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Abstract

With the advent of analytical technologies that measure the biological and chemical

compartments of health and disease in a high throughput manner a large set of data

sets has been generated. Making sense of this wealth of information has been already

brought a paradigm shift to many fields and especially to biological and clinical re-

search. An impediment to harness the power of these wealth of data is the lack

methods to analysis this data. It has been increasingly common to acquire multiple

omics data from multiple tissue and bio-fluid to understand complex diseases with

heterogeneous response to treatments. The goal of such comprehensive studies is

to gain insights into the disease mechanism through the lens of multiple omics data

sets. An impediment to reach the considerable potential of these technologies is the

lack of computational and statistical methods and pipelines to process the mountain

of data that they generate. Each data set depending on its underlying technology

posses different challenges. Some require robust pre-processing techniques for im-

proved information gain and some passed this phase and require to be coupled with

complementary data for improved knowledge discovery. An example of the former

is the mass spectrometry imaging (MSI) and an example of the later is transcrimp-

tomics. In the thesis we investigated pre-processing methods for mass spectrometry

imaging data. A hierarchical clustering method was optimised to stand the challenge

of big MSI data set. A spatial statistical pipeline was designed and implemented

for MSI to minimise information loss during pre-processing. Finally, an integrative

pipeline was designed to investigate omics data. A challenge in systems medicine

is to integrate multiple omics data sources to provide a systemic insight into the

disease mechanisms. This thesis proposed a multi-layer pipeline that incorporated

methods from bioinformatics, statistics and machine learning fields to successfully

integrate multi-omics data and generate clinically relevant subphenotypes for sever

asthma.
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Chapter 1

Introduction

This thesis is the synthesis of research in the growing intersection between spec-

troscopic profiling, systems medicine and computer science. The philosophy of the

thesis is solve some new data-centred problems. The problems were provided by the

research terrain. The idea was to find the most robust computational and statistical

method to solve the problem. Some questions can be answered by adoption of a

single method but some questions needed an assembly of multiple methods. Where

we found the most relevant category of solutions; we used the simplest and the ones

that stands the test of time. This might contradict the idea of a method suitable

for a doctorate thesis that suppose to push the boundary of the field further but

we wanted to bring insight from the data; using the simplest methods helped us to

prevent to speculate on a partially known property of a model.

1.1 Spectroscopic profiling

Spectroscopic profiling methods include methods such as nuclear magnetic resonance

spectroscopy (nmr), mass spectrometry (ms) and Raman spectroscopy. In the con-

1



2 Chapter 1. Introduction

Figure 1.1: Caption

text of life sciences, these methods aim to quantify bio-molecular compartments

of cells, tissues and bio-liquids. The primary focus of this thesis was to improve

computational methods for preprocessing of mass spectrometry data. Frequently

used mass spectrometry technologies are matrix assisted laser desorption ionization

(MALDI) [6] and desorption electrospray ionization (DESI) [7, 8] and secondary ion

mass spectrometry (SIMS)[9]. MS has become a prime tool in life sciences, biolog-

ical and clinical research [10, 11, 12]. Lane [13] reviewed the field, description of

technology, a detailed summary of research project.

In the clinical context, MSI is about studying tissue sections in which data is col-

lected in a spatially resolved manner using an analytical beam. The beam can be a
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Figure 1.2: Caption

laser or beam of particles. Mass spectra are obtained from predefined small areas on

the tissue surface called pixels. For each and every predefined pixel, a mass spectrum

is obtained, and it is how a hyper spectrum is made. This way, MSI allows the study

of the spatial distribution and relative abundance of a wide range of biomolecules

directly in their natural backdrop [14]. This range spans from metabolites and lipids

to higher mass biomolecules such as proteins. MSI research and applications have

gained substantial momentum in recent years, largely in the field of cancer studies

[15, 16] and tissue biomarkers [17]. This resulted in the accumulation of large MSI

data sets.

An MSI reading from a single tissue section typically contains more than 1000 spec-

tra and in can amount to file sizes of several gigabytes. Moreover, with increasing

popularity of MSI in metabolomics and clinical studies, the cohort sizes of studied

patients and controls are also growing. Manual investigation of these data is becom-

ing increasingly infeasible. The MSI data processing structure can be divided into

two major parts; preprocessing and data mining.
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Figure 1.3: Caption [2]
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1.1.1 Preprocessing of MSI data

Preprocessing consists of bottom-up multi-step processes and its order and the num-

ber of constituent components is debatable [14] and the output of this step, is the

fundamental building block of the next phase. However the aim and objective of

the first phase is fixed but the analysis phase is about designing a bioinformatics

tool that answers a specific research question i.e. finding a specific biomolecule that

altered upon a treatment or finding interesting correlations in the data set.

An accurate and efficient preprocessing workflow to make data comparable and man-

ageable is quintessential for a successful data analysis framework. The type and the

number of procedures necessary to preprocess MS data depend on the data acqui-

sition mode, namely profile or centroid. In profile mode, a peak is represented by a

group of m/z ratios over several scans. In centroid mode, the m/z signals are pre-

sented as discrete m/z ratios with zero line widths . The advantage of profile data

is that it is easier to classify a signal from the instrument’s noise. However, profile

mode data sets are substantially larger than centroid mode data sets. The typical

preprocessing steps for profile mode data sets are: data transformation, smoothing,

baseline correction, normalisation, alignment, peak finding and finally peak match-

ing.

In the following section, an overview of the preprocessing steps for mass spectrom-

etry imaging is given. Figure 1.4 shows the necessary steps required to preprocess

MS data. An accurate and efficient preprocessing workflow to make data compara-

ble and manageable is quintessential for a successful data analysis framework [18].

The type and the number of procedures necessary to process mass spectra after

data acquisition depend on the acquisition mode, namely profile or centroid. In

profile mode, a peak is represented by a group of signals over several scans. In

centroid mode, the ions are presented as discrete m/z ratios with zero line widths
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Figure 1.4: Preprocessing of mass spectrometry data

[19]. In other words, centroid data is the result of profile data preprocessed to re-

place a distribution of peaks with a single data point. The centroiding of the profile

data, could be done by offered vendor’s methods or the third party applications

such proteowizard suite [18], MSnbase [20] R package, MaldiQuant [21] R package

to name a few. MSI data available for this thesis were acquired in the centroid mode.

The profile mode data has larger potential to recover a signal from noise; [22] used

the lease square algorithm with Gaussian components for signal deconvolution and

predicted the peak width and position. However, profile mode data sets are sub-

stantially larger than centroid mode as each signal in the centroid mode data is

displayed by several signals in the profile mode [20]. In the following, the necessary

preprocessing steps are described in more detail.

1. Data transformation - changes intensities - Most of the multivariate statis-

tical techniques assume that the measurement noise is consistent across the

measured range. In the case of MSI data sets, similar to gene expression

data types, the technical variance increases as signal intensity increases, or in

another term the measurement noise is heteroscedastic. It implies that m/z

ratios with higher intensities show larger variability if repeatedly measured,

or the measurement error is a multiplicative factor rather than an absolute

value. Replacing intensity values by their logarithmic values transform the

multiplicative factor into an additive factor (i.e. log(intensity ∗ error) =

log(intensity) + log(error)).
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2. Smoothing - changes intensities - Smoothing the signal is based on the hypoth-

esis that a signal originated from noise behaves distinctly different than its

neighbouring signals. It is beneficial when data points are equally spaced e.g.

profile data. A few methods for smoothing are; 1) Savitzky-Golay smoothing

[23] is frequently used in analytical chemistry and increases the signal-to-noise

ratio with minimal distortion of the signal. It is implemented in open-source

software for MS data processing MapQuant [24] and OpenMs [25]. 2) Mov-

ing average filter [26]. 3) Undecimated discrete wavelet transform(UDWT);

implemented in PreMs workflow [27].

3. Baseline correction - changes intensities - The chemical, ionisation, and elec-

tronic noise often influence the background curve of MS data. This is referred

to as a baseline. This global variation in the baseline that varies across the

spectra. It is mostly corrected by detecting and subtracting local minima from

the spectrum. Some of the commonly used methods are; interpolation of local

minima found in a moving window (e.g. 0.5 Da) [28], Monotone minimum [29]

implemented in Cromwell Matlab package, Loess implemented in PROcess R

package [26] and statistics-sensitive nonlinear iterative peak-clipping (SNIP)

algorithm [30, 21].

4. Normalisation - changes intensities - In mass spectrometry, as in many other

fields in biology, when an experiment is repeated, very rarely, the same results

are recovered. The same result for an analyte implies that the repeated mea-

surement should measure the analyte with the same m/z ratio and intensity.

Peak matching and alignment deal with equalising the m/z ratios while other

steps such as normalisation and baseline correction put the intensity in per-

spective. Normalisation is a process to adjust spectra to have a common inten-

sity scale by dividing a mass spectrum with an intensity scaling factor [31]. A
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widely used intensity scaling factor is total ion current of spectra or TIC nor-

malisation [32, 16, 29]. However, in the presence of high-intensity peaks, TIC

is known to suppress other ion with low intensities [31]. Also, it is suggested

that TIC normalisation is not reliable when more than 10% of peaks vary sig-

nificantly among spectra [33]. Alternative techniques include normalisation on

the median noise level [31], probabilistic quotient normalisation (PQN) and

normalisation using reference peaks [34].

5. Alignment - changes m/z ratios - Similar compounds in various mass spec-

tra do not necessarily observed with the same m/z ratio. These peaks may

be shifted in a random direction and must be grouped together. Apart from

the accuracy of the instrument, other reasons such as variability in instru-

ments, operators or processing centres and mass shift over a period of time

were perceived to cause m/z deviations. In profile mode, a peak is described

by a collection of signals over several scans [19]. In particular, peak align-

ment refers to synchronisation of m/z ratios acquired in the profile mode.

Techniques proposed for alignment can be categorised into two groups; (1)

correlation based, (2) distance based. Correlation-based methods are meth-

ods that employ correlation coefficient to gauge the similarity between peaks

whereas distance based methods quantify the spread between peaks based on

distances measurement such as Euclidean distance. Correlation-based meth-

ods [35, 36] find the optimal shift position in a segment by employing the

correlation coefficient. However, determining the segment size is a pivoting

factor that can introduce alignment artefacts if considered too small [37]. Dis-

tance based techniques include dynamic time warping (DTW) [38], derivative

dynamic time warping (DDTW) [39] employ mostly Euclidean distance to find

the optimal alignment.
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6. Peak picking - changesm/z ratios and intensities - Peak picking has the biggest

effect on the size of the MS data set compared to other steps of preprocess-

ing by representing a set of peaks by a peak. To minimise the detection of

false positive peaks, signal-to-noise ratios (SNR) are also calculated, and peaks

smaller than this ratio are excluded from the data [21, 40, 41]. SNR estimation

could be based on the different methods. The two often used methods in MS

are: 1) median of the absolute deviation (MAD) of points within an interval,

2) top 95-percentage of absolute continuous wavelet transform (CWT) coeffi-

cients. The first method was implemented in Process R package [26] and the

second in [42] R package. Another technique which is more computationally

expensive is to model peak shape by a Gaussian basis function and then de-

compose the raw spectra into a weighted sum of basis components [43]. Yang

et al. [44] conducted an comparative analysis on 5 peak detection techniques

and concluded that CWT provides the best performance.

7. Peak matching - changes m/z ratios - The challenge to find a peak matching

technique that can replace a simple binning technique when there is not much

concern on the instrument accuracy is not very rewarding. However, even

with high accuracy instruments the measurement error is still present, and

when the number of spectra is immense (more than 100,000) a small random

shift observed many times has a large expectation therefore an accurate peak

matching technique is necessary. The application of hierarchical agglomerative

clustering (HAC) for peak matching of large MSI data sets has been limited

because of the intensive computational and memory requirement of HAC al-

gorithms. We address this issue and discuss further details on peak matching

challenges in chapter x .
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1.1.2 A hierarchical clustering method for MSI data prepro-

cessing

Efficient preprocessing techniques to make MSI data comparable and manageable

are necessary. This step is of profound importance because it produces the founda-

tion of the data mining step and defines the success of the MSI computational model

to a great extent. Peak alignment and matching of MSI spectrum is of particular

significance compared with other preprocessing steps. In this thesis, application of

hierarchical agglomerative clustering is extended from being applicable on a small set

of low mass resolution mass spectra to a large set of high mass resolution MSI data.

Our method produces advantage of speed and memory usage over standard cluster-

ing algorithm and requires less number of meta-parameters compared to dynamic

time warping technique for peak matching. The proposed method is demonstrated

in comparison with heuristic peak alignment and dynamic time warping evaluated

against MSI data sets (e.g. synthetic data, colorectal cancer and cell culture data

sets).

1.1.3 A workflow for spatial randomness test for MSI data

In the age of the rapid advances in the analytical methods and emergence of rich

data sets that quantify different aspect of health and disease,gaining insight into the

type and nature of the data helps data scientists to become creative and customised

algorithms to study the data that would be computationally be intractable or very

slow otherwise.

A data-driven research where the data takes the research from one terrain to an-

other makes the data scientist a interdisciplinary researcher. The researcher not only
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needs to conduct inter disciplinary shift e.g. from computer science to biochemistry

but has to cover a lot of intra-disciplinary activities e.g. signal processing to ma-

chine learning to statistical analysis of spatial point pattern to name a few. Gaining

knowledge and expertise in any of these fields needs time. But in the age of data

it is necessary for a data scientist to diversify and address the data requirements of

the task.

With the advent of technique and proliferation of libraries and packages it is possible

to apply a method from one domain to the similar problem in another domain with

minimum knowledge of the method and its implementation. However, if the insight

of the researcher is combined with the expertise on the method one can push the

limit of the method based on the understanding of the data immensely. This is the

preface for the adoption of the spatial randomness test to the MSI domain.

Due to the richness of MSI data sets it is common to exclude molecular ion species

that occur on a small percentage (1%) of a MSI slide. It is also common to ignore

the spatial nature of MSI data. It is possible to utilise the spatial nature of MSI

data to recover molecular ion species that might represent a histological feature that

would be excluded from the data only because their scarce present on a MSI slide.

In here, a pipeline is designed to recover ion species that might represent a small

histological features.

1.2 Systems Medicine

The final part of my thesis is about systems medicine. In the following, first I

review systems medicine literature. subsequently, I describe U-BIOPRED (Unbi-

ased BIOmarkers in PREDiction of respiratory disease outcomes) projects. Finally,
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I introduce the integrative bioinformatics pipeline that was implemented to study

heterogeneity of sever asthma in a systems medicine context.

Systems biology preceded systems medicine by 10 years. systems biology improved

constantly from 1960 to mid-1980, however the same progressive trend started on

1980 for ’systems medicine’. Relative to systems medicine and systems biology the

frequency of medical genomics remained low. Here we hypothesise that as systems

biology at its peaks gave rise to systems medicine; when systems medicine reaches

its peak it is very likely that it would boost the emergence of medical genomics.

Medical genomics would make personalised possible.

Systems biology has its root in molecular and cell biology, each of these fields studies

not only one component i.e. (bio)molecules or cells but also its interactions. The

body of a living organism is a complex biological system that function because

of an ongoing interactions between and across multiple components in all levels

of organisation from single-molecules to macro-molecular to organelles to cells to

organs in normal and perturbed conditions.

Systems biology [45] is an integrative field of study designed to tackle the com-

plexity of biological systems. Its road map and challenges explained thoroughly by

Nicholson et. al [46] and reviewed in [47, 48, 49, 50]. Molecular and cellular biology,

biochemistry and physiology set the foundation of systems biology while physics,

mathematics and statistics paved the way for systems biology whereas continuous

development of high-throughput analytical and computational technologies took sys-

tems biology to its natural habitat. A natural next step of systems biology is systems

medicine. Systems medicine follows medical genomics to address the non-linear re-

sponse and development of our bodies to environmental factors, ageing, and drugs
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[51] in a systems biology context. Computational pipelines for systems medicine

integrates data that has been collected from various high-throughput technologies,

in order to generate predictive/descriptive computational models to elucidate the

role of functional and regulatory biological networks and/or re-group patients based

on their molecular fingerprints [52, 53].

Combination drugs, multi-view of diseases, and fractal understanding of living or-

ganisms might be the fruits of systems medicine. A comprehensive review of systems

medicine and the transition from systems biology to systems medicine is given in

the review by Wolkenhauer et. al [54].

Wide range of time course clinical data, high-throughput omics technologies that

span from DNA sequencing to study genomes, to microaray and RNA-seq technolo-

gies for investigation of transcriptomes, to spectroscopic profiling (e.g. liquid chro-

matography, mass spectrometry and nuclear magnetic resonance) methods for anal-

yses of lipidomes, proteomes and metabolomes followed by RNA-seq and metage-

nomics technologies to study microbial flora to name a few have provided a rich set

of data. Each of these technologies is on the path of rapid development; some are

more mature than others.

Utilising these ocean of data using computational technologies will provides waves

of information by elucidating pathways and networks of bio-molecules that associate

with disease or health which finally improves disease diagnosis/prognosis and drug

discovery by maximising therapeutic benefit and minimising toxicity and produces

drops of precision medicine [55, 56] and personalised medicine [57].
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1.2.1 Systems medicine for Severe Asthma

From 2008 to 2013, the annual economic cost of asthma was more than $81.9 billion

in the United States alone [58]. An estimated 50 percent of all asthma-related

healthcare comes from severe or therapy-resistant asthma [59]. Severe asthma is

a heterogeneous disorder, over the years, many different subtypes of severe asthma

have been described [60, 61, 62, 63]. A precise definition of sever asthma phenotypes

is becoming increasingly important.

U-BIOPRED (Unbiased BIOmarkers in PREDiction of respiratory disease outcomes)

project [64] is a multi-centre European project; it seeks to find meaningful subtypes

of severe asthma using data from asthmatic adults and children. U-BIOPRED fol-

lows a data-driven bottom-up approach:

1) A large cohort of well-characterised adult and paediatric asthmatic subjects’ and

healthy volunteers were recruited; registries were created for cross-sectional and lon-

gitudinal studies for these cohort. Samples from various tissues/bio-fluids i.e. lung

bronchial biopsies , sputum, airway biopsies, plasma and urine were collected and

stored in a bio-bank.

2) various high-throughput Omics datasets, including GWAS, transcriptomics, Pro-

teomics, Lipidomics, Breathomics, microbiome from multiple tissues/bio-fluids in

addition to histology/morphological questionnaires, clinical and disease outcome

were generated. The development of transMART [65] as a knowledge discovery

made the data available to U-BIOPRED associated investigators.

3) U-BIOPRED produced masses of data; U-BIOPRED investigators has been ap-
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plying systems medicines strategies with the goal of refining fingerprint of asthma

- produced based on a single omics/clinical data source - to a hand-print produced

based on the multiple omics data in the context of systems medicine. A hand-print

reflects the aspect of integrative analysis of multiple data sources in appose to finger-

print that is inferred based on a single data source. Data integration is a pillar of

the systems medicine. Without using data integration techniques it is not possible

to retrieve asthma hand-prints.

4) Finally the hand-prints has to be validated in pre-clinical animal and in vitro

human models followed by in vivo models of allergic airway inflammation and exac-

erbations.

Diseases such asthma and cancer are complex conditions with heterogeneous clinical

presentation, severity, and prognosis. Systems medicine approached can shed a light

on the disease heterogeneity by discovery of the networks of genes and proteins asso-

ciated with this systemic diseases; by utilising measurable characteristics of disease,

including demographic, physiologic, omics and molecular data to stratify patients

into subgroups. The associated network of genes and proteins to these subgroups

can be recovered from the data using the computational models. These subgroups

may provide insight into the disease biology especially if meaningful differences in

the molecular data is matched by significant differences in clinical presentation,

severity, or prognosis. This will lead to precision medicine by means of efficacious

patient stratification and ultimately personalised medicine.

Computational methods that allow the integration of data from heterogeneous sources

play a central role in the systems medicine studies [66, 67, 47]. Data integration

allows us to achieve a comprehensive view from a set of partial but complemen-
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tary data blocks. Prior to integration of multiple data blocks each data set has to

be pre-processed to avoid data diversity to be cast within a model framework and

within data heterogeneity effects would be neutralised. A further step involves the

control of the data redundancy in each data set. Using feature selection or extrac-

tion methods spurious and noisy correlations in data would be mitigated. These

two actions will lead to a parsimonious normalised model with which to compute

possible inferences. Wuet al. [68] reviewed data integration and feature selection

methods.

1.2.2 Computational workflow for disease subphenotyping

The final part of this thesis is about a computational workflow for asthma subphe-

notyping. The objective here was to determine molecular phenotypes of asthma by

analysing sputum cell transcriptomics and SOMAscan [69] and shot-gun proteomics

analysis from liquid chromatography-mass spectrometry of serum supernatants from

104 moderate-to-severe asthmatic subjects and 16 healthy subjects.

The SOMAscan proteomic assay is an array based method measuring more than

1,000 proteins each assay run. Its underlying technique was comprehensively de-

scribed by Gold et al. [69] and discussed by Candia et al. [70]. After filtering on

the differentially expressed genes between eosinophil- and non-eosinophil-associated

sputum inflammation, we reduced the sputum transcriptomics data to 508 differen-

tially expressed genes.

The rational behind the workflow is two fold:
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1) from local effects to systemic affects - asthma is an a respiratory condition marked

by inflammations of airways in the lungs [71]. Although asthma has a significant

systemic component, it is mainly an airway disease. Therefore, we decided to let

the sputum transcriptomics guide the workflow. We have combined a lung aspect

(sputum) with a blood aspect (systemic aspect). As example of the above is the

communication between bone marrow and the lungs in asthma (eosinophils are made

in bone marrow and travel to the lungs in asthma) [72]. Eosinophils are linked to

subphenotypes of asthma [60].

2) in between top-down and bottom-up design - systems approaches are mostly

data centred (bottom-up), conventional studies are model-driven (top-down), we

followed a question-driven (middle-out) inquiry in search of disease subgroups [51].

The goal of the study was to investigate the heterogeneity of asthmatic subjects.

We utilised the fact that a lung aspect (sputum) can focus the study and used spu-

tum transcriptomics (mircoarray technology) that has been already shown potential

for asthma subphenotyping [60, 73, 74]. We designed questions that was formed by

the availability of data and expert knowledge (clinicians, bio-chemists and computer

scientists).

Four main questions were formed: 1) how many clusters are in the sputum tran-

scriptomic data?, 2) which genes are non-informative and can be excluded from the

data? what is the minimal model for the found groups in the data?, 3) what are the

genes and proteins that best characterise the subgroups?, 4) do the subtypes iden-

tified by the transcriptomics data change after data integration with SomaSCAN

and shot-gun proteomics analysis from liquid chromatography-mass spectrometry

of serum supernatants. Pathway analysis enquiring various data-bases ([75], meta-
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core (https://portal.genego.com/)) and gene set enrichment methods [76] were the

natural next steps; were performed afters questions 2-4.

A large set of demographic, clinical, bio-marker, haematology, life style question-

naires were collected for the U-BIOPRED cohort. The significance of the difference

in this data set were tested for the recovered subphenotypes.

The identification of subgroups with cluster analysis - In general, clustering objective

is to find a set of clusters of similar objects while keeping dissimilar objects apart in

different groups. Clustering is known as an unsupervised learning task. clustering

methods can be categorised into two groups: model-free and model-based cluster-

ing. Frequently used model-free clustering includes k-means, hierarchical clustering

and partitioning around medoids (pam); where no assumption is made about the

distribution of the data. Model-free clustering make use of similarity measurements

to group the data points; similarity measures can be distance-based or correlation-

based; Euclidean and City block (for numerical variables) and Hamming distance

(for categorical variable) are the examples of the former and Pearson and Spear-

man’s correlation coefficient are examples of the later. Correlation coefficients can

be used for time series of real valued data. Overall, the choice of distance function

is basically dependent on the type of data set and application.

Another inherent difference between model-free clustering methods is their strate-

gies to group the data that is either top-down or bottom-up. K-means and pam are

top-down whereas hierarchical clustering is bottom-up; it starts but assuming that

each data point is a cluster and gradually merges the clusters until all the data is in

one clusters or another stopping criteria is met. Contrary to mode-based clustering,
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For the model-free methods the number of clusters has to be fixed from the outset.

Identifying the optimal number of clusters is a challenging task. It can be done by

inspecting the dendrogram (clustering tree) for hierarchical clustering or using clus-

tering indices. Using dendrogram one can decide where to cut the clustering-tree;

however this method is subjective. More than 30 indices to identify the optimal

number of clusters were reviewed by Charrad et al. [77]. Usually using a few of

these indexes which is done by clustering the data based on a range of number of

clusters; and calculating the indexes; finally the optimal number of clusters is iden-

tified by the elbow method. Frequently used indices are total within-cluster sum of

square (wss), Gap statistics and clusters’ silhouette.

Model-based clustering methods such as finite Gaussian mixture clustering. Finite

Gaussian mixture clustering assumes the underlying distribution of data is a finite

mixture of Gaussian distribution with varying shape, volume and direction; it uses

expectation maximisation (EM) to estimate the maximum-likelihood for the param-

eterised Gaussian mixture models. Formulation and a brief history of finite mixture

models including finite Gaussian mixture methods is reviewed here [78]. Finally

classical model selection tools such as Bayesian information criteria (BIC) [79] and

Akaike information criterion (AIC) [80] can be used to choose among models that

explain the data. Both AIC and BIC aim to find an optimal trade-of between

goodness-of-fit (measured by the fitted model’s log-likelihood) and model complex-

ity (given by the degrees of freedom).

There are other clustering methods that manipulate the data prior to clustering then

apply one of the above clustering strategies. We argue that as these methods employ
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the above mentioned clustering strategies they can be considered as an extension

of these methods. Some frequently used clustering methods are spectral clustering,

density-based clustering and consensus clustering. Spectral clustering [81] uses a

radial basis kernel to create an affinity matrix and then uses the eigenvalues of this

matrix to represent the data. Finally, it applies a k –means clustering. Density

–based methods opt to relax the constraints of model –based models by being using

non-parametric density estimation.

Consensus clustering [82] is a framework that can be applied on any clustering meth-

ods. Consensus clustering use a sub-sample of the data and applies the clustering

method iteratively and aggregates the clustering results in the form of a consensus

matrix. Consensus matrix is a square matrix; its rank is equal to the number of

samples. Any entry on the consensus matrix di,j shows the ratio that a sample i

and j fall in the same cluster. Consensus matrix and cumulative distribution of the

consensus matrix is used for visualisation. We have used finite Gaussian mixture

clustering and consensus clustering for clustering of the transcriptomics data, and

finite Gaussian mixture clustering for clustering of integrated transcriptomics and

proteomics data.

Clustering tendency of the data can be gauged with feature extraction methods.

These methods are a set of unsupervised learning methods that transform the data

to a lower dimension; this might make it easier for humans or other machine learn-

ing algorithms to understand or compare the data. Principal component analysis

(PCA) [83], non-negative matrix factorisation (NMF) [84], Singular Value Decom-

position (SVD) [85], and t-Distributed Stochastic Neighbor Embedding (t-SNE) [86]

are examples of such approaches. We used PCA to asses clustering tendency of our
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data. PCA simplifies the complexity in the high-dimensional data, it does this by

transforming the data into fewer dimensions, which are linearly uncorrelated. By

plotting the first principle component (PC1) against the second principle component

(PC2); we were able to study the clustering tendency in our data.

Features selection is a necessary step in our workflow. It aims to exclude noise and

redundant information [24]. A feature selection technique has to be applied to select

an optimal subset of all features contained in the data set. Also, omics data sets

consist of far more features than samples; a selection has to be made before per-

forming classification to overcome the dimensionality curse and prevent the model

from over-fitting. Three major types of feature selection algorithms are wrappers,

filters, and embedded methods.

Each technique has its strengths and limitations. Filtering approaches select vari-

ables by ranking them using statistical tests. In here, the F-test and Kruskal-Walis

test were used to rank features. Wrapper techniques employ a supervised classifica-

tion method to score subsets of features according to their predictive accuracy [87].

One-step recursive feature elimination, based on support vector machines [88], and

component boosting [89] are instances of this method. We have used component

boosting; it is based on a weighted ensemble of "weak learners" for classification

[90]. component-wise boosting by Friedman et. al [91] is based on a functional

gradient descent combined with with exponential [90], binomial [92] and squared

[89] loss function in the two-class case, and multinomial loss function in the multi-

class case. The third class of feature selection method are embedded methods; these

methods perform variable selection simultaneously to the process of learning [87].

Here, random forest variable importance measure were applied.
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One purpose of a feature selection technique, is to find the best subset of features

to represent the information content of the data. Feature selection techniques rank

features but it is important to select the most informative set of features. We have

designed a workflow to incorporate the features’ importance from an ensemble of

methods. The methods selected from all the above mentioned categories; F.test and

Kruskal-Walis test from filtering methods, component-wise boosting from wrapper

methods and Random Forest variable importance methods from the embedded meth-

ods. Features consistently identified as being characteristic may represent a more

accurate summary of the entity than any of the feature selection techniques used

in isolation. We have used permutation to study whether the identified important

feature is significant or not.

Integrative nature of systems medicine demands for integration of knowledge and

information in different levels. A data centred multi-omics systems medicine inves-

tigation relies on the data integration methods. We have used data from SomaScan

and shot-gun proteomics analysis from liquid chromatography-mass spectrometry of

serum supernatants to refine subphenotypes identified by sputum transcriptomics.

Wu et al. reviewed feature selection and data integration methods [68]. Their em-

phasis is on role of the feature selection for data integration. The divided the data

integration methods into two categories: parallel and hierarchical integration; based

on whether the prior knowledge of regulatory relationship among different platforms

of omics data is incorporate in the integration framework (hierarchical) or not (par-

allel). A better grouping of data integration methods is proposed by Bersanelli et al.

[93]; four categories based on their mathematical formulation and methodological
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aspects: 1) network-free non-Bayesian, 2) network-free Bayesian, 3) network-based

non-Bayesian, and 4) network-based Bayesian. The Bayesian here is similar to hi-

erarchical by Wu et. al [68] and refers to methods that utilises Bayes’ theorem to

incorporate the expert knowledge about the prior distributions of the data in the

data integration framework.

In the network based methods the omics features is treated as a graph. A compre-

hensive review about data integration methods is out of the scope of this thesis.

Here, we have selected similarity network fusion (SNF) [94] because it is compu-

tationally efficient and comparatively accurate. Tini et al. [95] compared sparse

canonical correlation analysis [96], Joint and individual variation explained (JIVE)

[97], multiple co-inertia analysis [98], Multiple Factor Analysis [99], SNF [94] on

multiple omics data sets and concluded that SNF is the most robust method. In

here, the four transcrimptomics associated clusters (TAC) of asthma were refined

using SNF and serum proteomics data.

The subphenotypes based on the multi-omics data set exhibited differential clinical

features and were associated many inflammatory and metabolic pathways. Finally

our extensive computational workflow allowed us to recover meaningful subpheno-

types of server asthma that in turn can help with precision medicine and better

understanding of asthma heterogeneity.



Chapter 2

A bi-directional hierarchical

clustering (BHC) for peak matching

of large mass spectrometry imaging

data sets

The preprocessing of mass spectrometry (MS) data is a crucial step in every MS

study that not only makes data comparable and manageable but also contributes to

the reproducibility of studies.

Peak matching is an essential part of this process which is often overlooked. The

use of hierarchical agglomerative clustering (HAC) for matching of mass-to-charge

ratios has been limited to data sets with a few spectra due to the time complexity

of HAC.

Two main objectives of this chapter is to re-introduce: 1- a bi-directional hierarchical

agglomerative clustering (BHC) as a scalable and accurate peak matching technique;

24
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2- propose a parallelization framework that significantly improves peak matching

algorithm’s computation time.

ere, first, the time complexity of hierarchical agglomerative clustering for peak

matching was optimised by BHC to O(RlogR). Second a parallelization framework

was introduced and implemented. Finally, BHC was benchmarked against state of

the art peak matching techniques.

A bi-directional agglomerate hierarchical clustering method for peak matching of

high resolution mass spectrometry imaging data sets was designed and implemented.

It was benchmarked against the state-of-the-art peak matching methods. In addi-

tion, a parallelization framework was designed and implemented. This comprehen-

sive framework improves the computational time of any peak matching technique.

2.1 Introduction to peak matching algorithms

Peak matching also referred to as peak/spectra alignment in the literature [28, 100,

101]. However, there is a subtle difference between peak matching and spectra

alignment. In the sense that peak alignment or spectra alignment is a better term

to be used for cases of profile data. In contrast, peak matching refers to aligning

peaks in centroid mode i.e. peak picked profile data. In this part of the thesis,

the particular issue of matching m/z ratios across mass spectra for which peaks

is extracted, is addressed. Spectra alignment precedes peak matching in the pre-

processing pipelines designed for mass spectrometry data sets. Spectra alignment

does not eliminate the need for accurate peak matching as even after peak alignment

there exist a slight shift in the peak locations [35]. In the following, methods used

for peak matching from the simplest method to the most complex is described. The

simplest method for peak matching is a binning or bucketing method; it requires a
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single parameter that is called mass tolerance [102, 103]. Mass tolerance parameter

determines the interpolation interval i.e. the maximum deviation of a peak position

to be assigned identical.

Mass tolerance can be either a fixed value e.g. Delta m/z=0.001 [104] or relative

to the value of m/z ratios as in [105]. Binning methods are scalable to larger data

sets however Kazmi et al. [101] showed these methods are not accurate. Another

set of methods are based on the gap between m/z ratios such as methods by Morris

et al. [102], peak matching method for MALDIquant R package[21], and one of the

methods used by Cardinal R package [106].

The peak matching algorithm by Morris et al. [102] starts by putting all m/z ratios

in a sorted vector. Subsequently it calculates differences between each neighbouring

peak. Next, it combines peaks that differ in location by no more than mass tolerance.

Finally, each unique peak group is labelled by the mean of m/z ratios.

Morris et al. [102] algorithm leads to generation of large bins when bin boundaries

were very close or overlapping. However, [102] suggested to specify maximum total

bin width (Width of a bin is the range of m/z ratios grouped together). This

technique is fast with time and memory complexity of O(n), where n is the total

number of m/z ratios in the data set.

Yasui et al. [107] method is based on a recursive peak counting and coalescing

procedure. It starts by determining a window of potential shift (e.g. 0.2% of m/z

ratios) for each m/z ratio. Then for each m/z ratio, the number of m/z ratios

that fall in the window of potential shift is counted. The following three steps are

repeated until all m/z ratios in the list are exhausted. 1) Find a m/z ratio with the

maximum number of adjacent peaks. 2) Add this m/z ratio with its neighbouring

peaks to the final aligned list; exclude them from the initial m/z list. 3) Refresh the
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count for neighbouring peaks. The time complexity of this algorithm is O(kn), k is

the maximum number of m/z ratios that can fall into the window of the potential

shift. Its memory complexity is O(n).

The method implemented in the MALDIquant package [21] uses the empty distances

(gap) between peaks and starts by putting all masses in a sorted vector. It then

calculates differences between each neighbour; then divides the mass vector at the

largest gap into a left and a right parts. It reruns to previous steps for the left and/or

the right parts if all peaks in a part are not near to the mean. If this condition is

fulfilled; it coalesces the peaks in a bin. The algorithm time and memory complexity

is O(n).

Another technique to find the optimal matching between peaks is dynamic time

warping (DTW) [106, 108]. DTW involves the construction of a distance matrix.

The shortest path in the distance matrix is often found using dynamic programming

(DP) [109]. An alternative technique to DP is a breath first search (BFS) [100].

The time and space complexity for DTW and DP to align one spectrum to the ref-

erence spectrum is O(nrefmi) where mi is the number of m/z ratios in the spectrum

i. However, the complexity reduced DP with Sakoe-Chiba constraint [110] has the

time and memory complexity of O(nwinn), where nwin is the maximum number of

peaks found in a window of size win in the data set. DTW with DP and BFS are

often applied in a pairwise manner i.e. to align a number of spectra, each spectrum

is aligned to a target/reference spectrum. However, in theory, DP can be used for

the multiple alignments, but the memory and space overhead make it intractable

for big data sets.

DTW technique is very sensitive to the target/reference spectrum especially for the

centroid mode spectra. The reason is that peaks in the profile mode are acquired on
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a regular intervals. Therefore the reference spectrum is essentially a reproduction

of the regular intervals. Whereas, for centroid mode data the reference spectrum

(i.e. a spectrum where all other spectra aligned to it) has to be deduced from the

pool of spectra. If a bin is missing from the reference spectrum consequently all the

peaks identical to it will be excluded from all spectra. The solution to finding the

accurate and inclusive target/reference spectrum to align other spectra against it is

similar to finding the optimal peak matching solution.

In Matlab [108] mspalign function uses two methods to: histogram and regression.

In the histogram method, m/z ratios grouped using a density kernel estimation

method weighted by m/z intensities. The centre of all found clusters conform the

reference spectrum. In the regression method, first a set of significant peaks were

identified (the description is not clear on the criteria to find significant peaks).

Finally, inter-peak distances were regressed to create the reference spectrum.

Hierarchical agglomerative clustering with complete linkage function used by Tib-

shirani et al. [111] for peak matching of low-resolution MS data. It is also a

preferred method for peak matching in Matlab [108]. However, Matlab explic-

itly discourages using clustering for large data sets due to the scalability issues (

https://uk.mathworks

.com/help/bioinfo/examples/pre-processing-raw-mass-spectrometry-data.html). The

advantage of hierarchical agglomerative clustering over other clustering methods

such as K-means is that it is not necessary to determine the number of clusters from

the outset. This makes the hierarchical agglomerative clustering desirable for many

application and specially for peak matching of MS data.

Hierarchical agglomerative clustering is a similarity-based clustering method, i.e.

it requires distance matrix as the input. Distance matrix are built based on the

domain-specific similarity. Suppose u and v are two data vectors spanned in N . Dis-
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tance matrix [duv] is a symmetric matrix where duv = distance(u, v). distance(i, j)

designates a distance function between two data points. Which is determined based

on the type of data points and utilise the domain specific requirements. Euclidean

distance is a frequently used distance which is defined as
√

ΣN
i=1(ui − vi)2. The

city block distance
√

ΣN
i=1(ui − vi) is another distance measure. For time series of

real valued data, then correlation coefficient is often used. If the dataset contains

categorical variable, Hamming distance can be applied. In short, the choice of the

distance function depends on the type of dataset and the requirement of similarity

detection.

Hierarchical clustering was explained thoroughly by Murphy [112]. Two main ap-

proaches to hierarchical clustering are bottom-up or agglomerative clustering, and

top-down or divisive clustering. Both methods operate based on the dissimilarities

between the data points(observations). In the agglomerative approach, all the data

points are assigned to separate clusters and iteratively the most similar clusters

are merged until all data points are in a single cluster. In contrast, in the divisive

approach , all data points are in a single clusters and clusters are split iteratively.

Algorithm 1 explains the hierarchical agglomerative clustering [112]:

Hierarchical agglomerative clustering starts by assigning each peak to a cluster,

subsequently, calculates the distance between clusters. It continues by finding the

closest pair of clusters and merge them into a single cluster. Finally, it repeats the

former steps until all items are clustered into a single cluster. The criterion on how to

determine the distance between a pair of clusters is determined by a linkage function.

The typical linkage functions are: single, complete, average; shown in Figure 2.1.

Complete linkage calculates the distance between clusters as the distance between

two farthest data points (one in each cluster). Single linkage, on the other hand,

determine distance simply by the smallest distance between two clusters. Whereas,
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Algorithm 1 Hierarchical agglomerative clustering
for i = 1 to n do

si = {i} {%initialise singleton clusters%}
end for
C ← {1, ..., n} {%initialise clusters available for merging%}
while ‖C‖ >1 do

(j, k) ← argminj,k∈Cd(j, k)
Cl ← Cj ∪ Ck {%create a new cluster%}
C ← C \ {j, k} {%mark j and k as unavailable%}
if Cl 6= {1, ..., n} then
C ← C ∪ l {%mark l as unavailable%}

end if
for i = 1 to |C| do

update distance matrix d(i, j)
end for

end while

Figure 2.1: Illustration of single linkage, complete linkage and average linkage func-
tions for clustering.
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average linkage balances single linkage and complete linkage distances, where the

average pairwise distances between points in two clusters is used.

The complete linkage function is the most suitable function for peak matching,

because it generates compact clusters. The compactness property, implies that all

the observations within a group should be similar to each other. And single linkage

violate this property.

The hierarchical clustering generates a clustering tree which is represented by a den-

drogram. The final clustering is obtained by cutting the dendrogram at a particular

level. The dendrogram built based on the single linkage clustering is a minimum

spanning tree of the data. The minimum spanning tree of a dataset is a tree that

connects all the data points in a way that the sum of the distances (edge weights)

is minimised. Single linkage only requires that a single pair of objects be close for

the two groups to be considered close together, regardless of the similarity of the

other members of the group. Therefore. clusters can be formed that violate the

compactness property. The focus of this study is on complete linkage function and

it is defined as following:

dC(U, V ) = maxu∈U,v∈V d(u, v) (2.1)

Where u is a data points in cluster U and v a data point in cluster V . dc(U, V )

is the distance between two clusters based on the complete linkage function which

is defined as the distance between the two most distant pairs. d(u, v) is a distance

between two data points. Using the complete linkage function the distance between

two clusters is the maximum of distances between any pairwise observations in each

cluster; hence the complete linkage functions.

Algorithm 1 shows that hierarchical agglomerative clustering for N data points starts
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with N clusters, each initially containing one data point. Subsequently, at each step

two most similar clusters are merged, until there remains a single clusters contain-

ing all the data points. The running time of the HAC is dominated by picking the

most similar groups and merging. The selection of the the two most similar clusters

to merge takes O(N2) time, and there are O(N) steps in the algorithm, the total

running time is O(N3). Nevertheless, using a priority queue can reduce this running

time to O(N2logN). This entails keeping one priority queue for each cluster which

contains similarities to all other clusters [3]. Day et al. [113] proposed a priority

queue algorithm an efficient algorithm for HAC that can be used for the complete

linkage function with time complexity O(N2logN). Effort has been made by many

researchers ([114, 113, 115] to economise HAC. The current recommendation for

large datasets is to first apply K-mean clustering, and then apply hierarchical clus-

tering to the estimated cluster centres. However such methods do not scale to large

high resolution mass spectrometry imaging data sets.

Tibshirani et al. [111] pooled m/z ratios from all spectra. The m/z ratios were log

transformed, to address the heteroscedasticity of the mass shift across the mass range

( Figure 2.2 panel 3 A). Then, a complete linkage hierarchical clustering approach

was applied on the m/z ratios. The resulting dendrogram (clustering tree) was

cut-off in log(0.005) height (i.e. m/z ratios closer than 0.005 coalesced). This gave

clusters that were tightly bounded and in which no two peaks in one cluster differ

by more than the distance set by the cut-off. The memory complexity of complete

linkage hierarchical clustering can be reduced to O(N) whereas its time complexity

remains as as impedement for large datasets [116]. Applying log transformation of

m/z ratios does take into account the increase in variability with increasing m/z

ratios, but is not necessarily consistent with the actual instrument mass accuracy (

Figure 2.2 panel 3 B). Using clusters based on the distance of the log-transformed

m/z ratios, specifically on the largerm/z range, will fail to group peaks that belongs
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to a single bin. The following method addressed this shortcoming.

Kazmi et al. [101] developed a heuristic peak matching workflow that employs

hierarchical clustering at its core. In this algorithm, HAC with complete linkage

function is utilised to align m/z ratios with respect to an error window. The error

window (Eppm) is defined based on the mass accuracy of the experiment in parts

per million(ppm). For brevity it is referred to as HPM-HC (Heuristic Peak Match-

ing with Hierarchical Clustering). In this algorithm m/z ratios from all spectra

were pooled to generate the so-called super-spectrum. At each iteration, only two

consecutive bins were studied. Kazmi et al. [101] claimed that they used a pri-

ority queue for clustering and reduced memory complexity to O(R) and the time

complexity to O(NR2log(R)). However their software becomes intractable for large

data sets (>10,000 spectra). A widely used platform for analysis of metabolomics

data is called XCMS. It is developed for processing of liquid chromatography/mass

spectrometry data. XCMS adopted a heuristic peak matching technique developed

by Kazmi et al. [101]. The goal of this chapter is to improve the scalability of the

HPM-HC peak matching technique. In here, three aspects of the algorithms were

measured: 1) scalability, 2) accuracy, 3) possible artefacts.

Panel 1 of Figure 2.2 depicts the boundary problem. Panel 2 of Figure 2.2 shows

the hierarchical peak matching for two consecutive bins (BA and BB). Panel 3(A)

of Figure 2.2 demonstrates the trend that the m/z shift increases as the m/z ratios

increase. This is shown for a number of m/z ratios extracted from DESI-MSI slides

over m/z range from 200 to 1000. Panel 4(1) the first row shows the centre of a

bin (m/z = 887.5649) the values on the column represent ion intensities. In here,

hierarchical clustering (Eppm = 5ppm) with peaks were matched into one represen-

tative bin. Panel 4(2) the first row shows the centre of four bins (m/z = [887.563,

887.564, 887.565, 887.566]) the values on the column represent ion intensities; in
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here a fixed-sized binning (deltam/z = 0.001) is used. The same bin (887.5649) is

split into four zero inflated bins.

In the literature, peak matching techniques evaluated quantitatively by employing

precision [35], spectral correlation [117], principal components analysis (PCA) [100],

classifications’ accuracy and cross-correlation coefficients [28]. However, it is not

always possible to measure the peak matching performance qualitatively using only

analytical data.

Three data sets were used to asses different aspects of the peak matching algorithms:

a) synthetic data, b) cell culture data, c) breast and colorectal cancer MSI data sets.

a) Synthetic data generation is a cost effective and fast tool to generate spectra

for the purpose of method validation. The main advantage of the synthetic data

is the known ground truth. The idea is to assume that if several mass spectra are

acquired from the same biological sample at each measurement the peaks on any

single mass spectrum vary slightly. Since the measurement error often resembles a

Gaussian noise; the technical replicates can be simulated by adding Gaussian noise

to the original spectrum.

Sampling a single mass spectrum and using it as the ground truth is beneficial.

However, mass spectrometry imaging data sets contain mass spectra on different

tissue types. This makes the data sets very heterogeneous with a wide variety of ion

species. Using only single mass spectrum does not reflect heterogeneity of the MSI

spectra. To make synthetic data sets more reminiscent to a MSI data set acquired

from a heterogeneous tissue, a spectrum were created by randomly sampling from all

m/z ratios on a MSI slide. The advantage of using one spectrum based a the whole

MSI slide compared to sampling a single spectrum is twofold: 1) potentially more

overlapping peaks, 2) a more comprehensive setting for the evaluation of various
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Figure 2.2: Boundary problem and clustering for peak matching - Panel 1 illustrates
the boundary problem. Panel 2 shows the hierarchical peak matching for two con-
secutive bins (BA and BB). Panel 3 A shows m/z changes as a function of m/z
magnitude in a DESI-MSI data set. Panel 3 B shows the growth in the size of
windows of potential shift as a function of m/z ratios. Panel 4 shows the results of
two peak matching methods (1) ppm based, (2) fixed windows size = 0.001
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techniques.

b) Cell culture MSI slide - a principal goal of pre-processing mass spectra is to

minimise the variation due to the observational error in general any variation that

is non-biological. The mass spectrometry imaging of cultured cells provides spectra

with a high similarity. As the variation was expected to be related to experimental

factors, the peak matching can be used to determine the extent to which various peak

matching techniques eliminate the variation due to measurement and experimental

conditions. The benefit of using cell culture MSI data is the homogeneity of the

tissue underwent MS imaging. The performance of the peak matching data on

the synthetic data reveals its robustness to measurement error and its capability of

matching constituent peaks in altered mass spectra.

c) Breast and colorectal cancer MSI data sets - learning lipidomics signatures from

MSI data and gaining more insight into the association of tissue types with their

lipid composition is a primary goal of data analysis tools for DESI-MSI. In here, the

effect of the limitation of parallelization framework were studied using cancer data

sets.

HAC with complete linkage function is sensitive to outliers (Figure 2.3). This can

have a profound implication for peak matching with HAC. This issue has not been

studied for peak matching before in this paper we show how this can influence the

peak matching and provide a solution to rectify this shortcoming. In addition a

workflow for parallelization is proposed that can be applied to any peak match-

ing technique. This was applied to peak matching function from MALDIquant R

package [21] and peak matching technique by Yasui et. al.[107]. The parallel frame-

work makes the application of the these methods faster and made the benchmarking

possible.
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Figure 2.3: Outliers in complete linkage HAC. The six peaks are shown P1...P6.
HAC with complete linkage function creates the two clusters (bini, bini+1) shown as
ellipses. The most intuitive two-cluster clustering is {{P1}, {P2, P3, P4, P5, P6}}, but
in complete-linkage HAC, the outlier point {P1} splits {P2, P3, P4, P5, P6}} as shown
[3].

2.2 Materials

2.3 Data and validation metrics

To utilize an extensive method validation, three types of data were used, namely:

synthetic data, cell culture MSI data and annotated breast cancer and colorectal

cancer MSI data set.

2.3.1 Sample preparation and data acquisition

The collection of the breast cancer data set (137 samples) as well as colorectal cancer

data set (28 samples) was approved by the institutional review board at Imperial

College Healthcare National Health Service Trust (research ethics committee refer-

ence no REC 11/LO/0686 and 07/H0712/112 respectively). All tissue samples were

stored at −80°C after collection. Each sample was cryosectioned to a thickness of

10, mounted onto a glass slide and stored at −80°C prior to DESI-MSI analysis.

This analysis was carried out using a home-built DESI ion source coupled to an Ex-
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active Fourier transform Orbitrap mass spectrometer (Thermo Scientific, Bremen,

Germany). The mass analysis was carried out in negative ion mode over the mass

range m/z ∈ {200 − 1000} at a nominal mass resolution of 100.000 and a mass

accuracy of rpm 2ppm. The DESI-MSI was operated at a spatial resolution of 100

(injection time of 1000ms) with a nitrogen pressure of 7.0bar, sprayer voltage of

4.5kV, capillary voltage 50V, capillary temperature of 250°C, tube lens voltage of

150V, and skimmer voltage of 40V and a solvent mixture of methanol and water

in a ratio 95:5 with a flow rate of 1.5/min. Following DESI-MSI acquisition, tissue

sections were stained with hematoxylin and eosin (H&E) and underwent histological

examination by a histopathologist, where the different tissue types present in each

sample was determined. Raw mass spectrometric images were converted to imzML

format using imzML Converter (version 1.0.5) and imported into MATLAB [108]

for pre-processing and analysis.

2.3.2 Synthetic data

Tissue DESI mass spectra in the range ofm/z ∈ 200− 1000 routinely contains thou-

sands of peaks. Annotating peaks in many spectra is a tedious task. Ideally, peaks

grouped together after peak matching should collect one peak from each spectrum

and should avoid collecting multiple non-relevant peaks the same bin. For synthetic

data all this information is known to us. To generate mass spectra that resemble

technical replicates from the ground truth, peaks on a spectrum were randomly

shifted bidirectionally according to a variable shift (Sppm) sampled from truncated

normal distribution ( mu = 0, sigma2 = 2.5). New spectral data sets populated by

a number of spectra that their m/z ratios vary randomly based on a variable, called

sppm. The m/z ratios are shifted by a small value sampled from a truncated normal

distribution (Figure 2.4).
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Figure 2.4: synthetic Spectra - 50 spectra generated from a spectrum by shifting
m/z ratios. The cube on top left gives a magnified view on three consecutive bins.

2.3.3 Validation of scalability, speedup and performance

To compare the scalability Kazmi et al. method with BHC a MSI sample was ran-

domly selected from a MSI data sets. This MSI sample consists of 4884 spectra; a

mass spectrum was randomly selected from this MSI sample. From this mass spec-

trum 100, 500, 1000 and 10,000 spectra were generated using the method explained

in the synthetic data section. Then the peak matching was preformed. To compare

execution time with Kazmi el al., the output of ’cputime’ function Matlab (R2015a)

were averaged over multiple runs (5 runs).

The performance of methods were measured by precision, recall and F1 score. For

each bin the precision and recall were calculated based on Formula 2.2 and 2.3 re-

spectively. The precision and recall for each method is the arithmetic mean of the

precision and recall on all bins Formula 2.4 and 2.5, respectively.
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Precision(bini|methodj) =
|retrievedpeaksmethodjbini

⋂
relevantpeaksbini |

|retrievedpeaksmethodjbini
|

(2.2)

Recall(bini|methodj) =
|retrievedpeaksmethodjbini

⋂
relevantpeaksbini|

|relevantpeaksbini |
(2.3)

Precision(methodj) =
1

Mj

Σ
i=Mj

i=1 Precision(bini|methodj) (2.4)

Recall(methodj) =
1

Mj

Σ
i=Mj

i=1 Recall(bini|methodj) (2.5)

F1(methodj) = 2 ∗ Precision(methodj) ∗Recall(methodj)
Precision(methodj) +Recall(methodj)

(2.6)

WhereMj in the number of bins generated with peak matching method j (methodj).

Relevant peaks for a bin are peaks that fall in this particular bin. Retrieved peaks

for a bin are peaks that assigned to a bin by a peak matching methods. It worth

mentioning that this information was only known for the synthetic data.

To investigate the scalability of heuristic peak matching ([101]). An MSI sample was

randomly selected from a MSI sample. It consists of 4884 spectra. From this spectra

100, 500, 1000 and 10,000 spectra were generated and underwent peak matching.

To study the effect of parallelism on peak matching methods a larger data set were

generated. After peak matching the MSI slide using BHC (Eppm = 2.5) a spectrum

was generated. This spectrum consists of 89,694 m/z ratios. To study the scala-

bility of algorithms three spectra were generated by sampling 72,000 peaks without

replacement from 89,694 m/z ratios. The sub-sampling enabled us to study vari-
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ations in the results. 72,000 peaks reflect the number of chemical entities under

study. For each of these spectra a synthetic variation of different sizes: number of

spectra = [ 0.1k, 1k, 5k, 7.5k, 10k, 12.5k, 15k, 20k, 25k, 50k]) were generated.

2.3.4 Cell culture data and unsupervised modelling

120 spectra located in the centre of the MSI slide were selected and peak matched by

various methods. The mass spectrometry imaging of cultured cells provides spectra

with a high similarity. As the variation was expected to be related to experimental

factors, the peak matching can be used to determine the extent to which various peak

matching techniques eliminate the variation due to measurement and experimental

conditions.

The next section explains: 1) how the running time complexity of HAC is minimised

from quadratic to bi-directional time complexity. 2) a parallelization framework that

improves the execution time of any peak matching technique. 3) benchmarking of

the state-of-the-art peak matching technique.

2.4 Methods

In here, the notion of mass spectrometry imaging data set and its mode of storage

was defined. Mass spectrometry imaging data sets are presented as a multidimen-

sional array of values that can be accessed via 3 indices, a structure also known as a

3-mode array (a data cube) or a tensor of order 3 (i.e. column, row, m/z channels).

Definition - MSI data set: Let tensor TMSI ∈ RRMSI×CMSI×MMSI denotes an MSI

image with R rows and C columns, and M features measured per pixel. Let matrix

DMSI ∈ RPMSI×MMSI with PMSI = CMSI × RMSI denote an MSI data source obtained
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by unfolding TMSI . In other words, the three dimensional MSI data cube is rear-

ranged to a two dimensional matrix of size p by m. Where p denote the measured

locations or pixels and m denotes the m/z ratios.

Peak matching of a MSI data source DMSI ∈ RPMSI×MMSI is a feature transformation

function with the form fMSI
peakmatching : RPMSI×MMSI −→ RPMSI×M̂MSI . This denotes

a transformation function that transforms the MMSI channels of the input MSI

data DMSI into M̂MSI feature channels, while leaving the number of pixels PMSI

unchanged. The peak matched data is DMSI
peakmatched ∈ DPMSI×M̂MSI .

2.4.1 Peak matching pipeline with bi-directional hierarchical

clustering (BHC)

BHC has three novel components compared to the heuristic alignment technique

by kazmi et al. [101]: 1) introduction of intervals and parallel computing. 2)

improved cluster handling. 3) split correction. Intervals and the parallel framework

is explained in the next section. This section defines BHC algorithm followed by the

split correction method.

Pseudo code for BHC is shown in Figure ??. BHC starts by pulling all m/z ratios

across the all samples together. This vector is sorted and stored as the super-

spectrum. The following steps were iterated till all the peaks in the super-spectrum

were exhausted.

First (Ba) is defined to include those m/z ratios that span from the smallest m/z

ratio (u) through to the size of the potential shift window. The shift window is

defined as Eppm(u) = 2ppm(u)
106

, where ppm is the instrument mass accuracy. m/z

ratios falling into this interval are excluded from the super-spectrum. Subsequently,

the consecutive bin, Bb, is defined in the same way, i.e. starting with the first m/z
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ratio in the super-spectrum after Ba. Next the algorithm checks if there is an overlap

between Ba and Bb, i.e. whether the smallest m/z ratio in Bb (u) within the window

of potential shift of the largest m/z ratio in Ba (v) (uleqv + Eppm(v)). If the bins

are overlapping then these two bins are merged into Bab and are analysed by LHC;

Based on the distribution of m/z ratios in Bab, 3 outcomes are possible: 1) one

cluster - where one cluster is returned, Bab is assigned to Bb. 2) two clusters - when

LHC results in two clusters, the last is assigned to Bb and the remaining cluster is

written to the output. 3) three clusters - when LHC results in three clusters, the last

is assigned to Bb and the remaining clusters is written to the output as 2 separate

bins (Figure ??, 2.5). Prior to the next iteration, Bb is assigned to Ba. In the cases

where, two peaks from the same spectrum fall into one bin the peak with higher

intensity is retained. This procedure is repeated until all m/z ratios in the interval

are exhausted.

This procedure, which is the peak matching of an interval, is performed sequentially.

Whereas, the individual intervals are peak matched in parallel.

At each iteration of LHAC –considering the fact that the super-spectrum is an

ordered list– a single m/z ratio or a cluster of m/z ratios is grouped to its adjacent

m/z ratios (either with a m/z before it, or a m/z ratio after it).

In the Pseudo code ?? ’min_index’ returns the index of the smallest element. ’con-

catenate’ returns a concatenation of all its arguments. ’find(A,x)’ returns the indices

i for which A[i] == x , ’replace(A,x,v)’ replace all values in A equal to x with v.

’sum(A)’ sums over all elements in A. ’length(A)’ returns the number of elements

in A. If S is a set and V is a vector then V[S] returns the set of V[s] for each s in S.

However, if S is a set and v is a real value then S - v is valid and subtracts v from

each s in S.



44Chapter 2. BHC: an accelerated peak matching workflow for large MSI datasets



2.4. Methods 45

Figure 2.5: Heuristic peak matching with bi-directional HC (BHC ) Flow diagram
of the steps required for peak matching with LHC.
The interval can be the super spectrum or a part of the super spectrum.
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2.4.2 Split correction

HAC with complete linkage function is sensitive to outliers. Outlier points are points

that do not fit well into the global structure of the cluster. HAC with complete

linkage function does not find the most intuitive cluster structure in this cases. We

observed that in such cases the centroids of two consecutive bins are very close and

the distribution of m/z rations in the bins are skewed. Such a splitting can be

corrected by merging bins whose centroids are closer than the Eppm.

Equation x shows the formula to calculate the centroid of bin_i where x = {m/z|m/z ∈

bini} and f(x) = intensity(x).

centriod(bini) =

∑
xf(x)∑
f(x)

(2.7)

2.4.3 Baseline methods

The binPeaks function from MaldiQuant R package [21] and Yasui et al. [107]

technique were implemented in Matlab (R2018a). The later technique was modified

using recursive programming for improved time complexity.

2.4.4 Parallelization framework

Parallel computing is possible by breaking down of a job into several smaller tasks

and use more than one processor to execute these tasks simultaneously. The two

main components of computer hardware are the processor, and memory. Proces-

sors performs computations and are often called a central processing units (CPU).

Memory is used to store data. Now a days, With advent of electronics and com-
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Figure 2.6: From Mass spectra data set to the intervals.

puter hardware multicore CPU can perform huge amount computation in parallel.

There is a large scope for speeding up the peak matching techniques using parallel

computing. The framework that is introduced here is applicable to any peak match-

ing technique only limiting factor could be the memory complexity of a particular

method. The rationale behind this method is that the super spectrum (sorted ag-

gregated list of all m/z in a data set) can be partitioned into smaller intervals, and

each interval can be peak matched independently of others.

In here the definition of an interval is given. An interval is a subset of the super

spectrum that contains consecutive m/z ratios. Intervals are generated based on

the rationale that; if there exist a gap between m/z ratios bigger than the potential

shift window, this gap divides the super spectrum into two m/z intervals with no

overlapping regions before and after peak matching.

The underlying idea of this framework is that the super spectrum can be partitioned

into smaller intervals (i.e. m/z ranges), and each interval can be peak matched

independently of others (Figure 2.11). The peak matching is finished when all the

peaks from all intervals were exhausted. The set of intervals (S = {s1, s2, . . . }) is a

partition set of the super spectrum (S) such that:

1. Intervals are pairwise disjoint: ∀S1, S2 ∈ S : S1 ∩ S2 = φ when S1 6= S2

2. The union of S forms the whole set S : ∪S = S
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3. None of the elements of S is empty: ∀T ∈ S : T 6= φ.

2.5 Results

The result section reflects the investigation of the scalability and performance of

the peak matching methods from different aspects. First the scalability of LHC was

compared to implementation of HC in R and MATLAB ( Table 2.1). Table 2.1

confirmed that the bi-directional HC implementation was faster than conventional

HC for one dimensional data. Second a potential model artefact of heuristic peak

matching [101] was identified and corrected for( Figure 2.7). Subsequently, the

introduced framework for parallelization was evaluated across state-of-the-art peak

matching techniques.

The three different data sets i.e. synthetic, cell culture and cancer MSI data sets;

each delineated multiple piratical aspects of BHC . Synthetic data set showed that

BHC was scalable to large data sets while the implementation of Kazmi. et al. [101]

was not ( Table 2.2). Synthetic data set enabled me to illustrate that the other

peak matching techniques can benefit from the novel parallel implementation by

a large margin ( Table 2.3, 2.4, 2.5 ). The performance of BHC and other peak

matching techniques was measured using synthetic data. Table 2.6 showed that

BHC outperformed Yasui et al. [107] method and was on a par with MALDIquant

peak matching technique [21]. Cell culture data has shown that simple binning

technique was not sufficient to eliminate the measurement error even on a single

MSI slide ( Figure 2.13).
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2.5.1 Split correction

I observed that hierarchical clustering with complete linkage for peak matching split

bins. Figure 2.7 left panel shows an ion image for m/z = 885.55 [Phosphatidyli-

nositol (18:0/20:4)-H]. It was an abundant lipid in tissues that could be captured

by DESI-MSI. The middle and right panels show the ion images (first row) and

distribution of m/z ratios (second row) in two consecutive bins , generated by LHC

with complete linkage. The panel on the left show the ion image (first row) and

the distribution of m/z ratios (second row) after split correction. From the comple-

mentary ion images it could be observed that ions separated into two bins (middle

and right panels) represented one compound (left panel). In here a case study was

described that shows how can a group of m/z ratios that correspond to the same

ion species split into 2 groups (bins). Figure 2.7 illustrates that in such cases the

centroid of two consecutive bins were very close and the m/z distributions in each

bin was skewed. Such splitting can be removed by merging bins whose centroid were

closer than the window of potential shift.

Figure 2.7 reveals that such a split produces complementary ion images. BHC

enables the user to choose whether split correction had to be done (i.e. BHC ) or

not. BHC with no split correction i.e. BHC (nc). If the split correction option was

enable than it was performed for each interval after peak matching ( Figure 2.5).
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Figure 2.7: Split correction - 885.55 [Phosphatidylinositol (18:0/20:4)-H] is an abun-
dant ion in DESI-MSI data sets. The plots on the top row illustrate ion images.The
bottom row represents the distributions of m/z ratios that correspond to the ion
images.

Figure 2.8: Split correction - 885.55 [Phosphatidylinositol (18:0/20:4)-H] is an abun-
dant ion in DESI-MSI data sets. The plots on the top row illustrate ion images.The
bottom row represents the distributions of m/z ratios that correspond to the ion
images.
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2.5.2 Scalability of bi-directional clustering for MSI data peak

matching

Figure 2.9 shows the number of m/z ratios pre and post peak matching for 28 MSI

samples. The number of m/z ratios before peak matching (shown in orange) span

from 10,000 to 12,000,000.

In the core of BHC is a clustering algorithm and clustering methods require cal-

culation of similarity/distance measurements between data points. In this section

the run-time of LHC implementation was compared to two HC implementations;

fastcluster and a Matlab’s function for clustering. Fastcluster package [118] is an

R package that relies on a C++ library for hierarchical agglomerative clustering.

The authors of fastcluster [118] claimed that fastcluster improves both asymptotic

time complexity (in most cases) and practical performance (in all cases) compared

to the existing implementations in a standard software: several R packages, MAT-

LAB, Mathematica, Python with SciPy. Here, the cpu time required for LHC and

fastCluster was compared. In addition to the fastcluster the clustering function in

Matlab was used as a benchmark. However, the fastcluster had claimed to be faster

than Matlab clustering but in this experience Matlab was faster. This might be due

to newer version of Matlab [119].
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Figure 2.9: Number of peaks in the MSI samples before(in orange) and after (in
blue) peak matching.

Table 2.1 shows that, in contrast to fastCluster and Matlab hierarchical cluttering

function, LHC run-time grows more slowly with the size of the data sets. This was

the most important improvement of BHC over the HPM by Kazmi. et al. [101].

This achievement makes BHC scalable to large MSI data sets.

Table 2.1: Execution time in seconds- CPU time required for BHC, Matlab com-
plete linkage hierarchical clustering function (MATLAB 2014a) and fastcluster (R
package) is shown. The first row shows the number of data points. The second row
shows the mean of the run-time of the LHC over five runs in seconds. The second
and third row shows the mean on the five runs on the same data points for Mat-
lab HC and fast-cluster respectively. − sign represent situations where the method
crashed or took a long time to finish, i.e. > 6000 seconds.

Methods 1000 5000 10000 15000 30000 45000 60000 75000

BHC 0.04 0.46 1.33 2.70 10.36 22.73 40.20 64.86

Matlab HAC 0.04 0.64 2.89 7.03 32.62 86.71 174.22 297.16

fast-cluster 0.33 8.7 33.6 300 1536 3518 - -

Here we would like to asses if the running time for BHC resembles the expected

O(Nlong(N)), where N is the number of data points. This can be done by fitting

models to the recorded running time given the number of data points. We have used
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Figure 2.10: Y-axis shows running time in seconds and X-axis corresponds to
Nlong(N) where N is the number of data points. The slid black line represents
the running time of of BHC as a function of Nlog(N). The dotted lines are curve
fitted to the actual data. The equations closer to each fitted curve (dotted blue and
red lines) corresponds to fitted models. R2 values shown here are the corresponding
goodness-of-fit measure for each model.

curve fitting which capturing the trend in the data by assigning a single function

across the entire range. Following a least squares approach for curve fitting the

coefficient of a linear model (y = a1x + a0) and a polynomial model of degree two

(y = a2x
2 + a1x+ a0) were fitted (Figure 2.10). The dependent variable is running

time and the independent variable is Nlon(N). The linear model was found to best

fit the data is y = 0.00005x − 5.9686 with R2 = 0.9433. R2 is a goodness-of-fit

measure for linear regression models which indicates the percentage of the variance

in the dependent variable that the independent variables explain. R2 indicates the

strength of the association between the linear model and the dependent variable.

R2 is 0.9433 which means that 94.33 percent of the variance of independent variable

is explained this model. This shows that O(Nlong(N)) is a reasonable estimation of

the running time for BHC. We also calculated a polynomial of degree two shown in

red Figure 2.10. And we found that the coefficient of polynomial term (x2) is close

to zero (0.00000000001); further confirming the linear relationship of BHC running

time and Nlong(N).
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Figure 2.11: Number of intervals as a function of number of spectra.

2.5.3 Scope of parallelization framework

Minimising the memory requirement (resources) of HAC for peak matching of MS

data made it possible to run many instances of BHC in parallel. But another factor

to consider is the number of intervals (sub-segments of the super spectrum that can

be processed independently). If the super spectrum can be partitioned into many

intervals then many instances of BHC can be ran. In here, we examined the number

of intervals as a function of number of spectra. Figure 2.11 shows the number of

intervals as the function of number of mass spectra (mass tolerance = ±2.5ppm).

The number of intervals for 165 MS imaging samples (each MS imaging sample

is a collection of many spectra (> 1000) acquired from the predefined areas of a

tissue section) from 2 cancer data sets were calculated (Section 2.3.1). The plot

generated by adding one MSI sample at a time cumulatively and calculating the

number of intervals. This plot shows that by increasing the number of spectra to

250,000 the number of intervals increases and stabilises at around 150,000 intervals

with approximately 100,000 spectra. The average size of intervals is 0.5-1 percent of

the size of the super spectrum. Therefore the parallelization framework introduced

here will greatly speed up the peak matching algorithms for MS data. We observed

that for the peak matching algorithms the add on time for making the intervals and

merging the intervals is negligible.
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2.5.4 Synthetic data

The synthetic data must resemble analytical data closely. Figure 2.4 shows six

simulated bins (in blue) overlaid with their corresponding analytical bins (in red);

three sampled from a breast cancer MSI slide and the rest from a colorectal cancer

MSI slide.

2.5.5 Scalability of BHC for large data sets

Table 2.2 shows the average run time of implementation of Kazmi. et al. [101] and

BHC . It confirmed that implementation of Kazmi. et al. [101] does not scale up

to data sets containing 10K spectra or more. In contrast to HPC, BHC follows a

linear execution time with respect to the number of spectra. For a fair comparison

the BHC used for this test did not use parallel computing and was ran sequentially.

Heuristic peak matching code was obtained from the authors [101] as a stand alone

java application. And the time required for the completion of the application were

measured manually. However, for BHC the CPU times were averaged over five runs

in Matlab [108]. Experimental results from Table 2.2 confirms that BHC successfully

improve the scalability of HPC [101].

2.5.6 Speed up and Precision/Recall

Table 2.5 shows the average CPU time of various peak matching techniques on the

syntactic data set over five runs. The ’cputime’ function in Matlab (R2018a) was

used. The programs were run on a personal computer (two CPUs, Intetl(R) Xeon(R)

CPU 2.6GHz, 8 cores). The gain in the speed depends on the number of cores too.
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Figure 2.12: Ion images and overlaidm/z distributions- First column are ion images.
The m/z ranges for each ion images are shown on the top of the ion images. On the
right, the blue histograms correspond to the syntheticm/z ratios; the red histograms
represent the analytical m/zs. The ion image on the left corresponds to the red
histogram on the right. The first three sampled from a colorectal cancer MSI slides
and the final three sampled from a breast cancer data set.
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Table 2.2: Run-time of BHC and HPC on synthetic data sets- The second column
shows the number of spectra. The third column represents the run-time(in seconds).

Method spectra time(sec)

BHC

10 1.17
100 1.4
500 3.7
1000 4.6
10000 38.9

HPC

10 1
100 2
500 10
1000 80
10000 -

Table 2.3: CPU time of Yasui method for peak matching - The first row shows
the number of spectra. The second(third) row the CPU time in a sequential
mode(parallel mode). The forth row illustrates the speed up.

number of peaks Yasui(sequential) Yasui(parallel) fold change
100 2.18(0.04) 0.3 (0.02) 7
1000 22(0.58) 0.7 (0.02) 31
5000 135(3.85) 1.6 (0.05) 84
7500 294(5.76) 3.3 (0.12) 89
10000 281(23.58) 2.6 (0.18) 108
12500 428(13.5) 3.8 (0.2) 112
15000 495(17.36) 5.2 (0.08) 95
20000 593(0.85) 4.2 (0.05) 141
25000 717(20) 4.6 (0.14) 155
50000 703(2.98) 5.2 (0.05) 135

Table 2.3 and Table 2.4 shows the CPU time of parallel peak matching versus se-

quential peak matching. First column shows the number of spectra in the data set

(synthetic replicates). The second and third columns demonstrate the average CPU

times in seconds over 5 runs; the numbers in the parentheses represent standard

errors. MALDIQuant peak matching routine can run on average 11 times faster

(Table 2.4) and Yasui et al. [107] method is 95 times faster (Table 2.3). Overall,

the larger the data set the more improvement on the processing time was gained.

Table 2.5 represents the average time complexity of MALDIquant, Yasui, and BHC

(parallel execution).
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Table 2.4: CPU time of MALDIquant method for peak matching - The first row
shows the number of spectra. The second(third) row the CPU time in a sequential
mode(parallel mode). The forth row illustrates the speed up.

number of peaks MALDIquant(sequential) MALDIquant(parallel) fold change
100 0.3 (0.02) 0.34 (0.01) 1.2
1000 0.7 (0.02) 3.1 (0.04) 4.6
5000 1.6 (0.05) 14(0.19) 8.9
7500 3.3 (0.12) 35 (0.93) 10.6
10000 2.6 (0.18) 35(2.56) 13.7
12500 3.8 (0.2) 47(2.63) 12.4
15000 5.2 (0.08) 58(2.4) 11.2
20000 4.2 (0.05) 63(2) 15.2
25000 4.6 (0.14) 75(3.12) 16.3
50000 5.2 (0.05) 81(0.4) 15.8

Table 2.5: CPU time of Yasui, MALDIquant and BHC - The first row shows the
number of spectra. The second(third, forth) row the CPU time in parallel mode for
Yasui (MALDIquant, BHC ) method.

number of peaks Yasui(parallel) MALDIquant(parallel) BHC (parallel)
100 0.58 (0.06) 0.3 (0.02) 0.28(0.02)
1000 0.9 (0.04) 0.7 (0.02) 1.05(0.09)
5000 1.68 (0.04) 1.6 (0.05) 2.51(0.04)
7500 3.01 (0.05) 3.3 (0.12) 4.76(0.11)
10000 2.56 (0.05) 2.6 (0.18) 3.84(0.19)
12500 3.07 (0.12) 3.8 (0.2) 5.74(0.06)
15000 4.3 (0.07) 5.2 (0.08) 7.1(0.12)
20000 4.6 (0.08) 4.2 (0.05) 7.9(0.05)
25000 4.7 (0.17) 4.6 (0.14) 9.2(0.21)
50000 4.8 (0.11) 5.2 (0.05) 9.8 (0.04)
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Table 2.6 shows precision, recall and F1 score as defined for all techniques. The per-

formance was calculated over five synthetic data sets (of number spectra = {1.000,

5.000, 10.000, 20.000, 50.000}).

Table 2.6: Performance comparison - The first row shows the peak matching tech-
niques. Precision, recall and F1 score were measured over multiple runs. The
average is shown for each method. The numbers in the parenthesis are the standard
deviations. Values were rounded to 5 decimal places.

BHC BHC no correction MALDIquant Yasui

precision(%) 99.99(0) 99.99(0) 99.99(0.0001) 77.80(0.005)

recall(%) 99.80(0.0004) 99.77(0.0004) 96.61(0.001) 77.72(0.0048)

F1(%) 99.87(0.05) 99.86(0.05) 98.26(0.14) 77.89(3.49)

2.5.7 Cell culture data and experimental variation

Typically for pre-processing of a MSI slide a simple binning is conducted, based

on the rationale that an MSI slide is acquired over a few hours time by the same

technician therefore the non-biological variation is minimum. Figure 2.13 shows that

BHC captures 88% of the variation in the data by the first principal component (PC)

however the first PC obtained from the binning technique captures only 61% of the

variance.

Since the MSI spectra acquired from cultured cells expected to be homogeneous

therefore the increased explained variance in the fist PC is correlated to biologi-

cal variance; it is a strong indication that LHC alongside MALDIquant and Yasui

methods are capable of eliminating the experimental variation in the data to a great

extent.
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Figure 2.13: Explained variance as a function of number of principal components
(PCs) of the cell culture MSI data. The data were mean centred prior to the PCA.

2.6 Discussion

Why the improvement of simple peak matching methods was necessary? [101]

showed that the clustering methods for peak matching were significantly better

than simple peak matching methods. DESI-MSI data sets also showed that a large

number of variation in m/z ratios that can not be corrected with a simple binning

technique. One example of DESI-MSI peak variation is displayed in Figure 2.2 Panel

4. Therefore, simple binning methods were not sufficient and more accurate peak

matching methods such as hierarchical cluttering were necessary.

The next question was why the state-of-the-art peak matching methods require

improvement if their accuracy was already very high? The reason why was that

clustering methods for peak matching were not scalable to big mass spectrometry

imaging data sets. The time complexity of heuristic peak matching was O(nr2logr)

where n is the number of peaks to be aligned and r the number of spectra [101].

[101] tested their method for only 27 (i.e. r = 27) spectra while on average a single
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mass spectrometry imaging data set consists of 5000 mass spectra (r = 5000) and

more than 1000,000 m/z ratios (i.e.n = 1000000). Guthner et al. [104] studied 50

patients and 126 MSI slides that resulted in 500, 000 spectra to be preprocessed.

Heuristic peak matching with hierarchical clustering had quasi-quadratic time com-

plexity and it does not scale up to such a large MSI data sets. Therefore, it was

necessary to improve the scalability of the heuristic peak matching with hierarchical

clustering methods for peak matching.

In here a novel method for bi-directional HC (LHC) which is efficient enough that

needs only O(N) memory and O(NlogN) computational time was developed. LHC

is scalable to large mass spectrometry imaging data. It is worth mentioning that

this clustering algorithm does not work for high dimensional data and only works

for sorted one dimensional data. However, it makes HC scalable and could be

used when the data set contains several tens of thousands of high-resolution/high

accuracy mass spectra. In the typical HC, pairwise distances has to be calculated

which amounted to O(n2) computation and a square triangular matrix of order n,

however, by considering the one-dimensionality of m/z ratios only n − 1 distance

calculations are needed. This consideration which stems from the nature of m/z

alignment for MS data is utilised to form a new computational procedure to calculate

the linkage function ( Algorithm ?? Figure 2.14).

It has been shown that the complexities of the existing HC algorithms can be reduced

significantly. This implies that a computer can perform the HC using less resource

(i.e. memory and processors). Scalability remains an issue for peak matching meth-

ods. Most peak matching methods will not scale to larger MSI data sets. In here a

parallelization framework is devised for all peak matching techniques. The motif for

introduction of the parallelization framework was to speed up the state-of-the-art



62Chapter 2. BHC: an accelerated peak matching workflow for large MSI datasets

Figure 2.14: LHC vs HC- A shows a set of mass spectra to be peak matched.
There are three groups of ion species depicted by ovals. B illustrates LHC the peak
matching that only needs a vector for clustering and peak matching. C present the
similarity matrix used for HC. The peaks that grouped together were shown in red
boxes.

peak matching techniques.

The parallel frame work makes the current peak matching methods scalable. This

had enabled me to benchmark the BHC against these methods that otherwise were

slow.

However, the focus of this chapter was to improve scalability of peak matching

methods but accuracy measurements were also implemented and the methods were

tested for their precision and recall and F1 score. Yasui et al. technique had a lower

precision compared to other techniques, while BHC and MALDIQuant had close

to 100 percent precision (measured on the synthetic data sets). This means that

bins generated by BHC and MaldiQuant were a collection of relevant peaks. LHC

consistently outperforms other methods recall which means that it had the highest

proportion of relevant peaks assigned to the correct bin.

The instrument accuracy is reflected in the data however the actual precision of

the recorded data drifts through time (declines), a further study should include an

automated technique to adjust for this. Another field that might improve the peak
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matching of mass spectrometry imaging data is to incorporate spatial information

as a device to improve the peak matching of overlapping regions. A final compu-

tational improvement may come from implementation of the algorithm on graphics

processing units (GPU) that can also provide processing speed up. Kazmi et. al

[101] reduced the memory complexity from O(n2) to O(r) where r � n. However,

in their paper [101] they claimed that the use of priority queues for clustering and

referred to the time complexity to be O(nr2logr). Their implementation were tested

here and it did not scale up to data sets for more than 10,000 technical replicates.

Therefore, HC was not still applicable to mass spectrometry imaging data sets as

the number of spectra to be aligned i.e. (r) is in the order of several tens of thousand

spectra.

Here, a bi-directional HC (LHC) with complete linkage was proposed to reduce

memory usage to O(r) and time complexity into O(nrlgr). BHC was benchmarked

against state-of-the-art peak matching techniques. BHC accuracy was on-par with

these methods.

As a future research one could form an ensemble of peak matching methods. BHC

and MALDIquant could be used as complementary methods. For majority of peaks

these 2 methods produce identical groups and for a small number of peaks these two

methods disagree. The peaks that these methods produce different results can be

checked by an expert can check and decide the right grouping.
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Spatial point processing of MSI data

Typical MSI data processing workflows filter m/z ratios that occur on a small per-

centage of pixels. It is usually realised by discarding m/z ratios that are present

on less than 1% of pixels [120, 121, 122] or in less than 1% of Tissue Object Pixels

(TOP, Figure (Figure 3.1) (B) pink/purple areas) [104, 103] of an MSI slide. This

results in exclusion of thousands of m/z ratios [103] (Figure 3.1 (C)) and speeds

up the downstream analysis. However, small histological features such as blood ves-

sels(Figure 3.1 (A) top left), tissue types that only occur on a small area on the TOP.

Alternatively, ion fragments and isotopic peaks that occur on a limited number of

pixels might be present on the MSI slide, and by discarding their representative m/z

ratios the complete analysis will be compromised. The m/z ratios that co-localise

with any of the above patterns, often form a clustered or regular spatial distribution

that can be visualised by MS images. Recovering such m/z ratios (3.1, FP) from

the 1% TOP filter exclusion, by manual inspection entails scanning thousands of

MS images to identify MS images that exhibit a clustered/regular pattern or occur

on a known area on the MS images; this is a tedious and time-consuming task. The

goals of this chapter are: first to asses the null hypothesis that all the m/z ratios

64
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In Out
Represents a tissue type True Positive False Positive
Noise False Negative True Negative

Table 3.1: Confusion matrix for 1% TOP filter.

filtered out by 1% TOP filter are noise. The alternative hypothesis is that some of

these m/z ratios correspond to a signal. Second, to devise an accurate and efficient

workflow to discern signal related m/z ratios from random noise among the m/z

ratios that will be filtered by 1%TOP filter otherwise.

3.1 Introduction

Typically, a histological feature is localised on an MSI slide with a distinct spatial

distribution and m/z ratios that represent this particular tissue type follow a similar

spatial distribution. Comparing this spatial patterns with completely random spatial

patterns allows discerning m/z ratios that form a spatial point pattern that deviates

from completely random spatial point patterns (Table 3.1 false-positive m/z ratios).

Spatial point patterns that deviate from random spatial point patterns manifest on

a small vicinity (clustered pattern) or are equidistant (regular pattern). Comparison

of the spatial distribution of 1% filtered m/z ratios with a random spatial pattern

enables us to retain some of the m/z ratios that would be excluded from analysis

despite representing a histological feature (Table 3.1 false-positive m/z ratios).

The question is how one can identify m/z ratios that their spatial distribution de-

viates from random, without knowing anything else about the m/z ratios such as

annotation or tissue types on the MSI slide. The answer lies in using the MS images

and spatial randomness test (SRT).

The contribution of this chapter is two-fold: 1) introduction of the stratified-SRT;
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Figure 3.1: Tissue Object Pixels (TOP) and 1%filter - Panel A shows tissue types
on an MSI slide. Blood vessels, the first box are present on a small number of
pixels. The figure with the title ’background’ shows the tissue object pixels (TOP)
against a yellow background. TOP is the area on the MSI slide that is covered by
the tissue specimen. Panel B displays the optical images of the HE stained tissue
section. Black hexagons mark pixels that represent the blood vessel. Panel C shows
a histogram of occurrence of m/z ratios on the TOP. The first bar of the histogram
represents m/z ratios that occur on 1% or less on the TOP.
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it reduces the run time of SRT substantially. 2) testing the null hypothesis that all

m/z filtered by 1% TOP filter originated from noise; Using DESI-MSI datasets.

An optimised pipeline to calculate Monte Carlo complete spatial randomness sys-

tems is implemented. Monte-Carlo spatial randomness systems eliminate the fol-

lowing two theoretical shortcomings of Clark-Evans test that uses a normal approx-

imation to produce spatial randomness systems:

1. The assumption of asymptotic normality may not behold for small point pat-

tern samples.

2. Edge-effect which concerns with the nn-distances’ distribution differences for

points close to the boundary compared to points away from the boundary.

The goal of this pipeline was to utilize the nature of the data to improve the time

complexity of Monte Carlo SRT. Stratified Monte-Carlo SRT leverages two features

of an MSI data cube:

1. A shared planar region (i.e. TOP).

2. Pattern size (i.e. the number of occurrences of an m/z ratio on a TOP).

The shared planar regions make it possible to reuse the CSR among the m/z ratios

with an equal number of occurrences.

3.2 Point pattern analysis for MSI

The study of point processes has been a major area of research [123, 124, 125] and

its application has been extended to epidemiology [126], astronomy [127], forestry
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m/z=632.6001 m/z=746.5056 m/z=718.5492 m/z=692.586

Figure 3.2: Clustered versus random point patterns - In each figure the area inside
the blue lines (tissue boundaries) is the tissue bearing area(TOP). The first row
shows four simulated completely random point patterns on an MSI slide. The second
row shows four clustered point patterns. Values on top of the figures corresponds
to m/z ratios.

[128], ecology [129]. In a point process the values of random variables are specified

as locations in an area; examples are location of trees(random variable) in a for-

est(area), location of wolf packs(random variable) in a jungle(area) or location of

m/z ratios(random variable) on an MSI slide(area). The aim of point process statis-

tics is to analyse the spatial structure of patterns formed by objects in the area

[130]. A point pattern can be completely random, Figure 3.2 first row, or clustered,

Figure ?? second row or regular. A regular point pattern is distinguished by equal

distances between points on the area.

The methods for studying spatial randomness are categorised into two main classes

First-order and second-order statistics [129]. Methods based on the First-order

statistics are appropriate for detecting small-scale clustering patterns. An example
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of small-scale clustering patterns is shown in Figure 3.2 second row. However, for

some studies, it is important to analyse the spacing between small-scale clustering

patterns, hence second-order methods. Second-order spatial statistics e.g. Ripley’s

K − function, Besag’s L− function and pair correlation function g(r) [131] allow

to study magnitude of the local patterns. However, in the context of pre-processing

of mass spectrometry imaging datasets, the main objective is to retrieve small-scale

clustering patterns as they may represent histological features. Therefore the first-

order methods should suffice and is discussed in the rest of this section. In general

spatial randomness test (SRT) is similar to hypothesis testing, and it has two main

components; a null model and a summary statistic. The null model for SRT is called

complete spatial randomness (CSR) system. A CSR provides a baseline or standard

reference model of completely random patterns that serve as a benchmark in which

other points patterns can be compared with [130]. Two essential properties of CSR

are homogeneity and independence. A point pattern is homogeneous if all spatial

locations have an equal probability of containing any given point and is indepen-

dence if all regions on the studied area are independent. A probability distribution

estimates CSR. For example a Normal distribution for Clark-Evans SRT test [132]

and F distribution for Hopkins-Skellam SRT test [?]. However, for point patterns

with a small number of points, these distributions are not an accurate estimator

of CSR. The occurrences of m/z ratios that are flagged by 1% TOP filter is often

small; ranging from 3 to <100. Therefore an alternative to the approximation of

CSR is essential. Monte Carlo methods [133] are a wide range of techniques that rely

on the simulation to find solutions to mathematical and statistical problems [134].

Ripley [135], Besag and Diggle[136] pioneered application of Monte Carlo methods

for spatial randomness test, Besag and Diggle[136]. Two issues that hamper an

unbiased analysis for SRT are heterogeneity and edge effects. Heterogeneity is due

to the structural differences between locations and leads to different error distribu-
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tions. To succumb this problem for MSI data, one can annotate the whole tissue

slide into different tissue types and then apply SRT independently on various tissue

types. This implies that the MSI slide has to be annotated before pre-processing,

which is not often the case; however, the application of tissue-specific SRT is possi-

ble and can be conducted after tissue annotation. Moreover, it might improve the

precision of tools or studies that are designed to study tissue heterogeneity. Edge or

boundary effect is another issue that can inflate the summary statistic (Figure 3.3).

Edge effects arise from the unobserved points outside the TOP. There are various

method-dependent edge correction techniques such as reduced sample estimator, and

the spatial Kaplan-Meier estimator [137]. However, using the Monte Carlo method

the CSR is the actual distribution of CSR for n points on the area (e.g. TOP)

and therefore the assumption of for normal approximations of CSR is not violated;

this limits the edge effect issue. Monte Carlo test for spatial randomness involves

realisation of the null hypothesis by simulating the complete random point patterns

followed by calculating a test statistic function for observed data S = Fobs(p) and

simulated random point patterns Ŝ = {F(p1), ...,F(pm)}. Where m is the number

of simulations.

The downside is the number of computations needed to simulate CSR; for the actual

realisation of CSR the number of replicates (m) has to be high hence this procedure

is computationally intensive; especially for MSI data preprocessing that requires a

couple of thousands of spatial randomness tests for each MSI datacube. The objec-

tive of this chapter is to devise an algorithm for efficient and accurate application

of SRT for MSI datasets. An optimised workflow enhances the algorithm efficiency

for the generation of CSR. The accuracy of SRT is optimised by utilising Monte

Carlo CSR and robust test statistics based on the shortest distance. In the follow-

ing, a brief overview of tests for spatial randomness is given — the stratified spatial

randomness (stratified-SRT) algorithm described in the subsequent section. Finally,
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Figure 3.3: Edge effect on the MSI tissue sample - a simulated point pattern on
an MSI tissue slide is shown. The blue line represents the tissue boundary. The
two boxes show the edge effect for two points close to the boundary of the tissue.
The red circles emphasise the fact that the observed nearest neighbour distance for
the points (in the centre of the circle) is larger than its true value. The closest
neighbour of the points (in the centre of the circle) is outside of the sampling area
hence unobserved.
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Figure 3.4: Spatial partitions and distances- Left: the quadrat partition for an MS
image is shown. The MS image is partitioned into congruent rectangular areas
(quadrats) shown by green grid lines. Right: nearest-neighbour distance is the
distance from a data point (.) to its nearest neighbour is shown by green arrow.

the utility of the stratified-SRT algorithm is studied using DESI-MSI datasets.

3.2.1 Spatial Randomness Test

Typical types of spatial test statistics are discussed. Such methods are based on one

of the below: quadrant counts [138], [139] or distance based such as method based

on the nearest-neighbour distance [132]. A mathematically rigorous definition of all

methods can be found in the book by Stoyan et al. [131].

The quadrat method involves dividing the space into smaller equal-size quadrats and

then counts the number of points in each quadrat; it employs chi-squared goodness

of fit test for comparison to the CSR. The quadrat method depends critically on the

size of the partition. Since MSI datasets suggest no natural choice for the size of

partitions (Figure 3.4 green rectangles) therefore the quadrat method (also is called

goodness-of-fit test) results can be highly questionable if incorrect partition size

is selected. Given these shortcomings, the natural choice is the nearest neighbour

method. This provides a test statistic that requires no artificial partitioning scheme.

Clark-Evans [132] proposed to use the average of the nearest neighbour distances (di)

form sampled points (Equation 3.2.1). In a point pattern X = x1, ..., xn, the pairwise

distances between all pairs of points xi and xj, (i 6= j) is dij = ||xi−xj||. The nearest-

neighbour distances is the shortest pairwise distances from xi i.e. di = mini 6=jdij
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(Figure 3.4 Right).

d̄ =
1

m
Σm

1 di (3.1)

Where m is the number of points that sampled randomly with each data point

having an equal probability of selection (= 1
n
) from the whole point pattern. The

expected value of the nearest neighbour distances for the whole point pattern is

estimated by a Poisson process [130] of intensity λ is given to be E[D] = 1
2
√
λ
. For

the definition of a Poisson process, see the book by Adrian Baddeley et al. [130]

Chapter 9. The Clark-Evan index is defined as:

Rm =
2
√
λ̄

m
Σm

1 di (3.2)

From the Central Limit Theorem it follows that for sufficiently large sample sizes,

Rm must be approximately normally distributed:

Rm ∼ N [1,
4− π
4mπλ

] (3.3)

The standardised statistic Zm = R̂m−µ̂
σ̂

, where µ̂ = 1 and σ̂ =
√

4−π
4mπλ̂

. The CSR Hy-

pothesis is rejected at significance level α if and only if |Zm| > Zα
2
. Table 3.2 shows

typical significance levels for two/one-tailed test. Zm < −Zα concludes significance

clustering and Zm > Zα a significance dispersion or regular pattern.

Clark-Evans test is an efficient tool when a large number of point patterns have
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Table 3.2: Two-Tailed and One-Tailed tests.

Two-Tailed Significance One-Tailed Significance
Significance α Zα

2
Significance α Zα

Strong 0.01 2.58 Strong 0.01 2.33
Standard 0.05 1.96 Standard 0.05 1.65

to be analysed, and a single statistic is needed to identify random point patterns.

However, this method approximate the null distribution under CSR with a normal

distribution N(1, 4−π
m(4λ̂π)

). In the presence of edge-effect bias for the small number

of points, this distribution may not be an accurate approximation of CSR. For the

MSI data preprocessing the points patterns as small as 3 data points have to be

analysed. Therefore a more accurate estimation of CSR might be beneficial. The

Monte Carlo method for CSR is explained in the next section. For the rest of this

chapter, SRT refers to the Monte Carlo nearest neighbour spatial randomness test.

Let DMSI denote a MSI dataset of size N , DMSI = {Tmsi1 , ..., TmsiN }. Tmsii ∈

RRMSI×CMSI×MMSI or MSI data cube i is a tensor RMSI ∈ N rows and CMSI ∈ N

columns, and MMSI ∈ N m/z ratios. It consists of MMSI two dimensional ma-

trices of size R × C, U = {Ui1 , ..., UiM} ∈ RRMSI×CMSI , each such matrices is

called MS image. An MS image represents the spatial distribution of a m/z ra-

tio. TOP ∈ RRMSI×CMSI each element on TOP can be accessed by TOPiR,iC ;

TOPiR,iC = 1 if iR, iC indicates a tissue bearing pixel and 0 otherwise. The number

of pixels on the TOP for MSI data cube Ti that represent the tissue is calculated

by niTOP = ΣrΣcTOP, 1 ≤ r ≤ iR, 1 ≤ c ≤ iC . Using the above definition the goal

of spatial randomness test for a MSI data cube is to examine MS images with only

few pixels being switched on i.e. 1% niTOP .

The computational complexity of a Monte Carlo spatial randomness test is domi-

nated by the generation of the complete spatial randomness system i.e. one CSR

system for each SRT. This results in generation of thousands CSR for each MSI data
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cube. Based on the nature of a MSI data cube the following features can be ex-

ploited to minimise the number of computations needed: 1) all MS images from the

same MSI datacube share the same TOP (∀Uij ∈ Ti, TOPij = TOPi), 2) m/z ratios

with identical number of occurrence on the TOP share the same complete spatial

randomness system. Let occ(Mij) = ΣkΣl1(Uij(k, l) > 0), 1 ≤ l ≤ Ri, 1 ≤ l ≤ Ci ,

let occ(Mij) detones the occurrence of m/z ratio j on TOPi for MSI data cube Ti.

Then ∀M ∈ Ti if occ(Mk) = occ(Ml) then CSRMk
= CSRMl

. For a MSI sample

i the number of tissue object pixels is denoted by ntopi ; the set of m/z ratios that

satisfy 1% occurrence condition, is shown by M1% = {m/z|occ(m/z) ≤ nTOP
100
}.

3.3 Materials and Methods

3.3.1 MSI Dataset

The institutional review board approved the collection of the breast cancer (137

samples), colorectal cancer (71 samples) and an ovarian carcinoma biopsy (6 sam-

ples) dataset at Imperial College Healthcare National Health Service Trust (research

ethics committee reference no REC 11/LO/0686, 07/H0712/112 sub-collection num-

ber GYN/HG/12/060 respectively). Tissue sample was stored at −80°C after col-

lection. Subsequently the tissue was cryosectioned to 10 thick parallel. DESI-MSI

analysed every tenth section.

This analysis was conducted using a home-built DESI ion source coupled to an Ex-

active Fourier transform Orbitrap mass spectrometer (Thermo Scientific, Bremen,

Germany). The mass analysis was carried out in negative ion mode over the mass

range m/z ∈ {200 − 1000} at a nominal mass resolution of 100.000 and a mass

accuracy of rpm 2ppm. The DESI-MSI was operated at a spatial resolution of 100
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(injection time of 1000ms) with a nitrogen pressure of 7.0bar, sprayer voltage of

4.5kV, capillary voltage 50V, capillary temperature of 250°C, tube lens voltage of

150V, and skimmer voltage of 40V and a solvent mixture of methanol and water in

a ratio 95:5 with a flow rate of 1.5/min.

Following DESI-MSI acquisition, tissue sections were stained with hematoxylin and

eosin (H&E) and underwent histological examination by a histopathologist, where

the different tissue types present in each sample was determined. Raw mass spec-

trometric images were converted to imzML format using imzML Converter (version

1.0.5) and imported into MATLAB [108] for pre-processing and analysis.

3.3.2 A Monte Carlo simulation of Complete Spatial Ran-

domness

To simulate a complete spatial randomness system m simulated completely random

point patterns I(1), ..., I(m) is generated. Figure 3.2 first-row show four examples of

these point patterns for an MSI slide. The rejection sampling algorithm does this.

The random sampling of the circumscribed rectangle of the tissue object was per-

formed (from a uniform distribution). Next, samples in the region under the tissue

object pixels were kept. Furthermore, the samples located outside the boundary of

the tissue were discarded, hence the rejection sampling. Given the confines of the

tissue, Top pixels were randomly fired on and off following a uniform distribution.

The summary statistic is calculated for each such a random pattern. This step is

followed by reducing each point pattern into a single test statistic of T . For the

spatial randomness test using the nearest neighbour distances, i.e. Monte Carlo

Clark-Evans test, the mean nearest neighbour distances for CSR point patterns

were calculated (d̂m). Finally, the mean nearest neighbour distance of the observed

point pattern (do) was compared to the simulated CSR d̂m. After that, the infer-
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Type of test Empirical P value
One-tailed test of clustering versus CSR P̂ c =

1+Σmi=1I(d̂i≤do)
m+1

One-tailed test of dispersion versus CSR P̂ d =
1+Σmi=1I(d̂i≥do)

m+1

Two-Tailed test versus CSR P̂ = 2min{P̂ c, P̂ d}

Table 3.3: Monte Carlo nearest neighbour spatial randomness One-Tailed and two-
tailed Tests of Clustering and Dispersion.

ence about the observed point pattern can be made by comparing S with Ŝ and

estimating the p-value by an empirical p-value p̂. Let r be the number of simulated

complete random point patterns that produce test statistic greater or equal to the

test statistic for the observed point pattern, and n the number of replicate samples.

If the significance level for rejecting the null hypothesis is α, then rejecting the null

hypothesis p̂ = r+1
n+1

< α leads to the desired type 1 error of 100×α%. For example,

for significance level is 0.05 (α = 0.05) the type 1 error (false positive finding) is

5%. Table 3.3 shows the formulas for one-tailed test or clustering or dispersion and

two-tailed test of randomness.

3.3.3 Spatial randomness test for MSI datasets

In the following, an algorithm for a Monte Carlo nearest neighbour spatial random-

ness test for MSI datasets is described. The algorithm minimises the computational

complexity of the SRT test by stratifying the complete spatial randomness systems

for individual MSI data cubes. Algorithm 2 describes the steps required for the

application of SRT on an MSI data cube.

Stratified-SRT

Algorithm 2 describes the stratified-SRTmethod. The input parameters of Stratified-

SRT are α, which is the significance level for the SRT test. t is the test type that can
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description Formula/notation
MSI dataset D = {Ti}Ni=1

A MSI datacube Ti = Rri×ci×mi

For a MSI datacube i

dimension MS images r × c
number of m/z ratios m
a binary r×cmatrix, (where
tissue object pixels = 1 and
background pixels = 0)

Qi

number of tissue object pix-
els

n

number of occurrences m/z
j on Qi

occ(m/zi,j)

a set of m/z ratios with
occ(.) < 1%n

M

Table 3.4: Description of the notations and formulas used in the stratified-SRT
algorithm. In the row of the table, the notations for a MSI datasets is given. As
a collection of MSI datacubes. The second row shows a MSI datacube of size r ×
c × p. The rest of the table describes this MSI datacube. Q is a binary matrix
of size r × c ; r and c are the first two dimensions of the the MSI datacube. The
number of tissue bearing pixels on for a MSI datacube Ti is calculated by n =
ΣiR
r=1ΣiC

c=1Q(r, c).QiR,iC = 1 if iR, iC indicates a tissue bearing pixel and 0 otherwise.

be one-sided for ’clustering’ or ’dispersion’ or two-sided. C notifies the minimum

presence on the Q; its typical value is 1 per cent. The number of simulations is

indicated by n. The output of the algorithm is the reduced MSI datacube. Table 1

3.4 can be used to understand notations used in Algorithm 2.

Stratified-SRT algorithm starts by calculating the occurrences of m/z ratios (aka

occ(.)). Q is used to distinguish tissue’ s pixels/spectra from the background. Set

M holds all m/z ratios that occur only on the C per cent of the tissue object pixels.

Set V holds its occurrences. U is a set that contains all the unique values of V . Then

the following steps are repeated n times: for each u ∈ U a random point pattern of

size u is generated. This is achieved by sampling u spots on the Q from a uniform

distribution. Next, it calculates the mean of the nearest neighbour distances and

stores it in the matrix S. S is a two-dimensional matrix with |U | rows and n columns
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that hold the CSRs test statistics. After the production of CSR systems, the nearest

neighbour distances for the observedm/z ratios are generated and compared to CSR

systems.

Finally, P value is estimated by comparing do with d̂i
m̂

i=1, where m̂ = |M |. Let a

be the number of simulated complete random point patterns that produces a test

statistic greater or equal to the test statistic for the observed point pattern, and n

the number of replications. If the significance level for rejecting the null hypothesis

is α, then rejecting the null hypothesis p̂ = a+1
n+1

< α leads to the desired type 1 error

of 100 × α%. The p values are corrected for multiple testing, and m/z ratios that

are not significant are excluded from the MSI data cube.

3.4 Results

Table ?? and ?? report the number of pixels and m/z ratios on four MSI sets. As

shown in these tables, the average number of pixels for one MSI data cube in the MSI

datasets varies from 5,604 to 14,406. However, the number of tissue bearing pixels

(TOPs) spans from 2,642 to 8,080. The number of pixels that represent 1% is 80,

55, 38 pixels on average for the colorectal cancer data and 26 pixels on average for

the breast cancer dataset. This implied that any m/z occurring on less than 80, 55,

38 (26) pixels on the colorectal (breast) cancer datasets would be eliminated. This

amounted to 94,396, 131,272, 35,954 (252,739) m/z ratios for colorectal (breast)

cancer datasets. Therefore for these four datasets, the spatial randomness test has

to be applied 514,361 times in total.

SRT required 514,361 simulations of CSR whereas stratified-SRT required only 6,267

simulations of CSR. It is worth to mention that SRT is only one step of a multi-step

pre-processing workflow for MSI (1.4). This section aims to showcase the feasibility
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Algorithm 2 stratified-SRT- a Monte Carlo nearest-neighbour distance spatial ran-
domness test for MSI data

Input:α, significance level, t type of test, C minimum presence on tissue
object pixels (percentage) , n number of simulations, Q ∈ Rrr, Tr×c×pmsi ∈ Dmsi

Output: Tr×c×p̂msi

(r,c,p) = dimensions(T)
n = Σr

i=1Σc
j=1Q

for i = 1 to p do
T(:,:,i) = T(:,:,i) * Q

end for
for i = 1 to p do

O(i) = Σi=1rΣ
c
j=11(T (i, j, :) > 0)

end for
V = O(find(O(i) < n× C))
U = unique(V )
for i=1 to |U| do
for j=1 to n do

(x,y) = sample U(i) locations from Q
Calculate Euclidean distance matrix A for (x,y)
Main.diag(A) = max(A)
S(i, j) = mean(min(A))

end for
end for
p = zeros(1,m)
for i = 1 to m do
if O(i) < n× C then

(x,y) = find( T (:, :, i) > 0)
Calculate Euclidean distance matrix A for (x,y)
Main.diag(A) = max(A)
do = mean(min(A))
index.S = find(U == O(i))
dc = S(index.S, :)
if test==’clustering’ then

a = |dc ≤do|
p(i) = a+1

n+1

end if
if test==’dispersion’ then

a = |dcsr ≥do|
p(i) = a+1

n+1

end if
if test==’two sided’ then

a = |dcsr ≤do|
p.clustering = a+1

n+1

a = |dcsr ≥do|
p.dispersion = a+1

n+1

p(i) = 2×min(p.clustering, p.dispersion)
end if

end if
end for
Adjust p value (vector p) for multiple testing

T = T(:,:,find(p ≤ α))
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and utility of the stratified-SRT for recovering the MS images that correspond to

m/z ratios with c < occ(Mi) <
n

100
, c ∈ N is a constant that denotes the minimum

for the m/z occurrences. It can be defined based on tissue types and disease under

study. We set it to 4. However, in order to be able to compare the stratified-SRT

with SRT, we had to fix it to 6. This reduced the size of data substantially smaller

and made the testing easier. This section provides strong evidence of the improved

computational complexity of stratified-SRT compared to the SRT. Subsequently,

the utility of stratified-SRT is recapitulated; showing that there exist features on

the MSI samples that profoundly benefit from the application of stratified-SRT on

Ms images; therefore a piece of strong evidence that SRT has to be incorporated in

the preprocessing pipeline of MSI. In this section, the workflow and measurements

that are sufficient for validation of these claims are proposed. The utility of SRT is

highlighted by studying MSI analytical data 3.3.1, the main objective is to show that

SRT can recover the m/z ratios that represent small tissue types. The first part of

the validation consists of consulting a pathologist. A colorectal MSI data cube was

used, and the pathologist identified blood vessels. Blood vessels on this particular

MSI slide are small and therefore are representative of histological features that will

be excluded by %1 filter. By visualising several MS images that correspond to m/z

ratios that identified to exhibit a clustered point pattern, it is made possible to

showcase that of SRT is accurate. Second, several m/z ratios with its isotopic m/z

ratios were selected and used. As the second (third,...) isotopic peaks are observed

in smaller concentrations (for small m/z ratios) we showed that these m/z ratios are

more likely to be excluded from the MSI data cube by 1% TOP filter. Subsequently,

we showed that stratified-SRT allows for recovering of such m/z ratios. The efficiency

of the newly proposed algorithm, i.e. stratified-SRT, is shown by application of the

stratified-SRT on 3 MSI datasets and measuring the run time and comparing to the

conventional SRT.
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3.4.1 Efficiency of Stratified-SRT

The time complexity of Monte Carlo SRT for one m/z is given by O(qr2), where q

is the number of simulations. r2 is the number of calculations required to find the

nearest neighbour distances for r points and r = occ(m/z).

For a MSI datacube let p notify the number of m/z ratios that occur on less than

1% of the tissue object pixels. Then for this MSI datacube time complexity of SRT

is O(pqs2), where s = dn/100e. However, the time complexity of the stratified-SRT

is O(qs3 + ps2). Where qs3 indicates number of operations required to calculate

CSR systems and ps2 notifies the number of operations required to calculate nearest

distances for p m/z ratios (M Table 13.4).

We define z as a ratio as follows:

z =
pqs2

qs3 + ps2
=

pqs2

s2(qs+ p)
=

pq

qs+ p
(3.4)

z determines if and how much stratified-SRT could be asymptotically faster (if z>1),

slower (if z < 1) or same speed (if z=1) as SRT.

Tables ?? and ?? one row before last row shows the ration z it 55, 64 and 26 for

colorectal cancer datasets and 56 for breast cancer dataset. e.g. the runtime of

the stratified-SRT is 64 times faster than SRT for colorectal cancer dataset 2013.

Computational complexity is based on the asymptotic behaviour of the algorithm.

However, in real life, this state might not be reached. Therefore an implementation

of stratified-SRT and SRT in Matlab (version 2014b) is used to measure the running

time of these methods. Ẑ is defined by running time SRT in seconds divided by

running time stratified-SRT in seconds.



3.4. Results 83

Tables ?? and ?? last row shows for 3 colorectal cancer datasets and one breast

cancer dataset. For colorectal cancer dataset acquired in 2012 (N=20 MSI sam-

ples) the average of ratio is 63, which more significant than Z. It shows that on

average stratified-SRT is 63 times faster than SRT. For colorectal datasets, 2013

and 2014 stratified-SRT is 56 and 60 time faster than SRT respectively. For the

breast cancer, dataset (N=129 MSI samples) runtime of the stratified-SRT is on

average 28 times faster than SRT. In contrast to colorectal cancer where is more

substantial than Z for all datasets; is smaller than Z for breast cancer dataset. We

went back to the data and sought the reason. We observed that there had been

many MSI samples in the breast cancer dataset with a small |M|. This explains the

observed phenomena; when the number of m/z ratios to be tested is not large SRT

and stratified-SRT have similar performances because SRT is not fast enough for

calculation of Ẑ all m/z ratios with occ(m/z) < 6 were excluded from the datasets

this decreases |M1%|substantially.
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Table 3.5: Colorectal DESI-MSI datasets and number of CSR systems simulations.
The first column shows the important factors of MSI datasets that determines the
runtime of the spatial randomness test. The colorectal cancer datasets are acquired
over three years. N stands for the number of MSI data cubes in the dataset. The
values are average of the noted variable over all the samples in the datasets. The
values in the parentheses represent the standard deviation. Values are rounded
to zero decimal places. npixels denotes the number of pixels for s MSI datacube.
nCSR(SRT ), nCSR(stratified SRT) show the number of complete spatial random-
ness simulations needed for SRT and stratified SRT, respectively. The rest of the
notations are described in Table 3.4.

Dataset

Colorectal cancer

acquisition year 2012 2013 2014

N 20 32 30

pixels 14406( ±4680) 12758( ±5631) 9847( ±4962)

n 8080(±3372) 5533(±2803) 3831(±2547)

p 429,173 749,321 205,722

|M | 94,396 131,272 35,954

Average nCSR(SRT ) 4720(±2328) 4102(±2132) 1198(±1652)

Average nCSR(stratified− SRT ) 56(±38) 44.9(±30) 26.2(±20)

Total nCSR(SRT ) 94,396 131,272 35,954

Total nCSR(SRT )(stratified− SRT ) 1,124 1,436 786

Z 55(±16) 64(±15) 26(±21)

Ẑ 63(±9) 59(±25) 60(±25)
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Table 3.6: Comparison of MSI datasets’ Characteristics for spatial randomness test.
The first column shows the important characteristics of MSI datasets studied here.
The colorectal cancer datasets are acquired over 3 years. N stands for the number of
MSI data cubes in the dataset. The values are average of the noted variable over all
the samples in the datasets. The values in the parentheses represent the standard
deviation. Values are rounded to zero decimal places. p denotes the number of m/z
ratios. nCSR(SRT ), nCSR(stratified − SRT ) show the number of complete spatial
randomness simulations needed for SRT and stratified SRT, respectively. The rest
of the notations are described in Table 3.4.

Dataset

Breast Cancer

acquisition year 2012

N 129

pixels 5604( ±3343)

n 2642(±2050)

p 340,761

|M | 252,739

Average nCSR(SRT ) 1959(±1649)

Average nCSR(stratified− SRT ) 23(±20)

Total nCSR(SRT ) 252,739

Total nCSR(SRT )(stratified− SRT ) 2,921

Z 59(±20)

Ẑ 28(±13)

Figure 3.5 shows the runtime of the SRT (in blue) and stratified-SRT (in orange)

for all MSI datacubes for three colorectal cancer DESI-MSI datasets. The number

of simulated CSR systems dominates the runtime of SRT/stratified-SRT. Figure 3.6

shows the number of simulated CSR systems for all MSI datacubes in 3 colorectal

DESI-MSI datasets. Figure 3.7 top shows the runtime of the SRT (in blue) and

stratified-SRT (in orange) for breast cancer DESI-MSI dataset. Figure 3.7 bottom
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shows the number of the simulated CSR systems for each MSI datacube in the breast

cancer DESI-MSI datasets.

3.4.2 stratified-SRT for DESI-MSI cancer datasets

Figure 3.8 illustrates an optical image of an HE stained colorectal tissue section

in the middle and 50 MS images around it; the values on top of images is the m/z

ratio of the MS image. Blood vessels on the optical images HE stained tissue section

shown are red and depicted by back ovals. The number of pixels that corresponds to

the blood vessels is smaller than n/100; therefore all the m/z ratios that represent

the blood vessels solely will be discarded by 1% TOP filter. The MS images of 50

such m/z ratios is shown in the Figure 3.8.

3.4.3 Stratified-SRT and putative annotations

Atomic isotopes are atoms with the same number of protons but are different in their

neutron count. An isotopic distribution/cluster is a group of multiple m/z peaks

arising from a compound; these share an identical molecular formula but are different

in their atomic isotope composition. These peaks are grouped with an m/z spacing

of ≈ 1/C, where C is the number of charges associated with the molecules during the

ionization process. The intensity of m/z ratios in an isotopic cluster is proportional

to the probability of occurrence of each mass, which is the sum of probabilities of all

combinations resulting in the same nominal mass. The most intense peak is called

the monoisotopic peak, and the relative intensities of the other peaks are commonly

reported as % of monoisotopic peak. The monoisotopic peak corresponds to the

first m/z ratio in the isotopic cluster unless the compound contains atoms (such

as B, Fe, Se, Hg). The overall pattern of the isotopic distribution and the relative
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Figure 3.5: Runtime of stratified-SRT for colorectal cancer datasets- 3 DESI-MSI
colorectal cancer datasets were analysed using Monte Carlo nearest neighbour spatial
randomness test (SRT) and stratified-SRT. On each plot y-axis display the runtime
for samples on the x-axis. Runtime of SRT and stratified-SRT are shown in blue,
orange respectively.
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Figure 3.6: Number of complete spatial randomness (CSR) simulations for 3 DESI-
MSI colorectal cancer datasets - Number of CSR simulations for 3 DESI-MSI cancer
datasets was shown. Y-axis shows the number of simulations and DESI-MSI samples
are shown on the x-axis. Number of CSR simulations for SRT and stratified-SRT
are shown is blue, orange respectively.
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Figure 3.7: Runtime of stratified-SRT and number of CSR simulations for the breast
cancer dataset- A DESI-MSI Breast cancer dataset was analysed using Monte Carlo
nearest neighbour spatial randomness test (SRT) and stratified-SRT. On the top
plot, y-axis displays the runtime for samples on the x-axis. The runtime of SRT and
stratified-SRT are shown in blue, orange, respectively. The bottom plot displays the
number of complete spatial randomness simulations as a function of MSI samples.
Y-axis shows the number of simulations and DESI-MSI samples are shown on the
x-axis. Number of CSR simulations for SRT and stratified-SRT are shown blue,
orange respectively.
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Figure 3.8: Blood vessels and spatial point patterns covariates - The figure on
the centre of this plot shows a H&E stained colorectal tissue section. This tissue
section consists of stroma and muscle (in pink), tumour (in purple) and blood vessels
depicted by black ovals. The majority of Tissue object pixels (TOP) represent
tumour, stroma and muscle. Blood vessels occur on a minute number of pixels.
The rest of the plots show MS images that identified to be spatially significant
point patterns by stratified-SRT. A large number of m/z ratios that represent blood
vessels would be excluded by 1% filter. The numbers on top of the MS images are
m/z ratios.
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intensity of isotope peaks is a useful means for the identification of compounds

[140, 141, 142]. Figure 3.9 illustrates MS images for three isotopic clusters with

C=1. The intensities of m/z these clusters decline for small molecules. Each row

of Figure ?? displays MS images of an isotopic cluster. The first image of each row

shows the MS image corresponding to the monoisotopic m/z ratio. Park et al. [143]

claimed that identifying isotopic clusters is an essential step in interpreting complex

mass spectra generated high-resolution mass spectrometers such as Orbitrap as the

isotopic m/z (2,3,.. peaks in an isotopic cluster) occur with lower intensity. It can

be seen from Figure 3.9 the MS images corresponding to these m/z ratios are more

sparse. The {630.5542, 671.5578, 659.5711} ∈M1% therefore will be discarded by 1%

TOP filter. The isotopic patterns also help with putative annotations of m/z ratios;

therefore excluding these m/z might compromise the accuracy of the downstream

analyses.

3.4.4 Stratified-SRT and 3dimensional DESI-MSI dataset

A surprising result came from the application of stratified-SRT on a three dimen-

sional MSI dataset, where a somewhat elongated point pattern was identified on

all tissue sections in the dataset. Three dimensional MSI dataset are conceived by

analysing consecutive tissue sections by MSI. In here, six consecutive ovarian cancer

tissue sections were studied.

Figure 3.10 (A) illustrates MS images for m/z = 485.2746±2pmm for 6 consecutive

tissue sections. The part of the image that host the mentioned m/z is zoomed

out. Figure 3.10 (B) displays the optical images HE stained tissue sections; the

same areas as above were zoomed out. The images in (A) and (B) corresponds.

m/z = 485.2746 ± 2pmm ∈ Mi
1%, i = {1, ..., 6} therefore this m/z ratio will be

filtered out for all MSI data cubes. This particular m/z and many others Figure
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Figure 3.9: Isotopic patterns and spatial randomness test - MS images of 3 molecular
ion peaks (first column of images) and MS images of their isotopic peaks (second
and third columns of images) are shown. The relative intensities of the other peaks
are commonly reported as % of molecular ions; these intensities is much lower than
the base peak (mass range <1000 Da) and this is reflected in the MS images.
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3.11 occur on the stromal tissue between two cancerous areas. The spatial point

pattern in not concentrated as it is seen for the blood vessel example 3.8. This shows

that not only concentrated/oval-shaped clusters can be captured by stratified-SRT

but other shapes such as these elongated shapes. The fact that this m/z ratio is

present in similar locations across tissue sections tells us that it is not noise. Figure

3.11 shows many more m/z ratios with similar patterns that are in M1%.

3.5 Discussion

The stratified-SRT method was described here. Stratified-SRT for MSI datasets

benefits from a customised process of generation of the complete spatial randomness

systems. Stratified-SRT improves the computational complexity of SRT for large

MSI datasets without compromising the accuracy; we showed a 63, 59, 60 and

29 fold improvement for 3 colorectal cancer datasets and a breast cancer dataset

respectively (Table ?? and ??). The efficiency of stratified-SRT enables researchers

to interrogate large datasets over a short period, e.g. stratified-SRT for colorectal

cancer datasets (2013) took 2.3 minutes; however, a conventional SRT took 2.7

hours. We showed that the 1% TOP filter discards a significant number m/z ratios

that correspond to small tissue sections such as blood vessels, isotopic peaks and

m/z ratios at the border/interspace of the tumour. Therefore, we reject the null

hypothesis that 1% TOP filter removes only noise/random m/z ratios. Various types

of relevant information are lost using the 1% filter that can be used for studying

angiogenesis for cancer datasets and other information data can be essential for

annotation of m/z ratios.

We showed that for one colorectal MSI data cube almost all information related to

the blood vessels were excluded by the 1% filter (Figure 3.8). The sustained forma-
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Figure 3.10: H&E stained optical images and spatially significant MS images - A
shows 6 H&E stained optical images from consecutive tissue sections of an ovarian
cancer tumor. B shows MS images (m/z = 485.2764, Formula: C26H40N4O6 ). The
images located on the similar part of each panel (A and B) are from the same tissue
section. It is shown here that an ion m/z = 485.2764 occur on inetrspace between
two tomur sections on the stromal tissue.
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Figure 3.11: Each row shows 6 MS images that corresponds to an identical m/z
ratio (± 2ppm) on a consecutive tissue section for an ovarian cancer 3dimensional
MSI datasets. The numbers on top of each MS image are m/z ratio and P values
calculated by stratified SRT. Figure ?? shows the H&E stained optical image along-
side the m/z = 485.27. Here, MS images of a number of m/z ratios that show a
similar spatial pattern and identified a significant based on at least one MS image
in the 3dimensional dataset are displayed.
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tion of blood vessels (angiogenesis) is considered as one of the hallmarks of cancer

[144, 145] that is liked to prognosis [146, 147] of the disease. However, excessive

data reduction, such as 1% TOP filtering eliminated this profoundly important in-

formation. Stratified-SRT can recover a large proportion of these m/z ratios and

enhance the quality of MSI data analysis.

Park et al. [142] claimed that interpreting and understanding the complex mass

spectra generated by high-resolution mass spectrometers begins with identifying iso-

topic clusters and their monoisotopic masses. McLiwain [140] used isotopic patterns

for annotating proteomic mass spectrometry data. We showed that 1% TOP filter

excludes m/z ratios that correspond to the heavier isotopes in the isotopic clusters.

A majority of these ions can be identified by stratified-SRT. Therefore, application

of stratified-SRT can contribute positively to the putative annotation of m/z sig-

nals and improve our understanding of intricate patterns in the mass spectrometry

imaging datasets.

Classifying the spectra located on the boundaries of the tissue proved to be more

prone to error. Using a 3dimensional DESI-MSI dataset of an ovarian cancer biopsy,

we showed that stratified-SRT could recover m/z ratios that their spatial distribution

resembles an elongated pattern in the inter-space of tumour tissues and stromal tis-

sue. Exclusion of such m/z ratios by 1% TOP filter might compromise the accuracy

of classifiers that are made to classify tissue types.

Similar to any statistical test stratified-SRT produces false-positives and false-negatives

3.1. However, we proposed stratified-SRT as a tool to minimise the negative effect

of the 1%filter by recovering m/z ratios that exhibit a non-random spatial pattern.

Therefore, false-negatives does not affect the outcome of the pre-processing work-

flow that incorporates both 1% TOP filter and SRT. Therefore, the only harm can

be caused by the false positives, i.e. introducing noise into the dataset. Multiple
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testing correction methods can be employed to reduce this effect.

We showed that the nature of the mass spectrometry imaging data could be utilised

to speed up the application of SRT on the large MSI datasets. We would like to

highlight the fact that the size of the datasets should not be the main criteria to

select or discount a machine learning and statistical data analysis technique. Most

methods can be adopted and benefit from some aspects of the measured data.

Stratified-SRT is an accelerated spatial randomness test for MSI datasets. It was

demonstrated that stratified-SRT substantially decreases the runtime of the con-

ventional Monte Carlo Clark-Evans test for large MSI datasets. Using four cancer

and one 3D MSI dataset we showed that currently used filters exclude profoundly

important m/z signals such as m/z ratios that represent small histological features,

e.g. blood vessels, or m/z ratios that correspond to the isotopic clusters and m/z

ratios that occur on the boundary of cancerous tissues. Stratified-SRT can identify

many of such m/z ratios and maximises information recovery.

In conclusion, with the improved runtime, stratified-SRT provides an efficient mod-

ule that can improve information recovery of MSI data preprocessing workflows.
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Subphenotypes of severe asthma

Severe or therapy-resistant asthma is a chronic inflammatory airways disease charac-

terised by varying pathobiology, response to treatment, and severity [59]. A better

understanding of severe asthma that leads to improved treatments and prognosis

has been recognised as a significant unmet need. This process has been impeded by

the heterogeneity of severe asthma.

Understanding the heterogeneity of severe asthma allows to gain an insight into the

molecular driving mechanisms of this complex disease and eventually allows a more

successful drug design and discovery. A precise definition of asthma phenotypes is

urgently required because such phenotypes are most likely to be associated with

improved diagnoses and prognoses of the disease.

As it explained in Section 1.2.1 U-BIOPRED was a multi-million euro continental-

wide collaborative project with the aim of hand-printing asthma, i.e. biomarkers

of asthma that are not only associated with one aspect of the disease (figure print)

but are based on the multiple clinical and omics datasets. However, no integrative,

system-level analysis was achieved yet. Here, is the first successful integrative anal-

98
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ysis of subphenotyping of asthma based on the sputum transcriptomics and serum

proteomics datasets. Given the socio-economical burden of severe asthma which

covers 50% of asthma-related cost despite the number of severe asthmatics which

is only < 5% of the asthmatic population, it is imperative that Severe asthma is

recognised as a major unmet need.

Transcriptomics associated phenotypes of severe asthma defined by gene expression

profiling of induced sputum samples were reported by Baines et al. [61], Kue et

al. [148]. Loza et al. [62] suggested four stable over time subphenotypes of asthma

based on the clinical measurements. Lefaudeux [149] studied clinical manifestations

of asthma and suggested four phenotypes. However, all previous effort to study

sever asthma heterogeneity by identifying meaningful phenotypes were either based

on clinical measurements or a single omics dataset. In this chapter, system-level

analysis of multiple omics modules is given. This study is important to public

healthcare. And multi-faceted data integration workflow is designed and applied on

three omics datasets.

4.1 Introduction

Severe asthma is a heterogeneous condition consisting of phenotypes such as eosinophilic

asthma. Specific recommendations on the use of sputum eosinophil count to guide

therapy has been already in use [59].

The study by Kuo et al. [148] based on the analysis of the transcriptome of sputum

cells has shown an association with T helper two high inflammation and eosinophilic

asthma [60]. A sever eosinophilic asthma phenotype has characterised by recurrent

exacerbations and eosinophilic lung inflammation and is usually associated with a

high blood eosinophil count [150]; this phenotype responds well to biologic therapies
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targeted against interleukin 5 (IL-5). IL-5 is an interleukin produced by type-2 T

helper cells and mast cells [151, 59]. T-helper 2 cells are a specialised population of

T cells. Their functions are the promotion of tissue repair and immune responses

against pathogens that do not directly infect cells. These cells contribute to allergic

disorders and asthma. The studies by Kue et al. [148] and Baines et al. [61] con-

ducted separately on two different cohorts, suggested that sputum transcriptomics

data is useful for identification of a group of patients with increased type-2 T helper

cells expression. These studies reportedly suggested the two subphenotypes of asth-

matics patients with a low type-2 T helper cells expression. Several biologic agents

have been approved for asthmatic patients with increased type-2 T helper cells (is

called T2-high asthma). These advances have contributed to existing paradigms in

the approach for tailoring novel therapies for T2-high asthma. In contrast to T2-high

asthma, the low type-2 T helper subphenotypes (T2-low) is understudied. Studies

by Kue et al. [148] and Baines et al. [61] shows that the T2-low phenotype can be

separated from the T2-high phenotype by clustering of the sputum trascriptomics

data. Kuo et al. [148] identified three molecular transcriptome-associated clusters

(TACs) of moderate to severe asthma by performing hierarchical clustering of the

differential transcriptomics obtained from induced sputum cells between T2-high

asthma (TAC1) and T2-low asthma. TAC1 is the Th2-high eosinophilic phenotype,

and two T2-low phenotypes TAC2 and TAC3. TAC2 is characterised by activa-

tion of the inflammasome pathway and high sputum neutrophil cell count. TAC3

is associated with activation of metabolic pathways and mitochondrial oxidative

phosphorylation pathways and also with either a lack of granulocytic inflammation

(pausi-granulocytic) or mild eosinophilic inflammation.

Four pathological phenotypes of asthma have been proposed using U-BIOPRED

(Unbiased BIOmarkers in PREDiction of respiratory disease outcomes) based on

sputum granulocytes cell counts: eosinophilic (Eos, %eosinophils ≤ 1.49%), neu-



4.1. Introduction 101

trophilic (Neut, %neutrophils ≤ 73.6%), mixed (Eos ≤ 1.49%andNeuts ≤ 73.6%)

and paucigranulocytic (normal range). Although the derived measurement of the

induced sputum is a very informative and discriminatory tool to assess asthma sub-

phenotypes, nevertheless, it is interesting to study these data in combination with

more systemic level measurements. In other words, asthma is is an airways related

disease and sputum is induced from the site of the disease. However, a systemic

indicator of health and disease such as blood which is not limited to airways might

add extra levels of information. Moreover, it is essential to not limit data analysis to

the local products of the disease. Serum analysis is the fluid and solute component of

blood. The serum has shown enormous potential to our improved understanding of

asthma. Pang et al. [152] studied serum metabolites of 13 eosinophilic asthmatics,

16 non-eosinophilic asthmatic and 15 healthy controls and reported 18 differentially

expressed metabolites between the three groups. These metabolites were involved in

10 perturbed metabolic pathways. Meyer et al. [153] studied serum protein markers

in a cohort of asthmatics and healthy volunteers. This study concluded that serum

cytokine and chemokine levels might be indicators for the severity of asthmatic in-

flammation, asthma control, and response to therapy. Watanabe et al. [154] showed

that serum levels of Somatostatin Receptor Type 2 (sST2), a soluble IL-33 recep-

tor, increases in neutrophilic lung diseases. The review by Kuruvilla et al. [155]

highlighted serum interleukin 6 (IL-6) as a biomarker for T2-low asthma.

SOMAscan is a targeted proteomics technique capable of measuring more than a

thousand human protein analytes in serum, plasma, and other biological matrices.

Its targets proteins and mostly low expressed proteins not easily accessible by other

approaches. SOMAScan experimental parameters for this study are described in

Section 4.2.2, a complete list of annotated protein-encoding genes is shown in the

Appendix. SOMAscan is a reproducible technique with a high level of sensitiv-

ity and specificity. Billing et al. [156, 157] studied the complementary nature of
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SOMAscan with two widely used proteomics technologies, namely LC-MS/MS and

RNA-seq. Their goal was to perform quantitative profiling of human embryonic

and mesenchymal stem cells(MSC). Their studies showed that molecular character-

isation of MSC was improved by using SOMAscan in addition to LC-MS/MS and

RNA-seq. SOMAscan is used for biomarker discovery of early death in heart failure

patients. As a result of this study, a proteomics signature of 6 plasma proteins was

discovered that allows the identification of systolic heart failure patients with a risk

of early death. Rossios et al. [149] showed many genes and proteins in sputum

were significantly modulated between patients with severe asthma (SA) compared

with nonsmoking patients with mild/moderate asthma. They highlighted the im-

portance of sputum proteins by identifying a network of inflammatory and innate

immune changes, as detected by using their SOMAscan analysis. Rossios et al. [149]

reported that inflammasome activation in bronchial brushings or biopsy specimens

was not observed, suggesting that sputum cells are likely to be critical sensors for

inflammasome activation in patients with severe asthma.

Here an integrative analysis that combines local and system-level data of severe

asthma is conducted. Sputum transcriptomics provides a wealth of information

closer to the site of disease (i.e. local), and serum proteomics datasets add a piece

of system-level information. The analysis workflow is anchored upon sputum in-

flammatory cell counts and transcriptomics data. An integrative machine learning

workflow ensures an improved information recovery throughout the analysis.

The objective of the analysis is to study T2-low asthma through a multi-focal engi-

neered system medicine lens and determine whether it is possible to obtain a better

granularity or substructure within the two T2-low subphenotypes (i.e. TAC2 and

TAC3). The null hypothesis is that there are no subgroups within T2-low asthma

based on the integrative analysis of sputum transcriptomics and serum proteomics
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data. The alternative hypothesis is that the integrative analysis of sputum tran-

scriptomics and serum proteomics data reveals a degree of heterogeneity of T2-low

asthma.

4.1.1 Disease subtyping workflow overview

The disease subtyping workflow is designed to answer five questions: (i) how many

clusters are in the transcriptomics dataset? (ii) which genes are non-informative

and can be excluded from the data? (iii) which genes characterise each cluster?

Furthermore, (iv) do the clusters identified by the transcriptomics data stay the same

when integrated with serum proteomics data? (v) which pathways or functional

groups are enriched? The first question is addressed by the application of clustering

methods on the transcriptomics data. The second question is answered by inter-

cluster feature selection, while intra-cluster feature selection was used as a solution

to the third question. Fourth question was addressed by the development of an

integrative analysis of the proteomics and transcriptomics was applied. Finally,

functional enrichment analysis was conducted by searching pathway databases, and

gene set variation analysis. Machine learning tasks are divided into supervised,

unsupervised and semi-supervised methods. This division is based on the availability

and usage of labels. The first part of the workflow employs unsupervised learning

methods, and the second and third parts are based on supervised learning methods.

Here the underlying rationale for feature selection is explained. Kelleher et al. [158]

categorised features into four groups:

• Predictive: a predictive feature contributes positively towards estimating the

correct value of a target feature (i.e. independent variable).
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• Interactive: an interactive feature does not contribute positively towards

estimating the correct value of a target feature solely. However, in conjunction

with other features, it becomes informative.

• Redundant: a characteristic feature is redundant if it has a strong correlation

with other features.

• Irrelevant: a feature is irrelevant if it does not provide useful information

that can be used for estimation of the correct value of a target feature.

In the presence of redundant and irrelevant features, feature selection is a profoundly

important process. Feature selection methods aim for identifying these features. The

following points were described as the benefits of feature selection in the literature:

(1) providing a low-complexity model by reducing model parameters [159, 160, 161],

(2) improving the generalisation performance [162, 163], (3) decreasing required

time for model training by reducing the number of features [164, 163, 160, 165], (4)

reducing the cost for collecting and storing the data [165, 166, 167], and (5) gaining

a deeper insight into the underlying processes that generated the data [168].

Feature selection methods are categorised into three groups [169]: filters, embedded

and wrapper techniques. Filters for feature selection involves in ordering features

based on test statistic such as student t.test, Kruskal-Wallis rank-sum test statistic

or other rooted in information theory such as Shannon entropy, mutual information

(between features and a target feature).

An example of feature selection methods based on the embedded method is the vari-

able importance based on random forests (RF) classifier. RF framework quantifies

the variable importance of features as the increase in mean of the error of a tree

(mean square error (MSE)) in the forest when the observed values of this variable
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are randomly permuted in the hold out samples. Other embedded methods includes

LASSO [170] and [171].

Wrapper techniques use the classifiers accuracy rate as the feature evaluation cri-

teria. A widely used example of these types of feature selection methods is the

recursive feature elimination (REF) by support vector machines (SVM) by Guyon

et al. [172](REF–SVM). In the REF–SVM framework, utilises its objective function

(maximum margin criteria) as a feature-ranking criterion to rank a list of features

and it is based on its discriminatory ability. REF–SVM framework iteratively ex-

cludes the features with small discriminatory ability.

However, feature selection methods, in general, contribute to improved understand-

ing of the feature space, faster models and higher accuracy. Nevertheless, feature

selection is an NP-complete problem which means there is no fast algorithm that

can select a set of features that only includes the relevant/predictive/information

features. In other words, most feature selection methods only provide a partial so-

lution. Therefore, an ensemble method where combines the outcome of multiple

feature selection methods might yield a more informative feature set[173]. Here, a

novel ensemble feature selection workflow is devised (Section 4.3.5). It incorporates

feature stability into the aggregation function.

4.2 Materials

The omics and clinical data were obtained from the tranSMART database [174]

. TranSMART is an open-source data management platform supported by Eu-

ropean Translational Information and Knowledge Management Services (eTRIKS,

https://www.etriks.org/, 2017). Datasets were quality controlled and normalised,

followed by adjustment of batch effects and uploaded into tranSMART by U-BIOPRED
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Figure 4.1: U-BIOPRED consort diagram. CT: computed tomography; GWAS:
genome-wide association study; NA: not applicable. The figure was adopted from
[4].

data holders [64]. Figure 4.1 shows the consort plot for the U-BIOPRED project.

A portion of the U-BIOPRED adult cohort was studied here. Sputum transcrip-

tomics data of 104 and 89 subjects have passed the quality control and were stored

in the tranSMART platform, for the first visit and the followup visit respectively.

Ninety-two subjects have sputum transcriptomics data and serum proteomics data.

4.2.1 Sputum transcriptomics data

Sputum was induced by inhalation of hypertonic saline solution, and sputum plugs

were collected from which sputum cells and sputum supernatants were obtained. Cell

pellets were stored in RNA stabilisation buffer (Norgen Biotek, Thorold, Canada).

RNA purity (<6) was measured by Agilent Bioanalyser (Agilent, Santa Clara,

Calif). Expression profiling was studied using Affymetrix U133 Plus 2.0 microarrays
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(Affymetrix, Santa Clara, Calif). Raw data were quality assessed and preprocessed

by robust multi-array average normalisation. Probes of low expression were filtered

by robust multi-array signal analysis for values <5 and also for batch/technical ef-

fects. The intensity of the raw probe sets was transformed to a logarithmic scale

and normalised by the robust multi-array average (RMA) method. These steps were

conducted by the U-BIOPRED data acquisition team and data were uploaded to

the tranSMART [65]. The data were downloaded from transMART.

4.2.2 Serum proteomics data

Serum was prepared by drawing blood into a 10 ml BD 367837 Vacutainer (Becton

Dickinson Vacutainer Systems, USA). The blood tube was inverted several times to

mix with the clotting activation agent and was left to clot at room temperature for

thirty minutes. Serum was isolated by centrifugation at 1000g for ten minutes at

room temperature. Finally, serum was frozen and stored at –80 °C.

The SOMAscan proteomics assay is an array-based method measuring 1,129 proteins

each assay run which had its technique described comprehensively elsewhere [69].

SomaLogic Inc. performed all proteomics measurements for serum supernatants,

(Boulder, CO) blinded to all subjects’ clinical and transcriptomic data. Briefly, ev-

ery protein measured in the assay has its own fluorophore-tagged SOMAmer (DNA)

as a targeted reagent. Automated partitioning steps capture SOMAmers that are in

complexes with their cognate proteins. Using a custom Agilent hybridisation chip

designed as the antisense probe array specifically hybridises to the SOMAmers, the

measurement of proteins was transformed to the measurement of the fluorescent in-

tensity of the hybridised SOMAmers. Protein concentrations were initially reported

in relative fluorescence units (RFU) while this concentration was transformed to a

logarithmic scale before statistical analysis to reduce heteroscedasticity. Annotated
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protein-coding genes were used for pathway analysis.

Shotgun proteomics approach is explained by Burg et al. [175]. Here their approach

is reported. First, a pooled serum sample was created. To increase the number

of identifications, the 12 most abundant proteins were immunodepleted using dis-

posable agarose columns (Pierce, Thermo-Fisher) and eluates reduced, alkylated,

digested and lyophilised. Peptide extracts were then resuspended in 3% acetonitrile

(ACN), 0.1% trifluoroacetic (ETF) acid and desalted. Eluates were transferred to

separate microcentrifuge tubes, lyophilised and stored on ice before mass spectrom-

etry. Peptide extracts were resuspended in buffer A, (3% ACN, 0.1% Formic acid

and the concentration measured using a Direct Detect System (Millipore). A stan-

dard internal mixture of E. coli ClpB Hi3 standard (Waters), yeast enolase (ENO)

and yeast alcohol dehydrogenase (ADH) was added to a final concentration in 12.5

fmol/µL ClpB, 12.5 fmol/µL ENO, and 8.75 fmol/µL ADH. Samples were analysed

in pairs, sequentially, via HDMSE on a Waters Synapt G2S high definition mass

spectrometer coupled to a nanoAcquity UPLC system. 4 µL of peptide extract was

injected onto a C18 BEH trapping column (Waters) and washed with buffer A for

5 min at 5 µL/min. Peptides were separated using a 25 cm T3 HSS C18 analytical

column (Waters) with a linear gradient of 3 - 50% ACN + 0.1% formic acid over

50 min at a flow rate of 0.3 µL/min. Eluted samples were sprayed directly into the

mass spectrometer operating in MSE mode. Data were acquired from 50 to 2000

m/z with the quadrupole in RF mode using alternate low and elevated collision en-

ergy (CE) scans, resolution of 35 000. Low CE was 5 V and elevated CE ramp from

15 to 40 V. Ion mobility separation was implemented before fragmentation using a

wave velocity of 650 m/s and wave height of 40 V. The lock mass Glufibrinopeptide,

(M + 2H)+2, m/z = 785.8426) was infused at a concentration of 100 fmol/µ L at a

flow rate of 250 nL/min and acquired every 60 s. Details about the preprocessing

and annotation are given here [175].
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4.3 Methods

4.3.1 Disease Subphenotyping Workflow

Figure 4.2 shows the schematic view of our integrative disease subphenotyping work-

flow. Five datasets were used, namely two serum proteomics datasets (Section 4.2.2),

two sputum transcriptomics datasets (Section 4.2.1) and the corresponding clinical

dataset. The clinical dataset contains demographic/clinical information of the sub-

jects. The datasets are shown by yellow rectangles in Figure 4.2.

The starting point of the workflow is the raw sputum transcriptomics data acquired

at baseline visit. Raw transcriptomics data were quality controlled and preprocessed

(explained in Section 4.2.1). Differential gene expression (DEG) analysis (Section

4.3.2) was applied to this datasets, followed by clustering. Finite Gaussian mix-

ture model (GMM) (Section 4.3.3) embedded in consensus clustering (Section 4.3.4)

was used as a clustering method. The optimal number of clusters were identified

by Bayesian information criterion (BIC) and deviation from ideal stability (DIS)

(section 4.3.3). To make sure that the group of patients is method agnostic, other

clustering techniques were applied to the data and broad agreement between their

results used as a validation (Section 4.4.1). This steps was followed by inter-cluster

feature selection (Section 4.3.5) and classification. Inter-cluster feature selection

identified several genes that are associated with identified subphenotypes(clusters),

each of these genes was assigned to a subphenotype, and a gene set was made for

each subphenotype. The cumulative level of expression of each gene set was calcu-

lated by GSVA analysis (Section 4.3.8) in ADEPT (Airways Disease Endotyping for

Personalized Therapeutics)[176] cohort. This served as an ext renal validation to

our analysis. It is shown by an orange rectangle in Figure 4.2.
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Figure 4.2: Overview of disease subtyping workflow. The panel on the right shows
analyses which are based on a single omics data. The grey panel display the inte-
gration processes.
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Another stream of validation was performed by using data from the longitudinal

visit. A follow-up Sputum transcriptomics data were available for several subjects.

These data sets were used to explore the stability of the identified subphenotypes

over time. DEG analysis identifies genes that are associated with asthma severity.

The sputum longitudinal(follow-up) transcriptomics data were mapped to the same

genes. This data were clustered. The clinical characteristics of these clusters were

studied (Table 4.6, Figure 4.8).

Finally, the data integration was executed on the sputum transcriptomics and serum

proteomics data. These processes are shown on a grey background in Figure 4.2.

First, three datasets were aligned, and all common patients were arranged. Similar-

ity network fusion was applied (Section 4.3.9) to fuse the datasets. Icluster (Section

4.4.7) is another method for data integration. It is used as validation. Finally,

inter0cluster feature selection and functional enrichment analysis were performed.

Functional enriched groups of genes can be identified by pathway analysis (Section

??) or gene set variation analysis (Section 4.3.8).

The transcriptomics data matrix of the 104 patients was processed using a finite

Gaussian mixture model (GMM) (from the R package mclust [1] ) clustering and

consensus clustering [177]. GMM assumes that the underlying distribution of the

data is a finite mixture of Gaussian distributions and uses a soft assignment to assign

to each data point a probability of belonging to each cluster. Model parameters were

estimated using an expectation-maximisation (EM) algorithm.

4.3.2 Differential gene expression analysis

Differentially expressed genes between the three groups were selected. These groups

are based on the sputum eosinophils counts; the first groups include subjects with
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high eosinophil counts (≥ 1.5%), second groups include those with low eosinophil

(< 1.5%) counts, and the third group contains healthy volunteers. First, given the

microarray data and the groups of interest, a linear model was fitted by accounting

for age, sex and administration of oral corticosteroid as covariates. Given this linear

model, the moderated t-statistics were computed (R package limma). False discovery

rate (FDR) using the Benjamini and Hochberg method was applied for multiple

comparison adjustment. This resulted in 508 genes.

4.3.3 Gaussian finite mixture clustering

Gaussian finite mixture clustering is a model-based clustering. The underlying ratio-

nale of this method is the probability distribution of a sample set is a linear function

of the number of component probability distributions(G). Let X = {x1, ..., xn} be

a sample of n independent identically distributed (iid) observation. A finite multi-

variate mixture Gaussian distribution is as follows:

f(xi; Ψ) = ΣG
k=1πkfk(xi; θi) (4.1)

Ψ = {π1, ..., πG−1, θ1, ..., θG}

Where G is the number of mixture components and Ψ is the parameters of the

mixture model and fk(xi; θk) is the kth component density for observation xi with

parameter vector θk is the mixing weights and {π1, ..., πG−1, } are components’ prob-

abilities; such that πk > 0,ΣG
k=1πk = 1.

The mixture model parameters Ψ are unknown and given that G is fixed these

parameters were estimated by (Ψ;x1, . . . , xn) = Σn
i=1log(f(xi; Ψ)). l is the log-

likelihood function corresponding to equation 4.1. The maximum likelihood esti-
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Figure 4.3: Finite GMM models - parameterisations of the within group covariance
matrix Σk. The models are visualised in Figure 4.3. The table is adopted from [1].

mator (MLE) of a finite mixture model is usually obtained via the EM algorithm

[78]. In the model-based approach to clustering, each component of a finite mixture

density (Equation 4.1) is usually associated with a group or cluster.Finite GMM as-

sumes a multivariate Gaussian distribution for each component, fk(x; θk) N(µk,Σk).

Thus, clusters are ellipsoidal, centred at the mean vector µk, and with other geomet-

ric features, such as volume, shape and orientation, determined by the covariance

matrix k. Table 4.1 reports the densities of the parametric distribution families used

for this chapter. Figure 4.3 illustrates the geometric characteristics of the models.

Optimal number of clusters

The optimal number of clusters was determined simultaneously by choosing the best

model. The best model is identified based on the Bayesian Information Criterion

(BIC). BIC is an index used for model selection between a finite set of competing

statistical models. It is similar to Akaike’s information criterion (AIC) but penalises
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Table 4.1: Parameterisations of the within-group covariance matrix Σk for multi-
dimensional data used here, and the corresponding geometric characteristics, i.e.
volume, shape and orientation. λk is a scalar that determines the volume of the el-
lipsoid. Ak is a diagonal matrix controlling the shape of the density contours. Dk is
an orthogonal matrix which specifies the orientation of the corresponding ellipsoid.
Adopted from [1].

Model Σk Distribution Volume Shape Orientation
EII λI Spherical Equal Equal -
VII λkI Spherical Variable Equal -
EEI λA Diagonal Equal Equal Coordinate axes
VEI λkA Diagonal Variable Equal Coordinate axes
EVI λAk Diagonal Equal Variable Coordinate axes
VVI λkAk Diagonal Variable Variable Coordinate axes

models of higher complexity.

AIC = 2K − 2Ln(L̂) (4.2)

Where k is the number of the parameters estimated by the model and L̂ is the

maximum likelihood of the model. Fitting more elaborate models with higher di-

mensionality may increase the model likelihood (); however, doing so may result

in overfitting. The BIC resolves this issue by increasing the penalty term for the

number of parameters in the model.

BIC = Ln(n)k − 2Ln(L̂) (4.3)

n is the number of data points. BIC penalty term is larger than AIC.

DIS is an index used as an aid to choose the optimal number of clusters based on a

consensus cumulative distribution function from consensus clustering. It defines an

objective measure for measuring the stability of clusters’ membership assignments.

Ideal stability is reached when each pair of data points is always grouped the same
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Figure 4.4: Deviation of Ideal Stability(DIS)-The concept of DIS is shown. Y-axis
presents the cumulative distribution function (CDF) for the consensus matrix. The
grey area depicts the area between the red line and blue line. The size of the grey area
corresponds to the deviation from the idea stability. The blue line (y = CDF (o.5))
shows a CDF for an ideal stability state. This figure is adopted from [5].
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way, either separated or together. This shown in Figure 4.4 blue line. Figure 4.4

illustrates DIS’s concept. It corresponds to the size of the grey area; the smaller it

is, the closer to the ideal stability state it is.

The underlying idea of the deviation from ideal stability (DIS) is to quantify the

area between the red curve (the cumulative distribution function from the consensus

matrix) and the blue line. The cumulative distribution is increasing and spans from

0 to 1 therefore it can be shown that the minimum value is always reached for

= CDF (0.5) . DIS varies from 0 to 0.5, and the smaller values indicate a more

stable clustering. It is formalised as follows:

DIS =

∫ 1

x=0

|CDF (x)− CDF (0.5)|dx (4.4)

4.3.4 Consensus clustering and data integration

In this chapter, the purpose of data integration is to identify meaningful patients

subgroups. To achieve this purpose, the result of the data integration process has

to undergo clustering. In here, the consensus clustering framework by [178] is ex-

tended to embody data integration process. Algorithm 3 illustrates each of this

procedure’s steps. Given a set of datasets D = {D1, ..., Dd} and a clustering method

fClustering and a data integration method fIntegration, based on the resampling scheme

fResampling, N subsamples of datasets are generated. Each subsample is integrated

using fIntegration. The product of this integration is clustered into C groups based on

the method fClustering. This procedure is repeated for N iteration. M is the accumu-

lation of the clustering labels for N subs-samples. An ensemble aggregation method

fconsensus is applied that results in the consensus matrix M(C). This procedure is

repeated for a range of a desirable number of clusters C = {Ck, ..., Cmax}.
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Algorithm 3 Consensus clustering and data integration
Input: A number of (aligned) data sets D = {D1, ..., Dd}
A data integration method fIntegration
A clustering method fClustering
A resampling scheme fResampling
A ensemble consensus clustering scheme fconsensus
Number of repetitions for resampling scheme N
A set of number of clusters C = {Ck, ..., Cmax}
Output: A set of consensus matrices M(C)

for c ∈ C do
M ←∅
for n = 1, 2, ..., N do
D(n) ←fResampling(D)
if d > 1 then
I(n) ←f Integration(D(n))

else
I(n) ←D(1)

end if
M(n) ←fClustering(I(n), c)
M ←M ∪M(h)

end for
M(C) ←fconsensus(M(1), ...,M(N))

end for
M(C) : C = {Ck, ..., Cmax}
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Here, similarity network fusion is used for data integration. Both spectral clustering

[179] and Finite GMM (Section 4.3.3) were used for clustering. Finite GMM is used

on the empirical kernel map of data. Empirical kernel map [180, 181] is defined as

follow:

Φ : X→ Rm

x 7−→ k(., x)|(x1,...,xm) = (k(x1, x), ..., k(xm, x)) (4.5)

Where Φ denotes a feature map, i.e. a representation of the dataset. Empirical

kernel map allows for the representation of each point (x) by its similarity to all

a sample of other points. The resampling scheme is the subsampling without re-

placement. A proportion (p) of each dataset is randomly sampled from a uniform

distribution without replacement. p is defined as a hyperparameter for the method.

The ensemble consensus scheme fconsensus used to calculate pairwise consensus val-

ues. A pairwise consensus value is equal to the proportion that these two items

assigned to the same cluster divided by the number of times they occurred in the

same subsample. For each C ∈ {Ci}maxk these values were calculated and stored in

M(C). M(C) is a symmetrical matrix which is used for visualisation and identification

of the number of clusters (DIS Equation 4.4).

4.3.5 Inter-cluster feature selection

An ensemble feature selection (EFS) M = ϕ1, ϕ2, ϕ3, ϕ4 consisting of 4 feature

ranking methods was made. Each ϕi provides a list with feature ranking f i =

(f i1, . . . , f
i
m), where f ij denotes the rank of feature j in feature ranking method i.

The best feature is assigned rank 1, and the worst one rank m.
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To aggregate (sum) the different rankings into a final ranked list, complete linear

regression was used. This method uses the complete ranking of all the features to

create the ensemble result. The ensemble ranking f is obtained by summing the

ranks over methods.

f = (
4∑
i=1

f i1, ...,

4∑
i=1

f im) (4.6)

In order to obtain the minimum number of genes that characterises the clusters, an

ensemble of four feature selection methods (F-test, Kruskal-Wallis rank-sum test,

random forest variable importance and component boosting) was applied using the

CMA R package [182]. Each method ranks the genes from the most important to the

least. Using a Monte Carlo permutation test framework, 1, 000 randomizations were

applied to calculate P values with subsequent Benjamini Hochberg adjustment to

correct for multiple comparisons [183]. Finally, if a gene is identified to be significant

(p ≤ 0.05) by at least one method, the importance of the gene is quantified by the

sum of the genes’ rank generated using the importance values produced by each

method (see Equations 4.3.5, 4.3.5, 4.3.5).

This procedure ensured that the genes with a high discriminative value between

groups are included. The end objective was to find the smallest number of genes

with the highest prediction power. To find this subset of genes, the genes were

sorted based on their importance score and used the misclassification rate of a Linear

Discriminant Analysis (LDA) classifier (ldaCMA, R CMA package [182]) to select

a set of genes with smallest misclassification error measured based on the 3-fold

cross-validation.
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S(gj) =


1 ∃ϕi ∈M|pϕi(gj) ≤ 0.05

0 ∀ϕi ∈M|pϕi(gj) > 0.05

(4.7)

Where {gj}Nj=1 denotes expression of gene j, and N denotes the number of genes in

the dataset. M = {ϕi}4
i=1 denotes a set of the four feature selection methods used

here. pϕi(gj) notify P value gene j based on the permutation testing of the method

ϕi. S(gj) is one for gene gj if and only if gj is identified as statistically significant

(pϕi(gj) ≤ 0.05) by at least one method.

I(gj) =
∑
ϕi∈M

Vϕi(gj)∑N
j=1 Vϕi(gj)

(4.8)

Where Vϕi(gj) denotes the variable importance score for gj generated by feature

selection method ϕi. In order to make sure all the values are in the same scale the

variable importance score were scaled for each method. The scaling factor is for

method ϕi is
∑N

j=1 Vϕi(gj). I(gj) is the sum of the scaled variable importance scores

of gj over all feature selection methods.

A(gj) = S(gj)× I(gj) (4.9)

Finally, A is a combined measure of stability and importance based on the four

methods.

The genes were sorted based on {A}Nj=1. A classifier were trained and tested on

top {5, 10, 15, ..., 500, 505, 508} genes. For each subset, the misclassification rate on
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the was calculated. Furthermore, it was used to find the smallest set of genes with

the lowest misclassification rate. Misclassification rate of a Linear Discriminant

Analysis (LDA) classifier (ldaCMA, R CMA package) were measured based on the

3-fold cross-validation.

4.3.6 Intra-cluster feature selection

There is a wide range of methods for identifying differentially expressed features.

Here a shrunken centroid method was applied. Tibshirani et al. [184] proposed

this method. For each gene, it’s class-specific centroid 4.10 is shrunken toward its

overall centroid 4.11 after standardising by its within-class standard deviation for

each gene 4.13. Let {xij|i ∈ {1, ..., p}, j ∈ {1, ..., n}} be the set of n subjects with

the measured expression for p genes. For 1,2,...,K classes Ck is indices on nk samples

in class k. The class specific and overall centroids for gene i is calculated as follow:

x̄ik = Σj∈Ck
xij
nk

(4.10)

x̄i = Σn
j=1

xij
n

(4.11)

In the next step, the class centroids (x̄ik) were shrunken toward the overall centroids

(x̄i) and standardised by the within-class standard deviation for each gene as follow:

dik =
x̄ik − x̄i

mk(si + s0)
(4.12)

where mk =
√

1
nk

+ 1
n
and si is pooled within-class standard deviation for gene i:
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s2
i =

1

n−K
ΣkΣj∈Ck(xij − x̄ik)2 (4.13)

The next step involves filtering genes that their class-specific centroid is close to the

overall centroid. This is done by a soft threshold as follow:

d
′

ik = sign(dik)(|dik| −∆)+ (4.14)

This method has the desirable property to exclude genes that their average expres-

sion does not vary across classes (i.e. patients’ groups).

∆ is selected by cross-validation based on the test error of a linear discriminant

analysis classifier (LDA). The larger values for ∆ means fewer genes in the final set.

Following the above method using ten-fold cross-validation and omics datasets for

each of Four TAC∗s groups and pTACs groups two sets were generated SuCk , S
d
Ck
,

these sets hold the indices of genes selected as follow:

SuCk = {∀i|d′ik > 0, i ∈ 1, ..., p} (4.15)

SdCk = {∀i|d′ik < 0, i ∈ 1, ..., p} (4.16)

Where Ck ∈ {TAC∗1, TAC∗2, TAC∗3a, TAC∗3b} for four TAC∗s and Ck ∈ {PTAC1,

PTAC2a, PTAC2b, PTAC3a1, PTAC3a2, PTAC3a3, PTAC3b1, PTAC3b2, PTAC3b3}.
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4.3.7 Pathway analysis

Pathway analysis can be performed in two modes, over-representation analysis (ORA)

or enrichment analysis. The over-representations analysis involves two processes: 1)

selection process, 2) statistical testing. The selection process can be done by identi-

fying a set of genes/proteins/metabolites that are consistently under/overexpressed

in a subgroup of patients compared to other groups or healthy subjects. This ex-

plained in Section 4.3.6. Throughout this chapter, ORA is referred to as pathway

analysis.

KEGG [185], REACTOME [186] and gene ontology databases [187, 188] were searched

using Enrichr portal (http://amp.pharm.mssm.edu/Enrichr/) explained here [189]

or REACTOME portal (https://reactome.org/) or metaCore (http://metacore.com).

The P values were generated by hyper-geometric test. The hypergeometric test cal-

culates the probability that the number of genes in the gene set that are in pathway

p has occurred by chance. Correction for multiple testing was done by FDR [190].

4.3.8 Gene Set Variation Analysis

Contrary, to ORA enrichment analysis, does not rely on the selection of differen-

tially expressed genes or characteristic genes. Here, the enrichment score (ES) of a

particular gene set was calculated using Gene Set Variation Analysis (GSVA) [76].

GSVA is an unsupervised method which allows observation of the variation in the

activity of a gene set over a sample population. It produces an ES per sample,

irrespective of any group labels, representing the cumulative expression of any gene

list or signature. ES scores are examined for statistical association with categorical

and numerical clinical features of interest using analysis of variance (ANOVA) and

Tukey’s Honest Significant Difference (HSD) to find the difference of a specific group
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mean. The P value and adjusted P value are reported using the Benjamini-Hochberg

method for multiple testing with adjusted a P value < 0.05 considered significant.

4.3.9 Data integration

It is shown that SNF [94] substantially outperforms single data type analysis and

established integrative approaches when identifying cancer subtypes and is useful

for predicting survival. It is an efficient method for data integration. It is executed

over three steps. First, each dataset is transformed into a similarity matrix. A wide

range of similarity functions can be used. For datasets that resemble a Gaussian

distribution such as microarray datasets, Euclidean distance is often used.

W(i, j) = exp

[
− ρ2(xi, xj)

µεi,j

]
(4.17)

where µ is the model hyper-parameter; the recommend range for the µ is [0.3, 0.8].

ε is defined as follows:

εi,j =
mean(ρ(xi, Ni)) +mean(ρ(xj, Nj)) + ρ(xi, xj)

3
(4.18)

Ni holds the set of neighboring data points for the data point i andmean(µ(xi, Ni)) is

the average value of distances from xi toNi. SNF is robust and can be used for fusion

of different types of data sets; it is made possible by the adoption of suitable distance

functions. For example, Euclidean distance is suitable for continuous variables such

as microarray data; chi-squared distance can be used for discrete variables.

Two matrices were derived from the above matrix W namely Pand S. P is a

normalised weight matrix calculated as follows:
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Figure 4.5: Similarity network fusion(SNF)- SNF steps is shown. The rectangles in
yellow represents datasets({D1, ..., Dv, ..., Dm}). The blue boxes shows the converted
adjacency matrices by scaled exponential similarity kernel (Equation 4.17). For each
data set two matrices were generated based on the similarity kernels shown by grey
and green boxes. Grey boxes ({P1, ..., Pv, ..., Pm}) represent similarity of each patient
to all patients (Equation 4.19); ({S1, ..., Sv, ..., Sm}) only encodes the similarity to
the a predefined number of most similar patients for each patient(Equation 4.20).
The boxes in the brackets show how ({P1, ..., Pv, ..., Pm}) are updated iteratively.
The formula in the centre of the box shows the function for updating the underlying
matrix. The fused similarity matrix is shown in orange.
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P(i, j) =


W(i,j)

2×Σk 6=iW(i,k)
, if i 6= j.

1
2
, if i = j.

(4.19)

S calculates the local similarities for the data points as follows:

S(i, j) =


W(i,j)

2×Σk∈NiW(i,k)
, if j ∈ Ni.

0, otherwise.
(4.20)

Ni is the set of K nearest neighbours of data point i. K is a hyper-parameter and

requires tuning. This operation set the similarity between non-neighbouring points

(determined by K) to zero. This embeds the idea that the local similarities might

be more reliable compared to the remote ones. Finally, the P matrices are updated

iteratively based on the following formula:

P
(i)
t+1 = S(i) ×

(Σk 6=iP
(k)
t

m− 1

)
× (S(i))T, i = 1, 2, ...,m (4.21)

Wherem is the number of datasets and superscript T denotes the transpose operator.

After each iteration the matrix P is normalised based on the Equation 4.19; this

operation ensures that for each patient self-similarity is highest and Pt+1 is the

full rank matrix of itself. Following the above m parallel interchanging processes to

update {P (1),...,P (m)} are created. The convergence of the above processes was proofed

by Wang et al. [191]. Finally, the fused matrix P f is calculated by aggregating

P
(i)
t , i ∈ {1, ...,m} :

Pf =
Σm
i=1P

(i)
t

m
(4.22)
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Figure 4.5 visualises the SNF data integration. The datasets are shown in yellow

boxes the dimension of the boxes corresponds to the dimensionality of datasets

(matrices). Initially the distance matrix is calculated for each dataset. These

matrices are normalised by Equation 4.18; this results in m similarity matrices

Wi, i = {1, ...,m}. From each Wi two matrices were derived Si, Pi using Equa-

tion 4.20 and 4.19 respectively. Si matrices are shown by green squares and Pi by

grey squares. Next Pi were updated simultaneously following Equations 4.21. The

fused matrix is shown in oranges and it is the aggregate of updated status matrices

calculated by Equation 4.22.

Networks of the 92 asthmatic subjects for each of the three data types were con-

structed using Euclidean distance (distance measure = squared Euclidean distances

and affinity matrix (affinityMatrix R package SNFtool with default parameters).

These networks were fused into one network that represents the underlying data.

The final fused matrix underwent finite GMM analysis to determine the clusters

based on the three data sets.

4.4 Results

4.4.1 Sputum transcriptomics data - clustering methods

Finite GMM, (Section 4.3.3) was applied on the transcriptomics data after DEGs

analysis. It was tested for numbers of clusters ranging from 1 to 9, with nine being

sufficiently large compared to the expected numbers of clusters within the data. The

volume, shape and orientation, are geometric characteristics of the within-group

covariance matrix, e.g. EII; E stands for equal, I for Coordinate axes and V for

variable (Figure 4.3). As it is shown in Figure 4.6, the majority of models identified
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4 clusters as the most likely number of clusters in the data set. The best model

(VII) was spherical with varying volume comprising of 4 components as indicated

by the dotted red line that crosses the BIC score (Figure 4.6). DIS (Section 4.3.3)

index applied on the outcome of the consensus clustering also identified the optimal

number of clusters as four (Figure 4.6 B-D).

These four clusters were designated TAC*1, TAC*2, TAC*3a and TAC*3b. In the

following the validity if this clustering formation (i.e. TAC*s) is tested. First by

comparing it to a previous study [148]. Second, by comparing the TAC*s with clus-

tering outcome of three other clustering techniques. Third, from the same cohort,

some patients came back for the follow-up visit (after 12-18 months), the data from

these patients underwent the same analysis. The objective was it possible to identify

similar groups. This is the validation of TAC*s’ stability over time. The result if

first validation shows a substantial agreement with the previous clustering by Kuo

et al. [148] with an adjusted rand index = 0.8 if TAC*3a and TAC*3b are combined

(Table 4.2).

TAC*1 TAC*2 TAC*3a TAC*3b Total

TAC1 26 1 3 0 30

TAC2 0 22 0 0 22

TAC3 0 3 16 33 52

Total 26 26 19 33 104

Table 4.2: Contingency table showing agreement with previous study.

In Table 4.2 rows show the assignment of the patients according to previous data

by Kuo et al.([148]) while columns indicate the same entity for the finite Gaussian

mixture model (GMM) clustering.

Here the second validation is described. The null hypothesis is that the result of
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Figure 4.6: Assessment of clustering tendency and determining the optimal number
of disease subgroups. A is the principal component analysis (PCA) plot of the data
coloured according to the estimated clusters. The first principal component (PC1)
is plotted versus the second principal component (PC2). B illustrates the clustering
quality index based on the traces of the Bayesian Information Criterion (BIC) as the
function of the number of clusters (1:9). C illustrates the consensus matrix based on
the four clusters. Finite Gaussian mixture model clustering method was used as the
base clustering method in the consensus clustering framework. D the Cumulative
distribution function (CDF) of consensus matrices are shown as for a predefined
number of clusters (1:9). E shows the deviation from ideal stability measurements
(DIS) as a function of the number of clusters
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clustering is only due to the method used and not because of an underlying pattern

in the data. Clustering methods generate groups or partitions in all cases; even if

the underlying dataset is entirely randomly generated. Therefore, it is necessary

to asses the outcome of the clustering methods. Two objective methods are: 1)

separating the data into two sections and applying the clustering method on both

if the same patterns were extracted, then one can say that these are a meaningful

grouping of the data. However, this requires a larger dataset or a smaller dataset

where it is more heterogeneous. In other words, some of the groups in the small

heterogeneous datasets may not be recovered if the dataset is split in smaller set

datasets. Therefore, since our dataset is rather small and given the heterogeneity of

severe asthma, this method was not used. 2) using several methods and comparing

their results. I selected three main clustering methods that have been frequently

used. Adjusted rand index and Chi-squared test of independence were used for

comparison. A randomly generated dataset is used as a baseline to highlight the

results of microarray data.

Hierarchical, Kmeans and clustering(partitioning) around medoids are clustering

techniques that have been successfully applied to many applications. Alongside

mixture clustering, these methods have been introduced many times in textbooks

[192]. Table 4.3 shows the distribution of TAC* groups’ members over groups identi-

fied by hierarchical, Kmeans and clustering around medoids. Hierarchical clustering

with complete linkage function and Euclidean distance were used. Kmeans and

clustering around medoids with Euclidean distance were applied.

Hierarchical clustering with four as the number of clusters inflated TAC*3a and

TAC*3b while splitting the TAC*1. Therefore, to be able to make a more mean-

ingful, the number of clusters was set to four. For Kmean and clustering around

medoids, the number of clusters was fixed to four.
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Table 4.3: Comparison of clustering methods for microarray data - The first column
represents clustering by finite GMM clustering. Concordance between finite GMM
with hierarchical clustering ({Hi}6

i=1), Kmeans ({ki}4
i=1) and partitioning around

medoids clustering ({pi}4
i=1) are shown.

Hierarchical clustering-complete linkage Kmeans Clustering Around Medoids
Labels H1 H2 H3 H4 H5 H6 k1 k2 k3 k4 p1 p2 p3 p4
TAC*1 16 8 0 1 1 0 24 0 2 0 16 10 0 0
TAC*2 0 0 18 3 5 0 0 22 4 0 0 24 2 0
TAC*3a 4 0 0 0 14 1 0 1 17 1 0 0 18 1
TAC*3b 0 0 0 0 4 29 0 0 2 31 0 0 10 23

To validate the finite GMM clustering’s outcome, its results were compared to several

clustering methods. Adjusted rend indices between finite GMM and hierarchical,

kmeans and clustering around medoids were 0.58, 0.779 and 0.53, respectively.

A chi-square(χ2 ) test for independence used to determine whether there is a signifi-

cant association between the two variables. It is applied to two categorical variables

derived from a single population. The null hypothesis(H0) for this test is that two

variables are independent, and the alternative two variables are not independent.

A random dataset was generated by randomly sampling in the range of [0-1] from

a uniform distribution. Finite GMM, hierarchical, kmeans and clustering around

methods were applied on the random data. The same parameters were used for

clustering, and the number of clusters was fixed to 4. The labels generated for the

patients were used for comparison by the chi-squared test and adjusted rand index.

Table 4.4 shows that the P values for chi-square test were <0.00001, <0.00001

<0.00001 between finite GMM clustering labels and hierarchical, kmeans and clus-

tering around medoids, respectively. Therefore, there is a significant association

between the results of finite GMM and three other clustering methods. In contrast,

the Chi-squared tests based on the random dataset are not significant (Table 4.4

third row).

Table 4.4 reports the adjusted rand index were 0.5812, 0.6193 and 0.6193 for com-
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Table 4.4: Chi–square test of independence and adjusted rand index. We com-
pared clusters generated by finite GMM with clusters generated on three clustering
methods. The clustering methods are shown in the first row. A dataset with the
same dimensions of microarray dataset was generated by randomly sampling from
a uniform distribution, in the range of [0-1]. The result of finite GMM, hierarchical
clustering-complete linkage, Kmeans and clustering around medoids were applied
on the randomly generated data. The outcome of the comparisons is shown in row
one and two for microarray data. Row three and four for randomly generated data.

Hierarchical Kmeans Clustering around medoids

Microarray Data Adjusted rand index 0.5812 0.6193 0.6193
Pvalue for chi square test of independence <0.00001 <0.00001 <0.00001

Randomly generated Data Adjusted rand index 0.0083 0.0038 0.0074
Pvalue for chi square test of Independence 0.1296 0.4635 0.637

parison of finite GMM clustering with hierarchical, kmeans and clustering around

medoids, respectively. Therefore, there is substantial agreement between the results

of finite GMM and three other clustering methods. In contrast, the adjusted rand

index was based on the random dataset were minute (Table 4.4 fourth row).

Validation- stability of clusters over time

The third validation is explained here. For 89 asthmatic subjects, the sputum mi-

croarray data were generated at the follow up(longitudinal) visit after 12-18 months

of the first visit(baseline). This dataset was reduced to 508 genes that were identified

by the analysis of the baseline sputum microarray data. Finite GMM and consensus

clustering were applied to the data. Four clusters were generated and compared to

the baseline TAC* clusters. Substantial overlap between clusters (baseline and lon-

gitudinal) allowed to label longitudinal clusters similar to TAC*1, TAC*2, TAC*3a

and TAC*3b.

Figure 4.7 (A) shows the BIC as a function of the number of clusters. This suggests

four as the optimal number of clusters. Also, (C) identifies four as the optimal

number of clusters. The first and second principal components (PC)s derived from

a PCA analysis are shown on the x-axis and y-axis, respectively, on Figure 4.7



4.4. Results 133

Figure 4.7: Clustering of sputum transcriptomics dataset at followup visit - (A)
shows the BIC (Bayesian Information Criteria) as the function of number of clusters.
(B) illustrates the first principal component (PC) on the x-axis and the second PC
on the y-axis. The points colour-coded based on the four TACs. (C) Shows the
deviation from ideal stability index as a function of number of clusters.
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(C). Figure 4.7 (C) shows the clustering tendency of the sputum microarray data.

PCA is a frequently used technique to visualise and discover potential subgroups

of the dataset which uses an orthogonal transformation to converts observations of

variables into linearly uncorrelated combination of the original variables also called

principal components (PCs). Principal components can be ranked based on the

variance of dataset which they have captured from largest to smallest i.e. the first

principal components captures the largest variance possible under the constraint

that it is orthogonal to the other principal components. The transformation helps

us to observe patterns. The data points can be shown as a scatter plot (Figure 4.7

C), where the coordinates are principal components. PCA is quite useful to provide

an intuitive understand the clustering tendency and other patterns in datasets.

The reason for studying longitudinal sputum dataset is to validate TAC*s. From

89 asthmatic subjects, only 38 have sputum transcriptomics data at baseline visit.

Table 4.6 reports the demographic and clinical characteristics of TACs in the longi-

tudinal visit. The exciting outcome is that similar to baseline TAC*1, patients in

TAC*1 group at the longitudinal visit has the highest levels of Eosinophils, TAC*2 is

the neutrophilic groups and TAC*3a and TAC*3b have the highest levels of sputum

macrophages cell counts. This confirms the relative stability of TAC*s overtime.

Sankey plot 4.8 illustrates that the majority of the patients stays in the same TAC*

cluster after a year in the follow-up visit. It shows that the majority of TAC*1 is

compromised of the eosinophilic patients both in the baseline and longitudinal visits.

TAC*2 is compromised on mixed and neutrophilic patients both in the baseline and

longitudinal visits. The same holds for TAC*3a and TAC*3b.
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Figure 4.8: Sankey plot of sputum transcriptomics clusters at baseline and longitu-
dinal visits - For a subset of asthmatics patients with sputum transcriptomics data
available at baseline and longitudinal visit, the flow between phenotypes are shown.
The first level shows the inflammatory phenotypes at the baseline visit. The second
level represents the associated transcriptomics clusters at the baseline visit. The
third level shows the associated transcriptomics clusters at the longitudinal visit.
The fourth level shows the inflammatory phenotypes at the longitudinal visit.

Mapping clinical features onto the four clusters

The clinical features associated with each TAC* are summarised in Table 4.5. I was

able to validate the previous differentiation between TAC1 and TAC2 clusters with

TAC*1 patients being more severe asthmatics with greater use of oral corticosteroid

therapy, more subjects with nasal polyps and a higher level of sputum eosinophils

compared to TAC*2. Indeed, TAC*1 patients had the highest sputum eosinophil

levels of the group, with levels ranging from 23-53%. They also had low sputum

neutrophils compared with TAC*2 patients, but differences in sputum cells were not

matched in blood. TAC*1 patients had an older age of onset of asthma, were less

likely to be overweight/obese and had a lower incidence of pneumonia. The TAC*2

cluster contained the lowest number of subjects who were smokers.

The new analysis sub-grouped the original TAC3 into TAC*3a and TAC*3b. TAC*3a

subjects were more overweight/obese, with more severe asthma and were prescribed
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more oral corticosteroid treatment than TAC*3b patients. They also had a higher

incidence of nasal polyps but less eczema. Overall, these patients had the lowest

risk of pneumonia compared to subjects in TAC*1 and TAC*2 clusters.

Patients in the TAC*3a cluster were more overweight/obese, less severe and were

taking less oral corticosteroid therapy than those in TAC*1 cluster. They had signif-

icantly fewer sputum, but not blood, eosinophils but a higher sputum macrophage

percentage. TAC*3b patients were also less severe than those in the TAC*1 cluster

with a lower percentage of patients with severe disease requiring oral corticosteroid

treatment. They had a significantly higher forced expiratory volume in one second

(FEV1) than TAC*1 subjects and lower blood and sputum eosinophils. TAC*3a

subjects had a more significant percentage of smokers and lower incidence of eczema

compared to TAC*2 subjects. They also had the lowest level of sputum neutrophils

and highest levels of sputum macrophages. TAC*3b subjects were less severe, re-

quired less oral corticosteroid and had reduced incidence of eczema than TAC*2

subjects. As with TAC*3a subjects, they also had decreased sputum neutrophils

and enhanced sputum macrophages compared to TAC*2 subjects.

Clinical features distinguishing TAC*S Patients in the TAC*3a cluster were more

overweight/obese, less severe and were taking less oral corticosteroid therapy than

those in TAC*1 cluster (Table 4.5). They had significantly fewer sputum, but not

blood, eosinophils but a higher sputum macrophage percentage. TAC*3b patients

were also less severe than those in the TAC*1 cluster with a lower percentage of

patients with severe disease requiring oral corticosteroid (OCS) treatment. They

had a significantly higher FEV1 than TAC*1 subjects and lower blood and sputum

eosinophils.

TAC*3a subjects had a higher percentage of smokers and lower incidence of eczema

compared to TAC*2 subjects (Table 4.5). They also had the lowest level of sputum



4.4. Results 137

Table 4.5: Clinical features of four sputum transcriptome-associated clusters
(TAC*s)

First visit
TAC*1 TAC*2 TAC*3a TAC*3b group comparison

Subjects 26 26 19 33
Age years 55 (±10.1) 50.6 (±13.9) 52.9 (±14.2) 48.1 (±14.5) 0.623 0.954 0.199 0.935 0.89 0.587
Age of onset years 33.5 (±19.4) 17.5 (±15.6) 29.9 (±20.6) 22.9 (±20.1) 0.015 0.923 0.154 0.138 0.7 0.577
Female 16 (62%) 16 (62%) 10 (53%) 18 (55%) 1 0.584 0.584 0.584 0.58 1
BMI 25 14 (54%) 19 (73%) 16 (84%) 21 (64%) 0.016 0 0.223 0.127 0.22 0.006
FEV1 (% pred, L) 52 (37-67) 66 (47-87) 70 (62-83) 79 (68-91) 0.25 0.17 0 0.92 0.25 0.67
Severe asthma 26 (100%) 22 (85%) 16 (84%) 20 (61%) 0 0 0 1 0 0.001
Oral corticosteroid use (N, %) 16 (64%) 9 (35%) 6 (32%) 7 (23%) 0 0 0 1 0 0
Exacerbations (previous year) 2 (1-3.75) 2 (1-3) 1 (0-2) 1 (0-2) 1 0.428 0.372 0.627 0.55 1
History of pneumonia 9 (36%) 14 (56%) 4 (21%) 6 (19%) 0.01 0.03 0.01 0 0 0.86
Smoker 6 (23%) 3 (12%) 7 (37%) 7 (21%) 0.09 0.08 0.8 0 0.1 0.05
Atopy 18 (75%) 16 (76%) 14 (88%) 25 (89%) 1 0.05 0.05 0.06 0.06 1
Eczema 6 (25%) 14 (58%) 3 (16%) 10 (31%) 0 0.19 0.431 0 0 0.02
Nasal polyps 12 (50%) 7 (29%) 8 (42%) 7 (21%) 0.007 0.3 0 0.1 0.3 0.007
Allergic rhinitis 10 (48%) 12 (55%) 6 (35%) 14 (44%) 0.475 0.254 0.6 0.04 0.3 0.3
Regional Aeroallergens 4 (15%) 2 (8%) 4 (24%) 4 (12%) 0.2 0.2 0.6 0.02 0.5 0.1
Total IgE (IU/mL) 176 (74-374) 88 (22-160) 105 (37-306) 86 (45-168) 0.58 0.85 0.58 1 1 1
Sputum eosinophils (%) 34.28 (23-53) 0.59 (0-2) 2.7 (0-5) 0.76 (0-4) 0 0 0 0.9 0.9 0.9
Sputum neutrophils (%) 44.1 (25-69) 88.8 (85-93) 60.8 (51-72) 41.2 (30-51) 0 0.4 0.87 0 0 0.1
Sputum Macrophages (%) 15.1 (9-22) 8.1 (4.2-13.4) 33.4 (24-41) 51.1 (40-64) 0.4 0.01 0 0 0 0.1
Blood leukocytes (103/µl)1 9.04 (7-11) 8 (6-10) 7.6 (6-10) 6.42 (6-8) 0.7 0.7 0.06 0.9 0.7 0.7
Blood eosinophils (103/µl) 0.44 (0.2-0.6) 0.2 (0.1-0.4) 0.3 (0.2-0.4) 0.2 (0.1-0.3) 0.13 0.79 0.04 0.7 0.9 0.7
Blood neutrophils (103/µl) 5.14 (3.9-8.2) 4.6 (3.9-6.5) 4.3 (3.8-6.2) 3.7 (3.1-4.9) 0.9 0.9 0.1 0.9 0.3 0.9
FeNO (ppb) 29.5 (20-61) 22 (14-26) 30.5 (21-40) 27.5(17-44) 0.9 0.9 0.9 0.9 0.9 0.9
Serum periostin (ng•mL-1) 58.63 (49-71) 48.5 (42-53) 47.8 (39-64) 42.5 (36-53) 0.73 0.8 0.1 0.9 0.8 0.8
CRP (mg•L-1) 1.9 (0.92-3) 3.6 (0.83-7.45) 2.7 (1.4-5.5) 0.8 (0.41-2.02) 0.9 0.52 0.2 0.7 0.4 0.9

Variables are described as n (% of n, the total number of subjects with the
measurement), or median (interquartile range 25%-75%, the total number of subjects
with the measurement). BMI: body mass index; FEV1: forced expiratory volume in 1
second; FeNO: exhaled nitric oxide fraction; CRP: C-reactive protein; The Chi-squared
test was used for computing the P value of categorical variables. Normality of numerical
variables was examined by the Shapiro-Wilk test. Mann-Whitney U test was used for
non-normally distributed numerical variables and pairwise Student’s t-test for normally
distributed numerical variables.

neutrophils and highest levels of sputum macrophages. TAC*3b subjects were less

severe, required less OCS and had reduced incidence of eczema than TAC*2 subjects.

As with TAC*3a subjects, they also had decreased sputum neutrophils and enhanced

sputum macrophages compared to TAC*2 subjects.

Table 4.6 reports clinical and demographic characteristics of associated transcrip-

tomics clusters at the second visit. Interestingly, one cluster is highly eosinophilic,

another is neutrophilic, and other two clusters exhibit high levels of macrophages in

sputum; these were called TAC*1, TAC2, TAC*3a and TAC*3b respectively.
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Table 4.6: Demographic/clinical characteristics of TAC*s groups derived from spu-
tum transcriptomics data at the second visit.

Second visit
TAC*1 TAC*2 TAC*3a TAC*3b group comparison

Subjects 7 5 20 6 1 vs 2 1 vs 3a 1 vs 3b 2 vs 3a 2 vs 3b 3avs 3b
Age years 54(49-58.5,7) 54(47-56,5) 57(46.8-64,20) 58.5(56.2-64.5,6) 0.8 0.7 0.7 0.7 0.7 0.7
Age of onset years 38(29.5-49.5,7) 5(3-20,5) 37.5(21.8-47.5,20) 23(8.8-26.8,6) 0.1 0.8 0.3 0.1 0.6 0.3
Female 4(57%,7) 2(40%,5) 11(55%,20) 3(50%,6) 0.1 0.9 0.6 0.2 0.4 0.7
BMI 25.6(25-29,7) 27.5(24.1-30.7,5) 27.6(24.8-29.6,20) 26.9(25.3-31.7,6) 1 1 1 1 1 1
Smoker 4(57%,7) 4(80%,5) 7(35%,20) 4(67%,6) 0.002 0.005 0.2 <.001 0.06 <.001
Nasal polyps(yes) 1(14%,7) 2(40%,5) 7(35%,20) 3(50%,6) <.001 0.002 <.001 0.6 0.2 0.08
Allergic rhinitis 4(67%,6) 4(80%,5) 6(33%,18) 1(20%,5) 0.05 <.001 <.001 <.001 <.001 0.05
Eczema 3(43%,7) 2(40%,5) 5(25%,20) 0(0%,5) 0.8 0.02 <.001 0.04 <.001 <.001
Oral corticosteroid use 5(71%,7) 2(40%,5) 14(74%,19) 6(100%,6) <.001 0.8 <.001 <.001 <.001 <.001
Atopy(+) 5(71%,7) 4(80%,5) 11(58%,19) 4(67%,6) 0.2 0.2 0.6 0.006 0.2 0.2
Exacerbations previous year 0 (0-2,7) 0(0-2,5) 0(0-2.2,20) 0(0-2,6) 1 0.8 0.8 0.8 0.8 0.9
FEV1 % pred 59.4(58.2-62.8,7) 47.1(43.3-72.1,5) 60(50.2-74.7,20) 61.3(52.3-75.5,6) 0.9 0.7 0.7 0.7 0.7 1
Total IgE IU/mL 225(170-403.5,7) 89(27-93,5) 88(40-205,19) 91(68.3-133.2,6) 0.3 0.3 0.3 0.6 0.6 0.6
Blood leukocytes 9.7(6.5-10.5,7) 7.5(5.1-12.4,5) 7.6(6-9.7,20) 7.8(6.7-8.3,6) 0.9 0.9 0.9 0.9 0.9 0.9
Blood eosinophils 0.4(0.3-0.5,7) 0.1(0.1-0.3,5) 0.2(0.2-0.3,20) 0.2(0.1-0.3,6) 0.3 0.2 0.2 0.4 0.9 0.5
Blood neutrophils 6.9(4-8.1,7) 5.4(2.2-9.5,5) 4.6(3.6-6,20) 4.4(3.3-5,6) 1 0.8 0.8 1 0.8 0.8
Sputum eosinophils % 35.6(19.9-53.1,7) 0.8(0.5-1.2,5) 3.6(1.2-10,20) 1.3(0.2-2.1,6) 0.01 0.002 0.04 0.09 0.7 0.2
Sputum neutrophils % 52.1(32.8-66,7) 94.7(84.2-96,5) 63.4(53-75.4,20) 40.3(37.6-47.2,6) 0.007 0.1 0.5 0.007 0.003 0.03
Sputum Macrophages % 9.2(8.2-13.1,7) 4(1.5-14,5) 22.3(14.4-37.4,20) 53.1(41.2-58,6) 0.7 0.009 0.009 0.02 0.009 0.009
FeNO ppb 36.5(31-95.5,7) 28.2(24.9-38.5,4) 19.5(11.8-41.2,20) 28.5(18.6-47.8,6) 0.4 0.1 0.4 0.5 1 0.5
Serum periostin (ng/mL) 73.2(68.1-80.4,6) 43.9(35-55,4) 45(38.5-55.7,17) 48.7(48.2-49.9,5) 0.2 0.2 0.2 0.7 1 0.7
CRP (mg/L) 1.7(0.5-4.2,7) 15(3.8-19.5,5) 0.9(0.7-5.9,20) 1.2(0.9-2.4,6) 0.2 0.9 0.9 0.1 0.1 0.9
Atopy 1(14%,7) 1(20%,5) 4(21%,19) 0(0%,6) 0.4 0.4 0.001 1 <.001 <.001
History.Pneumonia(+) 3(43%,7) 3(60%,5) 8(40%,20) 2(40%,5) 0.04 1 1 0.02 0.02 1

Variables are described as n (% of n, the total number of subjects with the
measurement), or median (interquartile range 25%-75%, the total number of subjects
with the measurement). BMI: body mass index; FEV1: forced expiratory volume in 1
second; FeNO: exhaled nitric oxide fraction; CRP: C-reactive protein; The Chi-squared
test was used for computing the P value of categorical variables. Normality of numerical
variables was examined by the Shapiro-Wilk test. Mann-Whitney U test was used for
non-normally distributed numerical variables and pairwise Student’s t-test for normally
distributed numerical variables.
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Table 4.7: Contingency table for serum somaSCAN clusters {sPTACi}4
i=1 and spu-

tum transcriptomics associated clusters.

somaSCAN

Transcriptomics

labels sPAC1 sPAC2 sPAC3 sPAC4
TAC*1 7 18 0 0
TAC*2 5 15 0 2
TAC*3a 5 11 0 0
TAC*3b 4 22 2 1

Table 4.8: Characteristics of serum somaSCAN proteomics associated clusters
{sPTACi}2

i=1. . Drug Levels combined is the a combined measurements of steroids
metabolites.

Clinical/Drugs levels sPTAC1(N=21) sPAC2(N=66) sPTAC1 vs sPAC2
Clinical Vital Signs Screening Respiratory Rate 18( ±3.2) 14.7( ±2.9) 0
Clinical biochemistry tests Blood Urea Nitrogen mg dL 15.2( ±7.4) 25.3( ±10) 0
Clinical biochemistry tests Creatinine umol L 62.7( ±13.4) 74.6( ±14.6) 0
Clinical Lung Functions Reversibility Baseline FVC Post Salbutamol L 3.1( ±0.8) 4( ±1.3) 0
Clinical Lung Functions Plethysmography Total lung capacity TLC Predicted L 5.3( ±1) 6.1( ±1.3) 0.01
Clinical Lung Functions Reversibility FVC Pre Salbutamol L 2.8( ±0.9) 3.7( ±1.3) 0.01
Clinical Lung Functions Spirometry Baseline FVC Actual 2.8( ±0.9) 3.7( ±1.3) 0.01
Drugs Levels in urine Testosterone glucuronide (ng/mL) 8.3( ±7) 43.5( ±61) 0.01
Drugs Levels in urine Dihydrotestosterone glucuronide (ng/mL) 2.1( ±4) 5.3( ±4.9) 0.01
Drugs Levels in urine Drug Levels combined 32.9( ±38.3) 152.2( ±173.6) 0

4.4.2 Serum Proteomics

Serum proteomics data are described in Section 4.2.2. Table 4.7 and 4.9 report the

agreement between TAC* and clustering outcome of SOMAscan and shotgun pro-

teomics, respectively. The adjusted rand indices are particularly small emphasising

deficient agreement. The Chi-squared P values are 0.34, 0.01 for SOMAscan and

shotgun proteomics, respectively. The Chi-squared P values are 0.6 for comparison

SOMAscan and shotgun proteomics.

Table 4.8 and 4.10 reports clinical measurements which were significantly different

between serum proteomics clusters for, somaSCAN and shotgun proteomics datasets,

respectively. Shotgun proteomics clusters show an association sputum neutrophils.
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Table 4.9: Contingency table for serum shotgun proteomics associated clusters
({lPTACi}2

i=1) and sputum transcriptomics associated clusters.

Shotgun Proteomics (LC–MS/MS)

Transcriptomics

labels lPAC1 lPAC2
TAC*1 21 4
TAC*2 12 10
TAC*3a 14 2
TAC*3b 26 3

Table 4.10: Characteristics of serum shotgun proteomics associated clusters
({lPTACi}2

i=1) . Drug Levels combined is the a combined measurements of steroids
metabolites.

Clinical/Biomarker/Lipidomics lPAC1 lPAC2 lPAC1 vs lPAC2
Clinical Haematology biochemistry osinophils..x10.3.uL. 0.3(±0.2) 0.5(±0.4) 0
Clinical Haematology biochemistry .Wbcs(x103 µL) 7.5(±2.3) 9.6(±2.6) 0
Clinical Haematology biochemistry Platelets(x103 µL) 259.2(±61.1) 299.9(±63.2) 0.01
Clinical Sputum Sputum.Weight(g) 0.9(±0.6) 1.5(±1.1) 0
Clinical Sputum Resuspension Volume (mL) 3.4(±2.6) 6(±4.3) 0
Clinical Sputum Lymphocytes(%) 1.6(±1.3) 0.6(±0.5) 0
Clinical Sputum Neutrophils(%) 52.7(±26) 69.1(±23.9) 0.01
Biomarker Serum LBP (pg/ml) 1959042.9(±726758.5) 3230285.1(±996192.4) 0
Biomarker Serum hCRP (mg/L) 2.3(±2.7) 21(±24) 0
Biomarker Plasma Cytokines/Chemokines EOTAXIN3 32(±69.4) 246.3(±636.5) 0.01
Biomarker Plasma Cytokines/Chemokines IL6 1(±0.9) 1.9(±1.3) 0
Lipidomics(Eicosanoid) Levels in Urine LTE4(ng/mmolC) 8.7(±6.6) 29.6(±39.4) 0

4.4.3 Identifying genes associated with each cluster

The objective here is to find a small subset of genes with improved discrimina-

tory power between four TAC*s. The allows us to generate a gene signature for

each TAC*, which is used for validation of TAC* in another severe asthma cohort

(ADEPT). Sputum transcriptomics data were examined. The selection process is

explained in Section 4.3.6. Plotting the misclassification rate as a function of number

of genes (Figure 4.9, top panel) shows that 40 genes can best discriminate between

four TAC*s (Table 4.11, Figure 4.10) with a misclassification rate of 0.068 (standard

error = 0.025, the misclassification rate is the average of 3-fold cross-validation, iter-

ated for 100 times. This process allows us to calculate the standard deviation of the

misclassification rate; the standard error of the misclassification rate is calculated by

dividing the standard deviation by 300. Among these 40 genes, 12 genes were highly

expressed in TAC*1, 18 in TAC*2, 1 in TAC*3a and 9 in TAC*3b (Figure 4.9, lower
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Figure 4.9: Identifying genes associated with the 4 transcriptome associated clusters
(TAC*). Top panel illustrates the classification error as a function of number of the
508 differential expressed genes. A classifier based on the top 40 genes has the
smallest misclassification error (0.068, standard error = 0.025). Button panel shows
a heat map illustrating the expression levels of 40 genes with smallest classification
error.

panel). TAC*3a is hardest to classify and is the most sensitive to sub-sampling of

patients and has the lowest overall mRNA expression levels.

4.4.4 Pathway Analysis

The pathways enriched for the set of 40 genes that differentiate between TAC*s were

obtained using the Enrichr website (http://amp.pharm.mssm.edu/Enrichr/). The

significant cell types based on the ARCHS4 datasets were granulocytes (Adj. P value

= 0.0045), neutrophils (Adj. P value = 0.0045) and peripheral blood cells (Adj. P

value = 0.012). Alveolar macrophages just failed to reach significance (Adjusted P

value = 0.09).

KEGG analysis of these 40 genes highlighted two pathways altered at the FDR

level: cytokine-cytokine receptor interaction (Adj. P value = 0.013) and central
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Figure 4.10: Genes associated with each TAC*. Centroid profile of the 40 genes
selected based on the accuracy of LDA classifier to differentiate between TAC*s.
Bars’length corresponds to the relative amount that the centroid of a gene is devi-
ating from the overall mean (Equation 4.14). Hence, the longer the bar for a given
TAC*, the higher the gene expressed with relative to the others. For each TAC*,
the centroids were ranked in descending order of magnitude.
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Table 4.11: Expressed genes associated with each TAC*

TAC*1 TAC*2 TAC*3a TAC*3b
IL1RL1 IFITM1 LOC642236 COQ2
CLC MGAM TP53
ALOX15 DYSF LMO4
SATB1 VNN3 CCNYL1
CCL17 UBE2D1 GIMAP2
SMOX CASP5 XPNPEP3
KIT KCNJ15 CLEC12A
GATA2 MNDA HELZ
VEGFA TNFSF10 LRCH1
CCL22 PSMB8-AS1
EPN2-AS1 LOC100506860
TTYH2 TLR6

HIF1A
OR4F3
PARP9
FCGR1B
TES
STK3

carbon metabolism in cancer (Adj. P value = 0.013). Cytokine-cytokine receptor

interaction was expected as asthma is an inflammatory disease associated with the

recruitment of distinct inflammatory and immune cells into the airways. The central

carbon metabolism in the cancer pathway relates to immuno-metabolic changes

associated with the Warburg effect whereby mitochondrial changes within the cell

occur in association with changes in glycolysis and oxidative phosphorylation. The

transcription factors c-Myc, p53 and hypoxia-inducible factor (HIF-1) are critical to

this process.

The importance of HIF-1 was confirmed by REACTOME analysis (Table 4.12), with

the top 3 significant pathways relating to HIF-1. The other significant REACTOME

pathway was CLEC7A signalling. CLEC7A is a member of the C-type lectin/C-type

lectin-like domain (CTL/CTLD) superfamily of membrane receptors on myeloid den-

dritic cells, monocytes and macrophages. It acts as a pattern-recognition receptor
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for a variety of β-1, 3-linked and β-1, 6-linked glucans found in fungi. Gene on-

tology (GO) analysis of biological pathways re-affirmed the importance of cytokine-

mediated signalling and responses and the cellular response to stress such as hypoxia,

proliferation and other stresses (Table 4.12).
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Table 4.12: Biological processes associated with 40 TAC* discriminative genes.

Reactome P value Adj. P value

Cellular response to hypoxia 1.87E-05 0.002

Regulation of Hypoxia-inducible Factor

(HIF) by oxygen

1.87E-05 0.002

Oxygen-dependent proline hydroxylation of

Hypoxia-inducible Factor Alpha

0.0001 0.015

CLEC7A (Dectin-1) signaling 0.0005 0.038

C-type lectin receptors (CLRs) 0.001 0.053

Gene Ontology (GO) Biological Process

cytokine-mediated signaling pathway 3.43E-07 0.0002

cellular response to cytokine stimulus 2.83E-06 0.0009

positive regulation of transcription from

RNA polymerase II promoter in response to

stress

2.9E-05 0.006

positive regulation of vasculature develop-

ment

5.67E-05 0.0098

positive regulation of peptidyl-tyrosine phos-

phorylation

8.64E-05 0.012

cellular response to hypoxia 0.0001 0.016

positive regulation of histone deacetylation 0.0002 0.02

positive regulation of MAPK cascade 0.0002 0.02

cellular response to decreased oxygen levels 0.0002 0.02

positive regulation of vascular endothelial

growth factor receptor signaling pathway

0.0003 0.02
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Table 4.13: Up- and down-regulated pathways in TAC*1, TAC*2, TAC*3a and
TAC*3b

Pathway TAC*1 TAC*2 TAC*3a TAC*3b
Prostate Cancer: candidate susceptibility genes
in inflammatory pathways

↓ ↑ ↑ ↑

Immune response_TLR ligands ↓ → ↑ ↑
Immune response_Inflammasome in inflamma-
tory response

↓ ↑ ↑ →

Immune response_MIF in innate immunity re-
sponse

↓ → → →

Immune response_IL-5 signaling via
JAK/STAT

↑ → ↓ ↓

Eosinophil granule protein release in asthma ↑ → ↓ ↓
Immune response_M-CSF-receptor signaling
pathway

→ → ↓ →

Role of type 2 innate lymphoid cells in airway
allergic inflammation and tissue repair

↑ → ↓ →

Th2 cytokine-induced alternative activation of
alveolar macrophages in asthma

↑ → ↓ ↓

Mast cell migration in asthma ↑ → ↓ ↓
NF-kB-, AP–1- and MAPKs-mediated proin-
flammatory cytokine production by eosinophils
in asthma

↑ → ↓ →

Basophil migration in asthma → → ↓ ↓
Degranulation of lung mast cells ↑ → ↓ →
Myeloid-derived suppressor cells and M2
macrophages in cancer

→ ↑ ↑ ↓

Macrophage and dendritic cell phenotype shift
in cancer

→ ↑ ↑ ↓

Immune response_T cell subsets: cell surface
markers

↑ → → ↓

Role of IL-2 in the enhancement of NK cell cy-
totoxicity in multiple sclerosis

→ ↑ → ↓

Arachidonic acid metabolites production in alve-
olar macrophages in asthma

↑ → → →

Inhibition of neutrophil migration by proresolv-
ing lipid mediators in COPD

→ ↑ → →

Role of IL-2 in the enhancement of NK cell cy-
totoxicity in multiple sclerosis

→ ↑ → →

Role of CD8+ Tc1 cells in COPD → ↑ → →
Immune response_TLR2 and TLR4 signaling
pathways

→ ↑ → →

Activation of TNF-alpha-dependent pro-tumoral
effect in colorectal cancer

→ ↑ → →

Apoptotic pathways and resistance to apoptosis
in lung cancer cells

→ ↑ → →

Immune response_IFN-alpha/beta signaling via
JAK/STAT

→ → ↑ →
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4.4.5 Enrichment of molecular signatures with GSVA

GSVA analysis revealed statistically significant differences in the ES scores for 7 (out

of 103) gene signatures examined between the four TAC*s (Figure 4.11). The IL13

gene signature serves as a surrogate of T2-high asthma and consists of the genes

up-regulated upon in vitro treatment of human bronchial epithelial cells (HBECs)

with IL-13 [193]. This signature was variable across all TAC*s but exhibited higher

ES scores in TAC*1. Interestingly, TAC*3a exhibited higher enrichment for this

gene signature than TAC*3b. The ILC1 signature, corresponding to activation of

Group 1 human innate lymphoid cells [193] was highly enriched in TAC*2 followed

by TAC*1 and also exhibited higher ES scores in TAC*3a compared to TAC*3b.

The ES scores of the gene signatures for inflammasome pathway [194] and acti-

vated neutrophils [195] were very highly enriched in TAC*2 and TAC*3a com-

pared to TAC*3b. A similar pattern was observed for the two inflammatories

(IFNγ- and LPS-stimulated) macrophage signatures [196], representing activation

of macrophages by these two agents. In contrast, the KEGG oxidative phosphoryla-

tion pathway showed statistically significantly higher ES score in TAC*3b compared

to TAC*3a, while enrichment was much lower in both TAC*1 and TAC*2.

GSVA analysis was also used to examine the enrichment for Th17, ILC3 and ILC2

cells (Figure 4.11). The expression of activated polarised human blood peripheral

blood Th17 cells was enhanced for TAC*3b. In contrast, there was no difference in

the ES for ILC3 cells across the TAC*s, and ILC2 cells were significantly enriched

in TAC*1 compared to the other TAC*s.
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Figure 4.11: Gene set variation analysis. Dot plot expression scores for 7 different
gene signatures as shown in four transcriptome-associated clusters (TAC*1, TAC*2,
TAC*3a and TAC*3b). Data are presented as individual data points, and box-
and-whisker plots showing median and interquartile range respectively. Significance
codes"****" P104 , "***" P103 , "**" P102 , "*" P0.05. P value: Tukey’s HSD
and Benjamini and Hochberg for multiple comparison correction were applied.
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4.4.6 Validation of TAC* signatures in the ADEPT cohort

The ADEPT cohort of asthma was used as an independent cohort to validate the

TAC* signatures [197]. These patients were classified according to sputum granulo-

cytic inflammatory phenotypes. The ES scores for TAC*1 genes were significantly

higher in eosinophilic patients (Figure 4.12). The neutrophilic subjects showed the

highest enrichment for the TAC*2 genes, while TAC*3b genes produced the highest

enrichment scores for those with pauci-granulocytic inflammation in sputum and

healthy subjects. The second row of Figure 4.12 shows the same values in the

U-BIOPRED cohort; interestingly, the enrichment scores of TACs related genes are

very similar in both cohort. However, ADEPT sputum transcriptomics data sets ac-

quired on the substantially smaller number of patients (N = 48) to the U-BIOPRED

(N = 104) hence lower power.

Tukey’s posthoc procedure was applied on the ANOVA (ANalysis Of VAriance) test

on the enrichment scores(ES) derived from U-BIOPRED, and ADEPT datasets for

TAC*s gene signatures were investigated. At significance level α = 0.05, it showed

that the and TAC* gene signatures ESs in both datasets were not significantly

different at P value 0.80, 0.88, 0.82 for TAC*1, TAC*2 and TAC*3b, respectively.

4.4.7 Integration of Transcriptomics and Proteomics data

Sputum transcriptomics data was integrated with serum proteomics datasets (i.e.

Somalogics and LC-MS/MS proteomics) following the disease subphenotyping work-

flow designed here (4.1.1, Figure 4.2)by applying the new framework of consensus

clustering and similarity network fusion (Section 4.3.9). This resulted in proteomics

and transcriptomics associated clusters (PTACS).
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Figure 4.12: Validation in ADEPT (Airways Disease Endotyping for Personalised
Therapeutics) cohort- The first row shows the enrichment analysis of TAC*s char-
acteristic genes in ADEPT cohort according to TACs (transcriptome associated
clusters). The second row shows the same values but in the U-BIOPRED cohort.
Sputum granulocytic inflammation defined as Eosinophil-predominant:eosinophils
≥ 1.49%;Neutrophil − predominant : Neutrophil ≥ 73%;Mixedgranulocytic :
eosinophils ≥ 1.49% & Neutrophil ≥ 73%;Pauci − granulocytic : eosinophils≤
1.49% & Neutrophil≤ 73%.Data are presented as individual data points, and
boxandwhisker plots showing median and interquartile range.
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Table 4.14: Concordance between transcriptomics associated clusters (TAC*S) and
integrated proteomics and four transcriptomic associated clusters (PTACS).

TAC*1 TAC*2 TAC*3a TAC*3b
PTAC1 23 (92%) 0 0 1 (3%)
PTAC2 2 (8%) 19 (86%) 0 0
PTAC3a 0 3 (14%) 16 (100%) 4 (14%)
PTAC3b 0 0 0 24 (83%)

Table 4.15: Concordance between Icluster and integrated proteomics and four tran-
scriptomic associated clusters (PTACS).

Icluster groups
labels 1 2 3 4
pTAC*1 20 3 2 0
pTAC*2 0 21 1 0
pTAC*3a 1 9 4 2
pTAC*3b 0 0 6 23

Interestingly, when the number of clusters fixed to four, a high level of overlap (89%)

between the four TAC*s and PTACs was observed. (Figure 4.13, Table 4.14). The

adjusted rand index between groups is 0.735. The PTAC1 cluster was equivalent

to TAC*1 with 92% overlap. PTAC2 was equivalent to TAC*2 with 86% overlap.

PTAC3a was equivalent to TAC*3a with 100% overlap while PTAC3b was equivalent

to TAC*3b with 83% overlap.

The question that was asked here can reproduce the results with other data inte-

gration methods? To the end and to assess the replicability of the methods applied

here, a different data integration method was used; Icluster uses a joint latent vari-

able model for data integration. It was determined whether icluster [198] could

reproduce the four PTACs. Initiating the icluster to recover 4 clusters gave 81%

accordance with the four PTACs (χ2 test P value < 0.00001), and for the recovery

of 9 clusters, there was a 61% accordance (χ2 test P value < 0.00001).

Subsequently, the number of clusters was allowed to be determined automatically.

This resulted in 9 clusters. These 9 PTACs represent a further refinement of the
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Table 4.16: Association between transcriptomics associated clusters (TAC*S) and
integrated proteomics and transcriptomic associated clusters (PTACS).Columns rep-
resent the TAC*s and the rows represent the PTACs.

TAC*1 TAC*2 TAC*3a TAC*3b
PTAC1 23 0 0 1
PTAC2a 2 12 0 0
PTAC2b 0 7 0 0
PTAC3a1 0 1 11 2
PTAC3a2 0 2 3 1
PTAC3a3 0 0 2 1
PTAC3b1 0 0 0 10
PTAC3b2 0 0 0 6
PTAC3b3 0 0 0 8

original 4 TAC*s. TAC*1 was essentially reproduced in one cluster with only three

patients out of 26 (11%) changing, with two moving to PTAC*2a and with one

subject moving from PTAC*3b (Figure 4.13, Table 4.16). However, TAC*2 has

been further refined into 2 sub-clusters (PTAC2a and PTAC2b), TAC*3a into 3

clusters (PTAC3a1, PTAC3a2, PTAC3a3) and TAC*3b into 3 clusters (PTAC3b1,

PTAC3b2, PTAC3b3). The first PTAC2 cluster comprised 55% of TAC*2 subjects,

the other 32% of TAC*2 subjects with two subjects coming from the original TAC*1

cluster. The 3 PTAC3a clusters shares some members with the original TAC*2 and

TAC*3b (Figure 4.13, Table 4.16).

Sputum transcriptomics data - solely and collectively

The null hypothesis is that sputum microarray data solely generate the disease

subgroups that were recovered using the data integration workflow. The alternative

hypothesis is that there are patterns in the data where sputum microarray misses.

Table 4.17 reports the contingency table for transcriptomics data with four clusters

versus nine clusters. The groups based on nine clusters are called oTAC*s. This table
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Figure 4.13: Transcriptomics associated clusters were re-identified and refined with
addition of proteomics data - The Sankey diagram visualises the directed flow of
patients grouping based on the Granulocytic state (A), transcriptomic associated
clusters (TAC*s) (B), Transcriptomics and proteomics associated clusters (PTACs)
(c) with predetermined number of clusters equal to four, PTACs with estimated
number of clusters based on the bioinformatics workflow (D).
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Figure 4.14: Principal component analysis transcriptomic data - the first principle
component were plotted versus the second principal component. The dots represent
patients and colour coded based on the disease subgroups. This PCA plot project
the high dimensional data into a two-dimensional plane. The clustering tendency of
the data can be seen here. TAC*1 remains intact and shown as pTAC*1. However,
TAC2 is divided into two subgroups pTAC*2a and pTAC*3b. TAC*3a and TAC*3b
were divided into 3 subgroups pTAC*3a(1:3), pTAC*3b(1:3).
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Table 4.17: Contingency table for four clusters versus nine clusters in sputum mi-
croarray dataset- First column shows transcriptomics associated clusters (TAC*)s
where the number of clusters fixed to four. First row shows only transcriptomics
associated clusters (oTAC*)s where the number of clusters fixed to nine.

oTAC*1a oTAC*1b oTAC*1c oTAC*1d oTAC*2 oTAC*3a1 oTAC*3a2 oTAC*3a3 oTAC*3b
TAC*1 16 3 2 1 0 3 0 1 0
TAC*2 0 0 0 1 22 1 0 2 0
TAC*3a 0 0 1 0 1 13 1 3 0
TAC*3b 0 0 1 0 0 2 0 1 29

shows that refining the data into smaller subgroups from four to nine, regenerates the

four TAC*s. 61% of TAC1* patients allocated to TAC*1a. Whereas 39% of TAC*1

spread over the other groups: 92% of TAC2* patients allocated to oTAC*2. Whereas

only 8% of TAC*2 spread over the other groups. 92% of TAC2* patients allocated

to oTAC*2. Whereas only 8% of TAC*2 spread over the other groups. 68% of

TAC*3a patients allocated to oTAC*3a1. Whereas 32% of TAC*3a spread over the

other groups. 85% of TAC*3b patients allocated to oTAC*3b. Whereas only 15%

of TAC*3a spread over the other groups. The four reasonably-sized groups/clusters

are oTAC*1a, oTAC*2, oTAC*3a1, oTAC*3b. The other groups/clusters are sized

from 1 (oTAC*3a2), to 6 (oTAC*3a3). This shows that the majority of the signal

in the sputum microarray data is related to four groups.

After comparing the four groups sputum with the nine groups sputum microarray

data, it was shown that sputum microarray clustering tends to stick to four major

groups. Nevertheless, the question is this: does the sputum as a local signal of

asthma is enough to address the heterogeneity of asthma. Alternatively, simply

what can be seen when a local signal of asthma such as sputum is integrated with a

systemic signal such as serum. Does adding serum proteomics add extra information

or the system effect is overwhelmed by local signal, i.e. sputum transcriptomics?

This is shown by the sunburst plot 4.15 and Table 4.18 that oTAC*1 cluster overlap

to a great extent with pTAC1 (62%). oTAC*2 split over three groups pTAC*2a,

pTAC*2b and pTAC*3a1 (with number of shared members > 1). {oTAC ∗ 3ai}3
i=1
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Figure 4.15: Sunburst plot of sputum microarray and integrative clustering results-
The inner ring represents nine clusters derived from sputum microarray data. The
outer ring represents clustering derived from the data integration workflow.

goes to {pTAC3ai}3
i=1. oTAC*3b is spread over {pTAC3bi}3

i=1.

Sankey plot 4.16 shows the flow of groups from four, nine groups derived from the

sputum transcriptomics to none, four groups derived from the data integration work-

flow. The transaction from level two to three visualises that sputum transcriptomics

data mostly generated four large groups, whereas adding proteomics data made more

sizeable subgroups. The subgroups refine the original TAC*s. Therefore, it is more

likely that the data integration workflow is not only influenced by the sputum tran-

scriptomics dataset but also the addition of serum proteomics dataset provides a

better insight into the disease heterogeneity.

4.4.8 Clinical characteristics of PTAC clusters

PTAC2a has the higher percentage of patients with severe asthma (100 vs 57%,

adjusted P value ≤ 10−4), who were smokers (adjusted P value=0), and with a
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Table 4.18: Contingency table for patients subgroups sputum transcriptomics clus-
ters (oTAC*) versus clusters based on the data integration workflow (pTAC*).
oTAC*s are shown in the first column. The first row shows the pTAC*s. The
boxes shows how groups of patients based on one dataset/clustering scheme are
spread over the other one.

pTAC*1 pTAC*2a pTAC*2b pTAC*3a1 pTAC*3a2 pTAC*3a3 pTAC*3b1 pTAC*3b2 pTAC*3b3
oTAC*1a 15 1 0 0 0 0 0 0 0
oTAC*1b 2 0 0 0 0 0 1 0 0
oTAC*1c 2 0 0 1 0 0 0 1 0
oTAC*1d 1 0 1 0 0 0 0 0 0
oTAC*2 1 12 4 5 1 0 0 0 0
oTAC*3a1 2 1 0 4 1 1 0 0 0
oTAC*3a2 0 0 0 0 0 0 0 1 0
oTAC*3a3 0 0 0 3 0 1 1 0 0
oTAC*3b 1 0 2 1 4 1 8 4 8

Figure 4.16: Sankey plot of sputum microarray and integrative clustering results-
The first level represents four clusters derived from sputum microarray data. The
second level represents nine clusters derived from sputum microarray data. The
third level represents nine clusters derived from a data integration workflow. The
fourth level represents four clusters derived from a data integration workflow.
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Table 4.19: Demographics/clinical characteristics of 9 proteomics-transcriptome-
associated clusters (PTACs), part one/three.

PTAC1 PTAC2a PTAC2b PTAC3a1 PTAC3a2 PTAC3a3 PTAC3b1 PTAC3b2 PTAC3b3

Subjects 24 14 7 14 6 3 10 6 8
Age (years) 54.4(±11.1) 51.6(±12.7) 45.7(±17.9) 54.6(±12.5) 56.8(±7.9) 30.7(±13.6) 40.9(±16.9) 57.8(±9.6) 49.8(±3.1)
Female (N, %) 14(58%) 8(57%) 3(43%) 8(57%) 4(67%) 2(67%) 4(40%) 4(67%) 5(62%)
Age of onset(years) 34.2(±19.8) 18.4(±16.3) 8(±9.9) 34.2(±22.8) 24(±12.9) 7.3(±7.5) 15.6(±16.2) 41(±15.2) 20.4(±17.9)
FEV1 % pred 58(42-72) 58(43-80) 61(54-75) 70(57-80) 78(63-90) 89(89-90) 89(80-102) 74(70-82) 77(73-89)
FEV1 change after bronchodilator (%) 13(10-23) 13(8-19) 14(-1-16) 18(10-21) 22(16-30) 15(12-18) 9(6-10) 19(18-20) 12(10-18)
Severe asthma 24(100%) 14(100%) 4(57%) 13(93%) 6(100%) 0(0%) 3(30%) 5(83%) 4(50%)
Oral corticosteroid use 14(61) 5(36) 2(29%) 5(36%) 2(33%) 0(0%) 2(20%) 2(40%) 0(0%)
BMI>25 13(54%) 10(71%) 5(71%) 11(79%) 4(67%) 1(33%) 6(60%) 5(83%) 4(50%)
Atopy 17(77%) 9(75%) 6(86%) 9(75%) 5(83%) 3(100%) 7(100%) 4(100%) 6(75%)
Eczema 7(32%) 7(50%) 5(83%) 4(29%) 0(0%) 0(0%) 3(30%) 1(17%) 4(50%)
Nasal polyps 11(50%) 3(21%) 1(17%) 5(36%) 3(60%) 1(33%) 2(20%) 0(0%) 2(25%)
Allergic rhinitis (N, %) 10(53%) 7(58%) 3(50%) 5(38%) 2(50%) 2(67%) 6(60%) 2(40%) 4(50%)
Smoker 6(25%) 3(21%) 0(0%) 6(43%) 0(0%) 0(0%) 1(10%) 2(33%) 2(25%)
Exacerbations in previous year 2(1-4) 1.5(1-2.75) 2(0.5-3.5) 2(0.25-2.75) 2(0.5-2.75) 0(0-0.5) 0(0-0.75) 1(0-2.75) 1(1-2)
History of pneumonia(+) 10(43%) 9(64%) 2(29%) 3(21%) 4(67%) 0(0%) 0(0%) 1(17%) 2(29%)
Sputum eosinophils % 37.72(22-54) 2.32(0-3) 0.2(0-1) 3.59(1-5) 0.18(0-6) 1.02(1-4) 0.22(0-2) 2.06(1-7) 0.46(0-1)
Sputum neutrophils % 41.6(24-67) 88.7(80-93) 90.7(84-92) 59.3(49-75) 67.8(32-82) 54.2(42-59) 31.3(24-52) 45.3(35-55) 44.0(31-48)
Sputum Macrophages % 15.22(9.6-25) 8.59(4-13) 8.3(8-14) 30.5(20-39) 24.3(10-64) 43.44(40-52) 63.7(45.9-68) 48.5(37-62) 51.7(48-68)
Blood leukocytes(103/µl) 8.96(7-11) 7.23(6-9) 7.3(6-10) 8.5(7-10) 7.92(7-9) 29.09(28-32) 5.5(5-6) 8.4(8-11) 6.17(6-7)
Blood eosinophils (103/µl) 0.44(0.2-0.6) 0.28(0.1-0.4) 0.2(0.1-0.4) 0.24(0.2-0.3) 0.22(0.1-0.4) 3.36(3.08-3.86) 0.22(0.1-0.3) 0.35(0.2-0.6) 0.1(0.1-0.2)
Blood neutrophils(103/µl) 5.14(3.7-8.4) 4.61(4-6.2) 3.9(3.7-6.1) 4.54(4-6.4) 4.21(3.5-6) 4.1(3.9-4.3) 3.22(2.4-3.8) 4.88(4.8-6.8) 3.26(3-3.6)
FeNO ppb 33(18.7-64) 25.2(14.5-28.3) 22(17.7-23.5) 27.2(17.7-37) 31.5(22.5-33) 22(20-48.5) 34.5(27.6-47.3) 49.7(40.2-66.6) 17.5(7.3-26.7)

Data are shown as n (%); mean ± standard deviation or median (interquartile
range 25%− 75%). BMI: body mass index BMI; FEV1: forced expiratory volume
in 1 second.

higher prevalence of a history of pneumonia (adjusted P value ≤ 10−4), compared

to TAC2b subjects.

Furthermore, PTAC3a1, PTAC3a2 and PTAC3a3 participants were significantly

differentiated with respect to smoking history, serum C-reactive protein (CRP) levels

and a history of pneumonia (Tables 4.21 and 4.20).

PTAC3a1 had the highest number of smokers (adjusted P value = 0.048) and a

higher level of serum CRP (adjusted P value = 0.014). In contrast, PTAC3b1,

PTAC3b2 and PTAC3b3 had different levels of blood leukocytes, age, nasal polyps,

blood eosinophils, and FeNO (all adjusted P value ł0.05) (Tables 4.21 and 4.20).
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Table 4.20: Comparison between proteomics-transcriptome-associated clusters. Ad-
justed P values between the clinical variables of the 9 proteomics-transcriptome-
associated clusters (PTACs) shown in Table 4.21 are given here, part two/three.

PTAC1 PTAC2a PTAC2b
2a 2b 3a1 3a2 3a3 3b1 3b2 3b3 2b 3a1 3a2 3a3 3b1 3b2 3b3 3a1 3a2 3a3 3b1 3b2 3b3

Age years 1 0.7 1 1 0.057 0.1 1 1 1 1 1 0.2 0.5 1 1 0.8 0.8 0.7 1 0.7 1
Female (N, %) 1 0.1 1 0.3 0.4 0.06 0.4 0.8 0.2 1 0.3 0.3 0.08 0.3 0.7 0.1 0.006 0.006 1 0.006 0.05
Age of onset years 0.18 0.025 1 0.9 0.3 0.14 1 0.6 1 0.3 1 1 1 0.2 1 0.058 0.8 1 1 0.03 1
FEV1 % pred 1 1 1 1 1 0.1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
FEV1 change after bronchodilator (%) 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Severe asthma 1 0 0.01 1 0 0 0 0 0 0.02 1 0 0 0 0 0 0 0 0 0 0.4
Oral corticosteroid use 0 0 0 0 0 0 0 0 0 1 1 0 0 1 0 0 1 0 0 0 0
BMI>25 0.03 0.038 0.001 0.1 0.01 0.5 0 0.7 1 0.3 0.7 0 0.2 0.1 0.01 0.3 0.7 0 0.2 0.1 0.01
Atopy 1 0.2 1 0.5 0 0 0 1 0.1 1 0.3 0 0 0 1 0.1 1 0 0 0 0.13
Eczema 0.01 0 0.8 0 0 1 0.03 0.018 0 0.006 0 0 0.008 0 1 0 0 0 0 0 0
Nasal polyps 0 0 0.09 0.2 0.03 0 0 0.001 0.7 0.04 0 0.1 1 0 0.7 0.007 0 0.02 0.76 0 0.3
Allergic rhinitis 0.7 1 0.1 0.9 0.2 0.5 0.3 1 0.5 0.05 0.5 0.4 1 0.09 0.5 0.3 1 0.09 0.3 0.3 1
Smoker 0.7 0 0.01 0 0 0.01 0.3 1 0 0.003 0 0 0.07 0.1 0.7 0 1 1 0.003 0 0
Exacerbations in previous year 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
History.Pneumonia(+) 0.006 0.07 0.002 0.002 0 0 0 0.07 0 0 0.8 0 0 0 0 0.3 0 0 0 0.08 1
Sputum eosinophils % 0.01 0 0.03 0.03 1 0 1 0 1 1 1 1 1 1 1 1 1 1 1 1 1
Sputum neutrophils % 0 0.02 1 1 1 1 1 1 1 0.7 1 1 0.01 0.1 0.02 1 1 1 0.02 0.3 0.04
Sputum Macrophages % 1 1 0.7 1 1 0 0.2 0.01 1 0.09 1 0.3 0 0.02 0 0.6 1 0.6 0.01 0.1 0.02
Blood leukocytes (103/µl) 1 1 1 1 1 0.05 1 0.5 1 1 1 1 0.8 1 1 1 1 1 1 1 1
Blood eosinophils (103/µl) 1 1 1 1 1 1 1 0.2 1 1 1 1 1 1 1 1 1 1 1 1 1
Blood neutrophils (103/µl) 1 1 1 1 1 0.5 1 0.8 1 1 1 1 0.8 1 1 1 1 1 1 1 1
FeNO ppb 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Data are shown as n (%), mean±Standard deviation, or median (interquartile range
25%-75%). BMI: body mass index; FEV1: forced expiratory volume in 1 second; FeNO:
exhaled nitric oxide fraction; CRP: C-reactive protein; P value: Chi-squared test was
used for categorical variables, for numerical variable ANOVA test (Kruskal-Wallis test)
for normally distributed variable (and non-normally distributed variable) was used.
Pvalues were corrected for multiple comparisons using Benjamini-Hochberg correction. A
value of 0 indicates Pvalue ≤ 10−4.
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Table 4.21: Comparison between proteomics-transcriptome-associated clusters, part
three/three. Adjusted P values between the clinical variables of the 9 proteomics-
transcriptome-associated clusters (PTACs) shown in Table 4.21 are given here.

PTAC3a1 PTAC3a2 PTAC3a3 PTAC3b1 PTAC3b2
3a2 3a3 3b1 3b2 3b3 3a2 3b1 3b2 3b3 3b1 3b2 3b3 3b2 3b3 3b3

Age years 1 0.07 0.17 1 1 0.08 0.2 1 1 1 0.06 0.4 0.1 0.8 1
Female (N, %) 0.3 0.3 0.08 0.3 0.7 1 0.003 1 0.7 0.003 1 0.7 0.003 0.015 0.7
Age of onset years 1 0.3 0.2 1 0.7 1 1 0.7 1 1 0.2 1 0.1 1 0.4
FEV1 % pred 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
FEV1 change after bronchodilator (%) 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Severe asthma 0.02 0 0 0.05 0 0 0 0 0 0 0 0 0 0.008 0
Oral corticosteroid use 1 0 0 1 0 0 0 0 0 0 0 1 0 0 0
BMI>25 0.1 0 0.01 0.7 0 0 0.4 0.03 0.038 0.001 0 0.04 0.002 0.3 0
Atopy 0.3 0 0 0 1 0 0 0 0.3 1 1 0 1 0 0
Eczema 0 0 1 0.07 0.006 1 0 0 0 0 0 0 0.054 0.008 0
Nasal polyps 0.002 0.8 0.03 0 0.2 0 0 0 0 0.08 0 0.3 0 0.6 0
Allergic rhinitis 0.3 0.002 0.03 1 0.3 0.09 0.3 0.3 1 0.5 0.004 0.09 0.051 0.3 0.3
Smoker 0 0 0 0.2 0.016 1 0.003 0 0 0.003 0 0 0 0.013 0.34
Exacerbations in previous year 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
History.Pneumonia(+) 0 0 0 0.6 0.3 0 0 0 0 1 0 0 0 0 0.08
Sputum eosinophils % 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Sputum neutrophils % 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Sputum Macrophages % 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Blood leukocytes (103/µl) 1 1 0.3 1 1 1 1 1 1 1 1 1 0.25 1 0.8
Blood eosinophils (103/µl) 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
Blood neutrophils (103/µl) 1 1 0.8 1 1 1 1 1 1 1 1 1 0.8 1 0.8
FeNO ppb 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Data are shown as n (%), mean±Standard deviation, or median (interquartile range
25%-75%). BMI: body mass index; FEV1: forced expiratory volume in 1 second; FeNO:
exhaled nitric oxide fraction; CRP: C-reactive protein; P value: Chi-squared test was
used for categorical variables, for numerical variable ANOVA test (Kruskal-Wallis test)
for normally distributed variable (and non-normally distributed variable) was used. P
values were corrected for multiple comparisons using Benjamini-Hochberg correction. A
value of 0 indicates Pvalue ≤ 10−4.
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Table 4.22: Association of clinical features with integrated non-eosinophilic pro-
teomics and transcriptomics associated clusters(PTACs).

Subgroups Intra-cluster differential clinical features Difference

PTAC2

Smoker TAC2a>TAC2b
Eczema TAC2a>TAC2b
Severe asthma TAC2a>TAC2b
Oral corticosteroid use TAC2a>TAC2b

PTAC3a1 Smoker TAC3a1>rest of TAC3a
C-reactive protein (IU/ml) TAC3a1>rest of TAC3a

PTAC3a2 C-reactive protein (IU/ml) TAC3a2<rest of TAC3a
History of Pneumonia TAC3a2>rest of TAC3a

TAC3b1
Age years TAC3b1>rest of TAC3b
Nasal polyps* TAC3b1>rest of TAC3b
Blood leukocytes (103/µL) TAC3b1>rest of TAC3b

PTAC3b2
Blood eosinophils (103/µL) TAC3b3>rest of TAC3b
FeNO (ppb) TAC3b3>rest of TAC3b

The first column shows the TACs subclusters. The smallest cluster analyzed is
TAC3a2 (n=6). The second column shows the clinical features that are statistically
significant within groups adjusted Pvalue ≤ 0.05, * adjusted P value =0.053.
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The intra-cluster analysis is provided in Table 4.22, A.8, A.7 and . The further

resolution provided by the inclusion of serum proteomics data into the sputum tran-

scriptomics data provides subgroups which associate with asthma severity and other

clinical features such as smoking. The subdivision of TAC*2 led into a pure neu-

trophilic subgroup (PTAC2b, n=7); although none of the other TAC*s cluster with

a homogeneous granulocytic state.

4.5 Discussion

Precision medicine requires an understanding of the precise relationship between

gene and phenotype, and the stratification of diseases into subtypes according to

their underlying biological mechanisms. However, researchers do not know the func-

tions of most genes, and what they do know is limited to a few cell types, tissues

or physiological contexts. Furthermore, descriptions of disease phenotypes often fail

to capture the diverse manifestations of common diseases or to define subclasses

of those diseases that predict the outcome or response to treatment. Phenotype

descriptions are typically "sloppy or imprecise", according to a 2012 [199].

Overcoming these difficulties requires an exhaustive examination of the discrete

components of a phenotype that goes beyond what is typically recorded in medical

charts. Such ’deep phenotyping’, as it is known, gathers details about disease mani-

festations in a more proper and finer-grained way, and uses sophisticated algorithms

to integrate the resulting wealth of data with other kinds of information.

This approach will allow researchers to address new questions. What is the specific

pattern of protein expression or gene regulation in the diseased cells? What about

the cells’ metabolites and other biochemistry? Are there unusual gut bacteria? Does

the patient have other seemingly unrelated conditions, such as autoimmunity or a

psychiatric disorder, that might share a biological pathway? This comprehensive

deep-phenotyping information, in combination with other big data such as genomic



4.5. Discussion 163

data, can reveal the precise underlying mechanisms of each individual’s disease. As

Kohane says, deep phenotyping "shows the different dimensions of the disease".

Deep phenotyping of severe asthma by the integration of multi-omics data sets [200]

SNF data integration has used for investigation of Chronic Obstructive Pulmonary

Disease (COPD) by Wheelock et al. [201] to integrate nine various omics data types

from 52 subjects; this resulted in an improvement of the accuracy of classification in

addition to the increase in statistical power. They also reported that integrating five

to six data blocks from several molecular levels suffices to facilitate classification in

small cohorts as low as six subjects in each group. Thus, the phenotyping here that

has led to small sub-clusters of down to 3 PTAC3a3, but the size of other groups

spanned from 6 to 24, might be sufficient.

Four identified subgroups were consistent with Kuo et al. [148] subgroups; only

TAC3 was divided into 2 groups (TAC*3a and TAC*3b). This separation was

further supported by:

1. Significantly different enrichment scores obtained by gene set variation analy-

sis.

2. Certain significant differences in clinical measurements. TAC*3b showed the

highest enrichment of gene signatures for oxidative phosphorylation (OX-

PHOS). Relative to TAC*3b, TAC*3a showed a higher enrichment of gene sig-

natures for Type-2 inflammasome, IFNγ-stimulated macrophages, LPS-stimulated

macrophages, neutrophil, and innate lymphoid cell type 1 (ILC-1).

Sputum microarray gene expression and serum protein data revealed novel genes and

proteins increased in sputum by pTAC*s, suggesting the importance of combined

omics effects on asthma severity.

Sunburst plot (Figure 4.15) illustrates that TAC3b is locally homogeneous; i.e. using

sputum transcriptomics data, one can not refine it to various groups. However, the
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same figure makes it very easy to see that TAC3b is systematically heterogeneous;

i.e. adding serum proteomics data refine TAC3b. This effect might be explained by

associations found between PTAC3b with blood eosinophils and leukocytes (Table

4.22). This highlights the importance of careful integration of local data and sys-

temic data. Where local data here means data that acquired from the cite of disease,

as asthma is a disease of airway and sputum also induced from the airway, sputum

transcriptomics data accounts as local data. Whereas, the serum is accounted as

systemic data.

Specific significant differences in clinical measurements such as the number of macrophages

and neutrophils in sputum, FEV1/FVC ratio were observed. These biological dif-

ferences might justify the division between TAC*3a and TAC*3b. A higher degree

of airflow obstruction (FEV1/FVC ratio) and a higher number of neutrophils in

sputum were observed in TAC*3a compared to TAC*3b. Patients in the TAC*3b

showed a higher number of macrophages in sputum compared to TAC*3a.

TAC3 consisted of pauci-granulocytic, eosinophilic, neutrophilic and mixed inflam-

mation in the sputum in contrast to TAC1 and TAC2; TAC1 is dominated by

eosinophilic inflammation and TAC2 by neutrophilic inflammation. However, TAC*3b

was dominated by pauci-granulocytic inflammation which TAC*3a consists of a very

diverse inflammatory phenotype. After identifying four groups (TAC*s) in the data

using GMM clustering and consensus clustering, the focus of the analysis was to

determine a short set of genes that can discriminate between groups with high ac-

curacy.

Using an ensemble of four feature selection methods in a permutation-based frame-

work, 40 genes were identified. An LDA (linear discriminant analysis) classifier based

on these 40 genes classified TAC*s with the accuracy of 93.2% (standard error =

0.025). These 40 genes were associated with known asthma-related pathways and

biological processes such as cytokine interaction pathways together with mitochon-

drial metabolic processes. Among these 40 genes, some are characteristic for one
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class compared to the rest. Using shrunken centroid analysis genes were assigned to

TAC*s. This resulted in the identification of gene sets for each TAC*s, which was

used for validation of our finding in another sever asthma data set, i.e. ADEPT (

Airways Disease Endotyping for Personalised Therapeutics, N=48). ADEPT sam-

ples recapitulated our findings; however, it was shown that the small size of the

ADEPT cohort (N=48) limited its statistical power. The ADEPT samples recapit-

ulated the U-BIOPRED cohort findings both when subjects were classified according

to granulocytic inflammatory phenotypes or TAC*s.

Next step of the analysis was involved in utilising the proteomics data. The pri-

mary goal was to test the stability of transcriptome associated clusters (TAC*s)

in the presence of the proteomics data. The sputum differentially expressed genes

in transcriptomics data were integrated with serum supernatant LC-MS/MS pro-

teomics and serum Somalogics data sets using data integration workflow. A high

degree of overlap was observed between TAC*s clusters and fused transcriptome and

proteomics data (PTACs). For this step, the number of clusters was fixed to 4. In

the subsequent step of our analysis to refine the clustering, the optimal number of

clusters was identified by indices integrated with data integration workflow. While

TAC*1 remained mostly within one cluster, TAC*2 was further refined in 2 clusters

while TAC*3a and TAC*3b in 3 clusters each, with the minimal shift of subjects

between these significant clusters. This further refinement of the original TAC2

and TAC3 have led to smaller groups varying from the lowest of 3 for PTAC3a3

and highest of 14 for PTAC2a and PTAC3a1. Despite these smaller numbers, it

is possible to see what pathways distinguishes these new subphenotypes of T2-low

by using GSVA and how these pathways provide distinct molecular sub-phenotypes.

Starting with the original TAC*2 that has been further subdivided into 2 PTACs,

PTAC2a was differentiated from PTAC2b by higher expression of Th-17, Treg, Th2-

IL13, Th9, IL-17A, mast cell and eosinophil activation signatures, but lower CD4

and CD8. PTAC2a were all severe asthma compared to 57% only in PTAC2b, with

more eosinophils in sputum compared to PTAC2b.
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TAC3a is now subdivided into PTAC3a1 (N=14) and PTAC3a2 (N=6), with PTAC3a3

(N=3). PTAC3a3 was not taken into account in the comparison because of its small

numbers. TAC3a1 had higher expression scores for Th17, Treg, Th1, ILC2, CD8 and

IFNγ and LPS-stimulated macrophage signatures. TAC3a1 had 43% smokers/ex-

smokers and TAC3a2 no smokers/ex-smokers.

For the three subgroups of the TAC3b, PTAC3b2 had the highest expression for

CXCL8, ILC3, CD4, neutrophil sputum 23 biomarkers, eosinophils and macrophage

IL4 activation, while PTAC3b3 the lowest Treg, IL13 and Th9 signatures. The

clinical correlates of PTAC3b2 of being a late-onset asthma, with more severe asthma

and oral corticosteroid use, with highest sputum eosinophil, blood eosinophil counts

and highest Fractional Exhaled nitric oxide (FeNO) of this group suggest that this

is a late-onset severe eosinophilic asthma within the TAC3b group, but associated

also with neutrophilic activation pathways and also with IFNγ-activation pathways.

However, ADEPT cohort recapitulated the TAC*s clusters, but because of the small

size of PTACs clusters and the limited size of ADEPT cohort (48 compared to 104

for U-BIOPRED), it was not possible to validate PTACs with ADEPT cohort. A

larger cohort was required.

In summary, using an integrated computational workflow and information of path-

ways three molecular phenotypes that were initially described from an analysis of

sputum transcriptomics were further refined. This has led to the definition of 9

clusters in all distinguished by different combinations of expression levels of differ-

ent pathways that included T2 and non-T2 pathways. This underlines the general

concept that each molecular phenotype of asthma will be characterised by a unique

proportion of each of the related pathways.
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Conclusions and future work

5.1 Conclusions

Spectroscopic profiling and high throughput technologies to screen genes and biomolecules

present unprecedented opportunities to gain insight into molecular mechanism of

health and disease. A key to unravel the wealth of knowledge in these data is in-

tegrative and robust computational pipelines. The research and development that

is executed in the PhD thesis was carried out to address these unmet needs in the

field of mass spectrometry imaging and systems medicine. Three research areas were

studied in this thesis and the detailed contributions of this thesis are as following:

• A peak matching technique for reduction of random noise in the mass spec-

trometry imaging data on the m/z dimension. The contribution is two fold:

1. Improved time and space complexity of hierarchical clustering for peak

matching of DESI-MSI data sets.

2. A framework is proposed and tested that can improve the speed of any

peak matching technique.

167
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• The second contribution of this thesis is the spatial randomness test based

on the permutation sampling for MSI data. We have utilised the nature of

MSI data to improve the time complexity of Monte-Carlo spatial randomness

test. We were able to recover ions on the boundary of tissue that would be

discarded otherwise; using 3D MSI samples we observed the same ion species

on the consecutive slides which added to our confidence.

With the advent of mass spectrometry as a diagnostic technology for in vivo

applications; that can be utilised for real-time tissue characterisation using

methods such Rapid Evaporative Ionisation Mass Spectrometry (REIMS) [202,

203]; we hope that improved pre-processing of MSI data will contribute to

discovery of unique lipid signatures of tissues can be used as a diagnostic tool

with REIMS to improve primary surgery or tumor removal.

• We have developed a disease subphenotyping pipeline to study heterogeneity of

asthmatic subjects in the U-BIOPRED cohort that integrated a local (sputum)

and global (serum) aspect of the disease. The pipeline consisted of a variety of

machine learning, bioinformatics and data integration techniques. Asthma is

the inflammatory disease of lungs and airways therefore we hypothesised that

the induced sputum transcriptomics will reveal local affects of asthma; using

blood proteomics as an indicator of the disease systemic affects we refined the

subphenotypes. However, we were able to validate our four subgroups in an-

other cohort but due to lack of data we couldn’t validate the disease subpheno-

types that were identified after the data integration. The identified subgroups

were characterised by significant differences in disease severity, smoking sta-

tus, eczema, Oral corticosteroid use, history of Pneumonia, c-reactive proteins

level, and blood cell counts (leukocytes, eosinophils) these were invoked by dis-

tinctly different genes and pathways. The newly identified subphenotypes with

homogeneous intra-group molecular fingerprints might potentially respond to

a specifically targeted treatment and resulted in a better definition of severe

asthma and the delineation of inflammatory pathways.
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This thesis has shown that applying methods which are conventionally used in some

particular fields to a new field can bring new insights into research questions. It also

demonstrated that the time and space complexity of these methods shouldn’t limit

their application on new problems. In here we exploited the properties of the data

to optimised/modify the conventional approaches and extended their application

to the new field. We showed that systems medicine with the aim of stratification

of patients is a progressively multidisciplinary that can benefit from computational

and statistical methods drawn from various fields such as computer science, statistics

and information theory.

5.2 Future Work

The future work is as follows:

• The speed of heuristic peak matching with linear hierarchical clustering can

be further improved using graphics processing units.

• As a future research one could form an ensemble of peak matching methods.

This can improve the accuracy of peak matching.

• LHC-PM can be used to identify false peaks that may be due to noise or

electronic spikes. We are exploring this with a noisy MS data set.

• Cluster-wise spatial randomness test can be applied on the tissue specific re-

gions specially for identification of tissue/tumor heterogeneity.

• U-BIOPRED research project is a multi-omics study of sever asthma that pre-

sented unprecedented opportunities to capture multi-modal molecular signa-

tures arising from different data sources i.e. longitudinal clinical assessment,

transcriptomics (Sputum, bronchial brushing, bronchial biopsy and blood),

lipidomics (sputum, blood, urine), proteomics (sputum, blood), Immunohis-

tochemistry (bronchial biopsy), genotyping (blood). Some of these data sets
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have been investigated in isolation or in parallel for validation purposes.

The work carried out during this PhD aimed to address the need for integra-

tive pipelines that facilitated the analysis of multi-omics studies. Our disease

subphenotyping pipeline provides a more holistic view of biochemical path-

ways and has the potential to greatly enhances our systematic understanding

of asthma heterogeneity.

In the future, it can be applied on other combinations of U-BIOPRED data.

We aim to incorporate the disease subphenotyping pipeline into the an open-

source analytical engine.
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Table A.1: List of protein encoded genes in shotgun proteomics and SomaSCAN
datasets

technology Annotated protein encoding genes

shutgun

proteomics(LC-

MS/MS)

A1BG, AFM, AGT, AHSG, AMBP, APCS, APOC1, APOC2,

APOC3, APOC4, APOD, APOE, APOF, APOH, APOL1, APOM,

ATRN, AZGP1, BCHE, BTD, C1QA, C1QB, C1QC, C1R, C1RL,

C1S, C2, C3, C4BPA, C4BPB, C5, C6, C7, C8A, C8B, C8G,

C9, CD14, CENPE, CEP135, CFB, CFD, CFH, CFHR1, CFHR2,

CFHR3, CFI, CFP, CLEC3B, CNDP1, CP, CPB2, CPN1, CPN2,

ECM1, F10, F11, F12, F2, F9, FCN3, FETUB, GC, GOLGA4,

GPLD1, GPX3, GSN, HABP2, HPX, HRG, IGFALS, IGFBP3,

IGLL5, ITIH1, ITIH2, ITIH3, ITIH4, KLKB1, KNG1, KRT1,

KRT10, KRT2, KRT6B, KRT77, KRT9, LBP, LGALS3BP, LRG1,

LUM, null, PF4, PGLYRP2, PLG, PLTP, PON1, PPBP, PROC,

PROS1, PRSS1, RBP4, SAA1, SAA4, SEPP1, SERPINA10, SER-

PINA3, SERPINA4, SERPINA5, SERPINA6, SERPINA7, SER-

PINC1, SERPIND1, SERPINF1, SERPINF2, SERPING1, SHBG,

THBS1, TTR, VTN, WISP3
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Table A.1 continued from previous page

technology Annotated protein encoding genes

somaSCAN A2M, ABL1, ABL2, ACAN, ACE2, ACP1, ACP5, ACVR1B,

ACVRL1, ACY1, ADAM12, ADAM9, ADAMTS1, ADAMTS13,

ADAMTS15, ADAMTS4, ADAMTS5, ADCYAP1, ADIPOQ,

ADRBK1, ADSL, AFM, AGER, AGR2, AGRP, AGT, AHSG,

AIF1, AIMP1, AIP, AK1, AKR1A1, AKR7A2, ALB, AL-

CAM, ALPL, AMH, AMHR2, AMICA1, AMN, ANG, ANGPT1,

ANGPT2, ANGPT4, ANGPTL3, ANGPTL4, ANP32B, ANXA1,

ANXA2, ANXA6, APCS, APOA1, APOB, APOD, APOE, APP,

AREG, ARG1, ARID3A, ARPP19, ARSA, ARSB, ARTN, ASAH2,

ASGR1, ATP5B, AURKA, AURKB, AZU1, B2M, BCAM, BCAN,

BCAR3, BCL2, BCL2A1, BCL2L1, BDNF, BGN, BIRC3, BIRC5,

BIRC7, BMP1, BMP10, BMP6, BMP7, BMPER, BMPR1A,

BMPR2, BMX, BOC, BPI, BRF1, BSG, BST1, BTK, C1QBP,

C1R, C1S, C2, C3, C5, C6, C7, C9, CA1, CA10, CA13, CA2,

CA3, CA4, CA6, CA7, CA9, CADM3, CALR, CAMK1, CAMK1D,

CAMK2A, CAMK2B, CAMK2D, CAMKK1, CAPG, CASP10,

CASP2, CASP3, CAST, CAT, CBX5, CCDC80, CCL1, CCL11,

CCL13, CCL14, CCL15, CCL16, CCL17, CCL18, CCL19, CCL2,

CCL20, CCL21, CCL22, CCL23, CCL24, CCL25, CCL27, CCL28,

CCL3, CCL3L1, CCL4L1, CCL5, CCL7, CCL8, CCNB1, CD109,

CD163, CD200, CD200R1, CD207, CD209, CD22, CD226, CD27,

CD274, CD300C, CD33, CD36, CD4, CD40LG, CD48, CD55,

CD5L, CD70, CD80, CD84, CD86, CD97, CDC37, CDC42BPB,

CDH1, CDH12, CDH15, CDH2, CDH3, CDH5, CDH6, CDKN1B,

CDNF, CDON, CFB, CFC1, CFD, CFH, CFHR5, CFI, CFL1,

CFP, CHEK1, CHEK2, CHIT1, CHL1, CHRDL1, CHST15,

CHST2, CHST6, CKAP2, CKB, CKM, CLEC11A, CLEC1B,

CLEC4M, CLEC7A, CLIC1, CLU, CMA1, CMPK1, CNDP1,

CNDP2, CNTF, CNTFR, CNTN1
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Table A.1 continued from previous page

technology Annotated protein encoding genes

somaSCAN CNTN2, CNTN4, CNTN5, COL18A1, COL23A1, COL8A1,

COLEC11, COLEC12, COMMD7, COTL1, CPB2, CPE, CPNE1,

CRISP3, CRK, CRLF2, CRP, CRTAM, CSF1, CSF1R, CSF2,

CSF3, CSF3R, CSK, CSN1S1, CSNK2A1, CST1, CST2, CST3,

CST4, CST5, CST6, CST7, CTF1, CTGF, CTLA4, CTSA,

CTSB, CTSC, CTSD, CTSE, CTSG, CTSH, CTSL2, CTSS,

CTSZ, CX3CL1, CXCL1, CXCL10, CXCL11, CXCL12, CXCL13,

CXCL16, CXCL5, CXCL6, CYCS, CYP3A4, DAPK2, DBNL,

DCN, DCTN2, DCTPP1, DDC, DDR1, DDR2, DDX19B, DHH,

DIABLO, DKK1, DKK3, DKK4, DKKL1, DLL1, DLL4, DMP1,

DNAJB1, DNAJC19, DPP7, DPT, DSC3, DSG1, DSG2, DUSP3,

DYNLL1, DYNLRB1, DYRK3, ECE1, ECM1, EDA, EDA2R,

EDAR, EEF1B2, EFNA4, EFNA5, EFNB3, EGFR, EHMT2,

EIF4A3, EIF4EBP2, EIF4G2, EIF5, EIF5A, ELANE, EMR2,

ENG, ENPP7, ENTPD1, ENTPD3, ENTPD5, EPB41, EPHA1,

EPHA10, EPHA2, EPHA3, EPHA5, EPHB2, EPHB4, EPHB6,

EPO, EPOR, EPS15L1, ERAP1, ERBB2, ERBB3, ERBB4,

EREG, ERP29, ESAM, ESD, ESM1, ESR1, ETHE1, F10, F11,

F2, F3, F5, F7, F9, FABP3, FABP5, FAM107A, FAM107B,

FAP, FASLG, FCAR, FCER2, FCGR1A, FCGR3B, FCN1, FCN2,

FCN3, FCRL3, FER, FETUB, FGF1, FGF10, FGF12, FGF16,

FGF17, FGF18, FGF19, FGF2, FGF20, FGF23, FGF4, FGF5,

FGF6, FGF7, FGF8, FGF9, FGFR1, FGFR2, FGFR3, FGFR4,

FGG, FGR, FLRT1, FLT3, FLT3LG, FLT4, FN1, FOLH1, FRZB,

FST, FSTL3, FUT3, FUT5, FYN, GAPDH, GAS1, GCG, GCKR,

GDF11, GDF2, GDF5, GDF9, GDI2, GFAP, GFRA1, GFRA2,

GFRA3, GHR, GNLY, GNS, GOT1, GP1BA, GP6, GPC2, GPC3,

GPC5, GPI, GPNMB, GPR114, GPT, GRAP2, GREM1, GRN,

GSN, GSTA3, GSTP1, GZMA, GZMB, GZMH, H2AFZ
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Table A.1 continued from previous page

technology Annotated protein encoding genes

somaSCAN HAMP, HAPLN1, HAT1, HAVCR2, HBEGF, HCK, HDAC8,

HDGFRP2, HFE2, HGF, HGFAC, HIBADH, HINT1, HIPK3,

HIST1H1C, HMGB1, HMGCR, HMOX2, HNRNPA2B1, HNRN-

PAB, HNRNPK, HP, HPGD, HPX, HRG, HS6ST1, HSD17B1,

HSD17B10, HSPA1A, HSPA8, HSPD1, HTRA2, Humanvirus,

IBSP, ICAM1, ICAM2, ICAM3, ICAM5, ICOS, ICOSLG,

IDE, IDS, IDUA, IFNA2, IFNG, IFNGR1, IGF1, IGF1R,

IGF2R, IGFBP1, IGFBP2, IGFBP3, IGFBP4, IGFBP5, IGFBP6,

IGFBP7, IL10, IL10RB, IL11, IL11RA, IL12RB1, IL12RB2,

IL13, IL13RA1, IL15RA, IL16, IL17A, IL17B, IL17D, IL17F,

IL17RA, IL17RB, IL17RC, IL17RD, IL18BP, IL18R1, IL18RAP,

IL19, IL1A, IL1B, IL1F7, IL1R1, IL1RAP, IL1RAPL2, IL1RL1,

IL1RL2, IL2, IL20, IL20RA, IL22, IL22RA1, IL22RA2, IL23R,

IL24, IL25, IL27RA, IL28A, IL29, IL2RA, IL2RG, IL3, IL34,

IL3RA, IL4, IL4R, IL5, IL5RA, IL6, IL6R, IL6ST, IL7, IL7R,

IL8, IMPDH1, IMPDH2, ING1, INHBA, INS, INSR, ITIH4,

JAG1, JAG2, JAK2, JAM2, JAM3, KAT6A, KDR, KIF23,

KIR2DL4, KIR3DL2, KIR3DS1, KIRREL3, KIT, KLK11, KLK12,

KLK13, KLK14, KLK3, KLK4, KLK5, KLK6, KLK7, KLK8,

KLKB1, KLRF1, KLRK1, KNG1, KPNA2, KPNB1, KRAS, KRE-

MEN2, KRT18, KYNU, L1CAM, LAG3, LAYN, LBP, LCK,

LCMT1, LCN2, LCORL, LDHB, LEP, LEPR, LGALS2, LGALS3,

LGALS3BP, LGALS4, LGALS8, LGMN, LIFR, LILRB1, LILRB2,

LIN7B, LMNB1, LPO, LRIG3, LRP8, LRPAP1, LRRTM1, LR-

RTM3, LSAMP, LTA, LTA4H, LTBR, LTF, LY86, LY9, LYN,

LYVE1, LYZ, MAP2K1, MAP2K2, MAP2K4, MAPK1, MAPK11,

MAPK12, MAPK13, MAPK14, MAPK3, MAPK8, MAPK9, MAP-

KAPK2, MAPKAPK3, MAPKAPK5, MAPT, MASP1, MATK,

MATN2, MATN3, MB, MBD4, MBL2, MDH1
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Table A.1 continued from previous page

technology Annotated protein encoding genes

SomaSCAN MDK, MDM2, MEPE, MET, METAP1, METAP2, MFGE8,

MFRP, MIA, MICA, MICB, MIF, MMEL1, MMP1, MMP10,

MMP12, MMP13, MMP14, MMP16, MMP17, MMP2, MMP3,

MMP7, MMP8, MMP9, MPL, MPO, MRC1, MRC2, MSLN,

MSN, MSR1, MST1, MST1R, NAAA, NACA, NAGK, NAMPT,

NANOG, NAPA, NBL1, NCAM1, NCK1, NCR1, NCR2, NCR3,

NGF, NID1, NID2, NLGN4X, NME1, NME2, NMT1, NOG,

NOTCH1, NOTCH2, NOTCH3, NOV, NPPB, NR1D1, NR3C1,

NRCAM, NRG1, NRP1, NRXN1, NRXN3, NSFL1C, NTF3,

NTF4, NTN4, NTRK1, NTRK2, NTRK3, NUDCD3, null,

NXPH1, OCIAD1, OLFM4, OLR1, OMD, OPCML, OSM, P4HB,

PA2G4, PAFAH1B2, PAK3, PAK6, PAK7, PAPPA, PARK7,

PCNA, PCSK7, PCSK9, PDCD1LG2, PDE11A, PDE2A, PDE3A,

PDE4D, PDE5A, PDE7A, PDE9A, PDGFA, PDGFB, PDGFC,

PDGFRB, PDIA3, PDK1, PDPK1, PDXP, PEBP1, PECAM1,

PES1, PF4, PFDN5, PGAM1, PGD, PGF, PGK1, PGLYRP1, PI3,

PIGR, PIK3CG, PIM1, PKM2, PLA2G10, PLA2G1B, PLA2G2A,

PLA2G2E, PLA2G5, PLA2G7, PLAT, PLAU, PLAUR, PLCG1,

PLG, PLK1, PLXNC1, POMC, PON1, POR, POSTN, PPA1,

PPBP, PPIA, PPIB, PPID, PPIE, PPIF, PPP3R1, PPY,

PRDX1, PRDX5, PRDX6, PRKACA, PRKCA, PRKCB, PRKCD,

PRKCG, PRKCI, PRKCQ, PRKCZ, PRL, PRLR, PROC, PROK1,

PROS1, PRSS1, PRSS2, PRSS22, PRSS27, PRSS3, PRSS7,

PRTN3, PSMA1, PSMA2, PSMA6, PSMD7, PSME1, PSME3,

PSPN, PTEN, PTGS2, PTH, PTHLH, PTK2, PTK6, PTN,

PTPN1, PTPN11, PTPN2, PTPN6, PYY, RAC1, RAD51, RAN,

RARRES2, RASA1, RB1, RBM39, RBP4, RELT, REN, RET,

RETN, RGMA, RGMB, ROBO2, ROBO3, ROR1, RPS27A, RPS3,

RPS6KA3, RPS6KA5, RPS7, RPSA, RSPO2, RTN4, RTN4R
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Table A.1 continued from previous page

technology Annotated protein encoding genes

somaSCAN S100A9, SAA1, SBDS, SCARB2, SCARF1, SCARF2, SCGB2A1,

SCT, SELE, SELL, SELP, SEMA3A, SEMA3E, SEMA6A, SER-

PINA1, SERPINA3, SERPINA4, SERPINA5, SERPINA6, SER-

PINA7, SERPINC1, SERPIND1, SERPINE1, SERPINE2, SER-

PINF2, SERPING1, SET, SEZ6L2, SFN, SFRP1, SFTPD,

SGTA, SH2D1A, SHBG, SHC1, SHH, SIGLEC1, SIGLEC14,

SIGLEC6, SIGLEC7, SIGLEC9, SIRT2, SKP1, SLAMF6,

SLAMF7, SLC25A18, SLITRK5, SLPI, SMPDL3A, SNRPF,

SNX4, SOD1, SOD2, SORCS2, SPARC, SPARCL1, SPHK1,

SPHK2, SPINT1, SPINT2, SPOCK1, SPOCK2, SPON1, SP-

TAN1, SRC, SSRP1, SST, STAB2, STC1, STIP1, STK16,

STK17B, STX1A, SYNCRIP, TACSTD2, TBK1, TBP, TDGF1,

TEC, TEK, TF, TFF3, TFPI, TG, TGFB1, TGFB2, TGFB3,

TGFBI, TGFBR2, TGFBR3, TGM3, THBS1, THBS2, THBS4,

TIE1, TIMP1, TIMP2, TIMP3, TK1, TKT, TLR2, TNC,

TNF, TNFAIP6, TNFRSF10A, TNFRSF10D, TNFRSF11A, TN-

FRSF11B, TNFRSF12A, TNFRSF13B, TNFRSF13C, TNFRSF14,

TNFRSF17, TNFRSF18, TNFRSF19, TNFRSF1A, TNFRSF1B,

TNFRSF21, TNFRSF25, TNFRSF4, TNFRSF6B, TNFRSF8, TN-

FRSF9, TNFSF11, TNFSF12, TNFSF13B, TNFSF14, TNFSF15,

TNFSF18, TNFSF4, TNFSF8, TNFSF9, TOP1, TPI1, TPM1,

TPM2, TPO, TPSB2, TPSG1, TPT1, TSLP, TXNDC12, TYK2,

TYMS, TYRO3, UBE2I, UBE2L3, UBE2N, UCHL1, UFC1,

UFM1, ULBP1, ULBP2, ULBP3, UNC5C, UNC5D, VCAM1,

VEGFA, VEGFC, VIP, VTA1, VWF, WFIKKN1, WFIKKN2,

WIF1, WISP1, WNT7A, XCL1, XPNPEP1, XRCC6, YES1,

ZAP70
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Table A.2: Gene sets representing specific disease mechanisms or pathway.

Signature’s

name

Genes Reference

IL-13 CST1, CCL26, PRB2, PRB1, PRB3,

POSTN, PRB4, ITLN1, ALOX15, SH2D1B,

CA2, NOS2, FCGBP, FOXA3, SPDEF,

CAPN14, DUOXA2, CLDN5, PADI3,

TSPAN8, ALPL, KCNJ16, FETUB,

B3GNT6, CDH26, LRRC31, MUC13,

VSIG2, CSTA, FAM3B, SLC9B2, NTRK1,

KLF4, HPDL, SOCS1, TRNP1, HS3ST1,

VWF, DUOX2, CISH, ATP13A5, ZNF808,

RNASE4, CCBL1, SDCBP2, TMPRSS2,

HYAL1, CCDC109B, FAM83D, TRAK1,

TPK1, SLC7A1, CYP2C18, CDC42EP5,

KCNS3, ADRA2A, MRAP2, SLC2A10,

PPARG, FAM26E, ADCY4, WNT3,

SLCO4A1, ALDH1A2, C10orf99, WDFY2

[[204]]
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ILC1, cells SIT1, CD3D, CD3G, CD4, CD6, TRAV13-

1, CD5, CD27, C14orf64, COTL1, CD8A,

IKZF3, LITAF, CCR7, TRAV8-2, TRAV4,

SYNE2..1, MAL, GZMM, GZMK, TC2N,

GZMA, SH2D1A, IFNG-AS1, PASK,

TRBV5-1, ADTRP, TRAV9-2, CACNA1I,

CCL5, ACTN1, CXCR3, BCL11B, PYHIN1,

CH25H, LBH, FBLN7, LINC00402, TRAV2,

TRBV2, IGFBP3, ANK3, IL6R, LDLRAP1,

ACSL6, TRAV41, MIAT, TRBV20-1, LAG3,

IFNG, TRAV26-2, GABBR1, TSHZ2,

SLC25A4, AP000569.8..1, RASGRF2,

TRAV8-4, RP11-664D1.1, TNFRSF10D,

PLEKHB1, TRAV12-2

[[205]]

Inflammasome IL1B, NLRP3, CASP1, CASP4, CASP5 [[206]]
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OXPHOS ND1, ND2, ND3, ND4, ND4L, ND5, ND6,

NDUFS1, NDUFS2, NDUFS3, NDUFS4,

NDUFS5, NDUFS6, NDUFS7, NDUFS8,

NDUFV1, NDUFV2, NDUFV3, ND-

UFA1, NDUFA2, NDUFA3, NDUFA4,

NDUFA4L2, NDUFA5, NDUFA6, ND-

UFA7, NDUFA8, NDUFA9, NDUFA10,

NDUFAB1, NDUFA11, NDUFA12, ND-

UFA13, NDUFB1, NDUFB2, NDUFB3,

NDUFB4, NDUFB5, NDUFB6, NDUFB7,

NDUFB8, NDUFB9, NDUFB10, NDUFB11,

NDUFC1, NDUFC2, NDUFC2-KCTD14,

SDHA, SDHB, SDHC, SDHD, UQCRFS1,

CYTB, CYC1, UQCRC1, UQCRC2,

UQCRH, UQCRHL, UQCRB, UQCRQ,

UQCR10, UQCR11, COX10, COX3,

COX1, COX2, COX4I2, COX4I1, COX5A,

COX5B, COX6A1, COX6A2, COX6B1,

COX6B2, COX6C, COX7A1, COX7A2,

COX7A2L, COX7B, COX7B2, COX7C,

COX8C, COX8A, COX11, COX15, COX17,

ATP5A1, ATP5B, ATP5C1, ATP5D,

ATP5E, ATP5O, ATP6, ATP5F1, ATP5G1,

ATP5G2, ATP5G3, ATP5H, ATP5I,

ATP5J2, ATP5L, ATP5J, ATP8, ATP6V1A,

ATP6V1B1, ATP6V1B2, ATP6V1C2,

ATP6V1C1, ATP6V1D, ATP6V1E2,

ATP6V1E1, ATP6V1F, ATP6V1G1,

ATP6V1G3, ATP6V1G2, ATP6V1H,

TCIRG1, ATP6V0A2, ATP6V0A4,

ATP6V0A1, ATP6V0C, ATP6V0B,

ATP6V0D1, ATP6V0D2, ATP6V0E1,

ATP6V0E2, ATP6AP1, ATP4A, ATP4B,

ATP12A, PPA2, PPA1, LHPP

[[207]]
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Neutrophil ABTB1, AMPD2, C5orf6, CCR3, CDA,

CKLFSF2, CLC, CREB5, CTBS, DcR1,

EST, FCGR2B, FCGR3B, FLJ10298,

FPRL1, FRAT2, GPR27, GPR43,

HSPA6, IL8RA, IL8RB, KIAA0779,

KIAA1126, KRT23, LENG4, LENG5,

MAD, MGC10500, MGC14126, MGC16353,

MPPE1, MSCP, NCF4, NRBF2, PHC2,

PROK2, RALB, RNF141, SEC14L1,

SEPX1, STX3A, TM4-B, VMP1, VNN2,

XPO6

[[208]]
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LPS-stimulated,

macrophage

MLLT4, ELL2, NMT2, SLC43A3, IL4I1,

MCOLN2, MAOA, ZFP36L1, APOBEC3A,

TXN, FTH1, CCL7, ACSL1, CCL23,

VWA8, RBM47, RPLP1, HSP90B3P,

RHBDF2, RPN2, HNRNPC, HMGN2P46,

SDF4, FABP5, ANXA2P1, TNIP1, TNIP3,

LILRB1, TIMP1, PSTPIP2, MAR-

CKSL1, ADAMDEC1, SLC3A2, SRC,

NMI, CYP27B1, KYNU, WSB2, SLC41A2,

IL3RA, S100A12, VRK2, YWHAG, CXCL5,

ATP2C1, NFS1, BID, MTF1, PPBP,

PPP2CB, PDE4DIP, CCL5, SLC2A6,

CXCL6, CD40, FABP5P3, IFIH1, LAD1,

SDC2, GPR84, C1orf122, LILRA3, CFLAR,

CAPZA1, LGALS3, GCH1, EIF1AX,

P2RX4, NFE2L3, SLBP, CLIC4, MMP12,

ACP2, MYC, ARL6IP1, ATP11B, ZSWIM4,

VPS37A, SRGN, FTH1P3, TDP2, OAS3,

C6orf211, SMAD7, SMARCA5, HSPA13,

GPBP1, PARP10, BOLA2, NUP62, IL7R,

G3BP1, LARP4, LILRB4, ILK, SLC16A3,

GRINA, C1QTNF1, SOD2, FAM129B,

RPS29, TPI1, LOC440704, HSPB1, MT1H,

EXOG, CD68, PTMA, MT1X, KIAA1147,

PDIA3P1, MT1IP, MT1E, GYPC, TPT1,

SLC29A1

[[209]]
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IFNG-

stimulated

macrophages

SELM, EHD1, IL10RA, NAMPT,

MCTP1, C15orf48, SLC7A11, SIGLEC10,

CDK5RAP2, EREG, TERF2IP, IL1A,

ISG20, MYH11, MCOLN2, CLCF1, DDIT4,

ANKRD12, AARS, SQSTM1, FLNB,

NUB1, DCUN1D3, CXCL8, RILPL2,

DRAM1, ATOX1, PTGS2, MAP3K4,

UPB1, ADARB1, CREG1, PTPN1,

RNF19B, IER3, NKG7, FAM60A, IL2RA,

SLC7A1, MT1H, SAMSN1, ASCC1, FYN,

MT2A, ETS1, PPP3CC, MT1A, LAT,

RHBDF2, G0S2, CEP135, PANX2, C5orf15,

HMGN2P46, ORM1, TRAF1, C17orf58,

MB21D2, LPAR1, TRAF3IP2, TNFAIP3,

SEMA4A, ARHGEF2, LMO4, TNIP1,

TBC1D9, ACSL5, CYP2S1, BTG3, TNIP3,

EXOG, NLRP3, SEMA6B, PSTPIP2, PT-

GES, MARCKSL1, CD86, NFKB1, LSS,

AQP9, TANK, CCR7, MT1G, LAMB3,

SLC25A37, RUNX2, ADAMDEC1, NFK-

BIE, SYT11, PVRL2, MLLT6, MT1F,

ETS2, SLC7A5, CA12, MRPS6, GK,

SLC3A2, BHLHE41, WARS, TNFAIP2,

CXCL16, PILRA, CCDC115, TMEM205,

HIST2H2BE, SIK3, ITGB8, PPP1R18,

PTPRE, NBN, HIVEP1, GRAMD1A,

KYNU, SLC1A3, NFE2L1, PCNX, CD14,

CYP27B1, APBB3, FPR2, CEP350,

CTTN, IRAK2, DDX59, CCM2L, PIM2,

TSPAN33, ACO1, TAP1, RNF144B,

CXCL5, IKBKE, EMR3, APOL3, H1F0,

NADK, ZMIZ2, NFS1, HLA-F, BATF3,

HIF1A, MTF1, YARS, STOM, RAS-

GRP1, HIST2H2AC, GJB2, SLAMF1,

CLEC4E, CCL5, KIAA0226L, GNA15,

CFB, AMPD3, PNKD, MT1X, SMOX,

IL1B, BIRC3, MAP1LC3A, ZMYND15,

SLC2A6, SPECC1L, OSM, PRKCH, C1S,

LAD1, PDE4B, STAT4, GPR84, TNFAIP6,

C1orf122, PLAGL2, SLC43A2, HELZ2,

TSC22D1, SLC5A3, CXCL1, HEY1,

ABHD17C, CRISPLD2, DNAJB6, PGD,

NDP, MMP9, ASNS, IRF7, ACKR3, RCN1,

SLC9A1, RFTN1, EBI3, TGFA, PPA1,

ADORA2A, CLEC4D, MUCL1, GPR132,

RELB, FAM20A, GCH1, CTSL, NINJ1,

ST3GAL1, SMAP2, MYO1B, TYMP,

TNFRSF4, NCF1C, GBP5, HBEGF,

CYB561A3, MT1IP, ZSWIM4, IL36G,

LAMP3, MT1E, ZHX2, PFKFB3, N4BP1,

MXD1, GNA12, CD38, PARP10, DTX2,

LILRB2, TMEM132A, EMR2, SPHK1,

SIRPA, PLAUR, VEGFA, PTPRF,

C1QTNF1, STEAP3, MPZL1, CD82,

CLEC4A, DUSP10, GLIS3, SOD2, ISCU

[[209]]
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Th17 KLRB1, RORC, PLXND1, CTSH, ALOX5,

PTPN13, IL4I1, C11orf75, NEFL, HLF,

JAKMIP2, DSE, LIMS1, HLA-DRB1,

LTK, HLA-DRB4, USP10, NR1D1, LCAT,

SAMD3, HSPG2, PTGIR

[[210]]
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ILC3 FCER1G, SH2D1B, NCR2, NRP1,

LINC00299, KIAA1324, LST1, AMICA1,

IL23R, PCDH9, VWA5A, XCL1, SIGLEC7,

PLCG2, KLRC1, IL4I1, SLC4A10, KIT,

GSN, IL1R1, TOX2, CD300LF, TYROBP,

PTGDR, KRT81, XCL2, LTA4H, SPINK2,

STAC, MYO7A, OTUD5, KLRF2, LIF,

AFF3, ATP8B4, ENPP1, IL2RB, TMIGD2,

PRR5, ELOVL6, AC092580.4, TNFSF13B,

AFAP1L1, TGM2, B3GNT7, COL23A1,

ENG, LDLRAD3, FGR, TNFRSF18,

HIP1, APOL4, RP11-845M18.6, ITM2C,

PLCH1, LPAR1, RHOC, NSMCE1, SCN1B,

ID2, SLC43A2, ABCB5, ADAM28, CAT,

RP11-563D10.1, TNFSF11, STARD3NL,

TNS3, COL4A4, RNF152, CA2, TOX,

FES, KIAA1217, B4GALNT1, VAV3,

GPR82, DOCK5, CD33, S100A13, SOST,

TLE1, PECAM1, BCAS1, RORC, LRRN3,

TLE3, NCR1, SYK, HDAC9, CRTAM,

DOK3, TNFSF4, CD300C, RP11330A16.1,

FSD1, GNLY, CLNK, CXXC5, HPN,

GOLIM4, AP000476.1, SPRY1, FAM179A,

MPG, ABHD15, SPRED2, TRAJ45,

GPR68, PRAM1, PDE6G, MATN2,

AE000661.37, DOK7, ARMC9, HOXA10,

SERPINA11, PDZK1, ENTPD1, LINGO4,

TTN, CCL20, CD81, HOXA5, AC017104.6,

SERP2, TRGJP1, SNCA, NEK10, TCF4,

RP11-428G5.5, RGS9, KIAA0087, IRF4,

DACH1, NCAM1, IKZF2, CDR2L, 03-

Mar, FCRL4, PVRL2, LTBR, NLRP7,

JAG2, TRDJ2, RP1191K8.1, S100B,

LDLRAD4..4, HOXA7..1, CHKA, EF-

CAB4A, SUOX, KCTD11, RP11-31E23.1..1,

RP11-98D18.9..2, LIMK1, JUP, RP11-

15B24.5, KLRK1..1, KIFC3, RP11-98G13.1,

IGFBP4, BANK1, OPCML..1, DTWD2,

REEP1, MEF2C, ZFYVE9, MECOM,

CARD9, GPRC5C, MUC2, INPP1,

MPV17L, MYB, SLC2A10, SLCO2A1,

GRAMD1B, CARD6, ARSJ, CHMP4C,

SNAP91, KCNQ5, TSPAN13, NLRP2,

LYN, RP11256L6.2, CXCL16, CCDC102B,

GSAS1, C19orf35, MACC1, SORT1,

GPR133, CCDC171, ORAI3, SERPINH1..1,

NPTXR, PTPRD, DERL3, PPP1R9A,

B3GALT5, P4HA2, TRAJ44, MRC2,

SLFN12, PLEKHN1, ACP6, TIE1, TMED8,

UNC93B1, RP11279F6.3, RP11510J16.3,

RP11277P12.20, MS4A6A, C9orf66, TRIO,

PRKAR2B, CYP24A1, KLRK1..4, MMP25,

TST, CTD2325P2.4, MAN1A1, RPPH1,

PPFIBP1, KLRK1..6, UBE2E2, SORCS1,

KIAA1456..1, COL24A1, LRP1, TRAIP,

GPR97, FGD6, LMLN, EHHADH, ZNF461,

CSF2, TRPM8, MCAM, CD38, FAM167A,

C1orf159, OSBPL6

[[205]]
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ILC2 HPGDS, KRT1, IL17RB, TNFRSF19,

PTGDR2, HPGD, IL1RL1, PKIB,

C10orf128, RP11345M22.1, FSTL4, GAP43,

MBOAT2, KLRG1, CSGALNACT1,

FCRL3, CLIC4, IL10RA, HLF, LGALS12,

ZP1, CHDH, RP11440I14.2, A2M, BACE2,

RP11345M22.2, P2RY1, FASLG, NRIP3,

MSRB3, NTRK1, LINC00340, PZP,

PPARG, TNFRSF9, UBXN10, A2MP1,

IFIT3, UTS2, CALCRL, RAP1GAP2,

GRK5

[[205]]

Ageing MMACHC, PDE7B, CTSS, HLADRA,

LUZP1, C3, C1QB, BRINP3, C1orf210,

DENND6B, APOD, KHDRBS2, DHDDS,

VWF, GPER1, CALHM2, MPEG1,

FCGR2A, GPNMB, CLASP2, MSL3,

C4A, MGST1, SHARPIN, APPBP2, AIP,

IGJ, RNASET2, FCGR2B, ANTXR1,

HIST1H1C, C1QA, RAB40B, CD74, LYZ,

HMGN2, TLX3, SRPR, RORB, GFAP,

ARRB1, MT2A, PTBP2, ABCB6, ARL11,

KITLG, MMP10, UGT2B17, FXYD1,

ANXA3, BIRC7, CDKN1A, AMH, NPC2,

SH3GLB1, HBB, PCSK6, GSTA1

[[211]]
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TAC* ↑ / ↓ Process Network P value adj. Pvalue
1 ↑ Development_Blood vessel morphogenesis 0 0.036
1 ↓ Inflammation_Inflammasome 0 0
1 ↓ Apoptosis_Death Domain receptors caspases in apoptosis 0 0
1 ↓ Proteolysis_Proteolysis in cell cycle and apoptosis 0 0
1 ↓ Inflammation_Interferon signaling 0 0.001
1 ↓ Immune response_T helper cell differentiation 0 0.004
1 ↓ Inflammation_Neutrophil activation 0 0.006
1 ↓ Immune response_Innate immune response to RNA viral in-

fection
0.001 0.017

1 ↓ Apoptosis_Apoptotic nucleus 0.001 0.027

2 ↑ Immune response_T helper cell differentiation 0 0
2 ↑ Inflammation_Interferon signaling 0 0
2 ↑ Inflammation_Neutrophil activation 0 0
2 ↑ Apoptosis_Death Domain receptors caspases in apoptosis 0 0
2 ↑ Inflammation_Innate inflammatory response 0 0.001
2 ↑ Inflammation_Inflammasome 0 0.001
2 ↑ Proteolysis_Proteolysis in cell cycle and apoptosis 0 0.001
2 ↑ Immune response_TCR signaling 0 0.002
2 ↑ Inflammation_IFN-gamma signaling 0 0.002
2 ↑ Immune response_Phagocytosis 0 0.002
2 ↓ None

3a ↑ Inflammation_Inflammasome 0 0
3a ↑ Apoptosis_Death Domain receptors caspases in apoptosis 0 0
3a ↑ Proteolysis_Proteolysis in cell cycle and apoptosis 0 0
3a ↑ Immune response_T helper cell differentiation 0 0.002
3a ↑ Inflammation_Interferon signaling 0 0.015
3a ↑ Apoptosis_Apoptotic nucleus 0.001 0.019
3a ↓ None

3b ↑ None
3b ↓ Inflammation_Interferon signaling 0 0.005
3b Down Apoptosis_Death Domain receptors caspases in apoptosis 0 0.005
3b ↓ Proliferation_Positive regulation cell proliferation 0 0.017
3b ↓ Development_Regulation of angiogenesis 0.001 0.025
3b ↓ Inflammation_Neutrophil activation 0.001 0.025
3b ↓ Muscle contraction_Nitric oxide signaling in the cardiovas-

cular system
0.001 0.025

3b ↓ Development_Blood vessel morphogenesis 0.001 0.025
3b ↓ Inflammation_NK cell cytotoxicity 0.001 0.025
3b ↓ Proteolysis_Proteolysis in cell cycle and apoptosis 0.001 0.025
3b ↓ Immune response_TCR signaling 0.002 0.025

Table A.3: Differentially regulated Process Networks between TACs. 0 represents
any value ≤ 10−4
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Up / Down Pathways P value Q value

PTAC1

Up Th2 cytokine-induced alternative activation of alveolar macrophages in

asthma

0 0

Up Immune responseIL− 5signalingviaJAK/STAT 0 0

Up Mast cell migration in asthma 0 0.001

Up Eosinophil granule protein release in asthma 0 0.002

Up NF-kB-, AP-1- and MAPKs-mediated proinflammatory cytokine production

by eosinophils in asthma

0 0.004

Up Role of type 2 innate lymphoid cells in airway allergic inflammation and tissue

repair

0 0.012

Up Immune responseT cellsubsets : cellsurfacemarkers 0 0.014

Up Arachidonic acid metabolites production in alveolar macrophages in asthma 0 0.024

Up Role of type 2 innate lymphoid cells in asthma 0 0.038

Up Myeloid-derived suppressor cells and M2 macrophages in cancer 0 0.042

Down Prostate Cancer: candidate susceptibility genes in inflammatory pathways 0 0

Down Immune responseTLRligands 0 0.003

PTAC2a

Up Prostate Cancer: candidate susceptibility genes in inflammatory pathways 0 0

Up Macrophage and dendritic cell phenotype shift in cancer 0 0

Up Myeloid-derived suppressor cells and M2 macrophages in cancer 0 0.001

Up Role of IL-2 in the enhancement of NK cell cytotoxicity in multiple sclerosis 0 0.002

Up Apoptotic pathways and resistance to apoptosis in lung cancer cells 0 0.016

Up Immune responseTLRligands 0 0.021

Up SLE genetic marker-specific pathways in T cells 0 0.021

Up Role of CD8+ Tc1 cells in COPD 0 0.023

Up IL-6 signaling pathway in lung cancer 0 0.023

Up Immune responseTLR2andTLR4signalingpathways 0 0.023

Down None

PTAC2b

Up Prostate Cancer: candidate susceptibility genes in inflammatory pathways 0 0.005

Up Immune responseTLRligands 0 0.014

Up Immune responseTLR2andTLR4signalingpathways 0 0.014

Up Role of CD8+ Tc1 cells in COPD 0 0.014

Up Macrophage and dendritic cell phenotype shift in cancer 0 0.014

Up Inhibition of neutrophil migration by proresolving lipid mediators in COPD 0 0.016

Up Immune responseIFN − alpha/betasignalingviaMAPKs 0 0.018

Up Immune responseInflammasomeininflammatoryresponse 0 0.018

Up Immune responseCD28signaling 0 0.024

Up Cell adhesionIntegrininside− outsignalinginneutrophils 0 0.031
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Down Th2 cytokine-induced alternative activation of alveolar macrophages in

asthma

0 0

Down NF-kB-, AP-1- and MAPKs-mediated proinflammatory cytokine production

by eosinophils in asthma

0 0.038

PTAC3a1

Up Prostate Cancer: candidate susceptibility genes in inflammatory pathways 0 0

Up Immune responseIFN − alpha/betasignalingviaJAK/STAT 0 0.01

Up Modulation of tumor response to cytotoxic T cells by hypoxia in tumors 0 0.014

Up Role of CD8+ Tc1 cells in COPD 0 0.014

Up Macrophage and dendritic cell phenotype shift in cancer 0 0.014

Up Release of pro-inflammatory mediators and elastolytic enzymes by alveolar

macrophages in COPD

0 0.015

Up c-Myc in multiple myeloma 0 0.029

Down None

PTAC3a2

Up None

Down None

PTAC3a3

Up None

Down Th2 cytokine-induced alternative activation of alveolar macrophages in

asthma

0 0

Down Immune responseIL− 5signalingviaJAK/STAT 0 0.001

Down Mast cell migration in asthma 0 0.003

Down Eosinophil granule protein release in asthma 0 0.005

Down NF-kB-, AP-1- and MAPKs-mediated proinflammatory cytokine production

by eosinophils in asthma

0 0.008

Down Role of type 2 innate lymphoid cells in asthma 0 0.008

Down Role of CD8+ Tc1 cells in COPD 0 0.008

Down Macrophage and dendritic cell phenotype shift in cancer 0 0.008

Down Role of type 2 innate lymphoid cells in airway allergic inflammation and tissue

repair

0 0.016

Down Eosinophil survival in asthma 0 0.027

PTAC3b1

Up None

Down Myeloid-derived suppressor cells and M2 macrophages in cancer 0 0

Down Immune responseIL− 5signalingviaJAK/STAT 0 0.001

Down Mast cell migration in asthma 0 0.001

Down Th2 cytokine-induced alternative activation of alveolar macrophages in

asthma

0 0.001

Down Macrophage and dendritic cell phenotype shift in cancer 0 0.001
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Down Basophil migration in asthma 0 0.001

Down Degranulation of lung mast cells 0 0.001

Down Eosinophil granule protein release in asthma 0 0.002

Down Proinflammatory mediators production and activation of basophils in asthma 0 0.009

Down Eosinophil chemotaxis in asthma 0 0.009

PTAC3b2

uparrow Prostate Cancer: candidate susceptibility genes in inflammatory pathways 0 0.016

Down Immune responseIL− 5signalingviaJAK/STAT 0 0.007

Down Immune responseT cellsubsets : cellsurfacemarkers 0 0.007

Down Eosinophil granule protein release in asthma 0 0.007

Down Role of IL-2 in the enhancement of NK cell cytotoxicity in multiple sclerosis 0 0.008

Down Mast cell migration in asthma 0 0.009

Down Role of CD8+ Tc1 cells in COPD 0 0.009

Down Degranulation of lung mast cells 0 0.009

Down Role of type 2 innate lymphoid cells in airway allergic inflammation and tissue

repair

0 0.015

Down Th2 cytokine-induced alternative activation of alveolar macrophages in

asthma

0 0.015

Down SLE genetic marker-specific pathways in T cells 0 0.015

PTAC3b3

Up None

Down Immune responseIL− 5signalingviaJAK/STAT 0 0

Down Mast cell migration in asthma 0 0

Down Basophil migration in asthma 0 0.001

Down Immune responseT cellsubsets : cellsurfacemarkers 0 0.001

Down Eosinophil granule protein release in asthma 0 0.001

Down Th2 cytokine-induced alternative activation of alveolar macrophages in

asthma

0 0.003

Down Eosinophil chemotaxis in asthma 0 0.005

Down Role of IL-2 in the enhancement of NK cell cytotoxicity in multiple sclerosis 0 0.008

Down NF-kB-, AP-1- and MAPKs-mediated proinflammatory cytokine production

by eosinophils in asthma

0 0.01

Down Role of type 2 innate lymphoid cells in asthma 0 0.011

Table A.4: Pathways associated with PTACs.

Up/Down Biological Process Pvalue Adj. Pvalue

PTAC1

Up regulation of leukocyte activation 0 0
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Up regulation of immune system process 0 0

Up regulation of cell activation 0 0

Up immune system process 0 0

Up positive regulation of leukocyte activation 0 0

Up regulation of response to stimulus 0 0

Up positive regulation of cell activation 0 0

Up positive regulation of cell adhesion 0 0

Up positive regulation of response to stimulus 0 0

Up regulation of immune response 0 0

Down immune response 0 0

Down innate immune response 0 0

Down immune effector process 0 0

Down regulation of immune response 0 0

Down immune system process 0 0

Down regulation of immune system process 0 0

Down defense response 0 0

Down regulation of defense response 0 0

Down defense response to other organism 0 0

Down regulation of innate immune response 0 0

PTAC2a

Up immune system process 0 0

Up immune response 0 0

Up defense response 0 0

Up regulation of immune system process 0 0

Up regulation of immune response 0 0

Up immune effector process 0 0

Up response to stress 0 0

Up positive regulation of immune system process 0 0

Up regulation of response to stimulus 0 0

Up innate immune response 0 0

Down None

PTAC2b

Up immune response 0 0

Up immune system process 0 0

Up immune effector process 0 0

Up defense response 0 0

Up regulation of immune system process 0 0

Up regulation of immune response 0 0

Up innate immune response 0 0

Up regulation of defense response 0 0
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Up response to stress 0 0

Up positive regulation of immune system process 0 0

Down regulation of cell activation 0 0.001

Down regulation of leukocyte activation 0 0.001

Down regulation of immune system process 0 0.001

Down antigen processing and presentation of lipid antigen via MHC class Ib 0 0.001

Down antigen processing and presentation, exogenous lipid antigen via MHC class Ib 0 0.001

Down antigen processing and presentation via MHC class Ib 0 0.005

Down inflammatory response 0 0.005

Down positive regulation of leukocyte activation 0 0.009

Down positive regulation of mast cell activation 0 0.01

Down positive regulation of cell activation 0 0.011

PTAC3a1

Up immune system process 0 0

Up immune response 0 0

Up regulation of immune system process 0 0

Up innate immune response 0 0

Up defense response 0 0

Up regulation of immune response 0 0

Up immune effector process 0 0

Up response to biotic stimulus 0 0

Up response to other organism 0 0

Up response to external biotic stimulus 0 0

Down regulation of leukocyte activation 0 0.002

Down regulation of cell activation 0 0.003

Down immune system process 0 0.008

Down Hemopoiesis 0 0.008

Down positive regulation of leukocyte activation 0 0.011

Down positive regulation of cell activation 0 0.012

Down hematopoietic or lymphoid organ development 0 0.013

Down inflammatory response 0 0.018

Down regulation of immune system process 0 0.018

Down immune system development 0 0.018

PTAC3ba

Up immune effector process 0 0

Up regulation of immune response 0 0

Up immune response 0 0

Up immune system process 0 0

Up myeloid leukocyte activation 0 0

Up leukocyte activation 0 0
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Up leukocyte activation involved in immune response 0 0

Up regulation of immune system process 0 0

Up cell activation involved in immune response 0 0

Up cell activation 0 0

Down regulation of immune system process 0 0

Down regulation of cell activation 0 0

Down regulation of leukocyte activation 0 0

Down immune system process 0 0

Down regulation of response to stimulus 0 0.001

Down regulation of immune response 0 0.004

Down positive regulation of immune system process 0 0.004

Down positive regulation of defense response 0 0.005

Down regulation of defense response 0 0.005

Down positive regulation of leukocyte activation 0 0.005

PTAC3a3

Up None

Down immune system process 0 0

Down regulation of immune system process 0 0

Down regulation of cell activation 0 0

Down regulation of leukocyte activation 0 0

Down regulation of immune response 0 0

Down defense response 0 0

Down immune response 0 0

Down cytokine-mediated signaling pathway 0 0

Down regulation of response to stimulus 0 0

Down inflammatory response 0 0

PTAC3b1

Up None

Down immune system process 0 0

Down immune response 0 0

Down regulation of immune system process 0 0

Down defense response 0 0

Down regulation of immune response 0 0

Down inflammatory response 0 0

Down regulation of response to stimulus 0 0

Down response to stimulus 0 0

Down immune effector process 0 0

Down regulation of leukocyte activation 0 0

PTAC3b2

Up regulation of immune system process 0 0.019
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Up pattern recognition receptor signaling pathway 0 0.019

Up regulation of immune response 0 0.019

Up toll-like receptor signaling pathway 0 0.019

Up interferon-gamma-mediated signaling pathway 0 0.019

Down immune system process 0 0

Down regulation of immune system process 0 0

Down regulation of response to stimulus 0 0

Down regulation of immune response 0 0

Down defense response 0 0

Down regulation of leukocyte activation 0 0

Down regulation of cell activation 0 0

Down immune response 0 0

Down lymphocyte activation 0 0

Down inflammatory response 0 0

PTAC3b3

Up regulation of immune system process 0 0.02

Up innate immune response 0 0.023

Up protein modification by small protein conjugation 0 0.026

Up protein ubiquitination 0 0.03

Up regulation of defense response 0 0.03

Up regulation of immune response 0 0.032

Up protein modification by small protein conjugation or removal 0 0.032

Up interferon-gamma-mediated signaling pathway 0 0.033

Up regulation of innate immune response 0 0.033

Down immune system process 0 0

Down immune response 0 0

Down regulation of immune system process 0 0

Down defense response 0 0

Down regulation of leukocyte activation 0 0

Down regulation of response to stimulus 0 0

Down response to stimulus 0 0

Down regulation of cell activation 0 0

Down regulation of immune response 0 0

Down inflammatory response 0 0

Table A.5: Biological processes associated to PTACs.

Up/Down Process Network Pvalue Adj.Pvalue

PTAC1
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Up Development-Blood vessel morphogenesis 0 0.014

Up Inflammation-IL-4 signaling 0.001 0.044

Down Inflammation-Inflammasome 0 0

Down Proteolysis-Proteolysis in cell cycle and apoptosis 0 0

Down Inflammation-Interferon signaling 0 0.001

Down Apoptosis-Death Domain receptors caspases in apoptosis 0 0.001

Down Immune response-T helper cell differentiation 0 0.012

Down Apoptosis-Apoptotic nucleus 0.001 0.024

Down Inflammation-Neutrophil activation 0.002 0.04

Down Autophagy-Autophagy 0.002 0.04

PTAC2a

Up Inflammation-Interferon signaling 0 0

Up Immune response-T helper cell differentiation 0 0

Up Apoptosis-Death Domain receptors caspases in apoptosis 0 0.002

Up Inflammation-Neutrophil activation 0 0.002

Up Immune response-Phagocytosis 0 0.004

Up Inflammation-Innate inflammatory response 0 0.004

Up Proteolysis-Proteolysis in cell cycle and apoptosis 0 0.005

Up Immune response-TCR signaling 0 0.007

Up Proliferation-Positive regulation cell proliferation 0.001 0.011

Up Inflammation-IFN-gamma signaling 0.001 0.011

Down None

PTAC2b

Up Inflammation-Interferon signaling 0 0

Up Proteolysis-Proteolysis in cell cycle and apoptosis 0 0

Up Immune response-T helper cell differentiation 0 0.002

Up Inflammation-Inflammasome 0 0.002

Up Apoptosis-Death Domain receptors caspases in apoptosis 0 0.002

Up Inflammation-Innate inflammatory response 0 0.004

Up Immune response-TCR signaling 0 0.008

Up Immune response-Phagocytosis 0.001 0.01

Up Inflammation-Amphoterin signaling 0.001 0.01

Up Inflammation-Neutrophil activation 0.001 0.011

Down None

PTAC3a1

Up Apoptosis-Apoptotic nucleus 0 0.014

Up Apoptosis-Death Domain receptors caspases in apoptosis 0 0.014

Up Proteolysis-Proteolysis in cell cycle and apoptosis 0 0.014

Down None

PTAC3a2



222 Appendix A. Appendix

Up Proteolysis-Proteolysis in cell cycle and apoptosis 0 0.041

Up Inflammation-Neutrophil activation 0.001 0.041

Down None

Up None

Down None

PTAC3b1

Up None

Down Inflammation-Interferon signaling 0 0.02

Down Proliferation-Positive regulation cell proliferation 0 0.02

Down Inflammation-Neutrophil activation 0.001 0.032

Down Development-Blood vessel morphogenesis 0.001 0.032

Down Muscle contraction-Nitric oxide signaling in the cardiovascular system 0.001 0.032

Down Apoptosis-Death Domain receptors caspases in apoptosis 0.001 0.032

Down Inflammation-IL-2 signaling 0.002 0.036

Down Immune response-Phagocytosis 0.002 0.039

Down Development-Regulation of angiogenesis 0.002 0.039

Down Inflammation-IL-13 signaling pathway 0.002 0.039

PTAC3b2

Up None

Down None

PTAC3b3

Up None

Down Development-Regulation of angiogenesis 0 0.015

Down Development-Blood vessel morphogenesis 0 0.015

Down Proliferation-Positive regulation cell proliferation 0.001 0.028

Down Inflammation-Neutrophil activation 0.001 0.028

Down Inflammation-IL-13 signaling pathway 0.001 0.028

Down Inflammation-NK cell cytotoxicity 0.001 0.028

Down Muscle contraction-Nitric oxide signalling in the cardiovascular system 0.002 0.028

Down Immune response-TCR signalling 0.002 0.028

Down Inflammation-Interferon signalling 0.002 0.028

Down Immune response-Phagocytosis 0.002 0.029

Table A.6: Process Networks associated with PTACs.
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Table A.7: Intra-cluster comparison of demographics/clinical features for PTACs.

Intra Comparisons betrween PTAC clusters
2b v 2a 3a1 v 3a 3a2 v 3a 3b1 v 3b 3b3 v 3b

Age years 0.98 0.285 0.346 0.02 0.68
Age of onset(yrs) 0.94 0.08 0.618 0.08 0.58
Female(N, %) 0.17 1 1 0.41 0.68
BMI>25(N, %) 1 0.363 1 1 0.41
Smoker(N, %) 0 0.048 0.144 0.36 1
Nasal polyps(N, %) 0.66 1 1 0.05 0.29
Allergic rhinitis(N, %) 0.46 0.642 1 0.68 1
Eczema(N, %) 0 0.255 0.532 1 0.36
Severe asthma(N, %) 0 0.26 0.539 0.21 1
Oral corticosteroid use(N, %) 0 0.657 1 1 0.28
Atopy(N, %) 0.13 0.152 0.455 0.62 0.58
Exacerbations in previous year 1 0.45 0.726 0.08 0.12
FEV1 % pred 1 0.208 0.834 0.16 0.62
Total IgE(IU.mL−1) 1 0.244 0.381 0.35 0.69
Blood leukocytes(x103µL−1) 1 0.413 0.834 0.01 0.62
Blood eosinophils(x103µL−1) 1 0.875 0.861 0.82 0.01
Blood neutrophils(x103µL−1) 1 0.488 0.779 0.07 0.38
Sputum eosinophils % 1 0.614 0.529 0.35 0.33
Sputum neutrophils(%) 1 0.614 0.529 0.35 0.33
Sputum Macrophages(%) 1 0.659 0.575 0.48 0.85
FeNO(ppb) 1 0.682 0.611 0.21 0.02
Serum periostin(ng.L−1) 1 0.564 0.399 0.83 0.94
CRP(mg.L−1) 0.95 0.014 0.05 0.14 0.17
Aeroallergens(N, %) 0.25 0.152 0.455 0.62 0.58
History of pneumonia(N, %) 0 0.363 0.045 0.23 0.21
FEV1 change reversibility(%) 1 0.313 0.726 0.19 0.84

BMI: body mass index; FEV1: forced expiratory volume in 1 second; FeNO: exhaled
nitric oxide fraction; CRP: C-reactive protein; p value: 2 test was used for categorical
variables, for numerical variable ANOVA test (Kruskal-Wallis test) for normally
distributed variable (and non-normally distributed variable) was used. Pvalues were
corrected for multiple comparisons using Benjamini-Hochberg correction. A value of 0
indicates p ≤ 10−4.
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Table A.9: SomaSCAN characteristics

TAC*1 TAC*2 TAC*3a TAC*3b
IL_5_Ra Kallikrein_7 IL_1F7 SE6L2 a2_Macroglobulin Hemoglobin Sonic_Hedgehog B7_2
PAPP_A SSRP1 NKp46 MMP_17 BGH3 Antithrombin_III ILT_4 IL_27
TARC Carbonic_anhydrase_9 FCG2A_B tau MRC2 HAI_1 DR3 sTie_1
CYTN kallikrein_5 hnRNP_K Bcl_2 DAF NOTC2 MP2K4 PYY
IgE CRP Esterase_D CD30 Cadherin_5 Integrin_aVb5 FGF7 Fas_ligand_soluble
VEGF121 Glucagon CKAP2 PCNA GIB Thrombin Ephrin_A5 Sialoadhesin
GPVI MK13 AGR2 PKC_Z gp130_soluble Contactin_4 ADAM_9 bFGF_R
CYTT TLR2 NET4 PSD7 BCMA Trypsin_2 SHBG Endoglin
Haptoglobin_Mixed_Type Flt3_ligand ATP_synthase_beta_chain HINT1 ART Lymphotoxin_a1_b2 ULBP_2 URB
VEGF FGFR_3 PAK6 CATE sTie_2 RTN4 ARMEL annexin_II
EDAR AMNLS PDGF_Rb contactin_1 GFRa_2 VEGF_sR3 IFN_lambda_1
P_Selectin K_ras SIG14 Notch_1 Semaphorin_6A Nogo_Receptor Cystatin_M
gpIIbIIIa COMMD7 TSP2 ENPP7 Trypsin IL_11_RA Peroxiredoxin_6
NEUREGULIN_1 pTEN Somatostatin_28 ECM1 DR6 TSP4 CK2_A2_B
BLC LEAP_1 PKC_D Calpastatin Prothrombin sICAM_1 Fucosyltransferase_3
amyloid_precursor_protein PERL TMA annexin_VI IL_19 ALCAM Desmoglein_2
TIMP_1 CO8A1 MICA ROBO2 FGF23 Endostatin TGF_b_R_II
MMP_9 Rb Factor_B SET IL_22BP CBPE
Gro_b_g SREC_II FCAR ATS13 TrkB HGFA
LIGHT NPS_PLA2 PAK3 PLXC1 TGM3 NRX3B
Lactoferrin IL_1_R4 PH IL_1_sRI DC_SIGN CLM6
Thrombospondin_1 CAPG OPG CD5L GNS ALT

LRRT3 uPA CNTFR_alpha CHL1
ERBB1 Caspase_10

A.0.1 Enrichment of molecular signatures with GSVA by PTAC

clusters

Using GSVA [76], the enrichment of the six signatures associated with asthma were calculated i.e. the activation

of IL-13 simulated HBECS, ILC2, inflammasome, neutrophil activation, oxidative phosphorylation (OXPHOS) and

ageing signatures. PTAC1 and PTAC2a showed the highest ESs for IL-13 while TAC2b had significantly lower

ES. PTAC1 showed the highest ESs for ILC2, and low ESs for inflammasome, neutrophil, OXPHOS and ageing

signatures. PTAC2 had the highest ESs for inflammasome, neutrophil signatures. PTAC3b showed the highest ESs

OXPHOS and ageing signatures, but low ESs for OXPHOS and neutrophil activation (Figure A.2).



226 Appendix A. Appendix

Figure A.1: Mosaic plot of PTACs shows the relative size of each group.



227

Table A.10: LM-MS/MS characteristics genes

TAC*1 TAC*2 TAC*3a TAC*3b
CO9 VTNC ANGT ANT3
AACT WISP3 MYO5B PGRP2
VTNC HEMO GELS
KNG1 CFAB LAC2

APOC2
AACT
HEMO
CO9
ANGT

Figure A.2: Gene set variation analysis . Dot plot expression scores for 6 different
gene signatures. Data are presented as individual data points, and box-and-whisker
plots showing median and interquartile range respectively. p-value: ANOVA. Sig-
nificance codes "****" P<104, ” ∗ ∗ ∗ ”P < 103, ” ∗ ∗”P < 102, ” ∗ ”P < 0.05.


