: Zg;

P(Zd.s = tx | Z¢;87¢917W) O(/P(st =t*9Z¢;sv¢717VV=9)d0

xP(Was | Zas = t*,¢) - /P(Bd | @) - P(Zq4 | 04)db4
F(Z "’) ap—1
=P(Was | Zas = t*,¢) - /[( k=1 O5™7)
! ‘ Hk 1F(ak) Icl_[l *
S
Hed,zds]ded
s=1

:P(st | Zgs = t*7¢) . /[

H 054%1d6,

:P(st | Zgs = tx, ¢) :

K K
F(Zkzl ak) eock—l

K dk
Hk=1 I'(ak) k=1

PO e o) Ty Tlo + car)
[T D) T(C o, (o + car))
[T, T(o + car)
T3, (ke + car))

Hk;&t* T(ar 4+ cjg)
F([Zk (o +eg)] +1)

o<-P)(‘/‘/cls | Zgs = tx, ¢) °

:P(st I st = t*7 ¢) :

‘T(aw + g +1)
Hk F(ak + Cd )

:P(st | st = t*7 ¢)
D([Y s (o + €] + 1)

- (s 4 cgi)

Was - -
oy - (1 — Brxs)' TWe - (oupn + Caix)

P(Z — = ds — 1-W, s
= T* K - (1 (i) ds . (¢ c?
( ds t Istvd),l,VV) txs ( t*s) ( + + ; )

S [oprds - (1 — ¢rs)t—Was - (ay, + c78)]

Z,'®: topic assignment variables for all disease codes except for disease code s for person d.
cgi: the total number of disease variables assigned with topic k for person d.
cj: the total number of disease variables except for disease variable s that are assigned with topic k for person d.

To sample from this categorical distribution, for each disease variable Wgs we need to calculate the numerator
¢ngs (1 — Peas) = Was - (e + cgt.) in the above equation for all topics, and then normalize them. However,
we can save time by avoiding repetitive computations. Specifically, depending on whether the disease variable
Was is zero or one, only one of ¢des and (1 — ¢gxs)~Wds needs to be calculated. Take d)WdS as an example,
when Wys = 1 we need to calculate ¢ixs - (s + Cdt*) which equals ¢ras - s + Gtas - gy, . During the
sampling of Zgs, ¢ixs + s are fixed. We can pre-calculate and cache these values for all t and s. This very
simple trick can significantly reduce the time we spend on sampling Z.
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Probability variable for disease code s in topic t: ¢

P(d)ts | ') X P(W | Z, ¢ts) . P(¢ts | a, Its)

D
o< (] 1(Zas = ) - P(Was | $10)] - P(d2s | @, 1s)
d=1

D
=[] 1(Zas =) - (1 = 1)~ W= - %] - Beta(gus | a3, at,,)
d=1

D
W, D
Lams,zgy=e ™ (1 — gy 2=t Zggme (1)

x ¢ (L= ra)Teo T h - () Tes

P(¢is | ) ~ Beta(a, + N}, af, + NY). (2.2)

Ngt: for people who have Wgs=0, the total number of them whose disease variables s are assigned with topic ¢.
N}t: for people who have Wgys=1, the total number of them whose disease variables s are assigned with topic ¢.

D

NG =Y 1(Zay =t,Was = 0).
d=1
D

NL = ZI(ZdS =1, Wy =1).
d=1

Indicator variable for disease code s in topic t: I,

P(Its =0 | ) « P(¢ra | Its = 0) - P(Its = 0 | IFY) - P(I | Is = 0)

S
pa _ypa Ich _gch
= P(¢s | Its = 0) - (1 — p11)Tts - (1 — por)'Tts) - Hpotf (1= po1)*~Tis
Ich
ts
pa _rpa ICh _gch
= Beta(¢us | ad,ad) - (1 — p12)"s - (1 = o) 1) - [ [ o - (1 = poa)*~éx".

ch
Its

1-1P*  1-1P® Ich _gch
P(Ii;s =1 | ) = Beta(d)ts | a?aai) . (p11 te * Po1 te )- letls (11— pn)l Iis,

ch
Its

(2.3)

P(I;s = 1 | -) and P(Its = 0 | -) calculated using the above equations need to be normalized such

that they sum to 1.

2.3 Model selection: evaluation of inferred topics
on the testing dataset

As was introduced in Chapter 1, there are various methods to select an optimal
value for the number of topics for treeLFA. Basically, we adopted the most widely
used way to deal with this problem, which is to evaluate the inferred topics on a
held-out testing dataset. This requires the calculation of the predictive likelihood
on the testing dataset using the topics learnt from the training data by treeLFA.
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There are a wide variety of algorithms to calculate the predictive likelihood for
topic models, and Wallach’s review has a comprehensive summary of them [92].

We didn’t comprehensively evaluate most of the available algorithms, since the
focus of our study is not to select one single best model in terms of the number
of topics. Instead, we are more interested in comparing the inference results given
by different models, and studying how the inference result change across them,
or whether the inference result is stable across models. Because of this, after
implementing and comparing a few basic and widely used algorithms, we chose a
basic one to calculate the predictive likelihood for treeLFA models. It should be
pointed out that this method might not be the most efficient one in calculating
predictive likelihood for topic models, since it is likely that there exists better
choices. However, this algorithm is easy to implement and it appears to work on
small-scaled simulated datasets (Section 2.6.2), and it also serves as the basis for
other more advanced sampling based methods (such as importance sampling based
method and bridge sampling based method [137]). In Chapter 5, the limitation of
this method and our corresponding solution will be further discussed.

2.3.1 Predictive likelihood on the testing dataset

In this section the method we used to calculate predictive likelihood on the
testing dataset for treeLFA models is introduced. We used posterior samples
of topics (¢) collected by running the Gibbs sampler on the training data to
calculate the model’s predictive likelihood on the testing data. With a testing
dataset W’ and a posterior sample of ¢, the predictive likelihood on the testing
dataset could be expressed as [138]:

D
PW' |W) =[] PW,| ¢,a)
d=1

Ideally, calculation of the predictive likelihood requires integrating out all latent
variables. Since this is analytically intractable, we used a Monte-Carlo approximation
for this integral. For topic weight variable 84, we drew P samples from its prior
distribution and use them to approximate the integral:

0% ~ Dirichlet(c)

, j ,
P(W, | ¢,0) = 5 > P(Wy | 05,6)
p=1

Conditioned on the P samples of 84, we sum out all topic assignment variables Zgs:

S K
P(W(; | 055¢’) - H[ Z P(Wésa Zgs | 057 ¢)]
s=1 Zgs=1

S K
=TI1 Y. PW,, | ¢24,.s) - P(Zas | 67)]

s=1 Zgs=1
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In summary, the predictive likelihood could be expressed as:

, D 1 P S K ,
pw W)= ] {5 AT Y. [PWy | 6z4.) - P(Zas | 6)13}} (24
d=1

p=1 s=1 Zz,=1

2.4 Learn hyperparameters of treeLFA

The choice of hyperparameters can have a large influence on the inference result.
There are three hyperparameters for treeLFA, which are vector a that parameterizes
the Dirichlet prior for topic weight vector 8, the transition probability vector p
for the Markov process on the tree structure, and parameter vector a for the Beta
priors of the probability variables of disease codes in topics.

2.4.1 Transition probabilities of the Markov process on the
tree structure

For transition probabilities p of the Markov process, we integrated the inference
of them into the overall Gibbs sampling framework by putting Beta priors on
them as follows:

P(p01) ~ Beta(boo, b01)

(2.5)
P(p11) ~ Beta(bio, b11)
And updating equations for these transition probability variables are:
P(po1 | I) ~ Beta(N7 + boo, Ny + bo1) (26)

P(p11 | I) ~ Beta(N} + bio, Ny + b11)

N{): the total number of active indicator variables in all topics that have an inactive
parent indicator variable on the tree.

Nil: the total number of active indicator variables in all topics with an active parent
indicator variable on the tree.

Ng: the total number of inactive indicator variables in all topics with an inactive parent
indicator variable.

N(:)l: the total number of inactive indicator variables in all topics with an active parent
indicator variables.

2.4.2 Beta priors for probability variables of disease codes
in topics

In topics, the probability variables ¢ for active and inactive disease codes were
given different Beta priors such that inactive codes always have probability close
to 0 while active codes have relatively large probabilities (such as probabilities in
the range of 0.1 to 1). Parameters for the two prior distributions were chosen to
meet these requirements. In Figure 2.4 we show the histograms of 10,000 samples
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drawn from Beta(0.3,80) and Beta(2,4), which are the prior distributions we chose
for the probability variable ¢ of active/inactive codes in topics. It is noteworthy
that based on our experience with simulated data, samples of ¢ for inactive codes
shouldn’t be too small compared to ¢ for active codes, otherwise the hierarchical
prior for treeLFA won’t play an important role in the inference.
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Figure 2.4: Beta priors for probabilities of codes in topics. Different Beta priors are
used for the probability variable ¢ for active/inactive codes in topics, such that active
codes have large probability, while inactive codes have negligible small probability. 10,000
samples were drawn from Beta(0.3,80) and Beta(2,4) respectively, and their histograms
were plotted.

2.4.3 Learn asymmetric Dirichlet prior for topic weight
variable

Learning hyperparameter ¢ for the Dirichlet prior of the topic weight variable
0 is not straightforward due to the lack of conjugate prior for Dirichlet distribution.
For LDA it is common to use a symmetric Dirichlet prior, which implies there
are roughly same number of words in all documents assigned with different topics.
However, the incidence of different diseases in biobanks varies largely, since there
are both rare diseases and very common ones such as essential hypertension (28.2 %
people in UKB have it). Under such condition, a symmetric Dirichlet prior may not
be appropriat, since different topics can be used at quite different frequencies. To
deal with this issue, the use of more complex Dirichlet prior for topic models have
been studied by researchers. Wallach et al advocated using asymmetric Dirichlet
prior for topic weight variables @ and symmetric prior for topics ¢, and he verified
with experiments that this strategy gave the best inference result for LDA [106].
Besides, he also suggested the use of an optimization based method to learn «
from the data, since it gave result as good as that can be achieved by employing
a more complex and time consuming full Bayesian approach.
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We used a stochastic EM algorithm, named “Gibbs-EM” to optimize a [105,
139]. The objective function of the algorithm is the marginal likelihood of the data:
P(W | o). This marginal likelihood is maximized with respect to a by alternating
between two steps. In the E-step, we fix the value of o and maximize a lower bound
of the marginal likelihood by approximating the posterior distribution of hidden
variables with G samples given by the Gibbs sampler for treeLFA:

logP(W | a) > Y P(Z | W,a) -logP(W, Z | a)

VA
1 G
1 G D
= 20 togP(Wa, Z4 | )

Q
I
=
Y
I
ey

In the above equation, hidden variables ¢, I and 0 are omitted, and only Z
is retained, since it is the only hidden variable related to the optimization of
a in the M-step.

In the M-step, we use a fixed point method to optimize a such that the
lower bound calculated in the E-step is maximised. Entries of a are optimized
one at a time:

o™t — oy - Zg Zd{‘I’(Nfl]t + at) - ‘Il(at)} )
! 29 2a{ (S + Xi(ew)) — U (34(cu))}

N gt: the total number of disease variables for person d that are assigned with topic
t in posterior sample g.
W(): the digamma function.

We made a few technical adjustments to the original Gibbs-EM algorithm.
Firstly, to speed up the computation, for the first several thousand iterations of the
Gibbs-EM algorithm we only collected one posterior sample of all hidden variables
in the E-step instead of multiple posterior samples. Then for the following hundreds
of iterations, we collected ten posterior samples of hidden variables in the E-step
so that the optimization of a in the M-step can be more accurate. Secondly, in
the E-step we always ran the Gibbs sampler for 19 burn-in iterations before we
collected one posterior sample of hidden variables. Lastly, we set a lower bound
of 0.01 and an upper bound of 5 for entries in « in the M-step to avoid numerical
underflow or overflow. This can also be understood as putting a truncated uniform
prior on a and finding its MAP estimation.

(2.8)

2.5 Validation of treeLFA with simulated data

2.5.1 Overview of the goals of simulation

With the treeLFA model developed and implemented, the next step is to
evaluate its performance with simulated data. In addition to verify that topics can
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be correctly inferred by treeLFA, we also want to investigate if the two distinguishing
features of treeLFA (the hierarchical prior for topics and the binary non-negative
matrix factorization framework) are of values to the inference. To study the role
played by the hierarchical prior for treeLFA, we built another topic model, named
“flatLFA”, and compared its performance with treeLFA. flatLFA has the same
model space as treeLFA, and the only difference is that it uses an non-informative
prior for topics. In addition to flatLFA, we also included LDA for comparison,
whose model configuration are different from treeLFA and flatLFA. By comparing
the three models on various datasets, we figured out the situations in which each
of them give the best performance.

In addition to the basic inference algorithm (Gibbs sampling for the hidden
variables) for treeLFA, the model selection and hyperparameter learning algorithm
(Gibbs-EM) are also validated. Lastly, we also aim to test the robustness of treeLFA
from different perspectives, including the robustness of treeLFA to mis-specified
hierarchical structure of disease codes and wrongly specified number of topics, as
well as the behavior of treeLFA when the occurrences of diseases are completely
independent (equivalent to input data generated with single code topics).

2.5.2 Simulation of input datasets

To generate input datasets, we firstly built a tree structure for 20 diseases
codes (Figure 2.5). This tree structure has three layers. In the first layer there
is only an inactive root node; the second layer has five nodes, and each of them
has three children nodes in the third layer.

@

O root-node

@ @ ® @ ® | B active code

O inactive code

000000 0BBGHOBOY

Figure 2.5: The tree structure of 20 disease codes for simulation. The 3-layered tree
structure describes the hierarchical relationship of 20 disease codes. The first layer only
has a root node. Each node in the second layer has three children nodes in the third layer.
The red color highlights active codes in a topic.

With the tree structure, the next step is to generate topics of disease codes.
Before introducing the topics we used to simulate the input data for the three topic
models (treeLFA, flatLFA and LDA), it is necessary to discuss the relationship
between the Markov process on the tree and the structure of topics (the total

DRAFT Printed on October 19, 2022



2. Development and validation of treeL FA 51

number and distribution of active codes in topics), since this is closely related
to what kind of topics we should use for simulation, and how should we choose
reasonable hyperparameters for the model.

A Markov process on the tree structure is used to generate indicator variables
for disease codes in topics, thus the two transition probabilities of the Markov
process, po1 and pi1, controls the structure of topics. Choosing small values for
both po1 and py1 give rise to very sparse topics (because most of the indicators will
be inactive), while large values for both generate very dense topics. In addition,
p11 also controls the distribution of active codes in topics. With a large p11, most
children codes of an active parent code will also be active. As a result, active codes
will form clusters on different branches of the tree. On the other hand, if pq; is
small, active codes will be sporadically scattered across the whole tree. For our
simulation, we preferred to use topics that are likely to be generated by a Markov
process with small pg; and large py;. This is because for one thing we believe in the
real world most topics of disease codes should be sparse (thus we chose small pg1),
and for another thing we also think it should be more likely for disease codes close
to each other on the tree to be active in the same topic (thus we chose large p11).

For our simulation, we manually built two sets of topics. The first set of topics
are in line with the Markov process with small pg; and large p;; on the tree
structure, while the second set of topics are against this Markov process on the tree
structure. The first set of topics is used to test if knowing the tree structure of codes
improves the inference of treeLFA, and the second set of topics is used to test the
robustness of treeLFA when the tree structure is wrong. We chose to manually built
topics instead of directly simulating them using the generative process of treeLFA
and the tree structure. The reason was that based on our experience, it was hard
to generate topics with strong structure when there were only limited number of
disease codes (20 codes in our case). Without strong structure for topics, it would
be difficult to differentiate the performance of different topic models.

Figure 2.6A shows the first set of topics. Among the four topics, the first three
contain four active codes which are from the same branches of the tree, and the
last topic contains eight active codes coming from two branches of tree (Figure
2.5). In this way, the last topic has a different level of sparsity compared to the
first three topics. As was mentioned, these topics are likely to be generated using a
Markov process with small pg; and large p;1 on the tree structure. On the contrary,
the second set of topics were against the tree structure (Figure 2.6B). They were
constructed by switching some active codes between neighbouring topics in Figure
2.6A. As a result, in these topics all children codes of an active parent code are
inactive, while inactive parent codes only have active children codes.

With the manually built topics, input datasets were then simulated for the
topic models to be evaluated using the generative process of treeLFA. Training
and testing datasets of the same size were simulated. To evaluate the topic models
in different situations, multiple groups of datasets were generated using different
combinations of two hyperparameters: a for the Dirichlet prior for topic weights
6 and the number of people D in the training and testing datasets.

For the first set of topics, we simulated four groups of datasets using both small
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Figure 2.6: Two sets of topics used for simulation. In the heatmap each column is a
topic, and each row is a disease code. The 20 codes are numbered /named in the same way
as the nodes on the tree in Figure 2.2. The first five codes correspond to the five nodes
on the second layer of the tree (internal nodes) in Figure 2.2. Color of cells represent
probabilities of codes in topics. A, Topics that are in line with a Markov process with
small pg1 and large p11 on the tree structure. B, Topics that are against a Markov process
with small pg1 and large p11 on the tree structure.

Dataset D « Tree structure
1 2500 1 correct

2 5000 1 correct

3 300 0.1 correct

4 1000 0.1 correct

5] 2500 1 incorrect

6 5000 1 incorrect

7 300 0.1 incorrect

8 100 0.1 incorrect

Table 2.2: hyperparameter setting for simulated datasets

and large values for a and D. A large value for a means multiple topics have
non-small weights for the same person, thus multiple topics will be assigned to
non-small numbers of different disease codes for the person. By contrast, a small
value for a means most disease codes for the same person will be assigned with the
same dominant topic. It is obvious that a large value for a makes the inference
difficult. As a result, datasets simulated using large a require large D for the
inference of topic models to work. For the second sets of topics, we also simulated
four groups of datasets using the same hyperparameters. Table 2.2 summarizes
the choice of hyperparameters for different groups of datasets:

2.5.3 Method for validation of treeLFA with simulated data

Comparison of the three related topic models

Three topic models were evaluated and compared using the simulated datasets,
which are treeLFA, flatLFA and LDA. flatLFA has the same model space as treeLFA.
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The only difference between treeLFA and flatLFA is their tree structure (Figure
2.7). flatLFA uses a non-informative tree structure for topics, in which all codes are
placed parallelly under the root node. This tree structure contains no information
about the relationship of the disease codes. For treeLFA and flatLFA, we used
different Beta priors for the transition probability variable p on the Markov process,
such that the expected number of active codes in topics generated with the tree
structure for the two models are the same. In summary, any difference in the
inference results for treeLFA and flatLFA can only be caused by the prior knowledge
about topic structure we encoded in treeLFA’s hierarchical prior.

In addition to flatLFA, we also included the standard LDA for comparison to
evaluate the influence of model configuration on the inference. As was discussed
in chapter 1, LDA is designed for count data and uses multinomial distributions
for topics instead of Bernoulli distributions.

A @ B. ®
@ ©
@O0

Figure 2.7: Schematics for the tree structure used by treeLFA and flatLFA. treeLFA
uses an informative tree structure, on which certain disease codes are more close to each
other compared to other codes. flatLFA uses a non-informative tree structure, in which
all disease codes are placed in parallel under the root node.

To evaluate the performance of the three topic models, we used two types
of metrics. The first metric was the predictive likelihood on the testing dataset
for different models; The second metric was the inference accuracy, which means
the difference of inferred and true hidden variables (topics). For both ¢ and I
we used the averaged per disease difference of true and inferred probability in
topics to measure the inference accuracy:
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Implementation of the three topic models

LDA was implemented using the R package “topicmodels”, and treeLFA and
flatLFA were implemented by ourselves with the R package “RcppParallel” and
“Repp”. For the hypeparameters of the model, we provided the true value of a to
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train the three models. Beta priors used for the probabilities of active and inactive
disease codes in topics were Beta(2,4) and Beta(0.3,80). These values were chosen
empirically to ensure a good performance for both treeLFA and flatLFA. The Beta
priors used for the transition probability pg; and p;; on the tree structure for
treeLFA were Beta(4.8,20) and Beta(20,4.8). For flatLFA only po1 would be used,
and its prior was Beta(7,20). These Beta priors approximately resulted in the same
expected number of active codes in topics generated by the corresponding Markov
processes for the two models. For LDA we tried a few different values for n (0.01,
0.1, 1), which was the Dirichlet prior for topics. We found that with 7 = 0.01
LDA had the best performance, so we used this value.

For topics of treeLFA and flatLFA, we initialized all indicator variable I as
0, and then initialized all probability variable ¢ via simulating from the Beta
prior for inactive disease codes. All topic assignment variable Z were initialized
randomly. @ were not initialized because they were integrated out during the
collapsed Gibbs sampling.

On each dataset, ten Gibbs chains were trained for each model, and 50 posterior
samples were collected from each Gibbs chain after 15,000 burn-in iterations. Chains
for the same model were initialized randomly. We evaluated the accuracy of each
posterior sample of topics from each chain, and then combined the statistics for
all posterior samples as the final accuracy score for a model. The order of inferred
topics in different posterior samples are not guaranteed to be the same. To compare
the inferred and true topics, we used the true topics as template and realigned
inferred topics to true topics one after another.

2.5.4 Result for validation and comparison of three related
topic models

Result on datasets simulated using correct tree structure

Performance of treeFA, flatLFA and LDA on the four groups of datasets simulated
using the correct tree structure were compared. In Figure 5.1, traceplots for all ten
treeLFA chains on one dataset in each group were shown. The burn-in stage was
short, and the mixing was good for all chains. In Figure 2.9 and Figure 2.10 the
inference accuracy was evaluated in terms of the probability variable ¢ and the
indicator variables I in topics respectively. treeLFA achieved accurate inference
of topics on all four datasets. On datasets simulated using large a and small D
(the most difficult group of datasets), 98.6 % of the I in topics were correctly
inferred, compared to 90 % for flatLFA. On the contrary, flatLFA and LDA only
gave inference accuracy comparable to treeLFA on certain datasets. LDA had
good performance on datasets simulated using small & (e« = 0.1) (Figure 2.9C-D).
On datasets simulated using large o, LDA’s performance was much worse than
the other two models (Figure 2.9A-B). As for flatLFA, it had significantly inferior
performance than treeLFA on the two datasets simulated using small D (Figure
2.9A and C). As the size of the training data increased, the performance of treeLFA
and flatLFA became very similar (Figure 2.9B and D).

In addition to measuring the inference accuracy on the training data, we also used
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testing datasets to evaluate the generalization ability of inferred topics. For both
treeFLA and flatLFA, we calculated their predictive likelihood on the corresponding
testing data. On each dataset, the predictive likelihood calculated using different
posterior samples of topics from different chains was averaged, and the per individual
ratio of likelihood given by treeLFA and flatLFA was shown in Figure 2.11. On all
four groups of datasets, the predictive likelihood given by treeLFA was larger than
that for flatLFA. Furthermore, on the two groups of datasets simulated with small
D (group 1 and 3 in Figure 2.11), the ratio was larger compared to the other two
groups of datasets simulated using large D (group 2 and 4 in Figure 2.11).
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Figure 2.8: Traceplots for all ten treeLFA chains on one dataset from each group were
shown. The log-likelihood was plotted against the Gibbs sampling iterations. A, Result
for the first dataset simulated using &« = 1 and D = 2500. B, Result for the first dataset
simulated using & = 1 and D = 5000. C, Result for the first dataset simulated using
a = 0.1 and D = 300. D, Result for the first dataset simulated using &« = 0.1 and
D = 1000.

Result on datasets simulated using wrong tree structure

To test the performance of treeLFA when the tree structure is incorrect, another
four groups of input datasets were simulated using topics that are unlikely to be
generated using a Markov process with small pg; and large p;1 on the tree structure.

Overall, on the second set of datasets, the performance of the three models was
similar to each other (Figure 2.12). On all four groups of dataset, the difference
in the inference accuracy given by treeLFA and flatLFA was insignificant. The
performance of LDA was still significantly different from that for treeLFA and
flatLFA, but the absolute difference was much smaller than that on the first
set of datasets (Figure 2.9).

By comparing the performance of the three models across the two sets of
datasets (Figures 2.9 and 2.12), we see that in general flatLFA and LDA gave
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Figure 2.9: Comparison of the inference accuracy for the three topic models on four
groups of simulated datasets. Each point in these figures represents the result averaged
from ten Gibbs chains for one model on one dataset. The inference accuracy is measured
with the averaged per disease difference in probability between true and inferred topics. A,
Result on the 20 datasets simulated using @ = 1 and D = 2500. B, Result on datasets
simulated using a = 1 and D = 5000. C, Result on datasets simulated using o = 0.1
and D = 300. D, Result on datasets simulated using @ = 0.1 and D = 1000.

similar performance on the two sets of datasets (datasets simulated using the same
a and D, but correct or incorrect tree structure). For instance, for flatLFA the
difference between true and inferred topics per disease was 1.96 £ 0.72 in Figure
2.9A and 1.78 4 0.62 in Figure 2.12A. These were within our expectation since
flatLDA and LDA did not use the tree structure of disease codes. Due to the use of a
misleading prior for topics, treeLFA failed to correctly infer the true topics as before
(the averaged per disease difference of probability increased from 0.94 4 0.34 to
2.11 4 0.73). However, with a large enough training data (Figure 2.12B), treeLFA
and flatLFA again had the same level of performance. This indicated that with
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Figure 2.10: Comparison of the proportions of correctly inferred indicator variables for
the three topic models on four groups of simulated datasets. A, Result on 20 datasets
simulated using @ = 1 and D = 2500. B, Result on datasets simulated using @ = 1 and
D = 5000. C, Result on datasets simulated using a« = 0.1 and D = 300. D, Result on
datasets simulated using a« = 0.1 and D = 1000.

enough training data, the wrong prior for topics can be overrode.

To assess the magnitude of gain and loss in terms of the inference accuracy with
the use of correct and wrong tree structure, the difference between the performance
of treeLFA and flatLFA were compared across the two sets of simulated datasets
(datasets simulated using correct and incorrect tree structure). As can be seen
in Figure 2.13A (datasets simulated using @« = 1 and D = 2500), when the
tree structure was correct, treeLFA gave much better result than flatLFA. The
difference between true and inferred topics (@girs) for treeLFA is much smaller
than that for flatFLA (0.94 £ 0.34 for treeLFA, 1.96 £ 0.72 for flatLFA). On
the other hand, when the tree structure was incorrect, flatLFA only gave slightly
better result than treeLFA. Similar results can be seen in Figure 2.13B (result on
datasets simulated using @ = 0.1 and D = 300).
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Figure 2.11: Ratio of averaged predictive likelihood per individual in the testing dataset
given by treeLFA and flatLFA. The predictive likelihood on different groups of testing
datasets was calculated using the topics inferred by treeLFA and flatLFA from the
corresponding training datasets. Each point in the plot represents the averaged per
individual ratio of likelihood given by the two models on one dataset. There are four
groups of datasets in total, and each group contains 20 different datasets. A, Result on
the 20 datasets simulated using @ = 1 and D = 2500. B, Result on datasets simulated
using @ = 1 and D = 5000. C, Result on datasets simulated using o« = 0.1 and
D = 300. D, Result on datasets simulated using @« = 0.1 and D = 1000.

2.6 Validation of the model selection algorithm
for treeLFA

2.6.1 Method for validation of the model selection algorithm

For treeL.FA, the model selection (the selection of number of topics to be inferred)
was done by training multiple models with different numbers of topics and then
comparing their predictive likelihood on the testing dataset. Previous simulated
datasets were used again to test if the model selection algorithm is able to pick out
the best model (if the model with four topics give the largest predictive likelihood
on the testing dataset). For the two groups of datasets simulated using large D
(D = 1000 for a« = 0.1; D = 5000 for a« = 1) and correct tree structure, we
trained nine treeLFA models set with 2-10 topics on five datasets in each group.
Ten Gibbs chains were trained for each model on each dataset and 50 posterior
samples were collected from each chain. Then the averaged predictive likelihood
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Figure 2.12: Performance of three topic models on datasets simulated using a wrong
tree structure. The datasets were simulated using topics whose structure are against the
previously used Markov process on the tree. A, Difference between true and inferred topics
for three topic models on datasets simulated using a« = 1 and D = 2500. B, Result on
datasets simulated using @« = 1 and D = 5000. C, Result on datasets simulated using
a = 0.1 and D = 300. D, Result on datasets simulated using e = 0.1 and D = 1000.

were calculated using all posterior samples from all the ten chains. Hyperparameters
for treeLFA were the same as those used for validation in section 2.5.

2.6.2 Result for validation of the model selection algorithm

Figure 2.14 shows the predictive likelihood for treeLFA models with different
number of topics (2-9 topics) on five simulated datasets in each group (results for
all chains are shown). It can be seen that in general the model selection algorithm
works well. On all five datasets simulated using @ = 1 (Figure 2.14A) and three
datasets simulated with o = 0.1 (Figure 2.14B), the treeLFA model with four
topics gave the largest predictive likelihood on the testing dataset. On the other
two datasets simulated using a = 0.1, the treeLFA model with five topics gave the
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Figure 2.13: Relative gain and loss of inference accuracy with correct and wrong
tree structure used for treeLFA. The inference accuracy for treeLFA and flatLFA were
compared across two groups of datasets simulated using correct and wrong tree structure
and the same hyperparameters. Inference accuracy was measured using the difference
between the true and inferred topics (¢aifs), and the relative gain and loss of inference
accuracy for treeLFA over flatLFA was calculated as:qbﬂ‘;thFA — ¢fi7;‘]iefLF A A, Result on
datasets simulated using @ = 1 and D = 2500. B, Result on datasets simulated using
a = 0.1 and D = 300.

largest predictive likelihood (Figure 2.14B). The difference of predictive likelihood
given by the models with four and five topics was very small. Figure 2.15 shows
one posterior sample of the inferred topics given by the treeLFA model with five
topics. As can be seen, one of the five learnt topics was an “empty” topic with no
active codes, and the other four topics were exactly the four true topics.

2.7 Combining inference results given by different
Gibbs chains

For inference done with Gibbs sampling it is routine to train multiple chains and
use multiple posterior samples of hidden variables from these chains (for instance,
take the average of multiple posterior samples as a point estimate of hidden variables).
This is not trivial to do for some models because of the non-identifiability issue.
For Bayesian models under symmetric priors, the posterior distributions of hidden
variables are invariant to the permutation of their labels. Take topic models as an
example, the order of topics in different posterior samples can be different, which
means taking their average directly can result in significant error.

An easy way to tackle this problem is to mix multiple posterior samples of
different topics together, and cluster them before taking the average within each
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Figure 2.14: Model selection for treeLFA. treeLFA models with 2-10 topics were trained
on two groups of datasets simulated using large D, and their corresponding predictive
likelihood on the testing dataset were calculated. The log-predictive likelihood was
normalized such that the largest predictive likelihood for all models on the same dataset
is always 0. A, Results on datasets simulated using &« = 1 and D = 5000. B, Results on
datasets simulated using @« = 0.1 and D = 1000.
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Figure 2.15: Inferred topics given by the treeLFA model with five topics. On some
simulated datasets the treeLFA model with five topics had larger predictive likelihood
than the treeLFA model with four topics (the correct number of topics). The topics
inferred by the treeLFA model with five topics on one of these datasets were checked. A,
One posterior sample of the topics inferred by the treeLFA model with five topics. B,
One posterior sample of indicator variables for topics inferred by the treeLFA model with
five topics. C, The four true topics used to simulated the input data.

cluster [93]. In theory, topics with the same label/identity coming from different
chains or posterior samples would be put into the same cluster, regardless of the
original order of topics in different posterior samples from different chains.
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We used the Louvain clustering algorithm [140] implemented in the R package
“igraph” to cluster posterior samples of topics from all Gibbs chains. To visualize
the clustering result directly, tSNE (t-distributed stochastic neighbor embedding,
a dimension reduction algorithm) was firstly applied to topics to reduce their
dimension from 20 to 2. Then posterior samples of topics from all chains trained
on a dataset simulated using @ = 1 and D = 2500 were plotted in Figure
2.16. Four distinct clusters of topics could be seen, and each cluster of topics
was composed of posterior samples from all the ten Gibbs chains, indicating a
consensus reached by the ten Gibbs chains.
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Figure 2.16: Clustering and visualization of posterior samples of topics. Posterior
samples of topics from ten Gibbs chains (500 posterior samples of all topics in total) were
put together. The Louvain algorithm was used to cluster these topics. tSNE was used for
dimension reduction of topics before the visualization of all posterior samples of topics in
a 2D plot. Each point in the plot corresponds to one posterior sample of one topic. A,
Topics were colored according to their assigned clusters. B, Topics were colored according
to the Gibbs chains they come from.

2.7.1 Robustness of inference result to the number of topics

As was discussed in the previous section, by clustering posterior samples of
topics we can combine the inference results given by different Gibbs chains. In
addition, clustering of topics should also enable us to combine duplicated topics. In
reality, the optimal number of topics to be learnt is usually not known. As a result,
if the number of topics set for the model is more than the model’s actual need,
duplicated topics might be learnt from the data. However, all the duplicated topics
will be put into the same cluster during the clustering process. And after taking the
average for each cluster, duplicated topics will be transformed into a single topic.

On one simulated dataset used in the previous section, we trained ten Gibbs
chains for the treeLFA model set with ten topics instead of four (the correct number
of topics). Figure 2.17A shows one posterior sample of the ten topics learnt from
the data. Although some topics closely resemble the true topics, there are also
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spurious/incorrect topics. Besides, more than one learnt topics are empty topics
with no active codes in them. However, if we applied the clustering procedure onto
all posterior samples of topics, we got five distinct averaged topics in total (Figure
2.17B), including one empty topic and the four correctly inferred topics.
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Figure 2.17: Combining the inference results from multiple chains increase the robustness
of treeLFA to the number of topics. treeLFA model with ten topics were trained on the
input data simulated using four topics. A, One posterior sample of topics given by the
treeLFA model with ten topics. B, Five averaged inferred topics obtained by combining
the results of ten Gibbs chains through clustering posterior samples of topics. C, Four
true topics used to simulated the input data.

2.8 Validation of the hyperparameter learning
algorithm for treeLFA

As was discussed in the previous sections, for treeLFA there are three types of
hyperparamters, including the Dirichlet prior a for topic weight variable 0, the
transition probabilities of the Markov process on the tree structure (pgp and pio),
and the parameters of the Beta priors for probability variable ¢p. Among them, the
learning of a is the most difficult one, and we adopted and modified the Gibbs-EM
algorithm proposed by Minka, et al. [105] to do this. The goal of this section is to
test the ability of the Gibbs-EM algorithm to learn different types of .

2.8.1 Method for validation of the Gibbs-EM algorithm

To validate the Gibbs-EM algorithm, three groups of datasets were simulated
using three different a. Among them, the first two a vectors were symmetric
(¢ = (1,1,1,1) and « = (0.1,0.1,0.1,0.1)), and the third a vector was
asymmetric (¢ = (1,0.1,0.1,0.1)). The topics used for simulation and the
choices of other parameters were same as the previous validations. The three groups
of simulated datasets here were larger than the previous ones (D = 5000 for
a = (0.1,0.1,0.1,0.1); D = 10000 for & = (1,1,1,1); D = 10000 for
a = (1,0.1,0.1,0.1)), since doing inference of the hidden variables and learning
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hyperparameters at the same time was more difficult than doing inference alone
with the correct hyperparameters provided, therefore required more training data.
For each «, ten datasets were simulated, and ten Gibbs chains were trained for
treeLFA on each dataset. For all the three groups of datasets, a was initialized as
(1,1,1,1). Both pgo and pyo were initialized as 0.5, and reasonable Beta priors
(Beta(4,20) and Beta(20,4)) were put on them.

Two stages of training with the Gibbs-EM algorithm were implemented. In the
first stage (the first 2000 iterations) only one sample of the hidden variables were
collected in the E-step for the optimization of a in the M-step; In the second stage
(the 200 iterations following the first stage), ten samples of hidden variables were
collected in the E-step. One posterior sample of topics and a were taken every ten
iterations in the second training stage, thus in total 20 posterior samples of topics
and a were taken for the evaluation of the inference accuracy.

Posterior samples of topics from different chains were mixed and clustered as
before. Within the same posterior sample of hidden variables, topics and the
entries in the a vector had one-to-one correspondence, so we also put entries of
different a vectors into the corresponding clusters based on the clustering result
for topics. In another word, we also clustered entries in the learnt a vectors given
by different chains. Mean was then taken for each cluster of topics and entries
of a, and inferred topics and a were compared to the true ones to evaluate the
performance of the Gibbs-EM algorithm.

2.8.2 Result for validation of the Gibbs-EM algorithm

The inference accuracy of treeLFA models trained with the Gibbs-EM algorithm
was evaluated in the same way as before. The per disease difference in probability
between true and inferred topics are 0.34 4= 0.04, 0.51 4= 0.09 and 0.59 =+ 0.08 for
the three groups of datasets, indicating the inference of topics were accurate (with
previous validation results used as reference). In Figure 2.18 the averaged a learnt
by the Gibbs-EM algorithm for each dataset in each group were plotted. The exact
value of each entry in the learnt ¢ vector are shown in the heatmap. The true «
for the first group of datasets is (0.1,0.1,0.1,0.1). Although the entries in the
learnt @ were always smaller than the true values, we can see that on all datasets
the Gibbs-EM algorithm figured out that the true a should be a symmetric vector
and entries in it should be small. In Figure 2.18B, entries in the learnt o were also
smaller than the true values (1,1,1,1). Yet as the result for the first group of
datasets, learnt values for entries of a still fell in the reasonable range. In Figure
2.18C the true o was a asymmetric vector (1,0.1,0.1,0.1). The learnt « vectors
maintained the ratio of the large and other small entries in the true a. Overall,
these results demonstrate that Gibbs-EM is reliable in learning both symmetric
and asymmetric hyperparamter « for the Dirichlet prior for topic weights.
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Figure 2.18: « learnt by the Gibbs-EM algorithm for treeLFA on simulated datasets.
Three groups of datasets were simulated using different a, and each group contains ten
different datasets. On each dataset ten Gibbs chains were trained, and the averaged learnt
a was calculated using the results given by the ten chains. In each heatmap, each row
corresponds to a dataset and each cell corresponds to an entry in the learnt « for this
dataset. Entries in all o vectors were re-aligned according to their corresponding inferred
topics, using the true topics as template. A, Results on the first group of datasets for
which the true a is (0.1,0.1,0.1,0.1). B, Results on the second group of datasets for
which the true e is (1,1,1,1). C, Result on the third group of datasets for which the
true « is (1,0.1,0.1,0.1).

2.9 Learn topics with single active code

2.9.1 Motivations for studying topics with single active code

Topic models have been used for decades to learn topics of documents based
on the co-occurrence of words in them. In this study, our aim is to learn topics
of diseases. Words are basic units of language, and they always need to be used
together to form sentences. However, a disease is much more complex than a word,
and almost every disease has its own unique pathological mechanism. This means
it may not always make sense to force single diseases to be grouped into topics.
Considering this, we want to test whether treeLFA can put independently occurred
diseases into separate topics. A straightforward way to do this is to simulate input
data for treeLFA using topics which only contain a single active disease.

2.9.2 Method for testing treeLFA on data simulated using
single code topics

We built 20 topics for 20 disease codes, and each topic contains one different
active code (Figure 2.19). One input dataset was simulated using these topics, and
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66 2.9. Learn topics with single active code

treeLFA model with 20 topics was trained using the Gibbs-EM algorithm. Two
different sets of Beta priors were used for the transition probabilities of the Markov
process on the tree structure, since it was likely that the structure of inferred topics
would be strongly influenced by the prior when there was no strong pattern in the
data. The first set of Beta priors for p was the ones we had been using thus far,
which were Beta(4,20) and Beta(20,4) for pop and p1o. For data simulated using
single code topics, this prior was inappropriate because it favored multiple active
codes in the same branch of the tree. In another word, this prior did not favor very
sparse topics like single code topics. The second set of prior for p were Beta(4,20)
and Beta(4,20) for pgo and p1g, which strongly favored very sparse topics. This
was because for one thing it was difficult to get an active code given an inactive
parent code (because of the large pgo), and for another thing it was also difficult
to get an active child code conditioned on an active parent code (because of the
large p10). As before, ten Gibbs chains were trained for each set of Beta priors.
After training, posterior samples of topics from all chains were mixed and clustered,
and then the average was taken for each cluster.

S NWHA OO N O

1234567 891011121314151617181920
topics

Figure 2.19: Topics used for simulation to test the ability of treeLFA in learning single
code topics.

2.9.3 Result for testing treeLFA on data simulated using
single code topics

Figure 2.20 shows the averaged inferred topics for treeLFA using the two sets of
Beta priors for p. In Figure 2.20A we see seven distinct clusters of topics. Among
them one topic is empty, and one topic only contains a single active code. Most of
the remaining topics contain four active codes, and the distribution of active codes in
these topics completely follows the tree structure of codes (Figure 2.5). This suggests
the prior for topics played an decisive role in the inference. On the contrary, in
Figure 2.20B we see 20 clusters of inferred topics given by treeLFA using the second
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Hidden Computational
variable time

14 0.001

1 0.019

a 4.328

[0 4.463

Z 10.858

Table 2.3: Time spent on sampling different hidden variables once for the full dataset.

set of Beta priors for p, which favors very sparse topics. Most of these topics contain
only one active code, which means true topics were successfully inferred by treeLFA.

diseases
diseases
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Figure 2.20: Averaged inferred topics given by treeLFA models using different Beta
priors for the transition probabilities p of the Markov process on the tree. A, Topics

inferred by treeLFA using Beta(4,20) and Beta(20,4) for pgo and p1o. B, Topics inferred
by treeLFA using Beta(4,20) and Beta(4,20) for poo and p1o.

2.10 Scalability of treeLFA

The targeted data for treeLFA is the phenotypic dataset in biobanks. On such
large-scale datasets, the scalability of the inference algorithm is important. The
collapsed Gibbs sampling for treeLFA is composed of the sampling steps for different
hidden variables (¢, I, Z, p). Since treeLFA is to be applied onto the population
based biobank datasets (contain hundreds of thousands of individuals), the rate-
limiting step would be the sampling of Z (topic assignment variable), whose number
will be several orders of magnitude larger than other hidden variables. Besides,
sampling ¢ involves checking the topic assignments of all disease variables for all
individuals, which is also time-consuming. In Table 2.3 the relative time (the shortest
time was set to be 1) spent on updating different hidden variables for one iteration on
a large dataset (436 diseases and 400,000 people, 50 topics for the model) is shown.

As can be seen, on a biobank scale dataset most computational time was spent
on sampling Z and ¢. Although updating a also takes long, for the Gibbs-EM
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algorithm o will only be updated once after 20 iterations of sampling of Z,p,¢ and
I, which makes its contribution to the total computational time non-significant.

In theory, the total computational time will roughly be linearly proportional
to the number of people in the dataset (D), and the number of diseases to be
analyzed (.5), since sampling Z and ¢ both require going through each disease
variable for each individual. The relationship between the number of topics (K)
and the total computational time is not obvious. K will undoubtedly be linearly
proportional to the time spent on sampling ¢. As for the time spent on Z, with
more topics more time will be needed to define the categorical distribution for Z
and sample Z. In Figure 2.21 we checked the influence of each parameter (D,
S, K) on the total computational time by training treeLFA using the Gibbs-EM
algorithm, with only one parameter varied each time. It can be seen that the
computational time increased linearly as we increased each of the parameters when
analysing a biobank-scale dataset.

time
time
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Figure 2.21: Relationship between the computational time and three parameters of
treeLFA. The influence of the number of people, disease codes and topics on the total
computational time spent on running Gibbs-EM for two iterations without optimizing
a were plotted. A, The relationship between the number of disease codes and the
computational time. B, Result for the number of people in the training dataset. C, Result
for the number of topics to be inferred.

2.11 Discussion

In this chapter we developed a new topic model named treeLFA, which can be
used to learn topics of binary variables. The motivation in doing this is to build
a topic model that is better than available ones to analyze large scale phenotypic
datasets in biobanks, such as the Hospital Episode Statistics (HES) data in UKB.
There were two main features we added on this model. Firstly, we wanted it to be
specifically adapted to binary input data. Secondly, we wanted to incorporate a prior
for the structure of topics based on our current understanding of the relationship
of diseases. To realize the first goal, we developed treeLFA on the basis of BNMF
instead of the more commonly used LDA. The fundamental difference between
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treeLFA and LDA is that instead of using multinomial distributions to model the
occurrences of diseases (LDA), the status of all diseases for all individuals are
modelled with Bernoulli distributions by treeLFA. As a result, a topic inferred
by treeLFA is a sequence of Bernoulli distributions for all diseases, while a topic
inferred by LDA is a multinomial distribution over all diseases. The basic motivation
for using a different model configuration is to model the input data as what it is
(a binary matrix). Since LDA is designed for count data, in which the number of
times each word in the vocabulary appears in a document is used for inference, it
is not entirely appropriate for analyzing binary input data, though it has already
been widely used in doing so. In addition, the model configuration for treeLFA also
makes it easier to construct an informative prior for topics based on the hierarchical
medical ontology. Besides, as shall be seen in Chapter 4, it also makes individuals’
inferred topic weights independent with each other, instead of being negatively
correlated (the case for LDA), which is beneficial to the downstream analyses.

To incorporate a hierarchical prior for topics based on a disease classification
system, we used a Markov process on the fixed hierarchical structure of diseases
dictated by the disease classification system to generate indicators for all diseases
in a topic. These indicators denote which diseases are active (having large non-
negligible probability) in a topic. By choosing specific values for the two transition
probabilities of this Markov process, we encourage diseases that are close on the
tree structure (sit on the same branch of the tree) to be co-active in the same topic.

After developing treeLFA, we undertook extensive validations for the new model
using various simulated datasets. By comparing the performance of three related
topic models (treeLFA, flatLFA and LDA) on these simulated datasets, we verified
the unique values for both the hierarchical prior for topics as well as the unique model
configuration of treeLFA (based on Bayesian non-negative matrix factorization).
In Section 2.5.4 we see that when the training data is small, treeLFA has large
advantage against flatLFA and standard LDA, because of the additional information
contained in the prior for topics. This is reflected by both the inference accuracy
on the training data as well as the generalization ability of topics to the testing
data. Besides, when « is large, which means multiple topics make non-negligible
contributions to the generation of words in documents, both treeLFA and flatLFA
have apparent advantages over LDA. Currently the reason behind this observation
is not entirely clear. It may be possible that the prior for topics used by treeLFA
(hierarchical prior) and flatLFA (flat prior) have more flexibility than the symmetric
Dirichlet prior used by LDA. The topics we used for simulation have different levels
of sparsity (total number of active codes), and this may partly explain why flatLFA
also outperformed LDA on some datasets. On datasets simulated using topics that
are against the tree structure, we found that treeLFA didn’t give much inferior
result compared to flatLFA. In summary, this means that the gain in inference
accuracy for treeLFA over flatLFA given the correct tree structure is much larger
than the loss of inference accuracy given a wrong tree structure.

To obtain more reliable inference result, we proposed a simple method to combine
the results given by multiple Gibbs chains by clustering all posterior samples from
all chains. We discovered that this method increases the robustness of treeLFA to
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the number of topics set for them. After clustering, duplicated topics were put into
the same cluster, and spurious topics were merged into the major clusters of topics
and then cancelled out by taking the average for each cluster, since major patterns
(true topics) in theory should be captured by many posterior samples, while spurious
patterns are unstable and of diverse forms. This to some extent lessens the burden
of the model selection problem for topic models, which is computationally expensive
since it involves training models with different numbers of topics and comparing
their performance in some way. In summary, by removing duplicated topics and
diluting wrongly inferred topics with clustering and averaging, treeLFA become
more robust to the number of topics as long as enough topics are set for the model.

In addition to validating the basic inference algorithm for treeLFA, we also
tested the model selection algorithm for treeLFA and the hyperparameter learning
algorithm (Gibbs-EM algorithm), since both algorithms are important for the
application of treeLFA on complex real-world data. We got reassuring results for
both tests. For the model selection algorithm, sometimes the treeLFA model with
one more topic than the number of true topics gave the best performance. We
observed that when this happened, usually the one extra inferred topic was an empty
topic with no active codes. This is in fact a property of treeLFA, that the algorithm
tend to learn empty topic with no active codes. The basis for this property is that
treeLFA doesn’t force topics to be multinomial distributions over all words in the
vocabulary as LDA, thus the probabilities of all diseases in a topic don’t need to
sum to 1. Besides, the empty topic has the highest level of sparsity, thus they also
have relatively high likelihood conditioned on the Markov process we used (Markov
process with large poo and small p1g). Overall, this doesn’t affect the major inference
result, since important patterns in data will still be captured by non-empty topics.

In the final section of this Chapter, we carried out an additional analysis, which
evaluated the performance of treeLFA on datasets simulated using topics with one
single active code. We found that on such dataset, the transition probabilities of
the Markov process played an large role. With transition probabilities supporting
active codes in a topic to be in the same branch of the tree structure, the learnt
topics also entirely follow the tree structure. With transition probabilities favoring
very sparse topics, true single active code topics were learnt. This behaviour of
treeLFA is acceptable to us, since it means that if the occurrences of diseases are
independent and no pattern exists in the data, the algorithm will simply re-construct
the original tree structure of diseases in the inferred topics, instead of learning
meaningless and misleading topics of diseases.

Overall, the validation results in this chapter indicate that treeLFA is a reliable
topic model for binary input data with its own unique strength, and is ready to
be used on large-scale biobank datasets. In the next four chapters, we will apply
treeLFA onto the HES dataset in UKB to infer topics of common diseases (multi-
morbidity clusters), and carry out various downstream analyses on the basis of
the inference of treeLFA. A major emphasis will be put on studying the genetic
associations of multi-morbidity clusters.
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3.1 Overview of the chapter

After developing the treeLFA model and validating it using simulation, in this
chapter we apply the model to the hospital episode statistic (HES) data from the
UK Biobank (UKB), which is coded using the ICD-10 ontology. Using treeLFA,
topics of common diseases were learnt and found to be aligned with current medical
understanding. We also trained flatLFA and LDA models on the UKB data and
compared their inference results with those given by treeLFA. In addition to focusing
on one treeLFA model, we trained treeLFA models with different numbers of topics,
and studied the change of inferred topics across different models. Lastly, we
explored the possibility of subtyping common diseases using inferred topic weights
and studied genetic heterogeneity among subgroups of diseases.

3.2 The input data for treeLFA

The UKB HES dataset consists of the records of tens of thousands of diseases
(coded using ICD-10 codes) for half a million people. At present, it is not realistic for
treeLFA to analyze all these ICD-10 codes simultaneously because the computational
time required to so would not be affordable. Moreover, we also wished to explore
alternative ways of performing inference and downstream analyses on a smaller set of
data before scaling everything up. Therefore, we first constructed a restricted UKB
dataset (named the top-100 dataset) from the HES data in UKB. This dataset was
composed of the top 100 most frequent ICD-10 codes from the first 13 chapters of
the ICD-10 coding system for all people in UKB. This selection of chapters provided
a balance between breadth of phenotype and depth within any one chapter (it was
desired that the number of codes from each chapter was not too small) so that
the potential benefits of treeLFA can be explored. Notably, many of the excluded
chapters contained codes that were not well-defined diseases (such as Chapter 19:
Injury, poisoning and certain other consequences of external causes)

In the top-100 dataset, zeros and ones were used to represent the absence and
presence of diagnosed ICD-10 codes for individuals. If an individual was diagnosed
with the same disease code several times, one would still be used. The full top-100
dataset (containing 502,537 individuals belonging to all different ancestry groups in
UKB) was randomly split into a training dataset and a testing dataset, containing
the records of ICD-10 codes for 80% and 20% of all people respectively.

3.2.1 The hierarchical structure of ICD-10 codes

Diagnoses in UKB are coded using the ICD-10 billing system, which uses a
hierarchical (or tree-like) structure with five layers to classify and organize all
diseases [141]. As introduced in Chapter 2, for treeLFA a prior for topics is
constructed on top of this tree structure. The first layer of this tree structure
is simply the root node; the second layer is composed of chapters of diseases
represented by capital English letters; the third layer contains blocks of disease
categories; the fourth layer contains single disease categories; and lastly, the bottom
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layer contains sub-categories of diseases, which can be, for instance, the same disease
occurring at different sites of the human body, or different subtypes of a disease.
An example of one branch of this hierarchical structure from the root node to
the leaf (terminal) node is shown in Figure 3.1.

In UKB, most of the diagnosed diseases were encoded using subtypes of diseases
(codes on the bottom layer of the tree). For the top-100 dataset we constructed,
ICD-10 codes on the fourth layer of the tree (disease categories) were used to encode
people’s diseases and to build the input dataset for treeLFA. We replaced terminal
ICD-10 codes with the parental code on the ICD-10 tree. In this way, different
subtypes of a disease were re-coded into the same one. The tree structure of the
ICD-10 codes in the top-100 dataset can be seen in Figure 3.2.

ICD-10 Version:2016
I Certain infectious and parasitic diseases
A00-A09 Intestinal infectious diseases
A00 Cholera
A00.0 Cholera due to Vibrio cholerae 01, biovar

cholerae
A00.1 Cholera due to Vibrio cholerae 01, biovar eltor

Figure 3.1: The hierarchical structure of the ICD-10 coding system. An example is used
to demonstrate the five levels of the hierarchical structure of the ICD-10 system. From
the top to the bottom are the root node, the chapter one of ICD-10 codes, the block of
categories of diseases A00-A09, the disease category A00, and sub-categories A00.0 and
A00.1.

Figure 3.2: The hierarchical structure for codes in the top-100 UKB dataset. The tree
structure has four layers which correspond to the first four layers of the ICD-10 tree.
Edges and nodes on the tree structure are colored according to the ICD-10 chapters.

3.2.2 Multi-morbidity in the top-100 dataset

For treeLFA to perform well individuals in the UKB need to demonstrate
sufficient multi-morbidity, so that treeLFA can learn from the patterns of co-
occurrence of diseases. The distribution of the total numbers of diagnosed ICD-10
codes for all individuals in the the top-100 dataset is shown in Figure 3.3. Among
the 400,000 individuals in the training dataset (of all different ancestry groups),
214,993 were diagnosed with multiple diseases, although there are also 122,704
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individuals who have no recorded diagnoses and 62,303 individuals who were only
diagnosed with a single disease.
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number of diagnosed ICD10 codes for the same individual

number of individuals

Figure 3.3: Multi-morbidity in the top-100 UKB dataset. Histogram of the total number
of different diagnosed ICD-10 codes for people in the training dataset of the top-100
dataset.

3.3 Inference with the top-100 UKB dataset

To further evaluate treeLFA’s performance with the phenotypic (HES) data in
UKB, and to study the topics of disease codes at different resolutions, we trained
multiple treeLFA models with different numbers of topics (2-20, 50 and 100 topics)
on the training data of the top-100 dataset. We also trained flatLFA and LDA
models and compared their inference results to that for treeLFA, comparable to
the analyses presented in Chapter 2.

3.3.1 Implementation of treeLFA

The training strategy

For each treeLFA model, we firstly used the Gibbs-EM algorithm to learn the
hyperparameter a in two stages. In the first stage we ran 1000-2000 iterations of the
Gibbs-EM algorithm. In the E-step of each iteration, we ran 19 burn-in iterations
for the Gibbs sampler before collecting one posterior sample of the hidden variables
(Z), which was used to optimize a in the M-step. In the second stage we continued
to run another 200 iterations of the Gibbs-EM algorithm, during which we collected
ten posterior samples of the Z in each E-step. As with the first training stage,
before collecting each posterior sample we still ran 19 burn-in iterations of the Gibbs
sampler. As a result, in total 200((19+1)-10 = 200) iterations of Gibbs sampling
were run to collect ten posterior samples of Z in each E-step in this stage. The
reason to have two stages of training was to balance the computational speed with
the inference accuracy. During the first stage, the training was fast so that we could
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quickly get close to the optimal value of a. In the second stage, the optimization
of @ was more stable and accurate since it is based on ten posterior samples of Z.

Once the training with the Gibbs-EM algorithm was completed, the collapsed
Gibbs sampler was then used to simulate posterior distributions of all hidden
variables (Z, I, ¢,p), with a fixed at the values provided by the last iteration
of the Gibbs-EM algorithm. 5000 iterations of Gibbs sampling were run and
posterior samples of hidden variables were collected every 100 iterations. For
each model, ten Gibbs chains were constructed, and 50 posterior samples were
collected from each chain.

Initialization of hidden variables

The initialization for hidden variables and hyperparameters influences the speed
and accuracy of the inference. The initialization of a is most important, since
learning a takes a long time, and a smart initialization for av can significantly
shorten the training with the Gibbs-EM algorithm. Based on our experience with
the treeLFA model and the UKB dataset, among all the inferred topics there will
always be an empty topic, in which all disease codes are inactive. A large fraction of
individual’s disease variables will be assigned to this empty topic, since the majority
of people in UKB only have a few diagnosed disease codes ( most disease variables
for most individuals are zero, hence the empty topic is the most likely topic to
be assigned to them). Taking this into account, we initialized o with the vector
(1,0.1,...,0.1). The first entry in the a vector corresponds to the empty topic,
thus has a larger weight than the other entries. We also tried to initialize a in
different ways, such as using (1,...1), and we found that the final inference results
were the same, and the learnt a was usually most close to (1,0.1,...,0.1).

For topic assignment variable Z, we assigned the empty topic to all disease
variables for all individuals without any disease codes. For individuals with at
least one diagnosed disease code, all topics were initially assigned to all disease
variables randomly.

For topics, all indicator variables (I) for disease codes in topics were initialized
as 0, with the probability variable ¢ randomly sampled from Beta(1,5,000,000).
Beta priors used for ¢ were Beta(0.3,80) for inactive codes and Beta(2,4) for active
codes. Priors used for the transition probabilities pg; and py; of the Markov process
were Beta(3,20) and Beta(3,3) respectively, chosen to impose sparsity on topics.

Training of treeLFA /flatLFA

Eight CPU cores on the BMRC (Biomedical research computing) computing clus-
ter were used for the training of each chain for treeLFA /flatLFA. The computational
time depends on the number of inferred topics and the number of iterations. For the
model with 11 topics, about one day was spent on the training with the Gibbs-EM
algorithm (learning of a, 1,100 Gibbs-EM iterations, equivalent to 40,000 Gibbs
sampling iterations), and about four hours was spent on the training with the Gibbs
sampling (collection of posterior samples of hidden variables, 5,000 iterations).
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3.3.2 Inference result for the top-100 dataset

Figure 5.1 shows the traceplots for the ten Gibbs chains during the Gibbs-
EM training stage. 1,100 Gibbs-EM iterations were run, corresponding to 40,000
Gibbs sampling iterations. At the end of the training, all the ten chains converged.
Besides, in the second stage of the Gibbs-EM training (when multiple samples were
taken in the E-step for the optimization of a), the fluctuation of the log-likelihood
was smaller than that in the first stage, indicating the optimization of a is more
accurate when multiple samples of Z are used.

Figure 3.5 shows a single posterior sample of all inferred topics for the treeLFA
model with 11 topics, together with the tree structure of the 100 ICD-10 codes. The
treeLFA model with 11 topics was chosen arbitrarily to enable inspection of the
structure of inferred topics; treeLFA models with differing numbers of topics will be
discussed in the following sections. Probabilities of the ICD-10 codes in topics and
their corresponding indicator variables are shown in the two heatmaps in Figure 3.5.
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Figure 3.4: Traceplots for ten treeLFA chains during the Gibbs-EM training stage.
Log-likelihood was plotted against the iterations of Gibbs sampling. Iterations 18,000
to 40,000 were zoomed in for better visualization. In the first stage of the Gibbs-EM
training (iterations to the left of the vertical line in the figure), alpha was optimized
every 20 Gibbs iterations using a single posterior sample of Z taken in the E-step, and
the log-likelihood was calculated after each optimization of cx. In the second stage of the
Gibbs-EM training (iterations to the right of the black vertical line), a was optimized
every 200 Gibbs iterations using ten posterior samples of Z taken in the E-step, and the
log-likelihood was calculated after each optimization of a.

Among the 11 inferred topics there is an empty topic (the first topic in Figure
3.5), in which all disease codes are inactive. The corresponding weight for this topic
in the learnt a vector is much larger than that for other topics, which means on
average about 65 % of people’s disease variables were assigned to the empty topic.
Topics other than the empty topic all have active codes in them. Some topics are
very dense (have a large number of active codes), such as Topic 7 and Topic 10.
Other topics are more sparse and contain less active codes.

To provide insights into the nature of the inferred topics we extracted their
top active codes (codes with the largest probabilities). Table 3.1 shows the top
active codes in the 11 topics (codes with probability larger than 0.2). The active
codes in topics are in accordance with our prior knowledge about the relationships
of diseases. For instance, 110 (hypertension), E11 (diabetes) and 120 (angina)
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Figure 3.5: Topics inferred by treeLFA for the top-100 dataset. The left heatmap shows
one posterior sample of the probability variable ¢ for all disease codes in the 11 inferred
topics. Each row is an ICD-10 code and each column is a topic. The ICD-10 codes are
ordered alphabetically and numerically. As a result, the bottom row is code A09 (the
first code), and the top row is M81 (the last code). Codes that are close to each other on
the tree structure will also be close in the heatmap. The tree structure of the 100 ICD-10
codes is shown to the left of the inferred topics. The single row of heatmap below the
inferred topics shows the a vector learnt by the Gibbs-EM algorithm. The right heatmap
shows one posterior sample of the indicator variables of disease codes in the 11 inferred
topics. Indicator variables can only take the value of 0 or 1, denoting active and inactive
disease codes in a topic.

are components of metabolic syndrome [142], which is known to be associated
with an increased risk for cardiovascular diseases (CVD) [143]. This association
is reflected in Topic 9, since among the seven top active codes, four are codes for
heart diseases (120 angina, 121 myocardial infarction, 125 chronic ischemic heart
disease, 148 Atrial fibrillation and flutter). By contrast, active codes in Topic 6
have a completely different profile, since three among the four of them come from
Chapter 13 of the ICD-10 coding system (Diseases of the musculo-skeletal system
and connective tissue). For most sparse disease topics, their active codes come from
one to two dominant ICD-10 chapters. It is also worth noticing that most ICD-10
codes are only active in 1-2 topics, which indicates that most disease codes have
stable comorbidity profiles. However, 110 (hypertension) is an exception, since it is
active in almost all topics. This might be due to the fact that hypertension is an
extremely common diseases (with a prevalence of 22.5% in UKB) and it co-occurs
with a wide variety of different disease codes.

DRAFT Printed on October 19, 2022



78 3.3. Inference with the top-100 UKB dataset

topic Active codes Topic name

1 Empty Topic

2 G55, 110, J45, M19, M25, M47, M48, M51, M54, M79 Topic of spine
diseases

3 D12, 110, 184, K52, K57, K62, K63 Topic of lower
GI diseases

4 E78, 110, J45 Topic of hyper-
tension

) 110, K20, K21, K22, K29, K30, K31, K44, K57 Topic of upper
GI diseases

6 110, M17, M23, M25 Topic of joint
diseases

7 D12, D50, D64, E03, E11, E66, E78, F32, F41, G56, H26, | Dense topic 1

110, 120, 125, 184, J44, J45, K21, K29, K30, K31, K44, K52,
K57, K58, K59, K62, K63, K80, K92, M06, M13, M15, M16,
M17, M19, M23, M25, M47, M54, M75, M79, M81

8 E78, H25, H26, H35, H40, 110 Topic of eye dis-
eases

9 E11, E78, 110, 120, 121, 125, 148 Topic of heart
diseases

10 A09, A41, B95, B96, D50, D64, E11, E66, E78, E87, F10, | Dense topic 2

F17, F32, H26, 110, 120, 121, 125, 144, 148, 150, I51, I73,
195, J18, J22, J44, J45, J90, J98, K21, K29, K44, K52, K57,
K59, K62, K63, K92, L03, M19, M54, M79

11 A41, B96, C50, C77, C78, C79, D64, E87, 110, 126, J18, J22, | Topic of cancer
J90, K52, K59

Table 3.1: Codes with probabilities larger than 0.2 in the 11 inferred topics

In addition to the topics of ICD-10 codes, another type of hidden variable
inferred by treeLFA are individual’s weights for topics, (8). Figure 3.6 shows a
single posterior sample of the topic weights for 2000 randomly selected healthy
people (Figure 3.6A) and 2000 people with at least one diagnosed ICD-10 code
(Figure 3.6B). For people without recorded diagnoses (informally referred to as
healthy people), the empty topic (the first column in the heatmap) always has a
weight that is close to one (which means other topics have weights close to 0), while
for people who were diagnosed with diseases, their weights for the empty topic are
usually much smaller than one, since some weight is assigned to other disease topics.
We found a strong negative correlation (Pearson correlation -0.853) between the
total number of diagnosed codes and people’s weights for the healthy topic, which
means the more codes a person has, the less weight the empty topic will possess.

3.3.3 Comparison of inference results given by the three
related topic models

With simulated data, we performed comprehensive comparisons between the
three related topic models (treeLFA, flatLFA and LDA) on datasets simulated
using the generative process of treeLFA, and found that treeLFA significantly

DRAFT Printed on October 19, 2022



3. Application of treeLFA on UK Biobank data 79

IO.B

0.6
0.4

0.2

Figure 3.6: Inferred topic weights for people in the top-100 UKB dataset. A, The
heatmap shows one posterior sample of the inferred topic weights for 2,000 healthy people,
who have no diagnostic records for the 100 ICD-10 codes. Each column in the heatmap is
a topic, and each row is a person. The 11 topics here are in the same order as those in
Figure 3.5, so the first topic is the empty topic. Each row (all topic weights for a person)
sums to 1, since the topic weight vector for a person is a probability vector sampled from
a multinomial distribution over topics. B, One posterior sample of the inferred topic
weights for 2000 people with at least one diagnosed ICD-10 code.

outperformed the other models in most cases. On UKB data, although we do
not know the truth, comparison between topic inferences made using different
approaches provides insights into the stability of inferences and the potential
advantages of the treeLFA approach.

Topics inferred by the three approaches

In addition to the treeLFA model with 11 topics, we also trained the flatLFA
model with 11 topics and the LDA model with ten topics using the same input
data. The reason the LDA model with one less topic was trained was that LDA
was unable to infer the empty topic, since topics inferred by LDA are multinomial
distributions over disease codes, in which probabilities of all codes need to sum to 1.

Figure 3.7 compares the topics inferred by treeLFA to the topics inferred by
flatLFA and LDA. Topics inferred by the three models were realigned such that
similar topics are adjacent. To compare topics inferred by treeLFA and LDA directly,
we normalized treeLFA inferred topics such that the probabilities of all codes sum
to 1 in all topics. It can be seen in Figure 3.7A that the topics inferred by treeLFA
and flatLFA are very similar, which indicates the size of the input data is large
enough such that prior knowledge about the structure of topics plays only a minor
role in inference. As for topics inferred by LDA, in Figure 3.7B we see that if we
leave out the empty topic, most topics inferred by LDA are also quite similar to
the treeLFA inferred topics, but differences also exist (for instance, the first topic
inferred by the two models are quite different). However, we also notice that for
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the dense topics inferred by treeLFA (Topics 7 and 10), after normalization they
also have very similar counterparts (topics) in the LDA-based inference.
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Figure 3.7: Comparison of topics inferred by treeLFA, flatLFA and LDA. Topics inferred
by the three models were re-ordered such that similar topics inferred by different models
are adjacent. A, Comparison of topics inferred by treeLFA and flatLFA. B, Comparison
of topics inferred by treeLFA and LDA. treeLFA inferred topics were normalized to be
categorical probability vectors. The empty topic inferred by treeLFA is not shown.

Predictive likelihood for treeLFA and flatLFA

Predictive likelihood on the testing dataset was calculated using the averaged
inferred topics of each treeLFA and flatLFA chain. Figure 3.8 shows that there
is no difference between the distribution of predictive likelihood for treeLFA and
flatLFA chains. Besides, the estimation of predictive likelihood also has a high
level of error, as is indicated by the range of likelihood for different chains on the
log-scale. These results suggest that by calculating the predictive likelihood, the
performance of treeLFA and flatLFA chains can not be differentiated.

Overall, results in this section suggest that the topics inferred by the three
models are similar, which suggests that the same multi-morbidity patterns were
captured by different models. This adds to the reliability of the inference result,
though points to the prior playing a weak role in the analysis of this dataset.

3.3.4 Post-processing of the inference result

Up to now, we have only looked at single posterior samples of topics and
topic weights. In order to combine the results given by multiple Gibbs chains,
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Figure 3.8: Predictive log-likelihood on the testing dataset for treeLFA and flatLDA
chains. Ten Gibbs chains were trained for treeLFA and flatLFA, and their predictive
likelihood on the testing dataset was calculated using topics averaged from the 50 posterior
samples of topics from each chain.

further processing of the inference results are required, as was performed for the
simulated data in Chapter 2. In this section, we will perform analyses using only
the inference result for treeLLFA.

Clustering of posterior samples of inferred topics

For each treeLFA model we trained ten Gibbs chains. To combine the inference
results given by all Gibbs chains for a model, we combined posterior samples of
topics from all Gibbs chains and clustered them using the Louvain algorithm [140].
After clustering, the mean values for samples within a cluster can be taken as
the input for downstream analyses.

In addition to the topics (¢), we also assigned posterior samples of other types
of hidden variables (such as the topic weight variable 8) to corresponding clusters
according to the topic clustering results. The topic weight variable 8 was integrated
out during the collapsed Gibbs sampling, so their posterior samples were estimated
using posterior samples of topic assignment variables Z and the a learnt from the
data, according to the method proposed by Griffiths and Steyvers in 2004 [136]:

Ng: + oy

oSy (3.1)

Oas
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where INg; is the total number of disease variables assigned with topic ¢ for person
d and Ny is the total number disease variables.

Visualization of inferred topics

To evaluate the consistency of inference results given by different chains for the
same model, we can visualize posterior samples of topics as in Chapter 2. Ideally,
posterior samples of topics should form distinct clusters, and each cluster should
contain posterior samples given by different Gibbs chains.

By applying tSNE on inferred topics we can plot posterior samples of all
topics in the same figure. In Figure 3.9, 11 distinct clusters of topics can be
seen, and each cluster contains topics from all ten Gibbs chains, indicating a
consensus was reached by all chains.
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Figure 3.9: Visualization of posterior samples of topics given by different Gibbs chains
for the same model. Ten Gibbs chains were trained for the treeLFA model with 11 topics,
and 50 posterior samples were collected from each chain. Posterior samples were mixed
and clustered using the Louvain algorithm and visualized in 2D plots after applying the
tSNE algorithm on topics. A, Posterior samples of topics were colored according to their
cluster assignments. B, Posterior samples of topics were colored according to the Gibbs
chains they come from.

Post-processing of inference results for models with a large number of top-
ics

In the previous section, the post-processing of treeLFA’s inference result was
discussed. For the treeLFA model set with 11 topics, exactly 11 distinct topics
were inferred (among them there is a single empty topic), and different chains
gave consistent inference results. As mentioned at the start of this chapter, for
the top-100 dataset we trained many treeLFA models with different numbers of
topics. For models set with a very large numbers of topics (for instance, the
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models set with 50 or 100 topics), the post-processing of inference result can be
more difficult and challenging.

For these models, even after the clustering of posterior samples of topics with the
Louvain algorithm, there would still be multiple near empty topics (instead of one
empty topic). For instance, for the treeLFA model set with 100 topics, 43 clusters
of topics remained after the clustering of topics (Figure 3.10A). Among them, about
ten topics looked like empty topics. These topics were in fact slightly different with
each other. In Figure 3.10B, the last ten topics in Figure 3.10A were plotted with a
different color range. Despite differences between these topics were marginal, the
Louvain algorithm was sensitive to them when the whole topic vectors were almost
empty. As a result, these near-empty topics were still assigned to distinct clusters.

To combine these near-empty topics into a single one, we further applied a
Hierarchical clustering on the 43 averaged topics in Figure 3.10A. The dissimilarity
between each pair of topics was measured, and similar topics were kept being
combined until all the remaining topics were different enough with each other. The
“distinctiveness” for all topics was used as the stopping criterion for this hierarchical
clustering of topics. It was the smallest pairwise distance for all topics [93], which
was defined as: min;.;d(¢i, ¢;), with d in the equation denotes a measure of
distance between a pair of topics (topics ¢ and 7). In our analysis, the Manhattan
distance was used to measure the distance between topics, and 0.3 was chosen as
the threshold for the distinctiveness of topics, which means that two topics can
be regarded as different only if their Manhattan distance is larger than 0.3. The
choices of using Manhattan distance and the threshold for distinctiveness were
arbitrary, but they only decide the number of near empty topics remained, so they
don’t have important influence on the downstream analyses.
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Figure 3.10: Averaged topics obtained by clustering of inferred topics for the model with
100 topics. A, Averaged topics for the 43 clusters of topics given by the Louvain algorithm.
Topics were in a descending order based on their density (sum of the probabilities of all
disease codes in a topic). B, The last ten topics in Figure 5.3 were plotted alone using a
different color range to highlight their minor differences.
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3.3.5 Inference results given by treeLFA models with dif-
ferent numbers of topics

On the top 100 UKB dataset, treeLFA models with different numbers of topics
were trained so that we can study the change of inferred topics across models.
Figure 5.3 shows the averaged inferred topics given by selected treeLFA models with
different numbers of topics. For all these models an empty topic was inferred. For
the model with two topics (Figure 5.3A), the only non-empty topic is a very dense
topic, which undoubtedly was used to explain the occurrences of all diseases. As the
number of topics increases, sparse topics begin to appear (Figure 5.3B), indicating
more specific multi-morbidity patterns were learnt by the model. For the model with
100 topics, after the application of the 2-step post-processing procedure (Louvain
clustering and hierarchical clustering) discussed in the previous section, 32 clusters
of topics remained, indicating a limited number of meaningful multi-morbidity
patterns exist in the data. By comparing the inference results across models, we
can see that many topics were repeatedly inferred by different models. Specifically,
we checked and matched every topic inferred by models with 20, 50 and 100 topics,
and found that 19 topics inferred by the model with 20 topics were also inferred
by the model with 50 topics (the remaining one topic is a near empty topic, which
may not be of significance), and all topics inferred by the model with 20 topics were
also inferred by the model with 100 topics. This result suggests that important
topics will not be missed if excess topics are provided to the model.
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Figure 3.11: Averaged inferred topics given by treeLFA models set with different numbers
of topics. All posterior samples of topics from all chains were mixed and clustered, and
the averaged topics were calculated for these clusters as the final point estimate of topics
for these models. A, Averaged topics given by the model set with two topics. B, Result
given by the model with 5 topics. C, Result given by the model with 20 topics. D, Result
given by the model with 100 topics.

To provide a high-level summary of the inference results for all models, the
number of clusters of topics given by different models and the predictive likelihood
for these models on the testing dataset were plotted in Figure 3.12. For models with
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less than or equal to 20 topics, the number of clusters of topics almost always equals
the original number of topics set for the models, which means with more topics
added, more distinct multi-morbidity patterns were learnt from the data. For models
with 50 and 100 topics, many fewer clusters of topics remained after clustering of
posterior samples of topics, indicating redundancy among inferred topics. As the
number of topics increases, the predictive likelihood also keeps increasing, but the
slope of the curve rapidly decreases (Figure 3.12B). However, it should be noted
that there is unavoidable error in estimating the predictive likelihood with the
current algorithm, especially for models with large numbers of topics. Consequently,
it is not reliable to do model selection purely based on the predictive likelihood.
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Figure 3.12: Summary of inference results for models with different numbers of topics.
A, The numbers of clusters of topics for different models. B, The predictive log-likelihood
on the testing dataset for different treeLFA models.

We also evaluated the stability of the inference results given by different chains
for different treeLFA models via visualization of the posterior samples of topics. For
the model with 100 topics, only ten posterior samples of topics from each Gibbs chain
were used so that the size of the input data was not excessive for the tSNE algorithm.
For other models, all 50 posterior samples from each Gibbs chain were used.

In Figure 3.13 the posterior samples of topics for selected treeLFA models were
shown. For models with few topics (Figure 3.13A-B), the clusters of topics are
well-defined. For the model with 20 topics there are also 20 clusters in total, but
for some clusters of topics different chains gave slightly different inference results,
which is reflected by distinct small sub-clusters formed by topics assigned to the
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same cluster (Figure 3.13C). For the model with 100 topics (Figure 3.13E-F), there
is a huge cluster in the middle of the figure, which is the cluster of empty and
near-empty topics. Meanwhile, most of the remaining clusters of topics still have
comparable sizes, indicating stable non-empty topics were inferred.
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Figure 3.13: Visualization of posterior samples of topics for different treeLFA models.
A, Clusters of topics for the model with five topics. Topics are colored according to the
clusters they are assigned to. B, Result for the model with five topics. Topics are colored
according to the Gibbs chains they come from. C-D, Results for the model with 20 topics.
E-F, Results for the model with 100 topics.

3.3.6 Relatedness of topics in different models

As discussed in Section 3.3.5, many topics were consistently inferred by treeLFA
models, even with quite different numbers of topics. This raises the question of how
the inferred topics evolve as the number of topics for the treeLFA model varies. In
this section, we are going to use an concise and straightforward way to consider
how topics inferred by different treeLFA models are related to each other.

To provide insight into how topics evolve across treeLFA models with different
numbers of topics, we used a tree structure to summarize the relationships of inferred
topics from different models. In Figure 3.14 we connected topics from different
models to form a tree structure. Each node on the tree is an inferred topic from
a treeLFA model. There are 21 layers of nodes on the tree, which correspond to
the 21 treeLFA models (models with 2-20,50 and 100 topics). Nodes in each layer
correspond to all topics inferred by a specific model. Each node (topic) on the tree
is connected to its most similar one in the above layer. In other words, for each
topic in the model set with IN topics, we found its most similar topic (its parent
topic) in the model set with N — 1 topics. The similarity between two topics was
defined using the Pearson correlation between the two topic vectors ¢.
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To make the tree of topics more understandable, in Figure 3.14A a single branch
of the tree is highlighted with red colour, and all topics in this branch are plotted in
order in Figure 3.14B. This means that each red node in Figure 3.14A corresponds
to a column (topic) in the heatmap in Figure 3.14B. Although these topics come
from different treeLFA models they resemble each other, which enables us to track
the change of topics across different models. The first few topics in Figure 3.14B
are dense (have a large number of active codes), while the following ones are more
sparse. This is because the first few topics come from the models set with very
few topics, while the following topics come from models set with a large number of
topics. It is also noteworthy that from the 8th topic in Figure 3.14B, the subsequent
topics almost stay the same. This means that for all models set with more than
nine topics, this specific topic was repeatedly inferred.

In addition to using the Pearson correlation to measure the similarity between
topics, other similarity metrics were also considered; the tree of topics built using
them are shown in Figure 3.15. In general, we obtained similar tree structures
using different metrics for the similarity between topics, although some minor
differences exist.
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Figure 3.14: Tree structure of topics from different models. Pearson correlation was
used to define the similarity between topics. A, The tree structure of topics from all
models (models with 2-20, 50 and 100 topics). Each node on the tree is a topic and nodes
in each layer of the tree correspond to topics inferred by a model. Each topic is connected
with its parent topic (the most similar topic) from the model set with one fewer topics. B,
All topics in one branch of the tree (corresponding to all red nodes in Figure 3.14A) are
displayed. Each topic is named using the model it comes from and its index in the model.
For instance, topic 20.1 means the first inferred topic from the model set with 20 topics.
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Figure 3.15: Tree structure of topics built with other similarity metrics for topics.
A, The tree structure of topics built using the cosine distance to measure dissimilarity
between topics. B, The tree structure built with the extended Jaccard distance. C, The
tree structure built with the Manhattan distance.

3.4 Subtyping common diseases

The inferred topics and topic weights for individuals enable many downstream
analyses to deepen our understanding of the mechanisms of diseases. In the next
chapter, the focus will be on using inferred topics for genetic study. In this
section, we will make direct use of individual’s inferred topic weights to study
subgroups of common diseases.

3.4.1 Defining subgroups of diseases using individual’s topic
weights

Heterogeneity in symptoms, patterns of comorbidity and progression among
people diagnosed with the same disease are frequently seen. There are many
ways to define subtypes of diseases, such as using patient clinical manifestations
[144], clinical lab results [145] and omics data[146], or a combination of all these
data types. Since the output of treeLFA defines different patterns of disease
comorbidity (in the form of topics), in this section we aim to examine whether
these can be used to subtype diseases.

The assumption here is that different comorbidity (reflected in individuals’ topic
weights) for people diagnosed with a certain disease may hint at different subgroups
of this disease. In our study, for all people diagnosed with a certain ICD-10 code
in UKB, we defined subgroups for them by clustering their inferred topic weights
(0). As a result, people with similar weights for topics (thus similar profiles of
comorbidity) will be put into the same cluster.

Figure 3.16 shows ten subgroups of people diagnosed with 110 (essential hy-
pertension) in UKB identified by performing hierarchical clustering on individual
topic weights. Ten was chosen for the number of clusters to find because their are
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ten disease topics in total. There are 76,727 British ancestry patients diagnosed
with 110 in the training dataset. This number is too large for the matrix based
hierarchical clustering, so we applied hierarchical clustering on 20,000 patients to
define the ten subgroups, and then used the KNN (K-nearest neighbour) algorithm
to assign the remaining patients to these subgroups. For each subgroup we randomly
selected 1000 people and plotted their comorbidity profiles (their diagnostic status
for all the 100 ICD-10 codes) in Figure 3.16B.

Among the ten subgroups of 110, Subgroup 2 is the largest, while other subgroups
are quite small in size. People in different subgroups have distinct and characteristic
comorbidity patterns. First of all, it is obvious that people in Subgroup 2 have
the fewest comorbidities among all subgroups. This is reasonable, since people in
this subgroup have large weights for Topics 1 and 4. Topic 1 is the empty topic.
In Topic 4, most codes except for 10 have relatively small probabilities (Figure
3.5A), which means people with large weights for Topic 4 will be unlikely to be
diagnosed with most ICD-10 codes. On the contrary, many people in Subgroup 3
were diagnosed with E78 (hyperlipidemia), 120 (angina) and 125 (Chronic ischaemic
heart disease). This is because these codes are all top active codes in Topic 9 (Figure
3.5A) together with 110, and most people in this subgroup have large weight for
Topic 9. Similarly, people in Subgroup 6 have large weight for Topic 6. This is also
reflected in their comorbidities, since people in this subgroup have more disease
codes related to the knee (M17 and M23, which are top active codes in Topic 6).
Lastly, people in the last two subgroups have more broad spectra of comorbidity,
which can be explained by their large weights for Topics 7 and 10. These two topics
are dense topics with a large number of active codes (Figure 3.5A).

Similar subtyping results for E78 (Disorders of lipoprotein metabolism and
other lipidaemias) are shown in Figure 3.17. For E78, there are two major large
subgroups. People in Subgroup 1 have a large weight for Topic 9, and many are
diagnosed with 120, 121 and 125. Meanwhile, people in Subgroup 4 have the fewest
comorbidities, and large weight for Topic 4.

3.4.2 Genetic heterogeneity among subgroups of diseases

As a final exploratory analysis, we studied potential genetic heterogeneity
among subgroups of a disease.

Firstly, for 110 we ran two case-control GWAS only using individuals having
British ancestry in certain subgroups of 110 as cases (subgroup-GWAS). Covariates
(sex, age and the first ten principle components) were controlled for the GWAS
analyses, and only common SNPs (SNPs with minor allele frequency larger than
0.01) in UKB were used. The first GWAS considered all patients in Subgroup
2 (35,232 individuals, about half of all 110 patients) as cases, and the second
GWAS used all patients who were not in Subgroup 2 (35,957 individuals, other
[10 subgroups altogether) as cases. The same control group (all British people in
UKB who were not diagnosed with 110, 266,279 individuals) were used for the two
subgroup-GWAS analyses. Figure 3.18A shows the Manhattan plots for the two
subgroup-GWAS. Both subgroup-GWAS gave a few unique GWAS hits. The GWAS
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Figure 3.16: Subgroups of patients diagnosed with I10 (essential hypertension). A,
110 patients were divided into ten subgroups according to their inferred topic weights.
Weights for the 11 topics were plotted for all people who were diagnosed with 110 in
the training dataset (each row in the heatmap is a patient, and each column is a topic),
together with their subgroup membership (colored bar to the left of the heatmap), as well
as the probability of 110 in the 11 inferred topics (the lower heatmap). B, Comorbidity for
1000 random patients from each subgroup of I110. Each row in the heatmap is a patient
and each column is an ICD-10 code. Red cells denote which ICD-10 codes were diagnosed
for these people.

Figure 3.17: Subgroups of patients diagnosed with E78 (Disorders of lipoprotein
metabolism and other lipidaemias). A, E78 patients were divided into ten subgroups
according to their inferred topic weights. B, Comorbidity for 1000 random patients from
each subgroup of E78.

results obtained on all British 110 patients (full-GWAS) were compared with these
two subgroup-GWAS results. The full GWAS found 121 significant loci in total
(P < 5 % 1078 used as the threshold for significant P-value, and 72 > 0.1 used
in clumping of SNPs), while the two subgroup-GWAS found 46 and 30 significant
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loci respectively. Notably, three loci found by one of the subgroup-GWAS analyses
were not found by the full GWAS. In Figure 3.18B the effect sizes given by the
two subgroup-GWAS for the same SNPs (all significant SNPs found by either of
the two subgroup GWAS) are plotted. It can be seen that, although for most
SNPs the two subgroup-GWAS give similar effect sizes, there are also a few SNPs
that have large effects for one subgroup of patients and very small effects for the
other subgroup. This result suggests that some loci may only be associated with
a fraction of 110 patients, instead of all 110 patients.

Similar results for E78 are shown in Figure 3.19, where we can see different
significant loci found by GWAS for the two subgroups, and loci with significantly
different effect sizes for the two subgroups.
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Figure 3.18: Subgroup-GWAS for 110. GWAS analyses were run for people in subgroup
2 of 110 and people in all other subgroups of 110 separately. People who were not diagnosed
with 110 were used as the control group for the two subgroup GWAS. A-B, Manhattan
plots for the two subgroup GWAS for 110. B, Effect sizes (Odds ratio: OR) given by the
two subgroup GWAS for all SNPs found as significant by either of the subgroup-GWAS
analyses.

3.5 Discussion

In this chapter, treeLFA was firstly applied to a restricted phenotypic dataset
constructed using individuals” diagnosed ICD-10 codes in UKB (the top 100 UKB
dataset). Topics of the 100 ICD-10 codes and topic weights inferred by treeLFA were
analysed, and the inference results given by the three topic models were compared.
In addition, we explored the insights provided by the post-processing methods
for treeLFA’s inference results developed in Chapter 2 . We also studied how the
inferred topics change across models with different numbers of topics. We proposed
an innovative way to describe the relationships of topics inferred by different models,
and found that most topics are stable across models if the models are set with
enough topics. Lastly, we explored the possibility to subtype common diseases using
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Figure 3.19: Subgroup-GWAS result for E78. GWAS analyses were run for people in
subgroups 1 and 2 of E78 separately. Poeple who were not diagnosed with E78 were used
as the control group for the two subgroup GWAS. A-B, Manhattan plots for the two
subgroup GWAS. B, Effect sizes (Odds ratio: OR) given by the two subgroup GWAS for
all SNPs found as significant by either of the subgroup-GWAS analyses.

individuals’ inferred topic weights, and as an example we found potential genetic
heterogeneity among different subgroups of two ICD-10 codes (110 and ET78).

3.5.1 The input data

In this chapter, the input dataset (topl00 dataset) for treeLFA was constructed
on the basis of the HES data in UKB encoded using the ICD-10 coding system. The
HES data has a few limitations. Firstly, the coding of diseases can be inaccurate
for some patients, and the misdiagnoses were not specifically accounted for (for
instance, using the number of times a diagnosis was made). Secondly, ICD-10
also may not be most ideal choice for the coding system. One of the reasons is
that in many cases the resolution of ICD-10 codes is too high, which decreases the
power of association studies and the ability for topic models to infer topics. In this
study, we chose to use the ICD-10 codes on the fourth layer of the hierarchical
structure, such that subtypes of diseases were combined. However, we didn’t verify

that this procedure was appropriate for all the involved terminal ICD-10 codes.

It should be noted that Phecodes may be a better choice for research purpose,
and should be considered in future studies.

3.5.2 Inferred topics with UKB data

In this chapter, topics of the 100 most frequent ICD-10 codes in UKB were
inferred. Among the inferred topics there is always an empty topic, whose weight is
negatively correlated with people’s total number of diagnosed codes. The remaining
topics can be further divided into two types: dense topics and sparse topics, which
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3. Application of treeLFA on UK Biobank data 93

have large and small numbers of active codes respectively. Sparse topics undoubtedly
reflect that occurrence of a small number of highly correlated diseases. As for the
dense topics, it is possible that they are mainly used by the model to describe the
occurrences of a large number of unrelated diseases, or they may also reflect that
some risk factors are shared by a large number of diseases, thus their occurrences
are more strongly correlated compared to the other ones. In the following chapters,
dense topics will be further studied.

By checking the top active codes in topics, it can be seen that most topics focus
on one or two ICD-10 chapters, which supports the rationale of commonly used
disease classification systems (such as the ICD-10 coding system). However, for most
topics there are also codes from ICD-10 chapters other than the dominant one, which
demonstrates that data-driven approaches like treeLFA can be a good supplement
to the current disease classification system built upon expert medical knowledge.

The topics inferred by treeLFA, flatLFA and LDA were similar in general,
implying common multi-morbidity patterns were captured by the three different
topic models. Besides, it also indicates that for common diseases in the biobank-scale
datasets, the size of data should be large enough such that the prior knowledge about
topics no longer have very important roles in inference, which means the inference
is mainly driven by the data. However, this may not hold for larger phenotypic
datasets containing more relatively rare diseases, as will be seen in chapter 5.

3.5.3 Model selection strategy for treeLFA

In this chapter, treeLFA models with different numbers of topics were trained. In
Section 3.3.5, the predictive likelihood for different treeLFA models were calculated
and compared. For models with relatively small numbers of topics, as the number
of topics set for models increased, the predictive likelihood also increased sharply,
suggesting a significant improvement in the ability of the models to explain the
data. For models set with relatively large number of topics, the increase in the
predictive likelihood with more topics provided was small. Considering that the
precision of predictive likelihood estimates given by the naive Monte-Carlo algorithm
implemented in this thesis will get worse when there is a large number of topics, it
may not be reliable to choose the best model according to the predictive likelihood
alone. In other words, a more advanced algorithm for the calculation of predictive
likelihood or other model selection strategies (such as prediction tasks on the testing
data) might be needed to select the single best model.

It is also noteworthy that the treeLFA model with 100 topics had larger predictive
likelihood than all the other models with less topics. 100 topics is apparently too
many, therefore in theory this model should have worse performance compared to
models with set enough and less topics. However, as was mentioned in Section
3.3.4, when an excess number of topics is set for treeLFA, multiple empty (or near
empty/very sparse) topics will be inferred. Having multiple empty /near empty
topics in theory should not largely affect the ability of the model to fit the data.
Besides, this also does not affect the inference of other meaningful disease topics by
the model. Taking all this into account, although the lack of a peak in Figure 3.12
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may be an artefact, it still indicate that providing an excessive number of topics to
the model would not severely affect the ability of the model to fit the data.

In Section 3.3.6, inferred topics given by all models were organized into a tree
structure to describe their relationships. The results show that for models set
with a small number of topics, the inferred topics change largely from model to
model. However, once the number of topics set for a model is large enough, most
inferred topics become stable across models. As was discussed in Chapter 2, this
implies a practical and simple model selection strategy for treeLFA, which is to
train one model with very large number of topics, and then cluster posterior samples
of all topics to remove duplicated ones. With this strategy, we may only need to
train one model instead of trying many different values for the number of topics,
which is one of the most important hyperparameters for topic models. Up to now,
this strategy has been verified with both simulated and real-world data. Besides,
this result also adds to the reliability of our inference results, since we obtained
similar results by fitting slightly different models.

In the next chapter, this strategy will be further validated with genetic analyses
based on the inferred topics and topic weights, before it is finally put into full
use in Chapter 5.

3.5.4 Subtyping common diseases

In the last section of the chapter, we tried to define subgroups for all people who
were diagnosed with a certain ICD-10 code by clustering their inferred topic weights.
For most diseases, we found that the number of stable clusters roughly equals the
number of topics inferred. An interesting phenomenon is that for many disease
codes there are one to two major subgroups which contain a very large percent of
patients. For instance, for 110 (essential hypertension) about half of the patients
are in Subgroup 2, and for E78 about one third of patients are in subgroups one
and two respectively. These results might indicate that there are stable subgroups
for many common diseases which may have distinct pathological components.

After finding the subgroups of common diseases, case-control GWAS was run
on these subgroups separately (subgroup-GWAS). Results show that different
subgroups may have different associated loci. GWAS was also run on all patients
who were diagnosed with a certain code (fullGWAS), and although in most cases the
significant loci found by subgroup-GWAS were also found by the full-GWAS, there
were also exceptions. Besides, for those significant loci found by both subgroup-
GWAS and full-GWAS, it is possible that some of them may mainly work on a
specific subgroup, as was reflected by the different effect sizes given by different
subgroup-GWAS for some loci. In general, the fullGWAS found more significant
loci compared to the subgroup-GWAS, suggesting that in most cases increasing the
sample size and joining different subgroups of patients can boost the statistical power
for detecting associations. However, when it comes to understanding the functions
of these loci, we should bear in mind that they may have heterogeneous effects.

Overall, these results indicate that there might be multiple pathological trajec-
tories leading to the same endpoint (the acquisition of a disease). Furthermore,
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these results may also suggest the applicability of taking comorbidity into account
when identifying subtypes of diseases.
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98 4.1. Querview of the chapter

4.1 Overview of the chapter

Using the inferred disease topics, along with individuals’ weights for these topics,
estimated from the previous chapter, various downstream analyses can be carried out
to provide more insight about the mechanisms of diseases. In this chapter, we will
focus on genetic association studies that make use of the inference results of treeLFA.

Traditionally, GWAS is performed for one trait (disease) at a time. As is
discussed in Chapter 1, in recent years various multi-trait GWAS methods have
been developed, aimed at finding genetic variants that have pleiotropic effects on
multiple correlated traits with larger statistical power. Topics inferred by treeLFA
summarize groups of diseases that may share common pathological factors, therefore
individuals’ weights for these topics can be used as newly defined traits for GWAS.
To put it in another way, in theory an individual’s weight for a topic of diseases
can be considered as a quantitative measure of their abnormality for a pathological
pathway that is related to multiple diseases.

In this chapter, we carried out GWAS on individuals’ inferred topic weights as
continuous traits (topic-GWAS). Meanwhile, we also ran the standard single code
GWAS, and compared the results given by these two GWAS methods. Additionally,
we compared the topic-GWAS results based on the topic weights inferred by the
three related topic models, and we also studied the change of association signals
across treeLFA models set with different numbers of topics. These comparisons
are related to those reported in Chapter 3, but here they were carried out from
a perspective of genetic association. To obtain more evidence supporting the
validity of the topic-GWAS results, we validated the topics associated loci using
a few different methods. Lastly, we also explored a few ways to further utilize
the topic-GWAS results, including improving the prediction of risks for single
diseases and jointly using the inference result given by treeLFA and currently
available multi-trait GWAS methods.

4.2 GWAS on inferred topic weights as contin-
uous traits

4.2.1 Methods for performing GWAS on topic weights

We used standard GWAS (linear regression) to find common genetic variants
that are associated with weights for different topics (topic-GWAS). It is important
to note that for this type of GWAS, the traits are not the presence/absence of a
single ICD-10 code, but estimated weights for different topics, which are continuous
real numbers that fall in the range of 0 to 1.

For the topic-GWAS, we only used common SNPs (SNPs with a minor allele
frequency larger than 0.01 in UKB) and individuals who self-reported as having
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British ancestry (343,006 people in total). We used standard linear regression
(implemented with the PLINK-2.0) for the GWAS, with sex, age and the first ten
principal components of genomic variation (PCs) controlled for. Since topic weights
are real numbers between 0 and 1, technically the basic assumptions of standard
linear regression do not hold, because topic weights are not allowed to take all
real values. Moreover, the distributions of topic weights are usually very skewed,
as can be seen in Figure 4.1. This means the assumption for linear regression
that residuals should approximately follow a normal distribution also may not
hold. The reason for this kind of distribution of topic weights is that normally
for a disease topic, most people have very small weight (a weight that is close
to 0), and only a small number of people have non-small weights because they
were diagnosed with active codes in this topic.

1e+05-

1e+03 -

count

1e+01-

0.00 0.25 0.50 0.75
topic weight

Figure 4.1: Distribution of inferred weights for Topic 9 from the treeLFA model with 11
topics on the top-100 dataset. The y-axis is on the logl0 scale.

We considered various methods to deal with this issue. First of all, we applied
a logit transformation on topic weights before running the GWAS. The logit
transformation can map numbers between 0 and 1 to real numbers. Another option
for the transformation of the response variable is using the rank based inverse
normal transformation (INT) on topic weights, which is achieved by replacing
sample quantiles with quantiles from the standard normal distribution. Lastly,
we can also build a generalized linear model (glm), using a logit link function
and a Gaussian error. It is noteworthy that this is different from using a logit
transformation directly on the response variable. The former method (glm) assumes
that the residuals of topic weights follow a normal distribution, and the mean of this
distribution can be calculated by applying a logistic function on a linear combination
of independent variables. On the contrary, the latter method assumes that the
residuals of the transformed response variable follow a normal distribution, the
mean of which is a linear combination of independent variables. The two equations
below more clearly state the difference between these two methods.
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g(Y) ~ Normal((Bo + B1 X1 + .. + BnXy), 0%)

4.1
Y ~ Normal(g(Bo + B1 X1 + ... + B, X,,), 02), (4.1)

Here, g() is the logit function, Y is the response variable (topic weight), E() denotes
the mean of a random variable, B; represents the coefficients of the regression and
X; represents the independent variables (genotype and covariates).

The first equation above expresses applying a logit transformation on the
response variable before fitting a standard linear model, while the second equation
expresses the generalized linear model with a Gaussian error for the response
variable and a logit link function.

In Figure 4.2, the distributions of standard residuals for topic weights resulted
from running topic-GWAS using the four methods discusses above with the same in-
put data (topic weights, genotype data and covariates) are plotted. The four GWAS
methods include linear regressions without transformation and with logit/INT
transformation of the response variable, as well as the glm method. Without
any transformation (Figure 4.2A), the distribution of the standardized residuals
is right skewed, which should be caused by the small number of people with
very large weights for the topic. Moreover, the left-hand part of the distribution
is also not bell-shaped. As for the generalized linear model (Figure 4.2B), the
distribution is markedly different from a Gaussian distribution. Figure 4.2C shows
the residuals after applying the logit transformation on the topic weights. The
left-hand part of the distribution looks more like a Gaussian distribution, while
there is still a heavy right tail. Lastly, Figure 4.2D shows the result for the inverse
rank transformation on topic weights. The distribution of residuals is symmetric
and very much like the standard Gaussian distribution. Overall, these results
indicate that the glm is not an ideal method for running topic-GWAS, while the
other three methods should be acceptable. Further comparisons of these three
methods will be given in the following sections.

4.2.2 Single-code GWAS

To compare the topic-GWAS results with the results given by standard GWAS
using single disease codes as binary traits (single code GWAS), we also ran standard
logistic regression (PLINK-2.0) for all the 100 ICD-10 codes on the same cohort. In
addition, we also ran single code GWAS using the phecodes as traits. Phecodes are
defined by systematically grouping ICD-10 codes into more applicable medical terms
based on the judgements of clinicians and researchers, which reduces the granularity
of ICD-10 codes [147], as is illustrated in Figure 4.3. It is also worth mentioning
that phecodes also have a hierarchical structure like ICD-10 codes, in which several
terminal phecodes are placed under a common parent code which represents a more
general class of diseases. To map the 100 ICD-10 codes to phecodes, we firstly
extracted all the terminal ICD-10 codes which correspond to the 100 level-4 ICD-10
codes we used for treeLFA (details can be seen in the Section 3.2.1), and then
mapped them to terminal phecodes. In total, there were 296 terminal phecodes
mapped from the 100 ICD-10 codes used.
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Figure 4.2: Distribution of the standardized residuals for different topic-GWAS methods
on the same input data. A, No transformation of topic weight was applied before fitting
the regression model. B, Generalized linear model was fitted with Gaussian errors for
topic weights and a logit link function. C, Logit transformation on topic weights. D,
Rank transformation on topic weights.

Phecode Map 1.2 with ICD-10 Codes (beta)

v IX Diseases of the circulatory system

» 100-102 Acute rheumatic fever SReference: Wu P, Gifford A, Meng X, et al.Mapping ICD-10 and IGD-10-GM Godes to Phecodes: Workflow Developmentand Initial Evaluation. JMIR Med Inform 2019;7:e14325.
¥ 105-109 Chronic rheumatic heart diseases Clear Filters || Export All | Export Visible
¥ 110-115 Hypertensive diseases icot0 @ - 1CD10 String @ v PheCode @ . Phenotype @ v ExclPhecodes @ v Excl. Phenotypes @ =
~ 120-125 Ischaemic heart diseases 2 % description code phenotype excl. phocode excl. range name
| ~ 120 Angina pectoris 120 | Angina pectoris 4113 Angina pectoris 410-414.99 ISCHEMIC HEART DISEASE
120.0 Unstable angina 1200 Unstable angina 411 Unstable angina (intermediate corona... 410-414.99 ISCHEMIC HEART DISEASE
120.1 Angina pectoris with documented s 120.1 Angina pectorls with documented sp...  411.3 Angina pectorls 410-414.99 ISCHEMIC HEART DISEASE
120.8 Other forms of angina pectoris 1208 Other forms of angina pectoris 413 Angina pectoris 410-414.99 ISCHEMIC HEART DISEASE
120.9 Angina pectoris, unspecified 1209 Angina pectoris, unspecified 43 Angina pectoris 410-414.99 ISCHEMIC HEART DISEASE

Figure 4.3: Mapping between ICD-10 codes and phecodes. Both coding systems
have a hierarchical structure. In most cases, terminal ICD-10 codes have higher
granularity compared to terminal phecodes. For example, there are four subtypes of
angina (highlighted in the red box) according to the ICD-10 coding system. On the
contrary, only two phecodes are mapped by the four ICD-10 codes related to angina.

4.2.3 Processing GWAS results

To define genomic loci from SNPs that are significantly associated with topics,
we clumped all significant SNPs found by the topic-GWAS using the clumping
function implemented in PLINK-1.9, using 72 > 0.1 as the threshold for linkage
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102 4.2. GWAS on inferred topic weights as continuous traits

disequilibrium (LD), and P < 5 X 107® as the threshold of P-value for lead
SNPs in these loci.

To check the overlap of significant loci found by topic-GWAS and single code
GWAS, we clumped the lead SNPs of significant loci found by one GWAS method
(single code GWAS or topic-GWAS) to the lead SNPs of significant loci found by
the other method. The number of loci (lead SNPs) that can be clumped with
loci found by the other method is the number of significant loci found by both
methods. As before, PLINK-1.9 was used, with 72 > 0.1 the threshold for LD,
and P < 5 x 1078 the threshold for P-values of lead SNPs.

4.2.4 Results for GWAS on topic weights

In this section, the topic-GWAS result for the treeLFA model with 11 topics
on the top-100 dataset will be discussed in detail.

An example of the topic-GWAS result

Figure 4.4 shows the topic-GWAS results for the 11 topics inferred by treeLFA.
Figure 4.4A-B show the Manhattan plot and QQ plot (quantile-quantile plot) for
the topic-GWAS result of one topic (Topic 9). In Figure 4.4C, weights for this topic
were permuted across individuals to check the topic-GWAS result under the null
hypothesis of no association. In Figure 4.4D, the topic-GWAS results (number of
topic associated loci) for all topics are shown. For each topic, the associated loci
were divided into two groups, one group contained loci found by both the single
code GWAS on all the 100 ICD-10 codes and the topic-GWAS for this topic, and
the other group contained loci only found by topic-GWAS but not the single code
GWAS for any of the 100 ICD-10 codes. Loci in these two groups were colored
differently in Figure 4.4D. For all the 11 topics there are significant loci found by
both the topic-GWAS and single code GWAS (in total 82 loci for the 11 topics),
and for most topics there are also significant loci only found by topic-GWAS (in
total 46 loci for the 11 topics), indicating the increment of statistical power for
discovery joining diseases into topics.

Comparison of the results given by different topic-GWAS methods

As discussed in the previous section, we tried four different methods to perform
topic-GWAS. Figure 4.5 compares the total number of topics associated loci (for all
the 11 topics in total) found by the three topic-GWAS methods (no transformation
of topic weights, logit and rank transformation on topic weights). Among the three
methods, the topic-GWAS using logit transformation on topic weights found the
largest number of significant loci (128 loci), followed by topic-GWAS using no
transformation (103 loci). topic-GWAS using rank based INT on topic weights
found the least number of significant loci (72 loci). The overlap of loci found by
the topic-GWAS using logit transformation and the other two methods are plotted
in Figure 4.5. Overall, the overlap of significant loci found by different methods
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Figure 4.4: topic-GWAS results. A, The Manhattan plot for the topic-GWAS result
for Topic 9 from the treeLFA model with 11 topics. B, QQ-plot for the topic-GWAS
result of Topic 9. C, QQ-plot for the topic-GWAS result of Topic 9 with the topic weights
permuted. D, The total numbers of significant loci found by topic-GWAS for the 11
inferred topics, and among them the numbers of topics associated loci that are found as
significant by both the topic-GWAS and single code GWAS (blue bars), as well as the
numbers of topics associated loci that are only found as significant by topic-GWAS (red
bars).

is large (around 80 % of the loci found by other methods will also be identified
by topic-GWAS using logit transformation).

To further validate the use of logit transformation on topic weights, QQ plots for
topic-GWAS results obtained using the three transformation methods are compared
in Figure 4.6. There is no significant difference in the patterns of the three QQ
plots, indicating the heavy right tails in the residual plots (Figure 4.2) caused
by applying logit transformation or no transformation on topic weights do not
significantly inflate the P-values. Overall the P-values given by topic-GWAS using
rank transformation are larger than the other two methods, suggesting a loss of
power as a result of applying the rank transformation.

Inflation of P-values are observed for all three methods. This can either be
resulted from true polygenicity of the trait, or stratification in the population. To
differentiate these two possibilities, we carried out the LD score regression (LDSC)
[148] using the summary statistics of topic-GWAS for the 11 topics, and compared
the genomic control inflation factor Age and the intercept of LDSC. A large Agc
and small intercept (given by LDSC) for the same trait suggest true polygenicity
instead of stratification. In Table 4.1, for all topics the intercepts of LDSC are
much smaller than the Age. Among the 11 topics, topic-1 (the empty topic) and
topic-7 (one of the two dense topics) have relatively large inflation in P-values
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104 4.2. GWAS on inferred topic weights as continuous traits

caused by stratification. This is reasonable since compared to other sparse disease
topics these two topics are related to the risks of much more diseases. As a result,
they could also have more un-controlled confounding.

A B
treeLF. treeLF LFA
‘A_rank

Figure 4.5: The overlap of significant loci found by three topic-GWAS methods. A,
The total number of significant loci (P < 5 X 10~8) found by topic-GWAS using logit
transformation on topic weights and rank based inverse normal transformation on topic
weights, and the overlap of these two sets of loci. B, The total number of significant loci
found by topic-GWAS using logit transformation on topic weights and no transformation,

and the overlap.
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Figure 4.6: QQ plots for results of topic-GWAS with different transformations on
traits. A, QQ plot for the topic-GWAS result for topic-9 without transformation on topic
weights. B, QQ plot for the topic-GWAS with logit transformation. C, QQ plot for the
topic-GWAS with rank-based inverse normal transformation.

In the following sections, we will use the linear regression with a logit transforma-
tion on topic weights as the standard topic-GWAS method, since the distribution of
residuals and QQ plot are appropriate. Overall, this method enabled us to find more
significant loci than the other two methods (topic-GWAS with no transformation

or rank transformation on topic weights).
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Topic 1 2 3 2 5 6 7 3 9 10 1
Aao 145 | 119 | 112 | .16 | 1.16 | 117 | 14 108 | 126 | 1.25 | 1.06
Intercept
(LDSC) 11 1.02 | 102 | 1.02 | 1.03 1.01 1.1 1.02 | 105 | 1.04 | 1.02
(0.012) | (0.011) | (0.011) | (0.011) | (0.01) | (0.011) | (0.014) | (0.009) | (0.012) | (0.012) | (0.001)

Table 4.1: Genomic control inflation factors (Agc) and LD score regression intercepts for
the 11 topics. Values in the brackets following the intercepts are the standard deviations
of estimates.

Comparison of the results given by topic-GWAS and single-code GWAS

For the 100 ICD-10 codes and the 296 phecodes mapped from the 100 ICD-10
codes, we ran the single code GWAS. Meanwhile, with the 11 topics inferred for
the 100 codes, we also ran topic-GWAS. Figure 4.7 compares the total number of
significant loci found by the topic-GWAS and single code GWAS using ICD-10 codes
and phecodes as traits. It can be seen that about two thirds of the topic-associated
loci are also associated with at least one ICD-10 code and phecode. However, a
large number of loci (90 % of ICD-10 codes associated loci and 89 % of Phecodes
associated loci) are associated with single codes but not topics, which suggests that
most loci are specific to individual diseases, and only a minority of loci are shared
by multiple diseases, therefore being associated with topics.

phecodes and I

Figure 4.7: The overlap of significant loci found by topic-GWAS and single code GWAS.
A, The total number of significant loci (P < 5 X 10~8) found by topic-GWAS and single
code GWAS using ICD-10 codes as traits, and the overlap of these two sets of loci. B,
The total number of significant loci found by topic-GWAS and single code GWAS using
phecodes, and their overlap. C, The overlap of significant loci found by topic-GWAS and
GWAS using either ICD-10 codes or phecodes.

Defining new traits related to multiple disease codes using existing
clinical ontology

treeLFA learns topics of diseases based on the co-occurrence of diseases, which
in essence defines new traits that are related to multiple diseases in a data-driven
way. Another common option to group multiple diseases into new traits is to use
an expert-led method. For instance, based on the hierarchical structure encoded

DRAFT Printed on October 19, 2022



106 4.2. GWAS on inferred topic weights as continuous traits

in the available disease classification systems, we can easily join several diseases
(subtypes of diseases) into a single trait for GWAS.

To be more specific, we used all the internal codes (blocks of categories of
diseases and chapters of diseases) of the two disease classification systems (ICD-10
and phecodes system) as binary traits for GWAS. For instance, if codes A and B are
both under a common parent code C on the hierarchical structure of disease codes,
then C will be used as the new trait, and all patients who were diagnosed with either
A or B will all be positive for C. For the 100 ICD-10 codes there are 68 internal
codes in the above two layers, and for the 296 phecodes there are 136 internal codes.

GWAS was run on these internal codes as binary traits, and the overlap of
internal codes associated loci and topic-associated loci were plotted in Figure 4.8.
With internal codes used as traits, fewer significant loci were found compared to
GWAS using terminal codes as traits. However, there are still many topic-associated
loci that cannot be identified by the single code GWAS on internal codes as traits,
which indicates the added value of data-driven approaches like treeLFA.

A

68 internal ICE

136 internal

e FA topics ehFA topics

Figure 4.8: The overlap of significant loci found by topic-GWAS and single code GWAS
for categories of codes (internal nodes on the tree structure of codes). A, Numbers of
significant loci found by topic-GWAS and single code GWAS with internal ICD-10 codes
as traits. B, Numbers of significant loci found by topic-GWAS and single code GWAS
with phecodes as traits.

Comparison of topic-GWAS results based on topic weights inferred by
the three related topic models

In Chapter 3, we trained three types of related topic models on the top-100
dataset, and found that they inferred similar topics. In particular, treeLFA and
flatLFA’s inferred topics were almost identical. On the other hand, the topics
inferred by treeLFA and LDA are slightly different. In this section, we compared
the topic-GWAS results for the three models.

In addition to topics inferred by treeLFA, topic-GWAS was also run on topic
weights for the 11 topics inferred by flatLFA and the 10 topics inferred by LDA.
For LDA, only people with at least one diagnosed disease code can be used as
input for inference. For topic-GWAS, there are two options to deal with individuals
without any diagnoses. We can either exclude them from the topic-GWAS or
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we can include them and give them small random weights for all the ten disease
topics. We considered both methods, and found that excluding these healthy
people resulted in larger power for topic-GWAS. With healthy people excluded, 68
significant loci were found for the ten disease topics. With them included, only
41 significant loci were found. Based on this result, we decided not to include
healthy people into the topic-GWAS for LDA.

Figure 4.9 shows the topic-GWAS results for the three topic models. Topics are
realigned such that the similar topics inferred by the three models are adjacent.
We find that treeLFA and flatLFA topics have very similar numbers of significant
loci, which is reasonable considering topics inferred by the two models are almost
identical. Meanwhile, treeLFA topics identify more significantly associated loci than
LDA topics. In addition, two thirds of the loci associated with LDA topics are also
associated with treeLFA topics, suggesting running topic-GWAS with treeLFA’s
inference results provides us with increased power.
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Figure 4.9: Comparison of topic-GWAS results for the three related topic models. A,
The numbers of significant loci (P < 5 x 1078) for topics inferred by treeLFA, flatLFA
and LDA. The first topic is the empty topic, which was only inferred by treeLFA and
flatLFA but not LDA. B, The total numbers of significant loci for all the treeLFA and
flatLFA inferred topics, and their overlap. C, The total numbers of significant loci for all
the treeLFA and LDA inferred topics, and their overlap.
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4.2.5 Topic-associated loci

After performing topic-GWAS we checked detailed association signals in the
topic-associated loci. The software “locuszoom” [149] was used to generate regional
Manhattan plots for topic-associated loci. To compare the P-values given by the
topic-GWAS and single code GWAS for the same set of SNPs, regional Manhattan
plots for single code GWAS results for the top active codes in the corresponding
topic were also generated.

Figure 4.10 shows the regional plots for a significant locus for Topic 9 inferred
by treeLFA as well as the regional plots for this locus for five top active codes in
this topic (E78, 110, 120, 121, 125). The lead SNP in this locus is rs1374264, which
is associated with the topic but not any of the top five active codes in the topic. In
fact, this SNP is not associated with any of the 100 ICD-10 codes. However, for
codes 110 and 125, the P-values for their lead SNP are smaller than 10~5, which
is considered suggestive. This demonstrates that running topic-GWAS provides
larger statistical power for certain loci. Figure 4.11 shows another example (the
lead SNP is rs1183910). However, in this case the lead SNP is not only associated
with the topic but also the code E78 (Disorders of lipo-protein metabolism and
other lipidaemias). It is noteworthy that the P-value given by the topic-GWAS
for this SNP is larger than the P-value given by the single code GWAS for ET78,
indicating the single code GWAS for this variant may have larger power. Figure
4.12 plots the P-values for all the 50 Topic 9 associated loci (lead SNPs) given by
the topic-GWAS and the single code GWAS for the five top active codes in Topic
9. For 49 among the 50 topic-associated loci, there are no more than two single
code GWAS give smaller P-values for the lead SNP than the topic-GWAS.

4.2.6 topic-GWAS results for models with different numbers
of topics

In Section 3.3.6 we studied the evolution of inferred topics across treeLFA models
with different numbers of topics. We found that when the number of topics is
sufficiently high, the inferred topics are stable across different models. Based on the
previous results, in this section we studied how the strength of genetic associations
varies across models. To do this, we carried out topic-GWAS for all topics in all
treeLFA models (models set with 2-20, 50 and 100 topics).

First, we checked the total number of loci associated with all topics in different
models, as well as the number of loci that are only associated with topics but not
single ICD-10 codes (Figure 4.13). With increasing numbers of topics, the total
numbers of topic-associated loci also increases. In contrast, for different models
the numbers of loci that are only associated with topics but not any ICD-10 code
do have such an increasing trend. However, this doesn’t necessarily mean that all
models found the same set of loci that are uniquely associated with topics (for
instance, different models can have different topic-associated loci).

To visualize the associations between one SNP and topics in different models,
the tree structure of topics from different models (see Section 3.3.6) was used again.
For all topics on the tree, regressions of their topic weights against the genotype
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Figure 4.10: Regional plots for a significant locus for Topic 9 and five top active codes
in the topic. The lead SNP of this locus is rs1374264 (2:164999883). SNPs within this
locus having records in the GWAS catalog are marked on the top of the figure.

for the SNP of interest were performed, controlling for standard covariates (age,
sex and the first ten PCs). In Figure 4.14, the results for two SNPs are shown.
Nodes (topics) on the tree were colored using the -logl0 (P-value) for the genotype
variable in the corresponding regressions.

This procedure was repeated for many SNPs, and we discovered that most SNPs
were mainly associated with a single branch of nodes in the tree. This suggests the
genetic associations are also stable across the tree structure of topics.
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Figure 4.11: Regional plots for a significant locus for Topic 9 and five top active codes
in the topic. The lead SNP of this locus is rs1183910 (12:121420807).

4.3 Validation of topic-associated loci

4.3.1 Replication of GWAS on the testing data

With the full UKB dataset split into a training (80 % individuals) and a testing
(20 % individuals) dataset, for the purpose of validation we replicated GWAS on
the testing data using both the 100 ICD-10 codes and the 11 topics as traits. Topic
weights for individuals in the testing dataset were unknown and needed to be
inferred. We ran the Gibbs sampler for treeLFA on them to get posterior samples
of topic assignment variables (Z) for them and approximated their topic weights
(), with topics (¢) and « fixed at values inferred from the training dataset. The
genetic variants, covariates and methods used for GWAS were same as the training
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Figure 4.12: Comparison of the P-values for topic-associated loci obtained by single
code GWAS and topic-GWAS. For the 50 lead SNPs associated with Topic 9, their -log10
(P-values) given by the topic-GWAS and the single code GWAS for the top five active
codes in Topic 9 are plotted on x and y-axes respectively. Each line corresponds to a locus,
and there are five nodes on each line, showing the P-values given by the five single-code
GWAS for the same SNP (12:121420807).
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Figure 4.13: The total number of loci associated with any topic in treeLFA models.
Models with 2-20,50,100 topics were trained and posterior samples of inferred topics were
clustered. topic-GWAS was performed for all topics in these models. The red line shows
the total number of loci associated with any topic in models, the blue line shows the
number of loci found by topic-GWAS but not single code GWAS for any topic in these
models.

data. In total, there were 88,157 British individuals in the testing data, which

meant the testing dataset was about one fourth of the size of the training data.
P-values given by GWAS on the testing data for significant lead SNPs found on

the training data were checked. There were 159 significant lead SNPs for the 11
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Figure 4.14: Associations between one SNP and topics in all models. Each node on the
tree is a topic inferred by a specific model, and nodes in each layer of the tree correspond
to all topics inferred by a model. Nodes are colored according to the P-value for the
genotype variable in the corresponding regression. Only topics that are significantly
(P < 5 x 1078) associated with the SNP of interest are highlighted with color. A, Result
for SNP rs143384. B, Result for SNP rs57263982.

topics, and 1,168 significant lead SNPs for the 100 ICD-10 codes (some loci were
associated with multiple topics/codes, and they were counted multiple times here,
so these numbers were different from those in Section 4.2.4). The density plots
for P-values given by single code/topic-GWAS had similar profiles (Figure 4.15),
though differences also existed. Overall, P-values given by topic-GWAS were slightly
larger than the P-values given by single code GWAS for significant lead SNPs found
on the training data, but in general these results suggested that topic-GWAS and
single code GWAS had similar generalization abilities.

4.3.2 Validation using the GWAS catalog

Due to the small size of the testing data, many discoveries made by single
code/topic-GWAS were not replicated in the previous section. In addition to
repeating GWAS on the testing data, there are other ways to validate topic-
associated loci. Although none of these analyses would be decisive, they can still
provide supporting evidence for the reliability of topic-GWAS results. In this section,
we will use two other methods to validate the topic-associated loci.

Firstly, we used the GWAS catalog [150] as an external empirical criterion
to validate the topic-GWAS results. The GWAS catalog is a publicly available,
manually curated collection of GWAS results. At 1st September 2016 it had already
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Figure 4.15: Density plots for P-values given by single code/topic-GWAS on the testing
data. Both single-code/topic-GWAS were replicated on the testing data, using the 100
ICD-10 codes and weights for the 11 topics as traits. P-values of SNPs found by GWAS
on the training data as significant lead SNPs were checked, and their density plots were
shown.

contained 24,218 unique SNP-trait associations reported in 2,518 publications [151].
For our topic-associated lead SNPs, if SNPs in LD with them (SNPs in the same
locus) had already been recorded in the GWAS catalog, then it will be more likely
that the topic-GWAS results are reliable, since SNPs recorded in the GWAS catalog
are more likely to be functional and have phenotypic associations compared to
SNPs that are not in the GWAS catalog. Notably, SNPs in the GWAS catalog
that were found by studies using UKB data were also included, and the threshold
of P-value for SNPs in the GWAS catalog is 1075,

We downloaded the full GWAS catalog from its official website [150], and
clumped all SNPs in the GWAS catalog to topics associated lead SNPs using
PLINK (r? > 0.5). Figure 4.16 shows the total numbers of loci (lead SNPs)
associated with topics, the numbers of loci associated with topics but not any single
code, and the proportions of them with a record in the GWAS catalog (which
means at least one SNP in LD with it had a record in the GWAS catalog). As
can be seen, for most topics at least 60% of their associated loci had already been
discovered by other genetic studies. This is also the case for topic-associated loci
that are not associated with any ICD-10 code.

4.3.3 Validation using functional genomics resources

With significant loci found by GWAS, usually the next thing to do is carrying
out functional analyses to shed light on its biological functions. Our study does
not intend to dive deep into the functional genomics analyses at the current stage.
However, many standard functional analyses can be used to validate the topic
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Figure 4.16: Proportions of topic-associated loci with a record in the GWAS catalog.
The red and green bars show the total numbers of loci associated with topics, and the
numbers of loci associated topics but not any single code. The dots denote the proportions
of loci with a record in the GWAS catalog. For topics with no associated loci, the
corresponding proportions are not shown.

associated loci.

Firstly, we can annotate the lead SNPs found by the topic-GWAS based on data
in various genomic databases. If most topic-associated SNPs have high functional
activities, then the reliability of topic-GWAS results will be further increased. At
present there are a variety of scoring systems to annotate SNPs. For instance, the
Regulome DB (rdb) score [152] is used to evaluate the regulatory potentials of SNPs.
The latest version of the rdb score (a probability that a variant is regulatory) is given
by a computational model which combines features from the original RegulomeDB
database and the DeepSEA to predict the effects of variants on expression in
promoters and enhancers [153]. Besides, we also use the chromHMM states [154]
predicted by an algorithm based on epigenomic markers to classify the functional
role of a genomic region in which a specific SNP sits. In different tissues the
chromHMM states for the same locus can be different, and there are 127 tissues for
which we have predicted chromHMM states. As rdb score, a smaller value for the
chromHMM state means a genomic region has a more active functional role.

Currently, analyses such as annotations of SNPs can be easily done using software
like “FUMA” [155], in which many sorts of functional analyses are implemented and
integrated. Besides annotating SNPs, FUMA can also map SNPs to genes using
different methods, including positional mapping, eQTL (expression quantitative
trait loci) mapping and chromatin interaction (CI) mapping. With the mapped
genes, a wide variety of downstream analyses such as gene set enrichment analysis
and tissue enrichment analysis can be carried out. For the purpose of validation,
we calculated the proportions of topic-associated lead SNPs that are eQTL or
having CI in various tissues, and compared these proportions with the proportions
of a large number of random SNPs.

Annotation of topic-associated loci

To assess if topic-GWAS found true genetic associations, we randomly selected
10,000 SNPs from all the common SNPs (M AF > 0.01, 656285 SNPs in total) in
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UKB as reference, and carried out the same functional analyses on three groups
of SNPs: all lead SNPs associated with topic but not any single code, all topic-
associated lead SNPs, and the random SNPs. Results for the three groups of SNPs
are compared to see if the two groups of topic-associated lead SNPs have similar
profiles that are different from that of the random SNPs. Since most topics only
have a small numbers of associated loci, we combined the lead SNPs for different
topics as the input for functional analyses. The software FUMA was used to carry
out the functional analyses. The latest version of the rdb scores for SNPs were
obtained from the official website (https://regulomedb.org/regulome-search/).
In Figure 4.17A, the distribution of rdb scores among the three groups of lead
SNPs are compared. Overall, the two groups of topic-associated lead SNPs have
larger rdb probability (of being functional variants) than random SNPs. However,
the differences are not large. Besides, the group of all topic-associated SNPs have
larger rdb scores than the group of SNPs only associated with topic. In Figure 4.17B
the proportions of lead SNPs in different chromHMM states are shown for the three
groups. The two proportion z-test was used to compare the proportions of random
SNPs with the corresponding proportions for the other two groups. For chromHMM
states 1 and 4 (correspond to transcription starting sites, or genomic regions that are
strongly transcribed), topic-associated lead SNPs have much larger proportions than
random SNPs. While for states 2 and 5, random SNPs have larger proportions. For
the remaining states, the three groups have negligible differences. Overall, the rdb
scores and chromHMM states for the three groups of SNPs provides some evidence
that the two groups of topic-associated SNPs have different functional enrichment
profiles compared to random SNPs. However, most differences between the random
SNPs and SNPs associated with only topics are insignificant. These are likely to be
caused by the small number of lead SNPs that are only associated with topics.
In Figure 4.18, the proportions of SNPs that are eQTL and have CI in various
tissues are shown for the three groups. The eQTL data used in the analysis comes
from the “GTEv8” dataset, and the CI data comes from the “GSE87112” dataset.
It is very apparent that the profiles for the two groups of topic-associated lead SNPs
are very similar, which are quite different from that for random SNPs. For most
tissue types, the group of all topic-associated lead SNPs have significantly larger
proportions compared to random SNPs, while the differences between random SNPs
and lead SNPs only associated topics are mostly insignificant, which again suggests
the lack of power for detecting statistical significance for this small group of SNPs.

4.4 (Genetic risk prediction based on topic-GWAS
result

In addition to the two methods discussed in the previous section, a more
convincing way to validate the topic-GWAS results is to use them for prediction
on the testing dataset. Because individual variants’ effects on traits of interest are
usually small, a common way to estimate individuals’ genetic liability to diseases
is to aggregate the effects of a large number of variants to build polygenic risk

DRAFT Printed on October 19, 2022



116 4.4. Genetic risk prediction based on topic-GWAS result

0.50

rdb score

STATE NO.MNEMONIC DESCRIPTION
1

all topic-associated loci . random loci loci associated with topics

loci 2 but not single codes

proportions
o o o
o o &

o

5

6

] 1 7
» s

.2 - 9
10

i I I "
I I 12

0.0 l | ; - - —mm _ s
iz ¢ i 5 6 7 g 5 1 1

s

3 7 & 9 o 1 12 13 14 15
chromHMM states

Figure 4.17: Validation of topic-associated loci with functional annotations. A, The
distribution of rdb scores for three groups of SNPs (all topic-associated lead SNPs, 10,000
random SNPs and lead SNPs associated with topic but not any single code) were compared.
B, The proportions of the three groups of SNPs having different chromHMM states were
compared. The chromHMM states for all genomics regions were predicted in 127 tissues.
A genomic locus can be in different chromHMM states in different tissues. In our study
we used the minimum chromHMM state across all the 127 tissues for each locus. The
two proportion z-test was used to compare the proportions for random SNPs with the
proportions for each of the other two groups of lead SNPs, and significant results were
highlighted with *. The purple * corresponded to the comparison between random SNPs
and all topic-associated lead SNPs, while the black % corresponded to the comparison
between random SNPs and lead SNPs only associated with topic. Bonferroni correction
was used to adjust for multiple hypotheses testing.

scores (PRS) for diseases [156].

4.4.1 PRS for topics

The full top-100 UKB dataset was split into a training dataset (80 % people) and
a testing dataset (20 % people). With topics viewed as newly defined continuous
traits, PRS for topic weights can be constructed based on topic-GWAS results on
the training data, and evaluated on the testing data.

The software “PRSice-2” was used to build the optimal PRS for topics [157].
PRSice-2 uses a “C+T (clumping and thresholding)” method for constructing PRS,
which means for each trait (topic) the software tries multiple thresholds for the
P-values of SNPs, and then decides the best threshold. Meanwhile, clumping will be
done for SNPs such that the selected SNPs are largely independent with each other.
For each topic, the optimized PRS for all individuals in the testing dataset are output
by PRSice, together with various summary statistics for the evaluation of the PRS.
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Figure 4.18: Validation of topics associated loci using eQTL and chromatin interaction
data. The proportions of all topic-associated lead SNPs and lead SNPs only associated
with topic but not any ICD-10 code that are eQTL in different tissues (GTEv8 dataset)
were compared to the proportion of random SNPs. The two proportion z-test was used
to find significant differences between proportions. Significant results were highlighted
with *. The purple * corresponded to the comparison between random SNPs and all
topic-associated lead SNPs, while the black * corresponded to the comparison between
random SNPs and lead SNPs only associated with topic. Bonferroni correction was used
deal with multiple hypotheses testing. B, The proportions of the three groups of SNPs
that have chromatin interaction in different tissues (GSE87112 dataset) were compared.

Table 4.2 displays the performance of PRS for the 11 topics on the testing dataset,
together with the heritabilities of the topics calculated using the LD score regression
[148]. All PRS for topics had significant associations with the corresponding topic
weights on the testing dataset. Both the PRS.R2 and the P-value indicate that
PRS for Topics 1, 7 and 9 had the best performance on the testing dataset. In
Figure 4.4 we can see these three topics have the largest numbers of significantly
associated loci, which may indicate they have stronger genetic basis.

4.4.2 PRS for single codes based on topic-GWAS results

According to the generative process of treeLFA, to generate a positive disease
code for a person, a topic will be firstly sampled for the corresponding disease
variable and assigned to it. This means the generation of disease codes are mediated
by multiple topics, and a person’s probability of getting a disease code is related
to the his or her weights for certain topics (in which the disease code is active).
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topic | PRS.R2 Heritability | P NUM_ SNP Threshold
1 0.021 0.09 0 224380 1

2 0.0056 0.04 1.36 .10~ 110 224544 1

3 0.0013 0.024 8.04-10~2%7 68706 0.186
4 0.004 0.032 8.89 - 1081 224745 1

5 0.005 0.032 3.13-10° %8 224558 1

6 0.004 0.036 2.59 - 1080 121653 0.383
7 0.019 0.075 0 224386 1

8 0.0017 0.017 7.74.1036 93983 0.28
9 0.0099 0.068 5.65 - 10— 212 89123 0.244
10 0.0075 0.052 2.05 .10 154 128564 0.404
11 0.0006 0.01 1.76 - 1013 93153 0.28

Table 4.2: The performance of PRS for the 11 topics on the testing dataset. All results
are output by the software PRSice-2, except for the heritability of topics, which are given
by LDSC. PRS.R2: phenotypic variance explained by the PRS. P: P-value of the model
fit. NUM_SNP: the number of SNPs used to construct the PRS. Threshold: threshold
used by PRSice-2 for the P-values of SNPs.

Considering this relationship between topics and single disease codes, we seek to
predict the risks of single disease codes using the topic-GWAS results.

In this section, we used PRS for topics to construct PRS for single ICD-10 codes.
To be more specific, we constructed the PRS for an ICD-10 code as the sum of
PRS for the 11 topics weighted by the probabilities of the ICD-10 code in the 11
topics. Meanwhile, as the benchmark we also constructed PRS for the 100 ICD-10
codes with single code GWAS results in the standard way. In summary, two types
of PRS for ICD-10 codes were constructed, based on single code GWAS results and
topic-GWAS results respectively. The performance of the two types of PRS were
evaluated using their AUC on the testing dataset, and compared with each other.

In Figure 4.19, the performance of the two types of PRS are compared and
the same results are presented in different forms. Figure 4.19A directly plots the
AUC of the two types of PRS for the 100 ICD-10 codes, and Figure 4.19B plots the
difference of AUC for the two types of PRS. For 66 ICD-10 codes, PRS based on
topic-GWAS results (topic-PRS) have larger AUC than the PRS based on single
code GWAS results (code-PRS), though the differences of AUC are usually not
large (for most of these ICD-10 codes the increase in AUC range from 0.01 to 0.04).

Notably, ICD-10 codes from different chapters in the ICD-10 coding system have
different patterns regarding the relative performance of the two types of PRS. For
instance, for all the four ICD-10 codes from Chapter 5 (mental and behavioural
disorders), the topic-PRS have larger AUC than code-PRS, and the differences
of AUC are all quite large (AU Cyg;5¢ = 0.017, 0.011, 0.023 and 0.038 for codes
F10, F17, F32 and F47), suggesting shared genetic components for these diseases.
Among the 20 ICD-10 codes from Chapter 13 (Diseases of the musculo-skeletal
system and connective tissue), 14 codes have larger AUC for topic-PRS, and only
six have larger AUC for code-PRS. A similar result was seen for ICD-10 codes
from Chapter 11 (diseases of the digestive system), since 18 ICD-10 codes in this
chapter have larger AUC for topic-PRS, and only three ICD-10 codes have larger
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AUC for code-PRS. On the contrary, for Chapter 2 (Neoplasms) seven out of 11
codes have larger AUC for code-PRS.

In addition, most codes for which code-PRS performed better had large numbers
of associated loci, and by contrast, most codes for which topic-PRS performed
better had zero or very few associated loci (Figure 4.19C).
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Figure 4.19: Comparison of PRS for ICD-10 codes constructed with topic-GWAS and
single code GWAS results. A, AUC of PRS for the 100 ICD-10 codes constructed using
single code and topic-GWAS results. B, Difference in the AUC of the two types of PRSs.
Bars are colored according to which type of PRS have better performance. C, The
numbers of significant loci found by single code GWAS for the 100 ICD-10 codes. Bars
are colored the same way as in Figure 4.19B.

4.4.3 Comparison of treeLFA and LDA based on the per-
formance of topic-PRS

Till now, the comparison of the three topic models (treeL.FA, flatLFA and LDA)
have been done from multiple aspects (inference result, predictive likelihood and
topic-GWAS result). We have found that on the top-100 dataset, treeLFA and
flatLFA had very similar inference and topic-GWAS results. For LDA, its inferred
topics are slightly different from that for treeLFA, and in Section 4.2.4 we saw that
LDA-inferred topics have fewer associated loci than treeLFA topics, which possibly
indicates that treeLFA provides more power for genetic discovery.

To further verify the above observation that topic-GWAS based on treeLFA’s
topics provides more power, we built PRS for single codes based on the topic-GWAS
results for treeLFA and LDA and compared the performance of these two PRS.
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In Figure 4.20 the AUC of PRS constructed using treeLFA and LDA’s topic-
GWAS results are compared. For 99 ICD-10 codes, the AUC of PRS based on
treeLFA’s topics are larger. This result indicates that topic-GWAS using treeLFA’s
topics have a better generalization ability.

Figure 4.20: Comparison of AUC of PRS for ICD-10 codes based on treeLFA and LDA
inferred topics. Bars are colored according to which type of PRS have better performance.

. LDA topics better
[ treeLFA topics better
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4.4.4 Comparison of different topic-GWAS methods based
on the performance of topic-PRS

In Section 4.2.4, three topic-GWAS methods using different transformations on
topics weights (no transformation, logit transformation and rank transformation)
were compared. The results showed that with logit transformation on topic weights,
the largest numbers of topics associated loci were found. In this section, we further
verified this findings via comparing the topic-PRS for single codes based on the
three topic-GWAS methods.

As is shown in Figure 4.21, for 87 ICD-10 codes the topic-PRS based on topic-
GWAS using logit transformation had larger AUC than the topic-PRS based on
topic-GWAS with rank transformations. Meanwhile, for 95 ICD-10 codes the
topic-PRS based on topic-GWAS using logit transformation had larger AUC than
that using no transformations (Figure 4.21B).

Overall, these PRS results further support the previous findings, that topic-
GWAS using treeLFA topics and logit transformation on topic weights is the best
methods among those under comparison.

4.5 Other GWAS methods for topics

4.5.1 Univariate multi-trait GWAS methods for active codes
in inferred topics

The topic-GWAS used in previous sections is a natural choice for running GWAS

on inferred topic weights. However, it is not always feasible to generalize this

method to other cohorts. Because to carry out the topic-GWAS, the full diagnostic
records for all people in the cohort are required to infer their weights for the topics.
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Figure 4.21: Comparison of the AUC of topic-PRS for single codes given by different
topic-GWAS methods. Bars are colored according to which type of PRS have better
performance. A, Comparison of topic-PRS based on topic-GWAS using logit and rank
transformation on topic weights. B, Comparison of topic-PRS based on topic-GWAS
using logit and no transformation on topic weights.

For many large cohorts, only limited phenotypic information is available, making it
difficult to apply multivariate GWAS methods that require individual level data.

As was discussed in Chapter 1, a more flexible way to carry out multi-trait
GWAS is to use univariate methods that only require the summary statistics of
single trait GWAS as input. Researchers usually select a few traits of interest,
and use univariate methods to jointly analyse the single trait GWAS results for
these traits. Now with topics of diseases learnt from biobanks, it is reasonable to
choose the top active disease codes in topics as the traits of interest for univariate
multi-trait GWAS methods, since top active codes are identified by treeLFA as
being more likely to co-occur on the same individuals.

We tried this idea using the flexible meta-analysis framework developed by zhu,
et al. (2015) named “CPASSOC” (Cross Phenotype Association) [48], which uses
the summary statistics given by single trait GWAS for multiple correlated traits
as input. CPASSOC allows integrated analysis of different types of traits (binary,
continuous). The key assumption of CPASSOC is that the t-statistics of the traits
follow a multivariate normal distribution with zero mean under the null. As for the
output, CPASSOC defines a new summary statistics for all traits, which measures
the evidence that at least one trait is associated with the variant being analyzed.
The effects of the variant on traits can be either homogeneous or heterogeneous,
and two different statistics (Shome and Spet) are defined for the two scenarios to
achieve the largest power. The details of the method is provided in Appendix A.
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4.5.2 Example results with the top-100 UKB data

To experiment with CPASSOC, which is used as a representative of univariate
multi-trait GWAS methods, we selected two topics inferred by treeLFA and used
the top active codes in these topics as the traits for CPASSOC. These two topics
are Topics 9 and 6 inferred by the treeLFA model with 11 topics for the top100
UKB dataset. In Topic 9, the top five active codes (E78,110,120,121,125) were chosen
for CPASSOC. In Topic 6, three top active codes were chosen (M17, M23 and
M25). The summary statistics given by the single code GWAS for these codes were
used as the input for CPASSOC, and the result given by CPASSOC is a single
P-value for all the traits for each variant. The total numbers of significant loci
given by the topic-GWAS and CPASSOC were compared.

For Topic 9, 68 and 150 significant loci were found by CPASSOC (Shomo and
Shet), which are more than the number of significant loci found by the topic-GWAS
(50 loci). For Topic 6, seven (Shomo) and 17 loci (Shet) were identified by CPASSOC.
The overlaps of significant loci found by the topic-GWAS and CPASSOC (Shomo
and Spet) are plotted in Figure 4.22.

Figure 4.22: Comparison of the GWAS results given by topic-GWAS and a univariate
multi-trait GWAS method. topic-GWAS was performed for topic 9 and 6, and CPASSOC
(both Shomo and Shet) was performed for the top active codes in the two topics respectively.
A, Numbers of significant loci found by topic-GWAS and CPASSOC (Shomo) and their
overlap for topic 9. B, Numbers of significant loci found by topic-GWAS and CPASSOC
(Shet) and their overlap for topic 9. C, Results given by topic-GWAS and CPASSOC
(Shomeo) for topic 6. D, Results given by topic-GWAS and CPASSOC (Shet) for topic 6.
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4.6 Discussion

In this chapter, we focused on carrying out genetic association study using the
inference result given by treeLFA. First of all, we ran topic-GWAS on people’s
inferred weights, and compared the result with that given by the standard single
code GWAS. Many single codes associated loci were found to have pleiotropic
effects (associated with topics), and new loci were also identified by topic-GWAS.
As before, the topic-GWAS results for different topic models and treeLFA models
with different numbers of topics were compared respectively, and the results were in
agreement with our findings in the previous chapters, that treeLFA outperformed
LDA, and association signals are stable across different treeLFA models. Loci
associated with topics were validated in different ways, and topic-GWAS results
were used to construct PRS for both topics and codes, which for one thing validated
the topic-GWAS results using the testing data, and for another thing provided
insights for better risk prediction for single codes. Lastly, we explored methods
other than the topic-GWAS to make use of the inference result given by treeLLFA,
and got promising preliminary results.

4.6.1 topic-GWAS results
topic-GWAS and single code GWAS

The standard way of running GWAS is to focus on one trait (disease code) at a
time. In our study, GWAS was run on inferred topic weights as continuous traits.
In general, single code GWAS found much more significant loci than topic-GWAS.
The overlap of significant loci found by the two GWAS methods was quite large
relative to the number of topics associated loci, indicating some known single codes
associated loci have pleiotropic effects. It would be interesting to compare the effect
sizes of the same loci on single codes and topics, but this is not straightforward
to do, since topics and single codes are two different types of traits, and different
GWAS methods were used for them.

On the other hand, topic-GWAS also found non-small numbers of significant loci
that were not identified by single code GWAS. By checking the regional Manhattan
plots, we found that for most loci that were only associated with topics, their
P-values given by single code GWAS for some active codes in these topics were only
slightly below the genome wide significance threshold. These findings are within
our expectation, since topics associated loci in theory should influence the risks of
at least some active codes in the corresponding topics. However, single code GWAS
might not be powerful enough to detect these associations. By joining single codes
into topics, we in fact have more cases for the GWAS, thus we can now find these
associations with a larger power provided by the topic-GWAS.

As for the large number of loci that are only found as significant by the single
code GWAS, the reason might be that most loci are still specifically associated with
limited number of disease codes. Since these loci do not have effects on other active
codes in the same topic, topic-GWAS for the whole topic would be unable to detect
them. Besides, it is worth mentioning here that treeLFA inferred the topics based
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entirely on the phenotype data, instead of aiming to maximize the power to find
phenotypic associations for a certain locus, as some of the methods discussed in
Chapter 1 did (for example, the “PHCAT?”). This is a reasonable choice, since the
thesis put more emphasis on understanding the high-dimensional phenome data,
instead of developing new methods for the in-depth study of certain important loci.

topic-GWAS for treeLFA and LDA

As was discussed in Section 4.2.4, more significant loci were found for treeLFA
topics than LDA topics. Besides, most loci associated with LDA topics were
also associated with treeLDA topics, indicating a larger statistical power for the
topic-GWAS using treeLFA inferred topics. These two topic models are different
in their configurations, therefore the differences in inference and topic-GWAS
results are not surprising. However, the exact reasons for the differences are
still not completely clear.

There are a few possible explanations to these differences, and we made some
attempts in exploring them. Firstly, topic weights inferred by treeLFA may have
larger variance, and as a result, more associations can be detected for them. We
calculated the variance of topic weights for the ten disease topics inferred by both
treeLDA and LDA, and found that the topic weights inferred by LDA have larger
variance. This is reasonable since treeLFA usually assigns large weight to the empty
topic for most people such that the remaining disease topics have to share less total
weight, while LDA doesn’t infer the empty topic. This result indicates the larger
power for treeLFA is not resulted from introducing larger variance to the traits.

Secondly, the difference in topic-GWAS results may also be caused by the
correlation structure among topic weights. We examined the correlation between
topic weights for the two models (Figure 4.23). For treeLFA, the empty topic has
weak negative correlations with all the other diseases topics, while the disease topics
have no correlation with each other (Figure 4.23A). For LDA, all the inferred topics
have weak negative correlations (Figure 4.23B). This is in fact a property of the
Dirichlet distribution, that weights for different topics will be negatively correlated
[158]. The approximate independence between treeLFA’s topic weights is desirable
in terms of defining new traits for GWAS, while the negative correlation between
the empty topic and other disease topics is also reasonable from a biological point
of view. Overall, different correlation structure among the inferred topics for the
two models may be one of the reasons for their different topic-GWAS results.

4.6.2 PRS for topics

With the topic-GWAS results, we constructed PRS for topics, and evaluated them
on the testing dataset. The performance of PRS for topics on the testing dataset
was good, and was also consistent with the total numbers of associated loci we found
for topics, suggesting different topics may have different levels of genetic relevance.

More interestingly, we constructed PRS for single codes using the topic-GWAS
results. This is to some extent equivalent to decomposing the risk for a single disease
code into different pathways in the form of topics of diseases. Surprisingly, we
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Figure 4.23: Correlation of topic weights for topics inferred by treeLFA and LDA. A,
Correlation of topic weights for the 11 topics inferred by treeLFA. B, Correlation of topic
weights for the ten topics inferred by LDA.

found that for a large number of ICD-10 codes, the performance of the PRS based
on topic-GWAS result (topic-PRS) are better than the PRS based on single code
GWAS result (code-PRS). Since treeLFA is a linear matrix factorization method, in
theory the linear decomposition of disease risk shouldn’t result in large improvement
in prediction. Diving into these results, we obtained a few important insights.

Firstly, for most codes for which topic-PRS have better performance, their single
code GWAS didn’t find many significant loci (many of these single codes have no
associated loci). This is very likely caused by the lack of enough statistical power for
the single code GWAS. Topic-GWAS, which attains larger power for discovery by
joining single disease codes into topics, achieves more accurate estimates for the effect
size of associated variants, and therefore improves the risk prediction for these single
codes. On the contrary, for those codes for which code-PRS gave better performance,
their single code GWAS usually found a large number significant loci (Figure 4.19).
This indicates that these single codes have very strong genetic components, and
it is also reasonable to assume that many of their associated loci with large effect
sizes are specifically associated with these codes, therefore joining these codes with
other codes into topics can interfere with the risk prediction for these codes.

Another possible reason for topic-PRS giving better performance is that certain
loci may have opposite or different effects on different subtypes of a disease.
By decomposing the occurrence of a disease into separate pathways (topics),
heterogeneous effects of some loci can be detected and used for prediction. However,
considering the large number of loci used for constructing the best PRS for topics
4.2, this shouldn’t be the main reason for the superior performance given by
topic-PRS over code-PRS.

Secondly, we also noticed that the relative performance of the two types of
PRS is related to the ICD-10 chapters where the single codes come from. For

DRAFT Printed on October 19, 2022



126 4.6. Discussion

mental diseases, GI (gastro-intestinal) diseases and immune diseases, we found
that most codes benefited from the topic-GWAS in terms of risk prediction, which
suggests shared genetic components among these diseases. Overall, our analyses
systematically demonstrate for which groups of diseases should we devote more
efforts in understanding their common genetic risk factors.

Apart from the biological insights, PRS for single codes based on PRS for topics
also provides us with a criterion to directly compare different topic models and
topic-GWAS methods. This is because risk prediction for single codes is an objective
metric to measure the performance of different models and methods in the same
way. In agreement with previous results, we verified that for topic-GWAS, using
treeLFA inferred topics gave better result than using LDA topics, and applying
a logit transformation on topic weights is the best topic-GWAS method among
those under comparison. Lastly, evaluation of PRS for topics and PRS for single
codes based on topic-GWAS results demonstrated that the topic-GWAS results
obtained on the training dataset can be generalized to the testing dataset, which
in essence are also validations of the topic-GWAS results.

4.6.3 Other genetic analyses making use of inferred topics

With topics and topic weights inferred by treeLFA, the most straightforward
way to carry out genetic association study is to directly perform topic-GWAS on
topic weights as continuous traits. However, this analysis requires individual level
data for all people, and the availability of the full multi-morbidity information
to infer people’s topic weights, which to some extent restricts its application to
the deep phenotyped biobank data.

In the last section, we proposed another way to perform GWAS for topics, which
is to apply univariate multi-trait GWAS methods on top active codes in a topic.
In addition to widen the range of treeLFA’s application, another reason for doing
this is that topic-GWAS has its own limitations. For instance, we know almost for
certain that most topics associated loci have effects on most but not all the active
codes in a topic. For loci with heterogeneous effects on active codes in a topic,
topic-GWAS would have inferior power. Some multi-traits GWAS methods can
better deal with this situation (such as the Spes statistics for CPASSOC). Results in
Section 4.6 show that other multi-trait GWAS methods may have additional power
for discovery compared to topic-GWAS in certain scenarios. Undoubtedly, this
result still needs to be further validated. Nevertheless, in general it suggests that
topic-GWAS is not the only choice for studying the genetic associations of topics.

Regardless of the GWAS method to be used in future studies, analyses in this
chapter provides people with a new perspective on studying the genetic components
of multiple related diseases, and shows the value of integrating high dimensional
phenotype data in biobanks to boost the power of genetic association studies.
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5.1 Overview of the chapter

In the previous chapters, we applied treeLFA to the top-100 UKB dataset
constructed from the HES data in UK Biobank (UKB), and carried out downstream
analyses using the inference results. The top-100 dataset, however, was deliberately
limited in size, since we wished to train many different models for comparison.
Beyond the top 100 most frequent ICD-10 codes, in UKB there are still many
diseases with a prevalence suitable for inclusion into the topic modelling framework.
In this chapter, we constructed a larger input dataset for treeLFA, which contains
the records for 436 ICD-10 codes for all people in the UKB. Key analyses that had
been performed on the top-100 dataset were repeated on this new dataset, and
additional functional analyses were carried out for the topic-associated loci.
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128 5.2. The input dataset

5.2 The input dataset

The top-436 dataset was constructed in the same way as the top-100 dataset
used in the last two chapters, and contains the records of the top 436 most frequent
ICD-10 codes from the first 14 chapters of the ICD-10 coding system for all people in
UKB. These codes are all the ones in the UKB with a prevalence of at least 0.001 at
the date of selection (note that continued data collection means that prevalence will
tend to increase over time), corresponding to approximately 500 cases in UKB. The
prevalence threshold of 0.001 was chosen both for computational reasons (treeLFA
chains were run for about 10-12 days using 8 slots/“CPU cores” in parallel on
the cluster of BMRC (Biomedical Research Computing) platform) and because
there must be sufficient occurrence of disease from which to discover patterns of
multi-morbidity. As with the top-100 dataset, we also partitioned the full top-436
dataset into training (80 %) and testing (20 %) datasets. The top-436 dataset and
the top-100 dataset used different partitions for the training and testing datasets.

5.3 Inference results for the top-436 UKB dataset

5.3.1 Training strategy for the top-436 dataset

The top-436 dataset is more than three times larger than the top-100 dataset,
increasing the computational requirements for training. For the top-100 dataset,
treeLFA models with different numbers of topics were trained and compared. We
found that when we set an excess number of topics for the model, inferred topics
are stable across models with different numbers of topics (after clustering and
collapsing, particularly for the empty topics). Therefore, for the top-436 dataset,
instead of training models with different numbers of topics, we only trained the
treeLFA and flatLFA model with 100 topics.

5.3.2 Inference result for the top-436 dataset

Training of treeLFA on the top-436 dataset

Three Gibbs chains were trained for treeLFA and flatLFA, and were initialized
independently. Beta priors used for ¢ were Beta(0.1,3000) for inactive codes and
Beta(1.2,3) for active codes in topics, to account for rare diseases in the larger
dataset. Initialization of the remaining hidden variables, and settings of hyper-
parameters were same as that on the top-100 dataset. The training strategy with the
Gibbs-EM algorithm and Gibbs sampler was also the same as the top-100 dataset.

12 CPU cores on the BMRC (Biomedical research computing) computing cluster
were used for the training of each chain. About three weeks were spent on the training
with the Gibbs-EM algorithm (1,500 Gibbs-EM iterations with one posterior sample
of Z collected in the E-step for the optimization of a, 300 Gibbs-EM iterations with
ten posterior samples of Z collected in the E-step. The 1,800 Gibbs-EM iterations
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require 90,000 Gibbs sampling iterations in total), and about one day was spent
on the training with the Gibbs sampling (5,000 iterations).

Figure 5.1 shows the traceplots for the three Gibbs chains for treeLFA. Ranges
of log-likelihood for the three chains were different, indicating that they were at
different local optimum of the log-likelihood function InP (W |a).
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Figure 5.1: Traceplots for treeLFA chains on the top-436 dataset. Log-likelihood was
plotted against the iterations of Gibbs sampling. A, The full traceplots for the three
treeLFA chains during the Gibbs-EM and Gibbs sampling training stage. Iterations to the
left of the dashed line corresponded to the first Gibbs-EM training stage, during which
one posterior sample of Z was taken in the E-step every 20 iterations for the optimization
of a in the M-step. Log-likelihood was calculated after each optimization of a (every
20 iterations). Iterations between the dashed line and the solid line corresponded to the
second Gibbs-EM training stage, during which ten posterior sample of Z was taken in
the E-step. Log-likelihood was calculated every 200 iterations. Iterations to the right of
the solid line corresponded to the Gibbs sampling stage, during which the o was fixed,
and the posterior distribution of other hidden variables were simulated. Log-likelihood
was calculated every iterations. B, Iterations 20,000 to 95,000 were zoomed in for better
visualization. C, B, Iterations 80,000 to 95,000 were zoomed.

The variability of inference result

The traceplots in the previous section showed that different chains gave different
optimal value for a. Considering this, we clustered and collapsed the posterior
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150 5.8. Inference results for the top-436 UKB dataset

samples of topics for each chain separately, and retained 40 topics for each chain
(most of the remaining topics are empty or near empty topics).

The averaged inferred topics given by the three Gibbs chains for treeLFA were
checked, and they were slightly different (not plotted). The 120 averaged topics (40
topics given by each one of the three chains) given by the three chains were mixed
and clustered into 54 groups using the standard hierarchical clustering algorithm.
The cosine distance was used to measure the dissimilarity of two topics (x and
y), which was defined as below:

cosine distance = 1 — cosine similarity,
n
Zi:l TiYs

9
Vi @2\ v

costne stmilarity =

T = (T1,T2y.eeyTp),

Y= (yla Y24 eeey yn)'

where X and Y are two vectors of length m. The criterion for choosing the number
of groups for topics was that the largest cosine distance between topics in the same
group should be less than 0.1. Among them, 29 groups contained topics inferred by
all the three chains, 8 groups contained topics inferred by two chains, and 17 groups
contained topic inferred by only one chain. The three chains for flatLFA also gave
slightly different inference results. On the other hand, inferred topics were stable
across different posterior samples from the same chain. With Louvain clustering
applied to all posterior samples of topics, for each chain exactly 40 clusters were
obtained, and each cluster was composed of topics from all posterior samples. These
results indicated that different Gibbs chains converged to different local optimum
of the posterior distribution of the hidden variables.

Predictive likelihood on the testing dataset

To compare the generalization ability of topics inferred by different chains to a
new dataset, the predictive likelihood on the test data were estimated for the three
Gibbs chains of treeLFA. Since 40 topics were retained, which was a large number
for the calculation of the predictive likelihood (a Monte-carlo approximation was
used to approximate an integral to calculate the predictive likelihood), the number
of samples required to provide enough precision was unknown. We performed a
sensitivity analysis for the number of Monte-carlo samples of topic weights drawn
from their prior distribution (Figure 5.2A). With more samples for topic weights,
the predictive likelihood of the testing dataset kept increasing. This was because
more samples of topic weights meant a larger probability to obtain samples that
fit the test data better, and thus give a larger likelihood. However, the order of
the magnitude of predictive likelihood for the three chains remained the same,
suggesting their generalization abilities were differentiated.

In Figure 5.2B, the predictive likelihood for the three chains for treeLFA and
flatLFA were compared. For each chain, the predictive likelihood was calculated for
ten times using the same averaged topics to evaluate the uncertainty in estimating
them with the implemented algorithm for predictive likelihood. Overall, the three
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treeLFA chains had larger predictive likelihood than the flatLFA chains, and had
a smaller range, suggesting the informative prior used by treeLFA were helpful
in extracting meaningful patterns from the data. In addition, compared to the
variation caused by the differences in the inference results for different chains, the
uncertainty caused by the algorithm for predictive likelihood was much smaller.
For the following analyses, only the inference result given by the chain with the
largest predictive likelihood for each model was used as input. Meanwhile, for
each topic inferred by the chain with the largest predictive likelihood, we also
annotated the number of chains that inferred it from the data, so that the reliability
of each topic can be assessed.
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Figure 5.2: Predictive likelihood on the testing data. A, Sensitivity analysis for the
number of Monte-carlo samples used to calculate the predictive likelihood. The predictive
likelihood for the testing data were calculated using topics inferred by the three treeLFA
chains, with different numbers of Monte-carlo samples of topic weights drew from its
prior distribution (Dirichlet(c)). B, Comparison of the predictive likelihood for treeLFA
and flatLFA chains. For each treeLFA and flatLFA chain, the predictive likelihood
was calculated for ten times using the same topics averaged from 50 posterior samples.
The error bars showed the uncertainty in calculating the predictive likelihood using the
algorithm.

Comparison of topics inferred by treeLFA and flatLFA

In Figure 5.3, topics inferred by treeLFA and flatLFA are shown. The two
models inferred 48 distinct topics in total, among which 32 topics were inferred by
both models, and 8 topics were uniquely inferred by one model. For treeLFA, 29
topics were inferred by all three chains, and 5 topics were inferred by two chains.
For flatLFA, 32 topics were inferred by all three chains, and 3 topics were inferred
by two chains. These suggest that for both models, most topics were inferred by
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multiple chains from the data. As the inference result for the top-100 dataset,
among the inferred topics there are both dense topics with a large number of
active codes and sparse topics. In both types of topics, top active codes (codes
with the largest probabilities) formed small clusters in the heatmap, suggesting
they are near to each other within the ICD-10 ontology (since codes are arranged
according to their chapters and coding numbers in the heatmap). In sparse topics,
top active codes come from a specific, or a few, ICD-10 chapters. While in dense
topics, active codes come from multiple chapters.
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Figure 5.3: Topics inferred by treeLFA or flatLFA on the top-436 UKB dataset. In
the heatmap each row is an ICD-10 code. ICD-10 codes are ordered according to the
chapters they come from and their coding numbers. Codes from Chapter 1 are placed at
the bottom. The tree structure for the 436 codes are plotted to the left of the inferred
topics. 32 topics were inferred by both models, while 8 topics were uniquely inferred by
only one model. From the left side of the heatmap, the 32 common topics are plotted first,
then the topics inferred by only one model. Topics inferred by each model are numbered
and ordered according to their density (the sum of probabilities of all constituent codes).
Topic inferred by treeLFA having the largest density is placed at the leftmost position.
The top colour bar shows the number of chains that inferred each topic.

Interpretation of inferred topics

To provides a better understanding of the inferred topics, we first counted
the number of codes in topics with a relatively large probability. Considering
different codes have different prevalence in UKB, the probabilities of each code
in all topics were firstly normalized so that the largest probability in all topics
equalled 1. After that, the number of codes with a probability of at least 0.3 in
different topics were shown in Figure 5.4A.
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We then examined which chapters made major contributions to each topic. In
Figure 5.4B, the numbers of active codes (codes with a normalized probability
defined in the previous paragraph of at least 0.3) in topics coming from different
ICD-10 chapters are shown. For most sparse topics, their top active codes come
from a limited numbers of chapters (typically 1-3). This result is in consistent
with the result for the top-100 dataset (Section 3.3.2). Topics were then named
according to the major contributing chapters. In Figure 5.4B, ICD-10 chapters
were firstly named using single words summarizing the categories of diseases in
them (labels on the y-axis). After that, topics were were named using the ICD-10
chapters enriched among their active codes (Fisher exact test, P-values corrected
for the number of chapters). Four chapters were enriched for Topic 1 and 4. Most
remaining topics focused on 1-2 chapters (only 4 topics were named using three
chapters). The top active codes in all topics are shown in Appendix B.
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Figure 5.4: Top active codes in topics. A, The numbers of codes with normalized
probability of at least 0.3 in topics inferred by treeLFA. B, Numbers of active codes in
topics coming from different ICD-10 chapters. Each column in the heatmap is a topic,
and each row is an ICD-10 chapter. Topics were ordered according to their density, and
were named using the ICD-10 chapters (the first three letters of the names of the chapters
on the y-axis) enriched among the active codes in them. For each topic, the number of
chains that found them was also shown with the colour bar on top of the heatmap.
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On the top-100 dataset, about 30 distinct topics were inferred. To make
comparison of the inference results on the two UKB datasets, topics inferred by
treeLFA from the two datasets were plotted together in Figure 5.5. The order
of the 436 ICD-10 codes were rearranged, such that the top-100 most frequent
codes (appeared in both datasets) were put together and shown first (from the
bottom of the figure), followed by the remaining codes only appeared in the top-436
dataset. Notably, for topics inferred from the top-100 UKB dataset, only the first
100 codes can have non-zero probabilities.

If we only look at the first 100 most frequent ICD-10 codes in topics (about the
bottom one fourth of the heatmap), we see that 22 topics inferred by treeLFA from
the top-100 dataset have corresponding topics inferred from the top-436 dataset
(one topic inferred from the top-100 dataset has two corresponding topics from the
top-436 dataset). There are ten topics uniquely inferred from the top-100 dataset,
and about half of them are very sparse topics. There are 17 topics uniquely inferred
from the top-436 dataset, and about half of them contain a substantial numbers of
active codes from Chapter 14 (Diseases of the genito-urinary system), which was not
used to construct the top-100 dataset. Most remaining topics uniquely inferred from
the top-436 dataset also contain active codes that are not included in the top-100
dataset (from the first 13 ICD-10 chapters). Overall, this result indicates that the
inference results on the two UKB datasets have a high level of consistency, and the
same multi-morbidity patterns were captured from the two different datasets.

5.3.3 topic-GWAS result for the top-436 UKB dataset

As with the top100 dataset, topic-GWAS was carried out in the same way for all
topics inferred from the top-436 dataset using inferred topic weights as traits. Since
the top-436 dataset is much larger than the top100 dataset, to increase the inference
accuracy for topic weights, we used Gibbs sampling to re-estimate individuals’
topic weights, with topics (¢) and a fixed at values averaged from all posterior
samples from the chain with the largest predictive likelihood for each model. With
topics and a fixed, the Gibbs sampling does not have the identifiability issue, so
the results given by different chains can be combined directly. Ten Gibbs chains
were trained to re-estimate topic weights, and averaged topic weights from these
chains were used as the input for the topic-GWAS.

Comparison of the topic-GWAS results for treeLFA and flatLFA

The numbers of loci associated with topics inferred by treeLFA and flatLFA
were plotted in Figure 5.6A. For almost all topics, the numbers of loci associated
with treeLFA and flatLFA inferred topics are close to each other (except for Topic
12 inferred by flatLFA). Overall, we found 278 significant loci associated with the
40 topics inferred by treeLFA, compared to 260 loci for flatLFA inferred topics.
These numbers are larger than those obtained on the top-100 dataset (180 loci for
32 topics inferred by treeLFA). The overlap of these two sets of significant loci is
207 (Figure 5.6B). To verify if the significant loci identified by only model were
marginally below the significant threshold for another model, we also plotted the
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Figure 5.5: Comparison of topics inferred by treeLFA from the two UKB datasets. 32
topics inferred from the top-100 dataset and 40 topics inferred from the top-436 dataset
were shown together. In the heatmap, each column is a topic, and each row is an ICD-10
codes. The order of the ICD-10 codes is re-arranged such that codes in the top-100 dataset
are shown first in their original order from the bottom of the heatmap, followed by codes
only included in the top-436 dataset in their original order. Topics inferred from different
datasets but have similar pattern (probabilities) for the first 100 codes are sited adjacent
to each other and shown first from the left.

overlap of sub-significant loci (P < 107°) found by one model and the significant
loci (P < 5 x 1078) found by another model (Figure 5.6C-D). As can be seen,
more than 80 % of significant loci found by only one model were found as sub-
significant by another model, indicating overall the two models’ topic-GWAS results
have a high level of agreement.

Comparison of the topic-GWAS result and single code GWAS result

The topic-GWAS result for the 40 treeLFA inferred topics and the single code
GWAS result for the 436 ICD-10 codes in the top-436 dataset were compared
in Figure 5.7. There are 1,093 loci associated with 436 codes, and 278 loci loci
associated with the 40 topics. Although most topic-associated loci are also associated
with ICD-10 codes (consistent with the topic-GWAS result for the top-100 dataset),
there are also 80 significant loci that are only found by topic-GWAS. In Figure 5.7B,
the total numbers of loci associated with topics are shown. Most of these loci are
associated with both topics and single codes. The numbers of loci only associated
with topics but not any single code are highlighted in red. As with the top-100
dataset, the empty topic (Topic 40) has a large number (21) of new significant
loci (not found by the single code GWAS). Topics 3 and 30 have large proportions
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Figure 5.6: Topic-GWAS results for treeLFA and flatLFA. A, Numbers of loci associated
topics inferred by treeLFA and flatLFA are shown. The topics are in the same order as
those in Figure 5.3. For each topic, the number of chains that found them was also shown
with the colour bar on the top. B, The total numbers of loci associated with treeLFA and
flatLFA topics and their overlap. C, The overlap of sub-significant (P < 107%) loci for
treeLFA topics and significant (P < 5 x 10~8) loci for flatLFA topics. D, The overlap
of significant loci for treeLFA topics and sub-significant loci for flatLFA topics.

of loci (81.5 % and 83.3 %) only found by topic-GWAS, and most of their active
codes are from Chapter 13 (Diseases of the musculo-skeletal system and connective
tissue). Topic 11 and 18 have 8 and 7 loci only found by topic-GWAS. Topic 11
contains many active codes from Chapter 4 (Endocrine, nutritional and metabolic
diseases) and Chapter 7 (Diseases of the eye and adnexa), while Topic 12 is mainly
about hyperlipidemia and heart diseases (Chapter 9: Diseases of the circulatory
system). Topic 25 has 6 new loci, and most of its active codes are from Chapter
14 (Diseases of the genitourinary system). Topic 2 is a dense topic, and also has
a substantial numbers of new loci (11), but it is harder to interpret than sparse
topics. The remaining topics only have very few new significant loci.

Figure 5.7C-D focus on the comparison of effect sizes for different groups of
significant loci. Three groups of loci were evaluated, including loci only associated
with single code, loci associated with both topic and single code, and loci only
associated with topic. Figure 5.7C compares the distributions of log-OR (odds
ratio) given by single code GWAS for lead SNPs associated with both topic and
code and lead SNPs only associated with single code. If a variant is associated with
multiple codes, then the largest effect size (absolute value) will be used. Compared
with SNPs only associated with single code, a larger proportion of SNPs that
are associated with both topic and single code have large positive effects. For
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example, 29.2 % SNPs have an log-OR of at least 0.2 among SNPs associated
with both single code and topic and having positive effects, while the proportion
for SNPs only associated with single code is 19.4 %. Figure 5.7D compares the
distributions of effect sizes given by topic-GWAS for lead SNPs associated with
both topic and code and lead SNPs only associated with topic. A larger proportion
of lead SNPs only associated with topic have negative effects compared to lead
SNPs associated with both topic and single code (52.5 % and 41.4 %). For lead
SNPs with positive effects, in general the magnitude of effect sizes for SNPs only
associated with topic are slightly smaller than SNPs associated with both topic
and code. For instance, 38.3 % SNPs have an BETA of at least 0.03 among SNPs
associated with both topic and single code and having positive effects, while the
proportion for SNPs only associated with topic is 21.1 %.
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Figure 5.7: Comparison of topic-GWAS result and single code GWAS result. A, The
total numbers of loci associated with the 40 topics (treeLFA), the 436 ICD-10 codes and
their overlap. B, The numbers of significant loci only found by topic-GWAS and the
numbers of significant loci found by both topic-GWAS and single code GWAS for all
treeLFA inferred topics. For each topic, the number of chains that found them was shown
with the colour bar on the top. C, Density plot for the effect sizes given by single code
GWAS for lead SNPs associated with both topic and code and lead SNPs only associated
with code. D, Density plot for the effect sizes given by topic-GWAS for SNPs associated
with both topic and code and SNPs only associated with topic.

5.3.4 Validation of topic-GWAS results

As with the top-100 dataset, loci associated with the topics for the top-436
dataset were validated using the same approaches as previously.
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Overlap with the GWAS catalog

First, the GWAS catalog was used to check for records of the topic-associated
loci. All SNPs in the GWAS catalog were clumped to lead SNPs associated with
treeLFA inferred topics (r? > 0.5). Among the 278 topic-associated loci, 248 have a
record in the GWAS catalog (89.2 %). Among the 80 significant loci uniquely found
by topic-GWAS, 63 have a record in the GWAS catalog (78.8 %). These results are
consistent with the validation result for the top-100 datase (for the treeLFA model
with 100 topics, 75 % topic-associated loci had a record in the GWAS catalog, and
62.5 % loci uniquely associated with topics had a record in the GWAS catalog).

Functional genomic enrichment of topic-associated loci

Validation with the functional genomics resources was also performed. As with
the top-100 dataset, the distributions of rdb scores and chromHMM states among
three groups of SNPs (all topic-associated lead SNPs; lead SNPs associated with
topic but not any single code; random SNPs) were compared. Lead SNPs associated
with different topics were combined as the input for the functional analyses.

Figure 5.8A shows that overall the two groups of topic-associated lead SNPs
have larger rdb probability than the random SNPs. For example, 40.3 % random
SNPs have a rdb probability of at least 0.4, while the proportions for SNPs only
associated with topic and all topic-associated lead SNPs are 52.0 % and 55.3 %.
For chromHMM states, Figure 5.8B shows that overall, the two groups of topic-
associated lead SNPs have similar profiles, which are different from that of the
random SNPs. The differences are most apparent for states 2 and 4 (regions flanking
active TSS (transcription start sites), and regions with strong transcription, where
the two groups of topic-associated lead SNPs have larger proportions), as well
as states 5 and 9 (regions with weak transcription, and heterochromatin, where
the random SNPs have larger proportions). In Figure 5.9 the proportions of lead
SNPs that are eQTLs and have chromatin interactions (CI) for the three groups
of SNPs in various tissues are compared. In all tissues in which the proportions
of eQTL or CI are not zero, the two groups of topic-associated lead SNPs have
larger proportions than the random SNPs. In most tissues, the differences between
the two groups of topic-associated SNPs and the random SNPs are significant.
Overall, the functional validation results on the larger UKB dataset are more
convincing than the results on the top-100 dataset. This is likely to be caused by
the increase in the number of topic-associated lead SNPs, which provides more
power for detecting differences between groups.

We also performed different enrichment analyses for genes mapped from topic-
associated lead SNPs. FUMA’s positional mapping function was used to map
topic-associated lead SNPs to their nearby genes. With the mapped genes, gene set
enrichment analyses can be performed using various reference gene sets. Specifically,
FUMA allows us to use genes associated with different traits in the GWAS catalogue
as the reference gene sets.

Figure 5.10 shows the gene set enrichment results for two topics of different
types as example, which are Topic 40 (the empty topic) and Topic 24 (a sparse
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Figure 5.8: Functional validation for topic-associated loci for the top-436 UKB dataset.
A, Validation of topic-associated loci using the Regulome DB (rdb) scores. The distribution
of the probability of being functional variants (rdb probability) for the two groups of
topic-associated lead SNPs (group A: all topic-associated lead SNPs; group B: lead SNPs
associated with topic but not any single code) are compared to that of 10,000 randomly
selected SNPs. B, Validation of topic-associated lead SNPs using the chromHMM
annotations. The proportions of the two groups of topic-associated lead SNPs that are
in different chromHMM states are compared to the proportion for the random SNPs.
Significant differences (P < 0.05/number of chromH M M states) are highlighted
with * (purple and black * correspond to the comparisons between group A /B and random
SNPs, respectively).

disease topic, with a few diseases of the skin tissue as top active codes). Enriched
gene sets (correspond to traits in the GWAS catalogue) for the two topics are very
different. For Topic-24, most enriched traits are skin diseases. As for the empty
topic, most enriched traits are life-style factors.

5.4 Discussion

In this chapter, treeLFA was applied to a second UKB dataset, the top-436
dataset, which is three times larger than the top-100 dataset. Topics of ICD-10 codes
were inferred, and their relations to topics inferred from the top-100 dataset were
investigated. topic-GWAS was performed, and further validation and functional
analyses were also done to provide biological insights.
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Figure 5.9: Validation of topic-associated loci using eQTL and chromatin interaction
(CI) data. A, The proportions of the two groups of topic-associated lead SNPs (group
A: all topic-associated lead SNPs; group B: lead SNPs associated with topic but not
any of the ICD-10 code) that are eQTL in different tissues (GTEv8 dataset) were
compared to the proportion of 10,000 random SNPs. Significant differences (P <
0.05/number of tissues) are highlighted with * (purple/black * correspond to the
comparisons between group A/B and random SNPs, respectively). B, The proportions of
SNPs that have CI in different tissues for the three groups of SNPs.
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5.4.1 Inferred topics for the top-436 dataset

In this chapter, we trained multiple chains for treeLFA and flatLFA models
with 100 topics. Unlike the results for the top-100 dataset, different chains for the
same model gave slightly different results, which was reasonable considering the
size and sparsity of the input data. After clustering of posterior samples of topics,
about 40 distinct topics remained. This number of distinct topics is consistent with
the results in previous studies aiming to find multi-morbidity patterns of common
diseases using topic models [88], in which 50 topics for 508 Phecodes were learnt.
The topics inferred by treeLFA and flatLA were compared using the predictive
likelihood on the testing dataset, and overall the three chains for treeLFA had
larger predictive likelihood than flatLFA chains. This suggested that on a larger
and more sparse dataset the prior for topics used by treeLFA provides advantage
in terms of inference, which also rationalized the use of medical ontology as prior
for topics. However, it is important to note that treeLFA /flatLFA chains didn’t
all converge to the stationary distribution, indicating that some chains were stuck
in the local optimum and failed to explore the full posterior distribution. Besides,
the calculation of predictive likelihood is also not very accurate, as is suggested by
the variance of likelihood caused by the algorithm in Figure 5.2. Therefore, results
in this section only suggest that treeLFA inferred topics are likely to have better
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Figure 5.10: Gene set enrichment analysis for loci associated with two topics of different
types. Genes associated with different traits in the GWAS catalogue were used as the
reference gene sets. A, Result for the empty topic. B, Result for Topic 24, which is a
sparse topic centered on skin diseases.

generalization ability than flatLFA topics, but this conclusion cannot be reliably
drawn, and requires additional analyses to further verify.

As with the top-100 dataset, among the inferred topics there was one empty
topic, several very dense topics and a lot of sparse topics. They dense topics contain
active codes from multiple ICD-10 chapters. They might be the baseline topics
used by the model to handle background noise in the population, or they might
also capture very complex multi-morbidity patterns. It is possible that diseases
from many chapters have shared risk factors, therefore they are put in the same
topic. By contrast, the top active codes in most sparse topics come from 1-2 ICD-10
chapters. Diseases from different major chapters for the same topic might have
important connections that are worth of further explorations.

We also compared the topics inferred from the two UKB datasets (top-100 and
top-436 dataset). Focusing on the probabilities of the 100 codes that appeared in
both datasets, we can see that near identical patterns for these 100 codes were
presented in topics inferred from the two datasets. Additionally, there were also
topics dominated by codes that are only present in the top-436 dataset. Specifically,
about six distinct topics were centered on codes from Chapter 14 (Diseases of the
genitourinary system). Overall, these results indicate that limited number of stable
multi-morbidity patterns exist for the common diseases in UKB, since they were
independently captured by models trained on different datasets.

As was introduced in Chapter 1, four previous studies also focused on finding
topics of diseases using topic models and EHR data. These studies all used relatively
small cohorts to infer topics of diseases (sample sizes ranged from about 12,000 to

DRAFT Printed on October 19, 2022



142 5.4. Discussion

20,000). Three of these studies were carried out by the same group using the same
analytic framework. However, the complete raw data for the inferred topics have not
been found by far, so comparison of topics have not been made. Nevertheless, the
researchers empirically chose 50 topics to describe all the multi-morbidity patterns
in the cohorts, which was in agreement with our results. The other previous study
only inferred six disease topics using NMF. The top active codes in these topics
are shown in Figure 5.11. Three topics among the six ones (Topic-1, 2 and 4)
have corresponding topics inferred by treeLFA on the UKB data (Topic-10, 15
and 9). For the remaining three topics, although many of their top active codes
are also included in the top-436 UKB dataset, they were not inferred by treeLFA.
Instead, top active codes in these topics were mainly included in the few dense
topics, suggesting no characteristic co-morbidity patterns were identified for them.
This difference might be caused by the difference in the input data. The previous
study used a cohort of 12,759 individuals collected from a single medical center,
which was small in size and might have selection bias. Besides, the previous study
also included codes for symptoms in the input data, which might cause change to
the structure of topics. Overall, our study is based on one of the largest biobanks
to date, and should be more reflective of the major multi-morbidity clusters in
the UK population from an epidemiological perspective.

Topic #0 Pneumonia

Respiratory failure

Topic #1 General pains Topic #2 CVD

Hyperlipidemia

Pain in-limb

Atrial fibrillation

Back pain

Chronic ischemic heart disease

Topic #3 Lung cancer Topic #5 Renal and liver diseases

Topic #4 Diabetes

Tobacco use disorder

Chemotherapy

o b8 Cancer,

Other_diseases of lung

Figure 5.11: Topics of diseases inferred in a previous study. Original caption: Word
clouds for six topics. The size of the words (phecode) in each cloud indicates the weights
of the phenotypes on the topic. Phenotypes with larger-sized words have greater influence
on the topic compared to phenotypes with smaller-sized words. For each word cloud, we
listed the top 60 words (Source: Zhao et al., 2019)

5.4.2 GWAS on topic weights
topic-GWAS result

As before, topic-GWAS was carried out on inferred topic weights as continuous
traits. For the 40 topics inferred by treeLFA, 278 topic-associated loci were found.

DRAFT Printed on October 19, 2022



5. Analyses with a larger UK Biobank dataset 145

This number is larger than the 180 loci found for the 32 topics inferred by treeLFA on
the top-100 UKB dataset. Among the 40 topics inferred by treeLFA on the top-436
dataset, there are seven topics (Topic 10, 13, 16, 23, 25, 27, 33) that are centered
on diseases from Chapter 14 of the ICD-10 system. Codes in this chapter was not
included in the top-100 dataset. With these seven topics excluded, the remaining
topics still have 262 associated loci. These suggest that the genetic associations for
topics inferred on the larger UKB dataset were not entirely driven by disease codes
with large prevalence in UKB (such as those included in the top-100 dataset), and
it is important to include diseases with smaller prevalence into the analyses.

Among the 278 loci associated with the 40 topics, 80 are only found by topic-
GWAS, which is also consistent with the result obtained from the top-100 UKB
dataset (for models with different numbers of topics, about 50 loci are only found
by topic-GWAS). The overlap of single code associated loci and topic-associated
loci is large (198) relative to the total 280 topic-associated loci, suggesting most
topic-associated loci have large effects, and can be readily found by the standard
GWAS. This also shows that a substantial fraction (18.1 %) of single code associated
loci have pleiotropic effects on multiple related diseases, and that topic-GWAS
provides additional power for discovery (new loci that couldn’t be found by single
code GWAS). As for the effect sizes of significant loci, it is found that compared to
loci only associated with single code, loci associated with both topic and single code
are more likely to have larger effect sizes for certain codes. Meanwhile, for those
loci only associated with topic but not single code and having positive effects, their
effect sizes are slightly smaller than those associated with both topic and single
code. This again verifies the additional power provided by topic-GWAS, since it
enables the discovery of variants with smaller effect sizes.

Among the inferred topics, two topics centered on metabolic diseases (Topic
11 and 18) have the largest numbers of associated loci (54 and 54 loci), followed
by the empty topic (35 associated loci, 21 only found by topic-GWAS). A few
other topics centered on the urinary system (Topic 10 and 25), the immune system
(Topic 3), the skin tissue (Topic 24), and the digestive system (Topic 6 and 22)
also have a substantial numbers of topic-associated loci. It is noteworthy that for a
two topics centered on immune diseases (Topic 3 and 30), a large proportions of
topic-associated loci (81.5 % and 83.3 %) were not found by single code GWAS. This
result is consistent with the findings of a few recent studies that focused on applying
multi-trait analysis on immune diseases [159-161], and indicates that analyzing
multiple immune disease together is of great value. Topic 2, a dense topic, also
has quite a few associated loci that can only be identified by topic-GWAS. Similar
results were also seen for the top-100 dataset. This may reflect one of the advantages
of treeLFA over standard LDA. On the top-100 dataset, we found that most sparse
disease topics inferred by treeFLA and LDA were very similar, while the dense
topics were slightly different (Section 3.3.3). For topic-GWAS, sparse disease topics
inferred by treeLFA and LDA have similar numbers of associated loci, while treeLFA
found more significant loci for dense topics than LDA (Section 4.2.4). Overall, these
results demonstrate that the configuration of treeLFA allows for better quantification
of people’s weights for dense topics. On the contrary, the sparse disease topics are
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easier to infer, and both models (treeLFA and LDA) can capture them very well.

Validation of topic-GWAS results

As before, we used the GWAS catalogue and functional genomics resources to
validate the topic-associated loci. The validation results are within out expectations
and are similar to that for the top-100 dataset, which again verifies that the loci
found by topic-GWAS are reliable.

With genes mapped from the lead SNPs associated with a specific topic, tissue
and gene-set enrichment analyses were performed using the mapped genes as input.
For most topics the tissue enrichment analyses didn’t give significant results (not
shown). This might reflect the complexity of the biological pathways and the
multitude of types of tissue and cell involved in the pathogenic processes for diseases
in the same topic. Meanwhile, it is also important to point out that the functional
analyses done for the topic-associated SNPs are far from comprehensive. The main
goal of the functional analyses in this study is to validate the findings of topic-GWAS,
instead of diving deeply into the biological mechanisms behind these associations. In
the future, more carefully designed functional analyses should be carried out for the
topic-associated SNPs. Besides, considering the complexity of biological mechanisms
involved, performing functional analyses on all the topic-associated loci may not be
the best choice. Instead, it might be better to first replicate the topic-GWAS results
on an independent cohort, and then focus on the strong and stable associations.

For the gene set enrichment analyses, an interesting result is that for dense and
sparse topics, different enrichment patterns were observed. For instance, as was
presented in Section 5.3.4, the enriched gene sets for the empty topic are mainly
associated with life-style factors in the GWAS catalogue, such as regular attendance
to the gym and having religious belief, while for sparse disease topics, most enriched
gene sets are directly related to the topics’ top active codes in the GWAS catalogue.
The results for sparse disease topics are intuitive and understandable, since they
reflect that the topic-associated loci have pleiotropic effects on multiple active codes
in the topic, which is also the theoretical basis for topic-GWAS. The result for
the empty topic is more interesting, and further studies are needed to dissect the
associations. In addition to the empty topic, we also obtained similar result for
a few dense topics (not shown), and it is reasonable to assume that the results
for these topics share common underlying reasons.

For the loci observed to be associated with both the empty topic and various
human’s behaviours and life-style related traits, it is possible that they are indirectly
associated with people’s weights for the empty topic, as a result of the life-style
factors’ influence on the risks of multiple diseases. In another word, weight for the
empty topic is a trait correlated to many life-style related traits. Based on previous
GWAS results [162-164], a potential mechanism for behaviour-associated loci is they
influence the gene expression in human’s brain tissues. Unfortunately, according to
tissue enrichment results given by FUMA, brains tissues were not enriched for genes
mapped to empty topic associated loci. In the future, the empty topic (as well as the
dense topics) can be analyzed together with life-style traits in the same framework
to further dissect their relationships with the associated variants. Notably, a large
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fraction (about 33.3 %) of the empty topic associated loci do not have record in
the GWAS catalog. If their associations with the empty topic are true, then it will
be likely that in previous GWAS traits were not properly defined for the discovery
of them. In addition, we also should not overlook the possibility that some empty
topic associated loci may be directly associated with both the empty topic and
other life-style traits. It this is the case, then these loci may be involved in unknown
biological pathways which influence people’s general health condition. Regardless
of which assumption is true, these results imply the possibility that constellations
of large number of diseases share common genetic and non-genetic risk factors.

DRAFT Printed on October 19, 2022



146

DRAFT Printed on October 19, 2022



HLA typing and validation

Contents
6.1 Introduction. . . . . . . . . ... .00 .. 147
6.2 Method . . .. ... ... i 148
6.2.1 Inputdata . . . . . . .. ..o 148
6.2.2 Imputation of HLA alleles . . . . . . . . . . ... ... 148
6.2.3 Typing of HLA alleles . . . . . . . . . . . .. ... .. 150
6.2.4 Validation of HLA*LA with 1000 Genomes dataset . . . 151
6.2.5 HLA typing with the WES data in UKB . . . . . . .. 152
6.3 Results . . ... ... ... eee. 152
6.3.1 Validation of HLA*LA . . . . . . . . . . . .. .. ... 152
6.3.2 HLA typing with UKB data and validation of typing result155
6.4 Discussion . . . . . . . . . . 0 0 e e e e e e e e e e e 159

6.1 Introduction

This chapter summarises the work I did on a side project during the first year
of my study in Oxford. This chapter is included in the thesis because it fits
into the big picture of my major project. The focus of my thesis is the study of
multi-morbidity clusters from the genetic perspective, and this chapter is about
the characterization of genetic variations in a special region in human’s genome,
the HLA gene complex. At the time I started working on this side project, the
input data was only available for 49,960 people in the UKB. In the near future,
the data for all people in the UKB will become available. By that time, I will be
able to finish the analyses that will be discussed in this chapter using the full UKB
data, which will lay a foundation for other future projects.

The HLA gene complex is one of the most important and complex regions in
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human’s genome. Genetic variations in this region have been discovered to be
associated with a wide variety of diseases and health conditions. Furthermore, it
is very difficult to determine people’s genotype for genes in this region due to the
polymorphism, the homology between different HLA genes, the large structural
variants and the long range haplotype structure in this region [111].

In recent years, the cost of the next generation sequencing (NGS) and genotyping
has decreased significantly. As a result, biobanks have been set up around the world
with genotype data for hundreds of thousands of people collected and linked to
the nationwide electronic health record system, which enables more flexible design
and implementation of genotype-phenotype association studies. At the same time,
statistical HLA inference algorithms have been under constant development and
improvement. The newest generation of these algorithms have already achieved
accuracy as good as traditional sequencing based methods such as Sanger based
typing (SBT) [135].

In spite of the huge progress in methodological development, these inference
algorithms for HLA loci have rarely been comprehensively validated on biobank
datasets. In this chapter, we will firstly use the SBT data in the 1000 Genomes
dataset to validate one of the cutting-edge in-silico HLA inference algorithms,
“HLA*LA”, before applying it on the UKB. Although there is no traditional SBT
data available for individuals in the UKB, we will use their genotype calls and
the HLA imputation to benchmark the algorithm.

6.2 Method

6.2.1 Input data

For our study, the whole exome sequencing (WES) data for 49,960 people in
the UKB was used for HLA typing by HLA*LA [165]. Furthermore, we used
the imputed HLA alleles given by the HLA imputation algorithm “HLA*IMP:02”
(detailed introduction was in the next section) for all people in the UKB [166].

For the validation of HLA*LA, the high coverage whole genome sequencing
(WGS) data, the WES data [167] and the SBT data for a fraction of people in
the 1000 Genomes dataset was used [168].

6.2.2 Imputation of HLA alleles

Various imputation algorithms for HLA alleles based on genotyping data have
been developed in the past decade. For all people in the UKB, their HLA alleles
have been imputed with the HLA*IMP:02 algorithm [166]. With a five-fold cross
validation among the reference panel samples with European ancestry, the estimated
imputation accuracy for the four-digits maximum posterior probability genotype
is above 93.9 % for all 11 HLA loci [166].

The HLA*IMP:02 is based on a multi-population reference panel, which enables
the imputation in diverse populations. The are two important innovations of
HLA*IMP:02. Firstly, it allows for single HLA types to appear on heterogeneous
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backgrounds of SNP haplotypes (a phenomenon called haplotypic heterogeneity).
Secondly, it takes into account the possibility of genotyping errors, which is common
in the HLA region [125].

As mentioned above, imputation under HLA*IMP:02 is based on a graphical
model of the haplotype structure of the HLA region constructed using the reference
panel of samples, since it is well suited to model the LD relationships spanning
both long and short physical distances, which is a distinguishing feature for the
LD structure in the HLA region. Figure 6.1 shows a schematic for this haplotype
graph. The graph is leveled such that it can be used to represent different genomic
positions. Each edge in the graph carries either a nucleotide or a HLA allele. A
full path through the graph specifies both the HLA allele at a HLA locus and
the SNP structure in its neighbouring area.

0.3 ] 1501

1.0 | 1501

rsl rs2 rs3 HLA-DRB1 rs4 rs5

Figure 6.1: Schematic for the haplotype model used by HLA*IMP:02. The haplotype
model is a leveled directed graph, with its edges representing different genomic loci. Each
edge in the graph carries a symbol, which can be either a SNP or an allele for a HLA
locus. The symbol on a edge will be emitted if the edge is traversed. As a result, a path
through the model will generate a specific haplotype in the HLA region. Each node in
the graph has a probability distribution over all the edges attached to it, which specify
the probability of traversing different edges conditioned on being at that node. (Source:
Alexander Dilthey, 2013)

The haplotype graph induces a hidden markov model (HMM). States of the
HMM correspond to the edges of the haplotype graph, and transition probabilities
between states are defined by the edge probability distribution at nodes of the
graph. With the haplotype graph and its underlying HMM model constructed from
the reference panel of samples, imputation of unknown HLA alleles can be done
based on the observed genotype for SNPs in its surrounding region. Mathematically,
the inference can be expressed as: P(h' | hy M), in which M is the constructed
haplotype HMM, h is the observed haplotype for this region with some unknown
HLA loci, while h’ is a haplotype with all loci known.
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6.2.3 Typing of HLA alleles

In the past decade, many NGS based HLA typing algorithms were also developed
[129-133, 169]. Chen, et al [135] evaluated and compared these algorithms, and
found that with both WES and WGS data these algorithms provided typing
accuracy comparable to SBT for most common HLA alleles. For our study, we
chose HLA*LA for the HLA typing with the UKB data.

As with HLA*IMP:02, HLA*LA also relies on the use of a graph model, the
population reference graph (PRG, Figure 6.2) to represent known HLA sequences in
the reference database (such as IMGT) as paths through the graph. The known HLA
sequences used for construction of the graph include HLA haplotypes (spanning
the whole HLA region), gene haplotypes and exon sequences. With the PRG
constructed, the second step is to align the NGS reads to the reference genome,
and then project the alignments in HLA loci onto the PRG. In the last stage,
the inference of HLA alleles for a locus is performed by finding the pair of alleles
which maximises the likelihood of all reads mapped to the PRG, which can be
expressed in the equation below:

L(R | (al,a2)) = [] [; X score(r | al) —|—; X score(r | a2)].
rER
In the equation, R represents all the read pairs mapped onto the graph for a
specific HLA locus; r represents one pair of aligned reads; al and a2 are the pair
of underlying HL A alleles for this locus. The score function evaluates the match
between the alleles and the reads. Likelihoods for all possible pairs of alleles are
calculated and normalized to a probability distribution [130, 131].

Level 1 2 3 4 5 6 7 8 9 10 11 12 22 23 24 25 26

I IC I /I |
}‘. - N l l/-a. i /./lilll .Ktlglalﬁlﬁ Talaln

/
.KDD-

A
}\Iﬂlﬁ-

Aligned read A C

Figure 6.2: Schematic for the Population reference graph used by HLA*LA. PRG is a
leveled graph, with each level corresponding to a genomic position. Paths through the
graph are different sequences of HLA genes in the reference panel of samples. NGS reads
are mapped to the graph so that the inference of unknown alleles can be performed in a

likelihood framework. (Source: Alexander T. Dilthey, 2019).

It is worth mentioning that inference of HLA alleles can be performed at different
resolutions (see Chapter 1 for more detailed introduction). HLA*LA outputs G-
alleles (inferred alleles at the G-resolution), which specify the sequences of exons
that encode the peptide binding sites (PBS) of HLA proteins (exons 2 and 3 for
HLA class I genes and exon 2 for HLA class II genes) [130]. In another word, HLA
alleles differ with each other outside of the PBS encoding region are put into the
same G-group. The concept of G-alleles is further explained in Table 6.1.
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G-resolution | Alleles in G-group
allele

A*01:01:01G 01:01:01:01/01:01:01:02N /01:01:01:03
01:01:01:04/01:01:01:05/01:01:01:06 /01:01:01:07/
01:01:01:08/01:01:01:09/01:01:01:10/01:01:01:11/
01:01:01:12/01:01:01:13/01:01:01:14/01:01:01:15/
01:01:01:16/01:01:01:17/01:01:01:18 /01:01:01:19/
01:01:01:20/01:01:01:21/01:01:01:22/01:01:01:23/
01:01:01:24/01:01:100/01:01:38L./01:01:51/01:01:83/
01101:84/01:01:91/01:01:93/01:01:94/01:01:95/
01:04:01:OlN/Ol:04:01:OQN/01:22N/01:32/01:37:01:01/
01:37:01:02/01:45/01:56N/01:81/01:87N /01:103/
01:107/01:109/01:132/01:141/01:142/01:155/01:177/
01:212/01:217/01:234/01:237/01:246 /01:248Q) /
01:249/01:251/01:252/01:253/01:261/01:274/
01:276/01:277/01:280/01:281@/01:288/01:291/
01:295/01:296,/01:297/01:300/01:305

A*01:03:01G 01:03:01:01/01:03:01:02/01:287N

A*01:09:01G 01:09:01:01/01:09:01:02

Table 6.1: Explanation of G-alleles. A G-allele is a group of different HLA alleles which
encode the same peptide binding site (PBS). Three examples of G-alleles (G-groups) are
shown. Each G-group is consisted of many different HLA alleles. HLA*LA outputs the
inferred HLA allele at G-resolution.

]

6.2.4 Validation of HLA*LA with 1000 Genomes dataset

We used the SBT data for people in the 1000 Genomes dataset as the benchmark
for the validation of HLA*LA. The SBT data was available for five HLA loci (A, B,
C, DRB1 and DQB1), for which the typing accuracy of HLA*LA were evaluated.
There were 946 individuals in the 1000 Genomes data whose WGS and SBT data
were both available, and 985 individuals whose WES and SBT data were both
available. As HLA*LA, SBT also output G-alleles, which were a list of possible
alleles for a locus. To undertake the validation, the method in the original HLA*LA
paper was adopted [130]. More specifically, to conclude HLA*LA and SBT gave
the same result, at least one possible allele output by SBT needed to belong to
the G-group inferred by HLA*LA. The formal definition of the number of alleles
correctly typed by HLA*LA for a locus can be expressed as below:

correct(I, Iz, V1, Va) = max(correct2(Iy, Iz, V1, V2), correct2(Iy, I, Va, V1))
correct2(Iy, I, Vy,Vy) = same_G_group(I,,Vy) + same_G_group(I,, V)

where the function correct(1I,, I,, V,, V,) counts the number of alleles correctly
inferred by HLA*LA for a HLA locus (the count can only be 0, 1 or 2); the function
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correct2(1,, I,,V,,V,) counts the number of correctly inferred alleles using a
specific one-to-one matching between the pair of inferred alleles and the pair of
reference alleles (given by SBT); the function same_G__group(I,,V,) tests if
the two groups of alleles belong to the same G-group. I; and I3 are the pair of
G-alleles inferred by HLA*LA for an individual at a specific HLA locus, and V;
and V5 are the pair of G-alleles given by SBT.

6.2.5 HLA typing with the WES data in UKB

HLA*LA was used to type the HLA loci for 49,960 people in the UKB for whom
the WES data was available. According to the relevant publications, these people
are overall representative of all individuals in the UKB, and the coverage of the
exome sequencing was high (exceeded 20X at 94.6 % of sites on average) [165].

For individuals in the UKB, their SBT results were not available. To roughly
check if the typing result given by HLA*LA was reliable, its agreement with the
imputed HLA alleles given by HLA*IMP:02 was checked. Since HLA*IMP:02 output
imputed alleles at the 4-digits resolution, while HLA*LA output typed alleles at
the G-resolution, a specific protocol was designed to check their agreement. In
brief, if the 4-digits allele given by HLA*IMP:02 had overlap with alleles in the
G-group inferred by HLA*LA (changed to 4-digits resolution), we concluded that
a consensus was reached by the two algorithms. Moreover, since HLA*LA and
HLA*IMP:02 used different reference panels, we neglected the disagreements caused
by calling HLA alleles that only existed in one reference panel.

6.3 Results

6.3.1 Validation of HLA*LA

Typing accuracy evaluated with the 1000 Genomes dataset

The overall inference accuracy with WGS data for all individuals in the 1000
Genomes dataset for the five HLA loci had a mean of 98.2 %, ranging from 97.1 %
for HLA*DRBI1 to 99.2 % for HLA*B (Figure 6.3A). The accuracy was reduced
at all loci when the inference was based on WES data, ranging from 89.8 % for
HLA*A to 97.7 % for HLA*B (Figure 6.3B).

The inference accuracy was also measure for different populations in the 1000
Genomes dataset separately. With WGS data (Figure 6.4A), for most populations
(except for the Yoruba population, which had an averaged accuracy of 94.8 %)
the averaged inference accuracy was above 97 % for the five HLA loci. With
WES data, the inference accuracy was much reduced, and the differences between
populations increased (the averaged accuracy for the five loci ranged from 92.7
% to 97.1 % for different populations). The British population had the highest
averaged accuracy (97.1 %), while the Chinese and Japanese population has the
lowest averaged accuracy (92.7 %). Among the five loci, the inference accuracy
of locus A was usually lower than the other four loci. For most populations the
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Figure 6.3: Typing accuracy of HLA*LA for five HLA loci was evaluated with the 1000
Genomes dataset. The SBT result was used as the benchmark to calculate the proportion
of correctly typed HLA alleles for each locus. The standard error of a proportion p
was calculated as y/p + (1 — p)/IN, where N is the sample size. A, Typing accuracy of
HLA*LA with WGS data across all populations. B, Typing accuracy with WES data.

accuracy of locus A was less than 92 %, and for the JPT+CHB population the
accuracy was only 83.1 %. In addition, the typing accuracy for the locus DQB1
was also not high in most populations. Overall, this result was in agreement with
the result for the whole population (Figure 6.3B).

By comparing the typing accuracy with WES and WGS data for the same
locus in different populations, it can be seen that in most cases, the accuracy with
WES data was lower than the accuracy with WGS data. However, there were also
exceptions. For instance, the accuracy for locus HLA*DRB1 with WES data (98.9
%) was higher than the accuracy with WGS data (95.4 %) for British people.

Relationship between allele frequency and typing accuracy

Through the inspection of the alleles wrongly typed by HLA*LA with the WES
data, it was discovered that many of them were rare alleles. It was reasonable to
assume that rare alleles were more difficult to infer, since for them the training
data for the typing algorithm was more scarce than more common alleles.

To further investigate the relationship between allele frequency and typing
accuracy, the frequency of HLA alleles in the 1000 Genomes dataset (calculated
using the SBT result) and their typing accuracy were plotted in Figure 6.5. For
the typing done with WGS data across all populations (Figure 6.5A), there were
380 different alleles typed for the five loci for 946 individuals. Among the 380
alleles, 293 alleles (77.1 % of all alleles) were all typed correctly (typing accuracy
100 %), and 333 alleles (87.6 % of all alleles) had typing accuracy larger than 95
%. For the typing done with WGS data for the British population (Figure 6.5B),
98 different alleles were typed for the five loci for 87 individuals, and 90 alleles
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Figure 6.4: Typing accuracy for the five HLA loci was calculated for different populations
in the 1000 Genomes dataset separately. A, Typing accuracy with WGS data. B, Typing
accuracy with WES data.

(77.1 % of all alleles) were all typed correctly (typing accuracy 100 %), and 92
alleles (93.9 % of all alleles) had typing accuracy larger than 95 %. For the typing
done with WES data across all populations (Figure 6.5C), there were 389 different
alleles typed for the five loci for 985 individuals. Among them, the instances of 249
alleles (64 % of all alleles) were all typed correctly (typing accuracy 100 %), and
301 alleles (77.4 % of all alleles) had typing accuracy larger than 95 %. For the
typing done with WES data for the British population (Figure 6.5D), 99 different
alleles were typed for the five loci for 95 individuals, and 85 alleles (85.9 % of all
alleles) were all typed correctly (typing accuracy 100 %), and 88 alleles (88.9 %
of all alleles) had typing accuracy larger than 95 %.

With both WGS and WES data, in general the typing accuracy was proportional
to the allele frequency, which meant it was more likely for common alleles to have
better typing accuracy than rare alleles. Most of the alleles with relatively low
typing accuracy (for instance, typing accuracy below 80 %) had less than 1 %
frequency. With WGS data, 90 % of the alleles with frequency larger than 0.025
had typing accuracy larger than 0.95 (Figure 6.5A). However, with WES data,
only 57.5 % of the alleles with frequency larger than 0.025 had typing accuracy
larger than 0.95 (Figure 6.5C). For British people, typing results for most alleles
were accurate, with either WES or WGS data.
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Figure 6.5: The relationship between typing accuracy and allele frequency. For all alleles
of the five HLA loci typed for individuals in the 1000 Genomes dataset, allele frequency
was calculated using the SBT result, and plotted together with the corresponding allele
specific typing accuracy. A, The typing accuracy with WGS data and the allele frequency
across all populations. B, The typing accuracy with WGS data and the allele frequency
for British people. C, The typing accuracy with WES data and the allele frequency across
all populations. D, The typing accuracy with WES data and the allele frequency for
British people.

6.3.2 HLA typing with UKB data and validation of typing
result

After the validation of HLA*LA with the SBT data for the 1000 Genomes
dataset, the algorithm was applied to the WES data of 49,960 people in the UKB.
In this section the summary statistics of the typing result was presented, then

the agreement between the typing result given by HLA*LA and the imputation
result given by HLA*IMP:02 was checked.
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Top frequent alleles called by HLA*LA for people in UKB

Figure 6.6 lists the top 20 most frequent alleles called by HLA*LA for ten
HLA loci. As can be seen, HLA*LA called not only the G-group alleles, but also
four or six digits alleles as well, since some alleles cannot be clustered into any
G-group. HLA*LA also called some very rare alleles, like DQA1*05:04, for which
there was only one copy among the 49,960 individuals.

Locus Allele Count Locus Allele Count Locus Allele Count Locus Allele Count Locus Allele Count

17 A 02:01:01G 25051 B 07:02:01G 12782 (o} 07:01:01G 16128 DQA1 01:02:.01G 24867 DQB1 02:01:01G 22736
2 01:01:01G 17413 08:01:01G 12776 07:02:01G 13731 01:01:01G 23618 03:01:01G 16483
3 03:01:01G 12941 44:02:01G 9909 05:01:01G 10121 05:01:01G 22360 06:02:01G 12755
4 24:.02:.01G 7329 15:01:01G 5840 04.01:.01G 8585 02:01 13677 05:01:01G 11287
5 11:01:01G 5203 44:.03:01G 5318 06:02.01G 8568 01:03:.01G 7517 03:02.01G 8384
6 29:02:01G 3805 40:01:01G 4920 03:04:.01G 6861 04:01:01G 951 06:03:01G 5080
7 32:01:01G 3365 35:01:01G 4562 03:03:01G 5073 03:01:01G 849 03:03:02G =~ 4732
8 31:01:02G 2389 51:01:.01G 3726 16:01:01G 4100 06:01:01G 337 06:04:01G 2623
9 26:01:01G 2111 57:.01:.01G 3646 08:02.01G 3342 05:01:02 275 05:03.01G 2374
10 68:01:02G 2091 18:01:01G 3530 02:02:02G 3272 01:10 34 04:02:01G 1957
11 23:01:01G 1942 27:05:02G 3520 01:02.01G 3237 01:07Q 33 06:09:01G 1075
12 25:01:01G 1629 14:02:.01 2391 12:03:01G 3158 01:01:03 20 05:02:01G 944
13 30:01:01G 1106 55:01:01G 1676 15:02:01G 1808 03:01:03 12 06:01:01G 799
14 30:02:01G 1105 13:02:01G 1666 07:04:01G 1694 01:06 9 03:02:17 621
15 68:01:01G 856 37:01:01G 1332 14:02:01G =~ 982 05:10 2 02:47 405
16 02:05:01G 782 49:01:01G 1130 17:01:01G 746 05:04 1 03:10:02 265
17 68:02:.01G 720 35:03:01G 1083 12:02:01G 693 0.220138889 187
18 33:03:01G 556 38:01:01 1049 03:02:01G 346 03:04:01G 181
19 33:01:01 551 14:01:01 1008 16:02:01G 253 03:08 175
20 36:01:00 400 40:02:01G 889 15:05:01G 231 05:04:01G 135

Locus Allele  Count Locus Allele Count Locus Allele  Count Locus Allele Count Locus Allele Count

1 DPA1 01:03:01G 81398 DPB1 04:01:01G 40143 DRB1 03:01:01G 13485 DRB3 01:01:02G 63648 DRB4 01:01:01G 89100
2 02:01:01 8078 02:01:02G 11442 07:01:01G 12055 02:02:01G 23484 03:01N 5269
3 02:01:08 8078 04:02:01G 10474 15:.01:.01G 11919 03:01:01G 6524 01:03:03 97
4 02:01:02 5787 03:01:01G 9185 04:01:01 10248 02:01:01G 287 01:02 36
5 02:02:02 3451 01:01:01G 6097 01:01:01G 8546 02:27 99 01:03:04 22
6 02:01:06 597 11:01:01G 2397 13:01:01G 4842 02:10 67 01:04 17
7 03:03 336 05:01:01G 1995 11:01:01G 4055 01:15 65 02:01N 10
8 01:04 258 06:01 1868 04:04:.01 3757 01:14 40 01:08
9 02:01:03 246 10:01 1714 13:02:01 3661 02:09 38 01:05 3

10 02:02:01 231 13:01:01G 1713 14:01:01G 2157 02:20 37

11 01:08 221 17:01:01G 1265 08:01:01G 1615 02:04 26

12 01:06:01 193 14:01:01 1103 12:01:01G 1483 02:11 26

13 02:02:05 138 02:02 774 01:03 1431 02:12 24

14 02:01:05 110 15:01:01G 722 11:04:01G 1377 02:15 23

15 01:03:03 96 16:01:01G 702 09:01:02G 1262 03:03 16

16 01:11 84 09:01:01 701 04:07.01G 1111 02:13 14

17 01:06:02 46 20:01:01G 621 01:02.01G 949 02:03 1

18 02:01:07 40 19:01:01G 457 15:02:01 891 01:07 10

19 04:01:01G 38 23:01:01G 384 13:03:01G 861 02:17 10

20 03:01 30 18:01 153 10:01:01 763 02:22 10

Figure 6.6: The top frequent alleles called by HLA*LA for ten HLA loci using the WES
data for 49,960 individuals in the UKB.

Agreement between typing and imputation results

In contrast to the results above presented for the 1000 Genomes dataset,
SBT results are not available for UKB. Therefore we used the availability of
HLA*IMP:02 calls in place of SBT calls to assess the accuracy of HLA*LA on
49,960 individuals in UKB.
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Figure 6.7: Agreement between inference results given by HLA*LA and HLA*IMP:02.
The proportion of individuals in the UKB for whom the two HLA inference algorithms
gave consistent results was used to represent the level of agreement between the two
methods.

The agreement between the typing and imputation results for seven HLA loci
was shown in Figure 6.7. Overall, the agreement was high for all the seven loci
(ranging from 93.5 % for locus DRB1 to 98.5 % for locus DPA1). Except for checking
the overall agreement for each HLA locus, we also checked the agreement across
all the seven loci for different populations in the UKB. The agreement for about
half of the populations was above 95 %, especially the major populations in UK
(including various British populations and the Irish population) and other white
populations. Meanwhile, the agreement for people who self-reported as having
mixed background is low Figure 6.8.

With the 1000 Genomes dataset, it was found that the inference accuracy
for some alleles was significantly lower than that for other alleles, and this was
also related to the allele frequency (Figure 6.5). With the inference results for
individuals in the UKB, we tried to only keep the alleles which had been proved
to have high typing accuracy (larger than 95 %) with the 1000 Genomes dataset,
and checked the agreement with the imputation result again for these alleles. In
Figure 6.9, the level of agreement before and after excluding the alleles low typing
accuracy was compared. It can be seen that for both all individuals and British
individuals only, with rare alleles (not in the 1000 Genomes dataset) and alleles
which had low typing accuracy excluded, the proportion of people with consistent
results increased for 1-2 % for most loci.

Results for HLA*DQA1, HLA*DRB3 and HLA*DRB4 were separately shown
in Figure 6.10A, since the agreement reached by the two methods was very low
(around 35 % for the two DRBI1 loci). We investigated the possible reasons behind
this, and found that for HLA*DRB3 and HLA*DRB4, HLA*IMP:02 called many
99:01 alleles, which means the absence of one copy of allele for this locus (people
can have different copy numbers for these loci, see Section 1.1.1 for more details).
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Figure 6.8: Agreement between the inference results given by HLA*LA and HLA*IMP:02
for different populations in the UKB. People in the UKB were put into different populations
according to their self-reported ancestry. The agreement between the two algorithms was
measured across all the seven loci.
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Figure 6.9: Agreement between inference results given by HLA*LA and HLA*IMP:02
before and after excluding alleles with low typing accuracy in the 1000 Genomes dataset.
A, Result for all individuals in the UKB. B, Result for British people in the UKB.
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On the other hand, HLA*LA never called 99:01 for loci DRB3 and DRBA4.
This property of HLA*LA was mentioned in the tutorial for HLA*LA (“Since
HLA*LA does not estimate the copy number for these alleles, it can end up
with calls for genes that are not present”) [170]. This meant that HLA*LA was
not designed for the inference of DRB1 paralogues (including DRB3, DRB4 and
DRB5 genes). After excluding individuals for whom the 99:01 allele was called by
HLA*IMP:02 for loci DRB3 or DRB4, the agreement between the two algorithms
significantly improved (Figure 6.10B).

In addition to the paralogues of DRB1, there was also an issue with the locus
DQA1. We found that in many cases where the two methods gave different inference
results, HLA*IMP:02 called the 03:01 allele, while HLA*LA didn’t. The exact
reason behind this disagreement is still unclear. After excluding individuals for
whom the 03:01 allele was called by HLA*IMP:02, the agreement between the two
algorithms again significantly improved (Figure 6.10B).
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Figure 6.10: Agreement between HLA*LA and HLA*IMP:02 for three HLA loci before
and after correction of potential technical issues. For HLA loci DRB3 and DRB4, the
initial results were corrected by excluding the results of individuals for whom the 99:01
allele were called by HLA*IMP:02. For HLA*DQA1, results of individuals for whom the
03:01 allele were called by HLA*IMP:02 were removed. A, initial results. B, corrected
results.

6.4 Discussion

In this chapter, we focused on the validation and application of an HLA typing
algorithm - HLA*LA. Extensive validation for the algorithm was done with the
1000 Genomes dataset, since for people in this dataset we have both their NGS
and SBT data. After validation, we applied the algorithm to the WES data in the
UKB, and assessed the reliability of the typing result given by HLA*LA using the
imputation result given by HLA*LA based on genotyping data.
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Based on the validation result, it was found that the typing accuracy was much
higher with WGS data than with WES data. This finding was in accordance with
the result obtained with a small-scale validation according to the original paper
for HLA*LA [130]. The typing accuracy was quite different for different HLA
loci, indicating different levels of complexity for the typing at these loci. In the
future, further technical improvements might be dedicated to specific HLA loci
(such as DRB1). Furthermore, it was found that some common alleles also had
unsatisfactory typing accuracy. In the future, it will be important to focus on these
alleles and figure out if there is space for further improvement, since common alleles
are ideal candidates for association studies in biobanks. Differences in the typing
accuracy for different ethnicity groups were also observed. For British people, the
typing accuracy was high for almost all loci, even with WES data. However, for
some small populations in 1000 Genomes dataset, like the Chinese and Japanese
subgroup and the Mexican subgroup, the typing accuracy for some loci (for example,
the HLA*A locus) was quite low (less than 85 %). This reminds us to be cautious
in applying HLA*LA to certain populations.

To assess the reliability of the typing result for individuals in the UKB, we
compared the results given by HLA*LA and HLA*IMP:02. In theory, the NGS
data should contain more information about the genetic variations, thus it should
have the potential for a higher inference accuracy. Overall, the results given by
the two algorithms should have a high level of agreement, since the performance
of HLA*IMP:02 had already been validated. Notably, the two algorithms output
inferred HLA alleles at different resolutions. The matching between the G-resolution
(HLA*LA) and four-digits resolution (HLA*IMP:02) is not trivial, since one G-allele
can correspond to multiple four-digits alleles, and one four-digit allele can also
correspond to more than one G-group alleles. The difference in the resolution of the
output alleles was also one of the motivations for us to do inference with HLA*LA in
spite of the availability of imputed alleles for all people in UKB. Results suggested
the agreement between the two methods was high, although a few technical issues
were identified. In the future, it is expected that both the typing and imputation
algorithms will continue to play important roles, as was discussed by Dilthey in
his review [111], since the inference result obtained with NGS data can be used to
further improve the accuracy of imputation algorithms, which is less expensive and
more practical to be applied to many large population cohorts. Besides, the large
amount of genotyping data available at present also awaits to be fully utilized.

Overall, results in this chapter suggest that HLA*LA is a reliable typing
algorithm with the potential to be applied to large biobank datasets. Specifically, for
British people, the typing with both WES and WGS data had satisfying accuracy for
most alleles (including many rare alleles). With alleles known to have unsatisfying
accuracy excluded, the performance of HLA*LA with British people can be further
improved. Considering the fact that most individuals in the UKB are British, it
should be reliable to use the inference result given by HLA*LA as the input for
other studies. At present, the WES data for more than 450,000 individuals in the
UKB has already been released and used in association studies [171-173], which
has paved the way for HLA typing at an unprecedented large scale. In addition, the
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efforts of finishing the whole genome sequencing for all individuals in the UKB are
also ongoing, and the WGS data for 200,000 individuals has also been released and
utilized for research [174, 175]. In the near future, the high-quality inferred HLA
alleles will be available for almost everyone in the UKB, which will undoubtedly
give us the opportunity to make new discoveries for the HLA gene complex.
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7.1 Studying multi-morbidity with topic models

In recent years, there have been several studies which utilized standard topics
models (including LDA and NMF) to study people’s major multi-morbidity patterns
and the pleiotropic effects of genomic loci [88-91]. In these studies, the topic
modelling framework was proved to have unique strength in revealing the major
multi-morbidity clusters and their associated causal factors. However, there
is still room for further improvement in terms of the analytic framework and
the methodology.

In this thesis, I developed a new topic model based on the mean-parameterized
Bayesian non-negative binary matrix factorization, named “treeLFA”  which also
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164 7.1. Studying multi-morbidity with topic models

incorporates a hierarchical prior for topics based on the ICD-10 ontology. Meanwhile,
I proposed reliable solutions to a few technical issues related to the application of
topic models. With both simulated and real-world data, it was shown that treeLFA
had unique advantages compared to standard LDA. By applying it on datasets
constructed using the HES data in UKB, topics of common diseases and peoples
corresponding topic weights were inferred, and various downstream analyses were
explored. New discoveries that cannot be obtained by the standard single disease
analysis were made using the new analytic framework developed in this thesis.

)

7.1.1 Strengths of treeLFA

According to the results in Chapter 4, one of the major advantages of treeLFA
is that it provides additional power for downstream genetic association studies.
This might result from the inference of the empty topic, whose weight is always
negatively correlated with all other non-empty disease topics. Meanwhile, the empty
topic also makes other disease topics mutually uncorrelated, which is a favorable
situation for the downstream association studies. This situation cannot be achieved
for LDA. I tried a few methods to mimic the existence of an empty topic for LDA
(detailed results not shown in previous chapters), but without success.

In addition to the empty topic, there are also always a few dense topics (with
a large number of active codes) inferred by treeLFA. These dense topics usually
have a substantial numbers of associated loci, and some of them are not found by
single code GWAS. These topics also play indispensable roles in the prediction of
risks for single disease codes (relevant results not shown in Section 4.4.2). Similar
dense topics are also inferred by LDA, but have many fewer associated loci.

In summary, one of the major strength of treeLFA is that it better captures
the empty topic and the dense topics, which are not only biologically meaningful
but also pave the way for some downstream analyses.

7.1.2 Limitations of treeLFA

The major limitation of treeLFA is the long computational time required to
perform the inference, which makes it difficult to scale treeLFA to very large
datasets. There are several reasons for this limitation:

Model configuration

treeLFA is based on non-negative binary matrix factorization instead of LDA,
which means it models up to hundreds of binary diseases variables for each individual.
By contrast, LDA only models a few diseases variables for each individual. This
difference in the size of the input data is huge, so does the time needed to sample
topic assignments (Z) for disease variables.

DRAFT Printed on October 19, 2022



7. Conclusion 165

Hyperparameter learning

The choice of hyperparameter a has a large influence on the inference result
given by treeLFA. This is largely due to the existence of the empty topic. On both
UKB datasets, it can be seen that the empty topic has much larger weight in o
than all the other disease topics. The ratio of weights in a for the empty topic
and a disease topic needs to be optimized. We employed a Gibbs-EM algorithm
to optimize a based on multiple samples of Z generated by the Gibbs sampler,
which is quite time consuming. Unlike treeLFA, LDA relies much less on the
optimization of a (the relevant analyses were done, but results were not shown
in Section 4.2.4), which makes it faster than treeLFA.

On the UKB data, we optimized a for 40 disease topics. In the future, if we are
to apply treeLFA on the phenotypic data in other biobanks, a smart initialization
for the optimization of @ can be used based on the result obtained on UKB.

Inference algorithm

treeLFA uses Gibbs sampling for inference, which is slower than other de-
terministic algorithms like Variational Bayes (VB). VB is another mainstream
inference algorithm for topic models, which is known to converge faster than MCMC
algorithms and does not spend time on collecting multiple posterior samples of
hidden variables [176].

In general, it is feasible to run treeLFA on a biobank-scale dataset to analyze
hundreds of diseases. In a realistic research setting, with parallel implementation
of treeLFA it takes more than two weeks to finish the training of treeLFA on the
top-436 UKB dataset, which is quite slow but still acceptable. Notably, diseases
in the top-436 dataset have prevalences as small as 0.001, which corresponds to
around 500 cases in the full UKB dataset. At present it may not be meaningful to
study very rare diseases in biobanks using topic models, since it would be difficult to
find stable multi-morbidity patterns for them. All in all, this means that treeFLA
is capable of analysing most currently available biobank datasets, though there
is certainly space for further technical improvement.

7.1.3 Configurations of topic models for phenotypic data

treeLFA and LDA have a lot in common in terms of the model configuration,
since they are all based on the idea to assign diseases with different topics. The
major difference is that treeLFA is aimed for binary data, and is based on NBMF.
Both configurations have their own advantages: the inference for LDA is much
faster, while treeLFA better characterizes dense topics and the empty topic, and
also de-correlate the weights for disease topics.

Notably, there are also other options for the configuration of topic models
to study multi-morbidity. For instance, Singliar et al. proposed the “Noisy-OR
Component Analysis” framework [177], which aims to model binary observable
variables with a smaller numbers of binary latent variables (topics). In this case, each
topic is still a vector of probabilities that parameterize the Bernoulli distributions
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for all the observable binary variables. But unlike LDA and BNMF, topic weights
are also binary, denoting which topics are active for individuals. If multiple topics
are active for an individual, and a disease has non-zero probabilities in more than
one of the active topics, then the overall probability for a disease to occur will be
calculated via a noisy-or model, which can be expressed as below:

P(Wy |0y =[1— H (1— ¢kl)9dk]Wdl . [kl:[ (1— d)kl)é)dk](l—Wdl)

k=1

In the above equation, Wy; is the disease variable I for person d; 84 is the binary
indicator vector for K topics for individual d; ¢y, is the probability of disease I in
topic k. The overall probability for a disease to occur is calculated as one minus
the probability that the disease does not occur through any of the active topics.

An important feature of the noisy-OR component analysis is that the topics are
binary traits. As a result, the downstream GWAS will be the standard case-control
study, instead of GWAS on continuous traits. This makes the comparison between
topic-GWAS and single disease GWAS more straightforward, especially for the
effect sizes of variants. For the topic-GWAS we carried out, attempts were also
made to compare the effect sizes given by the two types of GWAS, but thus far
convincing results have not been obtained (relevant results not presented in the
previous chapters), since the topic-GWAS and single code GWAS are in essence
different (linear regression for continuous topics weights and logistic regression
for single codes). Besides, like treeLFA, weights of different topics for the same
individual inferred by the noisy-OR component analysis will also be independent,
since topic weights are modelled with multiple independent Bernoulli distributions,
instead of a single Dirichlet distribution which implicitly assumes weak negative
correlation among them. Last but not the least, the assumption of binary topic
weights also makes biological sense. As is known, it is likely that along the trajectory
of the pathological mechanisms of diseases, at some points there are thresholds to
be reached for the activation of the downstream cascades. The binary topic weights
adopted in the noisy-OR component analysis can model this process quite well.

In summary, there are different frameworks for the topic modelling of binary
variables, and each of them have its advantages and disadvantages. treeLFA (NBMF)
is one of the available methods, and has been proved to have its unique value. In
the future, it will be interesting to try other frameworks, since they may discover
different hidden structure from the data and give us insights for the underlying
biology from different perspectives.

7.1.4 Priors for topics models

A distinguishing feature for treeLFA is the use of a hierarchical prior for the
structure of topics. Results on both simulated data and UKB data suggest that it
is a reasonable choice to use this prior, and it helps with the inference. However,
its influence on the inference result is not as large as what we expected when
we began this project. On the top-100 UKB dataset, treeLFA and flatLFA give
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almost identical results, in terms of both the inferred topics themselves and the
results for the downstream analyses. On the top-436 dataset, the topics inferred by
treeLFA and flatLFA are significantly different, and treeLFA chains always have
larger predictive likelihood than flatLFA chains, though the difference is not very
large. This result verifies our findings on the simulated data, that the prior for
topics plays important role when the training data is small, which is equivalent
to the inclusion of more rare diseases.

From a technical perspective, it is easy to update flatLFA to treeLFA, especially
when Gibbs sampling is used to do the inference. With other algorithms (such as
the Variational Bayes) used for inference, it may be difficult to incorporate the
prior by running a Markov process on the hierarchical structure of disease codes.
Fortunately, there are also other mathematical tools to construct a hierarchical
prior for topics, as was introduced in other relevant works [100].

Overall, the use of the hierarchical prior for topics is beneficial, yet its effect
is much smaller than that brought by changing the model configuration. From
my perspective, results in this thesis suggest that if possible, an informative prior
should always be incorporated. However, if this is in conflict with other adjustments
to the model, and given that the informative prior has limited influence on the
final results, it will also be reasonable to consider leaving out the use of the
prior and try other ideas first.

7.2 Genetic analyses for topics

7.2.1 topic-GWAS on topic weights as continuous traits

In Chapter 4 and 5, on the two UKB datasets the GWAS results given by single
code GWAS and topic-GWAS are compared. A noteworthy observation is that
topic-GWAS found many fewer significant loci than single code GWAS. This result
indicates that most genomic loci are specific to single diseases, instead of multi-
morbidity clusters. Therefore, at present topic-GWAS should be a complement
to the standard single disease GWAS. Moreover, this also suggests that there are
limited numbers of loci play key role in pathways related to multi-morbidity clusters.
In the future, these topic-associated loci’s function should be investigated to further
understand the mechanisms of multi-morbidity clusters.

The topic-associated loci that cannot be identified by single code GWAS proves
that topic-GWAS brings additional power for discovery. These loci in general
have smaller effect sizes than the loci associated with both topics and single codes,
thus they are also harder to be found by single code GWAS. Different topics have
different profiles for topic-associated loci. Notably, topics centered on metabolic
diseases and immune diseases tend to have more loci uniquely found by topic-GWAS.
Besides, dense topics and the empty also have a substantial numbers of loci only
found by topic-GWAS. The gene set enrichment analysis shows that many of the
loci associated with the empty topic and dense topics were found to be associated
with behaviours which influence people’s general health conditions (such as regular
exercise and having religious belief) by other studies. It is possible that the empty
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topic and dense topics are correlated with other traits (such as various human
behaviours or social-economic status), and thus also have relevant associated loci.
At present, what the empty topic and dense topics truly are and what do they
represent are still not clear, and requires further investigation.

During the progression of my research, I once expected to learn both topics with
single active codes and topics with multiple active codes at the same time. The
motivation was that some diseases may have distinctive pathological mechanisms,
therefore it will not make sense to put them into multi-morbidity clusters with
other unrelated diseases. With simulated data, it was proved that both LDA
(relevant result was not shown in previous chapters) and treeLFA can learn topics
with single active disease code. However, this relies on the proper setting of the
hyperparameters. For LDA, the concentration parameter of the Dirichlet prior for
topics controls the sparsity and smoothness of the inferred topics; for treeLFA, the
transition probabilities of the Markov process on the hierarchical structure of diseases
control the sparsity and structure of topics. Ideally, the model should be able to
automatically figure out if single code topics should be learnt. But in reality, this
has not been achieved, regardless the use of different hyperparameters. In the future,
this may possibly be attained by other topic models with different configurations.

7.2.2 Genetic analyses other than topic-GWAS

In Chapter 4 I explored genetic analyses based on the inferred topics and topic
weights other than the topic-GWAS. Specifically, an univariate multi-trait GWAS
method is applied, which uses summary statistics given by the single disease GWAS
for top active codes in a topic as input. There are two main reasons in choosing
this method. Firstly, topic-GWAS is not powerful in finding variants which have
heterogeneous effects on different active codes in a topic. For instance, some loci
may be associated with only a small fraction of the active diseases in a topic, and
with topic-GWAS these association signals will be diluted by other active diseases in
the same topic. Meanwhile, there can also be a lot of loci which are associated with
active diseases in different topics. However, these loci are not the focus of this study,
since the primary aim of this study is to find major multi-morbidity clusters and
understand their underlying mechanism. Secondly, with topics inferred from UKB,
it is also desirable to find a way to generalize the inference result (topics) given by
treeLFA to other types of existing datasets, such as cohort datasets constructed
for the study of single diseases. Overall, there are a wide variety of multi-trait
GWAS methods developed in recent years, as was discussed in Chapter 1. Different
methods are based on different ideas, and are suited for different research purposes.
Depending on the specific research goal, specific multi-trait GWAS method may
have unique strength and advantage.
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7.3 Further directions

7.3.1 Mechanisms of multi-morbidity clusters

In this thesis, a substantial number of variants are found to be associated
with people’s topic weights. However, to further dissect the mechanisms of these
associations, more analyses still remain to be done.

There are multiple possible models for the association and causal structure
between topic-associated loci and active diseases in the topic: First, a variant G
might be directly associated with disease A in the topic, and disease A is causal
to disease B in the same topic. As a result, variant G will be indirectly associated
with disease B. Secondly, the association between variant G and topic T might
only be driven by disease A in the topic, which may has very large prevalence in
the training dataset. This means variant G is not associated with other active
diseases in topic T. Thirdly, it is also possible that variant G is associated with an
upstream pathway that is shared by both disease A and B. These are only a few but
not all reasonable hypotheses. To figure out which one reveals the true biological
mechanism, specifically designed statistical tests are required. Fortunately, some
genetic tools such as Mendelian randomization and latent causal variable model
[178] can be applied to provide us with more evidence.

For genetic variations in the HLA complex, it would be more ideal to use alleles
instead of single variants for association study due to the complex LD structure in
this region. In Chapter 6, it is validated that the state-of-art algorithm - HLA*LA
gives accurate inference for most of the alleles for common HLA loci, especially
for British people. For the top-436 UKB dataset, a large fraction of the topic-
associated loci are located in the HLA complex (about 16 %). In the future, with the
availability of NGS data for most individuals in UKB, the dissection of association
signals in the HLA complex will undoubtedly be much improved.

In addition to genetic variants, it is also important to take into account the
non-genetic factors. There are already tools designed to accomplish this type of
analysis, such as “PHESANT?” [179], which can be used to scan through the raw
phenome data in UKB to find variables associated with any trait of interest. Last but
not least, there can also be significant interaction between different variables. For
instance, there may be interactions between different causal genetic and non-genetic
variables, or interactions between different diseases that are active in the same topic.

All in all, in this thesis I mainly focus on developing and testing the new model,
and figuring out what is the best way to apply it on the real world data. This is merely
the beginning of the whole research pathway. To truly advance our understanding
of any specific multi-morbidity cluster, various hypotheses need to be proposed and
tested, followed by functional analyses as well as the final experimental validation.

7.3.2 Subgroups of common diseases

In Chapter 3, I explore defining different subgroups for patients who were
diagnosed with the same disease using their comorbidity information. For the few
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exemplary diseases presented in Chapter 3, the subgroup-GWAS results indicate
that different subgroups of a disease may have different profiles for the genetic
associations, in terms of both P-values and effect sizes for the significant variants.
However, there are also unanswered questions. For instance, there can be very strong
multi-morbidity pattern for certain subgroups of a disease, such as angina. In these
subgroups, in addition to the disease being studied (angina), most of the patients are
also diagnosed with other active diseases in the same multi-morbidity cluster (such
as hyperlipidemia, hypertension and chronic ischemic heart disease). As a result, it
would be difficult to differentiate which disease is the major driving force for the
association found by the subgroup-GWAS. To tackle this problem, analysis of the
genetic correlation between different subgroups of different diseases might be helpful.

Another more straightforward way to define subgroups for a disease is to directly
use people’s topic assignments for this disease. According to the inference result
given by treeLFA, most diseases are active in more than one topic, which means the
same disease diagnosed for different people can be assigned with different topics.
In the future, this method can also be tried. However, it would be reasonable to
expect that it would give similar result as the method in current use.

For most of the diseases we studied, among all the subgroups there is usually
a dominant one with quite strong co-morbidity pattern. This subgroup should
receive specific attention in the future, since there might be unique and important
biological pathways involved. In addition, for diseases with relatively low prevalence,
it would be beneficial to carry out meta-analysis using multiple cohorts in the future,
based on the preliminary results obtained from UKB. Most importantly, clinical
profiles of different subgroups, including patient’s demographic characteristics and
clinical manifestations, lab tests, response to treatment and prognosis should also
be thoroughly studied, such that a more complete picture can be depicted for
different subgroups of a diseases.

7.3.3 More advanced topic models

It is important to emphasize that topics of diseases are inferred by treeLFA
purely based on the co-occurrence data for diseases, without making use of other
relevant information (such as the genotype data). In other words, unlike methods
such as treeWAS and PCHAT (introduced in Chapter 1), treeLFA is not aimed at
maximizing the power for discovery of associations or dissecting the causal structure.
In spite of this, the NBMF framework for treeLFA is a basic framework that can
be upgraded easily by plugging in other modules which have different functions,
like what have been done for LDA in the past decade.

For example, one natural extension to the basic LDA is the supervised LDA
[82], which is developed by introducing additional observable variables (labels of
documents). These additional variables usually have dependencies with the topic
weight variables. For instance, documents with different labels may have different
Dirichlet priors for their topic weights. In the context of text mining, these additional
variables can be documents’ authors, ratings or years of publications. For the study
of multi-morbidity, these labels can be common covariates such as age and sex,
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whose impacts on the genetic risks of common diseases have been investigated by
multiple studies [180, 181]. Notably, the complex relationships between covariates
and topics/topic weights can be modelled using various mathematical functions
[182]. In addition to the supervised topic models, there are many other interesting
extensions to the basic topic models, such as the correlated topic models [158],
or its updated version, the “Pachinko Allocation” (PAM) [183]. They all aim to
find the correlation structure between topics and/or individual words. In summary,
these models can be employed to solve various specific topic modelling problems,
as long as these problems make biological sense.

7.4 Conclusions

In this thesis, my main research goal was to study multi-morbidity clusters using
topic models and the diagnosis data in biobanks. I developed a new topic model
named “treeLFA” based on BNMF, and incorporated a prior for topics constructed
by running a Markov process on the hierarchical structure of diseases specified
by a medical ontology. Meanwhile, I came up with reliable solutions to multiple
technical issues related to topic model, including learning of hyperparameters, model
selection and combining results of multiple posterior samples from multiple Gibbs
chains. With simulated data, I proved that treeLFA could accurately infer topics
of binary variables, and it outperformed both LDA and flatLFA (treeLFA with
non-informative prior for topics) when the training data was small and/or most
individuals were mixture of multiple non-trivial topics. Besides, treeLFA was also
robust to wrongly specified tree strudture of diseases and number of topics.

With empirical analysis of the HES data from the UK Biobank, topics of
common diseases were inferred, and were found to be in alignment with our medical
knowledge. Among the inferred topics, there were always an empty topic, a few
dense topics with a large number of active codes, and many sparse topics which
focused on codes from 1-3 ICD-10 chapters. Notably, the empty topic and the dense
topics were found to have a strong genetic basis, and were better characterized by
treeLFA, rather than LDA. With topic-GWAS, loci associated with individual’s
topic weights were identified. In general, the number of topic-associated loci was
much smaller than the number of single disease associated loci, yet topic-GWAS still
provided additional power for finding topic-associated loci with relatively small effect
sizes and cannot be found by the standard GWAS. Through the training of treeLFA
models with different number of topics, I confirmed that the inferred topics and
their associations were stable and robust to the number of topics set for the model,
which implied a convenient model selection strategy. Lastly, a few other exploratory
analyses were done, including subtyping diseases according to patients’ comorbidity
patterns, constructing PRS for single diseases using the topic-GWAS results and
performing genetic analyses other than the topic-GWAS. All these analyses gave
promising preliminary results that can be further explored in the future.

In summary, topic modelling of the high-dimensional and sparse diagnosis data
in biobanks provides a reliable and valuable analytic framework for the study of
multi-morbidity. Combined with analyses making use of other types of omics data
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in biobanks, better prediction of risk and further understanding of the mechanisms
of diseases are all attainable.

DRAFT Printed on October 19, 2022



Appendices

173






CPASSOC: a univariate multi-trait GWAS
method

CPASSOC is a general multi-traits GWAS approach to integrate the association
evidence for multiple correlated traits of different types (continuous, binary, etc)
from one or more studies [48]. It takes the summary statistics of single trait
GWAS as input, and defines new summary statistics to measure the evidence of
association between one variant and multiple traits, based on the assumption that
the T-statistics of all traits jointly follow a multivariate normal distribution. The
effects of the variant on traits can be either homogeneous or heterogeneous, and
two different summary statistics (Sgom and Sget) are defined accordingly.

The test statistics Sgom defined below follows a x? distribution with one
degree of freedom:

5. _ (EBW)T)("(BW)T)T
Hom = el (WRW)-le

T: a vector of T-statistics for all the correlated traits.
R: the correlation matrix for all the traits.
e = (1,...,1)
W: a diagonal matrix of weights for individual test statistics. Wy = /ng. Wy is
the k" diagonal entry in matrix W, and ny, is the size of the k** cohort.

SHom is most powerful when variant’s effect is homogeneous to all traits, which
is also the reason it is named using Hom as the subscript. For heterogeneous
effect, a more powerful statistics Spe: is defined as below:

_ (e(R(M)W ()" T (7)) (" (R()W (7)) ' T(7))"
eTW(r)'R(1)"'W (1) e

S;
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SHet = rpggc(ST)

T(7): a subvector of T in which all entries are larger than 7.

R(7): a submatrix of R.

W (7): a submatrix of W. It is noteworthy that Wy, = 4/n X sign(T}), in which
signed weights ensure that with opposite effects for different traits, the evidence of
association will still be added up, instead of being cancelled with each other.
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Top active codes in the 40 topics inferred
from the top-436 UKB dataset.

Topic Active codes Topic name
1 110,N17,J18, E87,N18,E11,125,D64,E78,N39, | inf-blo-met-cir
B96,148,K29,150,120,195,A41,J44,1.03,J22,
D50,J90,K59,B95,E86,A09,K52,K92 E66,M19,
173,K76,K57,J96,K44 M79,J45,151,F32,112,
F17,F10,L97,M54,H26,K21,K80,J98, K63,M25,
M10,E10,N19,E83,K31,M13,121,K62,1.89,M81,
K74, K22,E16,B37,E03,E14,N28,D69,G47,167,
144,N40,I77,K20,K70,M17,126,184,170, M06

2 K29,K44,K21,110,F32,J45,K57,N39,M19,E03, | inf-dig-imm
K62,K52,M54,K59,M79,184 M13,K58, K80,F41,
N81,E78,K30,M81,E66,K63,M47,K92,A09,D64,
N95,K31,N92,M25,D50,M17,B96,F17,K20,J44,
G43,E11,G56,M06,J22,M20,N32,M75,K22, D12
3 M19,110,M17,M25,M13,M54,K21,E78 M47,M23] imm
K44,F66,M15,M79,J45 K29, M16,M75,K57,G56,
F32 E11,M51,M65,M20,M06,E03,K30,184,N39,
125,120,D64,M81,H26,K62,K52,M48,K80

4 C78,C18,C77,110,K56,D64,K63,C79,K59,K57, | inf-neo-dig
K66,C20,J90,K91,N39,K62,J18, K52, E87,N17,
D12,B96,K43,K29,E86,A41,C19,K92,K83,A09,
C25,K44,E78,E11,K76,D50,C80,K80,126,J98,
K21,D37,195,K31,C16,C15,D70

5 C79,C78,D70,C77,J18,A41,J90,C34,110,D64, | inf-neo-blo-res
J22 K59,C50,E87,N17,N39,A09,C80,J98,K52,
126,C85,B96,E86,E83,C83,D69,B37,148,195,
C61,Mb54,E78,F17,M79
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178 B. Top

active codes in the 40 topics inferred from the top-436 UKB dataset.

6 110,125,E78,K29,120,K44, K57, K21,E11,K62, | dig
K63,184,D12,K22,D50,J45,D64,K20,K92,J44,
K31,148,M19,K25,N40,121,M13,E66,F17,K30,

K52

7 110,163,E78,G81,167,N39,169,G40,F32,148, men-ner
J18,K59,E87,H53,B96,G45,J22,G93,F03,G30,
E11,164,161,125,195, F17,160,F05,165,F41,
G31,G20,N17,F10

8 J44,J18,F17,F32,J45,110,F10,J22,F41,J43, men-res
J98,J47,J96,E87,J90,E78 K29, M&81,K21,M54,

J84,C34

9 110,125,148,150,E78,151,120,144,134,121, met-cir-res
108,147,135,J90,J18,149,142,E11,145,195,
N17,J22,N18,J44,E87 E66

10 110,N32,N40,N39,E78,C67,N30,N35,N13,E11, | gen
N20,C61,K57,N28,D41,B96,K40,N18

11 E11,110,E78,E10,H26,H36,E14,125,H25,E66, | met-ner-eye
120,E03,H35,G56,N18

12 Mb51,M54,G55,M47,M48 110,M79,M43,M50,M25, ner-imm
M19,M16

13 D25,N83,N92,N80,N73,N94,N84,D27,N85,J45 | gen

14 1L03,110,1.40,B95,1.02,M07,F32,M79,J45 E11, | ski-imm
E66,F17,M17

15 M10,M20,M25,110,M75,M16,M13,G56,J45,M06, imm
M65

16 N95,N84,N85,110,D25,N81,N92,E03,C50 gen

17 H26,H25,110,H35,H40,H33,H52,M13,E78,H43 | eye

18 125,110,E78,120,121,E11,148 cir

19 K52 K51,K62,K63,K50,K57,184,A09,K59,D12, | dig
K56,K58

20 KN40, N32, 110, C61, K40, N41, N39, N42, | dig
N35

21 C44, D22, 198, 157, 110, L82, C43, D23, L90 | dig

22 K80,110,K81,K82,K85,K66,K29,K83 dig

23 N39,N81,N32,110,N30 gen

24 C44,D22,1.57,1.98,1.82,110,C43,D23.1.90 neo-ski

25 N40,N32,110,C61,K40,N39,N41,N42,N35 gen

26 110,E78,148 E11,M16 met

27 N20,I110,N23,N13,D35,E21 met-gen

28 J34,J33,J32,J45,J31 res

29 H72,H91,H90,H65,110,H66,H61 ear

30 M23,M17,110,M25 imm

31 C50,C77,D05,110 neo-gen

32 184, K62,K57,K60,K92 dig

33 N92,D25,N84,N93,N94 gen

34 180,M 79,183,126 blo-cir

35 K02,K08,K01,K04,K05 dig

36 N87,N84,N95,N92 inf-gen

37 HO02,H04,HO0 eye

38 H26,H33,H25 eye

39 K40,D17 dig

40 empty
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B. Top active codes in the 40 topics inferred from the top-436 UKB dataset. 179

Table B.1: Codes with an un-normalized probability of at least 0.2 in each topic inferred
by treeLFA from the top-436 UKB dataset are shown (active codes are not defined using
normalized probability to reduce the total number of top active codes in topics). Top
active codes in the same topic are shown in an descending order of their probabilities.
Topics have the same order and names as those in 5.4.
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