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Abstract

In biomedicine, the advent of digitalization and big improvements in computing power and
high throughput technologies has yielded an unprecedented amount of data. To harness this
data’s full potential, research has become increasingly computational, with core tools of data
science such as machine learning required to decipher patterns, help extract meaning and
uncover underlying connections. In this work, we have explored key leading areas of
computational research, from discovery science to translational medicine and complex
system studies. First, a machine learning pipeline was developed to inform bioinformatic
research. After validation, it was applied on a novel dataset generating insight onto the
predictive power of immune features in ultra-early trauma injury, generating leads of possible
biomarkers associated with the development of MultiOrgan Dysfunction. Then, in order to
make our pipeline accessible, an interactive, simple, free and open-source supervised
machine learning webtool was developed. Adapting this same framework to the realm of
clinical translation, we then deployed two prognostic models for decision support in surgeries
during the COVID-19 pandemic. This was done in collaboration with the NIHR surgical team.
Lastly, we explored systems biology approaches by studying the complexity behind ageing
and health to disease transitions. For this, we leveraged the UK Biobank data as a rich
source of deeply phenotyped information. By calculating biological age (PhenoAge)
longitudinally for nearly 400,000 participants, we identified four distinct ageing categories
ranging from healthy to unhealthy ageing. These different trajectories were characterised by
their chronic diseases and genetic makeup, revealing a strong association of metabolic
dysfunction with unhealthier phenotypes and immune-related signals for healthier ones. Also,
strong opposite-effect associations of longevity-related variants were found, with novel
regulatory elements postulated as possible drivers of unhealthy phenotypes, opening new
avenues for future study. Overall, our findings highlight the crucial role of computational

methods in biomedicine and their potential to transform clinical practice.
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1 Chapter 1: General Introduction

Content from this chapter has been published:

Bravo-Merodio, L, Acharjee, A, Russ, D, Bisht, V, Williams, JA, Tsaprouni, LG, &
Gkoutos, GV. (2021). Translational biomarkers in the era of precision medicine. In

Advances in clinical chemistry (Vol. 102, pp. 191-232). Elsevier.



From the start of the 21st century, high-throughput technologies have dramatically
transformed biomedical and healthcare research by generating an immense volume of data.
This surge in data has been met with simultaneous advancements in computational and
statistical methodologies, such as machine learning (ML) and artificial intelligence (Al),
bolstered by significant improvements in computing power (Berger, Peng, and Singh 2013).
As a result, extracting meaningful patterns from these massive datasets has become
increasingly feasible. In this chapter, we will discuss data science tools we have applied
throughout the thesis, first presenting machine learning, which promises to revolutionize
research, medicine and healthcare as we know it (Shah et al. 2019), and then continuing with
a presentation of complex system studies. Complex systems focus on holistic approaches to
decipher the complexity of human physiology, aiming to quantify health and demystify

disease (Hood and Flores 2012).

1.1 Machine Learning

The term ‘machine learning’ is thought to have been first coined in 1956 to describe a
subfield of artificial intelligence focused on building algorithms that ‘learn’ (Finlayson, Beam,
and van Smeden 2023). The learning behind these algorithms is based on statistical models
which improve from experience, through iterative exposure to data and without being

explicitly programmed to do so (Kohavi and Provost, 1998).

In general terms, machine learning bridges both the fields of statistics and computer science
and consists of models that are fit to data, learning underlying patterns. These models are
then applied to new unseen data where they predict based on the patterns learnt. No a priori

information is required, and a plethora of algorithms exist (Hastie, Friedman, and Tibshirani
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2001). These algorithms can be used for three key types of analysis depending on the type
of predictions performed: supervised, unsupervised, or semi supervised learning. In
supervised learning, the goal is to predict the value of an outcome measure based on a
number of input measures. Two types of supervised learning methods exist based on the
type of data of the outcome, regression (if continuous i.e height) or classification (if discrete
i.e presence or absence of disease)). In this work, we will explore supervised learning with
Chapters 2 and 3 mainly focused on building supervised classification models. In
unsupervised learning, there is no outcome measure, and the goal is to describe the
associations and patterns among a set of input measures. These input measures are also
known as independent variables, covariates, or features and outcomes as label, target,

dependent variable or response.

1.1.1 Model types

As mentioned before many different ML algorithms exist. In this section we will do a brief
overview of well-known algorithms we will apply in Chapters 2 and 3. These include:

generalized linear models (GLMs), decision tress and neural nets.

Generalized linear models (GLMs) are a broad family of models that can be applied to
classification and regression problems. Two well known types of GLMs are linear (Equation

1) and logistic regression (Equation 2) algorithms where, considering X X asp number of

predictor variables (features) and hﬁ(x) as the model built, the aim is to match the predicted

output 3; to the real outcome variable y as closely as possible by optimizing B, the
parameters or weights parametrising the space mapping x (features) to y (outcome label).
This will be achieved through the optimization of a loss function (Hastie, Friedman, and

Tibshirani 2001).



Equation 1

—Bx

h)=y= g(Bx)=

1+e

Equation 2

In Equation 2, g(x) corresponds to the sigmoid function, bounding values between 0 and 1

and mimicking the discrete state we are predicting in classification scenarios.

Other examples included in this work are decision tree algorithms. Simple, easy to interpret
and low-demanding computationally, they are built through recursive partitioning, splitting the
feature space into a set of rectangles, and then fitting a simple model in each one (e.g
measurements satisfying x < 5). Different splitting criteria amounts to different decision tree
algorithms, with some popular derivations being ensemble methods such as Random Forest
(RF) (Ho 1995) or gradient boosting decision trees such as eXtreme Gradient Boosting
(XGBoost) (T. Chen and Guestrin 2016). In these decision tree derivations, multiple decision
trees are combined to obtain a better predictive performance, with the key differences
between them being the different ways in which they are merged. In Random Forest the
merge occurs through averaging (if regression) or majority vote (if classification), whereas in
boosting the merge is weighted, with those splits that predict well rewarded and those that do
not, ‘punished’. XGBoost is a particularly popular gradient boosting decision tree, given it has
been designed to scale beyond billions of examples but using far fewer resources than
existing systems, demonstrating very good performance in ML problems. For a more detailed

analysis on decision tree algorithms please refer to (Hastie, Tibshirani, and Friedman 2009).
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One last algorithm type to mention is neural networks (NN), a term which has evolved to
encompass a large class of models and learning methods all under the umbrella of Deep
Learning (DL). In its simplest form (also known as single hidden layer back-propagation
network), it refers to a non-linear model that consists of a two-stage regression or
classification model and is typically represented by a network diagram. Although NNs, were
first described in the 1950s in the context of the Rosenblatt’s perceptron (Rajkomar, Dean,
and Kohane 2019), DL has become very popular in the last 10 years, with for instance
convolutional neural nets (CNNs) being a key recent breakthrough (LeCun, Bengio, and
Hinton 2015) and leading key improvements in the field of computer vision, image caption,

speech recognition, natural language translation, robotics, or even self-driving cars.

1.1.2 Model selection and assessment

As seen above, a variety of algorithms exist, each with different characteristics and
capabilities. To select the best for our data analysis, an understanding of which model would
offer the best performance is required. To measure performance, we will assess the
generalization error, a measure of how accurately and reliably the extracted patterns
generalize to new observations, the ultimate goal in ML. In the case of supervised learning,
this would amount to evaluating the capability of a model to accurately predict the outcome
label in new data not used for training. In order to accurately evaluate model performance,
two fundamental principles can help us guide our choice, the “No Free Lunch Theorem”

(Wolpert and Macready 1997) and the bias-variance trade-off (Figure 1-1).

On one hand, the “No Free Lunch Theorem” (Wolpert and Macready 1997) acknowledges
that no algorithm is inherently superior to any other, with different models performing best in
different contexts. Therefore, when choosing models, a sound understanding of the data on

which the model will operate and the circumstance of its intended use are required, with the
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type of problem at hand, prior data distribution, amount of training data and computational
resources being the key drivers of algorithmic choice. On the other hand, the bias-variance
trade-off (Figure 1-1), helps us critically assess model performance and is a guiding principle
for machine learning frameworks such as the train-test split, K-fold cross validation or

bootstrapping which we have included throughout our work.

Generalization error
(unseen data)

Predition
Error

Variance
e -

Underfitting

Figure 1-1. Bias-variance trade-off

Our objective when building a ML model is to minimize the generalization error ( find the
model found in the optimum point (red line)) In order to do so, we use the training error as
reference (black line), but model complexity has to be acknowledged. Bias and variance
define model complexity where, high bias models (green) yield high training and
generalization errors in a phenomenon known as underfitting, whereas high variance models
(blue) yield very low prediction errors but high generalization ones. This is termed overfitting,
where the model is adapting itself too closely to the training data and therefore not
generalizing well to new unseen one as, not only has it captured the underlying patterns we
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are interested in but probably too all underlying noise. Below, polynomial models
exemplifying a low variance/high bias model (low polynomial degree), an optimum model and
a high variance/low bias model (high polynomial degree).

The best estimate of the generalization error we can have is the training error ( predictive
performance in the dataset used to fit the data) but this is not a perfect proxy given it does
not fully account for model complexity. Model complexity is built from two metrics, bias and
variance, where a high variance model fits the training data very strongly, leading to
overfitting and high bias approximates data with a model that is too simple, leading to
underfitting. In both cases, poor generalization performance on the new data will result.
Therefore, in order to obtain an optimum model, we have to not only consider the training
error as proxy of the generalization error, but acknowledge this extra model complexity by
testing models in unseen data and critically appraise the change in performance. This is the
reason behind internal validation methods such as train-test splits or resampling which we

will now explore below:

1.1.2.1 Internal Validation: train-test split and resampling methods

Ideally, if we count with lots of data, we will split our data into chunks that the training does
not see and leave one as this unseen independent dataset to measure performance in. Data
would be fit in a training set, with any extra model selection phase done using extra unseen
testing data. Then, after building this final model, the generalization error would be assessed
in a third, unseen, independent validation set also known as external validation set. But,
given data is a luxury, and in theory we would want to maximise its use for model building,
resampling, or partitioning the data through bootstrapping and cross validation methods, can
be used instead. In K-fold cross validation part of the available data is used to fit the model,
and a different part to test it. More specifically, data is split into K roughly equal-sized parts

and the model is fitted to the other K —1 parts of the data, evaluating the prediction error of
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the fitted model when predicting the kth part of the data. This is done fork =1, 2, ... ,Kand
the K estimates of prediction error are combined. Regarding the bootstrap, it is a widely used
tool for assessing statistical accuracy and consists on randomly sampling the data with
replacement to create multiple datasets of the same size as the original data. Each dataset is
used to train a model, and the results are combined to obtain a more accurate estimate of the
model's performance.Once again, for a more detailed analysis refer to (Hastie, Tibshirani,

and Friedman 2009).

Something key to consider in ML, is that this is a quite novel and very rapidly evolving field,
where theory, with a sound mathematical foundation, lags behind its practical implementation
(C. Zhang et al. 2016). As such, tools that are consolidated in practice like the above
mentioned cross-validation have been recently questioned (Bates, Hastie, and Tibshirani
2022) with constant updates in methodology required. Another highly debated practice in ML

is that of having proper external validation strategies as summarized in the next section.

1.1.2.2 External Validation

In high stakes industries such as healthcare, where model outcomes may influence decisions
as important as diagnosis or treatment options, extra caution for model building is being
demanded (Van Calster et al. 2023). These extra efforts include assessing this generalization
error through internal validation and careful external validation (extra exteneral dataset) too.
This is key in order to acknowledge possible “data shift’ issues and transportability of a model
before recommended for widespread clinical implementation. Transportability is assessed by
understanding why a machine-learning model might underperform when assessed in external
validation set. As seen before, this might be due to issues with the model complexity itself (
underfitting and overfitting ) or because of a mismatch between the data set with which it was

developed and the data on which it is deployed. For this, a proper assessment on the
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model’s sensitivity to changes in the distribution or statistical properties of the data, such as
changes in the feature distributions, the sampling process, or the context in which the model
is deployed is required. Such an analysis will help us understand too if the model has been
trained on biased or unrepresentative data, which can limit its generalization ability to new
data. Regardless, it is important to acknowledge too, that an exhaustive external validation is
not possible as all datasets will have specific internal biases (Van Calster et al. 2023),
therefore a key feature when deploying ML models lies in carefully monitoring the
performance of the model in the real-world deployment context and update the model as
necessary to account for changes in the data distribution or context. In Chapter 3, when
exploring clinical validity of our prognostic models, addressing transportability becomes a

critical part of our analysis.

1.1.2.3 Discrimination and calibration

Chapters 2 and 3 will mainly focus on supervised classification strategies, where we are
predicting a categorical outcome (e.g disease yes or no). To measure performance, we use
Area Under the Receiver Operating Characteristic curve (AUROC) as the main scoring rule,
also known as the concordance statistic or c-statistic. AUROC reports on discrimination,
which describes the models’ ability to rank samples based on the outputed prediction, in
other words, models should give higher prediction estimates for samples with the event than
for samples without the event. This corresponds to plotting sensitivity versus 1- specificity for
different thresholds (Figure 1-2). An AUROC of 0.5 indicates a completely random binary
classifier, while an AUROC of 1.0 denotes perfect classifier performance (Fawcett 2006).
Additionally, in our studies (Chapter 2 and Chapter 3), we also include classification
performance at one or more probability thresholds through sensitivity, specificity, and
(stratum-specific) likelihood ratios which can be extracted from a confusion matrix (Figure

1-2) . Many other scoring rules exist (e.g the popular logarithmic scoring rule) but these have
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not been explored in this work. For a full review on performance evaluation metrics check

(P.-H. C. Chen, Liu, and Peng 2019).

Another key metric to assess performance is calibration. Calibration measures the
agreement between predicted and observed probabilities/risk. It is especially relevant in
clinical risk prediction models and medical predictive analytics given that, as the model is
used to inform patients, poorly calibrated risk estimates can lead to false expectations with
patients and healthcare professionals. What we want to assess is that, among patients with
an estimated risk of 10%, 10 in 100 have or develop the event. To evaluate calibration the

key metrics used are: calibration in the large (slope and intercept) and the Brier Score.

The Brier Score, measures accuracy of probabilistic predictions without thresholding unlike
AUROC, and measures the mean squared difference between the prediction probability
assigned to the outcome and the actual outcome. The lower the Brier score the better the
predictions are calibrated. Also, calibration can be visualized through smooth nonparametric
calibration plots where the relation between the estimated risk (on the x-axis) and the
observed proportion of events (y-axis) is plotted (Van Calster et al. 2019) and key measures
such as calibration slope and intercept extracted. The calibration curve intercept measures
the average predicted risk compared with the overall event rate and has a target value of 0,
where negative values suggest overestimation and positive underestimation. The calibration
slope evaluates the spread of the estimated risks and has a target value of 1. A slope with
values less than 1 suggests that estimated risks are too extreme, i.e., too high for patients
who are at high risk and too low for patients who are at low risk. A slope higher than 1
suggests the opposite, i.e., that risk estimates are too moderate.Extra information in

calibration can be found (Huang et al. 2020).
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Predicted: Positive Predicted: Negative
i Sensitivity
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Figure 1-2. Confusion matrix (grey) and associated statistics

1.1.3 State of the art developments

The fields of Al and ML are in constant development, given the high stakes, scope, and
breadth of applications. As novel fields of research emerge, we have aimed to incorporate

them into our work.

1.1.3.1 Model explainability

As seen before, there is a wide range of ML algorithms developed. One thing to consider
when selecting models is the tradeoff between model interpretation and accuracy. For
instance, interpreting large deep neural nets, such as the 17 billion parameter network
recently released by Microsoft (‘Turing-NLG: A 17-Billion-Parameter Language Model by
Microsoft’ 2020), has been impossible to date. These types of models are commonly known
as “black boxes”. However, the performance of such models is at times far superior to other
more explainable ones, given the vast amounts of data they are trained upon, rendering them

extremely useful. Therefore, trying to understand its behaviour and explain the reasoning
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behind its decision-making has opened up a new field of study termed “Explainable Al”, with
even quantifications of interpretability to assess Al models proposed (Schmidt and
Biessmann 2019). This field has yielded for instance work such as Google DeepMind’s
eye-scans diagnosis model (Yim et al. 2020) which can accurately diagnose 50- sight
threatening eye diseases whilst delivering a map highlighting features of disease it sees in
the different eye tissues. Such development are needed to fuel adoption in high-risk
scenarios such as healthcare, helping guide translation into actionable clinical models. A
complete review on the state of the art of explainable Al can be found in (Doshi-Velez and
Kim 2017). In our work, we have made a great emphasis on including feature importance
metrics in our modelling strategies, adapting popular explainable Al methods such as

Shapley Additive exPlanations (SHAP) (Rodriguez-Pérez and Bajorath 2020).

1.1.3.2 Ethics and regulations

Another leading topic is that of the underlying ethics of Al systems and guidance in reporting
and regulations. Over recent years, tremendous progress has been made in the development
of ML applications for healthcare. Regardless, given that this technology is so new and
quickly evolving, risks are assessed in retrospective, with the development of proper
regulation and assessment lagging behind. Questions such as patient privacy, anonymity
retention, data security as well as development of fair, non-biased algorithms (Nordling 2019)
present a grand challenge, with key questions regarding how to distinguish between data
that is inherently biased still unresolved (A. Zhang et al. 2022). This is highly problematic,
with pressing fears that Al can even widen the health gap globally (Blasimme and Vayena
2019) as biased datasets result in algorithms that mirror this bias, thereby preserving

inequalities, cutting down diversity and producing flawed results (Leslie et al. 2021).
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Regarding regulation, at the moment clinical algorithms are treated by the main regulatory
agencies as medical devices (software as a medical device: SaMD) and hence not subject to
the rigorous regulation that pharmaceutical companies or other healthcare incumbents have
to go through. Luckily though, new standards are constantly being enforced (Collins and
Moons 2019). Also, with increasingly lower barriers for adoption, many low quality ML models
have been generated recently (Wynants et al. 2020), with high risk of bias through low
sample sizes, poor reporting, and over-estimation of predictive performance. Adherence to
better standards is urgently needed (Dhiman et al. 2022) with reporting guidelines being key
to ascertain the quality of modelling strategies. Examples include SPIRIT-Al, CONSORT-AI
checklists for reporting of clinical trials that involve Al methods (Ben-Israel et al. 2020) or

TRIPOD and PROBAST guidelines to mitigate biased analysis (Mateen et al. 2020).

1.2 Systems Biology

In biology, research has become increasingly computational, with the birth of bioinformatics
(Ouzounis and Valencia 2003) enabling a better understanding of the genetic makeup of
diseases (Human Genome Project) (Gibbs 2020), fuelling precision medicine initiatives
(Ashley 2016) and providing new insights into the molecular landscape of health and disease
(Shen et al. 2023). This has been possible thanks to recent advances in high-throughput
technologies and computational power that have allowed us to observe biological systems at
molecular resolution, generating a wealth of different ‘omics’ data. ‘Omics’ are becoming
essential for basic research, offering a glimpse along the central dogma of biology, with
genomics profiling DNA, transcriptomics measuring transcripts or proteomics and
metabolomics quantifying proteins and metabolites respectively. Having learnt about machine
learning as a computational analysis tool behind understanding patterns in data, we then

want to understand how to best study complex biomedical phenomenon. To do so, systems
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biology perspectives are required, where biological systems are recognized as complex and
requiring of the integration of different data layers and organizational levels for its full
understanding (Kitano 2002). For this thesis, we have specifically focused on health to
disease transitions as a complex system, considering multimorbidity and ageing as extreme
phenotypic expressions (Schultze and Rosenstiel 2018; Davis, Tato, and Furman 2017; A. A.

Cohen et al. 2022).

1.2.1 Disease and multimorbidity

Diseases represent non-random malfunctions in human biology, which can provide insights
into particularly vulnerable pathways (Meizlish et al. 2021). To shed light on these
malfunctions, -omics studies have played a crucial role. The emergence of Next Generation
Sequencing (NGS) technologies and innovative bioinformatic approaches—such as Genome
Wide-Association Studies (GWAS)— propelled by the Human Genome Project and the
International HapMap Project (Gibbs et al. 2003), have unveiled new genetic associations
and generated a wealth of novel disease-gene connections. In GWAS, millions of genetic
variants are tested for an association with a single or a small number of related outcomes or
traits (Altshuler, Daly, and Lander 2008), revealing that most associations of common
diseases are with common variants (present in more than 1-5% of the population and with
generally small effect sizes). But, these disease-associated variants explain only a small
proportion of disease heritability (Manolio et al. 2009), with them being found mainly in
regulatory regions, outside protein-coding exons (~90%) (Albert and Kruglyak 2015; B. Li and
Ritchie 2021). Because of this, regulation of gene expression levels is now being seen as the
primary biological mechanism through which genetic variants affect complex traits, with
association studies of intermediate phenotypes such as chromatin marks, methylation status

or transcript and protein abundance (L. Chen et al. 2016) hypothesised as key ways in which
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to help prioritize likely causal variants and reveal functional effects and underlying
mechanisms (Cheung etal. 2005; Lappalainen etal. 2013)). From these, expression
quantitative trait loci (eQTL) studies, where a variant (i.e. the molecular quantitative trait loci
(QTL)) influences mRNA levels has been the most studied ( with 5-40% of functional variants
found to colocalize with eQTLs (Connally et al. 2021)). The ImmVar project, one of the first
examples, mapped the genetic architecture of the adaptive and innate immunologic
transcriptomes, (De Jager et al. 2015; Fairfax and Knight 2014), showing a large effect of
genetic variants on gene expression in immune cells. Most importantly though, it showed too
the importance of cell-type specific and context dependent associations (Yao et al. 2020),
with for instance, a local eQTL for NOD2 found to involve a single nucleotide polymorphism

(SNP) previously associated with leprosy only after IFN[3 exposure (Lee et al. 2014).

Integrating all this molecular QTLs and intermediate regulatory information, is therefore
essential to try and properly connect the causal chain spanning DNA variant to trait variation
(Hormozdiari et al. 2018), with essential tools such as fine mapping and gene-prioritization
methods (e.g Mendelian Randomization (MR), transcription-wide association studies (TWAS)
or colocalization) now part of every functional genomics analysis and extensively reviewed
elsewhere (B. Li and Ritchie 2021). These analysis are only made possible thanks to key
initiative such as GTEx (GTEx Consortium 2020) or BLUEPRINT that make available
repositories of comprehensive QTL annotations for a large number of human tissues. Others,
such as FUMA (Watanabe et al. 2017) and Qtilizer (Munz et al. 2020), have made use of
them to integrate and comprehensively annotate GWAS results, and others, such as
(Kerimov et al. 2021) have focused on including more specialized disease-relevant cell types
as well as functional studies, given, as previously mentioned, that the precise actions of
genes are dependent on timing and functional context (Connally et al. 2021). For the future,

the inclusion of single-cell RNA sequencing (van der Wijst et al. 2018; Jagadeesh et al. 2022)
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information is proving essential to drive discoveries, with the combination of state of the art
modelling such as deep learning, aiding in the quest (Novakovsky et al. 2022). In the work
highlighted in Chapter 4 we will apply GWAS to better understand the genetic makeup of
ageing trajectories as well as perform gene annotation with eQTLs and use FUMA for gene

enrichment analysis.

One last tool which we have harnessed in our research and which is hypothesised to help
identify pathways especially vulnerable to malfunction is the study of multimorbidity. Defined
as the co-occurrence of at least two diseases in an individual, it has recently become a
priority for global research (‘Multimorbidity: A Priority for Global Health Research | The
Academy of Medical Sciences’) with it being associated to a high mortality rate, increased
healthcare utilization with increased healthcare expenses and overall affecting functioning
and quality of life (Chowdhury et al. 2023). Also, recent studies have revealed that some
diseases co-occur more often than expected by chance (Hidalgo et al. 2009), pointing at
possible shared molecular mechanisms or common risk factor triggers such as lifestyle or
age, with systemic chronic inflammation postulated as the enabling molecular mediator
(Furman et al. 2019). Although a genetic basis for multimorbidity was first studied through the
Human Disease Network (HDN) exploring common genetic origins of Mendelian diseases
(Goh et al. 2007). by studying diseases together using GWAS, pleiotropic risk variants (
genetic locus that affect more than one trait) that are not otherwise found in single-disease
studies can be detected (Ellinghaus et al. 2016). This may be due to these variants granting a
general disease risk and so only apparent in multi-disease studies instead of single disease
ones (Hu, Thomas, and Brunak 2016; Blair et al. 2013). Therefore, disease co-occurrences
can help elucidate the underlying network biology through shared and multifunctional genes

and pathways.
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1.2.2 Describing healthy phenotypes

Exploring health to disease transitions requires of a clear signature of what a healthy
phenotype entails. This has been possible through the analysis of multi-omics data of healthy
cohorts through time, with examples including the following longitudinal studies: P100 cohort
(Price et al. 2017), the Swedish CArdioPulmonary biolmage Study (SCAPIS) (Tebani et al.
2020) or the integrated personal omics profiling (iPOP) project (Schissler-Fiorenza Rose et
al. 2019)). As key conclusions, all studies demonstrated that a stable and unique molecular
profile is found in healthy individuals, with “high variation between individuals across different
molecular readouts but a low baseline variation intra-individually”. This same conclusion has
been reached when profiling the immune system in depth (Alpert et al. 2019), with claims
such as ‘relatively conserved homeostatic states” at the individual level. Such insights help
pave the way towards precision medicine, where measuring individual longitudinal profiles

postulates as the best way to make actionable decisions in healthcare.

1.2.3 Health to disease transitions

Longitudinal multi-omics integration in the previous studies, also allowed for the study of
health to disease transition patterns. For instance, the iPOP study (Schiissler-Fiorenza Rose
et al. 2019)) integrated information of 109 “deep-profiled” individuals, including information on
microbiome (Zhou et al. 2019) and ageing (Ahadi et al. 2020) too. A follow-up of 3 years
resulted in 49 major health discoveries. Amongst these discoveries we can highlight two.
Firstly, they were able to detect a lymphoma before disease symptom onset
(Schussler-Fiorenza Rose et al. 2019). Secondly, they were able to track the transition from
health to disease of a participant, following genomic information revealing an increased risk

for type Il diabetes mellitus. This participant developed said disease following a rhinovirus
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infection during the course of the study. In other examples such as (Zimmer et al. 2021), the
integration of information through Multi-Omics Factor Analysis (MOFA) described four key
archetypes or health states in a wellness cohort defined by three major axis of variation: age,
gender and general health. Also, in (Ahadi et al. 2020), 18 million data points for proteomics,
metabolomics, transcriptomics, microbiome, genomics and clinical marker data were
analysed to create a panel of 87 significant molecules for ageing patterns defining different
health trajectories. Four enriched ageing patterns or “ageotypes” were derived from key
molecular pathways that changed over time in a given individual. These were pathways
affecting: metabolic, immune, liver or kidney pathways. Liver and kidney dysregulations have
also been found in recent studies associating multimorbidity and metabolic studies of
healthspan, with impaired glucose homeostasis, low-grade inflammation, and lipoprotein

metabolism (Pietzner et al. 2021) as other key markers.

1.3 Thesis aims and objectives

Powerful analytical methodologies have been developed to study these ‘big datasets’ and
identify underlying patterns. In this work, we are going to focus on the use of these novel
methodologies, looking at computational approaches from the systems biology perspective,
where biological phenomenon is recognized as a complex system that requires of the
integration of these different data layers and organizational levels for its full understanding
(Kitano 2002). With this, we will explore the use of machine learning as key computational
framework in biological research (Chapter 2) and medicine (Chapter 3), developing tools for
its adoption. Finally, in Chapter 4, we will explore the power of computational biology to
tackle complex biological questions such as health to disease transitions, focusing on ageing

and multimorbidity as driving phenotypes. This thesis therefore aims to:
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Conduct interdisciplinary research combining computational biology, machine
learning, and epidemiology to advance biomedical knowledge and address pressing
health challenges

Develop open-source web applications and pipelines to disseminate research
findings and make computational tools more accessible to the broader scientific
community

Utilize large-scale datasets, such as the UK Biobank, to study ageing trajectories and
health-to-disease transitions and identify risk factors and key biological mechanisms

associated with healthy and unhealthy ageing
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2 Chapter 2: Biomarker discovery and pipeline

development

Content from this chapter has been published:

Bravo-Merodio, L, Williams, JA, Gkoutos, GV, & Acharjee, A. (2019). -omics biomarker
identification pipeline for translational medicine. Journal of Translational Medicine, 17(1),

1-10.

Bravo-Merodio, L, Acharjee, A, Hazeldine, J, Bentley, C, Foster, M, Gkoutos, GV, & Lord,
JM. (2019). Machine learning for the detection of early immunological markers as predictors

of multi-organ dysfunction. Scientific Data, 6(1), 1-10.
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2.1 Background and chapter overview

With the development of high throughput technologies, we can now observe biological
systems at molecular resolution, generating a wealth of different ‘omics’ data. The problem
now lies in the growing gap between the accumulation of big data — and researchers’
knowledge about how to use it effectively (Barone, Williams, and Micklos 2017). To
democratize access and enable efficient, reproducible, and reliable analysis of biomedical
big data, analytical pipelines with the computational steps required to turn raw data into
scientific knowledge have been created with varying levels of complexity and resources.
Examples range from accessible bioinformatic scripts such as (Xia and Wishart 2016) and
(A. Acharjee et al. 2013)'s modelling of quantitative metabolomics datasets, to more
convoluted professional frameworks suitable to streamline large-scale biological analysis.
Such infrastructures include Firmiana derived by (Feng et al. 2017) or (Satagopam et al.
2016)’s work which count with modular workflows and accommodate production pipelines
with advanced features for data storage and sharing. For a detailed review on bioinformatic

workflows please refer to (Leipzig 2017; Canuel et al. 2015).

In this work, we will explore the use of computational tools in biology through the
development of a machine learning pipeline adapted for research. As explained previously,
machine learning models can be broadly subdivided into supervised and unsupervised
algorithms depending on the type of prediction addressed. Here, we have focused on
supervised learning and although Al and ML platforms already exist (i.e. Amazon
SageMakers or Azure Machine Learning), making these algorithms accessible, most
resources still require a high expertise for an appropriate use and are not specifically tailored

to biological data.

Typically, biomedical datasets can consist of thousands of data points and numerous

associated features, with datasets being highly collinear and noisy. One strategy that we
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have followed in our work to deal with these challenges is to apply regularized models, that
is, models which have some additional constraints imposed on them so that they vyield
models with desirable properties. One such property is sparsity, where the model uses only
a fraction of the features available to it when making predictions. In our work, we have used
The Least Absolute Shrinkage and Selection Operator (LASSO) (Tibshirani 1994) and its
successor, the Elastic Net (EN) (Zou and Hastie 2005). These algorithms are very popular
(Culos et al. 2020), given they make few assumptions on the data at hand (the features just
have to be real-valued) and are therefore applicable to a wide variety of data settings. Also,
their predictions are sparse linear combinations of the input features, making them easy to
interpret and their model coefficients can be solved in a computationally efficient manner
given they result from a convex minimization problem (‘Extending the Reach of the Lasso
and Elastic Net Penalties: Methodology and Practice - ProQuest’ n.d.). A brief explanation of

regularization algorithms would be as follows:

Model fitting in linear regression (Equation 1), produces the vector of estimated regression
coefficients through ordinary least squares (OLS), with the objective function as the
minimum of the residual sum of the squares (RSS) equation (Equation 3). In other words,
the values minimizing the RSS function are the estimated regression coefficients ().

N I \2
Residual sum of squares(RSS) = ), (yi - X B")

i=1
Equation 3

In regularization methods, an extra term is added (Equation 4), and so the new objective

function to minimize becomes:

RSS(B) + pA(B)
Equation 4
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Here p is a function to penalize and A forms the penalty/regularization parameter. The
penalty function A controls the trade-off between likelihood and penalty and so influences the
variables to be selected. The higher the value of A, the fewer number of variables are
selected and vice versa. The differences between regularization methods lie in the different
functions p they penalize. In LASSO, the penalty is applied to the sum of the absolute

values of the regression coefficients (L1 norm). Mathematically, we can write this as:

minimize 1 2
ey — XBIl, + MBI,

Equation 5

The left side of the equation is the normal least squares criterion, whereas the right is the
penalized sum of the absolute values of the regression coefficients.

Elastic Net creates a sparse model too, as well as theoretically improving its performance
with respect to LASSO in datasets with more features than samples (p>n problems), by
allowing high collinear groups of features through grouped selection. EN is created by

including the L2 norm of the coefficients (sum of the squares) to minimize:

minimize 1 2 2
ey = XBI, + 2, BI, + A, 1Bl

Equation 6

This combination of LASSO (Equation 5) and EN (Equation 6) methods comprises the
backbone of the computational pipeline presented below. To prove its use in the realm of
biological research, we have validated it with three different previously published -omics
datasets (Bravo-Merodio, Williams, et al. 2019) and then show-cased its use with a novel

dataset involving immune predictors (Bravo-Merodio, Acharjee, et al. 2019). We have then
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continued our work by presenting this pipeline as an online supervised machine learning
framework to facilitate its uptake. This tool has been based on previous open source
initiatives such as the still under development MLStudio (Krispin [2017] 2022),
data_exploration app (‘Data_Exploration’ n.d.) or Vicent Nijs’ radiant (‘Radiant - A Shiny App
for Statistics and Machine Learning’ n.d.). These apps offer intuitive and guided machine
learning analysis but are not specifically tailored to biological data and are less focused on
providing interpretable results. Also recently, more complex software alternatives such as
SIMON (A. Tomic et al. 2021) HTPmod (D. Chen et al. 2018) or any open-source tools
developed by Saez-Rodriguez group, e.g FUNKI (Hernansaiz-Ballesteros et al. 2021), have
been developed, exemplifying the need for such tools in the bioinformatics community.
Regardless, some of these platforms require setups such as Docker which, for non-experts,
might act as main limitation for adoption, especially if interested in just a quick and simple

analysis, which we aim to supply.

As a summary, in this chapter, we will explore the use of computational tools in biology
through three pieces of work. First, we will describe the development of a machine learning
pipeline adapted for research and validated with three different previously published -omics
datasets and then show-case its use with a novel dataset. We then, present it too as an

online supervised machine learning framework.
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2.2 Pipeline development
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Figure 2-1. Machine learning pipeline structure

Schematic of the workflow/pipeline developed in (Bravo-Merodio, Williams, et al. 2019). It
consists of three main modules highlighted in three different colours. Purple) Data quality
module offering different options depending on the type of data introduced e.g. microarray
and generic/other data. Green) Cross validated feature selection through regularization
algorithms LASSO and EN and model building. Brown) Performance assessment, stability
analysis and results visualization.

We developed a pipeline (Bravo-Merodio, Williams, et al. 2019) that includes two different
supervised classification techniques based on regularization methods to identify biomarkers
from -omics or other high dimension clinical datasets. A summary of the different modules
configuring it can be seen in Figure 2-1. The pipeline is presented as an editable

RMarkdown script found in https://github.com/jaw-bioinf/Biomarker_ldentification/. First, the
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input data with outcome information and features to model is pre-processed, with
standardization and missing values evaluated as well as any extra changes implemented
needed by end users. For example, optional filtering steps to reduce dimensionality include
many-to-one probe-to-gene mapping in transcriptomics data or the use of external tools or
expert biological insight to exclude certain features. In all cases, the input for the ‘feature
selection’ segment of the pipeline is a matrix (file or data frame) of features (key predictors of
outcome studied i.e potential biomarkers) and samples along with a target or outcome
variable. After a random division of samples into training and test sets, LASSO and EN
algorithm as feature selection methods are applied to identify the most highly associated
features with respect to the outcome, representing potential biomarker candidates. In order
to apply the algorithms for biologically relevant feature selection, we need to optimize the
penalty parameter associated with each of the methods in an unbiased way. To achieve this,
the pipeline divides samples randomly into a training set composed of 75% of the total
number of the samples and a test set consisting of the remaining 25% samples. To ensure
optimal training in real-world datasets, all data splits retained class balances of the target
variable, so each split reflected a proportion of the target observed in the underlying dataset.
We note that class balancing measures, such as boosting or under sampling, are not used to
artificially balance training/testing data in each split (outer loop set). Then we apply a 10-fold
cross validation on the training set (inner loop set) aiming to have an optimised penalty
parameter that can be plugged into the LASSO and EN models. Our pipeline then iterates
model creation 100 times (bootstraps) and selects the features that appear more than 80
times in the analysis, as these we deem to be the more significant for the classification
model (Figure 2-1). In posterior iterations of the pipeline, this threshold will be automatically
adjusted to select those features that appear more than the mean upper quantile of the total
frequencies. Also, based on the number of samples available, more bootstraps will be

performed too. Then, in order to better understand the relationship between the features
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selected and the outcome variable analysed, a display of the weight (B" coefficients)
distribution per model and a box plot of the class differences per feature is generated (Figure
2-1). Selected features are then considered potential candidate biomarkers and final
generalized linear model (GLM) fitted with their performance evaluated both alone and in
combination through a stability analysis. A stability analysis consists of comparing the
devised model with a random model created by permuting the label features and so testing
against an empirical null distribution. Both the real model and permutation tests are
produced by sampling 1000 random training and test sets and performance is assessed
through AUROC, accuracy, sensitivity, precision and specificity plotted as density plots

alongside their means and standard deviation (Figure 2-1).

All analyses were performed in R statistical computing (R version 3.4.3) environment with
the R packages needed specified and the necessary software dependencies described in
the README file located in the repository. All analyses can be performed on a standard PC
environment with the run time increasing with larger datasets. After running, it compiles a
PDF report containing both all code generated and figures produced. Figures generated
include analogues to those found in Figure 2-1. Importantly, a list of selected features
(genes, metabolites, etc.) is also printed in the PDF report which can be easily copied so as
to be used as input for pathway and ontology enrichment analyses. An example of the report
produced has been included in Appendix 1. For the purposes of our validation studies,
pathway analysis and ontology enrichment were performed with the EnrichR tool with default

settings (analysed on Sept 7, 2018) (E. Y. Chen et al. 2013).
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2.3 Pipeline validation

2.3.1 Lipidomics

To assess the performance of our framework, we employed previously published data. First
we analysed a lipidomics dataset, available online as supplementary material from (Animesh
Acharjee et al. 2017). The lipidomics data was generated from The Cambridge Baby Growth
Study (CBGS), a prospective observational birth cohort. From the CBGS cohort we used
three different datasets, namely CBGS-1, CBGS-2 and POPS (Pregnancy Outcome
Prediction Study) and our objective was to identify nutritional lipid biomarkers able to classify
formula, human or a mix of human and formula milk nutrition in babies. All data was obtained
from dried blood spots and generated with direct infusion high-resolution mass spectrometry
(HRMS). For more details about the processes related to the data generation as well as

sample information please check (Animesh Acharjee et al. 2017; Prentice et al. 2015).

In their study, (Animesh Acharjee et al. 2017) identified relevant lipid biomarkers that were
able to predict infant feeding patterns based on a combination of supervised Random Forest
(a non-linear machine learning algorithm based on an ensemble of decision trees) and
iterative backward elimination. In our analysis, by applying our pipeline to the three sets of
data and performing three different classification studies (i. human milk vs mixed feeding,
ii.formula milk vs mixed feeding, iii. human vs formula milk), two types of relevant lipids; four
Sphingomyelin and two Phosphocholine were found as potential biomarkers, with three

matching those reported.
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Lipids CBGS1 CBGS2 POPS
SM(39:1) C,B,A C.A Cc
SM(32:1) C,B, A CA C
SM(36:1) C,B

SM(36:2) C,BA C,BA

PC(34:2) CA C,B c
PC(35:2) C,B CA Cc

Table 2-1. Selected lipid biomarkers

These lipids were found to be able to distinguish different feeding patterns in infants. Three

different classification models (A,B,,C)* were generated per dataset (CBGS1, CBGS2,

POPS). In bold we have those lipids detected in (Animesh Acharjee et al. 2017).
*Classification A: Human milk vs. mixed (formula milk and human milk combined)

feeding*Classification B: Formula milk vs. mixed (formula milk and human milk combined )

feeding *Classification C: Human milk vs. formula milk

An in-depth study of the final performance results of dataset CBGS1 can be seen in Figure

2-2 where lipids SM(32:1), SM(39:1) and SM(36:2) (selected at all different classification

instances as seen in Table 2-1) make up a final logistic regression/GLM model able to

classify participants having formula milk versus mixed with a significant 0.83 AUROC

following our stability analysis (Figure 2-2 A). Also, direct visualization of the selected lipids

in a box plot, allows for a clear display of the differing values of this feature in different

feeding choices justifying its selection and inclusion in the classification model.
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Figure 2-2. Final modelling results of lipids SM32.1, SM39.1 and SM36.2

A) Stability analysis of the GLM multivariable model comprising the lipids selected in the
CBGS1 cohort for formula milk versus mixed nutrition classification. 1000 models were
generated with both real and permutated labels, with performance assessed using AUROC
displaying a difference of mean AUROC 0.83 in real data and 0.5 AUROC in permuted data
(i.e random distribution)

2.3.2 Transcriptomics

For transcriptomic data, two datasets from the Gene Expression Omnibus (GEO) were
tested. GSE15471,a pancreatic ductal adenocarcinoma (PDAC) microarray expression
dataset (n=36 control, n=36 cases) (Rajamani and Bhasin 2016) and GSE15061
microarray expression data from a three-cohort study of acute myeloid leukaemia (AML) cell

lines with n=404 AML and n=138 control samples. A third transitional cohort of MDS
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samples was excluded (Mills et al. 2009). In each case, the Robust Multichip Average
standardized Affymetrix Human Genome U133 Plus 2.0 data submitted by the authors was
taken as input along with class information indicating case or control condition. Data can be
accessed at

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE15471 and https://www.ncbi.nlm.ni

h.gov/geo/query/acc.cgi?acc=GSE15061 respectively. Pre-processing of microarray data

included; (a) taking the median of duplicate probes across all conditions to yield one unique
probe per experiment, (b) collapsing rows of probes belonging to identical genes and taking
maximum expressed probe via the WGCNA R package, and (c) testing features (samples)
for low variance via the caret R package and removing those with near-zero variance among
all genes. The resulting numerical matrix of normalized gene expression values was used as
input for each experiment, yielding 22,880 genes and 542 samples for the AML dataset, and
an equal number of genes and 78 samples for the pancreatic cancer dataset. Normalized
data matrices produced both for validating the reproducibility of our pipeline as well as the
ones used as example input, are available in our project github repository

(https://qithub.com/jaw-bioinf/Biomarker lIdentification/).

The studies reporting this data performed slightly different classification studies in their
research, with (Rajamani and Bhasin 2016) integrating epigenetic and regulatory information
(miRNAs) in their feature selection procedure and (Mills et al. 2009) including too a
transitional cohort of myelodysplastic syndrome (MDS) samples in its prognostic
classification model. Therefore, we could not directly map our results and so opted for

validation via external pathway and ontology gene set enrichment tools.

In the pancreatic cancer dataset GSE15471, the top features selected included the following

20 genes: SULF1, COL10A1, MIR34AHG, INHBA, COL8A1, FN1, THBS2, NOX4, NTM,
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RASAL2, ADAMTS12, CAPG, CTHRC1, FAP, VCAN, SLPI, WISP1, LTBP1, GPRC5A,
TIMP1 (Figure 2-3 A), which were found to be often discussed in pancreatic cancer literature
(Ma et al. 2018). Also, our biological pathway analysis revealed a class of biomarkers
enriched in several known cancer pathways. After stringent multiple testing correction, the
following pathways were identified as being enriched:

e Senescence and Autophagy in Cancer

e Integrated Pancreatic Cancer Pathway

e TGF Beta Signalling Pathway (mouse)

e miRNA targets in ECM and membrane receptors

e TGF Beta Receptor Signalling (human)

The full results of our pipeline, including feature ranking graphs and AUROC, sensitivity,
specificity, and accuracy scores of each variable, as well as all the executed code are

included in the above mentioned github repository.
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The pipeline was also employed against an acute myeloid leukaemia (AML) cohort
(GSE15061). This analysis revealed sixty genes contributing significantly to AML (Figure 2-3
B). This gene set interacts with several AML-associated transcription factors, including
NKX2-3, HOXA7, and MYB. The analysis of genes active in cell lines available in the Cancer
Cell Line Encyclopedia (Barretina et al. 2012) revealed that our derived gene set is
significantly enriched in multiple haematopoietic and lymphoid tissue lines. Additionally,
investigation of the presence of our depicted genes in biological pathways, annotated in the
KEGG database (Kanehisa and Goto 2000) confirmed their known AML-gene associations
mediated by the ‘Hematopoietic stem cell lineage’ and ‘Transcriptional misregulation in
cancer’ pathways. Further results from these analyses are presented in (Bravo-Merodio,

Williams, et al. 2019).
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2.4 Use case: Golden Hour dataset

Screened*
N = 892
*Golden Hour study (Hazeldine et al. 2017)
Excluded
N =803
Recruited
N =89

Pre-processed*

N =61
MultiOrgan .
Dysfunction | Mean PS14 MT:al:eHg:p;tal Deceased
(MODS) y
No (n = 26) 86.860 8.840 0
Yes (n = 35) 78.545 9.971 8

*Participants with complete longitudinal samples and PS14 measurements

Analysis

Machine learning pipeline* for supervised classification of MODS
applied to immune and clincial parameters collected at:

» <1h after trama (61 participants x 68 features)

4 — 12h after trama (61 participants x 68 features)

48— 72h after trama (61 participants x 67 features)

All Time Points (TP) combined (61 participants x 197 features)

*Bravo-Merodio, Williams, et al. 2019

Results

Best immune predictors of MODS:
» Decrease in neutrophil CD62L after fMLF treatment (3 TP)
» CD63 expression (3¢ TP)
* Monocyte percentage (15t TP)
Addition of immune predictors improves model of current clinical
standards* to identify patients at risk of MODS

*Probability of Survival (PS14) and New Injury Severity Score (NISS)

Figure 2-4. Flowchart of the Golden Hour case-study
The immune response to trauma was analysed in 89 adult trauma patients at three different
time points (<1h, 4-12h, 48-72h). From these 89 patients, 61 were selected for a more
thorough analysis given their complete datasets and availability of main outcome scoring.
Analysis description and key results are here highlighted, with the full published work
accessible at (Bravo-Merodio, Acharjee, et al. 2019)
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We then applied our pipeline to a novel dataset from the Golden Hour study (Hazeldine et al.
2017) focused on the early immune response to major trauma. This dataset is unique in
characterising the immune signature of patients during the very early response to trauma
given that logically, with the abrupt nature of a traumatic injury, knowledge of the
physiological response after trauma has largely been based on post-admission to hospital
blood samples. However, studies such as (Hazeldine et al. 2017; Naumann et al. 2017; Xiao
et al. 2011) have recently suggested that by then the body’s immune response might already
be set towards either a helpful or dysregulated response influencing subsequent positive or
negative patient outcomes. Therefore, the predictive value of immune information
immediately after severe injury (before 2 hours) might help provide optimal care for patients,
encouraging interventions such as early total care, damage control orthopaedic surgery
(DOC) or guiding immunomodulatory therapies (Huber-Lang, Lambris, and Ward 2018;
Spruijt, Visser, and Leenen 2010). Moreover, the immediate immune signature has been
shown to hold predictive information for outcomes such as MultiOrgan Dysfunction (MODS)

and mortality unaccounted for in later time points (Cabrera et al. 2017).

A summary of the work (Bravo-Merodio, Acharjee, et al. 2019) can be seen in Figure 2-4.

Here, the previously devised pipeline (Figure 2-1) was applied on immune and clinical
markers describing the immune response to trauma in 61 patients at three different
post-injury time points (ultra-early (<=1h), 4-12h, 48-72h) to classify participants
developing MODS. MODS, a progressive failure of several independent organ systems,
occurs in 30% to 40% of trauma patients (Shepherd, Cole, and Brohi 2017) with nearly 50%
of those in the Intensive Care Unit (ICU) dying as a result (Mayr et al. 2006). The
immunological variables assessed belonged to the following categories: neutrophil functional
analysis (response to formyl-methionine-leucine-phenylalanine (fMLF)), monocyte response

to lipopolysaccharides (LPS) stimulation, haematological, cfDNA analysis and serum
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analysis (cytokines and cortisol). Results of the key identified features per time point and in
combination can be seen in Figure 2-5 . As expected, current clinical scoring variables such
as New Injury Severity Score (NISS) and Probability of Survival (PS14) are predominantly
selected features at all time points given they aggregate complex information such as gravity

of the wound to estimate the extent of trauma damage.
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We then repeated the analysis using data integrated from the three different time points and
applied a more stringent threshold for feature selection. The final model (Figure 2-6 (Left))
follows from an understanding that MODS development necessitates a multivariable
approach that is able to reproduce heterogeneous and complex interactions characterising
the complex nature of the acute immune response to injury. The final selected features were
not significantly correlated and showed both biological significance and clinical relevance
given the low cost and short time taken to perform their analysis. By selecting the features
irrespective of time points, we are selecting the overall highest associated changes with
MODS development. With this approach, a further understanding of how the response
develops might be reflected in this combination of time points, with multifaceted relations

between components and kinetics revealed.

More specifically, this multivariable combination consisted of three features related to
neutrophil function: the third time point both neutrophil decrease in CD62L expression after
fMLF treatment and CD63 expression and the first time point monocyte percentage (Figure
2-6 (Right)). This is unsurprising as it is well understood that traumatic injury leads to marked
alterations in the phenotype, function and life-span of circulating neutrophils with significant
changes in the composition of the circulating neutrophil pool (Manson et al. 2016). More
specifically, L-selectin (CD62L) a receptor that facilitates tethering of neutrophils to the
endothelium in inflammation is shown to be less prominently shed in MODS patients than in
non-MODs at all time points suggesting a level of immunoparesis. Similar phenomenons
have been previously reported in other receptors such as fMLF-induced expression of FcyRII
(CD32) (Hietbrink et al. 2009). Reduced expression of CD63, a marker of primary granule
exocytosis on the surface of neutrophils, is a well known marker for neutrophil activation. We
hypothesize that this apparently less active peripheral pool of neutrophils at time point three
(48 to 72h) in patients who developed MODS is due to those activated CD63 expressing

neutrophils migrating into tissues/organs where they would cause damage and potentially
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contribute to the pathogenesis of MODS. Finally, it is likely that the significantly lower
monocyte percentage associated with the development of MODS in the first time point (<1 h)
is simply a consequence of the higher frequency of neutrophils and immature granulocytes.
By just using immune predictors, an AUC value of 0.874+0.064 was achieved. The
prediction ability of the model was then further improved with the addition of NISS and PS14
clinical scores, where AUC values of 0.917 £0.064 AUC and 0.922 + 0.054 were obtained
respectively. All three models, as seen in Figure 2-6 (Left) were statistically significant with
respect to pure randomness as exemplified by permuted data. By comparing with their
univariate model performance, we can further establish a 13 and 8% increase in the
predictive capability of NISS and PS14 scores. Also, the discovery of relevant biological
descriptors offers the possibility of potentially identifying clinical targets that may be used for

intervention. All code for this work can be found at InFlamUOB/NSDTrauma.
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2.5 Web app

Having devised and validated our pipeline of work, we now aimed to make it more user
friendly and accessible. Therefore, we have developed an interactive, simple, free and
open-source supervised machine learning webtool using RShiny (Chang et al. 2023) to
facilitate its use. Our developed infrastructure (Figure 2-7) consists of an intuitive interface
with four modules mapping to a great extent those described in Figure 2-1: an exploratory
data analysis visualization module, a module that performs feature selection using the same
regularization algorithms in (Bravo-Merodio, Williams, et al. 2019; Bravo-Merodio, Acharjee,
et al. 2019) as well as others, a third module for model building with the selected features
and their combinations and a summary of results module. As key differences, feature
importance and more machine learning algorithms have been introduced (GLM, REF,
Decision Trees (DT), Boosted Trees (BT) or regularized boosted trees), using the tidymodels
framework (Kuhn and Wickham 2020). Performance of each model with each different
predictor combination and algorithm can be visualized and compared and a descriptive
RMarkdown report can be downloaded summarizing all main results and offering a guided

and easy interpretation. An example can be found in Appendix 1.
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The latest version of this pipeline can be reproduced through the code found in our

repository (InFlamUOB/MachLearnWebApp). A still in development online version is also

available at https://inflam.shinyapps.io/MachlLearnBiomarker2/. For a previous version of the

pipeline with detailed step-by-step instructions please refer to:

https://youtu.be/WsOwZ7KIFEQ, also featured in the “How it works” widget of the interface. A

more detailed overview of the webtool is as follows:

2.5.1 Module 1: Visualisation

A numbered box indicates to first select a dataset to start with the analysis. The dataset can
be either uploaded (.csv file) or publicly available biomedical example datasets (Bamba et al.
2017; Kou et al. 2019; Souza et al. 2017) can be used. The number of columns/features or
samples is not limited, although the larger the dataset the longer the analysis takes. The
selected dataset can then be visualised, both as a table or explored column by column with
added summary data such as count for categorical variables. Upon selection of the outcome
label, the data will change the variable’s name selected to “Label” and the user will obtain a
summary of the automatically generated preprocessing steps based on the data
characteristics. Supervised machine learning can be performed for both continuous
(regression) or binary categorical data (classification). General characteristics of the data
selected such as names, dimensions and output variables are printed alongside a simple
correlation plot (corrr package) and a density plot with variables stratified by the outcome

selected.

2.5.2 Module 2: Feature selection

Our aim was to create a tool targeted to the life science industry’s needs, with conclusive
visualisation and results upon which actionable decisions can be taken and useful biological
insight generated. For this we have wanted to acknowledge the common need to reduce the

feature dimension space previously mentioned and focus on potential biomarkers of interest
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through feature selection. First, the regularization algorithms used in the previous work are
applied through GLMNET (Friedman, Hastie, and Tibshirani 2010), as well as three others
(GLM, RANGER (Random Forest) and the boosted tree algorithm XGBoost) using the
tidymodels package in R (Kuhn and Wickham 2020) and following (EIHabr 2020)’s work. The
features that appear to be more important for each model are then selected through different
feature importance methods including model-agnostic algorithms such as the explainable Al
package DALEX (Biecek 2018), Shapley values (Sundararajan and Najmi 2020) and
permutation related variable importance or model-specific algorithms such as model related
variable importance. Given that there is no algorithm able to fit all data perfectly (“No Free
Lunch Theorem”(Belkin et al. 2019)), testing more than one algorithm and more than one
approach to interpret feature importance provides us with the possibility of acknowledging
many more possible underlying relationships. For each model, the data is resampled and
hyperparameters optimized. The top 9 ranking features per model can be visualized in a
heatmap and those scoring high importance in the most models are selected and followed

through to final model building.

2.5.3 Module 3: Final model building

Models are built based on a combination of the top features selected (user can select from 1
to the 5 top ranked predictors). These features are then combined with each other in pairs,
trios as well as all together, generating for example 11 different multivariable models if 4
predictors are selected. Five different algorithms are then offered as options, allowing for the
comparison of results from different ML algorithms and tailoring to the specific users needs,
with ones being simpler and interpretable (i.e GLM) and others of higher complexity and
requiring extra memory resources (i.e XGBoost). Moreover, different number of bootstraps

(random splits of the dataset into 25% testing and 75% training) can be selected. All feature
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combinations are then modelled based on the specified algorithm as well as the specified
number of bootstraps. Results are then presented in a ranking table, a dot plot showing all
accuracy, sensitivity, specificity and AUROC results for both training and testing splits, as

well as a tile plot showing the AUROC values by model and feature.

2.5.4 Module 4: Analysis report

The results can then be downloaded through an RMarkdown report for all main results (plots

and tables). A report example is detailed in Appendix 1.

2.6 Conclusion and discussion

Biological research has become increasingly computational. In this chapter we have
presented a machine learning pipeline for biomarker identification through three different
pieces of work. First, we have developed the workflow and validated it, then applied it to a
novel case of study and finally worked on improving it, adapting it to allow its dissemination.
To accomplish this, we have harnessed the power of open source software using R (R Core
Team 2020) and RStudio (RStudio Team 2020) which develop infrastructure such as RShiny
(Chang et al. 2023) and RMarkdown to allow for the seamless sharing of workflows for the
larger bioinformatics community and empowering researchers to conduct reproducible
analyses at scale. Our framework harnesses these developments to cater the provision of
such tools to non-experts allowing for an easy, intuitive and simple preliminary analysis of

data that can aid in future biomedical/clinical translation.

In this work we have mainly focused on the development of pipelines and workflows given
workflow systems are rapidly becoming the workhorses of modern bioinformatics. With our
in-house developed pipeline, we have then been able to analyse the Golden Hour dataset
(Hazeldine et al. 2017), unique for its ultra-early immune information upon trauma,

unravelling signatures of patients with worse outcomes. Albeit a low sample size (61
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participants), the robustness of our pipeline, with stability analysis and previous validation
studies (Bravo-Merodio, Williams, et al. 2019) points at our identified potential biomarkers
(i.e decrease in neutrophil CD62L after fMLF treatment, CD63 expression and monocyte
percentage) as interesting leads to follow-up in future studies (Bravo-Merodio, Acharjee, et

al. 2019).

In an attempt to further improve our workflow, our last version of our machine learning
pipeline is adapted into a webapp and incorporates a broader range of machine learning
algorithms, including XGBoost, considered one of the best performing algorithms (X. R. Gao
et al. 2023). It also focuses on explainability of the underlying models, understanding that
biological and healthcare research requires of a high degree of interpretability, where being
able to unravel mechanisms of interest, translate results and make actionable decisions is
essential (Rudin 2019; Caruana et al. 2015). Examples include the use of heatmaps showing
the contribution of specific variables (Appendix 1), or feature importance algorithms

incorporating the latest developments on explainable Al.

For the future, further work on the webapp is required. First, more work on software
robustness would be needed with a special effort required to create a stable software
package compliant with standard FAIR principles (findable, accessible, interoperable and
reusable) (Barker et al. 2022). This might be achieved through the adaptation to well-known
workflow software tools such as Snakemake, or Galaxy (Reiter et al. 2021). Also, a special
emphasis on unit testing, scalability, interoperability and parallelization in external servers
would be needed. Regarding content, with a quickly expanding ML universe, novel
algorithms to adapt to the most recent developments would be of interest too, with for
example the inclusion of multiclass classification analysis or other metrics for model

comparison such as maximum likelihood. These improvements would align with current state
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of the art examples such as PyCaret, a low-code machine learning library in Python that

automates machine learning workflows (Ali 2020).
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3 Chapter 3: Clinical translation and CovidSurg

Content from this chapter has been published:

Bravo-Merodio, L, & Collaborative, C. (2021). Machine learning risk prediction of mortality
for patients undergoing surgery with perioperative Sars-Cov-2: The CovidSurg mortality

score. The British Journal of Surgery, 108(11), 1274.

Or is undergoing review:

Bravo-Merodio, L, & Collaborative, C. (n.d.-). Risk of pulmonary complications in adults
undergoing elective surgery: Development and validation of a prognostic model to support

safe global recovery of elective surgery. In Lancet Digital Health.
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3.1 Background and chapter overview

Medicine is inherently a decision-based process. But the decisions on diagnosis or prognosis
are extremely complex and prone to inherent bias and errors. With machine learning, large
amounts of heterogeneous data are transformed into statistical patterns able to capture
relevant information, helping guide patient care. Regardless, actual deployments of ML
systems in the clinic are scarce with the need for robust, trustworthy, explainable, and

transparent systems still presenting challenges (Rajkomar, Dean, and Kohane 2019).

In this chapter, we showcase our work building clinical decision-support systems through two
different clinical prediction models. During the COVID-19 pandemic, the pipeline presented in
Chapter 2 was adapted to explore the impact of COVID-19 in surgical patients and services.
These studies were done alongside the CovidSurg Collaborative (‘CovidSurg — Globalsurg’
n.d.), a NIHR Global Surgery Research Unit built out of the need to derive evidence-based
guidelines for surgical practice. During the pandemic, they were focused on exploring how to
restart surgery in a safely manner and collected international, multicentre, observational
cohorts of patients with SARS-CoV-2 infection who had surgery at different hospitals and
countries (COVIDSurg Collaborative 2020; J. Glasbey et al. 2021; STARSurg Collaborative
and COVIDSurg Collaborative 2021; Collaborative and Collaborative 2021). Given that
guiding patient risk stratification for surgery was essential with tens of millions of operations
cancelled due to excessive postoperative pulmonary complications (~51.2%) and mortality
rates (~23.8%) in patients with perioperative SARS-CoV-2 infection (COVIDSurg
Collaborative 2020), in this work, we have focused on building two different prognostic
models aimed for:

1. Prediction of postoperative mortality risk in patients with perioperative SARS-CoV-2

infection (CovidSurg Mortality Score) (COVIDSurg Collaborative 2021)
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2. Prediction of postoperative pulmonary complications in adults undergoing elective

surgery (GlobalSurg-Pulmonary Score).

3.2 Machine learning risk prediction of mortality for patients undergoing
surgery with perioperative SARS-COV-2: The CovidSurg mortality score

3.21 Summary

At the time of the study, perioperative SARS-CoV-2 infection was a great challenge with rates
of infection in elective surgery patients ranging from 1 to 9% (Kibbe 2020; J. C. Glasbey et al.
2021), vaccination not yet available and preoperative screening increasing the numbers of
SARS-CoV-2-positive patients. Therefore, to inform consent and shared decision-making, a
robust, globally applicable score to predict individualized mortality risk for patients with

perioperative SARS-CoV-2 infection was created (COVIDSurg Collaborative 2021).

To do so we studied an international, multicentre (756 hospitals from 69 different countries),
prospective, cohort study (COVIDSurg Cohort Study) which included patients who were
diagnosed with SARS-CoV-2 in the 7 days before or the 30 days after surgery. Patients
undergoing any type of surgery were included from 1 February 2020 to 31 July 2020. Full

study methodology has been published previously (COVIDSurg Collaborative 2020).

Machine learning methods were used to analyse the COVIDSurg Cohort Study dataset, in a
similar way to that described in Chapter 2. First, sixteen patient and operative variables were
entered into the analysis and based on time, data were split into a derivation set, where all
analysis and modelling were performed, and a validation set, where the final model was
assessed. Five features (age, preoperative respiratory support, ASA grade, specialty and
revised cardiac risk index (RCRI) score) were selected following variable importance
measurements from both linear and non-linear modelling. These features were then

combined into 26 different predictor sets, which were fitted through three different algorithms
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(logistic regression, decision trees and random forest), generating a total of 78 different
models. These models were tuned with a 10-fold cross-validation, fitted in the 75% split of
the derivation set and assessed in the remaining 25%. In order to ascertain the model’s
stability, this training and testing split was randomly repeated 100 times (bootstraps). The
best performing model (logistic regression of predictors: age, ASA grade, RCRI score and
preoperative respiratory support) had a performance of 0.80, 95% CI (0.77 — 0.83) AUROC
and calibration of 0.084 (Brier score), 0.078 (calibration-in-the-large) and 1.08 (slope). The
model was then deployed alongside risk scores for individual prediction and can be accessed

through either http://covidsurgrisk.app/ or https://inflam.shinyapps.io/RiskAppLukeAugust2/.

3.2.2 Methods and results

3.2.2.1 Data: Patient characteristics and outcomes

From 10,029 patients in the cohort study, data from 8492 patients entered the machine

learning processes (Figure 3-1).
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Excluded patients:

Children n =454

Local/other anaesthesia n = 389

Minor procedure (e.g vessel catheterization) n = 272
Incomplete date of surgery n =228

Not CT or swab confirmed diagnosis n = 186
Ambiguous gender n =8

Working data set
CovidSurg
N=10029

Exploratory data analysis

16 candidate predictors
(Predictors excluded if
missing > 20%)

!

Missing Values Sensitivity Analysis

MICE imputation n = 8492
Complete cases n = 8142

!

Split into « Split by time: derivation ( February, March, April, May) and vlidation (June, July)
derivation and
validation sets

Validation Set
MICE n=1715

l Complete case analysis
Derivation set n =1668
MICE n = 6777
Complete case analysis
n=6474
!

* Elastic Net modeling

* Bootstrapping for hyperparameter
optimization

* Ranking of most important variables per
model obtained and top 5 between both

Feature selection
Penalised logistic
regression (EN)
& random forest
importance (m = 5)

selected
c) - 1 * Random split repeated 100 times
Testing and (bootstrapping)
training split
(25:75)
!
Model generation * Hyperparamters optimization
* All feature combinations separately
RF, DT, GLM methods modeled
used to fit a model with « Random Forest (RF), Decision Tree (DT),
each combination Generalized Linear Model (GLM)
of the selected features modeling methods assessed

|

Performance assessed through the
mean and standard deviation of:

Best perfoming *  Sensitivity
feature combination *  Specificity
and method selected * AUROC

l * Accuracy

Final model built * Mean coefficients of all bootstraped splits define the final
(GLM) model

 Discrimination and calibration assessed

Validation * Imputed and non imputed results compared

Model deployment

* Case fatality percentages determined
Web app

Figure 3-1. Workflow description
Cohort study, patient inclusion and model derivation and validation description (MICE,
multiple imputation by chained equations; EN, elastic net)

The most common surgical procedures were abdominal (40.%, 3446 of 8492 patients),
orthopaedic (33.8%, 2867 of 8492) and head and neck surgery (9.8%, 835 of 8492).

Emergency surgery accounted for 80.8% (6862 of 8492 patients) and benign disease for
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57.3% (4868 of 8492). Of the 8492 patients, data from 6777 patients who had surgery from
February to May 2020 (726 hospitals, 65 countries) were entered into the derivation set and
data from 1715 who had surgery from June to July 2020 (296 hospitals, 53 countries) were
entered into the validation set. Mortality rates were 17.2% overall (1462 of 8492 patients),
18.9%(1279 of 6777) in the derivation set and 10.7% (183 of 1715) in the validation set
(Table 3-1). This decrease in overall postoperative mortality is associated with a change in
the characteristics of patients undergoing surgery between the two periods, with fewer older
and higher ASA grades patients operated in during the validation set period. Whilst this
indicates that surgeons have started to select lower-risk patients for surgery, the validation
set mortality rate of 10.7% is still very high, indicating that a more structured and reproducible

approach to risk-assessment would still improve patient selection.

From the 16 variables studied 15 only continued in our study (Figure 3-1), given C-Reactive
Protein had to be excluded due to exceeding our missing data threshold (=20%). The
remaining features are widely available before surgery and globally (even in resource limited
environments without the need for additional tests). A complete case analysis is presented in
this research with the extra multiple imputation analysis carried out available in (COVIDSurg

Collaborative 2021).
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Derivation cohort

Validation cohort

Alive Dead Alive Dead
Factor Level N=5498 N=1279 | PVal| nN=1532 | nN=183 | P@
18-39 years 1124 (20.4%) |45 (3.52%) 718 (46.9%) |29 (15.8%)
40-49 years 563 (10.2%) |62 (4.85%) 215 (14.0%) |15 (8.20%)
50-59 years 756 (13.8%) 120 (9.38%) 211 (13.8%) |35 (19.1%)
Age 60-69 years 021 (16.8%) _|221 (17.3%) _|<0.001 [170 (11.1%) |36 (19.7%) _|<0.001
70-79 years 1025 (18.6%) [342 (26.7%) 110 (7.18%) |36 (19.7%)
80-89 years 832 (15.1%) 337 (26.3%) 95 (6.20%) |25 (13.7%)
=90 years 277 (5.04%) [152 (11.9%) 13 (0.85%) |7 (3.83%)
Female 2794 (50.8%) |528 (41.3%) 764 (49.9%) |75 (41.0%)
Sex Male 2703 (49.2%) 749 (58.7%) | "7 [768 (50.1%) [108 (59.0%) |08
) . 33.0 _ 20.0 94.5
C-reactive protein mg/L [7.00:102] 49.0 [12.0;137] [<0.001 15.00:71.2] [24.0:162] <0.001
Major 4023 (73.7%) [1020 (80.3%) 1077 (70.6%) 135 (75.0%)
f
Grade of surgery =y o 1435 (26.3%) 251 (19.7%) | %" 440 20.4%) |45 (25.0%) |20
. General 4123 (75.0%) (995 (77.8%) 1036 (67.6%) [147 (80.3%)
Anaesth . .
naesthesta Regional only 1375 (25.0%) [284 (22.2%) __|°°° [496 (32.4%) |36 (19.7%) |00
Abdominal surgery _|2236 (41.0%) 430 (33.8%) 654 (44.8%) |96 (53.3%)
Cardiothoracic
suraory 217 (3.98%) |72 (5.66%) 48 (3.15%) |6 (3.33%)
Specialty Sug‘;f;’ and neck 579 (10.6%) 152 (12.0%) <0.001 [83 (5.44%)  [21 (11.7%) |<0.001
Obstetric 448 (8.21%) |15 (1.18%) 324 (21.2%) |3 (1.67%)
Orthopaedic surgery |1870 (34.3%) [591 (46.5%) 352 (23.1%) |54 (30.0%)
Other surgery 108 (1.98%) |11 (0.87%) 35 (2.29%) |0 (0.00%)
Haemoglobin (g/dl) 119 [101;135] [111[96.0;130]  |<0.001 [123 [108:139] [190060_125] <0.001
White cell count 9.41 . 10.0 13.2
(10%9/L) [6.90;13.1] [>70[70013.9] 0087 17501401 |B67:18.3] [0-00
None 3595 (66.4%) |662 (52.2%) 1188 (78.0%) |75 (41.0%)
Preoperative Supplemental
respiratory support loxvaen 1244 (23.0%) [383 (30.2%)  |<0.001 [256 (16.8%) |65 (35.5%) |<0.001
Ventilation 578 (10.7%) _[224 (17.7%) 79 (519%) |43 (23.5%)
dication f Benign 3065 (55.8%) [623 (48.7%) 1049 (68.5%) [131 (71.6%)
n ;f‘?g:g:'y or Cancer 917 (16.7%) 210 (16.4%) <0.001 [179 (11.7%) |21 (11.5%) |0.624
Trauma 1514 (27.5%) |445 (34.8%) 304 (19.8%) |31 (16.9%)
Elective 1132 (20.6%) [176 (13.8%) |<0.001 [304 (19.8%) |17 (9.29%)
u f .
rgency ot surgery e ergency 4365 (79.4%) 1103 (86.2%) 1228 (80.2%) 1166 (90.7%) |°°*"
Timing of Postoperative 2645 (48.1%) [769 (60.1%) 370 (24.2%) |67 (36.6%)
SARS-CoV-2 . .
diagno‘s’is Preoperative 2852 (51.9%) 510 39.9%) |00 1162 (75.8%) |16 (63.4%) [0-0°
Non-smoker 4922 (89.5%) [1180 (92.4%) 1404 (91.7%) 160 (87.4%)
Current smok . .
e S oK Smoker 575 (10.5%) |97 (7.60%) 0002 127 (8.30%) 123 (126%) | °
. No respiratory o o o o
E:Iiz.:sit:i:y isouce 4710 (85.7%) [1033 (80.9%) | 11 [1426 (93.1%) [156 (85.2%) | o
y Respiratory disease 787 (14.3%) 244 (19.1%) 105 (6.86%) |27 (14.8%)
0 1734 (31.5%) [305 (23.9%) 600 (39.2%) |27 (14.8%)
Revised Cardi 1 2481 (45.1%) [471 (36.9%) 680 (44.4%) |86 (47.0%)
e\lgissekln:;xlac 2 389 (16.2%) 320 (25.1%) <0.001 [196 (12.8%) |50 (27.3%) |<0.001
3 294 (5.35%) [121 (9.48%) 40 2.61%) |15 (8.20%)
>4 99 (1.80%) |60 (4.70%) 15 (0.98%) |5 (2.73%)
Grade 1 624 (11.4%) |26 (2.05%) 400 (26.7%) |7 (3.83%)
Grade 2 1801 (33.0%) [210 (16.5%) 614 (40.1%) |38 (20.8%)
ASA grad . .
grade Grade 3 2219 (40.6%) [616 (48.5%) 0001 575 (24.3%) |79 (43.2%) | -0
Grades 4-5 821 (15.0%) _|417 (32.9%) 137 (8.94%) |59 (32.2%)

Table 3-1. Patient, disease and operation factors of patients included in the derivation and

validation sets.

Univariate analysis and p-values obtained

through

the function
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compareGroups package where all continuous variables (non-normal as assessed by the
Shapiro-Wilk test) are described through the 25th and 75th percentiles. Categorical variables
are shown with % and p-values were calculated depending on the type of variable, with
Kruskall-Wallis for continuous and chi-squared permutation or fisher test for categorical,
depending on the number of classes. Percentages given as proportion of column total.
Differences between grouped data was tested with chi-squared test. ASA: American Society
of Anaesthesiologists.

3.2.2.2 Feature selection

In the same way as performed in Chapter 2, we now proceeded with feature selection (Figure
3-1). Feature selection from the candidate predictors aimed to optimize the predictor group
by finding the smallest independent set of variables with the greatest association to the
outcome, to ensure both best performance and minimize overfitting. The methods used were
elastic net (Zou and Hastie 2005) using the package gimnet and random forest from the
package ranger, with variable importance evaluated through the vip package and Gini index
respectively. As mentioned previously, elastic net generates sparse linear models whereas
random forest, an ensemble of decision trees, gives insight on non-linear interactions. These
methods were applied on the derivation set, with hyperparameter tuning using 10- and 5-fold
resamplings across a regular grid search using the R packages’ tidymodels and recipes. By
applying these different variable selection methods, we are acknowledging different
possibilities of feature interaction criteria ensuring no important patterns are missed out

Figure 3-2.
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The final set of features was determined by merging the feature selection importance ranking
of both methods. The criteria used consisted of accounting for both the feature’s ranking and
frequency of appearance. These features were then combined with each other, generating
different models with which to find the most informative set of predictors. A maximum of 5
features were selected as threshold, given this number offered the best compromise of
computing time required and possible information loss. The five features taken forward into
model building were age, preoperative respiratory support, ASA grade, specialty and revised

cardiac risk index (RCRI) score (Figure 3-2. B).

3.2.2.3 Model building and validation

The combination of these 5 selected features yields 26 different multivariable sets of
predictors to evaluate in three different modelling approaches (78 final models per bootstrap).
To perform model building, the derivation set was split into a 25% testing and 75% training
partition (Figure 3-1). This process was bootstrapped (or randomly repeated) 100 times and
for each of the bootstraps, all 26 feature combinations were fitted using three different
algorithms (logistic regression, decision trees and random forest). The first two algorithms
were chosen because of their relative simplicity for interpretation and well-known use in
medical settings as well as their contrasting methodology given they focus on different types
of interactions (linear vs non-linear) (Rosenfeld et al. 2020). The third model, random forest,
was chosen given it can be considered a complex extension of decision trees and so acts as
a useful reference for oversimplification in model performance assessment. A visual
summary of all the operational algorithms performed can be seen in (Figure3-3A), with the
evaluation of all feature combinations (runs 1-26) of the three different modelling methods at
both training and testing partitions. Hyperparameters in each of these models were also
tuned through grid search and 10-fold cross validation, with results available in the

supplementary figures of the paper (COVIDSurg Collaborative 2021).
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For the final decision on the best model combination, performance was evaluated through
the mean AUROC value of the 100 bootstraps. The standard deviation of our results was
also considered in order to assess the stability of our models, as well as sensitivity, specificity
and accuracy. We decided a priori to choose the simplest model (less number of independent
features) with the highest and most robust performance. Also, to guide model choice, we
provided a visual overview of the performance associated with particular features in all
logistic regression models where for instance, models without age can be seen to perform
worse ( e.g runs 8, 11, 25). Complete modelling results can be found in the supplementary

data of (COVIDSurg Collaborative 2021) with the top 15 performing models found in Table

3-2.
Mean SD .

Model Run AUROC AUROC Variable names Length
Logistic 21 0.722 0.011 Age, ASA grade, RCRI score, Preoperative respiratory support 4
Regression ) i ’ ’ ’

Logistic _ 26 0.72 0.011 Age, _ASA grade, RCRI score, Preoperative respiratory support, 5

Regression Specialty

Logistic . . .

Regression 23 0.716 0.012 Age, ASA grade, Preoperative respiratory support, Specialty 4

Logistic . .

Regression 12 0.715 0.012 Age, ASA grade, Preoperative respiratory support 3

Iéoglstlc . 11 0.714 0.013 Age, ASA grade, RCRI score 3
egression

;09'5"C . 22 0.712 0.012 Age, ASA grade, RCRI score, Specialty 4
egression

Logistic 14 0.711 0.01 Age, RCRI score, Preoperative respiratory support 3

Regression ) i ’ ’

Logistic 1 0.711 0.013 Age, ASA grade 2

Regression

Logistic . . .

Regression 24 0.71 0.01 Age, RCRI score, Preoperative respiratory support, Specialty 4

Logistic .

Regression 13 0.709 0.013 Age, ASA grade, Specialty 3

Decision . .

Trees 21 0.699 0.014 Age, ASA grade, RCRI score, Preoperative respiratory support 4

Logistic 16 0.698 0.011 Age, Preoperative respiratory support, Specialty 3

Regression ) i ’ ’

.'?;‘;':'0” 22 0.696 0.013 Age, ASA grade, RCRI score, Specialty 4

Logistic ) .

Regression 3 0.696 0.012 Age, Preoperative respiratory support 2

?ree(zzlon 24 0.695 0.013 Age, RCRI score, Preoperative respiratory support, Specialty 4

Table 3-2. Top performing models

Top 15 models (combination of features and machine learning method), ranked by mean
AUROC, evaluated in the test partition of the derivation. The best performing model as
evaluated by the highest AUROC was then selected as the final model (Run 21, made up of
logistic regression of age ASA grade, RCRI score and preoperative respiratory support).
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AUROC: Area under the receiving operator characteristic curve; ASA: American Society of
Anaesthesiologists

A logistic regression model with four features (age, ASA grade, RCRI score and preoperative
respiratory support) was finally selected as our model of choice and our final model was then
built by averaging the coefficients of the 100 models produced (Teschendorff 2019; X. Chen

et al. 2020) (Table 3-3) and applied to both the whole derivation and validation sets.

Variables Mean Standard Odds
Deviation
Intercept -3.906 0.158 0.020
Age: 40-49 years 0.677 0.138 1.968
Age: 50-59 years 0.875 0.1 2.400
Age: 60-69 years 1.313 0.106 3.719
Age: 70-79 years 1.623 0.106 5.068
Age: 80-89 years 1.869 0.106 6.481
Age: 290 years 2.215 0.118 9.165
ASA grade: Grade 2 0.320 0.132 1.377
ASA grade: Grade 3 0.705 0.133 2.025
ASA grade: Grades 4-5 1.236 0.139 3.440
RCRI score: 1 0.154 0.058 1.167
RCRI score: 2 0.456 0.063 1.5787
RCRI score: 3 0.509 0.079 1.663
RCRI score: 24 0.738 0.099 2.091
Preoperative respiratory support: oxygen 0.273 0.043 1.313
\I::(t)”;;et;ztlve respiratory support: 0.797 0.055 2,070

Table 3-3. Final logistic model coefficients

Obtained by averaging the coefficients generated in each bootstrap (100) for the
top performing model (run 21, i.e., logistic regression of features age, ASA grade,
RCRI score and preoperative respiratory support ) ASA: American Society of
Anaesthesiologists; RCRI: Revised Cardiac Risk Index

Performance was assessed through both discrimination (AUROC) and calibration (Brier
score, slope, and calibration-in-the-large (Gupta et al. 2021; Huang et al. 2020; van Walraven

2014; Steyerberg and Vergouwe 2014)), with the AUROC for the final score being 0.73 (95%
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Cl: 0.71 to 0.74) in the derivation set and 0.80 (95% CI:0.77 to 0.83) in the validation set
(Figure 3-4). Calibration in the validation set is shown in Figure 3-5 (Brier score 0.084,

calibration-in-the-large 0.078, slope 1).
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Figure 3-5. Calibration evaluation results

A) Calibration plot for the predicted probabilities in the validation set. In red a loess smoothed
line linking calibration at bins of 10 with confidence intervals calculated. 45 degree black
angle line shows the perfect calibration plot (slope 1 , intercept/ calibration-in-the-large 0).
Below we have a histogram of probability estimates. B) Boxplot and beeswarm plot of
predicted probabilities in validation set, stratified by outcome. C) Assessment of calibration in
both validation and derivation sets (Brier score, slope and intercept/ calibration-in-the-large
evaluated through val.prob function from rms package)

Finally, in order to establish the different risk cut-off values, case fatality ratios at different
model probability output’s thresholds were assessed in the validation set and checked in the
derivation set (Knight et al. 2020) (Table 3-4). These thresholds (~ 2%, ~10%, ~30%, and
~45% mortality), were influenced by distribution of the data and the clinical importance of
various cut-offs. The whole dataset, merging both validation and derivation sets was then

used to report the final case fatality percentages.
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Derivation

CVL;tI-lvl:):f Pa(t‘i,/(:;'nts ™ ™ FP EN Sen(so}:)ivity Spe(%;of;city I:‘;\)I r\(l‘;\)l Mo(l;t/f)lity
<0.05 1031 (15.93) | 1202 | 1008 | 4241 23 98.1 19.2 221 97.8 2.2
<0.2 3683 (56.89) | 861 3319 | 1930 364 70.3 63.2 30.8 90.1 9.9
20.2 2791 (43.11) 861 3319 | 1930 364 70.3 63.2 30.8 90.1 30.8
20.5 85 (1.31) 40 5204 45 1185 3.3 99.1 471 81.4 471

Validation

<0.05 723 (43.35) 166 71 779 12 93.3 47.7 17.6 98.3 1.7
<0.2 1366 (81.89) 88 1276 | 214 90 494 85.6 29.1 93.4 6.6
20.2 302 (18.11) 88 1276 | 214 90 494 85.6 291 93.4 291
20.5 8(0.48) 4 1486 4 174 2.2 99.7 50.0 89.5 50.0

Table 3-4. Performance metrics of model probability output at different cut-off values in
both derivation and validation cohorts.

TP: True positive; TN: True negative; FP: False positive; FN: False negative; PPV:
Positive predictive value; NPV: Negative predictive value. Mortality = estimated
absolute mortality risk for all patients in group.

From the model and risk cut off we then derived this simple visualization (Figure 3-6) to aid in
clinical decision making, including it in the COVIDSurg Mortality Score interface, where the

model has been deployed online too (accessible through either http://covidsurgrisk.app/ or

https://inflam.shinyapps.io/RiskAppLukeAugust?2/ ) as a risk calculator/stratification tool.

Given the objective is to inform surgeons, patients, and healthcare decision makers to reach
a better understanding of risk when treating surgical patients during the COVID-19 pandemic,
a public tutorial to present it was performed too and is accessible Vvia

(https://www.youtube.com/watch?v=a0McrK-NnE)
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This prediction model is reported in alignment with TRIPOD (Moons et al. 2015; Jalali,
DiGennaro, and Sridhar 2020) and PROBAST (Wolff et al. 2019) guidelines (supplementary
data of (COVIDSurg Collaborative 2021)). All analysis was performed in R Foundation for
Statistical Computing V4.0 (Vienna, Austria) version 4.00 and RStudio through the University
of Birmingham’s BlueBEAR High Performance Computing service using rslurm, drake and all

packages mentioned above. To aid transparency in research, all scripts and code used have

been uploaded to github (https://github.com/InFlamUOB/CovidSurg) with data available upon
reasonable request. The code reported contains an Rmarkdown example (.html) as well as

figures demonstrating the analysis pipeline.

3.3 Risk of pulmonary complications in adults undergoing elective surgery:
Development and validation of a prognostic model to support safe global
recovery of elective surgery (GlobalSurg-Pulmonary Score)

3.3.1 Summary

Pulmonary complications are a common and lethal sequela of surgery and as elective
surgery is upscaled to address a growing global backlog during pandemic recovery, they
pose a major threat to patient safety (COVIDSurg Collaborative 2022; Simoes, Bhangu, and
CovidSurg Collaborative 2020). More specifically, pulmonary complications have been
implicated in 37% of postoperative deaths in the pre-pandemic period, and as many as 66%
of deaths during the pandemic due to additional risks of perioperative SARS-CoV-2 infection
(STARSurg Collaborative and COVIDSurg Collaborative 2021). Several prognostic risk
models for postoperative pulmonary complications have been reported in the literature
(Canet et al. 2010; 2015) but, in a recent systematic review, few existing models have been
found to be externally validated with none demonstrating acceptable performance

(AUROC>0.7) (STARSurg Collaborative and TASMAN Collaborative 2022). Also, all risk
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scores that reported external validation used at least one complex variable that may not be
available in the outpatient clinic at the time of decision for elective surgery, or in
resource-limited environments. No existing scores reflect additional risk to patients during

local outbreaks of SARS-CoV-2 for patients undergoing surgery (Wynants et al. 2020).

In this study we aimed to derive and validate a novel prognostic model that can be used
before elective surgery to estimate the risk of postoperative pulmonary complications at
30-days after surgery and support resource allocation and prioritisation during pandemic
recovery. For this, 13 candidate predictor variables in data from 86,231 patients were used
(Collaborative and Collaborative 2021). To build the model, both LASSO, a regularized linear
model and XGBoost were tested. Given they both displayed a similar discrimination
performance (AUROC 0.786, 95% Cl:0.774-0.798 versus 0.785, 95% CI:0.772-0.797
respectively), the LASSO model was selected given it is more explainable and simpler.The
final GlobalSurg-Pulmonary Score included ten predictor variables and demonstrated good
discrimination and calibration upon internal validation (AUROC 0.7729, 95%CI
0.7509-0.7948; Brier score: 0.020, calibration-in-the-large: 0.072, slope: 0.930). The model
was then externally validated through two different datasets (CovidSurg-Cance and RECON)
(COVIDSurg Collaborative 2020; J. Glasbey et al. 2021; STARSurg Collaborative and
COVIDSurg Collaborative 2021; Collaborative and Collaborative 2021), with an acceptable
performance in CovidSurg-Cancer (AUROC 0.746, 95% CI: 0.733-0.760; Brier score: 0.036,
CITL: 0.324, slope: 1.002), but with some miscalibration in RECON data (AUROC: 0.690,
95% CI 0.663-0.719; Brier score: 0.045, CITL: 0.711, slope: 0.875). The model was deployed

to an online web application: https://surgicalrisk.app with the hope to inform surgical consent,

resource allocation, and hospital level prioritisation.

3.3.2 Methods and results
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3.3.2.1 Data: Patient characteristics and outcomes

For this study, data from three international prospective cohort studies on elective surgeries
in adult patients (>18 years) across all operation and disease types was used (in total
126,406 patients from 119 countries and 1158 hospitals). All these datasets have been
explored previously, with information on ethics, approvals, data governance and data quality
already published (COVIDSurg Collaborative 2020; J. Glasbey et al. 2021; STARSurg

Collaborative and COVIDSurg Collaborative 2021; Collaborative and Collaborative 2021).

The first dataset, GlobalSurg-CovidSurg week study (global, October 2020, NCT04509986,
n=87, 863))(Collaborative and Collaborative 2021), was used for model development. The
other two, CovidSurg-Cancer (Worldwide, February to August 2020, NCT04384926, n=31,
205)) (J. Glasbey et al. 2021), and RECON (UK and Australasia, January to October 2019,
n=7, 342 ) (STARSurg Collaborative 2020) were used for external validation. For all datasets,
the overall rate of missing data was very low (<0.1% overall and <2% for all candidate
predictor variables) and appeared to be missing at random, so a complete case analysis was
conducted. The complete case analysis included 86,231 patients in model development, and
30,488 from CovidSurg-Cancer and 6789 from RECON in external validation (Figure 3-7).
The adequacy of our sample size was tested using an estimate of the predicted AUROC
(0.7) and prevalence (3.0%) from a contemporary systematic review (STARSurg
Collaborative and TASMAN Collaborative 2022), where we fulfilled the estimated minimum

sample size requirement of 21,299 patients, and 639 events (Riley et al. 2019).
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Candidate predictor variables

Candidate predictor variables identified from systematic review of the literature
Review of prospective cohort study protocols to determine final variable set (N=17)
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Figure 3-7. Workflow description

Cohort study, patient inclusion and model derivation and validation description

The primary outcome measure was postoperative pulmonary complications (PPC) within

30-days of surgery (with day 0 as the day of surgery). This was defined as a composite of
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pneumonia, acute respiratory distress syndrome and unplanned use of invasive or
non-invasive mechanical ventilation.Candidate predictor variables were identified in a
systematic review of existing risk scores and refined with multidisciplinary clinical input from
surgery, anaesthesia and critical care experts. In order to improve the adoption of the risk
stratification tool, we planned to only include predictor variables that are available globally
without the need for additional tests, and that were relevant to resource-limited environments
(STARSurg Collaborative and TASMAN Collaborative 2022). A summary of all variables and
their distribution per dataset can be seen in Table 3-5, where we can see that the overall
rates of pulmonary complications were 2.0% in the derivation cohort, and 3.9%

(CovidSurg-Cancer) and 4.7% (RECON) in the validation cohorts.
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g;{)';last:]‘;g/ Validation Validation
Features Levels CovidSura-Week CovidSurg-Cancer RECON
g N=30488 N=6789
N=86231
Patient factors
18-29 years 9106 (10.6%) 636 (2.1%) 276 (4.1%)
30-39 years 12176 (14.1%) 1708 (5.6%) 555 (8.2%)
40-49 years 13272 (15.4%) 3744 (12.3%) | 983 (14.5%)
Age 50-59 years 15703 (18.2%) 6697 (22.0%) |_1466 (21.6%)
60-69 years 16665 (19.3%) 8345 (27.4%) | 1623 (23.9%)
70-79 years 13742 (15.9%) 6953 (22.8%) | 1390 (20.5%)
80-89 years 5110 (5.9%) 2265 (7.4%) 484 (7.1%)
>90 years 457 (0.5%) 140 (0.5%) 12 (0.2%)
Sox Female 47219 (54.8%) 18325 (60.1%) | 3905 (57.5%)
Male 39012 (45.2%) 12163 (39.9%) | 2884 (42.5%)
Grade 1 21667 (25.1%) 6431 (21.1%) |_1048 (15.4%)
ASA grade Grade 2 43099 (50.0%) 15752 (51.7%) | 3903 (57.5%)
Grade 3 19057 (22.1%) 7912 (26.0%) | 1733 (25.5%)
Grade 4/5 2408 (2.8%) 393 (1.3%) 105 (1.5%)
0 38541 (44.7%) 9244 (30.3%) |_4112 (60.6%)
RCRI 1 37688 (43.7%) 15893 (52.1%) | 2210 (32.6%)
2 7595 (8.8%) 4284 (14.1%) 448 (6.6%)
>3 2407 (2.8%) 1067 (3.5%) 19 (0.3%)
Pre-oxisting respiratory disease |2 77747 (90.2%) | 27278 (89.5%) | 5611 (82.6%)
Yes 8484 (9.8%) 3210 (10.5%) | 1178 (17.4%)
Current smoker No 72830 (84.5%) | _ 27307 (89.6%) | 5852 (86.2%)
Yes 13401 (15.5%) 3181 (10.4%) | 937 (13.8%)
Disease factors
Abdominopelvic 43761 (50.7%) 16816 (55.2%) . 00‘.3533
Head & Neck 8228 (9.5%) 3823 (12.5%) N/A
Compartment Limb 12514 (14.5%) 196 (0.6%) N/A
Other 17516 (20.3%) 7225 (23.7%) N/A
Thoracic 4212 (4.9%) 2428 (8.0%) N/A
ndication Benign 64822 (75.2%) N/A |_3884 (57.2%)
Cancer 21409 (24.8%) | 30488 (100.0%)° | 2905 (42.8%)
Preoperative SARSCoV?2 test Negative 61339 (71.1%) 14128 (46.3%) (100.?)323)%
Not performed 24892 (28.9%) 16360 (53.7%) N/A
Operation factors
Anassthesia type General 63235 (73.3%) | 28767 (94.4%) y 00‘_3533
Regional/local 22996 (26.7%) 1721 (5.6%) N/A
Operation grade Major 53061 (61.5%) | 24435 (80.1%) y 00‘.5333
Minor 33170 (38.5%) 6053 (19.9%) N/A
Location factors

COVID19 free surgical 6789
Hospital type pathway ’ 71809 (83.3%) 8097 (26.6%) (100.0%)
No defined pathway 14422 (16.7%) | _ 22391 (73.4%) N/A
High income 59284 (68.8%) | 24362 (79.9%) (1 00?533
Country income Upper middle income 14614 (16.9%) 3385 (11.1%) N/A
Low middle income 12333 (14.3%) 2741 (9.0%) N/A
High 57229 (66.4%) 16767 (55.0%) N/A
Community SARS-CoV-2 risk Low 29002 (33.6%) | 13721 (45.0%) (100 gz/os)%
High/High 48375 (56.1%) 14811 (48.6%) N/A
. . R 6789
Country income * SARS-Cov-z | High/kow 10909 (12.7%) 9551 (31.3%) (100.0%)"
risk Uppermiddle/High 8339 (9.7%) 1309 (4.3%) N/A
Uppermiddle/Low 6275 (7.3%) 2076 (6.8%) N/A
Low middle/High 515 (0.6%) 647 (2.1%) N/A
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| Low middle/Low | 11818 (13.7%) | 2094 (6.9%) | N/A |
Primary outcome measure
Postoperative pulmonary Negative 84450 (97.9%) 29303 (96.1%) | 6471 (95.3%)
complication Positive 1781 (2.1%) 1185 (3.9%) 318 (4.7%)

Table 3-5. Comparison of derivation and validation cohort datasets.

Assessment of differences in case-mix and outcomes across the three cohorts In the
derivation cohort, 2.1% (1781/86231) of patients had a pulmonary complication. The 30-day
PPC rate was higher in both the CovidSurg-Cancer (3.9%, 1185/30492) and RECON (4.7%,
318/6789) validation studies. The postoperative mortality rate was (0.7%, 601/86231, 3
missing) in the derivation cohort, (1.05%, 320/30492, 24 missing) in CovidSurg-Cancer and
(0.4%, 27/6789, 223 missing) in RECON.

3.3.2.2 Model selection and building

Following previous work (Knight et al. 2020), we decided to just test two different algorithms
to model this data (Figure 3-7). The first model consisted of LASSO, the penalised logistic
regression model explained in Chapter 2, where logistic regression with an extra penalty term
shrinks covariate coefficients towards zero, allowing for the generation of sparse models and
concurrently performing feature selection (Tibshirani 1994). The second model applied was
gradient boosting decision trees (XGBoost), which is commonly recognised as a best-in-class
machine learning algorithm given it can acknowledge more complex interactions and so is
hypothesized to obtain better predictive capabilities (Knight et al. 2020). However, because of
its complexity, the ability to explain and understand predictive reasoning is hindered (‘black
box phenomenon’) (Caruana etal. 2015; The Lancet Respiratory Medicine 2018)).
Hyperparameters of learning rate, maximum tree depth, loss reduction and minimum number
were tuned, with trees set to 1000. The derivation set was split into a random 75% (training)
and 25% (testing) split, and both models were fit through 10-fold cross-validation and
parameter tuning using tune race analysis of variance (ANOVA) and grid search in the
training set. Confidence intervals were assessed from the cross validated models using the
cvAUC package (LeDell, Petersen, and Laan 2022). Similar discrimination (Figure 3-8. A)

was observed between both LASSO (AUROC: 0.786, 95% CI 0.774-0.798) and XGBoost
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(AUROC 0.785, 95% CI 0.772-0.797) models with variable importance observed in both
modelling approaches summarised in (Figure 3-8. B). Given the comparable performance,
more explainable nature and increased simplicity of LASSO, we proceeded to develop this

model as the GlobalSurg-Pulmonary score.
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Following the same methodology used for the CovidSurg mortality score (Table 3-3), after
resampling with 2000 bootstraps, beta coefficients were averaged and two variables with
zero coefficients were dropped (X. Chen et al. 2020; Teschendorff 2019). The penalised
regression coefficients and scaling for the pragmatic clinical scoring system, which included
10 predictor variables, are summarised in Table 3-6. For clinical application, individual point
scores for each risk factor level are summed to give an overall point score out of a maximum

of 23.
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Figure 3-9. Discrimination and calibration performance for internal validation and
external validation datasets.

A) Receiver operating characteristic (ROC) curves for model evaluation, confidence
intervals generated through the pROC and plotROC packages where 95% CIl were
computed with  default 2000 stratified bootstrap  replicates.  Upper:
DerivationTest-SurgWeek, middle:CovidSurg-Cancer, bottom: RECON. B) Calibration
plot generated in bins of 10 with confidence intervals calculated. 45 degree black angle
dashed line shows the perfect calibration plot (slope 1,intercept/ calibration-in-the-large
0). Below we have a histogram of probability estimates (log-odds).

3.3.2.3 Model validation

The model was both internally and externally validated. In internal validation, the
discrimination of the GlobalSurg-Pulmonary score was acceptable in the testing split of
the derivation cohort (AUROC 0.7729, 95% CI 0.7509-0.7948) (Figure 3-9A Top), with

Brier score of 0.020, calibration in the large of -0.072 and slope of 0.930(Figure 3-9B).
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For external validation, two large, international prospective datasets where used
(CovidSurg-Cancer and RECON).The discrimination of the GlobalSurg-Pulmonary
score was moderate in both the CovidSurg-Cancer (AUROC: 0.746, 95% CI
0.733-0.760) ) (Figure 3-9A Middle) and RECON (AUROC: 0.691, 95% CI 0.663-0.719)
(Figure 3-9A Bottom) datasets . Calibration again was acceptable in CovidSurg-Cancer
(Brier score: 0.036, CITL: 0.324, slope: 1.002) but with some miscalibration in RECON
data (Brier score: 0.045, CITL: 0.711, slope: 0.875) demonstrating systematic
underestimation of risk (Figure 3-9B). Because of this we continued exploring
performance (interpreting external validation results), in specific subgroups of high
clinical importance: (1) major versus minor operation grade, low (ASA grade 1-2)
versus high (ASA grade >3) risk, and high versus low-middle country income (including
UMIC, LMIC and LIC). Upon subgroup analysis, discrimination and calibration

remained acceptable across all pre-defined groups (>0.7 AUROC)(Figure 3-10).
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To aid in the interpretation of the external validation results, we explored whether
reproducibility or transportability was being evaluated (Debray et al. 2015). We identified that
CovidSurg-Cancer had similar mix of patient and operations to the development set but
included only patients with a malignant indication for surgery. RECON included only patients
undergoing major abdominopelvic surgery under general anaesthesia in high income
countries with no (imputed as ‘low’) community SARS-CoV-2 risk. Therefore, the spread of
the linear predictor (log-odds predictor) was narrower in RECON (Figure 3-9B) and more like
the derivation set in CovidSurg-Cancer (Figure 3-9B). Comparing the calibration and
discrimination of the derivation and validation models (Figure 3-9). we concluded that
CovidSurg-Cancer appeared to evaluate (statistical) reproducibility of the

GlobalSurg-Pulmonary score whereas RECON appeared to favour (clinical) transportability.

Finally, prognostic test accuracy metrics across a range of ‘cut-off’ point scores to ‘rule-in’ or
‘rule-out’” PPC in the derivation set are presented in Table 3-7. A cut-point score of <5
(N=23029, 35.6% of patients, PPC rate 0.4%) ruled out PPC with a sensitivity of 93.05%,

specificity of 35.82%, positive predictive value of 2.96 and negative predictive value of 99.95.
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Using Table 3-7, four risk strata Figure 3-11 were defined clinically as low risk (0-5 score,
PPC rate in derivation set: 0.4% (N=23029 patients), intermediate risk (6-10 score, PPC rate:
1.68% (N=32897 patients), high risk (11-15 score, PPC rate 7.30% (N=8260 patients)) and
very high risk (=216 score, PPC rate 15.4% (N=487 patients). This visualization and the final
model  (GlobalSurg-Pulmonary  Score  calculator) was deployed online at:

www.surgicalrisk.app.

8000

Risk group Num Patients Num Positives
6000 0-5 23029 (35.61) 93 (0.4)
6-10 32897 (50.87) 554 (1.68)
11-15 8260 (12.77) 603 (7.3)

4000
16+ 487 (0.75) 75 (15.4)

Number of patients

2000

100

75

50

Pulmonary complication (%)

25

O N ®MTWLWON®DOO T NOTOONDO

Predicted score

Figure 3-11. Predicted score in the whole derivation dataset (SurgWeek)
Top) Bar plot of all participants given their predicted scores . Bottom) Cumulative percentage
of pulmonary complications with increasing scores. Table) Description of the four risk groups
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This study was reported with reference to Transparent Reporting of a multivariable prediction
model for Individual Prognosis or Diagnosis (TRIPOD) guidelines (Moons et al. 2015; Jalali,
DiGennaro, and Sridhar 2020) .Two independent statisticians assessed risk of bias in the
study using the PROBAST tool (Wolff et al. 2019) with the independent PROBAST
assessment indicated that the study was at low risk of bias and there were low concerns
about applicability. All analysis was performed in R Foundation for Statistical Computing
V4.02 (Vienna, Austria) and RStudio using tidyverse, cvAUC, tidymodels, workflowsets,
finetune, pROC, rms, glmnet, dcurves and shiny packages. To ensure transparency in
research, all scripts and code used have been uploaded to github

(https://github.com/gkoutos-group/globalsurg-pulmonary-score). Data sharing is available

upon request after satisfactory completion of a data sharing agreement.

3.4 Conclusion and discussion

These studies define two novel risk stratification tools (CovidSurg mortality score:

http://covidsurgrisk.app/) and (GlobalSurg-Pulmonary score: https://surgicalrisk.app) to

estimate risk of mortality and of pulmonary complications in adults undergoing surgery during
the SARS-CoV-2 pandemic. With this work we have aimed to contribute to the global
response and efforts during the SARS-CoV-2 pandemic, with redeployment into pressing
work exploring these unique datasets of global surgery response data. By studying these
datasets with the machine learning pipeline and tools developed in Chapter 2, we have
delved deeper into the use of machine learning in healthcare and navigated the specific

needs of the industry, gaining a better understanding of what clinical translation entails.

Both studies count with similar methodology and criteria, focused on simple and

resource-light predictor variables which are readily available to clinicians across all settings
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and resources. Also, both sets of features can be calculated remotely (e.g., from electronic
health records or during telemedicine consultation), with no additional tests or equipment
required (in comparison to preoperative Sp02 and serum haemoglobin in other models (e.g
ARISCAT score (Canet et al. 2010)) and pre-operatively (in comparison to duration of

surgery and emergency procedure in others (Canet et al. 2010)).

As key strength, extra emphasis has been made on the model's validation strategies,
complying with both internal validation standards through train-test split and bootstrapping
(Jalali, DiGennaro, and Sridhar 2020) and external validation. External validation is a
contested claim in clinical prediction models (Van Calster et al. 2023), with models argued to
never being truly validated due to expected heterogeneity in model performance between
locations and settings, and over time. Because of this, we have focused on quantifying this
heterogeneity through subgroup analysis and transportability assays in well-powered,
multi-country validation sets (Debray et al. 2015) as seen in the GlobalSurg-Pulmonary score
work. For the mortality score, we were hindered by no other international, multispecialty data
sets for SARS-CoV-2 surgical patients and so further external validation was not possible.
Regardless, model reliability was assessed by using a temporally distinct validation cohort, in
compliance with current standards (TRIPOD (Moons et al. 2015)). Also, having an
international, multicentre database makes our data more generalisable and we plan to
regularly monitor model performance and update it to ensure that prediction models stay

up-to-date to support medical decision-making.

During the pandemic, a big surge of prognostic models happened, with most found to have a
high or unclear bias with poor methodologies implemented (Wynants et al. 2020) . To the
best of our knowledge, both our studies were designed and reported following best practice

guidelines (TRIPOD and PROBAST) and have been shown to be at a low risk of bias.
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Regardless, we acknowledge there are some limitations to our work. For instance, all clinical
predictor variables were coded following standardized medical criteria and so collected
categorically, a simplification that may reduce our statistical power (P, Dg, and W 2006) and
may explain a degree of miscalibration in RECON data in the GlobalSurg-Pulmonary score
work. More specifically, miscalibration may be due to unmeasured differences in case-mix
(e.g., balance of major and complex-major surgery within the single ‘major surgery’ predictor
variable), differences in practice during the pandemic (e.g., proactive risk modification) or
system-level factors such as access to care and health behaviours in lower resource settings
(e.g., barriers to travel to hospital after discharge, so less likely to have PPC observed). It is
worth mentioning too, that regarding missing data, we have used complete case analysis in
both our studies. In the CovidSurg mortality score, imputation was assessed, with
comparable results achieved. In the GlobalSurg-Pulmonary score work, with a <0.1% overall
missingness, we did not consider it necessary, with clinical and simulation studies
demonstrating little impact of multiple imputation methods where there are very low rates of
missing data (Jakobsen et al. 2017) and high sample sizes such as ours. Finally, more
models and pre-processing steps could have been implemented, including using methods for
managing class imbalance (i.e., over/under sampling or Synthetic Minority Over- Sampling
Technique (SMOTE)). However, these are criticised in clinical datasets due to risk of
miscalibration (strong overestimation of probability to belong to the minority class), and we

opted not to adopt these here (van den Goorbergh et al. 2022).

As final comment, this work was particularly rewarding due to the close collaboration with the
CovidSurg and GlobalSurg teams, surgeons with whom we co-developed both models and
tailored the tools to meet their specific needs. Key insights include the necessity for
transparency concerning the system's behaviour and limitations, both in terms of statistical

performance and recognizing situations where the system's predictions are inapplicable.
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Moreover, emphasizing model interpretability and deployment was crucial, as decisions to
postpone or continue surgery are complex, multifactorial, and require in-depth shared
decision-making between the patient and the perioperative multidisciplinary team.
Consequently, we have not pre-specified how the scores should be used in decision-making
but presented a range of 'cut-off' point scores for 'ruling in' or 'ruling out' risk that clinicians
can adopt during implementation.Recent studies underscore the importance of such close
collaborations, with one study illustrating a failed ML model in a clinical setting where
providing mortality risk information did not influence clinical decision-making or improve
patient outcomes with heart failure (Ahmad et al. 2022) due to a lack of adoption. Ultimately,
ML models do not exist in isolation and must be seamlessly integrated into a workflow

designed to drive behaviour change.
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4 Chapter 4: Complex systems and ageing trajectories

Content from this chapter will appear:

Bravo-Merodio, L, Acharjee, A, Gkoutos, GV, & Lord, JM. (n.d.-). Longitudinal analysis of
biological age (PhenoAge) in UKBiobank participants reveals key factors driving ageing

trajectories. In Nature Ageing.
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4.1 Background and chapter overview

In the previous chapters we have explored the use of computational algorithms to find
underlying patterns in biological and medical datasets. These datasets have been small,
thoroughly curated and related to mostly a single type of data with a clear hypothesis to
model. Here, we would like to extend our analysis to another side of computational biology,
one involving the study of complex biological systems and requiring the integration of multiple
data types. More specifically, taking advantage of longitudinal, deeply phenotyped data
resources such as UKBiobank (UKBB), we will investigate ageing (A. A. Cohen et al. 2022)
and health to disease transition as the epitome of complex systems. To do so, we will first
build different ageing phenotypes based on their health trajectories and then proceed to its

characterization through health outcomes, disease patterns and genetic makeup.

Age is the greatest single risk factor for many diseases such as cancer, diabetes,
cardiovascular disease, sarcopenia or dementia (Niccoli and Partridge, 2012),
non-communicable, chronic diseases responsible for more than 70% of deaths and disability
worldwide (Allen et al. 2023). Recently, the field of geroscience has accelerated rapidly, with
important discoveries in the identification of biological underpinnings for the age-dependency
of most chronic diseases (Sierra 2016) pushing the field forwards. Such association have
been possible thanks to being able to define the genetic make-up of diseases through
genome-wide association studies (GWAS) (Burton etal.,, 2007). As mentioned in the
introduction, these studies have revealed that complex traits are driven by high polygenicity,
where a high number (e.g. around 10,000 for variants for human height (Yengo et al., 2022))
of small effect common variants (Minor Allele Frequency (MAF) > 1%) account for most of
the heritability (Boyle, Li, and Pritchard., 2017; Uffelmann et al., 2021). A key element, is that
these common genetic variants tend to be non-coding, outside protein-coding exons (~90%)

(Albert and Kruglyak, 2015; B. Li and Ritchie, 2021) and mostly located in genomic regulatory
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regions within relevant cell types (Farh et al.,, 2015). As such, many common variants are
highly pleiotropic in nature, with shared loci in different diseases and traits revealing shared
mechanisms and pathways. This is the case for age-dependent chronic diseases, where
recent studies have provided proof on common underlying genetic mechanisms (Dénertas
et al., 2021; Baghdadi et al., 2022). These genetic links, in turn, have then also been found
(Fraser et al. 2022).to be associated with the “Hallmarks of Ageing” pathways (Lopez-Otin et
al. 2013; 2022), which represent the key molecular, cellular, and systemic drivers of the
ageing process and now too, possible representations of common pathogenic drivers of

chronic diseases (Kennedy et al., 2014).

One key hallmark known to be highly associated with the development of chronic and
age-related diseases is inflammation, with the increase in higher basal inflammatory status
characteristic of old age known as “inflammaging” (Franceschi et al. 2000). Recent research
points at most diseases having an inflammatory component in their aetiology (Furman et al.
2019), with those properly classified as chronic inflammatory diseases (CIDs) (Schultze and
Rosenstiel, 2018) found to have a significant overlap in their pathophysiology via common
aberrant inflammatory signal transduction pathways as exemplified by common genetics
(Ellinghaus et al. 2016). This pervasive presence of inflammation in diseases is of no
surprise, with the inflammatory response being an integral part of animal biology and most
biological processes requiring of inflammatory control (Kotas and Medzhitov 2015; Medzhitov
2021). Also, other hallmarks such as altered nutrient sensing, mitochondrial dysfunction, cell
senescence and stem cell exhaustion have also been notably associated with disease
development, with most of them being highly interrelated (Kirkwood 2005; Kennedy et al.

2014b; Lépez-Otin et al. 2013; 2022).

As a means to better characterize the heterogeneous patterns of existing ageing phenotypes

(Alpert et al. 2019; C.-L. Kuo et al. 2021), defining the sequences of disease developed (i.e
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multimorbidity signature) has been postulated. In old age, higher incidence of multimorbidity
(Fabbri et al. 2015) goes hand in hand with certain disease patterns seen to occur more
frequently than expected by chance (eg. cardiovascular/metabolic clusters, neuropsychiatric
or depression/anxiety clusters (Chowdhury et al. 2023)), pointing at possible common
disrupted pathways. To ascertain these links between aging and disease development,
longitudinal studies are required (Jensen et al. 2014), with promising examples already
unveiling possible mechanistic insights (Alpert et al. 2019; P.-L. Kuo et al. 2022; X. Li et al.

2020).

4.2 Summary

In this study, we explored the concept of biological age as a definition of health status, with
deviations from chronological age representing age-accelerated or age-decelerated
phenotypes (Rutledge, Oh, and Wyss-Coray 2022). Previous estimates of biological age
(also termed ageing clocks) have been created through modelling of biomarker data with
longitudinal mortality or morbidity outcomes. These clocks derive from a range of biomarkers,
including: routine clinical blood parameters as used in the PhenoAge (Levine et al. 2018) and
GrimAge (Lu et al. 2019) clocks; immune parameters in iAge (Sayed et al. 2021) and
Imm-Age (Alpert et al. 2019); DNA methylation for the epigenetic clocks (Horvath 2013;
Hannum et al. 2013); and various omics based clocks using metabolite (van den Akker et al.
2020), proteomic (Tanaka et al. 2018; Lehallier et al. 2019) or transcriptomic (Holzscheck et

al. 2021) data.

In our study, we derived biological age using the PhenoAge algorithm (Levine et al. 2018)
from blood marker data. This was done by using UKBiobank, a large-scale biomedical
database with in-depth genetic, lifestyle and health information from approximately 500,000

volunteers in the UK. In this work, we were able to extract longitudinal information by merging
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participant’s clinical histories data through GP records (Bycroft et al. 2018). If the predicted
biological age (PhenoAge) was lower than chronological age we deemed these individuals
healthy, and if higher, unhealthy. Measurements in time (average follow-up of 10 years) were
transformed into linear trajectories and grouped into 4 similar clusters: healthy remaining
healthy (HRH), healthy becoming unhealthy (HBU), unhealthy becoming healthy (UBH) and
finally unhealthy remaining unhealthy (URU). Considering these different trajectories as
representing participants engaging with the ageing process at different rates (Kubben and
Misteli, 2017), or through different mechanism (C.-L. Kuo et al. 2021), we proceeded to
determine if they could be characterised through the study of multimorbidity patterns and
genetic makeup through GWAS. To the best of our knowledge, no previous research on both
genetic background and longitudinal measurements has been done in the study of biological
ageing metrics, with previous research focusing on either longitudinal assessment with no
mechanistic input (P.-L. Kuo et al. 2022) or molecular associations but at a single point

measurement (C.-L. Kuo et al. 2021).

Our analysis revealed that male sex, high BMI, comorbidities, smoking, and shorter parental
lifespan dominated the unhealthy categories (URU). URU was also enriched for
cardiometabolic diseases with diabetes, obesity, or heart failure being highly prevalent, In
contrast, HRH had less prevalence of most diseases, was female dominated and had the
best health outcomes overall. Finally, the genetic makeup of the different trajectories
revealed a marked immune signature for HRH participants and a metabolic signature driven
by lipid biosynthesis for URU. After enrichment analysis, strong associations to age-related
genes were found for both HRH and URU, with pro-longevity associated variants (e.g
rs429358, rs4420638, rs2075650) dominating HRH and SREBF1 and SREBF2 transcription
factors postulated as key regulatory element driving the URU ageing phenotype. No

significant genetic associations were found for UBH and HBU which we postulate to be more
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highly influenced by lifestyle associated factors. An overview of the study methodology can

be found in Figure 4-1.
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Figure 4-1 Study overview and methodology with key steps highlighted.

4.3 Methods
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4.3.1 UK Biobank data

The UKBB is a prospective cohort study of approximately 502,000 volunteers of 40-69 years
of age at recruitment. Participants were recruited in the UK between 2006 and 2010 and
have been followed up through time. Participant data include health records that are
periodically updated, self-reported survey information, linkage to death and cancer registries,
collection of urine and blood biomarkers, imaging data, accelerometer data and various other
phenotypic end points (Bycroft et al. 2018). In our study we have used both disease
diagnosis information and biomarker data. Biomarker data was collected through two
different avenues, the own UKBB’s assessments and through GP records supplied as part of
each participant’s clinical history. More specifically, we have biomarker information of
502,493 participants at their initial visit (baseline measurement) with a few going on to follow
up measurements. Regarding GP records, they were downloaded from UKBB repository on
April 2021 and all read codes (Kuan Po Ai 2020) were mapped following UKBB 592

Resource (https://biobank.ndph.ox.ac.uk/ukb/refer.cqi?id=592). Read codes for the 9 clinical

chemistry biomarkers from the PhenoAge linear model (albumin, creatinine, glucose,
c-reactive protein, lymphocyte percent, mean cell volume, red cell distribution width, alkaline
phosphatase and white blood cell count) were extracted (Levine et al. 2018) and are reported
in Appendix 2 .Lifestyle factors such as BMI or smoking and exercise habits were also
extracted in the same way. Regarding disease diagnosis, 60 chronic categories were
produced following Calderon-Larrafaga’s exhaustive classification of the International
Classification of Diseases, tenth revision (ICD10) codes (Appendix 3). In their research a
disease or condition was considered to be chronic if “it had a prolonged duration and either
(a) left residual disability or worsening quality of life or (b) required a long period of care,
treatment, or rehabilitation” (Calderén-Larrafiaga et al. 2017). Participant’s ICD-10 codes
were obtained from the Hospital Episode Statistics (HES) recorded in category 2002 for main

and secondary diagnosis, alongside date of diagnosis.
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We also used genotype datasets from the UK Biobank (release version 2 for the directly
genotyped variants and the imputed HLA allelotype datasets and release version 3 for the
imputed genotype dataset) for all analyses in the study. We also restricted our analyses to

unrelated individuals and followed quality control criteria provided by UK Biobank.

The UKBB has obtained Research Tissue Bank approval from its ethics committee that
covers the majority of proposed uses of the resource with the Research Ethics Committee
reference for UKBB being 16/NW/0274. All necessary patient/participant consent was
obtained and appropriate institutional forms have been archived. We accessed data through

application number 31224.

4.3.2 PhenoAge calculation

The equation to calculate PhenoAge was based on the parametrization of two Gompertz
proportional hazard models, one fit using the 10 selected variables from a Cox proportional
hazard elastic net model for mortality and the other fit using only chronological age. What it
shows is that an individual with 30 chronological years, if predicted a PhenoAge of 45 years,
has an average morbidity and/or mortality risk of someone who is 45 years old

chronologically instead of 30 (Levine et al. 2018; Liu et al. 2018) The equation is:

Inln (0.00553*Inin (1—xb) )
0.090165

PhenoAge = 141.50225 +

xb =— 19.907 — 0.0336 * albumin + 0.0095 * creatinine + 0.0195 * glucose
+ 0.0954 * InIn (C — reactive portein) — 0.0120 * lymphocyte percent + 0.0268
* mean cell volumne + 0.3356 * red blood cell distribution width + 0.00188
* alkaline phosphatase + 0.0554 * white blood cell count + 0.0804 * age

Equation 7
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From all biomarkers obtained through UKBB assessment (first or second visit), we obtained a
PhenoAge measurement given all these 9 markers are measured each time. But, in GP
records, we do not always get a reading of all 9 markers in the same date and so a
PhenoAge measurement is created every time one of the 9 markers has a new reading, with
the missing values for that date keeping the closest record for it in time (moving window
imputation shown in Appendix 4). Participants with missing blood marker data or just one

recorded date entry are deleted.

To emulate a patients phenotypic trajectory in time, a linear regression model (phenoage = m
* age + c ) is fitted through all calculated PhenoAge measurements and their chronological
age. This has been compared to the PhenoAgeAccell measure derived by Liu et al. 2018, as
a means to extract an actionable parameter that allows for the participants healthspan
classification. In our case, these linear trajectories are then grouped into 4 categories
(Healthy remaining Healthy (HRH); Healthy becoming Unhealthy (HBU); Unhealthy becoming
Healthy (UBH); Unhealthy remaining Unhealthy (URU)) depending on their relationship with
the line chronological age = PhenoAge. More specifically, given a 2-dimensional equation of.
a line (y = mx + ¢) depending on their intercept (c) and slope coefficient (m)

combinations we have:

c > 0and m =1 : URU
c > 0and m < 1: UBH
c < 0and m > 1: HBU
c < 0and m <= landm > 0: HRH
Equation 8
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4.3.3 Disease studies: prevalence, co-occurrence calculations and correlation

After extracting disease information as determined by (Calderén-Larrafiaga et al. 2017),
shown in Appendix 3, disease prevalence was studied for the whole population as well as for
each separate category using: existing cases/whole population®*100 and including the
BinomCl function and clopper-pearson person method for confidence interval calculation. We
next determined whether there were distinct disease patterns or comorbidities (two or more
diseases in the same individual), found in the different ageing trajectories by calculating
disease co-occurrence (relative risk) in pairwise associations. Relative risk (RR) was
determined following (Donertas et al. 2021), as an estimate of having disease A when
already affected by disease B. It is calculated as a fraction between the number of patients
diagnosed with both diseases and a random expectation based on disease prevalence.

Mathematically it can be expressed as:

N disease a and b
R R — N disease a
N without disease a but disease b
N without disease a

Equation 9

To better understand subgroups between diseases, main ICD-10 code categories were

mapped to each of the 60 categories as seen in Appendix 5

4.3.4 Genome Wide Association Studies (GWAS)

Next, to better understand the four different ageing categories and the associated disease
prevalence combinations, we sought to integrate the genetic data available in UKBB.
Genotype data from UKBB (GECh37 (hg19) coordinates) was extracted on the 12/01/21 and
included 804,470 variants of 488,377 participants. After file pre-processing, genotype
information can be found as merged files in PLINK ( bed, bim, fam). Quality control (QC) was

done using PLINK (Purcell et al. 2007) with the following filters (samples and variants of
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missing call rates exceeding 10%, a Hardy-Weinberg equilibrium exact test p-value below
170-15, and a minor allele frequency of 0.01) 522,963 variants remained and 6 participants
were removed (488,371 samples). REGENIE (Mbatchou et al. 2021), a computational
efficient machine learning method that first reduces the genotype space into local blocks ( of
1000 variants) using ridge regression and then performs association testing, was used to
perform GWAS. Four parallel GWAS analysis were performed on participants belonging to
each of the four defined categories. A covariate file used as an input for PLINK included the
following fields: sex, age ( maximum age of recorded disease ), batch and first 10 PCs.
Finally, the phenotype file included dummified information on which category each participant

belonged to: URU, HRH, UBH, HBU.

4.3.5 Gene annotation
Considering the literature-standard P value <5 x 10_8 as significant (Panagiotou, loannidis,

and Genome-Wide Significance Project, 2012), summary statistics of significant variants can
be found in Appendix 6. Continuing the downstream analysis, we then proceeded to
annotate them. Linkage disequilibrium (LD) was not taken into account to expand SNPs
(Dong et al. 2021) or assess highly correlated SNPs (fine-mapping) for prioritization, with
only proximity and colocalization with functional elements ((expression quantitative trait loci)

cis-eQTL) used.

4.3.5.1 Proximity analysis

Based on the analysis performed in (Ddénertas et al. 2021), we used VariantAnnotation

(Obenchain et al. 2014), TxDb.Hsapiens.UCSC.hg19.knownGene and GenomicRanges

(Lawrence et al. 2013) packages in R, to map the genomic coordinates for each SNP to
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genes. Specifically, if a gene is within the coding region, intron, 5’ or 3* UTR, or 1kb down- or
up-stream of the transcription start site, we annotated that SNP to the gene. As a result, we

had 6713 SNP-gene associations for the 1680 significant variants found in the 4 GWAS

analysis. We used the Ensembl biomaRt (Durinck et al. 2009) package in R to retrieve

HGNC symbols, Ensembl Gene IDs and gene descriptions for the Entrez gene IDs obtained

from TxDb.Hsapiens.UCSC.hg19.knownGene database.

4.3.5.2 eQTLs

Biological functional inference linking possible regulatory elements was studied using
expression quantitative trait loci eQTL information for all tissues in GTEx v8 eQTL
(Consortium 2015; Lonsdale et al. 2013; Gamazon et al. 2018) through the Phenoscanner
(Kamat et al. 2019) database ((adjusted P value<0.05, FDR corrected)). eQTLs, where a
variant influences mRNA levels, have been shown to be 5-40% of functional variants
(Connally et al. 2021)) and integrating this intermediate regulatory information is key to
connect overlapping gene modules associating disease mechanisms together (Hormozdiari
et al. 2018). This final GTEx data release (v8) includes 54 primary human tissues, with 49
including at least 70 samples with both whole genome sequencing and tissue specific

RNA-seq.

4.3.6 Functional enrichment

Given our major motivation was to use these identified gene associations to help infer any
biological underpinning for the four ageing phenotypes, genes were then functionally
enriched using the gene2func tool in FUMA (Watanabe et al. 2017) where annotated genes

are tested for over-representation in publicly available gene sets (MsigDB v7.0) with
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information from: BioCarta, KEGG, Pathway Interaction Database (PID), Reactome,

WikiPathways and GO biological processes (Subramanian et al. 2005).

4.3.7 Association with ageing

Genes were also compared to literature-based ageing databases (Donertas et al. 2021).
These databases are GenAge Human (genes associated with lifespan in humans or closely
related species), human orthologs in GenAge Model Organism (genes modulating lifespan in
model organisms) and CellAge (genes regulating cellular senescence) (Tacutu et al. 2018;
Barardo et al. 2017). Longevity associated genes were explored too, based on work from
(Zenin et al. 2019), with SNPs previously reported to be associated with lifespan, (extreme)
longevity and disease-free survival included. We also incorporated the overlapping immune

and age associated genes found as conserved orthologs in (Fabian et al. 2021) research.

4.4 Results

4.4.1 UKBB statistics and PhenoAge calculation.

To calculate PhenoAge from UKBB participants we accessed the data for nine blood
markers: albumin; alkaline phosphatase; creatinine; glucose; C reactive protein; mean
corpuscular volume; percentage lymphocytes; red blood cell distribution width; white blood
cell count (Levine et al., 2018). In order to obtain as many longitudinal readings of PhenoAge
as possible, we exploited two different resources, GP records and the UKBB baseline and
follow-up visit measurements (Bycroft et al. 2018). In total, UKBB holds information from
502,493 participants with 61,061 of them having at least a second visit data, rising to
230,030 counting linkage to GP record data. In total 494,679 participants in UKBB and
206,218 participants with GP records had at least a data entry on one of the markers

selected with more details described in Table 4-1. To unify both datasets, missing values per
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entry date where imputed through a moving window where missing blood marker values
were updated from the closest recorded value. Extra filtering steps were taken as described

in methods.
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Blood Markers Maximum per Mean +/- sd per Participants with at least
participant participant one value

Albumin 250 7,04 +8,15 188995
Alkaline Phosphatase 254 6,87 + 8,06 192615
Creatinine 288 8,32 + 9,15 199542
Glucose 83 3,75 + 3,59 160441
Mean corpuscular volume (MCV) 354 6,44 + 8,37 191536
Percentage lymphocytes 217 5,08 +7,18 26748
Plasma C-reactive protein level 110 2,1+ 3,08 19103
Red blood cell dist width 353 561+ 7,21 113970
White blood count 258 6,67 + 9,67 53699
Blood Markers Total number of readings
Albumin 1330964
Alkaline Phosphatase 1322920
Creatinine 1661000
Glucose 601562
Mean corpuscular volume (MCV) 1234337
Percentage lymphocytes 135971
Plasma C-reactive protein level 40029
Red blood cell dist width 628220
White blood count 358153
Number of readings Number of participants
0-5 15022
5-10 26016
10-15 23213
15-20 20097
20-30 32158
30-40 24160
40-50 18123
50-60 13494
60-80 16713
80-100 8041
100-200 7745
200-300 789
300-500 448
500-1000 182
1000-1532 17

Table 4-1. GP records data on the 9 markers extracted to calculate PhenoAge
Top) Number of participants with at least one measurement on each of the blood markers
including maximum, mean and standard deviation (sd) of measurements reported per
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participant. Middle) Total number of readings of each blood marker in GP records Bottom)
Binned number of participants with the number of GP records data of any of the blood
markers studied

In the end, the PhenoAge value was calculated using the equation in Levine et al., 2018
(Equation 7) for 2,261,614 date entries of 199,228 participants. From these, a mean of 11.34
(maximum of 356) data points in time per patient, covering an average of 9.6 years
(maximum 60.15 years) was used for the analysis. As the objective is to extract actionable
ageing patterns, these PhenoAge values per participant were defined into trajectories fitting a
simple linear model (Methods). An example of the different trajectories for PhenoAge scores
against chronological age for 5 participants is shown in Figure 4-2. According to their
intercept and slope coefficient, 4 different categories were defined (Equation 8): Healthy
remaining Healthy (HRH; n= 20,395); Healthy becoming Unhealthy (HBU: n = 75,122);
Unhealthy becoming Healthy (UBH: n = 94,130); Unhealthy remaining Unhealthy (URU; n =

9569) (Figure 4-2 B). 12 participants with no fitted line were excluded.
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4.4.2 Characterisation of ageing trajectory categories using lifestyle factors
and health outcomes.

We next assessed key outcomes such as mortality (Data Field (DF): 40000), together with
lifestyle indicators (e.g townsend deprivation index (DF: 189), overall health rating (DF:
2178), BMI (DF: 21001), and smoking status (DF: 20116), physical activity (Metabolic
Equivalent Task (MET) data based on IPAQ (International Physical Activity Questionnaire
(DF: 22040 and 22032), or other potential healthspan modifiers such as parental longevity
(DF (1807,3526, 2946, 1845)), (Cassidy et al. 2016). Demographic descriptors such as age,

sex (DF: 22001) or comorbidities were also included with results shown in Table 4-2.

Comparing the HRH with URU trajectories the former are female dominated, have a lower
number of comorbidities (2.8 vs 5.6), better overall health rating, lower BMI (26 vs 30), more
never-smokers (60.4% vs 44.9%) and lower deprivation score, all factors we would expect to
influence the rate of biological ageing. This was confirmed by lower mortality in the healthy
group (2.6% vs 11.8%). Interestingly both the mother’s and father’s lifespan were also higher
in those with a lower PhenoAge, i.e. on a healthy trajectory. Comparing those with an altered
trajectory across our study, those who changed from a low PhenoAge to a higher PhenoAge
(healthy becoming unhealthy, HBU) with those who changed from unhealthy to a healthy
trajectory, we can see higher number of comorbidities, more deprivation, higher BMI and

slightly shorter parental lifespan, resulting in higher mortality (8.1% vs 4.4%) in the HBU

group.
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Healthy Unhealthy Healthy Unhealthy
Lifestyle factors remaining becoming becoming remaining
healthy healthy unhealthy unhealthy
Total N (%) 20395 (10.2) 94130 (47.3) 75122 (37.7) [9569 (4.8)
Mortality (%) 537 (2.6) 4163 (4.4) 6096 (8.1) 1127 (11.8)
Age 66.4 (8.1) 66.1 (8.3) 66.2 (8.4) 67.4 (8.3)
Comorbidities 2.8 (2.7) 3.4 (3.3) 4.0 (3.9) 5.6 (4.6)
IPAQ activity group (MET)* (%) |low 2636 (12.9) 14289 (15.2) 11939 (15.9) (1802 (18.8)
moderate (6989 (34.3) 30797 (32.7) 24356 (32.4) {2911 (30.4)
high 6975 (34.2) 30962 (32.9) 24175 (32.2)  [2677 (28.0)
(Missing) [3795 (18.6) 18082 (19.2) 14652 (19.5) 2179 (22.8)
Minutes of activity/week (MET)* 2732.7 (2664.6) [2673.8 (2714.5) [2651.4 (2748.0)|2503.0 (2789.6)
Last Recorded Age Father 71.2 (16.1) 70.4 (16.7) 70.0 (16.9) 68.8 (18.0)
Last Recorded Age Mother 75.7 (13.8) 74.8 (14.8) 74.3 (15.2) 73.4 (16.8)
Sex (%) Female 13497 (66.2) 51751 (55.0) 37890 (50.4)  [3853 (40.3)
Male 6721 (33.0) 41627 (44.2) 36672 (48.8) |5625 (58.8)
(Missing) 177 (0.9) 752 (0.8) 560 (0.7) 91 (1.0)
Smoking (%) Previous  [6879 (33.7) 32550 (34.6) 26441 (35.2) [3573 (37.3)
Current 1123 (5.5) 9421 (10.0) 8144 (10.8) 1628 (17.0)
Never 12322 (60.4) 51776 (55.0) 40196 (53.5)  |4296 (44.9)
PNA 63 (0.3) 320 (0.3) 287 (0.4) 62 (0.6)
(Missing) |8 (0.0) 63 (0.1) 54 (0.1) 10 (0.1)
Townsend deprivation index -1.8 (2.8) -1.4 (3.0) -1.3 (3.1) -0.8 (3.3)
Overall health rating (%) Excellent [4148 (20.3) 14658 (15.6) 11454 (15.2)  [716 (7.5)
Good 12641 (62.0) 55263 (58.7) 42840 (57.0) |4416 (46.1)
Fair 3125 (15.3) 19839 (21.1) 16487 (21.9) 3219 (33.6)
Poor 404 (2.0) 3908 (4.2) 3903 (5.2) 1132 (11.8)
DNK 57 (0.3) 348 (0.4) 342 (0.5) 62 (0.6)
PNA 12 (0.1) 51 (0.1) 41 (0.1) 14 (0.1)
(Missing) (8 (0.0) 63 (0.1) 55 (0.1) 10 (0.1)
BMI 26.0 (3.9) 27.5 (4.7) 27.8 (4.8) 30.0 (5.9)

Table 4-2. Lifestyle and health outcomes data for the different ageing categories.

Continous values are presented as mean (standard deviation). Discrete values as categories
with number (& of total category).*Physical activity quantified using MET (Metabolic
Equivalent Task) scores based on IPAQ (International Physical Activity Questionnaire)
guidelines (Cassidy et al. 2016) Townsend deprivation index: Based on the preceding
national census output areas. Each participant is assigned a score corresponding to the
output area in which their postcode is located.PNA: Prefer not to answer. DNK: Do not know



107

4.4.3 Characterisation of ageing trajectory categories using disease patterns

To further define our four ageing categories, disease information was obtained from UKBB
from hospital inpatient records. Date of diagnosis was obtained, with diagnosis classified
through ICD10 codes. We focused on chronic conditions most frequently occurring in
multimorbidity, as these are most likely to represent downstream impacts of the ageing
process, following the categorization defined by Calderon-Larrafiga and colleagues
(Calderon-Larrafiaga et al. 2017). In their categorisation, from 19,000 ICD-10 codes, 918
were selected as defining chronic conditions and subsequently mapped onto 60 chronic
disease categories. Only participants with ICD-10 codes belonging to one of these categories
were selected (n = 146,845), leaving the total of participants in each category as: HRH (n=
13,838); HBU (n = 56,354); UBH (n = 68,450); URU (n = 8,203). Disease category
prevalence information is summarized in Table 4-3. The biggest differences in prevalence
between disease categories (2.5 times) is highlighted, with obesity and diabetes showing the
highest differences with baseline values (10.85% versus 2.64% and 26.58%) or ( 8.25%
versus 4.06% and 14.99%) respectively. Highlighted diseases: anaemia, diabetes, obesity,
COPD, heart failure, chronic kidney disease (CKD), cardiovascular diseases, sleep
disorders, other respiratory disease, peripheral vascular disease and bradycardias, can be
mainly grouped as cardiometabolic disorders, a combination often seen associated to males
with higher severity and morbidity associations in multimorbidity clustering studies (Violan et

al. 2014; Prados-Torres et al. 2014; Vetrano et al. 2020).
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_ . . Unhealthy
Healthy remaining | Healthy becoming | Healthy becoming
All remaining
healthy Unhealthy unhealthy
Chronic disease categories unhealthy
N N =13, N = N = N=
Prev (%) Prev (%) Prev (%) Prev (%) Prev (%)
146,845 383 56,354 68,450 8,203
Hypertension 57979 38.66 4240 29.800 | 26257 | 37.538 | 23023 | 40.031 | 4459 53.81
Colitis and related diseases 39956 26.64 3553 24.972 17805 | 25.455 16076 | 27.952 | 2522 30.43
Esophagus, stomach and
36901 24.60 3118 21.915 16760 | 23.961 14630 | 25.438 | 2393 28.88
duodenum diseases
Osteoarthritis and other
35393 23.60 3045 21.401 16271 23.262 13779 | 23.958 | 2298 27.73
degenerative joint diseases
Solid neoplasms 34630 23.09 3137 22.048 15255 | 21.809 14137 | 24.581 | 2101 25.35
Other musculoskeletal and join{
. 29639 19.76 2565 18.028 13636 19.494 11546 | 20.075 | 1892 22.83
diseases
Dyslipidemia 28929 19.29 2136 15.013 13030 18.628 11565 | 20.108 | 2198 26.52
Other genitourinary diseases | 27003 18.00 2626 18.457 12290 17.570 10611 18.450 | 1476 17.81
Ischemic heart disease 22956 15.31 1473 10.353 9812 14.028 9652 16.782 | 2019 24.36
Cataract and other lens
) 22120 14.75 2059 14.471 10101 14.441 8429 14.656 | 1531 18.47
diseases
Inflammatory arthropathies 18965 12.65 1326 9.320 8074 11.543 7937 13.800 | 1628 19.65
Asthma 18053 12.04 1308 9.193 8192 11.712 7280 12.658 | 1273 15.36
Anemia 17197 11.47 994 6.986 7058 10.090 7535 13.101 | 1610 19.43
Diabetes 16279 10.85 376 2.643 6084 8.698 7616 13.242 | 2203 26.58
Dorsopathies 14453 9.64 1207 8.483 6348 9.075 5930 10.311 968 11.68
Atrial fibrillation 13568 9.05 857 6.023 5408 7.731 6118 10.638 | 1185 14.30
Peripheral neuropathy 13102 8.74 1102 7.745 5984 8.555 5096 8.861 920 11.10
Thyroid diseases 12690 8.46 1163 8.174 5820 8.320 4883 8.490 824 9.94
Obesity 12369 8.25 578 4.062 5042 7.208 5507 9.575 1242 14.99
Depression and mood
12123 8.08 863 6.066 5299 7.576 5063 8.803 898 10.84
diseases
Other digestive diseases 12108 8.07 958 6.733 5301 7.578 4974 8.648 875 10.56
Other eye diseases 10814 7.21 959 6.740 4841 6.921 4210 7.320 804 9.70
Chronic pancreas, biliary tract
10644 7.10 830 5.834 4732 6.765 4301 7.478 781 9.42
and gallbladder diseases
Prostate diseases 10205 6.80 678 4.765 4397 6.286 4321 7.513 809 9.76
Copd, emphysema, chronic
9649 6.43 424 2.980 3913 5.594 4279 7.440 1033 12.47
bronchitis
Cerebrovascular disease 8936 5.96 602 4.231 3783 5.408 3743 6.508 808 9.75
Heart failure 8759 5.84 426 2.994 3174 4.538 4233 7.360 926 11.17
Neurotic, stress-related and
8565 5.71 720 5.060 3799 5.431 3495 6.077 551 6.65
somatoform diseases
Venous and lymphatic
) 8032 5.36 835 5.869 3667 5.242 3097 5.385 433 5.23
diseases
Ear, nose, throat diseases 7822 5.22 654 4.597 3550 5.075 3170 5.512 448 5.41
Chronic kidney diseases 7710 5.14 230 1.617 2495 3.567 3949 6.866 1036 12.50
Other cardiovascular
7491 4.99 443 3.114 3024 4.323 3319 5.771 705 8.51
diseases
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Cardiac valve diseases 7168 4.78 473 3.324 2874 4.109 3240 5.634 581 7.01
Osteoporosis 6785 4.52 728 5.117 3056 4.369 2595 4512 406 4.90
Other neurological diseases| 6088 4.06 433 3.043 2512 3.591 2662 4.629 481 5.80
Other metabolic diseases 5866 3.91 351 2.467 2349 3.358 2618 4.552 548 6.61
Autoimmune diseases 5015 3.34 335 2.355 2098 2.999 2155 3.747 427 5.15
Deafness, hearing
4749 3.17 376 2.643 2033 2.906 1970 3.425 370 4.46
impairment
Sleep disorders 4364 2.91 224 1.574 1827 2.612 1874 3.258 439 5.30
Other respiratory diseases| 4163 2.78 174 1.223 1627 2.326 1949 3.389 413 4.98
Glaucoma 4021 2.68 388 2.727 1844 2.636 1519 2.641 270 3.26
Migraine and facial pain
3457 2.31 328 2.305 1593 2.277 1373 2.387 163 1.97
syndromes
Peripheral vascular
3446 2.30 185 1.300 1373 1.963 1524 2.650 364 4.39
disease
Blood and blood forming
. 3419 2.28 224 1.574 1320 1.887 1551 2.697 324 3.91
organ diseases
Bradycardias and
3216 214 195 1.371 1207 1.726 1523 2.648 291 3.51
conduction diseases
Inflammatory bowel diseases| 2992 1.99 184 1.293 1265 1.808 1234 2.146 309 3.73
Other psychiatric and
2925 1.95 137 963 1191 1.703 1297 2.255 300 3.62
behavioral diseases
Dementia 2853 1.90 220 1.546 1117 1.597 1265 2.200 251 3.03
Hematological neoplasms 2791 1.86 172 1.209 1029 1.471 1362 2.368 228 2.75
Chronic ulcer of the skin 2630 1.75 78 548 956 1.367 1262 2.194 334 4.03
Allergy 2456 1.64 218 1.532 1164 1.664 958 1.666 116 1.40
Epilepsy 2430 1.62 178 1.251 1095 1.565 978 1.700 179 2.16
Chronic liver diseases 1911 1.27 64 0.450 704 1.006 909 1.581 234 2.82
Parkinson and parkinsonism| 1368 0.91 120 0.843 576 0.823 566 0.984 106 1.28
Other skin diseases 1356 0.90 118 0.829 606 0.866 520 0.904 112 1.35
Blindness, visual impairment| 986 0.66 67 0.471 395 0.565 427 0.742 97 1.17
Multiple sclerosis 846 0.56 82 0.576 396 0.566 329 0.572 39 0.47
Schizophrenia and delusional
. 534 0.36 31 0.218 219 0.313 238 0.414 46 0.56
diseases
Chronic infectious diseases 380 0.25 18 0.127 156 0.223 168 0.292 38 0.46
Chromosomal abnormalities 7 0.05 3 0.21 26 0.37 37 0.64 5 0.06

Table 4-3. Disease prevalence of 60 chronic disease categories by ageing trajectory groups.

Comparison of chronic condition prevalence between the whole cohort of participants with at
least one diagnosis (n =
diagnosis with the highest (X2.5) change in prevalence between whole cohort and subgroup.

146845) and each ageing phenotype. In bold we have those
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Regarding number of diseases, more information can be seen in Figure 4-3, where
participants had a minimum of 1 disease category and a maximum of 33 , with the average

being 3 and the upper quartile 6.

30000 A

20000 ~

Frequency

10000 -

0 10 20 30
Number of diseases

Figure 4-3. Frequency of the number of disease categories per participant.
Only those participants with at least one category diagnosis were selected (minimum = 1,
maximum = 33)

We next determined whether there were distinct disease patterns or comorbidities (two or
more diseases in the same individual), found in the different ageing phenotypes by

calculating disease co-occurrence in pairwise associations Figure 4-4



G Xipuaddy ybnouayy

paulep spuaba| pue zipubbb uonouny pue ydelbi abexyoed ayj Buisn pajesso alem sydels ‘Fdey) sisayl/gONWe[Juj/wuod gnuyb//:Sdny
Ul UBas 8q Ued s)Nsal ||y ‘Pano|d alem Z'Q Uuey} Jomo| 8ouUspluod pue g ueyl Jaybiy ysu aAne|al

alnjosge ue yym suolernosse Jied aseasiq ‘sadAjousyd Buiebe unoj ay) 1o} joid salioba)ed aseasip usamiaq Ysiy aAle|dy - ainbi4

snonoau| . onousy [eyuspy . 1eajehs
unis Areuunoyusn . Aiojenong [ISETEER LT .
snonsaN . Kioyendsay anysabiq . aupoopuy
SOSESSIP DS U0 mommmm_v plosuL. swseidosu [eolBojorEWeH $95BASIP WNUBPONP PUE YIBWOIS SNBRYC0S
~

seswasip oyeydWA] pUE SN

$85BAS|D POOW PUE UOIssaIdeq

ouo)
wewredw) Buuesy ssausesq]
-
Sosedsp m_smea
CG.M:G: =
= V |

aseasip zn;.:s_:au U0 tel]

w\\ . e g&;/is
; T

SHYOUCIq OUOIYD BWESAUAWE PAOO—" /
N \
s

Asdeida

seesip seppe|qIied pue 1oex Aseng see:oued oMaiu0
Auseao

(ols / \ untupd Bue uosuptivg
seigeiq saseasip aniseBip JoUI0
%ﬁ% 95 goscasp E_sasi\so 4
~
saseasip aAnseBRTBUID — 1 = — s658EsID [9M0G AJOIeWWEYY

M%E SuoD
/ fAyedoineu [eseydued
% O\Q
'$95B8SIP JUI0f PUE [2)919XSOINISNW JBUI0 ewopldiSAq

/. seyjedosiog
—
./ / Bwyisy

5952351 1UI0] OATRISUSDSP JOUIO PUE STULLIEOBISO

eppeiqiet pue U& o

1weusedu Bulieay SSOUEa

$95B6SIP WNUEPONP PUE YoBWOlS Snbedos] /
S@SBOSIP WICIPIBWOS PUE Paje|e) SSans OloIneN Bwgisy

$95BOSID [BUOISNIOP PUE EIUBILAOZILOS Aﬂx n ABIBINY A ngH
\.mommmﬁo 1wi0] eANRIBUSBSP JBUIO PUE SHUULIEOBISO
BuwIisY
sasessip ueBio Buiwiiy poolg pue poojg \. " /
95ID 0ARSBIP J8UI0
S8SBOSIP WIOJOJBWIOS PUE PaE|al SSALS OI0INBN 505205/ 1UI0f PUE [1818¥50IN2SNW JBYIOD ./ \GB_E

Al
SIYRUOIQ DUOIYD BWASAYdWS pdoD Oy potall U LIS $95BASIP [EIOVEYEQ PUE JLIEILOASA JOUI0 seseasIp JopPe|qIed pue e Aieig seaioued JUOIND

seppeiqeb pue e Aeng seanued ouoyD 9SIp Poowl puB Uosesdeq s6s8081P Eo.ﬂ&hg 48410
soseesin 9_#5 Sesees|p WIOJOIIGG PUE PSIE|o) SSBNS JNOINSN SHILOUOIG DIUCILD mswnfnswgoo
Seseas|p [CUORNIEP PU BIUAIA0ZIUIS ewooneln
wewiedw Bupesy sseujeaq Ayredoineu [e1ayduad /

'

—
wowsreduw) _.v_y‘/mq:/u&mu jpuoorero

seseasip 64 100 /M:

seseasip wnotﬁn/:m weEe)
~

seseasip [20160j2INGU JOUI0 y
s05805p 04 IO

eesip [€0160I0.NBY 18U

N
fas1p BBy J1WByds| e
$@SESIP SUS| JOYI0 PUE eIRIED WSIUOSUPEd PUB UOSUPLES <
sisosejos oidniniy weusredw [ensin”sseupuilg
ﬂEwua__ﬂE
el < 9SBASIP JBINISBY0IGAU
< Nsiony % I N
—_— seseasip uoRINPUCD pue sepfeAipeig
$8528SIP JUIO] PUE [219|@%SOINISNW J8UI0 BwyISY / RS L elwepidisiq
® Auseq0 A:.a. e 2
—@ - y A« e
Seseas|p JeINSEADIPIED JBYI0 K
se1pedosioq .I’ siepiosip desis (Han UDIS BU) JO JO2N DUOIUD seseosip BAEA EpED N 0SEASID LIEAY JWIBLDS| (HYH

111



112

Relative risk (RR) is a measure of comorbidity strength used in previous studies of disease
networks (Fotouhi et al. 2018; Ddnertas et al. 2021) where RR is equal to the ratio of the
number of times that an ordered pair of diseases occur in the empirical data to the expected
number of times it would occur in a random network. Looking into disease pair risk
differences between categories (confidence < 0.2), the highest RR between conditions was
found to be in URU participants between “Parkinson’s and parkinsonism” and “Dementia”:
19.72 (14.38 — 24.38)) with the other phenotypes displaying strong relationships between
nervous and mental health categories. Similar findings have been previously reported (Ben
Hassen et al. 2022), with neurological disorders clustering strongly together in multimorbidity
analysis, with a strong age dependency. All results can be found in our repository at

https://github.com/InFlamUOB/Thesis Chap4.

Also, a higher number of significant disease pairs were found in URU participants (37 nodes),
with a higher number of associations between ICD10 code categories (Figure 4-4). Diseases
categories with the most number of associations were heart failure, chronic ulcer of the skin
and COPD, emphysema and chronic bronchitis. Also, differences in RR between categories
in diseases with a well-known spectrum of associated comorbidities could be assessed (D.
Tomic, Shaw, and Magliano 2022; Pearson-Stuttard et al. 2022), with diabetes associated
with higher relative risk to more severe conditions (i.e ischaemic heart disease, blindness

and chronic kidney disease) than HRH.

4.4.4 Genomic characterization of ageing trajectory categories.

Genetic makeup of our ageing clusters was assessed through GWAS (Figure 4-5).

Considering associations with the literature-standard P value <5 x 10_8 as significant
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(Panagiotou, loannidis, and Genome-Wide Significance Project, 2012), summary statistics of

significant variants can be found in Appendix 6.
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In total, as seen in Figure 4-6 and in Appendix 6, between all four categories, significant
variant associations were found only in the URU and HRH categories. 108 (95 with “viable”
rsIiD) were unique to the HRH participants with annotated genes corresponding to APOE,
NECTIN2, APOC1, TOMM40, PRC1, APOC1P1, RCCD1, VPS33B, TBC1D22B and

HLA-DQB1. The lead SNP for the HRH category was rs429358 (P = 1.36 x 10725), a

missense APOE e4 determinant, with an effect size (§ = -0.18) in agreement with previous

pro-longevity/healthy ageing phenotypes (Timmers et al. 2019). APOE e4 allele is
traditionally associated with adverse health outcomes, including an increased risk of
Alzheimer's disease, cardiovascular disease, and reduced life expectancy. The e2 allele
(rs7412), said to confer protection, was not found as significant association in any category
(C.-L. Kuo et al. 2021) . 12 associations were found for the URU set (rs174541 (FADS2),
rs174576 (FADS2), rs4246215 (FEN1), rs174544, rs174548, rs174549, rs174555, rs174556,
rs174557, rs174560, rs174561, rs751229834, all annotated to FADS1) and 8 association
were shared between both (rs12972156, rs12972970, rs34342646 associated to NECTINZ2,
rs28456 (FADS2), rs2075650, rs34404554, rs71352238, rs11556505, associated with
TOMMA40). All gene annotations were performed using Phenoscanner (Kamat et al. 2019),
which uses Ensembl Variant Effect Predictor tool (VEP) (McLaren et al. 2016) and BEDOPS
(Neph et al. 2012) .In those 8 SNPs shared between categories, similar effect sizes were
seen but with opposite directions (negative in HRH and positive in URU). Upon checking
GWAS Catalog (Sollis et al. 2023) and the Phenotype-Genotype Integrator Database
(Ramos et al. 2014), traits followed previously reported longevity studies, with significant
associations found for coronary artery disease (rs4420638), Alzheimer’s disease (rs2075650,
rs769449, rs157580, rs6857, rs4420638, rs56131196, rs429358), blood pressure

(rs4420638) and cholesterol related traits (Harold et al. 2009; Seshadri et al. 2010; Fortney et
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al. 2015; Donertas et al. 2021) . A full list of all GWAS Catalog results can be seen in the

GitHub repository (https://github.com/InFlamUOB/Thesis_Chap4)

Healthy
A remaining
healthy

Unhealthy remaining
unhealthy

B Healthy
remaining
healthy

Unhealthy remaining
unhealthy

Figure 4-6. Venn diagrams showing significant genetic associations in URU and HRH
categories.
A) Significant variants extracted from GWAS. B) Annotated genes
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4.4.5 Gene annotation

As described in Methods, linkage disequilibrium (LD) was not taken into account to expand
SNPs (Dong et al. 2021) or assess highly correlated SNPs (fine-mapping) for prioritisation,
with only proximity and colocalisation with functional elements eQTL integrated. In total 97
HGCN genes were annotated, with 13 annotated based on both proximity and eQTL data
(APOE, APOC1, TOMM40, PVRL2, PRC1-AS1, PRC1, RCCD1, VPS33B, HLA-DQB1,
FADS2, FADS1, MIR1908, FEN1) and the rest (84) based on eQTL information alone. The
most annotated gene was PRC1, with 78 SNPs found as significant in HRH categories

annotated to it. All annotations can be found in https://github.com/InFlamUOB/Thesis_Chap4.

4.4.6 Functional enrichment

Given our major motivation was to use these identified gene associations to help infer any
biological underpinning for the four ageing phenotypes, genes were then functionally
enriched using the gene2func tool in FUMA (Watanabe et al. 2017), where annotated genes
are tested for over-representation in publicly available gene sets (MsigDB v7.0)(Subramanian
et al. 2005). Significant mappings on both HRH and URU annotated genes revealed
canonical pathways and gene ontology biological processes enriched for immune related and
metabolic pathways respectively (Figure 4-7). Interestingly, regulatory target gene sets were
only enriched in URU annotated genes. All genes per pathway and databases available are

summarised in https://github.com/InFlamUOB/Thesis_Chap4, including analysis with and

without the overlapping 21 genes.
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The HRH gene signature is enriched with immune biological processes, with the most
significant association being positional gene sets (adjusted p value of 2.2 x 10*17), with C4A,
C4B, CYP21A2, RNF5, AGER, NOTCH4, HLA-DRB9, HLA-DRB5, HLA-DRB6, HLA-DRBH1,
HLA-DQA1, HLA-DQB1, HLA-DQB1-AS1, HLA-DQA2, HLA-DQB2, HLA-DOB, HLA-DPA1,
HLA-DPB2 genes all associated with chromosome 6p 21. This position belongs to the
Human Leukocyte Antigen (HLA) critically related to immunity and inflammation and

functionally associated to more than 120 major diseases (Borchers et al. 2014).

In contrast, the URU signature is dominated by metabolic and lipid synthesis enrichment,
with the main dominating module being sterol biosynthetic process with an adjusted p value
of (6.664x10-14) and 10 genes (DHCR24, SCD, SREBF1, ACACA, ABCG1, SREBF2,
HMGCS1, INSIG1, FDFT1, SQLE) involved. Of special relevance is the fact that transcription
factor targets were found for the URU subgroup and not the HRH, with recent studies
highlighting a few conserved transcription factors (TFs), such as the above mentioned
SREBF1 and SREBF2, as key controllers of the molecular footprint of ageing (Bou Sleiman

et al. 2020).

4.4.7 Ageing databases

Given our focus on ageing trajectories, all annotated genes were then compared to
literature-based ageing databases (Figure 4-8). These databases are GenAge Human
(genes associated with lifespan in humans or closely related species), human orthologs in
GenAge Model Organism (genes modulating lifespan in model organisms), CellAge (genes
regulating cellular senescence) ( Barardo et al. 2017; Tacutu et al. 2018), Aging Bank (Y.
Gao et al. 2022) and longevity related genes extracted from different recent studies (Timmers

etal. 2019; Zenin etal. 2019). We also incorporated the overlapping immune and age
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associated genes found as conserved orthologs (Fabian et al. 2021). All information can be

found in https://qgithub.com/InFlamUOB/Thesis_Chap4.

% TOMMA40 O O
SREBF1 4 @
O
PRKCB )
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HLA-DQA1 - O
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% APOE -
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ABCAT 1 )
Heallthy Unlhealthy
remaining remaining
healthy unhealthy

Databases

Aging Bank

Cell Age
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ImmAge Orthologs
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Gene annotation by
proximity too

Figure 4-8. Association of annotated genes with key ageing databases.
Presence of ageing-related genes determined by 5 ageing databases and 1 study in our
ageing categories. Genes annotated through proximity as well as eQTL are signalled through

a*
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APOQE, is one of the only consistent genome-wide significant associations for longevity and
as such, present in nearly all of the databases included. Through our annotation
mechanisms, rs6857, rs157580, rs429358 and rs769449 were the only variants associated
with APOE, with them all found significant associations only with HRH cohort and them all
displaying a negative effect. Regardless, TOMM40 which is located close to gene APOE at
chromosome 19q13.32 (Joshi et al. 2016), did have representation in both categories. Also,
as key highlights, shared genes between categories were found to be associated to genetic
risk with opposite effects. The TOMM40 gene previously mentioned, was annotated by 18
SNPs through eQTL data and by 10 through proximity analysis. From these, 7 genetic loci
were shared between HRH and URU categories (rs71352238, rs11556505, rs12972156,
rs12972970, rs2075650, rs34342646, rs34404554) and in all different effects were reported
with HRH consistently reporting negative effect sizes (betas) and URU positive. For LDLR,
the low-density lipoprotein receptor, 11 SNPs were found associated through eQTLs and one
(rs28456 coding for FADS2) was shared between categories, and again reported opposite
effects (Beta = -0.0782 for HRH; Beta = +0.1079 for URU). From Zenin et al. 2019 database,
3 out of 40 significant SNPs identified in their study (rs2075650 (Fortney et al. 2015),
rs4420638 (Deelen et al. 2014) and rs429358 (Joshi et al. 2016)) all associated to the
the APOE/TOMM40 locus were also found in our analysis albeit none where the final 12
significant loci identified with health span in their study (Appendix 7). All annotated genes and

summary stats can be found in https://github.com/InFlamUQOB/Thesis_Chap4.

4.5 Conclusion and discussion

In this study, we have made use of UKBB data to determine an individual’s ageing trajectory
through calculation of the PhenoAge metric (Levine et al. 2018), a well-established biological

age proxy. Longitudinal information available through GP clinical records, with repeated
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measurements were used to help achieve approximations of an individual’s biological age
over time (Alpert et al. 2019). Acknowledging the high inter-individual variability seen in
deeply phenotyped longitudinal healthy cohorts (Kaczorowski et al. 2017; Alpert et al. 2019;
Ahadi et al. 2020; Tebani et al. 2020) and the challenge of studying ageing genetics due to
low heritability and limited samples, participants with similar trajectory behavior were grouped
in to closely related phenotypes to capture elements of the ageing process (Kubben and
Misteli, 2017). Ageing trajectories were identified by acknowledging that higher predicted
PhenoAge scores over real chronologic age represented unhealthy signatures and lower
ones, healthy. In these way, four trajectories were built: Healthy remaining Healthy (HRH; n=
20,395); Healthy becoming Unhealthy (HBU: n = 75,122); Unhealthy becoming Healthy
(UBH: n = 94,130); Unhealthy remaining Unhealthy (URU; n = 9569). Considering these
different trajectories as examples of participants ageing at different rates, we proceeded to
understand if these four groupings could be further characterized by potentially different

biological mechanisms.

In agreement with previous studies, a predominant cardiometabolic disease pattern was
seen associated with our unhealthy trajectory groups, with diseases such as diabetes,
obesity, or heart failure being highly prevalent in URU participants, associated too with male
sex and worse health outcomes and lifestyle practices ( high BMI, comorbidities, smoking,
and shorter parental lifespan) In turn, HRH displayed the opposite signature and had less
prevalence of most diseases with the only disease seen at a higher prevalence than baseline
being osteoporosis, a disease highly associated to the female sex, predominant in the
category. The intermediate, transitioning categories HBU and UBH displayed intermediate
signatures with HBU consistently displaying worse health outcomes, higher disease

prevalence and worse lifestyle practices.
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Enrichment analysis through FUMA of our annotated GWAS results for each ageing category
revealed marked metabolic and immunological signatures in URU and HRH respectively. The
metabolic signature uncovered in URU is characterized by reactive biolipid molecules
synthesis, which amplify the inflammatory response through enhancing the inflammatory
cytokine cascade, upregulating the innate response to tissue damage or pathogens,
including increasing inflammatory cytokine expression (Rea et al. 2018). Of special relevance
too, are the sterol regulatory element-binding protein (SREBP) transcription factors, SREBF1
and SREBF2, which we hypothesize might act as a unifying link between the enriched
cardiometabolic disease patterns, metabolic signature and ageing genetic risk seen in URU.
In recent studies, SREBP TFs have been claimed as one of the key putative ageing
modulators underlying ageing footprints across tissues and species (Bou Sleiman et al.
2020). Responsible for regulating cellular lipogenesis and lipid homeostasis, as well as
promoting inflammation and mediating metabolic reprogramming (Fowler et al. 2022;
Kusnadi et al. 2019) they have been closely associated with type Il diabetes, cancer, innate
immunity, neuroprotection, and autophagy (Shao and Espenshade 2012). Also, other TFs
pathways were identified such as autophagy related GATA TF or liver X receptor (LXR)
(Kang et al. 2015; Zhu et al. 2021). In order to further ascertain possible underlying molecular
patterns, a more exhaustive analysis of regulatory regions associated to our GWAS
associations would be needed (Dong et al. 2021), with current leading theories on disease
development and complexity focusing on the study of non-coding regions of the genome (
Boyle, Li, and Pritchard 2017; Barbeira et al. 2021). Even though eQTL mappings were used,
harnessing other resources such as ENCODE (ENCODE Project Consortium 2012) or
Roadmap Epigenomics projects (Kundaje et al. 2015) would be useful to identify extra
mechanistic insights, with maps of histone modifications, transcription-factor binding,
chromatin accessibility, three-dimensional genome structure and other annotations

acknowledging different cell types and tissues (Tansey, Cameron, and Hill, 2018). With the
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integration of such resources, elucidation of the TFs modules as key integrating agents of
complex ageing and inflammatory responses would be possible, with promising guides such
as LXR. LXR plays a dual role in metabolism and inflammation (Dixon et al. 2021), acting as
a regulator of the inflammatory response through changes in lipid metabolism with the
activation of ABCA1, a sterol transporter altering membrane cholesterol homeostasis able to
inhibit NF-KB (lto et al. 2015). LXR also acts as a glucose sensor regulating glucose
homeostasis and insulin sensitivity (Gerin et al. 2005). As such these genes have been
highly associated to diseases such as Type 2 diabetes, obesity or other cardiometabolic
diseases, highly prevalent in the URU category. Also TF GATA, associated to genes TPM3,
MYRF, FTH1 and PVRL2, is highly associated with the hallmarks of ageing: DNA repair and

impaired autophagy (Kang et al., 2015; Zhu et al., 2021).

With regards to the HRH signature, genetic associations point towards an immune-enriched
signature (albeit unspecific) and most relevantly, a number of longevity-associated SNPs.
Examples such as rs2075650, rs4420638, rs429358 with strong negative effect sizes
denoting a protective phenotype matching the literature (Zenin et al. 2019). Such is the case
of the SNP with the biggest effect size from our analysis, APOE e4 variant rs429358,
implicated in age-related diseases and traits such as late-onset Alzheimer’s disease or
cardiovascular disease and depleted in centenarians. This same variant was also found as
key genetic driver of PhenoAgeAccel in a recent analysis exploring UKBB’s data (C.-L. Kuo
et al. 2021). Regardless , in their study, opposite effect direction to expected (and to ours)
was seen. They concluded that cofounding through the e3e3 genotype and plasma level
cholesterol might be the reason, with inflammation acting differently in subtypes. Interestingly
this effect seems to have been mitigated in our study by splitting it into subtypes, getting rid

of this genotype in one of the other categories (C.-L. Kuo et al. 2021). In our work the second
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APOE isoform and e2 allele (rs7412), was not found as significant, but warrants future

inspection.

Worth mentioning too is the fact that no significant associations were found in the
intermediate ageing phenotypes HBU and UBH, with maybe a higher sample size required to
properly uncover signals, given these trajectories might be grouping more heterogenous
individuals with stronger environmental and lifestyle effects. In previous work using deep and
longitudinal phenotyping (Ahadi et al. 2020), 4 enriched ageing patterns or “ageotypes” were
derived from key molecular pathways that changed over time in a given individual. Two of
these four “ageotypes” matched our metabolic and immune signatures, with the other two
being defined by liver and kidney dysfunction pathways. Liver and kidney dysregulations
have also been found in recent studies associating multimorbidity and metabolic studies of
healthspan, with impaired glucose homeostasis, low-grade inflammation, and lipoprotein
metabolism (Pietzner et al. 2021) as other key markers too. Further work, such as a closer
study of multimorbidity clusters and network modules in our diseases (Dong et al. 2021),
would help understand if this kidney and liver dysregulation is seen in HBU and UBH too.
Also, associations with disease sequences in time would be of special interest too, with
chains of disease causation separated in time allowing us to further profile the development
of each ageing cluster (Jensen et al. 2014; Giannoula et al. 2018; 2021; Kuan et al. 2023).
Also, and as studied in (Ahadi et al. 2020), further research onto the associations between
lifestyle changes (i.e BMI variations, diet restrictions, smoking cessation or specific
medications such as metformin) to transitions from unhealthy to healthy trajectories could
pave the way for better understanding of how improvements in health can be targeted using

selective interventions or lifestyle changes.
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Also, many different biological age metrics exist as reported before. PhenoAge was used due
to its well-established use in research and the simple serum biomarkers required, routinely
assessed in clinical practice and so more readily available for longitudinal analysis. Since its
derivation in 2018 (Levine et al. 2018), many studies have employed serum proteins as
instruments to predict health risk and disease (Emilsson et al. 2022; 2018;
Sinnott-Armstrong, Tanigawa, et al. 2021; Sinnott-Armstrong, Naqvi, et al. 2021), with Li and
co-workers recently assessing the genetic underpinnings and health span association of
most of the markers involved in PhenoAge (X. Li et al. 2021). From their work, glucose
control was hypothesised to be a putative causal mechanism in healthspan maintenance,
with glycemic biomarkers and those related to HDL metabolism showing the greatest genetic
effects. As expected, variants significantly associated to our more extreme categories (HRH
and URU), were highly associated through GWAS Catalog mappings

(https://github.com/InFlamUOB/Thesis_Chap4.) to cholesterol metabolism and most

PhenoAge biomarkers. For the future, a closer look onto how our results relate to each of the
9 markers used to build our score would be warranted with work such as (C.-L. Kuo et al.
2021) disentangling its effect in single point measurements. Although, in the end, with each
of these markers being massively polygenic and complex by themselves (e.g 266
independent loci identified for CRP-regulation (Said et al. 2022)), the power of our analysis
probably emerges from their combination, where shared underlying molecular pathways are
helping uncover novel and overlapping genetic variants and associations (Ligthart et al.

2016).

Also, investigating other markers and studying other biological age metrics would be of
interest, with the previous mentioned work (C.-L. Kuo et al. 2021) concluding, after
comparing the genetic predisposition of both PehnoAge and BioAge (another biological age

metric), that the two measures capture different ageing domains with maybe more than 1
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metric required to generate a complete understanding of the ageing signature. Probably
these metrics should encompass as many omics layers as possible, with recent research
focusing on DNA methylation and epigenetic clocks or metabolomic studies with
haematological metabolism, described as a key player in ageing phenotyping (Pietzner et al.
2021). Also, a comprehensive 76 protein model was found to be highly correlated (r = 0.94)
with chronological age (Tanaka et al. 2018). In the end, the genetic basis of the endpoint
phenotype, in this case different health span/ ageing trajectories is expected to reflect the
genetics of all the intermediate endophenotypes, here represented by the choice of

molecular markers (Sinnott-Armstrong, Naqvi, et al. 2021).

In terms of study methodology, there are limitations. We acknowledge different analysis
criteria could have been performed for tackling the imputation of missing blood marker data,
or different disease classification categories implemented, with for example a broader range
of age-related diseases considered (Kim et al. 2021). Our hypothesis was based on
uncovering mechanisms driving ageing trajectories and so we chose the 60 chronic diseases
most associated with multimorbidity (Calderdn-Larrafiaga et al. 2017), but it is true that this
grouping of ICD-10 codes makes comparisons with the current literature more complex
(Dong et al. 2021). Also, the use of hospital data from UKBB and not self-reported health
data or the integration of GP records, can produce a biased disease description of the
population, with really healthy patient markers not captured, given GP visits are normally a
consequence of ill-health. Regardless the use of primary care data codes in UKBB is still a
novel tool (Hanlon et al. 2022) and we are benefiting from the long follow-up time (25 years)

and an extensive coverage of diseases provided by the UKBB linked hospital inpatient data.

Another limitation is that no fine-mapping was performed to assess if genomic variance is

truly independent and not merely due to linkage disequilibrium, with all SNPs studied



128

downstream and their functional enrichment prioritized (Uffelmann et al. 2021). Also, UKBB
participants are recognised to be less socioeconomically deprived, have fewer lifestyle risk
factors, and have a lower prevalence of long term conditions (LTCs) than the UK population
in general (Hanlon et al. 2022), making multimorbidity studies challenging (Kuan et al. 2023)

and not fully representative of worldwide populations.
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5 Chapter 5: Discussion and thesis conclusions
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This thesis investigated three applications of computational biology focusing on three key
areas of research:

e Discovery: Machine learning as a bioinformatic tool (Chapter 2)

e Translation: Clinical translation through the study of prognostic models (Chapter 3)

e Complexity: Data integration and the study of complex systems (Chapter 4)

For all pieces of work, the objective was twofold, to create and improve on an analysis
pipeline and to generate insight into the specific biological problems studied, either as
case-studies (Chapter 2) or as main drivers of the work (Chapter 3 and 4). As it is common in
such big pieces of work, the projects and aims of the thesis evolved and adapted in time, with
the journey starting through the development of data analysis frameworks for the study of
biological data. With the pandemic, our work got repurposed and we got to explore a novel
and exciting avenue: translational medicine. The analysis then grew naturally larger, through
the exploration of big datasets such as UKBiobank and the questioning of higher order

concepts such as ageing and health to disease transitions.

5.1 Overview of major findings

In Chapter 2, | recount the journey of developing a data-driven, generalizable, robust and
low-bias machine learning tool that generates easily interpretable outputs for actionable
biomarker discovery. This tool has as objective to both aid in translational research, helping
guide the selection of explanatory features of -omics data, as well as generate insights into
underlying patterns and help disentangle the ever-increasing amount of data available. Work
is divided into three main sections. First, we developed a robust machine learning workflow
based on bootstrapping of regularization algorithms for feature selection which was validated

in three different datasets. Based on our approach, we were for example able to reduce the
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number of potential causative genes in a transcriptomics experiment to under 100 (from an
input of over 22,000 genes) whilst the high confidence selections were reduced to less than
15. Then, this same pipeline was adapted for the study of the novel “Golden Hour” dataset,
presenting unique data on the ultra-early immune response to trauma. Through our work, we
assessed the predictive power of early immunological data to detect MultiOrgan Dysfunction
development, with measurements at three different time points. A final multivariable model
identified three potential biomarkers relating neutrophil function. These three features were:
decrease in CD62L expression after fMLF treatment, CD63 expression and monocyte
percentage. With the inclusion of current clinical scoring systems such as NISS and P14, the
final AUC model performance achieved was 0.92, improving the current clinical scoring
systems PS14 by 8% and NISS by 13% respectively. Finally, this ML pipeline evolved to
incorporate other areas of interest such as explainable Al methods for more comprehensive
feature selection methods as well as included more algorithms to complement analysis. In
order to make it useful for the community, it was deployed as a complementary tool to allow a
quick and simple analysis through a webapp (at

https://inflam.shinyapps.io/MachLearnBiomarker2/).

In Chapter 3 we repurposed our machine learning pipeline to implement clinical prediction
models as part of a collaboration with the CovidSurg Collaborative (‘CovidSurg —
Globalsurg’), a NIHR Global Surgery Research Unit built out of the need to derive
evidence-based guidelines for surgical practice. This was done during the pandemic, as part
of their research exploring how to restart surgery in a safely manner through the study of
patients with SARS-CoV-2 infection who had surgery at different hospitals and countries. For
thes datasets with 126,000 patients from more than 1158 from 119 countries was used. As
part of the work, two different clinical prediction models were built for clinical

decision-support:



132

e Prediction of postoperative mortality risk in patients with perioperative SARS-CoV-2
infection (CovidSurg Mortality Score) (COVIDSurg Collaborative 2021). Model

deployed here: https://inflam.shinyapps.io/RiskAppLukeAugust2/

e Prediction of postoperative pulmonary complications in adults undergoing elective

surgery (GlobalSurg-Pulmonary Score). Model deployed here: : www.surgicalrisk.app

Both models were deployed following similar methodological structures, with a strong focus
on variable importance assessments and feature selection. After testing different algorithms
and variable combinations, both models were implemented as logistic regression for the
classification of patients at high risk of either mortality or postoperative pulmonary
complications. Logistic regression provided the best compromise between performance and
interpretability. Also, a thorough performance assessment through discrimination and
calibration metrics was done in both, although the validation schemes were adapted to the
resources and data available. More specifically regarding results, the COVIDSurg Mortality
Score consists of a logistic regression model of the following categorical variables: age (in
deciles), American Society of Anaesthesiologists (ASA) grade, revised cardiac risk index
(RCRI) score and preoperative respiratory support. Regarding performance, it is a well
calibrated model, that shows high discrimination for predicting mortality in patients with
perioperative SARS-CoV-2 with AUROCSs in the derivation (0.728 , 95% CI 0.714 — 0.7428)
and validation (0.804, 95% CI 0.774 — 0.833) sets consistent with published non-surgical
COVID risk scores. The predicted score is globally applicable through a webapp
(https://inflam.shinyapps.io/RiskAppLukeAugust?/) with variables that are readily available
across all resource settings. Continuing with our collaboration, a second model with updated
data was designed targeting pulmonary events, which are the major driver of death after
elective surgery and increased in frequency and severity during the SARS-CoV-2 pandemic.

For the GlobalSurg-Pulmonary Score, ten predictor variables were selected: age, sex,
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American Society of Anaesthesiologists (ASA) grade, operation grade, pre-existing
respiratory disease, RCRI, anaesthesia type, indication, interaction between country income
and background community SARS-CoV-2 infection and area of surgery. A logistic regression
model was built that demonstrated good discrimination and calibration upon internal
validation  (AUROC  0.7729, 95%Cl  0.7509-0.7948; Brier  score:  0.020,
calibration-in-the-large: 0.072, slope: 0.930). The model was then externally validated
through two different datasets with an acceptable performance in CovidSurg-Cancer
(AUROC 0.746, 95% CI: 0.733-0.760; Brier score: 0.036, CITL: 0.324, slope: 1.002), but with
some miscalibration in RECON data (AUROC: 0.690, 95% CI 0.663-0.719; Brier score:
0.045, CITL: 0.711, slope: 0.875). Miscalibration was assessed through transportability
frameworks and the model deployed to an online web application: https://surgicalrisk.app
with the hope to inform surgical consent, resource allocation, and hospital level prioritisation.
Both studies were designed and reported according to best practice guidelines and were at a
low risk of bias. As key takeaway too, such a direct collaboration with the surgical team has
been enriching, with a clear idea of the useful final product helping guide the study
methodology. Also, during deployment, a real-time feedback on building easy, interpretable

design interfaces with actionable outputs was essential too.

In Chapter 4, we have made use of UKBiobank data to determine an individual’'s ageing
trajectory through longitudinal measurements of the PhenoAge score (Levine et al. 2018), a
well-established biological age proxy. Four main aging trajectories were found based on its
relationship with chronological age and were defined as: Healthy remaining Healthy (HRH;
n= 20,395); Healthy becoming Unhealthy (HBU: n = 75,122); Unhealthy becoming Healthy
(UBH: n = 94,130); Unhealthy remaining Unhealthy (URU; n = 9569). Considering these
different trajectories as examples of participants ageing at different rates, we proceeded to

understand if these four groups could be further characterized by potentially different
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biological mechanisms. Looking at key lifestyle and health outcomes, chronic diseases
patterns and genetic makeup, we discovered that: HRH are female dominated, have a lower
number of comorbidities, better overall health rating, lower BMI, more never-smokers and
lower deprivation score, all factors we would expect to influence the rate of biological ageing.
This was confirmed by lower mortality in the healthy group. Interestingly both the mother’s
and father’s lifespan was higher too. Regarding URU, it was dominated by the male sex, high
BMI, comorbidities, smoking, and shorter parental lifespan. To better analyse chronic disease
patterns in our ageing phenotypes, we defined 60 chronic disease categories from available
ICD-10 codes following (Calderon-Larrafiaga et al. 2017)’s work. Cardiometabolic diseases
were the most prevalent URU, with dominating diseases such as diabetes, obesity, or heart
failure. In turn, HRH had less prevalence of most disease. Also, upon pairwise analysis of
diseases assessing relative risk, a higher number of significant disease pairs were found in
URU participants (37 nodes), with parkinsons and dementia being the most highly
associated. The intermediate, transitioning categories HBU and UBH displayed intermediate
signatures with HBU consistently displaying worse health outcomes, higher disease
prevalence and worse lifestyle practices. Finally, GWAS was performed revealing the genetic
makeup of the different trajectories. After significant variants were annotated through both
proximity and eQTLs, enrichment analysis revealed a marked immune signature for HRH
participants and a metabolic signature driven by lipid biosynthesis for URU. Also, conserved
transcription factors SREBF1 and SREBF2, key controllers of the molecular footprint of
ageing (Bou Sleiman et al. 2020), postulated as key regulatory element driving the URU
ageing phenotype Finally, focusing on ageing databases, significant associations to
age-related genes were found for both HRH and URU, with pro-longevity associated variants
(e.g rs429358, rs4420638, rs2075650) dominating HRH, with opposite effect directions in the
shared significant variants seen (rs2075650). No significant genetic associations were found

for UBH and HBU which we postulate to be more highly influenced by lifestyle associated
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factors.To the best of our knowledge, no previous research on both genetic background and
longitudinal measurements has been done in the study of biological ageing metrics, with
previous research focusing on either longitudinal assessment with no mechanistic input or

molecular associations but at a single point measurement.

5.2 Contributions to the literature

+ Developed and deployed a publicly available tool that includes bootstrapping of
regularized models and permutation analysis for biomarker discovery

(https://inflam.shinyapps.io/MachLearnBiomarker2/).

+ Evaluated the predictive power of ultra-early immunological data in determining
adverse outcomes in trauma patients, identifying three potential biomarkers (reduced
CD62L expression after fMLF treatment, CD63 expression, and monocyte
percentage) and offering a model with superior performance compared to existing
clinical scoring systems.

* Launched a model for predicting postoperative mortality risk in patients with
perioperative SARS-CoV-2 infection (CovidSurg Mortality Score):
https://inflam.shinyapps.io/RiskAppLukeAugust2/.

* Introduced a model for assessing postoperative pulmonary complications in adults
undergoing elective surgery (GlobalSurg-Pulmonary Score): www.surgicalrisk.app.

* Pioneered the integration of genetic makeup and longitudinal measurements in the
study of biological ageing metrics, identifying four ageing phenotypes characterized
by a spectrum of health outcomes and chronic disease prevalence.

» Uncovered longevity-associated genetic determinants with opposite directional effects

in both the healthiest and unhealthiest signatures and shared all associations.
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+ Postulated transcription factor genes, SREBF1 and SREBF2—key regulators of the
molecular footprint of ageing—as possible driving elements of our unhealthy ageing

phenotypes.

5.3 Limitations

Chapter 2. An evolution of the machine learning pipeline can be traced throughout the
chapter, with new iterations improving on previous weaknesses. For instance, as a common
limitation for the whole machine learning pipeline in all its developments, no interactions
between features were assessed as seen in other comparable pieces of work (Ali 2020).
Finally, the web app was deployed, and although still in development given its lack of
parallelization in the public server and need for proper software engineering frameworks, with
debugging and testing strategies, the GitHub source code is a fully operating, parallelized
code. Regardless, we do envision that there might be problems when dealing with different
operating systems and software dependencies, with proper containerization/environments of
our work through platforms such as Docker, designed to help developers build, share, and
run modern application as better options for the future. Regarding the work on the
classification of multiorgan dysfunction patients, internal validation was performed using
bootstrapping and permutation analysis but the analysis only counted with 61 trauma
patients, with external validation required to properly ascertain our models validity.
Regardless, it is true that finding data comparable to our experimental design is difficult. The
Golden Hour study, to the best of our knowledge, represents one of the few studies in the
world with data on the ultra-early response to trauma (< 1h) with only (Cabrera et al. 2017)
performing similar work, albeit with information on the first 2h. Also, to generate a more
complete analysis on the complexities underlying trauma, different types of data would be
required. To date, | have been involved in follow up work with steroid data and we have also

applied our pipeline to the transcriptomic information from (Cabrera et al. 2017) attempting



137

integration given similarities in phenotypes between our patients. As a result genes better
seen to be able to classify between MODS vs non-MODS have been found to be enriched for
neutrophil degranulation pathways (Bravo-Merodio, Acharjee, et al. 2019), in close
association with our neutrophil related identified immune features. Regardless, this is far from
a proper integration, with deep phenotyping providing a more insightful biological
understanding of the early trauma response. Moreover, in our study, women were

underrepresented (16% of patients being female).

Chapter 3. Given similar methodological approaches were taken for the two prognostic
models, limitations are shared, with them being mainly related to the field of ML itself. These
could be summarized through potential dangers of ML algorithms such as: dataset shift or
unintended discriminatory bias. Data shift is especially relevant in our case, with both models
devised for an acute problem, the COVID19 pandemic and as such the model will require
strong updates and revisions. Also, although we have explored the whole space of model
building and deployment, both prognostic scores are still pieces of research with no further
clinical translation and regulatory assessments taken. Also, clinical predictor variables were
coded following standardized medical criteria and so collected categorically, a simplification
that may have reduced statistical power and may explain a degree of miscalibration in
RECON data in the GlobalSurg-Pulmonary score work. It is worth mentioning too that more
models and pre-processing steps could have been implemented, including using methods for
managing class imbalance (i.e., over/under sampling or Synthetic Minority Over- Sampling
Technique (SMOTE)). However, these are criticised in clinical datasets due to risk of
miscalibration (strong overestimation of probability to belong to the minority class), and we

opted not to adopt these here.
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Chapter 4 In terms of study methodology, there are limitations. We acknowledge different
analysis criteria could have been performed for tackling the imputation of missing blood
marker data, or different disease classification categories implemented, with for example a
broader range of age-related diseases considered (Kim et al. 2021). Also, because of the
use of hospital data from UKBB and not self-reported health data, this can produce a biased
disease description of the population. Regardless the use of primary care data codes in
UKBB is still a novel tool (Hanlon et al. 2022) and we are benefiting from the long follow-up
time (25 years) and an extensive coverage of diseases provided by the UKBB linked hospital
inpatient data. Another limitation is that no fine-mapping was performed to assess if genomic
variance is truly independent and not merely due to linkage disequilibrium, with all SNPs
studied downstream and their functional enrichment prioritized (Uffelmann et al. 2021). Also,
UKBB participants are recognised to be less socioeconomically deprived, have fewer lifestyle
risk factors, and have a lower prevalence of long term conditions (LTCs) than the UK
population in general (Hanlon et al. 2022), making multimorbidity studies challenging (Kuan

et al. 2023) and not fully representative of worldwide populations.

5.4 Planned future work

There are several extensions to this work which may be done; some are planned for

validation and others to continue themes of these projects.

5.4.1 Chapter 2

As well as testing our model in external datasets, several interesting questions stemmed out
from the project. For instance, we hope to find a marker or aggregation of markers able to
substitute the complex anatomical information reflected in the clinical scoring systems NISS

and PS14, and so yield an objective and real time predictive parameter. cfDNA and HMGB1
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have been proposed as plausible substitutes (M. J. Cohen et al. 2009) but could not be

tested in our dataset at the moment given too much missing data.

5.4.2 Chapter 3

With regards to the COVID19 work, it would be of interest to pursue the whole clinical
workflow pipeline, with the journey required to study how to successfully implement
prognostic models into clinical frameworks. (Royen et al. 2022). For the moment, we are still
closely collaborating with the NIHR group and monitoring the quality of our deployed models

and their applicability.

5.4.3 Chapter 4

Tackling big questions in biology such as ageing, health to disease transitions, multimorbidity
and chronic inflammation has opened many avenues of research and improvement that we

are currently pursuing and plan to continue working on for the future.

5.4.3.1 PheWAS

To gain more insight into the variants found to be significantly associated to our ageing
trajectories, we will use PheWAS through a pipeline of analysis already implemented in
Gkoutos lab. Currently, associations of key variants extracted from our work were performed
through GWAS Catalog (Chaptrer 4), where for instance rs2075650, highly significant in both
URU and HRH trajectories, was found to be associated to longevity as well as to LDL
cholesterol and Alzheimer disease. Through PheWAS, which stands for Phenome Wide
Association Studies, we will be able to uncover any pleiotropic effects of our variants
(predicted to be present in 60% of GWAS loci (Watanabe et al. 2019)) by examining the
impact of genetic variants across a broad range of phenotypes using univariate regression
models in our own UKBB dataset (Bush, Oetjens, and Crawford 2016). This amounts to

flipping the direction of inference in GWAS, and going from exposure (genetic variant) to
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outcome. Recent examples of PheWAS in multimorbidity studies have looked at the interplay
between cardiovascular and neurological disorders (X. Zhang et al. 2022), where they found
5 distinct genomic loci with significant evidence of pleiotropy, with most displaying

antagonistic effects.

5.4.3.2 Disease sequences

Taking advantage of the dates of diagnosis information, we are currently working on
extending our disease research to understand more complex disease patterns, trying to
determine if there are any distinct sequences of disease development in time found in the
different categories. Similar work has been performed using Dynamic Time Warping (DTW)
(Giannoula et al. 2018; 2021), an unsupervised clustering algorithm which measures
similarities between two sequences that may vary in time or speed, with few other large-scale
disease trajectory studies reported so far (Jensen et al. 2014). Given the large number of
combinations available, most research focuses on targeted disease explorations (e.g
diabetes (Haug et al. 2021), mortality (Paik and Kim 2021) or sequence analysis with just

three diseases (CVD, Diabetes and Cancer) (Cezard, Sullivan, and Keenan 2022).

5.4.3.3 Lifestyle and transitions

Certain social, environmental and lifestyle factors such as dietary habits have been shown to
be highly associated with the development of chronic diseases here studied (Furman et al.
2019). Therefore a closer look onto lifestyle factors longitudinally by extracting information
from GP records on smoking, diet, BMI, or exercise could aid to better characterise our
identified ageing trajectories. This will be of special interest for our transitioning phenotypes
HBU and UBH, given their lack of genetic drivers might mean higher environmental influence
driving their signature with even attempts to pinpoint the transition points as possibilities.

Similar studies have been done, where (Ahadi et al. 2020) looked at associations in lifestyle
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changes (i.e BMI variations, diet restrictions, smoking cessation or specific medications such
as metformin). This approach could potentially facilitate a deeper understanding of how

targeted interventions or lifestyle modifications can contribute to enhancing health outcomes.

5.4.3.4 Knowledge graphs

In this last package of work, we aim to study three key pieces of work, multi-omic integration,
regulatory elements and network medicine. Our aim is to study complex biological systems
by integrating all layers of biological information, from gene to trait/disease, across various
scales, including protein-protein interactions, gene expression, epigenetic state, and
signalling activity. Networks provide a natural framework for systematically investigating the
various relationships between biological constituents within and between scales. Of particular
interest to us is regulatory mechanisms, as cellular phenotypes depend on the influences of
multiscale networks of molecular interactions that regulate gene expression, protein
abundance, and signalling activity (J. C. Chen et al. 2014). However, obtaining such
knowledge is challenging as it is often fragmented across publications, non-standardized
repositories, and evolving ontologies. To overcome this challenge, we use knowledge graphs
such as Bioteque (Fernandez-Torras et al. 2022) and PrimeKG (Chandak, Huang, and Zitnik
2022), which provide a unified framework for biomedical data integration. Bioteque integrates
450,000 biological entities and 30 million relationships between them from over 150 data
sources, while PrimeKG integrates 20 high-quality resources to describe 17,080 diseases
with 4,050,249 relationships representing ten major biological scales. Our work aims to
develop methods for integrating data describing these various levels of activity, ultimately

enabling a better understanding of how the genome generates cellular phenotypes.



142

5.5 Conclusions

This thesis aims to investigate the applications of computational biology in biomedical
research, focusing on three core areas: discovery science, clinical translation, and complex
systems. In the realm of discovery science, we explored the use of machine learning in
bioinformatics by developing a workflow based on bootstrapped regularization algorithms for
dimension reduction and biomarker identification. We initially validated this approach using
publicly available -omics data and then applied it to the novel "Golden Hour" study, assessing
the predictive potential of immune information during the ultra-early (<1h) response to
trauma. A model was constructed to identify patients at risk of developing Multi-Organ
Dysfunction, revealing three immune markers related to neutrophil dysregulation as
candidates for future validation studies. This workflow was subsequently converted into a
functional pipeline and made publicly accessible through an open-source web
application.Next, we adapted our machine learning research to develop clinical prognostic
models and examine the translational potential of our work during the COVID-19 pandemic.
Two prognostic models were constructed, one for evaluating postoperative mortality risk in
patients with perioperative SARS-CoV-2 infection and another for assessing postoperative
pulmonary complications in adults undergoing elective surgery. In collaboration with the
NIHR Global Surgery Research Unit, these models were deployed online as decision support
tools.Lastly, we focused on studying complex biological systems by leveraging the UK
Biobank data as a rich source of deeply phenotyped information for analyzing ageing
trajectories and health-to-disease transitions. By calculating biological age (PhenoAge) over
time for nearly 400,000 participants, we identified four distinct ageing trajectories ranging
from healthy to unhealthy ageing. Characterization of these ageing phenotypes revealed that
factors such as male sex, high BMI, comorbidities, smoking, and shorter parental lifespan

were more prevalent in unhealthier categories. We also mapped the disease information for
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60 chronic disease categories, finding a predominant cardiometabolic disease signature
associated with unhealthy trajectory groups and a healthier trajectory with lower disease
prevalence overall.In an effort to uncover the biological underpinnings of these trajectories,
we conducted a genome-wide association study (GWAS). The results revealed an immune
signature for healthier participants and a metabolic signature driven by lipid biosynthesis and
cardiometabolic diseases for unhealthier individuals. Enrichment analysis indicated strong
associations with age-related genes in both groups, albeit in opposite directions.
Pro-longevity associated variants (e.g., rs429358, rs4420638, rs2075650) were dominant in
healthier ageing trajectories, while the SREBF transcription factor was postulated as a key

regulatory element driving the unhealthier ageing phenotype.



144

Appendix



145

Appendix 1: Web app report of key results

Report downloaded from MachLearnWebApp run as found in
(InFlamUOB/MachLearnWebApp).

Machine Learning for Biomarker Discovery

Laura Bravo Merodio
March 2023

Introduction

This is a report that summarizes the main results from the app, including plots and tables. It follows the steps from the analysis.

Data exploration

Your data looks like this:
Relationship of Variables and Outcome
Age Alb BMI BW CONUT CRP
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The analysis is going to be a ** Classification ** analysis

5
Number of Patients

Label

NoSarcopenis
YesSarcopenia
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Feature Selection

Topl0- Variable Importance Ranking: classification

{gim} {glmnet}
SM 3st| 1(63%) IUGNO%IN 1 (98%)
cRP 3(5%)  3{11%) 3 (0%)
aw 1 au%v 1(29%) WNEHTSERN
Skeletalmusde.area
8N
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NRS2002
NLR
Haight
Operaticn
™
wel
Sag.Neut 41 7%)
ne 2 (13% 3 { B%) 2 (12% 3{ 9%
Lymgh
Hematocrit 3 ‘1“’
Al
Cays.of observation
musT | 3(B%) CoBd2%) [9re%)
Age
Cont SIS T
Disease type_leccoloni 1(36%) 2(9%) eI  2(2%)
Days of admisson
o.M
5GA
(ranger} {xgtoast)
SN 1(52%) 2 { 9% 1(28%) 1 (46%) 1 (92%) 1 (80%) 1 {95%) 1 {95%)
e 3{ 2% 3 (4% 3(1%) 3(1%)
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SGA 4 3%)
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The chosen features are:
Selected Features
X
SMI
CRP
aw
Skeletal muscle area
Given this ranking table
Selected Features
Variable Name RankMema  NormMes
smi 7312800 0292500
CRP 8878000 03550000
BW 9062500  0.3625000
Skedetal muscle srea Q066667 0.3626667
BMIL 9625000 0385000
RBC 10066667 04026667
NRS2002 11133333 04453333
NLR 11200000 04560000
Height 12575000 0.4950000
Operation 12533333 05013333
™ 12800000 0.5120000
WBC 13333383 g 5550
Seg Newt 13937800 0557500
e 14.600000 05840000
Lymph 14733383 .58y
Hemasocrit 15000000 06000000
Alb 15933333 06373333
Duys of observation 16000000 06400000
MUST 16200000 0.6480000
Age 16533381 . aS53382
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Model building

Then mocel building with the Models: and 2 of the following modes

Variables

Names NumVars
“SMIT, “CRF”

“SMIT, VBWT

“SMI”, "Skeletal muscle area”

“CRF”,“BW™

“CRF, “Skelcul suscle area”™

“BW, " Skeletal muss e arca”

“SMI”, “CRF”,“BW™

“SMIT, “CRP”, “Skeletal muscle area™
“SMIY, BW, “Skeletal muscle area”™
“CRF”, “BW™, “Skeletsd muscle area™
“SMI”, “CRP”, “BW™, “Skeletal muscle asea”

P L)
:So-uoub-'u—g

Results

(1))

Model: logit

3. "5M, “Skefetal.muscle.area®

b

1: "SMI", "CRP*

6. "BW", “Skefetal.muscle.area”

§; "CRP”, “Skedetal muscle. area®

Mean Metric
g o
f 4 “CRP". 0.93
0.90
2 087
= 054
0.81
9 SN, TBW", “Skeletal muscle.ares”
B: “SMI", "CRP", “Skeletal.muscle.area”
T USMIY, CCRPY, BWS
10: "CRE™, "BW", “Skedetal muscle area”
11 "SMIT, CRE™, BW", “Skeletal muscle ares”
Vanables
.
2
Model: rf
3: SN, “Skedetsl muscle ares”
2!
1 "SMIY, “CRP*
§: "CR#". “Skeletsl muscle.ares”
6. "BW", “Skefetal.muscle.area”
Mean Metric
H 0.
3
« 4: “CRP*, "BW" 089
H 050
0.75
] 848
0.60
9. SN, CBWS, “Skeletal.muscle.area®
T: SMI, CCRP*
B: "SMI", "CRP", “Skefetal.muscle.area”
10: "CRP", “8W", “Skefetal.muscle.area”




148

Model Rurs
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Appendix 2: Read codes

Data provider | Read code Value Term description Marker
2 2 44TJ. Blood glucose level Glucose
4 2 44TJ. Blood glucose level Glucose
1 2 44TJ. Blood glucose level Glucose
3 3 X772z Blood glucose level Glucose
1 2 44U8. Blood glucose normal Glucose
2 2 44U8. Blood glucose normal Glucose
4 2 44U8. Blood glucose normal Glucose
1 2 44U.. Blood glucose result Glucose
2 2 44U.. Blood glucose result Glucose
4 2 44U.. Blood glucose result Glucose
3 3 X772z BS - Blood glucose level Glucose
2 2 42H3. Leucocytosis -high white count White blood count
1 2 42H3. Leucocytosis -high white count White blood count
4 2 42H3. Leucocytosis -high white count White blood count
2 2 42H2. Leucopenia - low white count White blood count
1 2 42H2. Leucopenia - low white count White blood count
4 2 42H2. Leucopenia - low white count White blood count
1 2 42A4. MCYV - low Mean corpuscular volume (MCV)
4 2 42A4. MCYV - low Mean corpuscular volume (MCV)
2 2 42A4. MCV - low Mean corpuscular volume (MCV)
3 3 42A.. MCV - Mean cell volume Mean corpuscular volume (MCV)
1 2 42A1. MCV - normal Mean corpuscular volume (MCV)
4 2 42A1. MCYV - normal Mean corpuscular volume (MCV)
4 2 42A3. MCYV - raised Mean corpuscular volume (MCV)
1 2 42A3. MCV - raised Mean corpuscular volume (MCV)
2 2 42A3. MCYV - raised Mean corpuscular volume (MCV)
2 2 42A.. Mean corpuscular volume (MCV) Mean corpuscular volume (MCV)
1 2 42A.. Mean corpuscular volume (MCV) Mean corpuscular volume (MCV)
4 2 42A.. Mean corpuscular volume (MCV) Mean corpuscular volume (MCV)
3 3 XE2mQ Percentage lymphocyte count Percentage lymphocytes
1 2 42b1. Percentage lymphocytes Percentage lymphocytes
2 2 42b1. Percentage lymphocytes Percentage lymphocytes
4 2 42b1. Percentage lymphocytes Percentage lymphocytes
3 3 XE2mQ Percentage lymphocytes Percentage lymphocytes
1 2 44MI. Plasma albumin level Albumin
4 2 44MI. Plasma albumin level Albumin
3 3 XalRc Plasma albumin level Albumin
1 2 44CU. Plasma alkaline phosphatase level Alkaline Phosphatase
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2 2 44CU. Plasma alkaline phosphatase level Alkaline Phosphatase
4 2 44CU. Plasma alkaline phosphatase level Alkaline Phosphatase
3 3 XalRj Plasma alkaline phosphatase level Alkaline Phosphatase
3 3 XE2dy Plasma C-reactive protein level Plasma C-reactive protein level
2 2 44JF. Plasma creatinine level Creatinine

4 2 44JF. Plasma creatinine level Creatinine

1 2 44JF. Plasma creatinine level Creatinine

3 3 XaETQ Plasma creatinine level Creatinine

4 2 44TA. Plasma glucose Glucose

2 2 44TA. Plasma glucose Glucose

1 2 44TA. Plasma glucose Glucose

3 3 XMOly Plasma glucose Glucose

1 2 44U.. Plasma glucose level Glucose

1 2 449.. Plasma glucose level Glucose

2 2 44q.. Plasma glucose level Glucose

4 2 449.. Plasma glucose level Glucose

2 2 44U.. Plasma glucose level Glucose

4 2 44U.. Plasma glucose level Glucose

3 3 XMOly Plasma glucose level Glucose

2 2 4490. Plasma random glucose level Glucose

4 2 4490. Plasma random glucose level Glucose

1 2 4490. Plasma random glucose level Glucose

3 3 XE2mp Random blood glucose Glucose

3 3 XE2mp Random blood glucose level Glucose

3 3 XE2mp RBG - Random blood glucose Glucose

3 3 XE2mO ROW - Red blood cell distribution Red blood cell dist width
2 2 4277. Red blood cell distribution width Red blood cell dist width
1 2 4277. Red blood cell distribution width Red blood cell dist width
4 2 4277. Red blood cell distribution width Red blood cell dist width
3 3 XE2mO Red blood cell distribution width Red blood cell dist width
3 3 42C.. Red blood cell size Red blood cell dist width
3 3 XE2eA SA - Serum albumin Albumin

2 2 44M4. Serum albumin Albumin

1 2 44M4. Serum albumin Albumin

4 2 44M4. Serum albumin Albumin

3 3 XE2eA Serum albumin Albumin

3 3 XE2eA Serum albumin level Albumin

2 2 44M41 Serum albumin low Albumin

4 2 44M41 Serum albumin low Albumin

2 2 44M40 Serum albumin normal Albumin

4 2 44M40 Serum albumin normal Albumin

1 2 44M40 Serum albumin normal Albumin

2 2 44F1. Serum alk. phos. normal Alkaline Phosphatase
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1 2 44F1. Serum alk. phos. normal Alkaline Phosphatase
4 2 44F1. Serum alk. phos. normal Alkaline Phosphatase
2 2 44F2. Serum alk. phos. raised Alkaline Phosphatase
1 2 44F2. Serum alk. phos. raised Alkaline Phosphatase
4 2 44F2. Serum alk. phos. raised Alkaline Phosphatase
2 2 44F.. Serum alkaline phosphatase Alkaline Phosphatase
1 2 44F.. Serum alkaline phosphatase Alkaline Phosphatase
4 2 44F.. Serum alkaline phosphatase Alkaline Phosphatase
3 3 XE2px Serum alkaline phosphatase Alkaline Phosphatase
3 3 XE2px Serum alkaline phosphatase level Alkaline Phosphatase
2 2 44J3. Serum creatinine Creatinine

1 2 44J3. Serum creatinine Creatinine

4 2 44J3. Serum creatinine Creatinine

3 3 XE2qg5 Serum creatinine Creatinine

1 2 44430 Serum creatinine abnormal Creatinine

2 2 44J30 Serum creatinine abnormal Creatinine

4 2 44430 Serum creatinine abnormal Creatinine

3 3 XE2qg5 Serum creatinine level Creatinine

2 2 44J31 Serum creatinine low Creatinine

4 2 44J31 Serum creatinine low Creatinine

2 2 44J32 Serum creatinine normal Creatinine

4 2 44432 Serum creatinine normal Creatinine

1 2 44J32 Serum creatinine normal Creatinine

2 2 44433 Serum creatinine raised Creatinine

4 2 44J33 Serum creatinine raised Creatinine

1 2 44433 Serum creatinine raised Creatinine

1 2 44f.. Serum glucose level Glucose

4 2 44f.. Serum glucose level Glucose

2 2 44f.. Serum glucose level Glucose

3 3 44f.. Serum glucose level Glucose

2 2 4410. Serum random glucose level Glucose

1 2 44£0. Serum random glucose level Glucose

4 2 4410. Serum random glucose level Glucose

4 2 44F3. Total alkaline phosphatase Alkaline Phosphatase
1 2 44F3. Total alkaline phosphatase Alkaline Phosphatase
2 2 44F3. Total alkaline phosphatase Alkaline Phosphatase
2 2 42H.. White blood count White blood count

1 2 42H.. White blood count White blood count
4 2 42H.. White blood count White blood count
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Appendix 3: ICD-10 categorisation

Category

ICD-10 code

ALLERGY

'J301','J302','J303','J304','J450','K522','L20",'L200",'L208','L209",'L23",'L230",'L231",'
L232''L233','L234",'L 235",'L236",'L237",'L238",'L239",'L500','Z516"

ANEMIA

'D50','D500','D501','D508','D509','D51','D510",'D511",'D512','D513','D518','D519','D
52','D520','D521','D528','D529','D53','D530','D531','D532','D538','D539','D55','D550
','D551','D552','D553','D558','D559','D56','D560','D561','D562','D564','D568','D569','
D57','D570','D571','D572','D573','D578','D58','D580','D581','D582','D588','D589','D5
9','D591','D594','D595','D598','D599','D60','D600','D608','D609','D61','D610",'D613','
D618','D619','D63','D630','D631','D638','D64','D640','D641','D643','D644','D648','D6
49'

ASTHMA

'J45','J450','J451','J458','J459'

ATRIAL FIBRILLATION

'148','1480','1481','1482",'1483",'1484','|489'

AUTOIMMUNE DISEASES

'1731','L10','L100",'L101",'L102",'L103",'L104",'L108",'L109','L12",'L120",'L121",'L122",

L123''L128','L129','L40",'L400','L401','L402",'L403",'L404",'L405",'L408','L409",'L41",'

L410','L411','L412','L413','L414','L415",'L418",'L419','L93",'L930",'L931','L932",'L94'",

L940','L941''L942''L943','L944','L945','L946','L948",'L949'",'L95",'L950",'L951",'L958',
'L959','M30','M300','M301','M302','M303','M308','M31','M310','M311','M312','M313",'
M314''M315','M316','M317','M318','M319','M32','M321','M328','M329','M3290','M33
','M330','M331','M332','M339','M34','M340','M341','M348','M349','M35','M350','M35

1''M352''M353''M354' 'M355''M356''M3599' 'M36','M364','M368'

BLINDNESS, VISUAL IMPAIRMENT

'H54''H540','H541','H542' 'H544' 'H545','H546','H54 7' '"H549','2442','Z970'

BLOOD AND BLOOD FORMING
ORGAN DISEASES

'D66','D67','D68','D680','D681','D682','D685','D686','D688','D689','D69','DE90','D69
1','D692','D693','D694','D696','D698','D699','D71','D720','D730','D731','D732','D74",
D740','D749','D750','D761','D763','D77','D80','D800','D801','D802','D803','D804','D8
05','D806','D808','D809','D81','D810','D811','D812','D813','D814','D815','D816','D81
7','D818''D819','D82','D820','D821','D822','D823','D824','D828','D829','D83','D830",’
D831','D832','D838','D839','D84','D840','D841','D848','D849','D86','D860','D861','D8
62''D863','D868','D869','D89','D890','D892','D898','D8IY"

BRADYCARDIAS AND
CONDUCTION DISEASES

'1441''1442','1443''1453",'1455','2950'

CARDIAC VALVE DISEASES

'105','1050",'1051",'1052",'1058'",'1059','106','l060",'1061",'1062",'1068",'1069','l07",'l070",'107

1','1072','1078','1079','108','1080','1081",'1082",'1083'",'1088",'1089'",'1091",'1098','I34",'| 340",
1341','1342','1348",'1349','135','1350",'1351",'1352",'1358",'1359','136','1360",'1361",'1362",'136
8','1369','137",'1370",'1371",'1372',"1378','1379",'138",'1390",'1391",'1392",'1393','1394",'Q22",'
Q220','Q221','Q222','Q223','Q224','Q225','Q226','Q228','Q229','Q23','Q230','Q231",'
Q232''Q233','Q234','Q238','Q239','7952','7953','7954'

CATARACT AND OTHER LENS
DISEASES

'H25','H250','H251",'H252','H258','H259','H26','H260','H261','H262','H263','H264','H
268','H269','H27','H270','H271','H278','H279','H28','H280','H281','H282','H288",'Q12
','Q120','Q121','Q122','Q123','Q124','Q128','Q129','2796 1"

CEREBROVASCULAR DISEASE

'G45','G450','G451','G452','G453','G454','G458','G459','G46','G460','G461','G462",’
(G463','G464','G465','G466','G467','G468','160','1600','1601",'1602','1603'",'1604",'1605','l
606','1607','1608','1609','161','1610",'1611",'1612",'1613",'1614",'1615",'1616','1618",'1619",'I6
2','1620','1621','1629','163','1630','1631",'1632','1633",'1634','1635",'1636'",'1638",'1639','l64",'
167','1670','1671','1672','1673','l674",'1675','1676",'1677",'1678'",'1679','169','1690','1691",'169
2','1693','1694",'1698'

CHROMOSOMAL ABNORMALITIES

'Q90','Q900','Q901','Q902','Q909','Q91','Q910','Q911','Q912','Q913','Q914','Q915',’
Q916''Q917','Q92','Q920','Q921','Q922','Q923",'Q924','Q925','Q926','Q927','Q928",'
Q929','Q93','Q930','Q931','Q932','Q933','Q934','Q935','Q936','Q937','Q938','Q939",'
Q95','Q950','Q951','Q952','Q953','Q954','Q955','Q958','Q959','Q96','Q960','Q961",'
Q962''Q963','Q964','Q968','Q969','Q97','Q970",'Q971','Q972','Q973','Q978','Q979",
Q98','Q980','Q981','Q982','Q983','Q984','Q985','Q986','Q987','Q988','Q989','Q99",'
Q990','Q991','Q992''Q998','Q999'

CHRONIC INFECTIOUS DISEASES

'‘A15''A150','A151''A152''/A1563','A154','A155' '/A156''A157" 'A158",'A159','A16','A1

60','A161''A162','/A163','A164''A165''/A167''A168','A169''A17''/A170''A171''A178'
JA179''A18''A180','A181''A182','A183','A184' '/A185','/A186','A187''A188' 'A19','A1

90','A191''/A192','A198','A199','A30','A300','’A301','A302','A303','A304','/A305','A308'
,A309','A31','A310','/A311''A318','/A319','/A50','/A500','/A501','/A502','A503','A504','A5
05','A506','A507','A509','A52','A520",'A521''/A522' '/A523','A527",'A528','A529''A53",
A530','A539','A65','A66','/AG60",'AG61",'AG62','AG63','/AG64",'AGBS','AGE6','AGGT','AGG
8','A669','AG7','AG70','AG71','/A672''/A673','/A679','AG92''/A81','A810",'/A811''/A812''A
818','A819','B20,'B200','B201','B202','B203','B204','B205','B206','B207','B208','B20
9','B21''B210','B211','B212','B213','B217','B218','B219','B22','B220','B221','B222','B
227''B23''B230','B231','B232','B238','B24','B381','B391','B401','B572','B573",'B574'




154

,'B575','B65','B650','B651','B652','B653','B658','B659','B92','B94','B940','B941','B94
2''B948''B949','J65''M863','M864','M865','M866'

CHRONIC KIDNEY DISEASES

'120','1130",'1131",'1132",'1139','NO1",'NO10','NO11','N012','N013','N014''N015','NO16'
,'NO17','N018','N019','N03','N030','N031','N032','N033','N034','N035','N036','N037",'
NO038','N039','N04','N040','N041','N042','N043','N044','N045' 'N046','N047','N048",'N
049','N05','N050",'N051','N052','N053','N054','N055','N056','N057','N058','N059','NO
7''N070''N071','N072','N073','NO74','NO75','NO76','NO77','NO78','N079','N08','N080
''N081','N082','N083','N084','N085','N088','N11''N110",'N111','N118','N119','N183",'

N184','N185','N189','Q60','Q600','Q601','Q602','Q603','Q604','Q605','Q606','Q611",’
Q612''Q613','Q614','Q615','Q618''Q619','7905",'7940'

CHRONIC LIVER DISEASES

'B18'/B180','B181'/B182''B188','B189''K70',’K702''K703''K704' 'K709' K713 /K7
14 'K715''K717','K721''K73' 'K730','K731' K732, 'K738' 'K739','K74' 'K740' 'K741",
K742' /K743 'K744' 'K745' 'K746' K753 'K754' 'K758' K761 'K766' K767 'K778''Q
446''7944'

CHRONIC PANCREAS, BILIARY
TRACT AND GALLBLADDER
DISEASES

'K800','K801','K802','K808','K811','K86','K860','K861','K868",'Q440','Q441','Q442','Q
443''Q444''Q445','Q450'

CHRONIC ULCER OF THE SKIN

'1830','1832','L89",'L890",'L891",'L892",'L893",'L899",'L97",'L984'

COLITIS AND RELATED DISEASES

'K520','K528','K551','K552','K572','K573','K574','K575','K578','K579','K58','K580'",'K
589','K590','K592','K62','K622','K623','K624",'K627','K628','K629','K634','K64','K640'
,KB641','K642','K643','K644','K648','K649'

COPD, EMPHYSEMA, CHRONIC
BRONCHITIS

'J41','J410','J411','J418','J42','J43','J430','J431','J432",'J438",'J439','J44',' J440',' J44
1','J448','J449','J47'

DEAFNESS, HEARING IMPAIRMENT

'H80','H800','H801','H802','H808','H809','H90",'H900','H901",'H902','H903','H904','H
905','H906','H907','H908','H911','H913",'H919','Q16','Q160','Q161','Q162','Q163",'Q
164','Q165','Q169','7453','2461','2962','2974'

DEMENTIA

'FO0',FO00', FO01', F002', 009", FO1' FO10', FO11' F012' F013''F018"'F019'F02",
F020'F021' F022' F023' F024'F028' F03' 'FO51,'G30','G300' ‘G301 'G308''G30
9/G31'/G310'/G311/G312/G318"/G319'

DEPRESSION AND MOOD

'F30','F300','F301','F302','F308','F309','F31','F310",'F311','F312','F313','F314','F315'

DISEASES /F316'F317' F318' F319'F32 'F320' F321 F322' F323' 'F328' F329' F33 'F33
0'/F331'F332'F333 'F334' F338' 'F339' F34' F340" F341" F348 'F349 'F38''F3
80'F381'F388' F39' F412

DIABETES E10"/E100"E101,/E102 /E103'E104', E105' 'E106' E107'/E 108" 'E109" E 11" E11

0''E111''E112''E113''E114''E115",'E116','E117"'E118''E119','E13",'E130",'E131",'E
132''E133''E134','E135','E136','/E137','E138','E139','E14','E140','E141''E142''E14
3''E144''E145''E146''E147' 'E148' 'E149''E891'

DORSOPATHIES

'M40','M400','M4000','M4001','M4002','M4003','M4004','M4005','M4006','M4007','M
4008','M4009','M401','M4010','M4011','M4012','M4013','M4014','M4015','M4016','M
4017''M4018','M4019','M402','M4020','M4021','M4022','M4023','M4024','M4025','M
4026','M4027','M4028','M4029','M403','M4030','M4031','M4032','M4033','M4034','M
4035','M4036','M4037','M4038','M4039','M404','M4040','M4041','M4042','M4043','M
4044''M4045''M4046','M4047''M4048','M4049','M405','M4050','M4051','M4052','M
4053','M4054','M4055','M4056','M4057','M4058','M4059','M41','M410','M4100','M41
01','M4102','M4103','M4104','M4105','M4106','M4107','M4108','M4109','M411','M41
10','M4111''M4112''M4113','M4114''M4115''M4116','M4117''M4118''M4119','M41
2''M4120','M4121''M4122''M4123''M4124''M4125''M4126','M4127','M4128''M41
29''M413''M4130','M4131','M4132','M4133','M4134''M4135','M4136','M4137','M41
38''M4139''M414''M4140','M4141''M4142''M4143''M4144' 'M4145' 'M4146','M41
47''M4148''M4149''M415','M4150','M4151','M4152','M4153','M4154','M4155','M41
56','M4157''M4158','M4159','M418','M4180','M4181','M4182','M4183','M4184','M41
85''M4186','M4187','M4188','M4189','M419','M4190','M4191','M4192','M4193','M41
94''M4195''M4196','M4197','M4198','M4199','M42','M420','M4200','M4201','M4202
','M4203','M4204','M4205','M4206','M4207','M4208','M4209','M421''M4210','M4211'
,M4212''M4213','M4214''M4215''M4216','M4217','M4218','M4219','M429','M4290'
,'M4291','M4292','M4293','M4294','M4295','M4296','M4297','M4298','M4299','M43",'
M430','M4300','M4301','M4302','M4303','M4304','M4305','M4306','M4307','M4308','
M4309','M431','M4310','M4311''M4312','M4313','M4314''M4315','M4316','M4317",'
M4318','M4319','M432','M4320','M4321','M4322','M4323','M4324' 'M4325','M4326','
M4327','M4328','M4329','M433','M4330','M4331','M4332','M4333','M4334','M4335'",'
M4336','M4337','M4338','M4339','M434','M4340','M4341','M4342''M4343','M4344'",'
M4345','M4346','M4347','M4348','M4349''M435','M4350','M4351','M4352','M4353','
M4354','M4355','M4356','M4357','M4358','M4359','M436','M4360','M4361','M4362'",'
M4363','M4364','M4365','M4366','M4367','M4368','M4369','M438','M4380','M4381",'
M4382','M4383','M4384','M4385','M4386','M4387','M4388','M4389','M439','M4390'",'
M4391','M4392','M4393','M4394','M4395','M4396','M4397','M4398','M4399','M4T7",'
M470''M4700','M4701','M4702','M4703','M4704','M4705','M4706','M4707','M4708'",'
M4709','M471''M4710','M4711''M4712''M4713''M4714' 'M4715''M4716','M4717",
M4718''M4719','M472''M4720','M4721''M4722''M4723' 'M4724' 'M4725' 'M4726","
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M4727''M4728''M4729','M478''M4780','M4781','M4782''M4783','M4784','M4785'",'
M4786','M4787','M4788','M4789','M479','M4790','M4791','M4792''M4793','M4794'",'
M4795','M4796','M4797' 'M4798','M4799','M48','M480','M4800','M4801','M4802','M

4803','M4804','M4805','M4806','M4807','M4808','M4809','M481','M4810','M4811''M
4812''M4813''M4814','M4815','M4816','M4817','M4818','M4819','M482','M4820','M
4821''M4822''M4823','M4824' 'M4825''M4826','M4827','M4828','M4829','M483','M
4830','M4831','M4832','M4833','M4834','M4835','M4836','M4837','M4838','M4839',

M484''M4840','M4841''M4842','M4843','M4844''M4845''M4846','M4847','M4848',
M4849','M485','M4850','M4851','M4852','M4853','M4854','M4855','M4856','M4857",'
M4858','M4859','M488','M4880','M4881','M4882','M4883','M4884','M4885','M4886','
M4887','M4888','M4889','M489','M4890','M4891','M4892','M4893','M4894','M4895'",'
M4896','M4897','M4898','M4899','M49','M490','M4900','M4901','M4902','M4903','M

4904','M4905','M4906','M4907','M4908','M4909','M491','M4910','M4911','M4912','M
4913''M4914''M4915','M4916','M4917''M4918','M4919','M492','M4920','M4921','M
4922''M4923''M4924''M4925''M4926','M4927','M4928','M4929','M493','M4930','M
4931''M4932','M4933','M4934','M4935','M4936','M4937','M4938','M4939','M494','M
4940','M4941''M4942' 'M4943' 'M4944' 'M4945' 'M4946','M4947' 'M4948' 'M4949','

M495''M4950','M4951','M4952','M4953','M4954','M4955','M4956','M4957','M4958','
M4959','M498','M4980','M4981','M4982','M4983','M4984','M4985','M4986','M4987",'
M4988','M4989','M50','M500','M501','M502','M503','M508','M509','M51','M510','M51
1','M5116','M5119','M512','M513','M5137','M514','M518','M519','M53','M530','M530

0','M5301','M5302','M5303','M5304','M5305','M5306','M5307','M5308','M5309','M53
1''M5310','M5311','M5312','M5313','M5314','M5315','M5316','M5317','M5318','M53
19','M532','M5320','M5321','M5322','M5323','M5324','M5325','M5326','M5327','M53
28''M5329','M533','M5330','M5331','M5332','M5333','M5334','M5335','M5336','M53
37','M5338','M5339','M538','M5380','M5381','M5382','M5383','M5384','M5385','M53
86','M5387','M5388','M5389','M539','M5390','M5391','M5392','M5393','M5394','M53
95''M5396','M5397','M5398','M5399','Q675','Q761','Q764'

DYSLIPIDEMIA

'E78''E780','E781','E782','E783','E784','E785','E786','E788','E7 89

EAR, NOSE, THROAT DISEASES

'H604','H661','H662','H663','H701",'H71','H731','H741','H810",'H831','H832','H95','H
950','H951','H958','H959','J300','J31",'J310",'J311",'J312','432','4320','d321','4322','J
323','J324','J328','J329','J33','J330",'J331','J338','J339','J341','J342','J343','J35','J35
0','J351','J352','J353','J358','J359','J37','4370",'J371','J380','J386','K051','K053','KO7
''K070','K071','K072','K073','K074','K075','K076','KO78','K079','K110",'K117",'Q30",’
Q300','Q301','Q302','Q303','Q308','Q309','Q31','Q310','Q311','Q312','Q313','Q314",
Q315''Q318','Q319','Q32','Q320",'Q321','Q322','Q323','Q324','Q35','Q350','Q351","
Q352''Q353','Q354','Q355','Q356','Q357','Q358','Q359','Q36','Q360','Q361','Q369",'
Q37','Q370','Q371','Q372','Q373','Q374','Q375','Q378','Q379','Q38','Q380','Q381","
Q382''Q383','Q384','Q385','Q386','Q387",'Q388'

EPILEPSY

'G40','G400','G401','G402','G403','G404','G406','G407','G408','G409'

ESOPHAGUS, STOMACH AND
DUODENUM DISEASES

'185','1850",'1859','1864','1982','1983','K21','K210','K219",'K220",'K222','K224' 'K225','K

227''K230','K231','K254','K255','K256','K257','K264','K265','K266','K267','K274','K2
75''K276','K277','K284','K285','K286','K287",'K293','K294','K295','K296','K297",'K29
8''K299','K311','K312','’K313','K314','K315','Q39','Q390",'Q391','Q392','Q393','Q394'
,Q395''Q396','Q398','Q399','Q40','Q400','Q401','Q402','Q403','Q408','Q409','Z7903'

GLAUCOMA

'H401','H402','H403','H404','H405','H406','H408','H409'

HEART FAILURE

'110','1130",'1132","127","1270",'1271','1272','1278'",'1279','1280','142",'|420",'1421','1422","|4
23''1424'1425''1426','1427','1428','1429','143','1430",'1431','1432",'l438'",'150",'1500",'|501'
,'1509','1515",'1517",'1528','7941','2943'

HEMATOLOGICAL NEOPLASMS

'C81'/C810"/C811''C812,/C813',C814',C817/C819',C82,'C820', C821''C822,'C
823'C824'/C825''C826','C827",/C829''C83','C830"C831',C832''C833''C834','C8
35'/C836',C837',/C838''C839','C84' CB40',/C841','C842''C843','C844'/CB45','CB4
6/C847',C848'C849''C85','C850', C851','C852,'C857",C859','C86', C860" 861",
C862',/C863','C864','C865',C866','C88','CB80",C881',C882','C883''C884','C887",'C
889','C0','C900",CI01','C902''CI03','CO1','CI10',/CI11',/CO12''C913','C914',/CI1
5,C916',/C917''C918/CO19''C92','C920",'C921','CI22',/C923''C924' 'C925',CI26
''C927'/C928''C929'C93''CI30','CI31',C932''C933','CI37",C3Y','CI4''CI40",
C941',/C942''C943''C944'/C45''C946''CI47',/CI5',/CI50', C951''C952'CI5T",'C
959''C96',C960',CI61','C962''CI63','CI64''CIB5''CIGE','CI67', CI68''CIBY'

HYPERTENSION

'10','11",'1110,'1119',"112','1120",'1129',"113","1130",'1131",'1132",'1139",'[15",'1150",'1151",'I
152''1158','1159'

INFLAMMATORY ARTHROPATHIES

'M023', M0, M050', M0500', M0501', M0502', M0503', M0504' M0505', M0506', MO
507'/M0508'/M0509' M051'M0510"'M0511’'M0512'/M0513 'M0514' M0515''MO
516''M0517'/M0518" M0519''M052', M0520", M0521''M0522",'M0523','M0524', MO
525''M0526'/M0527', M0528', M0529', M053','M0530",'M0531''M0532','M0533','MO
534''M0535''M0536' M0537 M0538/M0539', M058', M0580", M0581''M0582, MO
583 'M0584' M0585' M0586', M0587', M0588', M0589', M059','M0590",'M0591', MO
592 /M0593',/M0594'/M0595',/M0596', M0597',M0598',/M0599',/M06', 060", MOBO
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0','M0601','M0602','M0603','M0604','M0605','M0606','M0607','M0608','M0609','M06
1','M0610','M0611','M0612','M0613','M0614','M0615','M0616','M0617','M0618','MO6
19','M062','M0620','M0621','M0622','M0623','M0624','M0625','M0626','M0627','M06
28','M0629','M063','M0630','M0631','M0632','M0633','M0634','M0635','M0636','M06
37','M0638','M0639','M064','M0640','M0641','M0642','M0643','M0644','M0645','M06
46''M0647','M0648','M0649','M068','M0680','M0681','M0682','M0683','M0684','M06
85','M0686','M0687','M0688','M0689','M069','M0690','M0691','M0692','M0693','M06
94''M0695','M0696','M0697','M0698','M0699','M07','M070','M0700','M0701','M0702
','M0703','M0704','M0705','M0706','M0707','M0708','M0709','M071','M0710','M07 11’
,'M0712','M0713','M0714','M0715','M0716','M0717','M0718','M0719','M072','M0720'
,'M0721','M0722','M0723','M0724','M0725','M0726','M0727','M0728','M0729','M073'
,'M0730','M0731','M0732','M0733','M0734','M0735','M0736','M0737','M0738','M073
9','M074','M0740','M0741','M0742''M0743','M0744','M0745','M0746','M0747','M074
8','M0749','M075','M0750','M0751','M0752','M0753','M0754','M0755','M0756','M075
7''M0758','M0759','M076','M0760','M0761','M0762','M0763','M0764','M0765','M076
6','M0767','M0768','M0769','M08','M080','M0800','M0801','M0802','M0803','M0804','
MO0805','M0806','M0807','M0808','M0809','M081','M0810','M0811','M0812','M0813'",
M0814','M0815','M0816','M0817','M0818','M0819','M082','M0820','M0821','M0822",'
M0823','M0824','M0825','M0826','M0827','M0828','M0829','M083','M0830','M0831",’
M0832','M0833','M0834','M0835','M0836','M0837','M0838','M0839','M084','M0840'",'
MO0841','M0842','M0843','M0844','M0845','M0846','M0847','M0848','M0849','M088',’
M0880','M0881','M0882','M0883','M0884','M0885','M0886','M0887','M0888','M0889'
,'M089','M0890','M0891','M0892','M0893','M0894','M0895','M0896','M0897','M0898'
,'M0899','M09','M090','M0900','M0901','M0902','M0903','M0904','M0905','M0906'",'
M0907','M0908','M0909','M091','M0910','M0911','M0912','M0913','M0914','M0915'","
M0916','M0917','M0918','M0919','M092','M0920','M0921','M0922','M0923','M0924'",'
M0925','M0926','M0927','M0928','M0929','M098','M0980','M0981','M0982','M0983',’
M0984','M0985','M0986','M0987','M0988','M0989','M10','M100','M1000','M1001','M
1002','M1003','M1004','M1005','M1006','M1007','M1008','M1009','M101','M1010','M
1011''M1012''M1013''M1014''M1015','M1016','M1017','M1018','M1019','M102','M
1020','M1021','M1022','M1023','M1024','M1025','M1026','M1027','M1028','M1029',’
M103','M1030',’'M1031','M1032','M1033','M1034','M1035','M1036','M1037','M1038','
M1039','M104','M1040','M1041','M1042','M1043','M1044''M1045''M1046','M1047",'
M1048','M1049','M109','M1090','M1091','M1092','M1093','M1094','M1095','M1096','
M1097','M1098','M1099','M11','M110','M1100',’'M1101','M1102','M1103','M1104','M1
105''M1106','M1107','M1108','M1109','M111','M1110",'M1111''M1112','M1113",'M111
4''M1115''M1116','M1117''M1118''M1119''M112''M1120','M1121','M1122''M1123",'
M1124''M1125','M1126','M1127','M1128','M1129','M118','M1180','M1181','M1182'",'M
1183','M1184','M1185','M1186','M1187','M1188','M1189','M119','M1190','M1191','M1
192''M1193','M1194''M1195''M1196','M1197''M1198','M1199','M12','M120','M 1200
''M1201''M1202','M1203','M1204','M1205','M1206','M1207','M1208','M1209','M121
''M1210','M1211','M1212''M1213','M1214''M1215''M1216','M1217','M1218','M121
9','M122''M1220','M1221','M1222''M1223','M1224','M1225','M1226','M1227','M122
8','M1229''M123','M1230','M1231','M1232','M1233','M1234','M1235','M1236','M123
7''M1238''M1239','M124''M1240','M1241''M1242' 'M1243''M1244' 'M1245''M124
6','M1247''M1248''M1249''M125''M1250','M1251','M1252','M1253','M1254','M125
5''M1256','M1257','M1258','M1259','M128','M1280','M1281','M1282','M1283','M128
4''M1285''M1286','M1287','M1288','M1289','M13','M130','M1300','M1301','M1302",'
M1303','M1304','M1305','M1306','M1307','M1308','M1309','M131','M1310','M1311";"
M1312','M1313''M1314''M1315','M1316','M1317','M1318','M1319','M138','M1380'",'
M1381','M1382','M1383','M1384','M1385','M1386','M1387''M1388','M1389','M139",'
M1390','M1391','M1392','M1393','M1394','M1395','M1396','M1397','M1398','M1399'
/M14''M140''M141''M142''M143','M144' 'M145''M146','M148' 'M45''M45X0','M45
X1''M45X2','M45X3','M45X4','M45X5','M45X6','M45X7','M45X8','M45X9','M460','M
461''M468','M469'

INFLAMMATORY BOWEL DISEASES

'K50','K500','K501','K508','K509','K51','K510",'K511','K512','K513','K514','K515','K51
8','K519'

ISCHEMIC HEART DISEASE

'120",'1200','1201",'1208','1209",'121","1210",'1211",'1212",'1213","1214",'1219","121X",'122",'|22
0','1221','1228','1229','124",'1240','1241','1248'",'1249','125','1250",'1251",'1252",'1253",'1254",'
1255','1256','1258','1259','2951','Z955'

MIGRAINE AND FACIAL PAIN
SYNDROMES

'G43','G430','G431','G432','G433','G438','G439','G440','G441','G442''G443','G448",
'G50','G500','G501','G508','G509'

MULTIPLE SCLEROSIS

‘G35’

NEUROTIC, STRESS-RELATED AND
SOMATOFORM DISEASES

'F40','F400','F401','F402''F408','F409','F41','F410",'F411','F412''F413','F418','F419'
JF42''F420','F421''F422' 'F428''F429','FA3''FA31','FA38''F439','F44' 'F440','F441'
/F442''FA43''F444''FA45''FA46' 'F447' 'F448','F449''F45','FA50','F451','F452','F4
53''F454''F458','F459','F48' 'F480','F481' 'F488' 'F489'

OBESITY

'E66','E660','E661','E662','E668','E669"
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OSTEOARTHRITIS AND OTHER
DEGENERATIVE JOINT DISEASES

'M15','M150','M1500','M151','M152','M153','M154','M158''M159','M1599','M16','M1
60''M161','M162','M163','M164','M165','M166','M167','M169','M17''M170','M171";
M172','M173''M174''M175''M179','M18','M180','M181','M182','M183','M184','M185
','M189','M19','M190','M1900',’'M1901','M1902','M1903','M1904','M1905','M1906','M
1907''M1908','M1909','M191''M1910','M1911''M1912''M1913''M1914''M1915','M
1916''M1917','M1918''M1919','M192','M1920','M1921','M1922','M1923','M1924','M
1925''M1926','M1927','M1928','M1929','M198','M1980','M1981','M1982','M1983','M
1984''M1985','M1986','M1987','M1988','M1989','M199','M1990','M1991','M1992','M
1993''M1994','M1995','M1996','M1997','M1998','M1999' 'M362','M363'

OSTEOPOROSIS

'M80','M800','M8000','M8001','M8002','M8003','M8004','M8005','M8006','M8007','M
8008','M8009','M801','M8010','M8011','M8012','M8013','M8014','M8015','M8016','M
8017''M8018','M8019','M802','M8020','M8021','M8022','M8023','M8024','M8025','M
8026','M8027','M8028','M8029','M803','M8030','M8031','M8032','M8033','M8034','M
8035','M8036','M8037','M8038','M8039','M804','M8040','M8041','M8042','M8043','M
8044''M8045','M8046','M8047','M8048','M8049','M805','M8050','M8051','M8052','M
8053','M8054','M8055','M8056','M8057','M8058','M8059','M808','M8080','M8081','M
8082','M8083','M8084','M8085','M8086','M8087','M8088','M8089','M809','M8090','M
8091','M8092','M8093','M8094','M8095','M8096','M8097','M8098','M8099','M81','M8
10','M8100','M8101','M8102','M8103','M8104','M8105','M8106','M8107','M8108','M8
109','M811','M8110',’'M8111','M8112','M8113','M8114','M8115','M8116','M8117','M81

18''M8119','M812','M8120','M8121','M8122','M8123','M8124','M8125','M8126','M81
27''M8128''M8129','M813','M8130','M8131','M8132','M8133','M8134','M8135','M81
36','M8137','M8138','M8139','M814','M8140','M8141','M8142''M8143','M8144''M81
45''M8146','M8147''M8148','M8149','M815','M8150','M8151','M8152','M8153','M81
54''M8155''M8156','M8157','M8158','M8159','M816','M8160','M8161','M8162','M81
63''M8164''M8165','M8166','M8167','M8168','M8169','M818','M8180','M8181','M81
82''M8183','M8184','M8185','M8186','M8187','M8188','M8189','M819','M8190','M81
91''M8192','M8193','M8194','M8195','M8196','M8197','M8198','M8199','M82','M820
','M8200','M8201','M8202','M8203','M8204','M8205','M8206','M8207','M8208','M820
9','M821''M8210','M8211','M8212','M8213','M8214','M8215','M8216','M8217','M821

8','M8219','M823','M828','M8280','M8281','M8282','M8283','M8284','M8285','M8286
''M8287','M8288','M8289'

OTHER CARDIOVASCULAR
DISEASES

'109',1090',1092',1099','1281',1310',1311',1456',1495',1498','170",1700",17000",17001",
1701'17010',17011',17020',17021',1708",'17080",17081' 170" 17090",'17091", 171" 171
0171117121713 1714' 1715 1716"1718' 1719172 "1720',1721'1722' 17231724’
/1725'1726',1728''1729'1790",1791",1950',1951" 1958’ 'Q20", Q200" Q201" Q202" Q
203''Q204''Q205','Q206',Q208','Q209''Q21,'Q210''Q211''Q212''Q213,'Q214''Q
218'/Q219','Q24''Q240', Q241 'Q242" Q243 Q244" 'Q245''Q246'/Q248''Q249',Q
25''Q250',/Q251',Q252','Q253','Q254', Q255',Q256','Q257','Q258','Q259','Q26' Q2
60’,Q261,'Q262''Q263','Q264','Q265''Q266',Q268''Q269', Q27" 'Q270’, Q271','Q2
72,Q273','Q274',Q278','Q279','Q28' Q280" Q281" Q282" 'Q283''Q288''Q289",Z9
58',7959'

OTHER DIGESTIVE DISEASES

'K660','K900','K901','K902','K911",'K93','K930','K931','K938','Q41','Q410','Q411','Q4
12','Q418''Q419','Q42','Q420','Q421','Q422','Q423','Q428','Q429','Q43','Q430','Q43
1,'Q432','Q433','Q434','Q435','Q436','Q437','Q438','Q439','R15','2904','7980"'

OTHER EYE DISEASES

'H022','H023','"H024','H025','H04','H040','H041','H042','H044' 'H045','H046','H048",'
H049','H05','H051','H052",'H053','H054','H055','H058','H059",'H104",'H17','H170",'H1
71''H178''H179','H184''H185','H186','H187','H188",'H189','H193','H198','H201",'H2
1''H210','H211','H212','H213",'H214','H215','H218','H219",'H310",'H311",'H312",'H31
8','H319','H33','H330",'H331','H332",'H333','H334','H335','H352",'H353','H354','H355
''H357','H358','H359','H36','H360','H368','H47','H472' 'H473''H474' 'H475','H4 76",
H477''H48','H480','H488','H49','H490",'H491','H492''H493','H494' 'H498' 'H499','H5
1''H510','H511"'H512''H518','H519','Q10",'Q100','Q101','Q102','Q103','Q104','Q10
5','Q106','Q107','Q11','/Q110','Q111",'Q112','Q113','Q13','Q130','Q131','Q132','Q133/,
'Q134''Q135','Q138','Q139','Q14','Q140','Q141''Q142','Q143','Q148','Q149','Q15",;
Q150','Q158','Q159','2947"

OTHER GENITOURINARY
DISEASES

'B901','N200','N202','N209','N210",'N218','N219','N22','N220",'N228','N301','N302",’
N303','N304','N31''N310",'N311",'N312','N318','N319','N320','N323','N328','N329','N
33','N330','N338','N35','N350",'N351",'N358','N359','N393','N394','N480','N484','N48
9''N701"'N711''N731",'N734''N736','N761''N763','N81','N810','N811''N812','N813'
,'N814','N815''N816','N818','N819','N88','N880','N881','N882','N883','N884','N888",'
N889','N895''N905','N952','Q54','Q540','Q541','Q542','Q543','Q544','Q548','Q549",'
Q620','Q621','Q622','Q623','Q624','Q627','Q628','Q638','Q639','Q640','Q641','Q643
','Q644','Q645','Q646','Q647','Q648','Q649','2906','2907','2960'

OTHER METABOLIC DISEASES

'E20','E200','E201','E208','E209','E21','E210",'E211','E212','E213",'E214','E215','E22
''E220''E221','E222''E228' 'E229','E23','E230",'E232",'E233','E236','E237" 'E24''E2
40''E241''E243','E248' 'E249''E25''E250','E258','E259','E26','E260','E261','E268'",
E269','E27','E270','E271','E272''E274','E275''E278' 'E279','E28''E280','E281",'E28
2''E283','E288','E289','E29','E290",'E291",'E298','E299','E31','E310",'E311",'E318",'E
319''E34''E340','E341' 'E342' 'E345''E348' 'E349' 'E35' 'E351' 'E358' 'E40' 'E41"'E
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42 'E43 'E44' 'E440'E45' E46', E64' E640 [E64 1 E642' E643 'E648' E649' ET0
'E700',E701'/E702''E703' E708' /E709' 'E71"/E710"'E711" E712''E713, 'E72"'E7
20''E721/E722 'E723'E724' /E725 'E728' E729 'E74' E740 /E741"'E742 /E743'
JE744''E748''E749' E75' E750 E751" E752' E753 'E754' 'E755' E756' E76' E7
60'/E761/E762''E763' E768 'E769''E77/E770''E771' E778 'E7T79''E79 /ET91"
E798''E799'E80" E800', E801' EB02' 'E803' E805', EB06' EB07' E83' EB30' E83
1,/E832/E833''E834' E835', EB38 [EB39" E84' EB40' E841' EB48 'EB49" ES5''E
850''E851''E852' E853', E854' E858' E859', E88', EB80','E881' E882'EB8S' EBB
9 'E89',E891 'EB93' 894’ E895' 'EB96' 898’ EB9Y K9O3 KI04' KI0B' 'KI0Y',
K912''M83''M830','M8300", M8301''M8302', M8303', M8304', M8305', M8306', M83
07'M8308''M8309''M831', M8310' M8311''M8312" M8313''M8314' M8315','M83
16''M8317'/M8318''M8319''M832', M8320", M8321' M8322" M8323' M8324' M83
25''M8326',M8327',M8328''M8329', M833', M8330', M8331', M8332', M8333', M83
34''M8335',M8336', M8337', M8338', M8339' M834', B340’ M834 1’ M8342', M83
43, 'M8344' M8345' M8346', M8347', M8348' M8349' M835', MB350 ‘MB35’ M83
52''M8353''M8354', M8355', M8356', M8357', M8358', M8359','M838', MB380', M83
81'M8382', M8383',M8384', M8385', M8386', M8387' M8388' M8389' M839', M83
90',M8391','M8392', M8393', M8394', M8395', M8396', M8397', M8398', M8399', M8
8 'M880'", M8800', M8801''M8802','M8803','M8804','M8805', M8B06', M8B07', M880
8, 'M8809''M888' M8880" M8s81' M8882' 'M8383' M8s84' M8s85', M8sss' Mass
7./M8888'/M8889', MB89', M8B90' M8B91' M8B92' 'M8BI3' M8BI4' M85’ M8B9
6/M8897'/M8898' /8899’ 'N25'/N250' N251' N258'/N259

OTHER MUSCULOSKELETAL AND
JOINT DISEASES

'B902’, M212/M213',M214" M215''M216', M217"/M218',M219" M22', M220" 221
1'M2210'/M222' M223'M224''M228' M229' 'M23' /M230, M2300", M2301', M2302"
/M2303''M2304', M2305' M2306''M2307', M2309'/M231' M2310" M2311/M2312"
/M2313','M2314' M2315' M2316', M2317' M2319' M232''M2320" M2321' M2322'
/M2323' M2324' M2325' M2326' M2327' M2329' M233' M2330' M2331', M2332'
/M2333'M2334', M2335', M2336' 'M2337', M2339' M234' M2340' M2341', M2342
/M2343''M2344' M2345' M2346' M2347' M2349' M235''M2350' M2351", M2352'
/M2353''M2354' M2355' M2356', M2357' M2359' M236' M2360', M2361', M2362'
/M2363', M2364' M2365', M2366', M2367' M2369', M238' M2380" M2381' M2382'
/M2383''M2384' M2385' M2386', M2387' M2389', M239', M2390', M2391', M2392'
/M2393,'M2394', M2395', M2396' M2397", M2399','M24' M240' M2400' 'M24071",

M2402', M2403', M2404' M2405', M2406', M2407' M2408' M2409' M241/M2410",
M2411''M2412'M2413'M2414'M2415'M2416' M2417' ' M2418' 'M2419' 'M242",
M2420', M2421', M2422' M2423' ' M2424' M2425' M2426' M2427' M2428' ' M2429
/M243''M2430" M2431' M2432''M2433''M2434' M2435''M2436 M2437 M2438'
/M2439' M244' M2440' M2441 M2442 'M2443 'M2444' M2445 'M2446 ' M2447'
/M2448'M2449''M245' 'M2450', M2451' ' M2452''M2453' M2454' 'M2455','M2456
/M2457' M2458' M2459' M246' M2460" M2461', M2462' M2463', M2464' M2465'
/M2466' M2467' M2468' M2469' M247 M2470' M2471 M2472 'M2473 'M2474'
/M2475' M2476' M2477' M2478' M2479' M248' M2480', M2481' M2482 'M2483'
/M2484' 'M2485' M2486' M2487' M2488' M2489' M249''M2490 M2491' M2492'
/M2493 'M2494' M2495' M2496' M2497', M2498' ' M2499' M252'M253', M357",

MB1'M610"'M6100"/M6101'M6102' /6103 'M6104' M6 105’/ M6106', M6107',M
6108, 'M6109' M611' M6110' MB111'M6112', M6113''M6114', M6 115", M6116', M6
117'M6118'M6119' 'M612/M6120", M6121', M6 122, M6123' M6 124’ M6 125 M6
126, M6127' M6128' M6129', M613''M6130" M6131"'M6132' M6133''M6134' M6
135 M6136', M6137' M6138', M6 139’ M614' M6140' M6141 M6142''M6143','M6
144''M6145''M6146', M6147'/M6148', M6 149’ M615', M6150' M6 151", 'M6152', M6
153, M6154' M6155', M6156', M6157', M6158', M6 159’ M619''M6190" M6191',M6
192 M6193', M6194' M6195' M6196', M6197' M6198', M6199', M652,'M653','M65
4''M700',/M720' M722'M724' M750', M751' M753'M754' M797' M841' M89", M

890"/ M8900', MB90 1’ MB902'MBI03' ' MBI04' MBI0S', MBI0E', MBI07', MBI08','M
8909''M891', M8910"'M8911'M8912'M8913', MB914' M8915' M8 16 /MBI 17" M
8918’ M8919' M892/M8920" MB921’ MB922'MB923 'MB924' MBI25' ' MBI26','M
8927’ M8928' M8929', M893 /MB930'" MB931' MB932 ' MB933' ' MB934' MBI35' ‘M
8936’ M8937', M8938' M89I39' M894' MBI40''MBI4 1’ MBI42 'MBI43 'MBI44' ‘M
8945’ M8946', M8947', M8948' M89I4Y' M89S' ' MBI50'" MBI5 1’ MB952' ' MBI53' ‘M
8954' M8955' M8956', M8957', M8958', M8959', M89E', MBIGO', MB96 1", MB962','M
8963’ M8964', M8965', M8IEE', M8IE7', M89IES' M8IEY' M898' MBIB0', MB981','M
8982’ M8983', M8984', M8985' M898E', M89B7', M898S' M898Y' M899', MBI’ M
8991, M8992', M8993', M8994', M8995' M8I96', M8I97', M89I98' M8I9Y', M91' M9
10''M9100"'M9101''M9102'/M9103''M9104' M9105' M9106"/M9107'M9108''M9
109 M911',M9110"'M9111' M9112' M9113' M9114' M9 115" 'M9116', M9117, M1
18''M9119' M912'/M9120"'M9121'M9122''M9123'M9124' 9125 'M9126' M1
27'M9128'/M9129',M913' 'M9130', M9131'M9132''M9133' M9 134’ M9135', M1
36'M9137',M9138','M9139",'M918/M9I180''M9181/M9182 'M9183 'M9184' M1
85'M9186',M9187',M9188' M9189' M919''M9190''M9191''M9192 'M9193' ‘M1
94'/M9195'M9196',M9197",M9198", M9199", M93' 'M30' M93 1/ M932" M9326",
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M938','M9386','M939','M94','M940','M9400','M9401','M9402','M9403','M9404','M94
05','M9406','M9407','M9408','M9409','M941','M9410','M9411','M9412' 'M9413','M94
14''M9415','M9416','M9417''M9418','M9419''M942''M9420','M9421' 'M9422','M94
23','M9424''M9425''M9426','M9427','M9428''M9429','M943','M9430','M9431','M94
32''M9433','M9434','M9435','M9436','M9437','M9438','M9439','M948','M9480','M94
81''M9482''M9483','M9484','M9485','M9486','M9487','M9488','M9489','M949''M94
90','M9491''M9492','M9493','M9494','M9495' 'M9496','M9497','M9498''M9499','M9
6','M960','M961','M962','M963','M964','M965','M966','M9663','M9I665','M9I68',' MIG69'
,'M99','M990','M9900','M9901','M9902','M9903','M9904','M9905','M9906','M9907",'
M9908','M9909','M991','M9910','M9911','M9912','M9913','M9914','M9915','M9916'",’
M9917','M9918','M9919','M992','M9920','M9921','M9922','M9923','M9924','M9925'",'
M9926','M9927','M9928','M9929','M993','M9930','M9931','M9932','M9933','M9934','
M9935','M9936','M9937','M9938','M9939','M994','M9940','M9941','M9942','M9943'",'
M9944''M9945''M9946','M9947','M9948' 'M9949','M995','M9950','M9951','M9952",'
M9953','M9954','M9955','M9956','M9957','M9958','M9959','M996','M9960','M9961",'
M9962','M9963','M9964','M9965','M9966','M9967','M9968','M9969','M997','M9970'",'
M9971','M9972','M9973','M9974','M9975' 'M9976','M9977','M9978','M9979','M998','
M9980','M9981','M9982','M9983','M9984','M9985','M9986','M9987','M9988','M9989'
,'M999','M9990','M9991','M9992','M9993','M9994','M9995' 'M9996','M9997','M9998'
,'M9999','Q65','Q650','Q651','Q652','Q653','Q654",'Q655','Q656','Q658','Q659','Q66'
,'Q660','Q661','Q662','Q663','Q664','Q665','Q666','Q667','Q668','Q669','Q68','Q680'
,'Q681','Q682','Q683','Q684','Q685','Q688','Q71','Q710','Q711','Q712','Q713','Q7 14
,/Q715','Q716','Q718','Q719','Q72','Q720','Q721','Q722','Q723','Q724','Q725','Q726'
JQ727','Q728''Q729','Q73','Q730','Q731','Q738','Q74','Q740','Q741','Q742','Q743",
Q748''Q749','Q77','Q770','Q771','Q772''Q773','Q774','Q775','Q776','Q777','Q778',
Q779','Q78','Q780','Q781','Q782','Q783','Q784','Q785','Q786','Q788','Q789','Q796",
Q798''Q87','Q870','Q871','Q872','Q873','Q874','Q875','Q878','S382','S48','S480','S
481''S489','S58','S580",'S581','S589','S68','S680','S681','S682','S683','S684','S688'
,'5689','S78','S780','S781','S789','S88','S880','S881','S889','S98','S980','S981','S98
2','8983','S984','T05','T050','T051','T052','T053','T054','T055','T056',' T058','T059",'T
096','T116','T136','T147','T90','T900','T901','T902','T903','T904','T905','T908',' T909'
,T91,'7910','T911','T912','T913','T914','T915','T918','T919','T92','T920",'T921','T92
2','T923','T924','T925','T926','T928','T929','T93','T930','T931','T932','T933','T934",'T
935','T936','T938','T939','T94','T940','T941','T95','T950",'T951','T952','T953','T954','
T958','T959','T96','T97','T98','T980",'T981','T982','T983','2440','2441','2891','2892",
Z7893''7894''7895','7896','7897','7898','7899','7946','7966','2971"

OTHER NEUROLOGICAL DISEASES

'BY00’, D482''G041'/G09','G10''G11" /G110, /G111, /G112 G113 /G114' G118 /G
19'/G12',/G120',/G121',/G122/G128', /G129, 'G13''G132''G138''G24' 'G240' G241
''G242''G243''G244' /G245’ /G248’ /G249’ 'G25' /G250’ G252 /G253, /G255, /G258
'G259''G26',G32''G320''G328"'G37', G370', G371, /G372, /G373 /G374 /G375,
G378G379'G51''G511',/G512, /G513, /G514 'G518','G519','G52''G520', G521
G522,G523 /G527, 'G528','G529','G53', /G530’ G531', G532', G533, G538',/G70",
G700,'G701,/G702,/G708'G709''G71', /G710, /G711' /G712 'G713''G718''GT19",
G723 G724 'G728/G729''G73', G730’ G731, /G735, /G736’ G737',G80" G8OO",
G801',G802, /G803, ‘G804’ GB08' ‘G809’ 'G81', /G810’ G811''G819','G82', G820,
G821',G822,G823,'G824','G825','G83''GB830', G831', G832’ ‘G833, G834' G835,
G839','G90"'G900"'GI01''GI02''GI03', GI04' GI08''GI0Y', GI1''G910"'GI11",
G912,/G913,/G918/G919' /G938, 'GI3Y','GI5' GI50', GI51', G952’ GI58' G959,
G99','GY90', G991 G992’ G998 M471',/Q00" Q000" Q001','Q002''Q01''Q010",Q
011,/Q012''Q018''Q019''Q02','Q03''Q030’, Q031’,'Q038''Q039',Q04', Q040', Q04
1,/Q042'Q043''Q044',/Q045', Q046" Q048','Q049','Q05' Q050" Q05 1", Q052','Q05
3,'Q054'/Q055','Q056',Q057','Q058','Q059','Q06', Q060" Q06 1',Q062','Q063','Q06
4'/Q068'Q069''Q07',/Q070''Q078','Q079''Q760'

OTHER PSYCHIATRIC AND
BEHAVIORAL DISEASES

'F04','FO6','F060','F061','F062','F063','F064','F065','FO66','F067','F068','FO069','FO7",
F070','FO71','FO72','FO78','F079','F09','F102','F106','F107','F112''F116','F117','F 122
''F126''F127','F132''F136','F137','F142''F146','F147','F152''F156','F157','F162','F
166''F167''F172''F176','F177''F182''F186','F187','F192','F196','F197','F50','F500'
,F501''F502','F503','F504','F505','F508','F509','F52','F520','F521','F522','F523','F5
24''F525','F526','F527','F528','F529','F60','F600','F601','F602','F603','F604','F605',’
F606','F607','F608','F609','F61','F62','F620','F621','F628','F629','F63','F630','F631",’
F632','F633','F638','F639','F68','F680','F681','F688','F70','F700','F701','F708','F709
JE71F710''F711','F718','F719''F72''F720','F721','F728','F729','F73','F730','F 731",
'F738','F739','F78','F780','F781','F788','F789','F79','F790','F791','F798','F799','F80",'
F800','F801','F802','F803','F808','F809','F81','F810','F811''F812''F813','F818','F81
9','F82''F83','F84','F840','F841','F842''F843','F844','F845','F848' 'F849','F88','F89",
F95''FO50','F951','F952','FO58' 'F959','F99'

OTHER RESPIRATORY DISEASES

'B909','E662','J60','J61','J62','J620','J628','J63','J630','J631','J632','J633','J634'",'J63
5','J638','J64','J65','J66','J660','J661','J662','J668','J67",'J670','J671','J672','J673",'J

674','J675','J676','J677','J678','J679','J684','J701','J703','J704','J84','J840','J841",'J8
48''J849''J92','J920','J929','J941','J953",'J955','J961",'J98'",'J980",'J982",'J983",'J984
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','J985','J986','J988','J989','Q33','Q330','Q331','Q332','Q333",'Q334','Q335','Q336",'
Q338''Q339','Q34','Q340','Q341','Q348','Q349','7902','7942' '7943','7963'

OTHER SKIN DISEASES

'L13','L130",'L131",'L138','L139','L28",'L280'",'L281",'L282",'L301",'L43",'L430",'L431",'L
433''L438','L439','L508','L581",'L85",'L850",'L851",'L852",'L853",'L858",'L859",'Q80",
Q800','Q801','Q802','Q803','Q804','Q808','Q809','Q81','Q810','Q811','Q812','Q818'",
Q819''Q821','Q822''Q829'

PARKINSON AND PARKINSONISM

'G20','G21''G211','G212','G213','G214','G218','G219','G22','G23','G230','G231','G2
32','G233','G238','G239'

PERIPHERAL NEUROPATHY

'B91''G14','G54','G540','G541','G542','G543','G544','G545','G546','G547','G548''G
549','G55','G550','G551','G552','G553','G558','G56','G560','G561','G562','G563','G5
64','G568','G569','G57','G570','G571','G572','G573','G574','G575','G576','G578','G5
79','G58','G580','G587",'G588','G589','G59','G590','G598','G60','G600','G601','G602
','G603','G608','G609','G628','G629','G63','G630','G632','G633','G634','G635','G636
','G638','M472','M531','M541'

PERIPHERAL VASCULAR DISEASE

'1702','173','1730','1739'",'1792','1798'

PROSTATE DISEASES

'N40''N411','N418'

SCHIZOPHRENIA AND DELUSIONAL
DISEASES

'F20','F200','F201','F202','F203','F204','F205','F206','F208','F209','F22','F220','F228
''F229''F24' 'F25','F250','F251','F252','F258'",'F259",'F28'

SLEEP DISORDERS

'F510','F511''F512''F513','G47','G470','G471','G472''G473','G474''G478','G479'

SOLID NEOPLASMS

'C'’D00",D000’,'D001','D002", D01, D010/ DO11", D012 /D013’ 'D014' D015, 'D0O17"
/D019',D02',D020',D021',D022','D023''D024',/D03','D030’, D03 1", D032 D033, D
034''D035',D036',D037','D038', D039’ D04’ D040 D04 1’,'D042', D043 D044’ DO
45'/D046',D047','D048','D049", D05’ D050, D051’ 'D057', D059, D06, DO’ DO
''D067',/D06Y', D07','D070",'D071',D072','D073''D074',DO75','D076','D0Y', D00’

D091''D092''D093','D097',D09Y','D320','D321', D329 D330, 'D331','D332' D333,
D334'/Q85','Q850'Q851'/Q858'' Q859"

THYROID DISEASES

'E00','E000','E001','E002','E009','E01','E010",'E011','E012",'E018",'E02','E03','E030",
'E031','E032','E033','E034','E038','E039','E05','E050",'E051",'E052','E053','E054','E
055','E058','E059','E062','E063','E065','EQ7",'E070",'EQ71','EQ78','E079','E350",'E89
0"

VENOUS AND LYMPHATIC
DISEASES

'1780','183",'1830",'1831",'1832",'1839",'187",'1870",'1871",'1872",'1878",'1879','189','1890",'189
1','1898','1899','1972','Q820'
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Appendix 5: Disease legend

Labels

Categories

Endocrine

DIABETES

Muscoskeletal

OSTEOARTHRITIS AND OTHER DEGENERATIVE JOINT DISEASES

Eyelear

CATARACT AND OTHER LENS DISEASES

Muscoskeletal

OTHER MUSCULOSKELETAL AND JOINT DISEASES

Digestive COLITIS AND RELATED DISEASES
Circulatory HYPERTENSION
Endocrine DYSLIPIDEMIA

Mental DEPRESSION AND MOOD DISEASES

Muscoskeletal

DORSOPATHIES

Endocrine THYROID DISEASES
Respiratory ALLERGY
Respiratory ASTHMA

Eye/ear EAR, NOSE, THROAT DISEASES

Muscoskeletal

INFLAMMATORY ARTHROPATHIES

Eye/ear OTHER EYE DISEASES

Digestive ESOPHAGUS, STOMACH AND DUODENUM DISEASES
Digestive CHRONIC PANCREAS, BILIARY TRACT AND GALLBLADDER

DISEASES

Endocrine OBESITY

Digestive OTHER DIGESTIVE DISEASES
Circulatory ANEMIA
Endocrine OTHER METABOLIC DISEASES
Circulatory CEREBROVASCULAR DISEASE
Circulatory BRADYCARDIAS AND CONDUCTION DISEASES
Circulatory CARDIAC VALVE DISEASES
Circulatory ISCHEMIC HEART DISEASE

Eye/ear DEAFNESS, HEARING IMPAIRMENT
Circulatory OTHER CARDIOVASCULAR DISEASES
Circulatory BLOOD AND BLOOD FORMING ORGAN DISEASES

Genitourinary

OTHER GENITOURINARY DISEASES

Respiratory

OTHER RESPIRATORY DISEASES

Genitourinary

PROSTATE DISEASES

Genetic HEMATOLOGICAL NEOPLASMS
Nervous OTHER NEUROLOGICAL DISEASES
Nervous PERIPHERAL NEUROPATHY
Mental SLEEP DISORDERS

Genitourinary

CHRONIC KIDNEY DISEASES

Genetic

SOLID NEOPLASMS

Circulatory

HEART FAILURE
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Circulatory ATRIAL FIBRILLATION
Muscoskeletal OSTEOPOROSIS
Muscoskeletal AUTOIMMUNE DISEASES
Mental DEMENTIA
Nervous PARKINSON AND PARKINSONISM
Mental SCHIZOPHRENIA AND DELUSIONAL DISEASES
Circulatory VENOUS AND LYMPHATIC DISEASES
Nervous EPILEPSY
Circulatory PERIPHERAL VASCULAR DISEASE
Respiratory COPD, EMPHYSEMA, CHRONIC BRONCHITIS
Skin CHRONIC ULCER OF THE SKIN
Nervous MIGRAINE AND FACIAL PAIN SYNDROMES
Mental OTHER PSYCHIATRIC AND BEHAVIORAL DISEASES
Skin OTHER SKIN DISEASES
Digestive CHRONIC LIVER DISEASES
Eyel/ear GLAUCOMA
Digestive INFLAMMATORY BOWEL DISEASES
Infectious CHRONIC INFECTIOUS DISEASES
Nervous MULTIPLE SCLEROSIS
Eye/ear BLINDNESS, VISUAL IMPAIRMENT
Genetic CHROMOSOMAL ABNORMALITIES
Mental NEUROTIC, STRESS-RELATED AND SOMATOFORM DISEASES
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Appendix 7: Longevity associated variants
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(10.1371/journal.pgen.1005728.t003)

SNP Symbol Study metadata Gene Type Variable | BETA SE CHISQ LOG10P
in study annotation

rs4420638 | APOE Age > 90 (10.1093/hmg/ddu139) CD81 eQTL | HRH -0,12784 | 0,015932 | 64,3787 14,9886

rs4420638 | APOE Age > 90 (10.1093/hmg/ddu139) CCDC86 eQTL | HRH -0,12784 | 0,015932 | 64,3787 14,9886

rs4420638 | APOE Age > 90 (10.1093/hmg/ddu139) PTGDR2 eQTL | HRH -0,12784 | 0,015932 | 64,3787 14,9886

rs4420638 | APOE Age > 90 (10.1093/hmg/ddu139) MAD1L1 eQTL | HRH -0,12784 | 0,015932 | 64,3787 14,9886

rs4420638 | APOE Age > 90 (10.1093/hmg/ddu139) TOMM40 eQTL | HRH -0,12784 | 0,015932 | 64,3787 14,9886

rs4420638 | TOMM40 | Age > 90 (10.1093/hmg/ddu139) CD81 eQTL | HRH -0,12784 | 0,015932 | 64,3787 14,9886

rs4420638 | TOMM40 | Age > 90 (10.1093/hmg/ddu139) CCDC86 eQTL | HRH -0,12784 | 0,015932 | 64,3787 14,9886

rs4420638 | TOMM40 | Age > 90 (10.1093/hmg/ddu139) PTGDR2 eQTL | HRH -0,12784 | 0,015932 | 64,3787 14,9886

rs4420638 | TOMM40 | Age > 90 (10.1093/hmg/ddu139) MAD1L1 eQTL | HRH -0,12784 | 0,015932 | 64,3787 14,9886

rs4420638 | TOMM40 | Age > 90 (10.1093/hmg/ddu139) TOMM40 eQTL | HRH -0,12784 | 0,015932 | 64,3787 14,9886

rs429358 APOE Parental mortality TOMM40 eQTL | HRH -0,17859 | 0,017078 | 109,351 24,8667
(10.1038/ncomms11174)

rs429358 APOE Parental mortality APOE Proxy | HRH -0,17859 | 0,017078 | 109,351 24,8667
(10.1038/ncomms11174)

rs429358 TOMM40 | Parental mortality TOMM40 eQTL | HRH -0,17859 | 0,017078 | 109,351 24,8667
(10.1038/ncomms11174)

rs429358 TOMM40 | Parental mortality APOE Proxy | HRH -0,17859 | 0,017078 | 109,351 24,8667
(10.1038/ncomms11174)

rs2075650 | APOE Exceptional longevity TOMM40 eQTL | HRH -0,13232 | 0,017647 | 56,2176 13,1879
(10.1371/journal.pgen.1005728.t003)

rs2075650 | APOE Exceptional longevity TOMM40 eQTL URU 0,139677 0,023798 | 34,4483 8,3588
(10.1371/journal.pgen.1005728.t003)

rs2075650 | APOE Exceptional longevity PVRL2 eQTL | HRH -0,13232 | 0,017647 | 56,2176 13,1879
(10.1371/journal.pgen.1005728.t003)

rs2075650 | APOE Exceptional longevity PVRL2 eQTL | URU 0,139677 | 0,023798 | 34,4483 8,3588
(10.1371/journal.pgen.1005728.t003)

rs2075650 | APOE Exceptional longevity TOMM40 Proxy | HRH -0,13232 | 0,017647 | 56,2176 13,1879
(10.1371/journal.pgen.1005728.t003)

rs2075650 | APOE Exceptional longevity TOMM40 Proxy | URU 0,139677 | 0,023798 | 34,4483 8,3588
(10.1371/journal.pgen.1005728.t003)

rs2075650 | TOMM40 | Exceptional longevity TOMM40 eQTL | HRH -0,13232 | 0,017647 | 56,2176 13,1879
(10.1371/journal.pgen.1005728.t003)

rs2075650 | TOMM40 | Exceptional longevity TOMM40 eQTL | URU 0,139677 | 0,023798 | 34,4483 8,3588
(10.1371/journal.pgen.1005728.t003)

rs2075650 | TOMM40 | Exceptional longevity PVRL2 eQTL | HRH -0,13232 | 0,017647 | 56,2176 13,1879
(10.1371/journal.pgen.1005728.t003)

rs2075650 | TOMM40 | Exceptional longevity PVRL2 eQTL | URU 0,139677 | 0,023798 | 34,4483 8,3588
(10.1371/journal.pgen.1005728.t003)

rs2075650 | TOMM40 | Exceptional longevity TOMM40 Proxy | HRH -0,13232 | 0,017647 | 56,2176 13,1879
(10.1371/journal.pgen.1005728.t003)

rs2075650 | TOMM40 | Exceptional longevity TOMM40 Proxy | URU 0,139677 | 0,023798 | 34,4483 8,3588
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