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Abstract 
 

Technological advances in the digital age mean that researchers can now produce vast 

quantities of data. These data have the potential to shape the way that human health and 

disease are viewed. Mathematical and statistical analysis of high-dimensional biological 

molecular data, or omics data, reveals a paradigm shift that human disease is a product of 

faulty metabolism, be it caused by genetics or the environment. It therefore follows that 

metabolic modulation should be able to act as a treatment for such diseases, and metabolic 

considerations should be factored into prophylactic and curative medicines. 

In this doctoral thesis incorporating papers, I describe the role of systems biology in the 

analysis of omics data and how it is used to drive discovery of treatments for human 

degenerative diseases. The current investigation describes a full journey around the cycle 

of data-driven biomarker identification, use of animal models of metabolism, and human 

clinical trials. This work introduces a focus shift away from single toxic species and 

towards reporter metabolites whose modulation is more tangible and have the potential 

to reverse the degenerative phenotype. I illustrate this with work focusing on Alzheimer’s 

disease, Parkinson’s disease, congenital generalised lipodystrophy, and muscle stem cells.  
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1. Introduction 
The human experience is defined by a state of constant flux. Voluntary and involuntary 

shifting sands define each individual and the species as a whole. Individuals differ from 

each other in space and themselves in time. Change is a force that cannot be resisted, and 

it is seemingly random, unpredictable, and irrevocable. 

Such has been the natural order of humanity’s interaction with the environment for 

millennia to the present day. Nature provides the selection pressures for evolutionary 

change. Nature bestows its resources for human consumption, shaping everything from 

human behaviour and interdependence to diet and personal decision-making. 

But flux on the large scale, although operating with some stochasticity, has clear-cut 

causes and effects. Ancient cities sprung up in places with the most arable land. Widening 

highways does not ease long-term traffic congestion. People will flock to areas with the 

best transport links. For all its incessant variability and intricacy, flux between macro 

states is and has been measurable and tractable. 

The natural order is to establish equilibrium. The “before” states – before discovery of 

fertile land, widening highways, and building new railway stations – and the “after” states 

– after migration, roadworks, and infrastructure improvement – describe macro systems 

at equilibrium and free from perturbation (Figure 1A). Uncertainty comes with the 

dynamic flux between these states – pioneering settlers looking for new pastures, city 

planners responding to a traffic crisis, and land economists supporting urban developers. 

Often the perturbation is chanced without a guarantee of the exact nature of the “after” 

state equilibrium. Other times, one is guided by a map or atlas consolidating all previous 

knowledge before embarking on an informed choice.  

In the human body, nature follows these same rules. Equilibria are resting states or steady 

states and response to any perturbation to find its way back to the norm is called 

homeostasis1. Biological perturbation can take many forms: from pathogenic infection to 

dietary choices. In most cases, the human body can deal with external factors and insults 

and the ensuing changes to the internal environment. For example, the immune system 

may activate to deal with a bacterial incursion, or might modulate specific digestive 
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functions in response to the nutritional content of food (Figure 1B). However, not all 

responses to perturbation are homeostatic. If the body fails to restore itself to the safe 

“before” state, then it may follow a path towards a dangerous “after” state2–5: a different 

steady state in which disease takes hold and where more external perturbations, such as 

antibiotic medication or EpiPen administration, might be necessary to reverse the 

process. 

The body’s ability to self-regulate homeostatic tasks is a function of the severity of 

external pressures and individual characteristics. A person’s genetics determines the range 

and function of molecular machineries they can make, and therefore, how well equipped 

they are to deal with external threats on their own. In turn, the successful, appropriate, 

and faithful conversion of the DNA instructions into RNA blueprints and then protein 

machinery is required to respond to perturbations. Protein machineries have a variety of 

functions, ranging from dealing with the perturbation directly by neutralising foreign 

species or catalysing a metabolic reaction; to modulating the cycle anew by switching 

‘on’ or ‘off’ other DNA instructions. Protein activities are finely tuned so that the response 

to a perturbation is appropriate and measured. Perhaps above all, the cellular metabolic 

profile is pertinent to perturbation due to metabolite concentrations responding to 

alterations to protein profiles, metabolites themselves acting as signalling agents6–8, and 

the ability for metabolites and molecules to accumulate or be consumed as a result of the 

perturbation itself. Metabolite and molecular levels define the cellular environment, the 

range of biochemical reactions available to the cell, and the way that cells are presented 

Figure 1. Perturbations between stable states. (A) Transitions between stable states in the macro world. (B) 
Transitions between and responses to stable states in the micro world. 
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to other cells9,10 (Figure 2). It therefore stands to reason that those finely, delicately, 

sensitively balanced cellular states also have a profound effect on the outward phenotype 

and the individual’s overall state of health and disease. 

In fact, the consideration of metabolic activity is already considered in modern 

medicine11–14. Metabolic and molecular states influence the way that we define medical 

conditions15–18. Lack of molecular oxygen or oxidising equivalents puts cells into hypoxia, 

which favours anaerobic respiration over aerobic respiration for energy metabolism. 

Long-chain fatty acid synthesis and arachidonic acid production lead to a multifaceted 

inflammatory response involving recruitment of interleukins and leukotrienes. Invasion 

by viruses or bacteria is dealt with by the immune system. Diseases such as Alzheimer’s 

and Parkinson’s are defined based upon inappropriate accumulation of proteins that our 

cells can naturally make. None of these individual processes are inherently “good” or 

“bad” by their very nature, for all processes are a product of millennia of evolution, but it 

is the timing of, extent of, and interaction between these processes which determines 

whether they are desired and whether they lead to disease. Evolution forged the map of 

all processes, and it is the role of the regulatory machinery to ensure that the correct ones 

are engaged appropriately. Furthermore, these molecular definitions are useful for 

profiling cellular activity in health and disease. For example, a number of perfectly normal 

cellular processes are exploited in cancer, allowing tumour cells to establish a hypoxic 

microenvironment, hijack energy metabolism, evade the immune system, create its own 

blood supply, and enable limitless replication potential19. It is the inappropriate activation 

of “normal” processes that makes this after state dangerous. It is the identification of the 

Figure 2. The central dogma of molecular biology. (A) DNA stores the genetic blueprints of all the proteins that the 
cell can make. (B) RNA is transcribed from DNA and are the instructions on how to make a certain protein that will 
actually be used by the cell at a given time. (C) Proteins are translated from RNA. (D) Proteins that are also enzymes 
catalyse biochemical reactions and change the levels of metabolites. (E) Metabolic changes lead to kinetic 
perturbations elsewhere in the metabolic network, which can alter the cellular state and lead to cell signalling. (F) 
The sum of expressed genetics contributes to an individual’s phenotype. 
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set of “normal” processes leading to disease that is currently needed in order to develop, 

for example, precision medicine that targets those processes and regulates them when our 

own cells cannot. 

Faults at any of the upper layers – DNA, RNA, protein – can result in an inappropriate 

metabolic environment and result in disease. Mistakes in DNA replication can occur due 

to ageing, which is intimately linked with metabolic rate20. Normal biochemical processes 

such as respiration jettison highly reactive free radicals, which can affect intracellular 

components and alter DNA instructions in cells21. Changes to the RNA landscape can 

come about due to changes to alternative splicing. This results in a different set of RNA 

blueprints from the same DNA instructions, and this has been shown to have prognostic 

implications in clear cell renal cell carcinoma22 and hepatocellular carcinoma23. Altered 

protein profile is the basis of the aforementioned Alzheimer’s (AD) and Parkinson’s 

diseases (PD) as we understand them today. Improper processing of the amyloid 

precursor protein causes release of neurotoxic amyloid-β peptides in AD. Aggregation of 

Figure 3. Neurotoxin formation in Parkinson’s and Alzheimer’s diseases. (A) In Parkinson’s disease, neurotoxic α-
synuclein form fibrils from aggregation of insoluble protein. (B) In Alzheimer’s disease, neurotoxic amyloid-β is 
generated from amyloidogenic processing of the amyloid precursor protein (APP) via β-secretase and γ-secretase. 
The pathway involving α-secretase is non-amyloidogenic, but the function of the mature protein from this pathway 
is unclear.  
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tau protein and α-synuclein results in tangles and inclusions of the protein in AD and PD, 

respectively, and these forms are also neurotoxic (Figure 3). 

It is a medical triumph that so many medications exist for the treatment of disease and 

supplementation of the human body with the metabolic tools and molecular building 

blocks it needs to return to a healthy equilibrium24–32. However, it remains a medical 

challenge to design new medications for diseases for which patients present differing 

molecular responses to the disease perturbation and differing clinical responses to the 

medical perturbation. These heterogeneous, or complex diseases, are assessed by 

challenging the boundaries of diagnosed disease, stratifying patients into groups 

presenting similar responses, and identifying the biological markers of disease for each 

group. With the advent of tools aiding the measurement of DNA, RNA, protein, and 

metabolites, the once-hidden responses become visible, and the stratification step 

becomes attainable. By combining observations on these multiple “omics”, one gains a 

highly comprehensive picture of the disease state of a group of patients with complex 

disease. The study of entire biological systems to achieve discoveries of medical 

importance is called systems medicine33. 

But it is neither desirable nor feasible to molecularly profile everyone. Although the cost 

of sequencing a human genome has fallen massively in recent years34, practical reasons 

demand non-invasive collection of patient samples for diagnostic purposes. 

The ultimate goal of systems medicine is to assemble huge databases of omics data, to 

combine those data and construct mathematically rigorous models of human disease, to 

execute or apply those models to uncover the basic biology underlying those diseases, to 

hypothesise, test, and validate basic biology insights at the bench or in the clinic, and then 

to offer personalised treatment solutions to patients presenting faults to their clinical or 

omics data35 (Figure 4). These personalised solutions would come as dietary 

recommendations designed to perturb the biological state early on so that it does not 

follow a path towards disease, or as a curative medicine that aims to reverse the 

perturbation that has already taken hold in disease. Such investigations have only recently 

begun to become feasible due to pioneering efforts from those who have curated the first 

metabolic maps and those who have advanced such map-making tools. The combination 
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of static maps with dynamic descriptions of biological states is what allows investigators 

today to navigate to health from disease. 

This thesis presents and examines advancements contributing to each part of the systems 

medicine cycle. Here, I demonstrate how systems biology may harness big biological data 

to further medical discoveries. I use statistical and machine learning methods to identify 

molecular perturbations among AD and PD patients (Paper I) and construct a predictive 

model of neurological disease based on accessible blood and urine biochemistry (Paper 

IV). These endeavours highlight the power of systems biology methods for hypothesis 

generation and lead identification for further study, and suggested metabolic shifts 

resulting in a depletion of retinoid and androgen metabolites in a possible ageing-related 

mechanism. 

Previous omics analysis and metabolic modelling have supported other leads, such as 

combined metabolic activator (CMA) therapy36,37, comprising of metabolic supplements 

that are known to boost metabolic function. The present investigation examines the effect 

of CMA therapy on PD (Paper II) and AD (Paper III) patients, and showed that both 

Figure 4. Overview of systems medicine. Big omics biological data are collected with clinical factors and knowledge 
from basic biology and biological models to form a systems-wide knowledge bank. These combined data can be 
analysed by mathematical, statistical, and network analysis and machine learning and AI to produce in silico 
predictions on the cellular, tissue, and organismal state. Key analytes provide leads for drug discovery, and 
interventions are developed. The clinical and basic biological value of the intervention is assessed in the next round 
of data collection, leading to model refinement and discovery of the mechanism of action.  
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AD and PD patients exhibited cognitive benefits after CMA, compared to placebo. 

These studies show that the interface between systems biology and clinical science allows 

the rapid identification and validation of combination therapies, thus bypassing the 

expensive and time-consuming novel drug design stage. 

The current investigation also shows the power of systems biology and omics analysis for 

its application to diverse cellular states and diverse data types. I demonstrate how multiple 

omics can be used to molecularly profile patients with non-alcoholic steatohepatitis 

(NASH) and congenital generalised lipodystrophy (CGL) (Paper V). Patients of CGL 

are susceptible to develop NASH38,39, and this investigation showed that CGL patients 

with NASH have self-similar molecular profiles which is distinct from NASH patients 

from other causes, who present with heterogeneous molecular profiles. This study 

purported that CGL patients develop NASH via liver X receptor signalling, leading to 

inappropriate de novo lipogenesis and eventually fatty liver. As this is not the cause of all 

NASH, then, if validated, this study suggests separate precision medicine for NASH 

patients who also have a diagnosis of CGL. 

Finally, the assessment of degeneration ends with an assessment of regeneration. The 

current investigation also used zebrafish model organism modelling to study the role of 

the muscle stem cell master regulator EZH2 in the regeneration of muscle after injury 

(Paper VI). Using transcriptomic, epigenomic, and lipidomic data analysis, this paper 

verifies previous studies suggesting the accumulation of lipids after EZH2 inactivation. 

This paper extends those findings by revealing long chain lipid elongation to favour fatty 

acid species such as arachidonic acid, which has a role in inflammation signalling and 

tissue healing. 

Taken together, systems biology can greatly accelerate drug discovery lead identification 

via statistical, mathematical, and machine learning analysis that can assess tens or 

hundreds of thousands of biological analytes in a single big omics pipeline. This in turn 

accelerates and optimises the leads investigated at the bench or bedside and potentially 

allows for precision or personalised therapies. The metabolic nature of the proposed 

treatments leads to an overarching hypothesis of human disease being based on metabolic 
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imbalances which can also be restored on the metabolic level. This thesis explores the 

metabolic and molecular landscape for the analysis of degenerative diseases. 
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2. Systems biology 
The study of entire biological systems is known as systems biology. It encompasses the 

treatment of biological entities as data and data objects and makes use of machine 

learning, mathematical modelling, and statistical testing. It can be either hypothesis-

driven or hypothesis-free, flexibly allowing the use and re-use of biological data. 

Systems biology today is built on a sound foundation of diverse biological data describing 

disease states and healthy states. Public and private efforts to map biochemistry and 

catalogue states of health and disease have culminated into the establishment of atlases 

and biobanks, huge repositories of data volunteered from healthy and diseased volunteers. 

Collections of software allow the rapid and accurate transformation of raw data into 

biologically relevant insights. 

Collection of omics data is possible due to advancements in biotechnologies allowing the 

measurement of DNA, RNA, protein, and metabolites. Omics refers to big biological data 

which are collected via high-throughput methods (Figure 5). To illustrate individual 

omics, an individual’s full complement of DNA, RNA, protein, and metabolites are 

known as their genome, transcriptome, proteome, and metabolome, respectively. In 

addition to the fine molecular definition of the individual’s state, a description of their 

outward clinical presentation, or phenome (from phenotype), is also necessary, and this 

information comprises basic information such as age, sex, and background, but may also 

include blood and urine biochemical test results. The attachment of the phenome as 

metadata is necessary in order to contextualise the omics data, which is subject to the 

vicissitudes of health and disease and is often tied to the biological question. 

Analysis of systems biology data involves treatment of omics data as computer data 

objects, which is a concept in bioinformatics. Mathematical, statistical, and probabilistic 

descriptions of biological systems enable inference on cellular functions, prediction of 

future flux, and outlooks for patient outcome. However, it is up to the investigator to 

ensure that models and methods are well selected for their purpose and that their resulting 

inferences are not overinterpreted40–42. All models are wrong, but some are useful43. For this 

reason, systems biology alone almost on purpose does not give a completely true picture 
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of a biological system due to model inaccuracy and the assumptions being made. Rather, 

systems biology leads the way for hypothesis generation and optimisation of leads to be 

validated at the bench. Assessment of entire omics allows investigation of full 

complements of species without bias, and these are excellent starting points for truly novel 

discovery. 

Modelling and simulations can generate many more observations in silico than would be 

feasible in vitro or in vivo, but experimental validation remains extremely important to 

ensure that the observation is true biology. Systems biology therefore holds the promise 

for targeted allocation of bench time and resources. 

Figure 5. Omics data collection. (A) Nucleic acids can be sequenced to collect genomic and transcriptomic data. (B) 
Molecules such as proteins and metabolites can be analysed by mass spectrometry to collect proteomic and 
metabolomic data. (C) Other high-throughput assays can be used to capture other types of omics data, such as 
epigenomic data. 
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2.1. Omics 
Information in biology is encoded in sequences of chemically bonded molecular units. 

DNA and RNA are composed of nucleotides held together by a sugar-phosphate 

backbone. Proteins comprise of a string of amino acids joined by peptide bonds. There 

are four standard ‘flavours’ of nucleotide and twenty of amino acid (Figure 6). 

The transfer of information from DNA to RNA is called transcription44. In the nucleus, 

pre-defined sections of double-stranded DNA, or genes, are transcribed into single-

stranded RNA and released into the cytosol. Nucleotide sequences of DNA and the 

transcribed RNA are identical save for replacement of thymine by uracil, which can, for 

the purposes of this discussion, be considered the same ‘flavour’ of nucleotide. RNA 

molecules may also undergo splicing, whereby non-coding parts of transcripts (introns) 

are cut out of the message and discarded, leaving only the coding sequences (exons) in 

the mature transcript. There may be multiple ways to splice an RNA molecule. This 

alternative splicing means that multiple RNA molecules can result from a single DNA 

gene. 

Information from mature RNA directly encodes a protein sequence. Each group of three 

nucleotides (a codon) in the RNA sequence corresponds to an amino acid in the protein 

sequence or a translation stop signal. This is known as the genetic code (Figure 6A). 

Translation from RNA to protein reliably produces a single protein product from a single 

RNA message, with few exceptions that are outside the scope of this discussion. 

DNA, RNA, and protein can be considered as information storage molecules, and the 

rules governing their conversion are well established. Knowledge by the prior mapping of 

transcription and translation start and stop sides, intron/exon boundaries, and the genetic 

code allow prediction of nucleotide and amino acid sequences from one another. 

Consequences of DNA mutations on protein sequence can be deduced in silico since the 

mapping rules from DNA to protein are well established. 

The full complement of genes in an individual is called the genome. The corresponding 

terms for transcripts and proteins are transcriptome and proteome, respectively. 

Increasingly, interactions in the interactome, metabolites in the metabolome, lipids in the 
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lipidome, reaction rates in the fluxome, and phenotypes in the phenome have also become 

the subject of interest, as modulating interactions, metabolism, and lipid signalling has 

shown to have therapeutic value. Collectively known as omics, the collection of these 

data allows for a fuller picture of health and disease. Although certain interomic mappings 

are well established – for example, the central dogma of gene expression and the metabolic 

map of biochemical reactions – multiomic measurements are still highly important 

because it is a description of what is happening in cells in all their dynamicity; as opposed 

to a static map or theoretical predictions of what can happen. 

However, this is not to say that static maps are without value. Static maps of metabolism 

embody our knowledge of the way metabolites are converted from one to another45–48 

(Figure 6B). They show all known possible paths and are supported by chemical 

stoichiometry and enzyme kinetics evidence. In fact, static maps are critical for 

Figure 6. Static maps. (A) The genetic code connects genetic information with protein sequences. (B) Proteins 
catalyse biochemical reactions. Sample chemical equations were taken from KEGG Reaction. 
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connecting omics in systems biology, from implementing the central dogma to connect 

the genome with the transcriptome and the proteome, to predicting the effect of changing 

enzyme production on metabolites. Entire sets of metabolic reactions are encapsulated as 

standardised tools known as genome-scale metabolic models49 (GEMs). These describe 

the full set of reactions that are possible in a given organism, tissue, or cell. GEMs are 

carefully curated maps which can be used as a tool to estimate biochemical reactions 

because they embody gene-protein-reaction (GPR) rules. GPR rules connect 

transcriptomics and proteomics to enable predictions on fluxomics and metabolomics. 

In fact, even the human reference genome can be considered a static map, as it contains 

all human genes and is shared across all individuals. The human reference genome is 

therefore a collection of all known genetic instructions, rather than a measured set of genes 

which are actually transcribed in a given environment – this is the transcriptome. 

Therefore, genomics studies into human health and disease rarely deal with full genomic 

sequences; rather, they focus on select genomic positions where variation can occur. 

These50 include single nucleotide polymorphisms (SNPs), in which a single base in a 

DNA sequence differs from the reference genome; DNA methylation, in which 

nucleobases may be differentially methylated in different individuals; and histone 

modification, in which the scaffolding proteins around which DNA wraps and give it 

structure are themselves chemically altered. Genomic analysis of SNPs allows insights to 

population-level variations of SNPs with a direct consequence on the gene expression 

product, or co-variation between SNPs or between a SNP and a neighbouring gene or a 

gene in a topologically associated domain (i.e., close in 3-D space). This ‘guilt by 

association’ means that simple SNP measurement through the use of DNA probes can be 

enough to estimate a person’s risk for a defective gene, and therefore disease51. 

The latter two genomic studies, measuring DNA methylation and chromatin histone 

modification, are referred to as the epigenome; and the former the methylome. These are 

parts of DNA which are not inherited, and can be dynamically modified. Proteins alter 

the epigenome by adding or removing chemical epigenetic marks on DNA and 

chromatin, and this can be in response to changes to the external environment. 

Classically, enrichment of DNA methylation in and around promoter regions, which is 

where transcription to RNA is initiated, indicates repression of gene expression at that 
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locus52. Histone modifications affect chromatin openness and therefore chromatin 

accessibility by RNA polymerase transcription machinery. Common modifications occur 

on histone N- and C-terminal tails, and can be methylations up to trimethylation, 

acetylation, or phosphorylation. Ubiquitylation, citrullination, and sumoylation are also 

possible but are less well studied. The consequences of histone modifications are 

summarised by the histone code hypothesis53,54, where acetylation is generally associated 

with open chromatin and activation of genes at that locus; and trimethylation is associated 

with closed chromatin and repression of genes at that locus. 

Omics analytes are variable, measurable properties of an individual which respond to 

fluxes between internal steady states and the external environment. Maps are established 

relationships which aid in the connection of omics layers and allow the prediction on 

hidden or hitherto unknown omics analyte levels. Models attempt to overlay measured 

omics data onto static maps in order to comprehensively define states in health and 

disease. Below, I summarise the ways in which omics were used and connected with 

static maps in the present investigation. 

Paper I was an investigation into the ageing-related metabolic perturbations in AD and 

PD with the view of finding novel biomarkers as part of a paradigm shift away from the 

classical amyloid-β and α-synuclein molecules. In Paper I, I utilised publicly available 

transcriptomic and proteomic data and made inferences on reporter metabolites. This was 

made possible by using GEMs, which I reconstructed myself from a reference model for 

adipocytes. By overlaying expression data onto this GEM, I made predictions that 

retinoid and androgen metabolism pathways were dysregulated in subclasses of AD and 

PD. Transcriptomic data from a zebrafish model of ageing was then used to validate these 

findings, showing retinoid dysregulation on zebrafish GEMs. These investigations 

suggested that AD, PD, and ageing have effects on the metabolome and therefore may 

be metabolically treatable or preventable. These investigations further highlighted the 

similarities between AD and PD aetiology with reference to ageing as a contributor to 

disease.  

Papers II and III assessed the effectiveness of CMA therapy in PD and AD, respectively. 

Papers II and III connected different parts of the phenome together using clinical trials as 
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a tool, and, using transcriptomics, GEMs, and experimental models for validation, 

showed that modulation of metabolome can lead to predicted changes in the phenome, 

namely, cognitive benefits in AD and PD patients. In these papers, I assessed clinical 

phenotypes of patients and generated hypotheses as to the clinical profile that would 

respond best to the treatment. These responses were justified by constructing a biological 

network integrating metabolomic and proteomic data, which revealed that metabolites 

associated with neurological and psychoactive drugs and proteins associated with the 

nervous system were central nodes in the network. These papers used data from multiple 

omics to suggest potential precision therapy. 

Paper IV investigated clinical data for patients of neurological diseases to identify easily 

measurable biomarkers and their directional trends in disease. In Paper IV, UK Biobank 

SNP data and blood and urine biochemical data of AD, PD, motor neuron disease 

(MND), and myasthenia gravis (MG) participants were compared with those of healthy 

participants. Here, I examined genotype changes and trends which were associated with 

one or more neurological disease and identified heritable risk markers in genes which 

were also associated with cancer, which is a conclusion that has led to the well-established 

paradigm of degeneration—cancer antagonism. The biochemistry data were also used to 

construct a predictive machine learning model of neurological disease with an accuracy 

of 88.3%. Deconstruction of this model allowed inspection of the trends learned by the 

model, which were largely supported by the existing literature. This paper posits a 

machine learning method of rapid biomarker identification. 

Paper V assessed gene expression of NASH patients with and without CGL through the 

analysis of methylomics and transcriptomics. Both omics suggested distinct molecular 

landscapes between NASH and CGL, suggesting that the NASH phenotype that CGL 

patients develop is distinct from heterogeneous NASH but is self-consistent across CGL 

patients. This combined omics analysis therefore supports a potential precision medicine 

solution for NASH patients who also have a diagnosis of CGL. 

Paper VI studied zebrafish muscle regeneration following injury. Paper VI utilised 

zebrafish transcriptomic, epigenomic, and lipidomic data to investigate molecular trends 

before and after injury and in the presence and absence of the muscle master regulator 
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EZH2. Metabolic modelling with a zebrafish GEM revealed lipid accumulation, 

elongation, and flux through arachidonic acid. Epigenomic analysis confirmed chromatin 

accessibility at very long chain fatty acid elongation gene loci, while lipidomic analysis 

confirmed a trend towards longer chain lipid species. This paper guides the basic biology 

effort for the potential harnessing of natural metabolic circuits for muscle healing and 

regeneration. 

2.2. Technologies 
Systems biology owes itself to data. The power of systems biology analyses depends on 

the amount of data there is to be analysed. As a generality, systems biologists and 

bioinformaticians opine that the more data there are, the higher quality science can be 

done55. Therefore, collection, storage, and formatting of biological data on the scale of 

gigabytes or terabytes on disk is vital before the job of the systems biologist can even begin 

(Figure 7). 

Nucleic acid data are obtained by next-generation sequencing56. Protocols vary, but the 

general principle is the same. Briefly, DNA is fragmented, ligated with barcode adapter 

sequences, and then amplified and sequenced in parallel. These sequencing reads are then 

assembled into contiguous sequences, or contigs, and then mapped onto a reference 

genome. For genotyping studies, variations from the reference template may be recorded 

as SNPs if the variation is found in a number of samples, although this is not the typical 

way to conduct genotyping studies. For transcriptome studies, complementary DNA 

(cDNA) is first generated from RNA via reverse transcription, and then reads are mapped 

to a transcriptome. Hits per gene are then recorded and then computed into raw 

expression counts or normalised expression values, such as fragments per kilobase of 

sequence per million reads (FPKM) or transcripts per million reads (TPM). 

All Papers I-VI dealt with transcriptome data in some way. As the most direct way of 

measuring actual transcriptome-wide gene expression activity, RNA sequencing has 

become ubiquitous in systems biology. Papers I and VI required me to quantify zebrafish 

RNA abundances from raw sequencing reads. These raw reads were derived from whole 

mRNA and mapped to over 10,000 transcripts in the standard zebrafish transcriptome, 

easily allowing for hypothesis-free work. 
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Genotyping studies using known SNPs does not rely on sequencing, but rather huge 

libraries of DNA probes which are sensitive to SNPs57. These are called SNP arrays, and 

can be used to detect hundreds of thousands of human SNPs across the human genome. 

As SNPs can co-vary with exonic mutations, the presence or absence of a SNP within 

close linkage with a gene can be a predictor for that gene’s allele or mutations. 

Measurement of multiple SNPs therefore offers a probabilistic picture of an individual’s 

genome without the need for whole genome sequencing. The full complement of SNPs 

for an individual is called a haplotype. Haplotypes of people from a variety of heritages 

Figure 7. High-throughput data generation and processing. (A) Nucleic acid sequencing produces sequencing reads 
which are aligned to a reference sequence. Illumina sequencing and pseudoalignment by Kallisto are shown. (B) 
Mass spectrometry can sequence peptides and identify metabolites in a sample. 
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have been thoroughly studied and is the basis for associating disease risk with ethnic 

background58. Data from the Affymetrix UK Biobank Axiom array was used in Paper 

IV, in which I determined associations between over 800,000 SNPs with NLDs. 

Genotyping data allowed me to identify shared genetic risk loci among NLDs and 

between NLD and cancer. The use of a standard set of SNPs meant that associations 

with diseases in the Online Mendelian Inheritance in Man (OMIM) database were 

already annotated with the SNPs. The very large number of SNPs in the investigation 

allowed for a good amount of novel exploration and for the investigation to remain 

hypothesis-free. 

Epigenome measures such as DNA methylation and chromatin accessibility can be used 

in conjunction with measurements on other omics to infer gene expression activity. To 

investigate DNA methylation, whole genome bisulphite sequencing works by chemically 

converting un-methylated cytosines, but not 5-methylcytosines, in DNA to uracil59. 

Upon sequencing, these methylation sites can be located at single-base precision. 

Differentially methylated sites and regions between disease states can inform differential 

transcription factor activity. For chromatin accessibility, ATAC-seq can be employed60. 

This technique uses a mutant Tn5 transposase to cleave DNA and insert sequencing 

adapters into the genome where the transposase is accessible – that is, in regions of open 

chromatin. The sequencing adapters allow next-generation sequencing of the intervening 

DNA in open chromatin, which can be mapped to a reference genome. Paper V dealt 

with scan data from the Infinium MethylationEPIC array, which detected over 850,000 

methylation sites across the genome. When combined with gene expression counts by 

RNA sequencing, this approach allowed the unbiased discovery of altered lipid transport 

functions in the diseased patients compared to healthy control. In Paper VI, I re-analysed 

ATAC-seq peaks in zebrafish treated with an inhibitor for our gene of interest ezh2 to 

determine changes to chromatin openness upon blockade, and compared these results 

with RNA sequencing data from ezh2 mutants. The two datasets supported a hypothesis 

that lipid functions, including long chain lipid elongation, were activated upon ezh2 loss 

by either mutation or inhibition.  
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Proteomic and metabolomic data can be obtained via mass spectrometry (MS)61. 

Analytes are ionised, accelerated to a constant kinetic energy, and detected in a mass 

spectrometer. In traditional MS, the magnetic field strength of the deflector at the time 

that ions hit the detector plate indicates the mass/charge ratio (m/z) of the ions, with 

lighter ions requiring a weaker magnetic field strength to be detected. In time-of-flight 

MS, the time it takes for ions to reach the detector indicates m/z, with lighter ions taking 

a shorter amount of time to reach the detector. On hitting the detector, the ion causes a 

current which is then amplified and recorded as a signal, with larger current indicating 

greater abundance. Mass spectra consist of the peaks representing the molecular ion, 

fragmentation products, and sometimes multimers if a light mode of ionisation was used. 

Identities of the analytes in the sample can be determined through the use of libraries of 

known mass spectra for small molecules. Amino acid sequences of proteins and peptides 

can be deduced by subtraction between peaks corresponding to fragments of the 

molecular ion arising from broken peptide bonds. Absolute abundances can be 

determined by spiking in known amounts of MS standards. Especially in metabolomics 

studies, high-performance liquid chromatography (HPLC) is often coupled with MS in 

a technique known as LC-MS. This has the advantage of physically separating analytes 

in a complex mixture by HPLC before identifying them by MS, allowing for high 

coverage of metabolites and high precision in identification. Each detected and identified 

analyte is recorded against its relative abundance. For proteins, higher abundance 

indicates increased gene expression, and for metabolites, higher abundance indicates 

increased biochemical activity. Paper VI also dealt with lipidomic data, a subset of 

metabolomics. From precision measurement of over a hundred lipid species, I was able to 

determine a trend favouring longer lipids in zebrafish with in an ezh2 loss environment. 

What unites these high-throughput technologies are two pillars: parallelisation and 

freedom from bias. Not having to run experiments for each analyte separately drastically 

speeds up data collection, reduces the risk of introducing operator-based variation, and 

allows the scaling-up of the number of analytes without linearly impacting time costs. 

This last point, enabling scaling-up, further means that analytes on the orders of hundreds 

of lipids, thousands of metabolites, tens of thousands of genes, and hundreds of thousands 

of genetic loci can be simultaneously measured. This untargeted, hypothesis-free 



 

 

DOCTORAL THESIS 34 

 

approach removes biases in the assumptions made at the experimental design stage, 

maximising the opportunity for discovery. 

It is hypothesis-free data collection that produces the data that drives systems biology, 

which in turn has huge scope for making discoveries to be corroborated at the bench. 

Systems biologists are not confined to having a favourite gene. 

2.3. Models 
Huge efforts have been undertaken to collect and catalogue big biological data. However, 

data on its own has little value other than taking up space on a hard drive or server. In 

order to extract biological information from data, mathematical and statistical 

relationships must be harnessed, and the biases during data collection must be 

acknowledged. 

Modern nucleic acid sequencing proceeds with the preparation of sequencing reads of 

typical length up to around 150 nucleotides as a raw output. In an RNA sequencing 

experiment, these sequencing reads must be mapped to a reference genome, which is 6.4 

billion nucleotides for humans. The challenge comes in aligning the relatively short reads 

to a long reference, dealing with reads which span exon boundaries and therefore are not 

contiguous in the genome, and tolerating sequencing mismatches, gaps, and alternative 

splices. Bowtie62 uses a technique from data compression called the Burrows-Wheeler 

transform on the reference genome to create a disk- and memory-efficient index onto 

which reads are mapped with high performance. However, only reads fully within one 

exon can be mapped by Bowtie – reads spanning multiple exons will be missed. TopHat63 

extends the functionality of Bowtie by predicting putative exons from contiguous mapped 

sequence reads and allowing the reads missed by Bowtie to overlap these predicted exons. 

In this way, novel splice sites can be discovered and differential splice site usage can be 

explored. Bowtie 2 further extends64 mapping functionality by permitting gaps in the 

alignment of reads to the reference. Cufflinks65 can take a TopHat alignment and use 

maximum likelihood methods to deduce alternative splice usage for each transcribed 

gene. In Papers I and VI, I opted to instead use Kallisto. Kallisto66 creates indexes by 

constructing a transcriptome de Bruijn graph of k-mers corresponding to exonic 

sequences which could be mapped by a sequencing read. This pseudoalignment method 
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aligns k-mers in the input reads to probabilistically determine the transcripts where they 

could have come from rather than aligning lengths of sequence directly to the reference. 

The nodes in the de Bruijn graph are sensitive to transcripts resulting from alternative 

splicing and the pseudoalignment, as opposed to actual alignment, so Kallisto offers major 

computational time benefits. 

Simultaneous identification and quantification of expressed genes in the transcriptome 

directly lends itself to differential expression analysis. In Papers I, V, and VI, I used the 

popular tool DESeq267,68, which models gene expression counts as following a negative 

binomial distribution and uses between-gene information sharing to shrink dispersions. 

The assumption of expression counts being distributed is fairly reasonable when dealing 

with animal data or data from a small sample size, but should be used with care when 

dealing with human population-scale data, in which the high variability in the data means 

that a negative binomial distribution is not appropriate69. This necessitates experimental 

or cross-validation. Nonetheless, the output of DESeq2 is a list of genes, often hundreds 

or thousands in length, which are predicted to be upregulated or downregulated between 

the disease states. Since genes can have redundant or co-operative functions, for example, 

multiple isoforms or genes along an operon, it is often useful to simplify the gene list 

according to their annotation. Gene Ontology (GO), Kyoto Encyclopedia of Genes and 

Genomes (KEGG), and Online Mendelian Inheritance in Man (OMIM) are useful gene-

level annotations, and functional analysis for the enrichment of annotations can be 

achieved through software packages such as Piano70. 

Gene expression quantification is the prelude to metabolic modelling. As mentioned 

previously, GEMs are computational tools that model global metabolism by observing 

GPR rules, which connect gene expression to protein amount and therefore biochemical 

reaction rate. It is with modelling with GEMs that metabolic and molecular inferences 

can be made in silico from gene expression data. Software such as Reconstruction, 

Analysis, and Visualisation of Metabolic Networks (RAVEN)71,72 and Constraint-Based 

Reconstruction and Analysis (COBRA)73–75 make predictions on reaction fluxes, 

metabolite concentrations, and steady states by treating the reactome as a linear 

programming problem. All biochemical reactions, uptake processes, and excretion 

processes encapsulated by the GEM are expressed in a stoichiometric matrix. Reactants, 
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products, limits, and directionalities are respected in this scheme, defining all the possible 

ways that metabolites can be converted or enter or leave the system, and are modelled as 

constraints on the system. Compartments are also respected, meaning that the metabolic 

and reaction profiles are distinct between subcellular compartments, and that metabolites 

need to be shuttled between compartments in order to participate in reactions that are 

dependent on subcellular location. In Papers I and VI, I used tools76–78 within the 

RAVEN Toolbox 2 to predict changes to biochemical activity and steady state levels of 

metabolites given evidence for transcriptome-wide gene expression. In Paper I, this 

revealed three modes of perturbation within androgen biosynthesis and one within 

retinoid biosynthesis. Also by metabolic modelling, I further showed that the retinoid 

biosynthesis perturbation could be explained by ageing. Paper VI exploited a GEM for 

zebrafish, showing enhanced fatty acid elongation and increased metabolic flux towards 

arachidonic acid. These observations were consistent with observations from lipidomic 

analysis and gene set enrichment analysis. 

Machine learning techniques can be used to partition data into clusters of similar profile 

or to make classifying predictions on unseen data. Partitioning data is a useful technique 

to quickly identify subgroupings within high-dimensional data for hypothesis generation 

on those individual subgroups, or to deconvolute heterogeneity in data purported to be 

from individuals of a single disease. Classification can be done by training a generalised 

linear model on data with the correct classifications, and the model can be tested using 

unseen data. Linear models can too be deconvoluted by inspecting the component 

weights assigned to each data variable in the model. Paper I made use of unsupervised 

clustering to generate putative AD and PD disease subclasses, which were then found to 

have fundamental different perturbations in androgen metabolism. Paper IV featured a 

multinomial generalised linear model which could distinguish between AD, PD, MND, 

and MG with an accuracy exceeding 80%. This model was trained on blood and urine 

biochemistry data from patients in the UK Biobank. The model was also inspected to find 

that the component weightings for each variable closely matched conclusions already 

reported in the literature. In both cases, machine learning accelerated the identification or 

verification of biomarkers and can efficient direct resources to the most promising leads. 
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In conclusion, modern bioinformatics allows detailed analysis on multiple omics levels. 

The connection from transcriptomic data to metabolic modelling is a powerful tool as it 

allows wide-ranging generation of biologically tractable hypotheses. Validation is 

conceptually simple and can be done by cross-validation of a second cohort or model 

organism, as was done in Paper I, or experimentally, as was done in Paper VI. Given the 

high-throughput nature of the input data and the general availability in repositories, 

metabolic modelling remains an extremely useful tool for rapid hypothesis generation. 

2.4. Data 
The demand for ever-faster and more powerful bioinformatics comes in no small part 

from a desire to match the high-throughput generation of data, culminating in an existing 

wealth of omics resources and repositories. Open data and standardised data management 

practices allow the researcher to quickly access and interoperate with omics data. 

Public datasets include the Genotype-Tissue Expression (GTEx) project79, Functional 

Annotation of the Mammalian Genome 5 (FANTOM5) project80, The Cancer Genome 

Atlas, Gene Expression Omnibus (GEO)81, ArrayExpress82, UK Biobank83, Human 

Protein Atlas84, ProteomeXchange85, and Expression Atlas86, to name a few. They can 

comprise of curated or submitted data, targeted experiment or genome-wide data, single 

or multiple omics, and raw or processed formats. In addition to experimental datasets, 

repositories of static maps such as reference genomes and transcriptomes on Ensembl87 

and reference GEMs on Metabolic Atlas88 are also crucial resources to enable alignment 

of experimental data, as discussed above. 

In Paper I, I combined AD, PD, and control experimental data in GTEx, FANTOM5, 

GEO, and the bespoke brain diseases resource Religious Orders Study and Rush 

Memory and Aging Project89 (ROSMAP). I also used protein-protein interaction data 

from the Human Reference Interactome90 project to filter the data for protein-coding 

genes only. These data were selected due to their precision annotation to specific 

substructures in the brain, potentially allowing for region-specific investigation. To 

perform metabolic analysis, I obtained a GEM from Metabolic Atlas and modified it 

according to the brain-specific data. Paper IV aimed to benefit from adjacent genotyping 

and blood and urine biochemical data from NLD patients in the UK Biobank. I used 
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machine learning to construct a predictive model of NLD based on the biochemical data. 

Although the genotyping data were not able to improve the predictive model, 

observations arising from it were consistent with a view suggesting an ageing-related 

antagonism between neurodegeneration and cancer, which is a view that is gaining 

traction in the literature91. Paper VI used a wide range of single omics datasets deposited 

in GEO and the muscle-specific Muscle Gene Sets92 database of muscle cell expression 

profiles. These multiple datasets were used to independently validate the lipid elongation 

trends that I observed in our in-house generated RNA sequencing data and in lipidomic 

data that was sent off for. Papers II, III, and V also made extensive use of in-house 

generated data: clinical and metabolomic data in the case of Papers II and III and RNA 

sequencing and DNA methylation data in the case of Paper V. Although public databases 

such as ROSMAP and UK Biobank are beginning to introduce multi-modal data, that is, 

multiple omics data originating from the same donor, it currently remains simpler to 

produce such data in-house. 
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3. Degenerative disease and metabolism 
The metabolic basis for human disease is a widely studied concept and has been 

demonstrated to play a role in a range of non-communicable diseases93–95, tissues96–98, and 

cellular functions99–103. As metabolites can be easily and non-intrusively measured, for 

example, in blood and urine, there has been huge interest in this field. Furthermore, 

diverse metabolites are easily perturbed through the diet, paving the way to long-term 

preventive medicine through an individual’s diet104–106. 

The scope for the current investigation was to determine whether there exists a metabolic 

basis for degenerative diseases, and if so, to characterise the metabolic and molecular 

biomarkers of disease (Figure 8). I generated metabolic models of degenerative diseases 

on the basis of high-throughput data and released them to the public. 

3.1. Degeneration, cancer, and ageing 
With ageing being a major risk factor for many human diseases107,108, it is clear that ageing 

remains an important area of interest, particularly for countries with an ageing population. 

There is already growing evidence supporting antagonistic interplay between 

degeneration and cancer with regards ageing, that is, the incidence of many cancers peak 

at around age 75 years and then falls off with increasing age, whilst incidence of 

neurodegenerative disease (NDD) and cardiovascular disease expands at these ages91,109. 

The mechanistic details for the apparent inverse relationship between cancer and 

degenerative diseases are unclear. 

In the current investigation, I exploit the ageing links between AD and PD in Paper I. 

The basis of this paper was that AD and PD are both age-onset diseases, and traditional 

investigations of the cytotoxic amyloid-β and α-synuclein have not resulted in significant 

progress in clinical trials and the amyloid hypothesis is attracting controversy110. I argued 

that this is due to the somewhat narrow-sense definitions of these diseases, which rely 

more on outward phenotype than molecular perturbations. Molecularly, AD and PD 
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patients present extremely heterogeneously, which is also likely the basis for their differing 

response to treatment. I therefore reasoned that AD and PD might correspond closely 

with ageing and therefore could be studied in tandem. Indeed, by combining AD and PD 

disease brain gene expression datasets, sourced from GTEx, FANTOM5, ROSMAP, I 

found that there exist three principal metabolic perturbation modes in androgen 

metabolism and one in retinoid metabolism. This was consistent with targeting the 

androgen111–113 and retinoid114–117 metabolism pathways in AD and PD treatment. 

However, the appearance of three distinct subgroups of disease in the current 

investigation would suggest that androgen replacement therapy would not be responded 

to identically by all patients, and therefore cannot be used as a blanket therapy. Indeed, 

androgen replacement therapy remains controversial in the field of AD and PD 

Figure 8. Scope of data and methods by paper in the current investigation. Zebrafish data were used in Papers I 
and VI. Genotype data were used in Paper IV. All Papers I-VI used transcriptomic differential analysis. 
Mathematical metabolic modelling was used in Papers I, III, and VI. Other omics were used in Paper V and Paper 
VI, namely, methylomics and lipidomics, respectively. Gene coexpression networks were explored in Papers I and 
VI. Machine learning was harnessed in Papers I and IV. Papers II and III report the results of a clinical trial. 
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treatment118. In the current investigation, I therefore suggest that the existence of multiple 

perturbation modes means that precision, targeted therapy is required to treat patients 

with different molecular presentations of disease. 

In the zebrafish investigation in Paper I, I analysed in-house generated RNA sequencing 

data from homozygous and heterozygous tert mutants, as well as the wildtype. These 

mutants are used to model telomeric ageing119 and were selected in the current 

investigation to explore the molecular perturbations in ageing and thereby validate the 

findings in the human investigation. Following transcriptomic analysis and metabolic 

modelling on a zebrafish GEM, we cross-validated our results from human data and 

concluded that the retinoid perturbation can be explained by ageing. 

Inspired by the findings of the tandem AD/PD study, I expanded the scope of the current 

investigation to also include other NLDs. In Paper IV, I investigated UK Biobank data 

to identify trends in easily measurable blood and urine biochemistry in patients with AD, 

PD, MND, and MG. In the genome-wide association section of the investigation, I used 

genotyping data from an Affymetrix Axiom array to identify the genetic risk loci for the 

four NLDs. The results from this study concluded that many of the risk loci were shared 

between multiple diseases, thus suggesting a joint trajectory towards NLD and 

reinforcing the idea of tandem studies across NLDs. A number of the risk SNPs I 

identified were already annotated in the OMIM database as having associations with 

both brain cancers and non-brain cancers. 

The results from these papers suggest a strong link between ageing, metabolic 

perturbation, and the degeneration/cancer antagonistic shift. The metabolic finding of 

Paper I suggests that dietary and/or lifestyle mitigations might be possibilities for the 

treatment and/or prevention of AD and PD. Paper IV confirmed the genetic similarities 

between NDDs and their association with cancers. 

3.2. Metabolic neurodegeneration 
As the impact of neurodegenerative and neurological diseases expands120 with ageing 

populations worldwide, research focusing on NDDs have too been on the increase. 

Continuing with the theme of shifting the focus away from amyloid-β and α-synuclein, 
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an increasing amount of AD and PD research has shown links between 

neurodegeneration and metabolic disorders121–129. AD in particular has such strong links 

with comorbidities like type 2 diabetes that some commentators have dubbed it “diabetes 

of the brain” or “type 3 diabetes”130. Current frontline therapy only eases the symptoms 

of disease rather than reverse them131, and emerging therapies such as aducanumab, 

which targets neurotoxic amyloid-β aggregates, has not avoided controversy surrounding 

interpretation of its efficacy132. The neurotoxic molecules in AD and PD have been 

known for decades, and the diseases themselves described a hundred years ago. 

Therefore, a fundamental paradigm shift is needed for the discovery of new targets in 

neurodegeneration. 

The aim of the current investigation was to identify the metabolic changes in people with 

NDDs, and to see whether modulation of metabolism could be a viable means of 

treatment. As described above, Papers I and IV studied antagonism between 

degeneration and cancer with ageing. The three metabolic perturbation modes identified 

in Paper I demonstrated metabolic heterogeneity in AD and PD. The perturbations 

identified related to changes to increased cholesterol metabolism, decreased testosterone 

synthesis, and increased metabolism from oestrone to less potent forms of oestrone. This 

identification adds to the evidence suggesting a link between sex hormones and AD and 

PD and the role of hormone replacement therapy112,113,118,133 , and the identification of 

multiple subgroups of disease could explain the heterogeneity in responses to these 

therapies134. 

A limitation of Paper I was that some of the specific metabolites that were predicted to 

be affected are not routinely detected in a clinical setting, requiring instead a technique 

such as MS to detect. Such techniques are not currently feasible for upscaling to 

population-level clinical screening, so I next shifted my attention to those metabolites 

which can be easily and non-intrusively detected. Papers II-IV aimed to analyse 

metabolism through blood and urine biochemistry. Papers II and III reported the effects 

of CMA therapy constituents nicotinamide adenine dinucleotide (NAD), L-carnitine 

tartrate, N-acetyl cysteine, and L-serine on cognition in AD and PD patients. Paper IV 

analysed the blood and urine biochemistry of populations with AD, PD, MND, and MG. 

I used a Monte Carlo method to select the clinical variables to be included as confounders 
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to construct a multinomial model which can predict NLD diagnosis based on clinical 

factors. 

Consistent with the metabolic modelling results in Paper I, testosterone also featured as a 

confounder in the Paper IV multinomial model. When deconstructing the model 

weights, I found that AD and PD were among the less likely NLDs to be predicted by 

the model when presented with a sample with high testosterone. Furthermore, in the 

clinical trials in Papers II and III, it was found that patients with low alanine 

aminotransferase (ALT) exhibited greater improvements to cognition than patients with 

high ALT. Again, ALT featured in the Paper IV multinomial model, in which AD and 

PD were the only NDDs with a negative weighting, indicating that the model predicted 

deficits in ALT in these diseases. Papers II and III also demonstrated the strongest 

responses to CMA in patients with low aspartate aminotransferase (AST) and low γ-

glutamyl transferase (GGT). ALT, AST, and GGT are enzymes found in the blood that 

can inform liver health. High levels of these enzymes can be indicative of liver diseases 

such as cirrhosis. 

In the clinical trials described in Papers II and III, patients presented with a range of 

clinical conditions, as measured by the blood and urine biochemical tests. I was able to 

deconvolute the heterogeneity in clinical presentation by identifying the conditions of the 

patients who responded more strongly to CMA in terms of cognitive improvement, and 

these conditions included enzymes involved in liver metabolism. Furthermore, CMA is 

composed of metabolic activators designed to replenish cells with specific metabolites. 

That this treatment was able to lead to improved cognition in the patients who received 

it is further evidence that a metabolic solution to neurodegeneration is feasible. 

It is, however, unlikely that CMA is the end-all-and-be-all for metabolic diseases. Paper 

IV demonstrated the ability to model NDDs by machine learning and discover accessible 

biomarkers by deconvolution of the model. I therefore posit that similar approaches are 

attractive approaches for the fast-tracking of biomarker leads and acceleration of drug 

discovery. 
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3.3. Reversal of degeneration 
Secondary findings in Paper I was that the coenzymes NAD and nicotinamide adenine 

dinucleotide phosphate (NADP) and the eicosanoid arachidonic acid (ARA) were 

perturbed in AD, PD, and the zebrafish model of ageing. NAD and NADP are of great 

interest due to their involvement in carbon and energy metabolism in mitochondria, 

whereas ARA is involved with coordinating inflammation signalling. A natural next 

question in the current investigation was whether or not replenishing systems with the 

lost metabolites as a result of metabolic disease would represent a feasible therapeutic 

strategy against degenerative diseases. 

The main finding of the clinical trials described in Papers II and III was that CMA 

therapy, which includes NAD, confers cognitive and metabolic benefits in PD and AD 

patients, respectively, over 84 days of oral administration. The CMA formulation was 

inspired by observed metabolic deficits in degenerative liver diseases such as non-

alcoholic fatty liver disease (NAFLD) and NASH135,136 and can be repositioned to AD 

and PD by virtue of similar metabolic perturbations in these diseases, such as in NAD and 

carnitine122,137–141. In contrast to current frontline treatments131, the metabolic modulation 

approach to treating AD and PD aims to reverse the deleterious effects of 

neurodegeneration rather than simply relieve the symptoms. Indeed, in the clinical trials, 

we found enhanced improvements to the cognitive measures Alzheimer’s Disease 

Assessment Scale – Cognitive (ADAS-COG) and Montreal Cognitive Assessment 

(MoCA) in patients receiving CMA compared to placebo. In addition to the primary 

endpoint, metabolomics also revealed increases in neuroprotective N-acetyl aspartate and 

sarcosine and decreases in neurotoxic quinolinic acid in AD patients after CMA; and 

increases in neuroprotective creatine and glycine, and decreases in neurotoxic S-

adenosylhomocysteine, 2,3-dihydroxy-5-methylthio-4-pentenoate, and N-

acetyltaurine in PD patients. 

These effects were brought about by a relatively simple formulation of metabolic building 

blocks. The formulation of the therapy was based on observed metabolic deficits and 

administration of them was able to reverse those metabolic deficits and bring about wider 

neuroprotective changes to the metabolic landscape. Even more striking was the 
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independence from current AD and PD pathogenicity theory – that is, the amyloid 

cascade hypothesis and α-synuclein aggregation – and the non-reliance on current 

frontline therapy such as acetylcholinesterase inhibition and levodopa therapy. However, 

even after the clinical trial, it remains unclear whether cessation of CMA therapy would 

lead to relapse of AD and PD cognitive decline, and whether dietary supplementation 

could substitute the constituents of CMA. 

Papers V and VI extended the investigation of a metabolic basis for degeneration to non-

brain diseases. Paper V assessed the metabolic profiles of livers of patients with NASH 

and patients with CGL. CGL is characterised by lack of adipose tissue, lack of body fat, 

accumulation of fat in the liver, and hypertriglyceridaemia. It is an autosomal recessive 

disorder and can be caused by a number of genes, including AGPAT2, BSCL2, CAV1, 

and PTRF. Patients with CGL present with hepatosteatosis. In this work, I sought to 

characterise the molecular profiles of two lipodystrophies, AGPAT2 and BSCL2, and 

compared these to a molecular profile of NASH. NASH is another liver disease with 

shared phenotypes with CGL, namely hepatosteatosis, but is not a congenital disease. 

Through transcriptomic analysis of AGPAT2 lipodystrophy and NASH patients, I found 

downregulations of the transcription factor FOXO1 and triglyceride synthesis enzyme 

GPAT3 in both NASH and CGL, but CGL-specific upregulation of the de novo 

lipogenesis enzymes SCD and ME1 and the lipid trafficking protein APOA4. From 

DNA methylation data, I saw very few differences in DNA methylation trends between 

AGPAT2 and BSCL2 lipodystrophy patients, but distinct differences between CGL and 

NASH. This suggests that disease progression in AGPAT2 lipodystrophy patients might 

mirror that of BSCL2 lipodystrophy patients, and if so, then the same therapies are likely 

to be equally effective on both. However, I also observed molecular differences between 

CGL and NASH, particularly in the aforementioned SCD and ME1 genes and liver X 

receptor activity. Patients with CGL presented with self-similar molecular profiles 

whereas NASH profiles were heterogeneous. This suggests that the fatty liver disease 

arising from CGL may represent a narrower spectrum of disease than those with NASH 

but without CGL. Therefore, this work suggests the potential for precision treatment of 

patients with NASH who already have a diagnosis of CGL. It is yet unknown whether 
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the fatty liver profile of CGL patients is represented by a subset of NASH patients 

without CGL. 

Finally, Paper VI used a transgenic zebrafish model to comprehensively investigate 

regeneration of muscle following an injury event. This paper made use of a zebrafish stop-

gain mutant in the ezh2 gene, which encodes the polycomb repressor complex protein 

enhancer of zeste homologue 2, part of a histone methyltransferase complex which 

represses genes by closing chromatin. Following a muscle injury event, ezh2 gene 

expression is reduced, leading to engagement of muscle developmental programs, 

proliferation of muscle stem cells, restoration of muscle fibres, and regeneration of tissue 

at the injury site. My hypothesis was that ezh2 regulates the muscle regeneration by lipid 

signalling, as it has been shown by other groups that small molecule inhibition of EZH2 

results in lipid accumulation. My approach to test this hypothesis was to analyse RNA 

sequencing data from wildtype and ezh2 mutant zebrafish with and without muscle 

injury, use genome-scale metabolic modelling to predict metabolic alterations during 

injury, and identify probable gene targets that are controlled by ezh2 that can result in 

those metabolic alterations. 

From RNA sequencing analysis, I found upregulations in very long chain fatty acid 

elongation enzymes in the injured animals regardless of genotype. I also found evidence 

for cessation of core cellular processes, such as DNA replication and gene expression, and 

activation of protease activity, in the injured wildtype animals only. This indicated a 

worsening phenotype in the wildtype, possibly suggesting that these animals struggled to 

deal with the injury, whereas the ezh2 mutant animals appeared to have a super-

regenerative phenotype. These results were mirrored in metabolic analysis, where I 

identified a trend towards longer chain fatty acids and increased flux into ARA in the 

injured animals, this trend being more pronounced in the ezh2 mutant. 

Since ARA is a signalling molecule for inflammation, through its engagement of 

hydroxyeicosatetraenoic acid (HETE) and leukotrienes, and for reactive oxygen species 

(ROS) removal, through its engagement of glutathione, its accumulation in the ezh2 

mutant was consistent with prior observations of a super-regenerative phenotype. I next 

hypothesised that the ezh2 mutation made it easier to engage ARA metabolism. In 



 

 

SYSTEMS BIOLOGY OF DEGENERATIVE DISEASES 47 

 

exploration of a zebrafish interactome and gene co-expression analysis, I found a putative 

chain of gene regulation from ezh2 to ARA metabolism genes within three regulatory 

steps, suggesting that ezh2 does indeed regulate ARA. Therefore, presence of ezh2, as is 

the case in the wildtype, would result in a delay in the injury response to ARA regulation 

as ezh2 needs to be removed first. 

I therefore hypothesised that the ezh2 mutant would have no such delay, but would rather 

be ‘primed’ and ready for the injury event, due to the lack of ezh2 repressing ARA 

metabolism genes. If this were the case, I expected to find longer chain fatty acids in ezh2 

zebrafish muscle tissue even in the absence of any injury. To test this hypothesis, ezh2 

zebrafish muscle samples were sent for lipidomic analysis by MS, and indeed, I found 

evidence for a trend towards longer chain fatty acid species. 

Paper VI demonstrated the role of ezh2 and fatty acid elongation for the regulation of the 

muscle regeneration response in zebrafish. This paper paves the way for the exploitation 

of this pathway for the engagement of endogenous processes to revert injured tissue and 

induce healing. 

3.4. Present investigation 
The present investigation covered well-known and less-well-studied disorders and 

degenerative diseases and conditions including those without an obvious link with 

metabolism. The breadth of the investigation is meant to demonstrate that the 

applicability of metabolic thinking to human disease is likewise broad. Papers I, II, and 

III sought to apply metabolic thinking to established fields of AD and PD, using classical 

omics techniques and metabolic modelling leading to the discovery of a role for retinoic 

acid as a possible therapeutic target, testosterone, oestrogen, and cholesterol as possible 

diagnostic biomarkers, and combined metabolic activators as possible dietary metabolic 

modulators. Papers IV, V, and VI took intellectual risks by applying metabolic thinking 

to identify predictive biomarkers in less-well-studied neurological disorders (NLDs) and 

in fields currently lacking a strong metabolic axis. The risk appeared to have paid off, 

leading to a potential for non-invasive screening of NLDs without the need of a specialist 

neurology unit, identification of metabolic similarities between the two outwardly 

different diseases lipodystrophy and NASH, and a role for the signalling metabolite 
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arachidonic acid in muscle repair. All of these papers demonstrate the value of metabolic 

thinking for diverse diseases and conditions. 
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4. Papers 
This section contains Papers I-VI that constitute this thesis incorporating papers and that 

have been referred to as the current investigation. I am the copyright holder of all of the 

papers in this section and have permission from all co-authors to reproduce them in this 

section. 

Due to image reproduction limitations of some of the visual data in these Papers, original 

display items, data items, and supplements have, wherever possible, also been made 

available for download at https://github.com/SimonLammmm/doctoral-thesis. 

Paper I: Systems analysis reveals ageing-related 

perturbations in retinoids and sex hormones in 

Alzheimer’s and Parkinson’s diseases 
The provided article below is adapted from the author’s original version of the published 

paper available at: 

Lam S, Hartmann N, Benfeitas R, Zhang C, Arif M, Turkez H, Uhlén M, Englert C, 

Knight R, Mardinoglu A. 2021, Biomedicines, 9(10): 1310. 
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Abstract 

Neurodegenerative diseases (NDDs), including Alzheimer's (AD) and Parkinson's 

diseases (PD), are complex heterogeneous diseases with highly variable patient responses to 

treatment. Due to the growing evidence for ageing-related clinical and pathological 

commonalities between AD and PD, these diseases have recently been studied in tandem. In 

this study, we analyse transcriptomic data from AD and PD patients, and stratify these patients 

into three subclasses with distinct gene expression and metabolic profiles. Through integrating 

transcriptomic data with a genome-scale metabolic model and validating our findings by 

network exploration and co-analysis using a zebrafish ageing model, we identify retinoids as a 

key ageing-related feature in all subclasses of AD and PD. We also demonstrate that the 

dysregulation of androgen metabolism by three different independent mechanisms is a source 

of heterogeneity in AD and PD. Taken together, our work highlights the need for stratification 

of AD/PD patients and development of personalised and precision medicine approaches based 

on the detailed characterisation of these subclasses. 
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Abbreviations 

AD, Alzheimer’s disease; DEG, differentially expressed gene; FANTOM5, Functional 

Annotation of the Mammalian Genome 5; FBA, flux balance analysis; GEM, genome-scale 

metabolic model; GO, Gene Ontology; GSE, gene set enrichment; GTEx, Genotype-Tissue 

Expression; HuRI, Human Reference Protein Interactome; HPA, Human Protein Atlas; NDD, 

neurodegenerative disease; PD, Parkinson’s disease; ROSMAP, Religious Orders Study and 

Rush Memory Aging Project 

Introduction 

Neurodegenerative diseases (NDDs), including Alzheimer's (AD) and Parkinson's 

diseases (PD), cause years of a healthy life to be lost. Much previous AD and PD research has 

focused on the causative neurotoxicity agents, namely amyloid β and α-synuclein, respectively. 

The current front-line therapies for AD and PD are cholinesterase inhibition and dopamine 

repletion, respectively, which are considered gold standards. Unfortunately, these therapies are 

not capable of reversing neurodegeneration (Liberini et al., 1996; Wijemanne and Jankovic, 

2015), thus necessitating potentially lifelong dependence on the drug and risking drug-

associated complications. Moreover, AD and PD are complex diseases with heterogeneous 

underlying molecular mechanisms involved in their progression (Greenland et al., 2019; Long 

and Holtzman, 2019). This variability can explain the differences in patient response to other 

treatments such as oestrogen replacement therapy (Baum, 2005; Meoni et al., 2020) and statin 

treatment (Shepardson et al., 2011; Jeong et al., 2019). Hence, we observed that there are 

distinct disease classes affecting specific cellular processes. Therefore, there is a need for the 

development of personalised treatment regimens. 

In this study, we propose a holistic view of the mechanisms underlying the 

development of NDDs rather than focusing on amyloid β and α-synuclein (Lam et al., 2020). 

To date, complex diseases including liver disorders and certain cancers have been well studied 

through the use of metabolic modelling. This enabled the integration of multiple omics data for 

stratification of patients, discovery of diagnostic markers, identification of drug targets, and 

proposing of personalised or class-specific treatment strategies (Mardinoglu et al., 2018; Altay 

et al., 2019; Joshi et al., 2020; Lam et al., 2021). A similar approach may be applied for AD and 

PD since there is already a wealth of data from AD and PD patients from postmortem brain 

tissues and blood transcriptomics. 
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AD and PD share multiple clinical and pathological similarities, including 

comorbidities (Stampfer, 2006; De La Monte and Wands, 2008), inverse associations with 

cancer (Bajaj et al., 2010; Driver et al., 2012), and ageing as a risk factor (Hindle, 2010; 

Sengoku, 2020). One type of ageing is telomeric ageing, which is associated with the loss of 

telomeres, protein/nucleic acid structures that protect chromosome ends from degradation 

(Chakravarti et al., 2021). The enzyme telomerase is necessary for the maintenance of 

telomeres. In adults, telomerase activity is mostly limited to progenitor tissues such as in the 

ovaries, testes, and bone marrow. Loss of telomerase activity leads to telomere shortening, loss 

of sequences due to end-replication, and eventual degradation of sequences within coding 

regions, leading to telomeric ageing. Considering NDDs as a product of ageing, we can use an 

ageing model organism to study its effects on the brain. In our study, we used zebrafish (Danio 

rerio) as model organism since it has been used extensively used to study vertebrate ageing 

(Carneiro et al., 2016). For example, a zebrafish ageing model can harbour a nonsense mutation 

in the tert gene, which encodes the catalytic subunit of telomerase, and exhibit faster-than-

normal ageing (Anchelin et al., 2013; Henriques et al., 2013). 

In our study, we first analysed postmortem brain gene expression data and protein-

protein interaction data from the Genotype-Tissue Expression (GTEx) database (GTEx 

Consortium, 2013), Functional Annotation of the Mammalian Genome 5 (FANTOM5) 

database (Forrest et al., 2014; Lizio et al., 2015, 2019; Marbach et al., 2016), Human Reference 

Protein Interactome (HuRI) database (Luck et al., 2019) and Human Protein Atlas (HPA) 

[http://www.proteinatlas.org, accessed 2021-03-09] (Uhlén et al., 2015) for characterization of 

normal brain tissue  (Figure 1A). Secondly, we analysed transcriptomic data from the Religious 

Orders Study and Rush Memory Aging Project (ROSMAP) (Myers et al., 2007; Webster et al., 

2009; Mostafavi et al., 2018) with published expression data from anterior cingulate cortices 

and dorsolateral prefrontal cortices of PD and Lewy body dementia patients, hereafter referred 

to as the Rajkumar dataset (Rajkumar et al., 2020), and from putamina, substantiae nigrae, and 

prefrontal cortices from patients with PD, hereafter referred to as the Zhang/Zheng dataset 

(Zhang et al., 2005; Zheng et al., 2010). On these data, we conducted differential gene 

expression and functional analysis, and then constructed biological networks to further explore 

coordinated patterns of gene expression. Next, we performed global metabolic analyses using 

genome-scale metabolic modelling. Alongside these analyses, we also leveraged zebrafish tert 

mutants to test the hypothesis that the identified changes may be associated with an ageing 

mechanism. Finally, based on our integrative systems analysis, we define three distinct disease 

subclasses within AD and PD and identified retinoids as a common feature of all three 
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subclasses and likely to be perturbed through ageing. We reveal subclass-specific perturbations 

at three separate processes in the androgen biosynthesis and metabolism pathway, namely 

oestradiol metabolism, cholesterol biosynthesis, and testosterone metabolism. 

Results 

Stratification of patients reveals three distinct disease classes 

We retrieved gene expression and protein-protein interaction data from GTEx, 

FANTOM5, HuRI, HPA, and ROSMAP databases and integrated these data with the published 

datasets by Rajkumar and Zhang/Zheng. After performing quality control and normalisation 

(Materials and Methods), a total of 629 AD samples, 54 PD samples, and 889 control samples 

were included in the analysis (Table 1). To reveal transcriptomic differences between AD/PD 

samples compared to healthy controls, we identified differentially expressed genes (DEGs) and 

performed gene set enrichment (GSE) analyses. However, since AD and PD are complex 

diseases with no single cure, it is likely that multiple gene expression profiling exist, manifesting 

in numerous disease classes requiring distinct treatment strategies. We therefore used 

unsupervised clustering to elucidate these expression profiles and stratify the AD and PD 

patients based on the underlying molecular mechanisms involved in the disease occurrence. 

Following unsupervised clustering with ConsensusClusterPlus (Wilkerson and Hayes, 

2010), AD and PD samples separated into three clusters (Figure 1B, Supplementary figure 

1). Clusters 1 and 2 contained samples from Zhang/Zheng and Rajkumar datasets, respectively, 

in addition to samples in the ROSMAP dataset. Cluster 3 contained only ROSMAP samples. 

Clusters did not form firmly along lines of sex, age, or brain tissues or brain subregion 

(Supplementary figure 2). Samples from non-diseased individuals were artificially added as a 

fourth, control cluster. 

By differential expression analysis using DESeq2 (Love et al., 2014), we then 

characterised the distinct transcriptomic profiles within our disease clusters (Figure 2A). 

Cluster 1 showed mixed up- and downregulation of genes compared to control, whereas cluster 

2 showed more downregulation and cluster 3 showed vast downregulation of genes compared 

to control. 

To infer the functional differences between the subclasses, we performed GSE 

analysis using piano (Väremo et al., 2013) (Figure 2B, Supplementary data 1). Globally, 

DEGs in any cluster 1-3 were enriched in upregulated Gene Ontology (GO) terms for immune 
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response, olfaction, retinoid function, and apoptosis, but downregulated for copper ion transport 

and telomere organisation, compared to the control cluster. Considering individual clusters, 

cluster 1 DEGs were enriched in upregulated GO terms associated with immune signalling, cell 

signalling, and visual perception. We also found downregulation of GO terms associated with 

olfactory signalling and cytoskeleton. DEGs in cluster 2 were found to be enriched in 

downregulated GO terms associated with the cytoskeleton, organ development, cell 

differentiation, retinoid metabolism and response, DNA damage repair, inflammatory response, 

telomere maintenance, unfolded protein response, and acetylcholine biosynthesis and binding. 

On the other hand, we did not find any significantly enriched upregulated GO terms. In cluster 

3, we found that DEGs were enriched in upregulated GO terms associated with neuron function, 

olfaction, cell motility, and immune system. DEGs in cluster 3 were found to be enriched in 

downregulated GO terms associated with DNA damage response, ageing, and retinoid 

metabolism and response.  

The difference in expression profiles illustrate highly heterogeneous transcriptomics 

in AD and PD and that there are notable commonalities and differences between the subclasses 

of AD or PD samples. Interestingly, we found retinoid metabolism or function to be a common 

altered GO term in all subclasses. This was upregulated in cluster 1 but downregulated in 

clusters 2 and 3. We therefore observed that retinoid dysregulation appears to be a common 

ageing-related hallmark of NDD. 

Metabolic analysis reveals retinoids and sex hormones as significantly dysregulated in 

AD and PD 

Based on clustering and GSE analysis, we identified distinct expression profiles but 

these alone could not offer insights into metabolic activities of brain in AD and PD. To 

determine metabolic changes in the clusters compared to controls, we performed constraint-

based genome-scale metabolic modelling. We reconstructed a brain-specific genome-scale 

metabolic model (GEM) based on the well-studied HMR2.0 (Mardinoglu et al., 2013) reference 

GEM by overlaying transcriptomic data from each cluster and applying brain-specific 

constraints as described previously (Baloni et al., 2020) using the tINIT algorithm (Agren et al., 

2012, 2014) within the RAVEN Toolbox 2.0 (Wang et al., 2018). We generated a brain-specific 

GEM (iBrain2845) (Supplementary file 1) and used it as the reference GEM for reconstruction 

of cluster-specific GEMs in turn. We constructed the resulting context-specific iADPD series 
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GEMs iADPD1, iADPD2, iADPD3, and iADPDControl, corresponding to cluster 1, cluster 2, 

cluster 3, and the control cluster, respectively (Supplementary file 2). 

We conducted flux balance analysis (FBA) by defining maximisation of ATP 

synthesis as the objective function. iADPD1 and iADPD2 both showed upregulation of fluxes 

in reactions involved in cholesterol biosynthesis and downregulation in O-glycan metabolism, 

with reaction flux changes being more pronounced in iADPD2 than in iADPD1 (Table 2, 

Supplementary data 2). We found that the fluxes in iADPD1 were uniquely upregulated in 

oestrogen metabolism and the Kandustch-Russell pathway. iADPD2 was uniquely upregulated 

in cholesterol metabolism, whereas iADPD3 uniquely displayed roughly equal parts 

upregulation and downregulation in several pathways, including aminoacyl-tRNA 

biosynthesis, androgen metabolism, arginine and proline metabolism, cholesterol biosynthesis, 

galactose metabolism, glycine, serine, and threonine metabolism, and N-glycan metabolism. 

In particular, we observed increased positive fluxes through reactions HMR_2055 and 

HMR_2059 in iADPD1, which convert oestrone to 2-hydroxyoestrone and then to 2-

methoxyoestrone (Figure 3). In iADPDControl, these reactions carried zero flux. In iADPD2, 

we observed increased positive fluxes through HMR_1457 and HMR_1533, which produce 

geranyl pyrophosphate and lathosterol, respectively. Both of these molecules are precursors to 

cholesterol, and while we did not see a proportionate increase in the production of other 

molecules along the pathway (namely, farnesyl pyrophosphate and squalene), we did observe 

a general increase in fluxes through the androgen biosynthesis and metabolism pathway. 

Finally, we observed that iADPD3 displayed a decreased production of testosterone from 4-

androstene-3,17-dione via HMR_1974 despite an increase in production of 4-androstene-3,17-

dione via HMR_1971.  

Taken together, the obtained results indicate the existence of three distinct metabolic 

dysregulation profiles in AD and PD, with dysregulation being most pronounced in cluster 2 

patients and least pronounced in cluster 3 patients. Furthermore, we found that all three feature 

dysregulations in or associated with sex hormone biosynthesis and metabolism, which might 

explain the heterogeneity in responses to sex hormone replacement therapy in AD and PD 

patients as extensively reported previously (Baum, 2005; Wahjoepramono et al., 2016; Resnick 

et al., 2017; Rajsombath et al., 2019). We also confirmed that dysregulations through sex 

hormone pathways in the iADPD series GEMs were not due to differences in relative 

frequencies between sexes in the main clusters 1-3 (Fisher’s exact test, p = 0.4700). 
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In addition to metabolic inference and FBA, we performed reporter metabolite 

analysis (Patil and Nielsen, 2005) by overlaying DEG analysis results onto the reference GEM 

to identify hotspots of metabolism (Table 3, Supplementary data 3). In short, we uniquely 

identified oestrone as a reporter metabolite in cluster 1, and lipids such as acylglycerol and 

dolichol in cluster 2. No notable reporter metabolites were identified as significantly changed 

in cluster 3 only. In common to all clusters 1-3, retinoids and sex hormones such as androsterone 

and pregnanediol were identified as significantly changed reporter metabolites, which are 

generally in line with GSE and FBA results. 

Network analysis supports retinoid and androgen dysregulation and suggests 

transcriptomic similarity between AD and PD 

To further explore the gene expression patterns shown across AD and PD patients, we 

took expression data and constructed a weighted gene co-expression network for both groups 

(Spearman r > 0.9, FDR < 10-9, Materials and Methods). Each network was compared against 

equivalent randomly-generated networks as null models. After quality control, the AD network 

contained 4861 nodes (genes) and ~397,000 edges (significant correlations), and the PD 

network contained 5857 nodes and ~394,000 edges (Figure 4A, Figure 4B, Table 4). A 

community analysis to identify modules of highly co-expressed genes (Traag et al., 2019) 

highlighted nine and fifteen communities with significant functional enrichment in AD and PD 

respectively. 

In the AD network, gene module C3 was enriched for genes involved with neuron and 

synapse development, similar to patient cluster 3, C4 for genes involved with mRNA splicing, 

similar to patient cluster 2, and C5 for genes involved with the mitochondrial electron transport 

chain (Figure 4C, Supplementary data 4). C1 and C2 were the gene modules with the largest 

number of genes. C1 was enriched for gene expression quality control genes and development 

and morphogenesis genes, mirroring patient cluster 2, whereas C2 contained cytoskeleton-

related genes, similar to patient cluster 1. 

In the PD network, C1 was enriched for genes involved with retinoid metabolism, 

glucuronidation, and cytokine signalling. Since androgens are major targets of glucuronidation 

(Grosse et al., 2013), these results are in line with our main findings. Further, C2 contained 

DNA damage response and gene regulation genes, similar to patient cluster 2, C3 contained 

nuclear protein regulation genes, and C4 contained mRNA splicing genes, again similar to 

patient cluster 2. 
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Further, the two networks share a large number of enriched terms in common, and 

there is high similarity between the major gene modules, highlighting the similarity between 

AD and PD. In addition to this, enrichment analysis for KEGG terms alone was unable to assign 

“Alzheimer disease” and “Parkinson disease” to the correct gene modules from the respective 

networks, indicating functional similarity between the two diseases, and additional neurological 

disease terms such as “Huntington disease” and “Amyotrophic lateral sclerosis” were also 

identified by the analysis, further suggesting the transcriptomic similarity between neurological 

diseases. We found that AD C1 and PD C2 were frequently annotated with these disease terms, 

and these gene modules are also highly similar. Therefore, this gene module could constitute a 

core set of dysregulated genes in neurodegeneration. 

Taken together, the network analysis supports our GSE findings. The functional 

consequences of differential expression in the patient clusters could be explained by differential 

modulation of gene modules identified in our network analysis together with dysregulation of 

a core set of genes implicated in both AD and PD. 

Zebrafish transcriptomic and metabolic investigations suggest an association between 

brain ageing and retinoid dysregulation 

To further validate our findings regarding the differences between clusters of human 

AD and PD samples, we analysed transcriptomic data from tert mutant zebrafish and 

reconstructed tissue-specific GEMs (Figure 5A). To ascertain that these effects of ageing were 

limited to the brain, we analysed the brain, liver, muscle, and skin of zebrafish as well as the 

whole animal. 

We first repeated DEG and GSE analyses in the tert mutants using brain 

transcriptomic data. We found significant enrichment of GO terms associated with retinoid 

metabolism as well as eye development and light sensing, in which retinoids act as signalling 

molecules (Blomhoff and Blomhoff, 2006) (Figure 5B, Supplementary figure 3, 

Supplementary data 5). To further support our findings, we then reconstructed mutant- and 

genotype-specific GEMs by overlaying zebrafish tert mutant transcriptomic data onto a 

modified generic ZebraGEM2 GEM (Van Steijn et al., 2019). We designated the modified 

GEM ZebraGEM2.1 (Supplementary file 3) and used it as the reference GEM. We also 

generated zebrafish organ-specific GEMs and provide them to the interested reader 

(Supplementary file 4). 
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We then repeated reporter metabolite analysis using the transcriptomic data from 

zebrafish tissue-specific GEMs and found that retinoids were identified as significant reporter 

metabolites in tert+/- zebrafish (p = 0.045) but not in tert-/-, where evidence was marginal (p = 

0.084) (Figure 5C, Table 5, Supplementary data 6). We also observed this result in the skin 

of tert-/- mutants, where evidence was significant (p = 0.017). This result can be explained due 

to the susceptibility of skin as an organ to photoageing, for which topical application of retinol 

is a widely-used treatment (Riahi et al., 2016). However, we did not find evidence for significant 

changes in pregnanediol, and androsterone was significant only in the skin of tert-/- zebrafish (p 

= 0.017). This would suggest that either change in sex hormones are not ageing-related with 

regards AD and PD, or the changes were outside the scope of the zebrafish model that we used. 

Taken together, these results indicated that ageing can largely explain alterations in 

retinoid metabolism in the brain but not alterations in sex hormone metabolism. These results 

also suggested that ageing has a differential effect on different organs, implying that metabolic 

changes due to ageing in the brain are associated with neurological disorders. 

Discussion 

In this work, we integrated gene expression data across diverse sources into context-

specific GEMs and sought to identify and characterise disease subclasses of AD and PD. We 

used unsupervised clustering to identify AD/PD subclasses and employed DEG and GSE 

analysis to functionally characterise them. We used network exploration, constraint-based 

metabolic modelling, and reporter metabolite analysis to characterise flux and metabolic 

perturbations within basal metabolic functions and pathways. We then leveraged expression 

data from zebrafish ageing mutants to validate our findings that these perturbations might be 

explained by ageing. Our analysis concluded with the identification and characterisation of 

three AD/PD subclasses, each with distinct functional characteristics and metabolic profiles. 

All three subclasses showed depletion of retinoids by an ageing-related mechanism as a 

common characteristic. 

We believe that a combined analysis that integrates AD and PD data is necessary to 

elucidate common attributes between the two diseases. However, we realised that such an 

analysis will likely obscure AD- and PD-specific factors, such as amyloid β and α-synuclein, 

but should aid the discovery of any factors in common. Since AD and PD share numerous risk 

factors and comorbidities such as old age, diabetes, and cancer risk, we believe that an AD/PD 
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combined analysis can identify factors in common to both diseases and prove valuable for the 

identification of treatment strategies which might be effective in the treatment of both diseases. 

 GSE analysis highlighted significant changes related to retinoid function or visual 

system function, in which retinol and retinal act as signalling molecules (Blomhoff and 

Blomhoff, 2006), in all clusters (Figure 2, Supplementary data 1). Together with the 

identification of multiple retinol derivatives as significant reporter metabolites in iBrain2845 

(Table 3, Supplementary data 3), we hypothesised that retinoids are a commonly 

dysregulated class of molecules in both AD and PD, and that this may be due to an ageing 

mechanism. Indeed, in our investigation with zebrafish telomerase mutants, we again found 

alterations in retinoid and visual system function in GSE analysis (Figure 5B, Supplementary 

figure 3, Supplementary data 5) and reporter metabolite analysis (Figure 5C, Table 5, 

Supplementary data 6). 

Retinoids were identified as a reporter metabolite in all three clusters of patients in this 

study, and we believe that retinoid therapy is a potentially viable treatment for both AD and PD 

patients. Further, our zebrafish analysis highlighted the importance of retinoids in ageing of the 

brain and the skin (Figure 5C, Table 5, Supplementary data 6). Retinol, its derivatives, and 

its analogues are already used as topical anti-ageing therapies for aged skin (Riahi et al., 2016), 

and there is a growing body of evidence suggesting its efficacy for the treatment of AD (Shudo 

et al., 2009; Fukasawa et al., 2012; Das et al., 2019; Fitz et al., 2019). We add to the body of 

evidence with this in silico investigation involving zebrafish telomerase mutants, suggesting 

that the source of retinoid depletion in AD and PD is ageing-related. Interestingly, regarding 

our finding for skin ageing in zebrafish, lipid biomarkers have been proposed in a recent skin 

sebum metabolomics study in PD patients (Sinclair et al., 2021). This could be interpreted as 

co-ageing in brain and skin tissues, possibly allowing for cheap, non-invasive prognostic testing 

for PD. 

In addition to retinoids, we found evidence for subclass-specific dysregulation within 

the androgen metabolism pathway in each of the three clusters in FBA (Table 2, 

Supplementary data 2) and reporter metabolite analysis (Table 3, Supplementary data 3). 

We found that iADPD1 displayed increased oestrone conversion to the less potent (Martucci, 

1983) 2-methoxyoestrone, iADPD2 displayed increased production of the cholesterol precursor 

molecules geranyl pyrophosphate and lathosterol and increased androgen biosynthesis, and 

iADPD3 displayed decreased conversion of 4-androstene-3,17-dione to testosterone. However, 

there was no definitive evidence to suggest an ageing-related basis for these observations based 
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on our zebrafish study, but this may be due to the diverse functional roles that sex hormones 

have, limitations within the ZebraGEM2.1 model, or absence of an actual biological link 

between sex hormones and ageing of the brain. Despite this, given the widely reported 

variability in responses to sex hormone replacement therapy in AD and PD (Baum, 2005; 

Shepardson et al., 2011; Wahjoepramono et al., 2016; Resnick et al., 2017), we believe that this 

observation represents a possible explanation for the heterogeneity. Our observation regarding 

the dysregulation of the androgen pathway at three separate points suggests that dysregulation 

at other points might also be linked to AD and PD, thus implying that androgen metabolism 

dysregulation in general might be important for the development of AD and PD. Our finding 

via network community analysis of a gene module associated with glucuronidation activity 

points to a possible therapeutic strategy to combat androgen dysregulation. More work is 

needed to elucidate the importance of sex hormones and glucuronidation regarding AD and PD.  

Identification of subclasses is desirable to address the heterogeneity in disease with 

regards transcriptomic profile and treatment response, but patients must be stratified in order to 

be diagnosed with the correct disease subclass and therefore administer the appropriate 

treatment. To this end, we used GSE analysis to functionally characterise the AD/PD subclasses 

(Figure 2, Supplementary data 1). Cluster 2, which was associated with a decreased immune 

and stress response, appeared to be most severe disease subclass, whereas cluster 3, which was 

associated with an increased sensory perception of smell, reduced haemostasis, and reduced 

immune and DNA damage response, seemed to be the least severe. Meanwhile, cluster 1 was 

associated with an increased immune and inflammatory responses and reduced sensory 

perception of smell. The functional terms are supported by community analysis of our AD and 

PD gene co-expression networks, which identified gene modules that roughly align with the 

GSE results (Figure 4, Supplementary data 4). The proposed severity ratings are supported 

by FBA findings, which show iADPD2 as having the highest total flux dysregulation compared 

to control, and iADPD3 as having the least (Table 2, Supplementary data 2). Although we 

did not attempt to characterise for stratifying and diagnosing patients in our study, our findings 

clearly showed that such stratification is possible. Given the differing nature of the proposed 

therapeutic strategies that we outline above, stratification of patients into distinct disease 

subclasses is desirable. 

From a bioinformatic standpoint, we chose kallisto as our RNA-seq count quantifier 

and DESeq2 as our differential expression analysis method in favour over methods such as 

Bowtie, TopHat, and Cufflinks for quantifying reads and edgeR or limma-voom for differential 

expression. We chose kallisto due to the speed afforded in pseudoalignment as compared to 
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classical genome alignment of a large number of samples while maintaining accuracy. Kallisto 

was also used to generate normalised counts in TPMs, enabling integration with data sources 

from which we did not start with raw reads but with normalised counts, and enabling metabolic 

modelling analysis which requires TPMs. We chose DESeq2 as one of the most prevalent 

differential expression methods, but edgeR, which works on the same principle of assuming 

that most genes are not differentially expressed (Dillies et al, 2013), would be equally valid. 

Due to our custom normalisation strategy and manual setting of DESeq2 size factors to uniform, 

it is not anticipated that the choice of differential expression analysis method would adversely 

affect the overall conclusions. Finally, transcript-level analysis was not performed due to loss 

of analytical power and potential exaggeration when interpreting lowly expressed transcripts. 

In conclusion, we report three distinct subclasses of AD and PD. The first subclass 

was identified as being associated with increased immune response, inflammatory response, 

and reduced sensory perception of smell, according to GSE results. We observed that this 

subclass exhibited increased oestradiol turnover, according to FBA results. We therefore 

propose that subjects consistent with the first subclass may be treatable with combined retinoid 

and oestradiol therapy. The second subclass was linked with increased cholesterol biosynthesis 

and general increased flux through the androgen biosynthesis and metabolism pathway. This 

subclass was characterised by reduced immune response. We therefore suggest that subjects 

consistent with the second subclass be studied further with combined retinoid and statin therapy. 

The third subclass was characterised by enrichment of GO terms indicating increased sensory 

perception of smell, reduced haemostasis, and reduced immune and DNA damage response. 

This subclass also exhibited reduced testosterone biosynthesis from androstenedione, as 

determined by FBA. We therefore hypothesise that subjects consistent with the third subclass 

may benefit from combined retinoid and testosterone therapy. For all subclasses of AD and PD, 

more investigation is required to verify the effectiveness of these stratification methods and 

precision therapies. To our knowledge this is the first meta-analysis at this scale highlighting 

the potential significance of NDD therapy using retinoids, oestradiol, and testosterone by 

studying AD and PD in combination. We observed that the existence of disease subclasses 

demands precision or personalised medicine and explains the heterogeneity in NDD response 

to single-factor treatments. 
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Materials and methods 

Data acquisition and processing 

Gene expression values of protein-coding genes from the ROSMAP dataset were 

determined using kallisto (Bray et al., 2016) by aligning raw RNA sequencing reads to the 

Homo sapiens genome in Ensembl release 96 (Yates et al., 2020). Raw single-cell RNA 

sequencing reads from ROSMAP were converted to counts in Cell Ranger 4.0 (10X Genomics, 

https://support.10xgenomics.com/single-cell-gene-

expression/software/pipelines/latest/installation) and aligned to the Cell Ranger Homo sapiens 

reference transcriptome version 2020-A. Single-cell expression values were compiled into 

pseudo-bulk expression profiles for each sample. 

AD, PD, and control brain expression values of protein-coding genes from the 

ROSMAP dataset (Myers et al., 2007; Webster et al., 2009; Mostafavi et al., 2018), GTEx 

database version 8 (GTEx Consortium, 2013), FANTOM5 database (Forrest et al., 2014; Lizio 

et al., 2015, 2019) via Regulatory Circuits Network Compendium 1.0 (Marbach et al., 2016), 

HPA database (Uhlén et al., 2015), Rajkumar dataset (Rajkumar et al., 2020), and Zhang/Zheng 

dataset (Zhang et al., 2005; Zheng et al., 2010) were then combined. Genes from GTEx and 

FANTOM5 brain samples were filtered such that only genes whose products are known to 

participate in a protein-protein interaction described in the HuRI database (Luck et al., 2019) 

were included. Expression values were scaled and TMM normalised per sample, Pareto scaled 

per gene, and batch effects removed with the removeBatchEffects function from the limma 

(Ritchie et al., 2015) R package. After quality control and normalisation, a total of 64794 genes 

and 2055 samples resulted, of which 1572 samples corresponding to AD, PD, or control were 

accepted for analysis. 

Projections onto 2-D space by PCA, t-SNE (Van Der Maaten and Hinton, 2008), and 

UMAP (McInnes et al., 2018) methods were generated on data after missing value imputation 

with data diffusion (van Dijk et al., 2018). t-SNE projections were generated with perplexity 20 

and 1000 iterations. All other parameters were kept default. PCA and UMAP projections were 

generated using all default parameters. 

Transcriptome analysis 

Using normalised, imputed expression values, AD and PD samples were then arranged 

into clusters without supervision using ConsensusClusterPlus (Wilkerson and Hayes, 2010) 
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with maxK = 20 and rep = 1000. All other parameters were kept default. Clustering by k = 3 

clusters was selected for downstream analysis. A fourth cluster containing only control samples 

was artificially added to the analysis.  

For differential gene expression analysis, normalised, non-imputed counts were used. 

Genes were removed if expression values were missing in 40% or more of samples or were 

zero in all samples. Differential expression was then performed using DESeq2 (Love et al., 

2014) with uniform size factors and all other parameters set to default. Genes with a Benjamini-

Hochberg adjusted p-value at or below a cut-off of 1´10-10 were determined significantly 

differentially expressed genes. 

Gene set enrichment analysis was performed using piano (Väremo et al., 2013) using 

all default parameters. GO term lists were obtained from Ensembl Biomart 

[https://www.ensembl.org/biomart/martview, accessed 2021-03-09] and were used as gene set 

collections. Enrichment of GO terms was determined by analysing GO terms of genes 

differentially expressed genes detected by DESeq2 as well as the parents of those GO terms. 

GO terms with an adjusted p-value at or below 0.05 for distinct-directional and/or mixed-

directional methods were determined statistically significant. 

Metabolic analysis 

For each cluster, consensus gene expression values were determined by taking the 

geometric mean of normalised expression counts across all samples within each cluster.  

A reference GEM was created by modifying the gene associations of all reactions 

within the adipocyte-specific GEM iAdipocytes1850 (Mardinoglu et al., 2013) to match those 

within the generic human GEM HMR3 (Mardinoglu et al., 2014). The resulting GEM was 

designated iBrain2845. Cluster-specific GEMs were reconstructed using the RAVEN Toolbox 

2.0 (Wang et al., 2018) tINIT algorithm (Agren et al., 2012, 2014) with iBrain2845 as the 

reference GEM. 

FBA was conducted on each cluster-specific GEM using the solveLP function from 

the RAVEN Toolbox 2.0 with previously reported constraints (Baloni et al., 2020) and defining 

ATP synthesis (iBrain2845: HMR_6916) as the objective function. All constraints were applied 

with the exception of the following reaction IDs, which were excluded: EX_ac[e] (iBrain2845: 

HMR_9086) and EX_etoh[e] (iBrain2845: HMR_9099). 
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Reporter metabolite analysis was conducted using the reporterMetabolites function 

(Patil and Nielsen, 2005) from the RAVEN Toolbox 2.0, using iBrain2845 as the reference 

model. 

Network analysis 

To generate gene networks, normalised, non-imputed expression values from AD and 

PD samples were taken. Control samples and samples from blood were excluded. One network 

was generated each for AD and PD. For the AD model, all male samples were included and 

171 female samples were chosen at random and included in order to ensure equal representation 

of male and female samples. Samples without sex recorded were disregarded. For the PD 

model, all samples were included. Genes with any missing values were dropped. Genes with 

the 15% lowest expression or 15% lowest variance were disregarded from further analysis. 

Spearman correlations were calculated for each pair of genes and the top 1% of significant 

correlations were used to generate gene co-expression networks. Random Erdős-Rényi models 

were created for the AD and PD models with the same numbers of nodes and edges to act as 

null models, and compared against their respective networks in terms of centrality distributions. 

Community analyses were performed through the Leiden algorithm (Traag et al., 2019) by 

optimizing CPMVertexPartition, after a resolution scan of 10,000 points between 10-3 and 10. 

The scan showed global maxima at resolutions = 0.077526 and 0.089074 for AD and PD 

networks, which were used for optimization. Enrichment analysis was performed on modules 

with >30 nodes using enrichr (Chen et al., 2013; Kuleshov et al., 2016) using GO Biological 

Process, KEGG, and Online Mendelian Inheritance in Man libraries and was explored using 

Revigo (Supek et al., 2011). 

Zebrafish data acquisition and analysis 

The tert mutant zebrafish line (terthu3430) was obtained from Miguel Godhino Ferreira 
(Henriques et al., 2013). Fish maintenance, RNA isolation, processing, and sequencing were 
conducted as described previously (Aramillo Irizar et al., 2018).  

From n = 5 wildtype (tert+/+), n = 5 heterozygous mutant (tert+/-), and n = 3 
homozygous mutant (tert-/-), expression values were determined from RNA sequencing reads 
using kallisto by aligning to the Danio rerio genome in Ensembl release 96 (Yates et al., 2020). 
Expression values were generated for each extracted tissue as well as ‘psuedo–whole animal’, 
containing combined values across all tissues. 

A reference zebrafish GEM was manually curated by modifying the existing 
ZebraGEM2 model and was designated ZebraGEM2.1. 
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Differential expression analysis, gene set enrichment analysis, GEM reconstruction, 
FBA, and reporter metabolite analysis were conducted on tert-/- and tert+/- animals against a 
tert+/+ reference using DESeq2, piano, and RAVEN Toolbox 2.0 with default parameters. 
Reporter metabolite analysis was conducted with ZebraGEM2.1 as the reference GEM. 

FBA was attempted as described for the human GEMs with the exception that the 
following metabolic constraints were excluded: r1391, HMR_0482 (ZebraGEM2.1: G3PDm), 
EX_ile_L[e] (ZebraGEM2.1: EX_ile_e), EX_val_L[e] (ZebraGEM2.1: EX_val_e),  
EX_lys_L[e] (ZebraGEM2.1: EX_lys_e), EX_phe_L[e] (ZebraGEM2.1: EX_phe_e),  
GLCt1r, EX_thr_L[e] (ZebraGEM2.1: EX_thr_e),  EX_met_L[e] (ZebraGEM2.1: 
EX_met__L_e),  EX_arg_L[e] (ZebraGEM2.1: EX_arg_e), EX_his_L[e] (ZebraGEM2.1: 
EX_his__L_e),    EX_leu_L[e] (ZebraGEM2.1: EX_leu_e), and  EX_o2[e] (ZebraGEM2.1: 
EX_o2_e). The objective function was defined as ATP synthesis (ZebraGEM2.1: ATPS4m). 
FBA results for zebrafish are not presented. 
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Figure 1. Overview and exploratory data analysis. A) Workflow for the analysis of human 

AD and PD samples. B) AD and PD samples were clustered into k clusters without 

supervision on the basis of normalised expression counts. Results are shown k = 3 and 1000 

bootstrap replicates. Colour bars indicate cluster identity for each sample. For 2 ≤ k ≤ 7, refer 

to Supplementary figure 1. C) Normalised expression data from AD, PD, and control samples 

were projected onto 2-D space using t-distributed stochastic neighbour embedding (t-SNE). 

Points are coloured according to cluster assignment by unsupervised clustering. For further 

data visualisation, refer to Supplementary figure 2. 
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Figure 2. Transcriptomic and functional characterisation of AD and PD subclasses. 

Differentially expressed gene (DEG) analysis and gene set enrichment (GSE) analysis were 

performed for AD and PD and control samples for each disease cluster, using the control 

cluster as reference. A) DEG results. Significant DEGs were determined as those with a 

Benjamini-Hochberg adjusted p-value at or below a cut-off of 1´10-10. Upregulated 

significant DEGs are coloured red. Downregulated significant DEGs are coloured blue. Non-

significant DEGs are coloured grey. B) Selected significantly enriched GO terms by number 

of genes as determined by GSE analysis. Red bars indicate upregulated GO terms. Blue bars 

indicate downregulated GO terms. For full data, refer to Supplementary data 1. 
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Figure 3. Metabolic characterisation of AD and PD subclasses. Flux balance analysis 

(FBA) was performed on iADPD1-3 genome-scale metabolic models (GEMs) and flux values 

were compared with those of iADPDControl. Key metabolites and reactions within the 

androgen metabolism pathway are shown and key dysregulations are displayed as coloured 

arrows: red indicates increased flux compared to iADPDControl; blue indicates decreased 

flux compared to iADPDControl. Dysregulations associated to each GEM are shown in 

coloured boxes. The dashed line indicates multiple reactions are involved. Human Metabolic 

Reactions (HMR) identifiers are shown for androgen metabolism reactions with dysregulated 

fluxes. For full data, refer to Supplementary data 2. 
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Figure 4. Network analysis of AD and PD gene co-expression modules. A) Gene co-
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expression networks were constructed from transcriptomic data from AD and PD samples. 

Community analysis was used to identify gene modules (Methods). Modules with at least 30 

genes are shown as nodes. Node size indicates number of genes. Nodes are coloured by 

network of origin and numbered in descending order of module size. Shared genes between 

modules are shown as edges. Edge weight indicates number of shared genes. B) Degree 

distribution of AD, PD, and random networks. C) Enrichment analysis was performed on 

gene modules containing at least 30 genes using the KEGG database (Methods). Significantly 

enriched gene modules are shown as coloured, numbered blocks. Colour and number keys are 

as in (A). 
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Figure 5. Summary of zebrafish tert mutant analysis. A) Workflow for the analysis of 

zebrafish tert mutants. B) Differentially expressed gene (DEG) (left panels) and gene set 

enrichment (GSE) analysis (right panels) of zebrafish brain samples. DEG and GSE analyses 

were performed on zebrafish tert mutant brain expression data for tert-/- (upper panels) and 

tert+/- (lower panels), using tert+/+ as a reference. Methods and colour keys are as in Figure 2. 

For muscle, liver, skin, and pseudo–whole animal analyses, refer to Supplementary figure 3. 

For full data, refer to Supplementary data 5. C) Reporter metabolite analysis of zebrafish 

samples. DEG data were overlaid on ZebraGEM2.1 to determine reporter metabolites. Shown 

are reporter metabolites with p < 0.1 within the retinoic acid metabolic pathway. Red numbers 

indicate p-values in tert-/- compared to tert+/+. Blue numbers indicate p-values in tert+/- 

compared to tert+/+. Green numbers indicate p-values in tert-/- compared to tert+/-. Tissues are 
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indicated with icons. For full data, refer to Supplementary data 6. 
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Table 1. Summary of expression data sources. Expression data from AD and PD samples 

were obtained from the Genotype-Tissue Expression (GTEx) database, Functional Annotation 

of the Mammalian Genome 5 (FANTOM5) database, Human Protein Atlas (HPA), Religious 

Orders Study and Rush Memory Aging Project (ROSMAP), Rajkumar dataset, and 

Zhang/Zheng dataset. 

Source AD samples PD samples Control samples 

GTEx/FANTOM5 0 0 67 

HPA 0 0 52 

Rajkumar 0 14 13 

ROSMAP 629 0 704 

Zhang/Zheng 0 40 53 

Total 629 54 889 
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Table 2. Flux balance analysis of iADPD1, iADPD2, and iADPD3 versus iADPDControl. 

Flux balance analysis was performed for each iADPD-series GEM and the predicted fluxes 

for the three disease cluster GEMs were compared against the predicted fluxes for the control 

cluster GEM. Reactions are grouped by subsystem and flux difference values are expressed as 

mean flux difference between disease clusters and the control cluster across all changed 

reactions within a subsystem. For full results, refer to Supplementary data 2. 

 

Subsystem iADPD1 iADPD2 iADPD3 

Acyl-CoA hydrolysis -0.001 0.001 0.000 

Alanine, aspartate and glutamate metabolism -0.148 0.014 0.000 

Aminoacyl-tRNA biosynthesis 4.698 4.698 0.000 

Androgen metabolism -1.426 -0.399 -0.001 

Arachidonic acid metabolism -0.098 0.010 0.000 

Arginine and proline metabolism -0.182 -0.327 0.000 

Beta oxidation of branched-chain fatty acids 
(mitochondrial) -0.049 -0.049 -0.049 

Beta oxidation of di-unsaturated fatty acids (n-6) 
(mitochondrial) -0.636 0.002 -0.001 

Beta oxidation of odd-chain fatty acids 
(mitochondrial) 0.001 -0.002 -0.002 

Beta oxidation of poly-unsaturated fatty acids 
(mitochondrial) 0.709 0.024 0.000 

Beta oxidation of unsaturated fatty acids (n-7) 
(mitochondrial) -0.016 0.001 -0.003 

Beta oxidation of unsaturated fatty acids (n-9) 
(mitochondrial) 0.011 0.000 0.007 

Carnitine shuttle (cytosolic) 0.012 0.000 -0.001 

Carnitine shuttle (mitochondrial) 0.003 0.000 0.002 

Cholesterol biosynthesis 1 (Bloch pathway)  0.076 -0.983 0.001 

Cholesterol biosynthesis 2 2.501 4.472 0.000 

Cholesterol biosynthesis 3 (Kandustch-Russell 
pathway) 1.699 0.000 0.000 
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Cholesterol metabolism 0.067 4.482 0.000 

Estrogen metabolism 2.085 0.000 0.000 

Fatty acid activation (endoplasmic reticular) 0.000 0.000 0.000 

Fatty acid biosynthesis (even-chain) 0.000 0.000 0.000 

Fatty acid desaturation (even-chain) 0.785 0.000 0.000 

Fatty acid elongation (odd-chain) -0.042 -0.024 0.000 

Formation and hydrolysis of cholesterol esters -0.382 0.004 0.000 

Fructose and mannose metabolism -0.211 -0.007 0.000 

Galactose metabolism -0.008 0.035 0.000 

Glycine, serine and threonine metabolism 0.276 0.557 0.000 

Glycolysis / Gluconeogenesis -0.213 0.022 0.033 

Histidine metabolism 0.000 0.000 0.000 

Leukotriene metabolism -0.032 0.000 0.000 

Lysine metabolism 0.000 0.000 0.000 

N-glycan metabolism -0.784 0.016 0.000 

Nitrogen metabolism 0.000 0.000 0.000 

Nucleotide metabolism 0.027 -0.028 0.000 

O-glycan metabolism -2.346 -4.738 0.000 

Pentose phosphate pathway 0.127 0.000 0.000 

Propanoate metabolism -0.116 0.020 0.091 

Protein degradation 0.000 0.000 0.000 

Purine metabolism 0.112 -0.013 0.000 

Pyrimidine metabolism -0.071 -0.010 -0.001 

Pyruvate metabolism -0.183 -0.004 -0.077 

Starch and sucrose metabolism 0.000 0.000 0.000 

Steroid metabolism -0.097 -0.295 0.003 

Terpenoid backbone biosynthesis 0.398 0.187 0.020 

Valine, leucine and isoleucine degradation 0.127 0.000 0.000 
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Table 3. Reporter metabolite analysis of AD and PD subclasses. Reporter metabolite 

analysis was performed for each AD/PD subclass by overlaying differential expression results 

onto iBrain2845. Top 10 unique reporter metabolites by p-value for each cluster compared to 

the control cluster are shown. For full results, refer to Supplementary data 3.  

 

Reporter metabolite Z-score p-value 

Cluster 1 

O2 6.111 4.95E-10 

estrone 5.4557 2.44E-08 

retinoate 5.3943 3.44E-08 

NADP+ 5.3667 4.01E-08 

arachidonate 5.2822 6.38E-08 

2-hydroxyestradiol-17beta 5.0999 1.70E-07 

linoleate 5.0622 2.07E-07 

10-HETE 5.0454 2.26E-07 

11,12,15-THETA 5.0454 2.26E-07 

11,14,15-theta 5.0454 2.26E-07 

Cluster 2 

1-acylglycerol-3P-LD-PC pool 4.3322 7.38E-06 

acyl-CoA-LD-PI pool 4.143 1.71E-05 

phosphatidate-CL pool 4.0973 2.09E-05 

thymidine 3.5852 0.00016843 

uridine 3.5852 0.00016843 

prostaglandin D2 3.2144 0.00065348 

G10596 3.1354 0.0008581 

G10597 3.1354 0.0008581 

D-myo-inositol-1,4,5-trisphosphate 2.9988 0.0013552 

dolichyl-phosphate 2.9655 0.001511 

Cluster 3 
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D-myo-inositol-1,4,5-trisphosphate 2.6543 0.0039734 

13-cis-retinal 2.6537 0.0039806 

heparan sulfate, precursor 9 2.5915 0.0047772 

sn-glycerol-3-phosphate 2.578 0.0049682 

DHAP 2.5353 0.0056173 

porphobilinogen 2.4987 0.0062333 

ATP 2.4838 0.0064998 

L-glutamate 5-semialdehyde 2.4576 0.006994 

prostaglandin D2 2.451 0.0071221 

ribose 2.4133 0.0079045 
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Table 4. AD and PD network properties. Gene co-expression networks were generated for 

AD and PD samples. AD, PD, and random networks are shown. 

 

Nodes Edges Diameter 

Average 

path 

length 

Density 
Clustering 

coefficient 

Connected 

network? 

Minimum 

cut 

AD 4861 396985 11 3.004 0.034 0.443 No - 

PD 5857 394405 18 3.598 0.023 0.397 No - 

Random 

AD 
4861 396985 3 1.970 0.034 0.034 Yes 114 

Random 

PD 
5857 394405 3 2.021 0.023 0.023 Yes 89 
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Table 5. Reporter metabolite analysis of zebrafish tert mutants. Reporter metabolite 

analysis was performed for the brains of zebrafish tert mutant by overlaying differential 

expression results onto ZebraGEM2.1. Top 20 unique reporter metabolites by p-value for 

each cluster compared to wildtype tert+/+ zebrafish are shown. For full results, refer to 

Supplementary data 6. 

Reporter metabolite Z-score p-value 

tert-/- 

H+ 3.911 4.60E-05 

H2O 3.0672 0.0010804 

L-Lysine 2.8564 0.0021424 

Biocyt c 2.8564 0.0021424 

Ubiquinone 2.5742 0.0050241 

Nicotinamide adenine dinucleotide - reduced 2.3946 0.0083183 

Phosphate 2.0562 0.019883 

Superoxide anion 2.0365 0.020851 

Sodium 1.9228 0.027254 

TRNA (Glu) 1.8752 0.030381 

Thiosulfate 1.7684 0.038493 

Selenate 1.7684 0.038493 

Reduced glutathione 1.7184 0.042862 

ADP 1.6716 0.047305 

L-Lysine 1.6625 0.04821 

Benzo[a]pyrene-4,5-oxide 1.6042 0.054333 

Formaldehyde 1.5955 0.055302 

L-Glutamate 1.4622 0.071837 

(1R,2S)-Naphthalene epoxide 1.4518 0.073276 

Aflatoxin B1 exo-8,9-epozide 1.4518 0.073276 

tert+/- 

H+ 4.9585 3.55E-07 
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Ubiquinol 3.9938 3.25E-05 

H2O 3.2078 0.00066883 

Nicotinamide adenine dinucleotide - reduced 3.029 0.0012268 

Superoxide anion 2.0908 0.018274 

L-Lactate 2.0752 0.018983 

O2 1.9958 0.022976 

Lnlncgcoa c 1.9628 0.024834 

Succinate 1.9449 0.025895 

Ferricytochrome c 1.8352 0.033237 

Phosphatidylinositol-3,4,5-trisphosphate 1.7494 0.040109 

9-cis-Retinoic acid 1.7 0.044567 

[(Gal)2 (GlcNAc)4 (LFuc)1 (Man)3 (Asn)1'] 1.6672 0.047739 

O-Phospho-L-serine 1.6601 0.048451 

[(Glc)3 (GlcNAc)2 (Man)9 (Asn)1'] 1.6276 0.051802 

Protein serine 1.6078 0.053937 

[(GlcNAc)1 (Ser/Thr)1'] 1.6078 0.053937 

Geranyl diphosphate 1.5912 0.055785 

CTP 1.5625 0.059088 

[(Gal)2 (GlcNAc)4 (LFuc)1 (Man)3 (Neu5Ac)2 
(Asn)1'] 1.5367 0.062179 
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Supplementary figures and legends 
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Supplementary figure 1. Unsupervised clustering of AD and PD samples. AD and PD 

samples were clustered into k clusters without supervision on the basis of normalised 

expression counts. Clustering was performed with 2 ≤ k ≤ 20. Consensus matrices for 2 ≤ k ≤ 

7 are shown. Parameters and colour keys are as in Figure 1b. 
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Supplementary figure 2. Visualisation of AD and PD samples. Expression data from AD 

and PD and control samples were integrated, normalised, and projected onto 2-D space using 

principal component analysis (PCA), t-distributed stochastic neighbour embedding (t-SNE), 

and uniform manifold approximation and projection (UMAP). Points are coloured according 

to A) organ of sample origin, B) brain subregion of sample origin, C) brain tissue of sample 

origin, D) dataset, E) sex, F) age, or G) cluster assignment by unsupervised clustering. Points 

with no data available are shown in grey. 
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Supplementary figure 3. Transcriptomic and functional characterisation of zebrafish 

tert mutants. Differentially expressed gene (DEG) and gene set enrichment (GSE) analyses 

were performed on zebrafish tert mutant expression data for tert-/- and tert+/-, using tert+/+ as a 

reference. Methods and colour keys are as in Figure 2. A) DEG analyses. B) GSE analyses. 

Left panels, tert-/- vs tert+/+. Right panels, tert+/- vs tert+/+. Panels top to bottom: pseudo–

whole animal, liver, muscle, skin. For the brain, refer to Figure 5. For full results, refer to 

Supplementary data 5. 
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Paper II: Combined metabolic activators improve 

cognitive functions without altering motor scores in 

Parkinson’s disease 
The provided article below is adapted from the author’s original version of the 

manuscript. 
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ABSTRACT 

The neuropathologic hallmarks of Parkinson’s disease (PD) are associated with 

mitochondrial dysfunction and metabolic abnormalities. We have reported that 

combined metabolic activators (CMA) L-serine, nicotinamide riboside, N-acetyl-L-

cysteine, and L-carnitine tartrate can be used in treating metabolic abnormalities. These 

metabolic activators are the precursors of nicotinamide adenine dinucleotide (NAD+) and 

glutathione (GSH) and are used in activation of mitochondrial and global metabolism. 

We previously performed a placebo-controlled, phase-2 study in Alzheimer’s disease 

(AD) patients and reported that cognitive functions in AD patients was significantly 

improved 29% in the CMA group whereas it was improved only 14% in the placebo 

group after 84 days. Here, we designed a randomized, double-blinded, placebo-

controlled, phase-2 study in PD patients with CMA administration. We found that the 

cognitive functions in PD patients was significantly improved 21% in the CMA group, 

whereas it was improved only 11% in the placebo group after 84 days of CMA 

administration. We also found that the administration of CMA did not affect motor 

functions in PD patients. We performed a comprehensive multi-omics analysis of 

plasma proteins and metabolites, and revealed the molecular mechanism associated with 

the treatment of the patients. In conclusion, our results show that treating PD patients 

with CMAs leads to enhanced cognitive function, as recently reported in AD patients. 
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INTRODUCTION 
Parkinson’s disease (PD) is characterized by selective degeneration of dopaminergic 

neurons in the substantia nigra and the presence of fibrillar aggregates, which manifest 

in motor and non-motor features1. The prevalence of PD has surpassed that of 

Alzheimer’s disease (AD) and many other neurodegenerative diseases2,3. Although most 

PD studies continue to focus on motor endpoints, PD is also being recognized for its 

complex range of non-motor symptoms4, including cognitive impairment, which exist 

even in the prodromal stages of the disease. Indeed, growing data indicate that metabolic 

disorders associated with bioenergy failure of nerve cells might increase the risk of 

developing PD and lead to a higher degree of cognitive impairment and dementia5. 

Moreover, there is considerable evidence for the association between impaired glucose 

metabolism and PD6–8, consistent with a predilection to cortical anaerobic glycolysis in 

patients with PD7,9. Growing evidence shows clinical benefits of metabolic treatments in 

patients with PD (e.g. reduced risk of PD in patients with diabetes using 

antidiabetics)10,11, including some improvement in cognitive decline associated with 

PD4. 

To date, PD treatments are supportive and only provide symptom control; hence, there 

are still no curative treatments for PD that either inhibit or reverse the 

neurodegeneration. There is a need for new therapeutic agents exploiting newly defined 

mechanisms, such as brain energy metabolism in PD, to overcome these translational 

failures. As reported in many neurodegenerative diseases, several lines of evidence have 

implicated bioenergy deficiency as a critical element in the pathogenesis of PD12. This is 

closely associated with mitochondrial failure and increased oxidative stress that 

eventually leads to neurodegeneration13,14. Relatedly, reduction of mitochondrial 

activity and downregulation of target genes involved in mitochondrial biogenesis has 

already been reported in patients with PD15. Furthermore, numerous reports have 

highlighted specific defects in mitochondrial, electron transport system genes, and 

protein components16. Previous multi-omics studies in humans have shown reduced 

chaperone proteins17 and dysregulated genes associated with mitochondrial energy 

metabolism such as complex I–IV, ATP synthase, and cytochrome C oxidase in PD18,19. 

Additionally, a very recent study evaluating the transcriptomic and proteomic levels of 

patients with PD suggested that PD should be considered as a disturbance of complex 

biologic systems20. 
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We hypothesized that PD patients could be treated with combined metabolic cofactor 

activators (CMA) consisting of L-carnitine tartrate (to facilitate mitochondrial fatty acid 

uptake from the cytosol), nicotinamide riboside (the NAD+ precursor to promote 

neuronal mitochondrial β-oxidation and facilitate fatty acid transfer through the 

mitochondrial membrane), and the potent glutathione precursors L-serine and N-acetyl-

l-cysteine (to relieve oxidative stress)21–23. We further hypothesized that 

supplementation with these metabolic cofactors would activate mitochondria and 

improve global metabolism in the brain. In animal toxicology studies and a human 

calibration study for CMA, we found that metabolic cofactors were well tolerated and 

increased the plasma levels of cofactors and their associated metabolites24. Additionally, 

supplementation with CMA effectively increased fatty acid oxidation and de novo 

glutathione generation, as judged using metabolomic and proteomic profiling21. In this 

placebo-controlled phase 2 study, we tested our hypotheses and the efficacy and safety 

of CMA in patients with PD. 

RESULTS 

CMA Improves Cognition and Blood Parameters in PD Patients 

In the double-blind, randomized, placebo-controlled phase-2 study, we screened 65 PD 

patients and recruited 48 patients. We included patients older than 40 years with mild-to-

moderate PD according to Hoehn Yahr scale 2 to 4. Of the 48 AD patients, 32 were 

randomly assigned to the CMA group and 16 to the placebo group (Figure 1A, Dataset 

S1). Five patients dropped out of the study before Day 84 visit during the COVID-19 

lockdown. On days 0, 28 and 84, we assessed the clinical variables and analyzed the 

differences between day 0 and day 28 and between day 0 and day 84 in the CMA and 

placebo groups (Dataset S2). 

The mean age of the participants was 69.7 years (41–84 years), and 83.3% were men 

(Dataset S1). With regards to safety, no severe adverse events occurred, and five patients 

in the CMA group reported mild adverse events. All patients agreed to complete the 

study. The safety profile of CMA in these patients was consistent with the results of our 

previous one-day calibration study24 and clinical trials23,25, including only a single 

component of CMA. Our present study showed that CMA was safe and well-tolerated in 

patients with PD. 
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We measured clinical variables in all patients and analyzed the differences before and 

after CMA administration in the active and placebo groups (Figure 1B and 1C, Dataset 

S1 and S2). We observed that the mean Montreal Cognitive Assessment (MoCA) scores 

were significantly higher in the CMA group both on Day 28 vs Day 0 

(log2FoldChange(FC)=0.17, (13% improvement), p=0.001, higher score indicates better 

cognitive function) and on Day 84 vs Day 0 (log2FC=0.27, (21% improvement), p= 

0.0001). We also observed significant increased on MoCA scores in the placebo group 

on Day 28 vs Day 0 (log2FC=0.16, (12% improvement), p=0.001) and on Day 84 vs day 

0 (log2FC=0.15, (11% improvement), p=0.04) due to the recommendations of exercise 

and Mediterranean diet to all PD patients in the trial. Notably, the degree of increase of 

MoCA was much higher on Day 84 vs Day 0 in the CMA group than in the placebo 

group, suggesting the PD patients benefitted from CMA treatment after 84 days of 

treatment. 

However, between the CMA and placebo arms of the study, there was no significant 

difference in the mean change in MoCA as a result of CMA. The mean change in MoCA 

among participants receiving CMA was an increase of 3.1 points, whereas the mean 

change in the placebo arm was 1.7 points. The mean benefit afforded by CMA was 1.3 

points (p = 0.20, two-tailed t-test). The trial therefore did not reach its primary endpoint 

and the CMA and placebo arms were considered separately henceforth. 

We also analyzed the differences of clinical parameters by stratifying the patients into 

high- and low-scoring MoCA groups (≥ 15 MoCA score is high, <15 is low). 

Interestingly, we observed a significant improvement only in the low-scoring patients in 

the CMA group both on Day 28 (log2FC=0.25, (19% improvement), p=0.003) and Day 

84 (log2FC=0.32, (25% improvement), p=0.003), but no significance (p>0.05) was 

found in the low-scoring placebo group (Figure 1B and 1C, Dataset S2). On the other 

hand, MoCA scores were significantly different in high-scoring patients in the CMA 

(log2FC=0.22, (17% improvement), p=0.015) and placebo (log2FC=0.13, (9% 

improvement), p=0.04) groups Day 84 vs Day 0. These results suggest that both 

moderate patients (low-scoring patients) and mild patients (high-scoring patients) have a 

better response to CMA administration at Day 84 vs Day 0 compared to placebo. 

Analysis of secondary outcome variables on Day 84 vs Day 0 showed that serum 

aspartate aminotransferase (AST) (log2FC= −0.23, p=0.03), total bilirubin (log2FC= 

−0.27, p=0.008) and triglycerides (log2FC= −0.17, p=0.04) levels were significantly 
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lower in the CMA group (Figure 1B, Dataset S2). We also found significantly increased 

high-density lipoprotein (HDL) (log2FC= −0.07, p=0.04) only in the CMA group 

(Figure 1B, Dataset S2). In summary, we observed that the level of AST, total bilirubin, 

HDL and triglycerides were significantly improved due to the administration of CMA in 

PD patients, consistent with the previously performed NAFLD phase 2 clinical trial with 

CMA26. 

We also measured the level of complete blood count parameters and found that their 

levels were significantly changed in the CMA group (Figure 1B, Dataset S2). We found 

that the levels of white blood cells (log2FC= −0.14, p=0.01) as well as the absolute 

number of basophils (log2FC= −0.25, p=0.04) were significantly lower in the CMA 

group on Day 84 vs Day 0. Of note, a decrease in the inflammatory parameters was also 

significant in the MoCA low-scoring patients on Day 84 (Figure 1B, Dataset S2). 

Response to CMA Is Affected By Patients’ Clinical Profile 

Variability in treatment response and clinical profiles among patients with PD is well 

documented27. As expected, we also observed this variability in our cohort. To harness 

this heterogeneity, we hypothesized that there exists some subset of patients, defined by 

clinical parameters, who would respond to CMA better than other patients. 

We first determined whether alanine transferase (ALT), a marker for liver health status, 

could predict response to CMA. In order to do this, we stratified patients receiving CMA 

or placebo into high- and low ALT groups and recorded MoCA with visit time (Figure 

2A). We found that only the low ALT group exhibited increased MoCA score, but only 

when given CMA. No other group showed improvement to the same or better 

significance. 

We then conducted the same stratification for each of the other clinical measures to 

determine other conditions in which CMA treatment leads to the best response (Figure 

2B). In addition to the aforementioned low ALT, we found that low ALP, high AST, 

low GGT, low HCT, low glucose, low HbA1c, low uric acid, low eosinophil count, and 

low MoCA could indicate better response to CMA. This would indicate that CMA might 

work better in patients with underlying blood and glucose conditions. 

CMA Increases the Plasma Levels of Metabolites Associated with Metabolic Activators 
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We first analyzed the plasma levels of serine, carnitine, NR, and cysteine and found that 

administration of the CMA increased the plasma levels of serine, carnitine and 

nicotinamide proportionally on Day 84 vs Day 0 in the CMA group (Figure 3A, Dataset 

S3 & S4). In detail, the plasma levels of nicotinamide, nicotinurate, 1-

methylnicotinamide, and N1-methyl-2-pyridone-5-carboxamide (associated with NR and 

NAD+ metabolism); of serine, glycine and betaine (associated with serine and glycine 

metabolism); and of deoxycarnitine and carnitine (associated with carnitine metabolism) 

were significantly higher in the CMA group on Day 84. 

Effect of CMA on Global Metabolism 

We identified those plasma metabolites that were significantly (adj.p<0.05) different on 

Day 84 vs Day 0. We found that the plasma levels of 75 metabolites were significantly 

different in the CMA group (Figure 3, Dataset S4). Evaluation of plasma metabolites 

that differed significantly on Day 84 vs Day 0 in each group showed that the majority of 

metabolites related to amino acid (n=37) or lipid metabolism (n=16) and other metabolic 

pathways (n=22) were altered in the CMA group compared to the placebo group (Figure 

3, Dataset S4). 

Creatine is one of the most prevalent central nervous system (CNS) metabolites, and 

reduced levels have been associated with brain tissue injury28. Prior research has also 

shown that creatine is a central metabolite to maintain energy metabolism in brain29,30. 

In our study, we observed that plasma levels of creatine significantly increased on Day 

84 vs Day 0 in the CMA group (Figure 3B, Dataset S4). Also upregulated on Day 84 vs 

Day 0 in the CMA group (Figure 3B, Dataset S4) was the metabolite glycine, which has 

been extensively investigated for its positive impact on cognitive performance31,32. 

Elevated plasma homocysteine levels are known found to be associated with PD33 and 

several in-vivo studies previously suggested the beneficial results of a low methionine 

diet on neurodegenerative diseases33. In our clinical trial, plasma levels of S-

adenosylhomocysteine as well as 2,3-dihydroxy-5-methylthio-4-pentenoate and N-acetyl 

taurine were significantly decreased on Day 84 vs Day 0 in the CMA group (Figure 3B, 

Dataset S4). 

Higher plasma concentrations of kynurenine pathway metabolites were related to CNS 

disorders34. In our study, we found that kynurenate, indolepropionate, 8-methoxy 

kynurenate and tryptophan betaine were significantly decreased on Day 84 vs Day 0 in 
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the CMA group (Figure 3B, Dataset S4). Kynurenate is the product of tryptophan 

metabolism and is well known for its oxidative stress inducing effects by generating 

superoxide radicals and leading to cytochrome C depletion. According to the previous 

studies, high levels of kynurenine cause cell death in natural killer cells and decrease 

blood pressure in the systemic inflammatory response through reactive oxygen 

species35,36. 

Accumulating evidence suggest an association between kidney and brain disorders, but 

the causal relationship between renal function and cognitive impairment remains to be 

established37. Recent studies showed that plasma levels of N,N,N-trimethyl-5-

aminovalerate involved in lysine metabolism is an indicator of elevated urinary albumin 

excretion38. Here, we found that the plasma level of N,N,N-trimethyl-5-aminovalerate 

was significantly decreased on Day 84 vs Day 0 in the CMA group (Figure 3B, Dataset 

S4). 

Moreover, the plasma level of creatinine was also significantly decreased on Day 84 vs 

Day 0 in the CMA group (Figure 3B, Dataset S4). Additionally, our analysis revealed 

reduced levels of several metabolites related to histidine metabolism in the CMA group 

on Day 84 vs Day 0. Among those N-acetyl-1-methylhistidine is related to decreased 

renal function. 

Also, we found that plasma levels of metabolites related to the urea cycle (3-amino-2-

piperidone, pro-hydroxy-pro, trimethyl-alanylproline betaine and homoarginine) were 

significantly lower in the CMA group on Day 84 vs Day 0 (Figure 3B, Dataset S4). 

Lipids are central players in the pathogenesis of neurodegenerative diseases, including 

PD. Sphingolipids and cholesterol are not only structural components of plasma 

membranes but are also recognised as important components of brain function39. In our 

study, plasma levels of a considerable number of metabolites associated with carnitine 

and fatty acid metabolism were significantly elevated on Day 84 vs Day 0 in the CMA 

group (Figure 3C, Dataset S4). Of note, plasma levels of pregnenolone steroids and 

dihydroxy fatty acids were significantly decreased on Day 84 vs Day 0 (Figure 3C, 

Dataset S4). 

Our additional analysis showed significantly upregulated carnitine metabolites, and 

significantly decreased plasma bilirubin metabolites, such as biliverdin (Figure 3D, 

Dataset S4). It has been shown to exert neuroprotective and procognitive effects in 
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animal studies; this is especially appropriate given the altered levels found in our study. 

Carnitine, and NAD+ metabolites were shown to be involved in restoring the 

mitochondrial function, oxidative status and synaptogenesis40; while, in contrast, 

increased bilirubin and related metabolites led to neurotoxic effects in many PD models. 

Despite its concentration-dependent dual antioxidant role41, studies on bilirubin in 

patients with PD have found increased levels of bilirubin42–44, possibly linked with the 

increased oxidative stress enzyme activity in patients with PD44. In support of this, there 

is evidence of increased hemoxygenase activity of dopaminergic cells after oxidative 

stress45,46, an enzyme responsible for the production of biliverdin47. 

Effect of CMA on Plasma Proteins 

Plasma levels of 1466 protein markers were measured with the plasma proteome 

profiling platform Proximity Extension Assay quantifying the plasma level of target 

proteins. After quality control and exclusion of proteins with missing values in more 

than 50% of samples, 1463 proteins were analyzed (Dataset S5&S6). Proteins whose 

levels differed significantly between the visits in the CMA and placebo groups are listed 

in Dataset S6. 

We analyzed the effect of CMA on plasma protein profile and found that the levels of 20 

proteins were significantly (p <0.01) changed in the CMA group on Day 84 vs Day 0. 

Thirteen of these proteins were significantly decreased, whereas seven of these proteins 

were significantly increased on Day 84 vs Day 0. Among these proteins, we found that 

the plasma levels of OSM, MMP9, RASSF2, GSTP1, GZMH, FEN1, NCF2, MNDA, 

AK1, AZU1, AARSD1 and RAPGAP1L were significantly downregulated. The plasma 

levels of KLB, GPA33, SLC39A14, IL17RB, LRIG1, ALPP, and SERPINB5 were 

significantly upregulated only in the CMA group (Figure 4A & Dataset S6). We 

observed that IL1B, CXCL6, TPT1, PIK3AP, ARHGAP1, CXCL11, PPME1, AKT1S1 

and RILP were significantly (p<0.01) downregulated and KLB upregulated in the 

placebo group (Figure 4A, Dataset S6). Several experimental studies suggest that the 

altered proteins found in our study are involved in inflammation, membrane transport, 

DNA repair, membrane trafficking, synaptogenesis, oxidative injury, and protein 

aggregation. For instance, ALPP and LRIG1 are well-known molecules for their 

antioxidant and neurotrophic properties among the increased proteins. Similarly, 

SLC39A14 functions as a pivotal manganese transporter in vertebrates48 and its 
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deficiency is associated with rapidly progressive childhood-onset parkinsonism–

dystonia due to excessive accumulation of manganese in the brain. Also, GPA33, a 

protein strictly limited to the intestine and responsible for intestinal integrity with 

unknown central functions49, was found to be increased, which might suggest the role of 

a gut-brain axis component in neurodegenerative disorders. 

Similar relevant alterations were also observed for decreased protein levels. For 

instance, AK1, and ATP regulator protein, has been defined in postmortem PD brains as 

upregulated, indicating energy dysregulation in PD50, which is especially relevant 

considering the increasing evidence of a strong link between protein aggregation, 

inflammation and energy deficiency in PD. We consistently found significantly reduced 

levels of MMP9, RASSF2, GSTP1, GNZMH, NCF-2, AARSD1, MNDA, OSM, and 

FEN1 which are proteins involved in neuroinflammation, apoptosis, oxidative stress, 

central and even peripheral immunologic responses. 

Other notable observations include the down-regulated levels of OSM, MNDA, AZU1 

and MMP9, which are well known neuroinflammatory markers, proven in several PD 

models. Similar beneficial alterations have also been observed for some other proteins 

such as RABGAP1L and single tRNA synthetase editing domain, involved directly or 

indirectly in misfolded protein aggregation. It should be noted that we observed changes 

in some other molecules that are also consistent with human data, showing either a 

significant improving effect on the neurodegenerative process of being involved in the 

pathogenetic process. For instance, AZU1 and MMP-9, both important cascades of a 

multifunctional neuroinflammatory process and blood-brain barrier breakdown, as 

mentioned above, were elevated in individuals with PD51. Also, dysregulated levels of 

RABGAP1L, involved in cellular membrane trafficking, and GSTP1, a well-known 

molecule with attenuating functions on oxidative and endoplasmic reticulum stress52,53, 

have been found in human dopaminergic neurons and the synaptosomal fraction of 

patients with PD54. In addition, LRIG1, was increased in the present study, and was 

recently shown to be located in the soma and extends out into the apical dendrites of 

hippocampal pyramidal neurons, controlling brain-derived neurotrophic factor 

signalling55, which is a neuroprotective and pro-cognitive molecule. 

Integrative Multi-Omics Analysis 
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The integrations of multi-omics data have been previously shown to be beneficial in 

understanding diseases56. We generated a PD-specific network based on multi-omics 

(metabolomics and proteomics) data, complemented by clinical chemistry and 

anthropometrics data, generated in this study. The main goal of the network analysis was 

to elucidate the functional relationships between analytes within and between different 

omics and data types. The network was generated using the same pipeline as 

iNetModels57, an interactive multi-omics network database and visualization tool, where 

we deposited the full network from this study. The generated network has ∼2 million 

edges from 2295 nodes (40% network density, Dataset S7). 

To understand the CMA and MoCA interactions, we extracted a subnetwork of those 

analytes and their top neighbours (Figure 4B). From the subnetwork, we observed that 

MoCA was associated with the plasma levels of serine, trimethylamine N-oxide 

(phospholipid), deoxycarnitine, creatine, and several nicotinate and nicotinamide 

metabolites (1-methylnicotinamide, nicotinurate, nicotinate ribonucleoside, and N1-

methyl-2-pyridone-5-carboxamide). MoCA was also associated with the plasma levels 

of several proteins, including MMP9 and OSM, highlighted in the previous section. The 

same metabolites and proteins were shown to be positively correlated to the CMA. 

We also performed a centrality analysis to identify the critical nodes in the network. The 

top 10 most central metabolites were dominated by xenobiotics metabolites, including 

those associated with neurological and psychoactive drugs (lamotrigine, O-

desmethylvenlafaxine, venlafaxine, and diazepam). We also observe a nicotinamide-

related metabolite (Adenosine diphosphate (ADP)-ribose) in that list. Meanwhile, the 

top 10 proteins included nervous system-related protein (NPY), a regulator of the TGF-

beta pathway (ITGB6), and a T-cell activation regulator (PRKAR1A). These results 

showed that integrative multi-omics network analysis may elucidate the functional 

relationships between analytes, support the results from single omics data and add new 

insights by enabling the discovery of key analytes from the network. 

Common Effect of CMA on Plasma Metabolites and Proteins in AD And PD Patients 

We validated our findings in an independent AD cohort (n=60) who received the same 

protocol of CMA therapy and showed a significant improvement in cognitive 

functions25. Comparison of metabolomics data in the treated groups of both AD and PD 

cohorts than their placebo on Day 84 vs Day 0 revealed that the plasma levels of 60 
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metabolites were significantly altered in the same direction (Figure 5, Dataset S8). 

These changes were in amino acid (n=30), lipid metabolism (n=14) and other metabolic 

pathways (n=16) (Figure 5, Dataset S8). 

Primarly, the plasma levels of CMA constituents and byproducts were increased in the 

CMA groups of both cohorts (Figure 5A, Dataset S8). Additionally, hypotaurine and 

trimethylamine N-oxide were also significantly increased in both CMA groups (Figure 

5A, Dataset S8). On the other hand, plasma levels of numerous amino acids in key 

pathways (i.e glutamate, glutathione, histidine and tryptophan metabolism and urea 

cycle) were significantly decreased in the both CMA groups (Figure 5A, Dataset S8). 

Also, creatinine, betaine, N,N,N-trimethyl-5-aminovalerate and phenol sulfate plasma 

levels were significantly downregulated in CMA groups than placebo (Figure 

5A Dataset S8). Furthermore, plasma levels of metabolites associated with fatty acids, 

choline and pregnenolone steroids were significantly decreased in the CMA groups of 

both cohorts (Figure 5B, Dataset S8). Interestingly, plasma levels of 2-O-

methylascorbic acid and metabolites in purine metabolism were also significantly 

decreased in the both CMA groups (Figure 5C, Dataset S8). 

We also compared the plasma proteomic profile between two cohorts and found that a 

significant increse in the plasma level of KLB and a significant decrease in the plasma 

level of OSM in both on Day 84 vs Day 0 in the CMA groups (Dataset S8). Our results 

collectively indicated that CMA improved cognitive functions in different patients 

groups by similar alterations on plasma profiles. 
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DISCUSSION 

In our study, we observed that CMA treatment significantly improved cognitive function 

in patients with PD based on MoCA scores. We found that the cognitive functions in PD 

patients was improved 21% in the CMA group, whereas it was improved only 11% in 

the placebo group after 84 days of CMA administration. Our findings were in agreement 

with the results of our recently performed AD clinical phase 2 study, where we 

administed CMA to 60 AD patients using the same protocol 25. In the AD study, we 

assessed the cognitive functions with AD Assessment Scale-cognitive subscale (ADAS-

Cog) score and found that the ADAS-Cog scores were improved 29% in the CMA group 

whereas they were improved only 14% in the placebo group after 84 days of CMA 

administration. The 11-14% improvement in the placebo group in both PD and AD 

clinical trials can be explained with the recommendations of exercise and Mediterranean 

diet to all participated patients. 

In evaluating the metabolomic parameters, we found that levels of plasma nicotinamide, 

carnitine, cysteine, and serine were significantly elevated. Considering the role of these 

metabolites in the pathogenesis of PD, it was not surprising to see such beneficial 

alterations after CMA treatment. For instance, NAD+ has been shown to restore 

bioenergy imbalance in animal PD models and patients with PD, offering significant 

alleviation of motor symptoms correlated with the increase of L-dopa availability58,59. 

A similar situation also applies to other metabolites such as serine, cysteine, and 

carnitine. 

Beyond their critical role in mitochondrial energy deficiency confirmed by many PD 

models, there are a growing number of studies suggesting that these metabolites are also 

involved in patients with PD. For instance, among many metabolites, plasma serine and 

carnitine levels have been shown to have the strongest inverse correlation with PD 

severity60. These clinical data accorded well with their beneficial role in oxidative 

injury61 (increasing the synthesis of glutathione) and impaired mitochondrial 

bioenergetics in PD62. Also, a downregulation of carnitine and its metabolites has been 

shown in patients with PD63. As for NAD+, recent human data suggest that it is also 

linked to improved behavioural and motor symptoms in patients with PD64, possibly 

mediated by the glutamatergic role of serine65 when applied either separately or in 

combination. 
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Several animal and human studies provided strong evidence for countering some of the 

effects of disturbed carnitine metabolism with acetyl-L-carnitine66,67. Here, it is worth 

mentioning that acetyl-L-carnitine treatment seems to induce both cerebral energy 

metabolism and cholinergic neurotransmission68, which may have also led to improved 

cognition in our patients with PD. These findings suggest that in addition to increased 

carnitine levels, decreased choline metabolites may also have mediated the pro-cognitive 

effect of our treatment. Thus, our finding of improved lipid metabolites is of critical 

significance, as altered lipid metabolism and cognitive dysfunction are both known to 

occur during the neurodegenerative process. 

Similar beneficial alterations were also observed in dihydroxybutyrate (DHBA) levels. 

Our finding of decreased DHBA levels might indicate the restoration of alternative 

energy production pathways, such as the GABA shunt69, activated during the cellular 

energy composition, as in AD69 and PD70. Confirming this, in our recent AD study, we 

found similarly decreased post-therapeutic levels of DHBA25, suggesting an energy 

deficiency seen in both neurodegenerative diseases, but also the pro-energy role of 

CMA. Beyond their role in energy mechanisms, lipids are involved in many critical 

intracellular signaling and transporting processes, as the main component of cellular 

membranes, which make them a strong candidate for cognition, even in healthy 

individuals71. However, under neurodegenerative conditions characterized by disturbed 

lipid metabolism, their behavior shifts to become more pro-inflammatory and oxidative, 

rather than regulatory, and contributes significantly to the acceleration of the 

neurodegenerative process, as in PD72. An example is the link between lipid 

dysregulation and alpha-synuclein aggregation, leading to dopaminergic neuronal death 

in PD72. 

Our analysis also revealed decreased purine metabolism in the CMA group. Plasma 

levels of hypoxanthine and adenosine were significantly reduced in the CMA group, 

consistent with a recent clinical study showing increased hypoxanthine levels in PD73. 

Furthermore, our findings of decreased peripheral levels of hypoxanthine could also be 

interpreted as increased CNS bioavailability of hypoxanthine considering its high blood-

brain barrier penetrance and adenosine triphosphate (ATP)-enhancing role under energy 

crisis conditions. 

Considering that creatine is an essential part of mitochondrial therapy for many 

neurodegenerative diseases74 and exerts significant neuroprotection in several in-vitro 
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and in-vivo PD studies75, our findings of increased creatine levels were not surprising to 

us. Consistently, creatine supplementation improves cognition not only in healthy 

individuals75, but also in PD patients with cognitive impairment when combined with 

another mitochondrial energetic molecule, coenzyme q1076. Also, its combination with 

minocycline significantly is known to reduce PD progression in early stages77. 

Human data have shown that creatine exerted its pro-cognitive effect through increasing 

the brain oxygen utilization78 fitting well with its pro-energetic role. We also have 

found decreased creatinine levels, compatible with recent PD clinical data showing an 

inverse correlation between uric acid/creatinine ratios and PD progression79. Similarly, 

increased serum creatinine was related to incident dementia and cognitive impairment80. 

Moreover, we found that the plasma level of 3-amino-2-piperidone associated with urea, 

especially in ornithine metabolism, was significantly decreased after CMA. Although it 

remains unclear how decreased urea metabolism is associated with our treatment effect, 

several studies have indicated that urea pathways might be perturbed in PD81–83, 

indicating increased ornithine levels in PD. This is consistent with the detrimental role 

of high urea on learning84. 

We found decreased levels of homostachydrine, categorized under the xenobiotics class, 

which are generally not endogenously synthesized but can be produced by the gut 

microbiome85. Although no biological role has been defined for homostachydrine, a 

recent study reported that it was involved in the increased inflammatory process in an 

experimental autoimmune encephalomyelitis model in mice86. This observation agrees 

well with the identified decreased levels of homostachydrine after CMA treatment. 

It is worth mentioning here that hypotaurine metabolism plays a vital role in fighting 

against neurodegeneration through the production of secondary bile acids, which exert a 

significant neuroprotective effect87. A recent study identified increased hypotaurine 

metabolism as a compensatory neuroprotective pathway in a mouse model with alpha-

synuclein88. Also, N-stearyl serine, a lipoamino acid, with many pleiotropic signalling 

functions89, was recently shown to be positively associated with cognition in patients 

with AD, especially those with good adherence to a Mediterranean diet90. Thus, 

stearoyl-CoA desaturase, a rate-limiting enzyme in the biosynthesis of monounsaturated 

fatty acids, has been suggested as a new player mediating lipid metabolism with 

synuclein aggregation90. 
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It is difficult to explain why we observed only an improvement in cognitive scores but 

no improvement in Unified Parkinson Disease Rating Scale (UPDRS) motor scores; 

despite a robust cognitive response, we observed no significant alteration in motor 

scores (Dataset S2). This is, however, in line with previous studies showing that energy 

metabolic supplementations failed to show a clear benefit in PD91, suggesting that 

disturbed energy metabolism cannot be easily reversed in already dead circuits. Early 

stages of PD are likely to be responsive to such metabolic approaches. For instance, 

besides some critical differences in affected regions between patients with PD-with and 

without cognitive impairment91,92-the metabolic expression of both clinical patterns 

also increases at different rates. PD studies have suggested that cognitive expression has 

a slower metabolic deterioration rate than the pure motor pattern93, which would 

indicate probable later neurodegeneration, and explain the selective therapeutic response 

observed in our study. 

Also, our improved MoCA scores, along with increased post-therapeutic alterations in 

lipid metabolites, fits well with recent metabolomics PD studies showing an inverse 

correlation between lipid metabolites and MoCA scores94, suggesting the role of lipid 

metabolite alterations is a key parameter in discriminating PD with cognitive 

impairment from regular PD patients. 

A few limitations of the study need to be considered. First, we evaluated the treatment 

effect using only omics-based methods and clinical evaluation without neuroimaging. 

Thus, a clinical trial combined with neuroimaging methods to delineate the effects of 

CMA on functional and structural brain alterations would be informative. Second, the 

link between systemic and CNS alterations and their relations to the central protein 

aggregations defined as critical in PD has not been evaluated. 

Further, when comparing outcomes between the two arms of the study as required by 

CONSORT guidelines, the mean benefit of 1.3 MoCA points afforded by CMA did not 

reach statistical significance. The trial did not meet its primary endpoint. The trial 

conformed to all other CONSORT guidelines and the overall trend of MoCA 

improvement, although not statistically significant, could be reconciled in our omics 

studies. 

To date, there is no curative medical treatment for cognitive impairment in PD; 

therapeutic options are limited to cholinesterase inhibitors95, which may be transient to 
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replace the impaired cholinergic transmission96. Also, it is still under debate whether 

dopamine replacement medications have cognitive side effects97 while improving motor 

symptoms in cognitively impaired PD patients. To that end, there is still no available 

drug able to revert PD cognitive deficits, and, unfortunately, current treatment 

approaches available for motor impairment are not devoid of cognitive side effects. 

Considering all of these findings, it is crucial to better delineate the neuropathology 

underlying cognitive symptoms through clinical and preclinical studies. In conclusion, 

CMA significantly improved cognition and serum markers of PD after 84 days. These 

findings suggest that targeting multiple pathways using CMA is a potentially effective 

therapeutic strategy for PD as previously shown in AD. 
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MATERIAL AND METHODS 

Trial Design and Oversight 

Patients for this randomized, double-blinded, placebo-controlled, phase-2 study were 

recruited at the Faculty of Medicine, Alanya Alaaddin Keykubat University, Antalya, 

Turkey and Faculty of Medicine, Istanbul Medipol University, Istanbul, Turkey. Written 

informed consent was obtained from all participants before the initiation of any trial-

related procedures. An independent external data-monitoring committee oversaw the 

safety of the participants and the risk-benefit analysis. The trial was conducted in 

accordance with Good Clinical Practice guidelines and the principles of the Declaration 

of Helsinki. The study was approved by the ethics committee of Istanbul Medipol 

University, Istanbul, Turkey, and retrospectively registered 

at https://clinicaltrials.gov/ with Clinical Trial ID: NCT04044131. 

Participants 

Patients were enrolled in the trial if they were over 40 years of age with mild to 

moderate PD according to Hoehn Yahr scale 2 to 4. Patients who had a history of stroke, 

severe brain trauma, toxic drug exposure were excluded. Also, patients who indicate to 

Parkinson-Plus syndrome (i.e., pyramidal, cerebellar and autonomic dysfunction 

findings and gaze paralysis) in the neurological examination were omitted. The 

inclusion, exclusion, and randomization criteria are described in detail in the 

Supplementary Appendix. 

Randomization, Interventions, and Follow-up 

Patients were randomly assigned to receive CMA or placebo (2:1). Patient information 

(patient number, date of birth, initials) was entered into the web-based randomization 

system, and the randomization codes were entered into the electronic case report form. 

All clinical staff were blinded to treatment, as were the participants. 

Treatment started on the day of diagnosis. Both placebo and CMA were provided in 

powdered form in identical plastic bottles containing a single dose to be dissolved in 

water and taken orally one dose in the morning after breakfast and one dose in the 

evening after dinner. Each dosage of CMA dose contained a 3.73 g L-carnitine tartrate, 

2.55 g N-acetylcysteine, 1 g nicotinamide riboside chloride, and 12.35 g serine. All 
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patients returned for a follow-up visit on Day 84. Further information is provided in the 

Supplementary Appendix. 

Outcomes 

The primary endpoint in the original protocol was to assess the clinical efficacy of CMA 

in PD patients. For the primary purpose, the clinical differences in cognition of subjects 

receiving twelve-week treatment either with metabolic cofactors supplementation or 

placebo were determined. The primary analysis was on the difference in cognitive and 

motor function scores between the placebo and the treatment arms. The motor, cognitive 

and behavioural functions of PD patients were evaluated via Unified Parkinson Disease 

Rating Scale (UPDRS), The Montreal Cognitive Assessment (MoCA) and 

Neuropsychiatric Inventory (NPI), respectively. The secondary aim of this study was to 

evaluate the safety and tolerability of CMA. All protocol amendments were authorized 

and approved by the sponsor, the institutional review board or independent ethics 

committee, and the pertinent regulatory authorities. 

The number and characteristics of adverse events, serious adverse events, and treatment 

discontinuation due to CMA were reported from the beginning of the study to the end of 

the follow-up period as key safety endpoints. The changes in vital signs, baseline values, 

and the status of treatment were recorded on day 0 and 84. A complete list of the 

endpoints is provided in the Supplementary Appendix. 

Proteomics Analysis 

Plasma levels of proteins were determined with the Olink panel (Olink Bioscience, 

Uppsala, Sweden). Briefly, each sample was incubated with DNA-labeled antibody pairs 

(proximity probes). When an antibody pair binds to its corresponding antigens, the 

corresponding DNA tails form an amplicon by proximity extension, which can be 

quantified by high-throughput, real-time PCR. Probe solution (3 μl) was mixed with 1 μl 

of sample and incubated overnight at 4°C. Then 96 μl of extension solution containing 

extension enzyme and PCR reagents for the pre-amplification step was added. The 

extension products were mixed with detection reagents and primers and loaded on the 

chip for qPCR analysis with the BioMark HD System (Fluidigm Corporation, South San 

Francisco, CA). To minimize inter- and intrarun variation, the data were normalized to 

both an internal control and an interplate control. Normalized data were expressed in 

arbitrary units (Normalized Protein eXpression, NPX) on a log2 scale and linearized 
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with the formula 2NPX. A high NPX indicates a high protein concentration. The limit of 

detection, determined for each of the assays, was defined as three standard deviations 

above the negative control (background). 

Untargeted Metabolomics Analysis 

Plasma samples were collected on Days 0 and 84 for nontargeted metabolite profiling by 

Metabolon (Durham, NC). The samples were prepared with an automated system 

(MicroLab STAR, Hamilton Company, Reno, NV). For quality control purposes, a 

recovery standard was added before the first step of the extraction. To remove protein 

and dissociated small molecules bound to protein or trapped in the precipitated protein 

matrix, and to recover chemically diverse metabolites, proteins were precipitated with 

methanol under vigorous shaking for 2 min (Glen Mills GenoGrinder 2000) and 

centrifuged. The resulting extract was divided into four fractions: one each for analysis 

by ultraperformance liquid chromatography– tandem mass spectroscopy (UPLC-

MS/MS) with positive ion-mode electrospray ionization, UPLC-MS/MS with negative 

ion-mode electrospray ionization, and gas chromatography– mass spectrometry; one 

fraction was reserved as a backup. 

Statistical Analysis 

Paired t-tests were used to identify the differences in clinical parameters between time 

points, and one-way ANOVA was used to find the shifts between CMA and placebo 

groups at each time point. We removed the metabolite profiles with more than 50% 

missing values across all samples to analyse plasma metabolomics. Metabolite changes 

between time points were analyzed by paired t-test. One-way ANOVA analyzed 

metabolite changes between CMA and placebo groups. Missing values were removed in 

pairwise comparison. The p-values were adjusted by Benjamini & Hochberg method. 

Metabolites with a false-discovery rate of 5% were considered statistically significant. 

We removed the protein profiles with more than 50% missing values across all samples 

to analyse plasma proteomics. A paired t-test was used to identify the changes between 

time points, and one-way ANOVA was used to determine the changes between different 

groups. p<0.01 was considered statistically significant. 

For the identification of clinical variables that inform response to CMA, low-scored and 

high-scored patient groups were established for each clinical variable on the basis of the 

median score at day 0. Patients scoring equal to or less than the median score were 
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assigned “low”; patients scoring greater than the median score were assigned “high”. 

Statistical significance in the difference between MoCA score distributions over visit 

number was tested between visits using paired t-tests. Clinical variables were deemed 

informative to predict the response to CMA if exactly one group, low or high, showed 

more statistically significant changes in MoCA in the CMA group than in the placebo 

group. 

Generation of Multi-Omics Network 

A Multi-omics network was generated based on the Spearman correlations, and the 

significant associations (adj.p < 0.05) are presented. The analyses were performed with 

the SciPy package in Python 3.7. Centrality analysis on the network was performed 

using iGraph Python. 
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FIGURES 

Figure 1. CMA Improves MoCA scores and clinical parameters. A) Study design for 

testing the effects of CMA in PD patients. B) Differences in MoCA scores in the CMA 

and placebo groups on Days 0, 28 and 84 are presented. Additionally, MoCA scores 
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were analyzed by stratifying the patients into high- and low-scored MoCA groups (≥ 15 

MoCA score is high, <15 is low). C) Heatmaps shows log2FC based alterations of the 

clinical variables compared to the CMA administration in both drug and placebo groups. 

Asterisks indicate statistical significance based on Student’s t-test. p-value <0.05. 

Log2FC: log2(fold change) 
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Figure 2. Identification of clinical measures informative for response to CMA. A) Distribution 

of MoCA scores over visit number for patients with ALT ≤ 14 at visit 1 (upper panel), and 

patients with ALT > 14 at visit 1 (lower panel). B) Between-visit changes to MoCA by 

clinical variable grouping. Only those groupings resulting in a more significant change to 

MoCA in CMA compared to placebo and with a p-value of 0.05 or better are shown. Colour 

scale indicates log2FC of MoCA between visits. Statistical significance between visits was 

determined by a paired t-test. *, p<0.05.  
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Figure 3. CMA alters plasma metabolite levels. A) Differences in the plasma levels of 

individual CMA, including serine, carnitine, cysteine and nicotinamide, are shown in the 

CMA and placebo groups on Days 0 and 84. Plasma levels of B) amino acids, C) lipids and 

D) other metabolites that are significantly different between Day 84 vs Day 0 in the CMA and 

placebo groups are presented. Adj. p< 0.05. Heatmap shows log2FC values of metabolites 

between Day 84 vs Day 0. Asterisks indicate statistical significance based on paired Student’s 

t-test. adj.p< 0.05. Log2FC: log2(fold change).  
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Figure 4. Altered plasma protein levels and integrated multi-omics network 

A) Heatmap shows log2FC based alterations between the significantly different proteins on 

Day 84 vs Day 0 in the CMA and placebo groups. Asterisks indicate statistical significance 

based on paired Student’s t-test. p < 0.01. B) Integrated multi-omics data based on network 

analysis represents the neighbours of the CMA, including serine, carnitine, nicotinamide and 

cysteine, and MoCA scores. Only analytes that are significantly altered in CMA Day 84 vs 

Day 0 are highlighted. 
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Figure 5. Common significantly altered metabolites in PD and AD clinical trials. Plasma 

levels of A) amino acids, B) lipids and C) other metabolites that are significantly different 
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between Day 84 vs Day 0 in the CMA group of this study and an independent AD trial25 are 

presented. Adj. p< 0.05. Heatmap shows log2FC values of metabolites between Day 84 vs 

Day 0. Asterisks indicate statistical significance based on paired Student’s t-test. adj.p< 0.05. 

Log2FC: log2(fold change).   
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SUPPLEMENTARY DATASET LEGENDS 

Dataset S1. Collection of samples of CMA and placebo groups and the measured values 

of clinical indicators before and after treatment. 

Dataset S2. Statistical analysis of clinical indicators between different visits or groups. 

Dataset S3. Plasma metabolomics data for each patient before and after treatment. 

Dataset S4. Statistical analysis of plasma metabolites between different visits or groups. 

Dataset S5. Plasma proteomics data was generated with the Olink cardiometabolic, 

inflammation, neurology and oncology panels for each patient before and after 

treatment. 

Dataset S6. Statistical analysis of plasma proteins between different visits or groups. 

Dataset S7. Multi-Omics Network Data, including edges and nodes information. The 

network is presented in the iNetModels (http://inetmodels.com). 

Dataset S8. Common significant metabolites and proteins in this study and in an 

independent Alzheimer’s study25 
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ABSTRACT 

Alzheimer’s disease (AD) is associated with metabolic abnormalities linked to critical 

elements of neurodegeneration. Here, we analysed the brain transcriptomics data of 

more than 600 AD patients using genome-scale metabolic models and provided 

supporting evidence of mitochondrial dysfunction related to the pathophysiologic 

mechanisms of AD progression. Subsequently, we investigated, in a rat model of AD, 

the oral administration of combined metabolic activators (CMAs), consisting of NAD+ 

and glutathione precursors, to explore the effect for improvement of biological functions 

in AD. CMAs consist of L-serine, nicotinamide riboside, N-acetyl-L-cysteine, and L-

carnitine tartrate, the salt form of L-carnitine. The study revealed that supplementation 

of the CMAs improved the AD-associated histological parameters in the animals. 

Finally, we designed a randomized, double-blinded, placebo-controlled human phase 2 

clinical trial and showed that the administration of CMAs improves cognitive functions 

in AD patients. As decreased AD Assessment Scale-cognitive subscale (ADAS-Cog) 

score is the indicator of the improved cognitive function in AD patients, we observed a 

significant decrease of ADAS-Cog scores on Day 84 vs Day 0 (Log2FC= -0.37, (29% 

improvement), p-value=0.00001) in the CMA group. We also observed a significant 

decrease in the placebo group on Day 84 vs Day 0 (Log2FC= -0.19, (14% 

improvement), p-value=0.001) due to the recommendations of exercise and 

Mediterranean diet to all AD patients participated in the trial. A comprehensive analysis 

of the human plasma metabolome and proteome revealed that plasma levels of proteins 

and metabolites associated with redox metabolism are significantly improved after 

treatment. In conclusion, our results show that treating AD patients with CMAs leads to 

enhanced cognitive functions, suggesting a role for such a therapeutic regime in treating 

AD and other neurodegenerative diseases. 

HIGHLIGHTS 

• Brain transcriptomics data of more than 600 AD patients were analysed. 

• Performed an in vivo study using combined metabolic activators (CMAs) in AD rat 

models. 

• We performed a randomized, double-blinded, placebo-controlled human phase 2 

clinical trial. 
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• We showed that cognitive functions in AD patients is improved 29% in the CMA 

group whereas 14% in the placebo group. 

KEYWORDS 

Alzheimer’s disease: combined metabolic activators (CMAs), Multi-omics analysis; 

Systems biology; Systems medicine 
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INTRODUCTION 

Alzheimer’s disease (AD) is characterized by progressive synaptic and axonal 

dysfunction, neuronal loss and cognitive decline (1). There is growing evidence that AD 

is closely associated with metabolic and oxidative stress linked to critical elements of 

neurodegeneration, such as mitochondrial dysfunctions and bioenergetic impairments 

(2, 3). Indeed, increasing data indicate that systemic metabolic disorders, such as insulin 

resistance, are strongly associated with bioenergetic failure of nerve cells(4, 5). This can 

manifest as cognitive impairment and brain-specific neuropathology while sharing 

common pathogenic mechanisms with AD, such as impaired glucose metabolism, 

increased oxidative stress, insulin resistance, and amyloidogenesis (4, 6, 7). Recent 

evidence accordingly suggests that patients with type 2 diabetes mellitus are at increased 

risk of developing AD (6). 

Although the disease is still defined by the accumulation of abnormal amyloid and tau 

proteins (8), the mechanistic assumption of linear causality between the amyloid cascade 

and cognitive dysfunction in AD is flawed, since amyloid-lowering approaches have 

failed to provide cognitive benefits in human clinical trials (9). A growing body of 

evidence suggests that impaired brain energy metabolism in AD may contribute to 

cognitive decline. At the same time, therapeutic options, such as drugs typically 

prescribed for metabolic disorders that improve metabolic status, may slow cognitive 

decline or prevent dementia progression (10). This is suggested by positron emission 

tomography imaging studies revealing baseline cerebral glucose metabolism 

abnormalities before the onset of cognitive symptoms in patients with AD (11). In 

addition, recent preclinical data indicate that ageing and AD are associated with the 

reorganization of brain energy metabolism, including an overall increase in lactate 

secretion and the downregulation of bioenergetic enzymes (12, 13). 

Although current research is paving the way for developing neuroprotective 

therapeutics, the results of early clinical trials of drugs targeting single pathways have 

been mostly unsuccessful. A divergent approach combining multiple compounds that 

simultaneously reduce oxidative injury and improve bioenergetics, in other words, 

targeting various pathways has been proposed as a therapeutic strategy associated more 

likely with successful translational outcomes (14). Previous research identified limited 

serine availability, reduced de novo glutathione synthesis, and altered NAD+ 

metabolism based on the combining multi-omics profiling of transgenic AD mouse 
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model of AD (15). Consistent with this, it also has been reported that age- and AD-

associated metabolic shifts responded well to NAD(P)+/NAD(P)H redox-dependent 

reactions (16, 17). These findings were confirmed by human metabolomic data showing 

significantly altered cerebrospinal fluid (CSF) acylcarnitine levels in patients with AD, 

which correlated with the decline of cognitive functions and structural brain 

abnormalities (18, 19). 

Based on integrative network analysis of non-alcoholic fatty liver disease multi-omics 

data, we have developed a mixture combined metabolic activators (CMAs) consisting of 

L-serine, N-acetyl cysteine (NAC), nicotinamide riboside (NR), and L-carnitine tartrate 

(LCAT, the salt form of L-carnitine) and showed that administration of CMAs activates 

mitochondria, improves inflammation markers in animals and humans (20–24). We have 

also found that the administration of CMAs promotes mitochondrial fatty acid uptake 

from the cytosol, facilitates the fatty acid oxidation in the mitochondria, and alleviates 

oxidative stress (25). Recently, we reported that CMAs administration effectively 

increased fatty acid oxidation and de novo glutathione generation, as evidenced by 

metabolomic and proteomic profiling (20). Moreover, plasma levels of metabolites 

associated with antioxidant metabolism and inflammatory proteins were improved in 

COVID-19 patients treated with CMAs compared to the placebo (24). 

Here, we first analysed brain transcriptomics data obtained from 629 AD patients and 

704 control subjects using genome-scale metabolic models and revealed that 

mitochondrial dysfunction is involved in the underlying molecular mechanisms 

associated with AD. Second, we tested the effect of CMAs, which has been shown to 

activate mitochondria in the AD rat models and showed that supplementation of the 

CMAs improved the AD and associated functions in animals. Next, we hypothesized 

that AD patients could be treated with the administration of the CMAs by activating the 

mitochondria in the brain tissue of the patients. Finally, we designed a randomized, 

double-blinded, placebo-controlled human phase 2 clinical study, studied the effect of 

administration on the global metabolism of AD patients and showed that administration 

of CMAs improves the cognitive functions in AD patients. 
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RESULTS 

Analysis of transcriptomics data reveals mitochondrial dysfunction in the brain of AD 

patients 

To identify the metabolic dysregulations based on brain transcriptomics data, we 

obtained the global mRNA expression profiling of 629 AD patients and 704 controls 

from the Religious Orders Study/Memory and Aging Project (ROSMAP) (26–28). We 

performed differential expression analysis and identified 914 significantly (p-adjusted < 

1.0 E-10) upregulated and 1725 significantly (p-adjusted < 1.0 E-10) downregulated 

differentially expressed genes (DEGs) (Figure 1A, Dataset S1). We identified several 

upregulated metabolism-related genes, including pyruvate dehydrogenase kinase 4 

(PDK4), carnitine palmitoyl transferase (CPT1A), hexokinase 2 (HK2), and spermine 

oxidase (SMOX), as well as downregulated genes including acyl-CoA dehydrogenases 

(ACADs), ATP synthase (ATP5MGL), and acetyl- and acyltransferases (GCNT7, 

MBOAT4, GALNT17). These results suggest that there may be some alterations 

associated with glycolysis, fatty acid biogenesis and the urea cycle in AD compared to 

control. 

Gene set enrichment (GSE) analysis revealed that these DEGs were significantly 

enriched in the protein synthesis, ATP synthesis, lipid metabolism, cell cycle, cell 

migration, cell differentiation and cell adhesion pathways (Figure 1B, Dataset S1). 

Then, we performed reporter metabolite analysis to predict the significantly changed 

metabolites in each subcellular compartment using a genome-scale metabolic model of 

brain tissue (29, 30). We identified numerous reporter metabolites related to glycolysis, 

amino acid metabolism (e.g. glycine, serine, threonine, alanine and branched-chain 

amino acid valine, leucine and isoleucine), mitochondrial metabolism (acyl-CoA and 

ferredoxin) and TCA cycle (e.g. succinate and glutamine) (Figure 1C and 1D, Dataset 

S1). These results suggested a widespread perturbation in energy metabolism related to 

brain cell survival and mitochondrial dysfunction in the brain. 

Administration of CMAs to animal models of AD 

To test the effect of CMAs in animals, we provided individual metabolic activators and 

CMAs to the rat model of AD which has been developed after intracerebroventricular-

streptozotocin (STZ) injection. We observed that administration of all constituents of 

CMAs (in combination or separately) significantly (p<0.05) decreased the plasma levels 
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of triglycerides (TG) compared to the control group (Group 4; Figure 2A, Dataset S2). 

In parallel, administration of only serine or NR significantly decreased total cholesterol 

(p=0.01) and low-density lipoprotein (LDL; p=0.03) in rats (Figure 2B, Dataset S2). 

Additionally, a significant reduction in total cholesterol (p=0.04) and LDL (p=0.03) was 

observed with NAC-treated and LCAT-treated rats, respectively (Figure 2B, Dataset 

S2). Of note, we found significant reductions in plasma AST (p=0.03) and an increase in 

plasma ALP (p=0.04) concentrations only in LCAT-treated rats (Group 8) (Figure 2B, 

Dataset S2). 

Additionally, the histological analyses and immunofluorescence imaging techniques showed a 

significant neuronal tissue damage in the high fat diet (HFD) and HFD+STZ groups’ brains 

compared to those of the chow diet group (Figure 2C, Dataset S2). Specifically, the HFD 

groups developed more hyperaemia as well as more degeneration and necrosis in neurons 

(Figure 2C, Dataset S2). In parallel, DNA damage markers (namely 8-OHdG and H2A.X) 

and caspase 3 were elevated in the HFD groups (Figure 2C, Dataset S2). These animal 

models allowed us to examine each rat group’s histopathological differences and assess the 

brain tissue response to CMAs administration compared to the HFD+STZ group (Figure 2C, 

Dataset S2). We observed that hyperemia, degeneration and necrosis in neurons were 

improved by serine, LCAT, or NR supplementation individually as well as in combination. 

However, we observed a better improvement after the administration of CMAs compared to 

individual metabolic activators. These findings were also supported by immunohistochemical 

evidence of decreased immunoreactivity seen in neurons (Figure 2C, Dataset S2). Of note, 

rats receiving combination therapy (consisting of serine, NAC, LCAT and NR) developed less 

hyperaemia in brain tissue and no necrosis in neurons (Figure 2C, Dataset S2). In parallel to 

the improvement in the brain, we also observed dramatic improvement in the liver after the 

supplementation of CMAs. Scoring of histopathological, immunohistochemical and 

immunofluorescence findings for brain and liver tissues are presented in Table 1. 

CMAs Improve Cognition and Blood Parameters in Alzheimer’s Disease Patients 

To test the effect of the CMAs in AD patients, we performed a double-blind, 

randomized, placebo-controlled phase 2 study and screened 89 adults diagnosed with 

AD. We recruited 69 patients older than 50 years with mild to moderate AD according 

to ADAS-Cog (AD Assessment Scale-cognitive subscale; ADAS≥12) and the Clinical 

Dementia Rating Scale Sum of Boxes (CDR-SOB; CDR≤2). Of the 69 patients, 47 were 

randomly assigned to the CMA group and 22 to the placebo group and completed visit 2 
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after 28 days. Of these patients, 60 (40 in the CMA group and 20 in the placebo group) 

completed visit 3 after 84 days (Figure 3A, Dataset S3). We assessed the clinical 

variables on Days 0, 28 and 84, and analysed the differences between the time points in 

the CMA and placebo groups (Dataset S4). 

The mean patient age was 70.8 years (56-86 years) and 52.1 % were men (Dataset S4). 

The baseline demographic and clinical characteristics were similar in the CMA and 

placebo groups (Dataset S4). Regarding safety, no severe adverse events occurred, and 

four patients (5.8 %) reported adverse events. All had a mild rash on the body and 

agreed to complete the study (Dataset S3). 

We measured clinical variables in all patients and analysed the differences before and 

after administration in the active and placebo groups (Figure 3B, Dataset S4). ADAS-

Cog scores were significantly decreased on Day 28 vs Day 0 (Log2FoldChange (FC)= -

0.33, (26% improvement), p-value=0.0000003, lower indicates better cognitive 

function) and further decreased on Day 84 vs Day 0 (Log2FC= - 0.37, (29% 

improvement), p-value=0.00001) in the CMA group. A slight but statistically significant 

improvement was also found in the placebo group on Day 28 vs Day 0 (Log2FC= -0.16, 

(12% improvement), p-value=0.009) and Day 84 vs Day 0 (Log2FC= -0.19, (14% 

improvement), p-value=0.001) due to the recommendations of exercise and 

Mediterranean diet to all AD patients. 

We also analysed the differences between clinical parameters by stratifying the patients 

into low-scoring (mild patients) and high-scoring (severe patients) ADAS-Cog groups 

(>20ADAS-Cog score is high, ≤20 is low). More interestingly, we found a significant 

improvement of ADAS-Cog scores between Day 28 vs Day 0 (Log2FC= -0.31, (24% 

improvement), p-value=0.002) and Day 84 vs Day 0 (Log2FC=-0.38, (30% 

improvement), p-value=0.003) in the severe CMA group and no significance difference 

in the severe placebo (p>0.05 in both time points) group (Figure 3B, Dataset S4). As 

shown on Figure 3B, we observed a significant difference in the baseline value 

distribution and mean of ADAS-Cog scores in the severe (ADAS-COG > 20) CMA and 

placebo group due to the randomization of the subjects. To verify our results, we 

selected 10 patients from the CMA group with matched ADAS-COG values to the 

placebo group (p-value=0.693) and present the ADAS-Cog scores in Figure 3C. We 

recalculated the differences in ADAS-COG scores and again found significant 

improvement in the CMA group, whereas no significant difference in the placebo group. 
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Our results indicated that the AD patients with high ADAS-Cog scores are more 

responsive to CMA. 

However, when considering mean improvement to ADAS-Cog between the CMA and 

placebo arms of the study, the trial did not meet its primary endpoint. Participants 

receiving CMA had a mean change to ADAS-Cog of -5.6 points by day 84, whereas 

participants receiving placebo had a mean change of -4.2. The benefit of CMA to 

ADAS-Cog was -1.3 points compared to placebo (p = 0.39, two-tailed t-test). Although 

the trend suggests a promising improvement to ADAS-Cog, the change was not 

statistically significant, and the two arms of the study were examined separately 

henceforth. 

Analysis of secondary outcome variables showed that serum alanine aminotransferase 

(ALT) levels (Log2FC=-0.38, (30% improvement), p-value=0.01) and the uric acid 

levels (Log2FC=-0.19, (14% improvement), p-value=0.001) were significantly lower on 

Day 84 vs Day 0 only in the CMA group (Figure 3D, Dataset S4). This reduction was 

seen both in high- and low-ALT level groups. In contrast, we found that no significantly 

altered parameters on Day 84 vs Day 0 in the placebo group (Figure 3D, Dataset S4). 

Hence, we observed that the ALT level and uric acid were significantly improved due to 

the administration of CMAs as previously reported in the phase 2 NAFLD and phase 3 

Covid-19 clinical trials (24, 31). 

We also measured the level of complete blood count parameters and found that their 

levels were significantly changed in the CMA group (Figure 3D, Dataset S4). We found 

that the levels of platelets, basophil% and absolute numbers of basophil and neutrophil 

were significantly lower on Day 84 vs Day 0 only in the CMA group. In contrast, we 

found that the levels of monocytes were significantly increased on Day 84 vs Day 0 in 

the CMA group (Figure 3D, Dataset S4). Hence, our analysis indicated that the 

administration of CMAs improved the clinical parameters in parallel to the improvement 

in cognitive functions in AD patients. 

Blood Profile Informs the Response to CMAs 

Treatment response variability and clinical heterogeneity in AD are well documented in 

the literature. We observed interindividual variability in responses to CMAs as well as in 

clinical measures. Therefore, we hypothesized that some of the patients would respond 

better to CMAs than others and that clinical measurements could define these subsets. 
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To determine whether alanine transferase (ALT), a marker for liver damage, could 

indicate a better response to CMAs, we stratified the patients into high and low ALT 

groups by the median value of ALT of all patients on Day 0. As shown in Figure 4A, 

the patients of the CMA group with low ALT achieved a significant improvement in 

ADAS-Cog score over different time points, while the patients in the placebo group had 

no improvement. In contrast, the patients of the CMA group with high ALT levels also 

exhibited an improved (i.e., decreased) ADAS-Cog score, but the degree of change was 

not as much as the patients in the CMA group with low ALT levels. Moreover, patients 

in the placebo group with high ALT levels also achieved an improved ADAS-Cog score. 

Thus, these results suggest that the patients with low ALT levels are more responsive to 

CMAs. 

We repeated this stratification for each blood parameter to determine the patient 

conditions in which CMAs produces the greatest response (Figure 4B). In addition to 

low ALT, we identified high ALP, low GGT, high HCT, high HbA1c, high insulin, high 

uric acid, high ADAS-Cog, high basophil count, and high red blood cell count as 

indicators for better responsiveness to CMAs. We also found that individuals who do not 

drink alcohol or smoke also respond better to CMAs. 

CMAs Increases the Plasma Levels of Metabolites Associated with Metabolic Activators 

We first analysed the plasma levels of serine, carnitine, NR and cysteine, and their by- 

products. CMAs administration increased the plasma levels of metabolic activators on 

Day 84 vs Day 0 in the CMA group (Figure 5A, Dataset S5). Moreover, the plasma 

levels of NR, 1-methylnicotinamide, nicotinurate, N1-methyl-2-pyridone-5-carboxamide 

and nicotinamide (associated with NR and NAD+ metabolism); of serine, glycine and 

sarcosine (associated with serine and glycine metabolism); and of deoxycarnitine and 

carnitine (associated with carnitine metabolism) were significantly higher in the CMA 

group on Day 84 compared to Day 0. 

Next, we investigated the relationship with the plasma level of administrated metabolic 

activators and other metabolites. We analysed 195 of the most significantly correlated 

plasma metabolites with serine, L-carnitine, NR, and cysteine (Dataset S6). We found 

two clusters of metabolites that are significantly correlated with cysteine only or 

together with serine, carnitine and NR. We observed that cysteine had a different plasma 
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changes compared to the other three metabolic activators as has been reported in 

previous clinical trials (24, 31). 

Effect of CMAs on Global Metabolism 

We identified the significantly (FDR<0.05) different plasma metabolites on Day 84 vs 

Day 0 and found that the plasma levels of 132 metabolites were significantly different in 

the CMA group (Figure 5, Dataset S5). Evaluation of plasma metabolites that differed 

significantly on Day 84 vs Day 0 in each group showed that a larger number of 

metabolites related to amino acids (n=53), lipid metabolism (n=42) and other metabolic 

pathways (n=37) were altered in the CMA group compared to the placebo group (Figure 

5, Dataset S5). 

N-acetyl aspartate (NAA) is one of the most abundant brain metabolites and its reduced 

plasma levels are associated with brain tissue damage. Previous research revealed the 

importance of NAA to maintain energy metabolism in the central nervous system (32). 

In our study, we observed that plasma levels of NAA significantly increased on Day 84 

vs Day 0 in the CMA group (Figure 5B, Dataset S5). Another upregulated metabolite on 

Day 84 vs Day 0 in the CMA group is sarcosine (a derivative of glycine) which has been 

widely studied for its improving effects of cognitive symptoms by different 

pharmacological activities in neurons (33). Of note, quinolinic acid (an endogenous 

excitotoxin acting on NmMethyl-D-aspartate receptors leading to neurotoxic damage) 

levels significantly decreased on Day 84 vs Day 0 only in the CMA group (Figure 5B, 

Dataset S5). 

Increased plasma homocysteine levels is a known risk factor for AD, and several animal 

studies implicated the promising results of methionine restriction (34, 35). In our clinical 

trial, plasma levels of S-adenosylhomocysteine as well as 2,3-dihydroxy-5-methylthio-4-

pentenoate (DMTPA) and N-acetyl taurine were significantly downregulated on Day 84 

vs Day 0 in the CMA group (Figure 5B, Dataset S5). Of note, reductions of these 

metabolites are significantly correlated with serine and NR supplementation (Figure 6A, 

Dataset S6). 

Increased plasma levels of metabolites in the kynurenine pathway are associated with 

AD severity (34). In our study, we found that plasma levels of kynurenate and 8-

methoxykynurenate were significantly lower on Day 84 vs Day 0 in the CMA group 

(Figure 5B, Dataset S5). Reduction in the plasma level of kynurenate was positively 
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correlated with plasma serine levels (Dataset S6). Kynurenate, which has a prooxidant 

effect, is the product of the tryptophan degradation pathway. Its aerobic irradiation 

produces superoxide radicals and leads to cytochrome C reduction (36). It has been 

reported that increased levels of kynurenine leads to cell death through the reactive 

oxygen species (ROS) pathway in nature killer (NK) cells (37) and lower blood pressure 

in systemic inflammation (38). 

Emerging evidence indicates a link between the abnormal kidney function and AD, but 

the potential impact of kidney on cognitive impairment is still undetermined (39). 

Recent studies showed that plasma levels of N,N,N-trimethyl-5-aminovalerate are 

involved in lysine metabolism, and serve as an indicator of elevated urinary albumin 

excretion (40). Here, we found that the plasma level of N,N,N-trimethyl-5-

aminovalerate was significantly decreased on Day 84 vs Day 0 in the CMA group 

(Figure 5B, Dataset S5) and significantly inversely correlated with the plasma level of 

serine and NR. Moreover, the plasma level of creatinine was also significantly decreased 

on Day 84 vs Day 0 in the CMA group (Figure 5B, Dataset S5). The plasma reduction 

on creatinine is inversely correlated with the plasma level of serine (Dataset S6). 

Additionally, our analysis revealed decreased levels of several metabolites belonging to 

histidine metabolism in the CMA group on Day 84 vs Day 0. Among those N-acetyl-1-

methylhistidine is associated with chronic kidney disease and showed a significant 

negative correlation with serine supplementation (Figure 5B, Dataset S6). Also, we 

found that plasma levels of metabolites related to the urea cycle (3-amino-2-piperidone, 

arginine, homoarginine, N-alpha-acetylornithine, ornithine and pro-hydroxy-pro) were 

significantly decreased in the CMA group on Day 84 vs Day 0 (Figure 5B, Dataset S5) 

and inversely correlated with the plasma level of serine and NR (Dataset S6). 

Lipids play a fundamental role in the pathophysiology of neurodegenerative diseases, 

including AD. Specific lipid species of cellular membranes (e.g., cholesterol and 

sphingolipids) are not only structural components of cell membranes but also regulate a 

plethora of critical aspects of brain functions (41). In our study, plasma levels of a 

considerable number of metabolites associated with sphingomyelins and fatty acid 

metabolism (acyl carnitines) were significantly increased on Day 84 vs Day 0 in the 

CMA group (Figure 5C, Dataset S5). Interestingly, plasma levels of pregnenolone 

steroids and 2R,3R-dihydroxybutyrate were significantly decreased on Day 84 vs Day 0 
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(Figure 5C, Dataset S5). These alterations were significantly positively correlated with 

carnitine and serine levels (Dataset S6). 

Effect of CMAs on Plasma Proteins 

Plasma levels of 1466 protein markers were measured with the plasma proteome 

profiling platform Proximity Extension Assay quantifying the plasma level of target 

proteins. After quality control and exclusion of proteins with missing values in more 

than 50% of samples, 1463 proteins were analysed (Dataset S7). Proteins whose levels 

differed significantly between the visits in the CMA and placebo groups are listed in 

Dataset S7. 

We analysed the effect of CMAs on plasma protein profile and found that 22 proteins 

were significantly (p-value<0.01) different in the CMA group on Day 84 vs Day 0. 

Nineteen of these proteins were significantly decreased, whereas 3 of these proteins 

were significantly increased on Day 84 vs Day 0. After filtering out the proteins based 

on log2FC, we found that the plasma levels of PSPN, OSM, PADI4, PDGFC, SCGN, 

LTBP3, CLEC4G, MERTK, WNT9A, ISM1, ASAH2, CES3, HPGDS, NPY, THPO, 

SIGLEC6, GDNF, PADI2 and EGFL7 were significantly downregulated in the CMA 

group. The plasma level of KLB, BGN, and ST3GAL1 was significantly upregulated in 

the CMA group (Figure 6B, Dataset S7). We observed only one significantly (p-

value<0.01) altered protein, EGFL7, which was upregulated in the placebo group 

(Figure 6B, Dataset S7). Hence, we observed that plasma levels of proteins are 

significantly altered in response to CMA treatment. 

The proteomic analysis In this study revealed significant alteration in levels of several 

critical proteins that play an essential role in the pathogenesis of AD. For instance, levels 

of MertK (42, 43), EGFR (44, 45), oncostatin (46–50), PAD4 (51, 52), LTGF (53–57), 

and TPO (58), known as a strong inducer of neuro-inflammation, amyloid production 

and apoptosis, decreased. In contrast, proteins with neuroprotective and pro-cognitive 

properties, such as Klotho (59, 60) and ST3GAL1 (61), increased after CMA treatment. 

More interestingly, the majority of the analysed proteins were also found to be 

significantly altered in recent human AD studies (53-57, 62-68). KlothoB levels were 

also significantly altered after CMA treatment, consistent with their neuroprotective role 

as a cofactor and neurotrophic factor. In this context, recent studies have shown that 

KlothoB indirectly regulates glucose and energy metabolism through F2F1, expressed in 
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certain areas of the brain involved in learning and memory (67). Moreover, GABA 

signalling has also been shown to play a critical role in mediating the detrimental effects 

of increased dihydroxybutyrate levels in the progression of MCI (69). Interestingly, our 

metabolomic study indicated decreased post-therapeutic dihydroxybutyrate levels. 

Although the exact pathways involved in the metabolic generation of DHBA are still far 

from clear, it has been hypothesized that dihydroxybutyrate levels may be a 

compensatory response to increased cellular stress secondary to compromise of the 

Krebs cycle function, creating an alternative energy production pathway in AD (69). 

This represents indirect evidence to suggest that our treatment exhibits an energetic 

regulatory function. 

Integrative Multi-Omics Analysis 

Multi-omics data integrations have been proven to give novel insights and a more 

holistic view of the human body, in both healthy and disease states (70). In this study, 

we generated an integrative multi-omics network using metabolomics and proteomics 

data, coupled with detailed clinical variables, to understand the functional relationships 

between analytes from the same and different omics data types. We generated the 

network using the method used in iNetModels (71), to which we also deposited our 

network. The network consisted of 937,282 edges from 2,273 nodes (36.3% network 

density, Dataset S8). 

We extracted a sub-network to highlight the interactions between the individual 

metabolic activators, cognitive function (ADAS-Cog scores), two highlighted proteins 

(OSM and PSPN), and their top neighbours (Figure 6C). From the sub-network, ADAS-

Cog was shown to be negatively associated with carnitine (and its derivatives) and 

nicotinamide associated metabolites, where the metabolic cofactors were negatively 

associated with fatty acid and histidine metabolism. Finally, we observed that, among 

others, OSM and PSPN were positively associated with immune and cell cycle-related 

proteins. 

Subsequently, we performed centrality analysis to identify the most central analytes in 

the networks. The top 20 most central metabolites were dominated by amino acid 

metabolites (tryptophan, glutamate, and branched-chain amino acid metabolism) and 

lipid metabolites (androgenic steroid pathway), where top proteins were related to, 
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among others, short- and long-term memory (CALB1), lipid metabolism (PLA2G10), 

and immune response (SELPLG, CLEC4D, and LGALS7). 

Furthermore, we performed community analysis within the network using the Leiden 

algorithm. We discovered 3 modules that showed significant interaction among the 

members. In cluster-0, the biggest cluster, the top nodes were related to tryptophan 

metabolism (indoleacetate), fatty acid metabolism (3-hydroxyoctanoate), and steroid 

metabolism (11-ketoetiocholanolone glucuronide and 11-beta-hydroxyetiocholanolone 

glucuronide). Moreover, we found two top proteins in the same cluster, ACTA2 and 

IGFBP1, that have been associated with AD (72, 73). In cluster-1, the top nodes were 

associated with leucine metabolism (3-hydroxy-2-ethylpropionate), ceramide 

phosphatidylethanolamine, and a carnitine metabolite (erucoylcarnitine), meanwhile, 

cluster-2’s central nodes were related to methionine metabolism and aminosugar 

metabolism (N-acetylglucosamine/N-acetylgalactosamine). These results showed that 

the integrative multi-omics network analysis can be used to strengthen the results from 

single omics analyses and identify key analytes associated with AD. Moreover, it 

provided new insights by elucidating the functional relationships within and between 

different omics data. 

In evaluating the correlations between each cofactor (used in the present study for 

therapeutic purposes) and clinical, metabolic, and proteomic parameters, we identified 

significant correlations between serine, carnitine, cysteine, and nicotinamide levels and 

improved peripheral blood parameters, such as liver function, CBC, and glycated 

hemoglobin (HbA1c), which are relevant to the pathogenesis of AD. Accordingly, 

improved ADAS-Cog scores were also associated with changes in serum serine and 

carnitine, which fit well with their well-known pro-cognitive and energy-boosting 

effects. Similar results were also observed for metabolomic and proteomic data. The 

majority of the cofactors exhibited significant correlations with improved metabolites 

and proteins (either increased or decreased) relative to a slower degeneration process in 

AD. It is worth mentioning here that that two of the proteins, OSM and PSPN, most 

strongly associated with other beneficial protein metabolites, were also related to several 

critical amino acid alterations, such as spermidine and hypotaurine, which may suggest a 

metabolic shift from the protein to amino acid metabolism to compensate the energy 

deficit reported in AD. 
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DISCUSSION 

Here, we show that oral administration of CMAs has profound effect on cognitive 

function after only 84 days of treatment in AD patients based on ADAS-Cog scores. We 

showed that cognitive functions in AD patients is improved 29% in the CMA group 

whereas 14% in the placebo group after 84 days of CMAs administration. We also 

recently tested the effect of CMAs administration on an independent cohort of 

Parkinson’s disease patients in a phase 2 clinical trial, and found that oral CMAs 

administration has a profound effect on cognitive function without altering motor scores 

in Parkinson’s disease (74). As the increased Montreal Cognitive Assessment (MoCA) 

scores is known as the indicator of the increased cognitive functions in PD patients, we 

observed that the mean MoCA scores were significantly higher in the CMA group both 

on Day 28 vs Day 0 (log2FoldChange(FC)=0.17, (13% improvement), p=0.001) and on 

Day 84 vs Day 0 (log2FC=0.27, (21% improvement), p= 0.0001). We also observed a 

significant increase on MoCA scores in placebo group on Day 28 vs Day 0 

(log2FC=0.16, (12% improvement), p=0.001) and on Day 84 vs day 0 (log2FC=0.15, 

(11% improvement), p=0.04) due to the recommendations of exercise and 

Mediterranean diet to all PD patients participated in the trial. Notably, the degree of 

increase of MoCA was much higher on Day 84 vs Day 0 in the CMA group than in the 

placebo group, suggesting the PD patients benefitted from CMA treatment after 84 days 

of treatment. Even though Montreal Cognitive Assessment (MoCA) scores have been 

used to evaluate the cognitive function in the PD patients, the effect of CMAs 

administration on cognitive function has been verified in an independent patient group 

with different neurological diseases. 

Clinically, when AD patients were stratified by high and low ADAS-Cog scorer, we 

observed that patients with lower ADAS-Cog scores in the placebo group also showed 

improved cognitive function similar to the CMA group. However, for the patients with 

higher ADAS-Cog scores, cognitive function was not improved in the placebo group, 

while a positive effect was observed for the patients treated with metabolic activators. 

This is particularly interesting, since this patient group lacks current therapeutic regimes, 

except for palliative support. Apart from clinical severity, we also observed that various 

clinical variables were also related to the treatment response. For example, patients with 

low ALT, who did not drink alcohol or smoke, and who had signs of an increased 

metabolic load (i.e., increased HbA1c and insulin levels) or impaired CBC values 
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responded better to treatment. Additionally, the treatment significantly improved the 

altered metabolic and CBC parameters described above. 

The effect of oral administration of CMAs was substantiated with a comprehensive 

analysis of protein and metabolites in the plasma of the patients using a multi-omics 

analytical platform. The clinical results are consistent with the genome-scale metabolic 

modelling of more than 600 AD patients showing evidence of mitochondrial 

dysfunction. It is also consistent with the results from an animal model demonstrating 

improved AD-associated histological parameters in animals treated with an oral 

administration of CMAs. Thus, the present study suggests an attractive therapeutic 

regime for improving mitochondrial dysfunction in AD patients. 

The metabolomics data confirmed the expected biological outcomes of CMA treatment. 

Levels of plasma nicotinamide and related metabolites increased, suggesting that NR 

provided sufficient substrate for mitochondrial fatty acid oxidation. In addition to its role 

as a cellular metabolite, NAD+ functions as an essential cofactor for the DNA repair 

protein PARP1 (17). Hyperactivation of PARP1 and decreased NAD+ have been already 

identified in the brains of patients with AD (75, 76). Serine plasma levels also increased, 

suggesting that CMA treatment improves the serine deficiency associated with AD. For 

instance, a recent study showed that the adenosine triphosphate (ATP)-reducing the 

effect of glucose hypometabolism was restored with oral serine supplementation, 

suggesting the potential use of oral serine as a ready-to-use therapy for AD (77). The 

exact mechanism of action also applies to cysteine. As a glutathione precursor, cysteine 

is even more specific in acting as an antioxidant and anti-inflammatory agent, 

maintaining the mitochondrial energetic homeostasis and key neurotransmitter systems, 

such as glutamate, involved in learning and memory (78, 79). Accordingly, NAC has 

been tested as a medication in AD and found to exhibit effects suggestive of future 

potential use as an alternative medication (80). More importantly, fatty acid oxidation 

and carnitine metabolism were significantly facilitated, as shown by the robust increase 

in plasma levels of carnitine. These findings fit well with recent human data showing 

that severe disturbances in carnitine metabolism frequently occur in individuals with 

AD, in association with severe mitochondrial dysfunction (81, 82). Cristofano et al. 

showed a progressive decrease in carnitine serum levels in individuals shifting from 

normal status to AD, suggesting that decreased serum concentrations of carnitine may 

predispose to AD (83). In support of this hypothesis, human clinical studies have 
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demonstrated the pro-cognitive effects of carnitine in mild cognitive impairment and AD 

(84–86). This, in turn, led to the suggestion that stabilizing the bioenergetic balance may 

slow or even reverse mild cognitive impairment and the progression of dementia in 

patients with AD. 

In addition, the levels of tryptophan metabolites, including kynurenate, kynurenine, and 

tryptophan betaine, decreased significantly after CMA treatment. Increased levels of 

these metabolites were previously shown to be associated with increased 

neurodegeneration and clinical cognitive impairment through an increased oxidative 

load and the formation of neurofibrillary tangles (NFTs) (87, 88). For instance, recent 

data showed a synergistic relationship between β-amyloid 1-42 and enzymatic 

activations of the tryptophan kynurenine pathway, resulting in increased oxidative stress, 

which may be associated with the formation of NFTs and senile plaque development 

(89). Also, one recent study revealed that tryptophan-2,3-dioxygenase (TDO) was highly 

expressed in the brains of patients with AD and co-localized with quinolinic acid, NFTs, 

and amyloid deposits in the hippocampus of post-mortem brains of patients with AD 

(90). 

We also observed significantly increased levels of NAA, sarcosine, methionine, 

cysteine, and S-adenosylmethionine (SAM) and decreased levels of histidine, tryptophan 

quinolate, and urea cycle metabolites, which play a critical role in cognitive and 

mitochondrial functions. For instance, increased NAA may provide an additional energy 

source for intercellular metabolite trafficking during the neurodegenerative process, 

especially when glucose metabolism is downregulated (32). Similarly, increased 

sarcosine levels may boost cognition, as previously shown in patients with 

schizophrenia, in which oxidative damage and impaired glucose metabolism play key 

roles (91). In addition, decreased histidine metabolism and other decreased markers, 

such as homocysteine and S-adenosylhomocysteine (SAH) found in our treatment 

group, have been already shown to slow the cognitive ageing process appropriately 

downregulated (92). For instance, increased plasma homocysteine levels are a known 

risk factor for AD, whereas a low leucine and arginine diet yield beneficial cognitive 

effects (93). 

Unexpectedly, CMAs rapidly lowered uric acid and associated metabolite’' levels. Uric 

acid stimulates inflammation either directly or by activating NLRP3 inflammasomes 

(94). Although the extent to which uric acid reduction contributed to the regression in 
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cognitive impairment is unclear, it is likely that it is linked to the improvement in the 

metabolic homeostasis. A good example is a recent clinical study showing increased 

urea metabolism in patients with AD (95). Accordingly, decreased taurine levels and 

urea metabolites are associated with a diminished risk of dementia (96). The majority of 

clinical study findings collectively agree with our results, showing significantly 

dysregulated baseline metabolites, which normalized with treatment. 

Of note, to date, a few studies aimed to identify global changes in metabolites and 

metabolic pathways in AD (15, 97, 98). Among these, some studies highlighting that 

lipid dysfunction also plays an important role in the pathophysiology of AD (99). In 

terms of lipid metabolism, significant differences in the levels of some compounds have 

been observed in patients with AD. Despite some discrepant trends in cross-sectional 

studies examining the levels of lipids in AD patients (100, 101), the plasma levels of 

sphingolipids, sphingomyelins (102, 103), acylcarnitines (104) and phosphatidylcholines 

(PC) (105–107) exhibited statistically lower concentrations in patients with AD, even in 

the preclinical stages of the disease (18). In addition, a significant correlation among 

different lipid metabolites, tau and amyloid pathology, brain atrophy and cognitive 

decline was observed in a AD human study (18). An autopsy study of frontal cortex 

metabolites from patients with AD showed that impaired glycerophospholipid 

metabolism was involved in six central metabolic pathways reported to be altered in the 

disease (108). In brief, we observed significantly increased post-therapeutic levels of 

lipid metabolites, previously reported to decrease in patients with AD, including 

sphingomyelin, carnitine and carnitine-related by-products. 

Despite insufficient clinical AD data concerning cholesterol metabolites and 

dicarboxylic acids (DCAs), we observed significantly lower levels of these metabolites 

after CMA treatment (109). Levels of pregnanediol, a metabolite of pregnenolone, and 

DCAs, end-products of β- or omega oxidation, which were observed as decreased in the 

present study, were previously reported to be lower in the urine of patients with AD 

(110, 111). Considering the neurotoxic role of bile acids, along with the oxidative 

properties of DCAs, the detection of decreased levels of bile acid metabolites and DCA 

products in the present study is therefore not surprising. Similarly, allopregnanolone has 

already been reported to result in deleterious effects on cognitive functions through 

gamma-aminobutyric acid (GABA) signalling (112). Also, increased bile acid levels 

have been reported in mild cognitive impairment (MCI) and AD. In contrast, bile acids 
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strongly inhibited the cysteine catabolic pathway in the preclinical period, resulting in 

depletion of the free cysteine pool and reduction of antioxidant glutathione 

concentrations (113). 

Although there has been no direct evidence relating plasma ascorbic acid (AA) levels to 

the pathogenesis of AD, our finding of decreased plasma levels after CMAs may be 

related to increased brain concentrations and central consumption of ascorbic acid in 

cognitively improved patients with AD. In this respect, and contrast to other metabolites, 

a direct transmission from the periphery to the brain suggested that AA might play a 

‘nourishing’ role in the brain. A direct correlation between brain levels of AA and 

dementia was eventually confirmed by a recent study showing that a high CSF: plasma 

AA ratio was a marker of a “healthier” brain, better able to cope with the 

neurodegenerative process in AD (114). 

However, despite these promising human data, plasma levels of several proteins in AD 

observed after CMA treatment in the present study were inconsistent with their 

established beneficial role under experimental conditions. For example, PSP, which 

decreased in the present study, is a novel neurotrophic factor exhibiting significant 

similarities to GDNF by exerting intense neurotrophic activity, specifically on central 

neurons (115, 116). Such discrepancies are not easily explained, even if the different 

results obtained in peripheral blood can be correlated with improved clinical status. A 

finding of decreased or increased post-therapeutic levels of these proteins in patients 

with AD may reflect a treatment-related alteration in their cellular processing in the 

central nervous system, resulting in variability in protein production and/or degradation 

in peripheral blood. In addition, controversial data have been reported regarding the 

concentrations of most of these proteins in patients with AD (102, 117–120). Also, due 

to the high heterogeneity of clinical cohorts and the restricted number of patients, the 

reproducibility of previous proteomics studies’ results is noticeably low. 

Our therapeutic data fits well with recent ROSMAP transcriptomic data in AD patients, 

showing impaired glycolysis, urea cycle, and fatty acid metabolism that was 

considerably normalized after the CMA treatment. For instance, our transcriptomic 

analysis showed increased expressions of pyruvate dehydrogenase kinase 4 (PDK4), 

carnitine palmitoyltransferase (CPT1A) and hexokinase 2 (HK2). It decreased 

expressions of acyl-CoA dehydrogenases (ACADs), ATP synthase (ATP5MGL), and 

acetyl- and acyltransferases (GCNT7, MBOAT4, GALNT17) which have been already 
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reported to link/associate with critical energetic deficiencies due to decreased glycolysis 

and lipid oxidation metabolism. Consistent with the above-mentioned expression levels, 

we observed increased metabolites in the cytosol, including carnitine, spermine, serine, 

alanine, glucose 6-phosphate, and acyl-CoA responsible for glycolytic and lipid 

metabolism-related energetic cascades. Also, our animal data confirmed the beneficial 

effects of our CMAs, showing the most substantial impacts on hyperemia, neuronal 

degeneration and necrosis in HFD animals. 

A few limitations of the study need to be considered. First, the treatment effect was 

assessed by clinical evaluation and omics-analysis. Thus, our findings warrant a clinical 

trial with neuroimaging analysis to delineate the impact of CMAs on functional and 

structural brain alterations. Second, the link between systemic and CNS alterations and 

their relations to the AD pathology, i.e., amyloid and tau aggregation, has not been 

evaluated. Thus, further amyloid or tau-based neuroimaging combined with CSF 

evaluation should be pursued. 

Further, CONSORT guidelines require comparison of outcomes between arms of the 

study, and this analysis showed no significant difference in the mean ADAS-Cog change 

in the CMA group compared to placebo. Therefore, the trial did not meet its primary 

endpoint. The trial conformed to all other CONSORT guidelines and the trend in 

ADAS-Cog improvement was reconciled by consideration of secondary endpoints. 

In summary, the human phase 2 clinical study supports the data from animal models and 

genome-scale metabolic modelling suggesting that oral administration of metabolic 

activators can improve the mitochondrial dysfunction in AD patients. The safety profile 

of metabolic activators in these patients was consistent with the results of our previous 

one-day calibration study and clinical trials, including only a single component of the 

CMAs (20). Our present study showed that CMAs was safe and well-tolerated in 

patients with AD, and no major safety concerns were identified. Importantly, CMAs 

improved cognition and serum markers in these patients after only 12 weeks of 

treatment. These findings suggest that targeting multiple pathways by metabolic 

activators is a potentially effective therapeutic strategy for AD. 
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MATERIAL AND METHODS 

Transcriptomics data analysis of the brain in AD patients 

The mRNA expression profiles of 629 AD and 704 control samples were obtained from 

the Religious Orders Study and Rush Memory Aging Project (ROSMAP) datasets (26–

28). The data has been normalized by quantile scaling, TMM normalization, Pareto 

scaling, and then limma removeBatchEffect (121). DESeq2 (122) was used to identify 

the differentially expressed genes (DEGs) with uniform size factors. Ensembl Biomart 

(123) was used to mapping different gene accession IDs or symbols. Gene set 

enrichment (GSE) was performed by using piano (124). The top 5% DEGs by DESeq2 

statistic were accepted for GSE analysis. To identify the significantly changed 

metabolites in AD, we performed the Reporter metabolite analysis based on the RAVEN 

Toolbox 2.0 reporterMetabolites function (125), which uses DEGs information through 

the network topology of the reference metabolic model. The iBrain2845 (29) genome-

scale metabolic model was used as the reference metabolic model. KEGG Pathway 

Mapper (126) was used to identify predicted changed pathways based on maps M01200, 

M01212, and M01230 

Animal study design 

12-week-old female Sprague-Dawley rats (weighing 320-380g) were kept at a controlled 

temperature of 22 ± 2°C and a controlled humidity of 50 ± 5% on a 12-hour light/dark 

cycle. Food and water were available ad libitum. The animal experiments are performed 

at Medical Experimental Research Center, Atatürk University, Erzurum, Turkey. All 

experiments for the treatment of the animals were approved by the Ethics Committee of 

Atatürk University, and were conducted following the National Institutes of Health 

Guide for Care and Use of Laboratory Animals. 

After acclimation to laboratory conditions for 1 week, rats were randomly divided into 

two dietary regimens receiving either a Chow diet (CHOW) or a high-fat diet (HFD. 

Group 1 (n=4) were fed with only regular CD for 5 weeks; Group 2 (n=4) were fed with 

CD and treated with STZ. The remaining animals in Group 3 (n=4) were fed with HFD 

for 3 weeks and sacrificed to verify the model development. Groups 4-10 were fed with 

HFD for 5 weeks. After 3 weeks, the animals in Groups 5-10 were treated with STZ and 

administered with individual or combined metabolic activators, including L-serine, 

NAC, LCAT and NR for 2 weeks. 
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Intracerebroventricular-streptozotocin (STZ) injection 

Before surgical procedures, the rats were anesthetized by intraperitoneal administration 

of ketamine–xylazine (50 mg/kg ketamine and 5 mg/kg xylazine) and placed 

individually in the stereotaxic instrument (Stoelting, Illinois, USA). Stereotaxic 

coordinates for injection were 0.8 mm posterior to the bregma, 1.5 mm lateral to the 

sagittal suture and 3.6 mm below the brain surface (127). Then, 10 μL STZ (3 mg/kg, 

Sigma-Aldrich, Darmstadt, Germany) were injected over 3 min with a Hamilton micro-

syringe into the bilateral ventricle. The injection needles were left in place for an 

additional 2 min to allow diffusion. 

CMAs administration to animals 

For carrying out the treatment experiments, the HFD rats were randomly separated into 

9 (Groups 5-10) subgroups (n=4) and all treated with 3 mg/kg STZ (10 µL, icv). Group 

5, treated only with STZ; Group 6, treated with STZ and serine (1000 mg/kg once daily 

by oral gavage); Group 7, treated with STZ and NAC (300 mg/kg once daily by oral 

gavage); Group 8, treated with STZ and LCAT (100 mg/kg once daily by oral gavage); 

Group 9, treated with STZ and NR (120 mg/kg once daily by oral gavage); Group 10, 

treated with STZ and serine (1000 mg/kg once daily by oral gavage), NAC (300 mg/kg 

once daily by oral gavage), LCAT (100 mg/kg/day) and NR (120 mg/kg once daily by 

oral gavage). 

The body weight of the rats was recorded each week (Dataset S2). After 5 weeks, all 

animals were anesthetized with isoflurane and sacrificed. Blood samples were collected 

from the abdominal aorta and centrifuged at 8000 rpm for 15 min at 4°C for blood 

biochemistry analysis using automatic chemical analyser. The internal organs, including 

the heart, adipose tissues, liver, kidney, brain, muscle, intestine (duodenum, ileum, 

jejunum), pancreas, colon and stomach were immediately removed and then snap-frozen 

in liquid nitrogen and stored at -80°C. 

Liver and brain tissue samples obtained due to the experimental procedure were fixed in 

10% buffered formalin solution for 48 hours. Following the routine tissue procedure, the 

tissues were embedded in paraffin blocks and 4 µm thick sections were taken from each 

block. Preparations prepared for histopathological examination were stained with 

hematoxylin-eosin (HE) and examined with a light microscope (Olympus BX51, 

Germany). According to histopathological findings sections were evaluated by 
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independent pathologist and scored as absent (-), very mild (+), mild (++), moderate 

(+++) and severe (++++). 

Immunohistochemical examination 

Tissue sections taken on the adhesive (poly-L-lysine) slides for immunoperoxidase 

examination were deparaffinized and dehydrated. After washing, the tissues with 

suppressed endogenous peroxidase activity in 3% H2O2 were boiled in antigen retrieval 

solution. To prevent nonspecific background staining in the sections, protein block 

compatible with all primary and secondary antibodies was dropped and incubated for 5 

minutes. Caspase 3 (Cat No: sc-56053 dilution ratio:1/100 US) for liver tissues and 8-

OH-dG (Cat No: sc-66036 dilution ratio: 1/100 US) for brain tissues was used as the 

primary antibody. 3-3’ Diaminobenzidine (DAB) chromogen was used as chromogen, 

and according to their immunopositivity, sections were evaluated by independent 

pathologist and scored as absent (-), very mild (+), mild (++), moderate (+++) and 

severe (++++). 

Immunofluorescence examination 

Tissue sections taken on the adhesive (poly-L-lysine) slides for immunoperoxidase 

examination were deparaffinized and dehydrated. After washing, the tissues with 

suppressed endogenous peroxidase activity in 3% H2O2 were boiled in antigen retrieval 

solution. To prevent nonspecific background staining in the sections, protein block 

compatible with all primary and secondary antibodies was dropped and incubated for 5 

min. For liver tissues, primary antibody 8-OHdG (Cat No: sc-66036 dilution ratio: 1/100 

US) was dropped and incubated at 37°C for 1 h. After washing, secondary FITC (Cat 

No: ab6717 dilution ratio: 1/500 UK) was dropped and incubated at 37°C for 30 min. 

The other primary antibody H2A.X (Cat No: I 0856-1 dilution ratio: 1/100 US) was 

dropped and incubated at 370C for 1 h. After washing, secondary Texas Red (Cat No: sc-

3917 dilution ratio: 1/100 US) was dropped and incubated at 37°C for 30 min. DAPI 

(Cat No: D-1306 dilution ratio:1/200 US) was dripped onto the washed tissues and 

incubated in the dark for 5 min, then glycerine was sealed. For brain tissues, primary 

antibody Caspase 3 (Cat No: sc-56053 dilution ratio: 1/100 US) was dropped and 

incubated for 1 h at 37°C. After washing, secondary FITC (Cat No: ab6717 dilution 

ratio: 1/500 UK) was dropped and incubated at 37°C for 30 min. The other primary 

antibody H2A.X (Cat No: I 0856-1 dilution ratio: 1/100 US) was dropped and incubated 
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at 37°C for 1 h. After washing, secondary Texas Red (Cat No: sc-3917 dilution ratio: 

1/100 US) was dropped and incubated at 37°C for 30 min. DAPI (Cat No: D-1306 

dilution ratio: 1/200 US) was dripped onto the washed tissues and incubated in the dark 

for 5 min, then glycerine was sealed. Sections were examined under a fluorescence 

microscope (Zeiss Germany) by an independent pathologist and, according to their 

immunopositivity evaluated as absent (-), very mild (+), mild (++), moderate (+++) and 

severe (++++). 

Clinical Trial Design and Oversight 

Patients for this randomized, double-blinded, placebo-controlled, phase 2 study were 

recruited at the Faculty of Medicine, Alanya Alaaddin Keykubat University, Antalya, 

Turkey and Faculty of Medicine, Istanbul Medipol University, Istanbul, Turkey. Written 

informed consent was obtained from all participants before the initiation of any trial-

related procedures. The safety of the participants and the risk–benefit analysis was 

overseen by an independent external data-monitoring committee. The trial was 

conducted following Good Clinical Practice guidelines and the principles of the 

Declaration of Helsinki. The ethics committee approved the study of Istanbul Medipol 

University, Istanbul, Turkey, and retrospectively registered 

at https://clinicaltrials.gov/ with Clinical Trial ID: NCT04044131. 

Participants 

Patients were enrolled in the trial if they were over 50 years of age with mild to 

moderate AD according to ADAS-cog (AD Assessment Scale-cognitive subscale; 

ADAS≥12) and the Clinical Dementia Rating Scale Sum of Boxes (CDR-SOB; 

CDR≤2). Patients who had a history of stroke, severe brain trauma, toxic drug exposure 

were excluded. The main characteristics of the patients are summarized in Dataset S3. 

The inclusion, exclusion, and randomization criteria are described in detail in the 

Supplementary Appendix. 

Randomization, Interventions, and Follow-up 

Patients were randomly assigned to receive CMAs or placebo (2:1). Patient information 

(patient number, date of birth, initials) was entered into the web-based randomization 

system, and the randomization codes were entered into the electronic case report form. 

All clinical staff were blinded to treatment, as were the participants. 
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Treatment started on the day of diagnosis. Both placebo and CMAs were provided in 

powdered form in identical plastic bottles containing a single dose to be dissolved in 

water and taken orally one dose in the morning after breakfast and one dose in the 

evening after dinner. Each dose of CMAs contained 3.73 g L-carnitine tartrate, 2.55 g N-

acetylcysteine, 1 g nicotinamide riboside chloride, and 12.35 g serine. All patients 

received one dose during the first 28 days and received two doses until Day 84. All 

patients came for a follow-up visit on Day 84. Further information is provided in the 

Supplementary Appendix. 

Outcomes 

The primary endpoint in the original protocol was to assess the clinical efficacy of 

CMAs in AD patients. For the primary purpose, the clinical differences in cognition of 

subjects receiving twelve-week treatment either with metabolic activators 

supplementation or placebo were determined. The primary analysis was on the 

difference in cognitive and daily living activity scores between the placebo and the 

treatment arms, which were assessed by Mini-Mental State Examination (MMSE), AD 

Assessment Scale-cognitive subscale (ADAS-Cog) and AD Cooperative Study - 

Activities of Daily Living (ADCS-ADL) in AD patients. The secondary aim in this 

study was to evaluate the safety and tolerability of CMAs. All protocol amendments 

were authorized and approved by the sponsor, the institutional review board or 

independent ethics committee, and the pertinent regulatory authorities. 

Number and characteristics of adverse events, serious adverse events, and treatment 

discontinuation due to CMAs were reported from the beginning of the study to the end 

of the follow-up period as key safety endpoints. The changes in vital signs baseline 

values, and the status of treatment were recorded at Day 0 and 84. A complete list of the 

end points is provided in the Supplementary Appendix. 

Proteomics Analysis 

Plasma levels of proteins were determined with the Olink panel (Olink Bioscience, 

Uppsala, Sweden). Briefly each sample was incubated with DNA-labelled antibody pairs 

(proximity probes). When an antibody pair binds to its corresponding antigens, the 

corresponding DNA tails form an amplicon by proximity extension, which can be 

quantified by high-throughput, real-time PCR. Probe solution (3 μl) was mixed with 1 μl 

of sample and incubated overnight at 4°C. Then 96 μl of extension solution containing 
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extension enzyme and PCR reagents for the pre-amplification step was added, and the 

extension products were mixed with detection reagents and primers and loaded on the 

chip for qPCR analysis with the BioMark HD System (Fluidigm Corporation, South San 

Francisco, CA). To minimize inter- and intrarun variation, the data were normalized to 

both an internal control and an interplate control. Normalized data were expressed in 

arbitrary units (Normalized Protein eXpression, NPX) on a log2 scale and linearized 

with the formula 2NPX. A high NPX indicates a high protein concentration. The limit of 

detection, determined for each of the assays, was defined as three standard deviations 

above the negative control (background). 

Untargeted Metabolomics Analysis 

Plasma samples were collected on Days 0 and 84 for nontargeted metabolite profiling by 

Metabolon (Durham, NC). The samples were prepared with an automated system 

(MicroLab STAR, Hamilton Company, Reno, NV). For quality control purposes, a 

recovery standard was added before the first step of the extraction. To remove protein 

and dissociated small molecules bound to protein or trapped in the precipitated protein 

matrix, and to recover chemically diverse metabolites, proteins were precipitated with 

methanol under vigorous shaking for 2 min (Glen Mills GenoGrinder 2000) and 

centrifuged. The resulting extract was divided into four fractions: one each for analysis 

by ultraperformance liquid chromatography– tandem mass spectrometry (UPLC-

MS/MS) with positive ion-mode electrospray ionization, UPLC-MS/MS with negative 

ion-mode electrospray ionization, and gas chromatography– mass spectrometry; one 

fraction was reserved as a backup. 

Determination of Clinical Variables Informing Response to CMA Administration 

The patient groups with low and high levels of each clinical parameter were established 

based on the median score for that clinical parameter across all patients on Day 0. 

Patients scoring at or below the median were placed in the low group; patients scoring 

above the median were placed in the high group. ADAS-Cog scores were measured over 

different time points and statistical significance was tested between time points by using 

a paired t-test. Clinical parameters were deemed informative for the response to CMAs 

if exactly one group (low or high) exhibited more statistically significant changes in 

ADAS-Cog in the CMA group than in the placebo group. 

Statistical Analysis 



 

 

SYSTEMS BIOLOGY OF DEGENERATIVE DISEASES 171 

 

Paired t-test was used to identify the differences in clinical parameters between time 

points and one-way ANOVA was used to find the shifts between CMA and placebo 

groups at each time point. For analysis of plasma metabolomics, we removed the 

metabolite profiles with more than 50% missing values across all samples. Metabolite 

changes between time points were analysed by paired t-test. Metabolite changes between 

CMA and placebo groups were analysed by one-way ANOVA. Missing values were 

removed in pairwise comparison. The p-values were adjusted by Benjamini & Hochberg 

method. Metabolites with a false-discovery rate of 5% were considered statistically 

significant. Two-sided Student’s t-tests were used for statistical analyses of plasma 

parameters in animal model, statistical significance was considered p < 0.05. 

For analysis of plasma proteomics, we removed the protein profiles with more than 50% 

missing values across all samples. Paired t-tests were used to identify the changes 

between time points and one-way ANOVA was used to identify the changes between 

different groups. p<0.01 was considered statistically significant. Spearman correlation 

analysis was used to analyse the association between CMAs and clinical parameters or 

metabolomics or proteomics. 

Generation of Multi-Omics Network 

Multi-omics network was generated based on the Spearman correlations and the 

significant associations (FDR < 0.05) are presented. The analyses were performed with 

SciPy package in Python 3.7. Centrality analysis on the network was performed using 

igraph Python. 
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FIGURES AND TABLES 

 

Figure 1. Transcriptomic analysis of brain tissue samples in ROSMAP datasets. A) 

Differential expression analysis for Alzheimer’s disease (AD) brain samples compared to 

healthy controls was performed. Differentially expressed genes (DEGs) were determined 

from gene expression values. DEGs with a p-value of 1×10-10 or smaller after Benjamini-
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Hochberg adjustment were determined statistically significant. Each point represents one 

gene. Red, significantly upregulated genes; blue, significantly downregulated genes; grey, not 

significant. B) Functional enrichment analysis was performed. Gene set enrichment analysis 

was applied on the DEGs to determine upregulated and downregulated GO terms compared to 

controls. Colour scale indicates direction of enrichment and p-value after Benjamini-

Hochberg adjustment. Significance code: *, Adj.p< 0.05. C) Carbon metabolism pathway 

analysis. Alterations to pathways were inferred from reporter metabolite analysis. Key 

reactions and pathways linking reporter metabolites (red nodes) are shown. Reactions are 

simplified and arrows may represent multiple reactions. D) Reporter metabolite analysis. 

Statistics from DEG analysis were used to infer altered metabolites based on iBrain2845, a 

functional genome-scale metabolic model of brain. Asterisks indicate statistical significance 

based on Student’s t-test. P value <0.05. 

  



 

 

SYSTEMS BIOLOGY OF DEGENERATIVE DISEASES 175 

 

 

Figure 2. Animal study. A) Rat animal groups in in vivo experiments. Group 1 (n=4) were fed 

with only regular Chow diet (CHOW) for 5 weeks; Group 2 (n=4) were fed with CHOW and 

treated with streptozotocin (STZ). The remaining animals in Group 3 (n=4) were fed with 

high fat diet (HFD) for 3 weeks and sacrificed to verify model development. Groups 4-10 

were fed with HFD for 5 weeks. After 3 weeks, the animals in Groups 5-10 were treated with 

STZ and administered with individual or combined metabolic activators, including L-serine, 

NAC, LCAT and NR for 2 weeks. B) Heatmap shows FC based alterations of the clinical 

variables in the rat study groups. Asterisks indicate statistical significance based on Student’s 

t-test. P value <0.05. TG, triglyceride; TC, total cholesterol; ALP, alkaline phosphatase; AST, 

aspartate aminotransferase; ALT, alanine aminotransferase; HDL, high-density lipoprotein; 
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LDL, low-density lipoprotein; LDH, lactate dehydrogenase. C) Histopathological, 

immunohistochemical (caspase 3) and immunofluorescence (8-OHdG and H2A.X) images of 

rat brain (right side) and liver tissue (left side). Slides evaluated by independent pathologist 

and immunopositivity scores were: absent (-), very mild (+), mild (++), moderate (+++) and 

severe (++++). 
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Figure 3. CMAs Improve ADAS-Cog scores and clinical parameters. A) Study design for 

testing the effects of CMAs in AD patients. B) Differences in ADAS-Cog scores in the CMA 

and placebo groups on Days 0, 28 and 84 are presented. Additionally, differences in ADAS-

Cog scores were analysed by stratifying the patients into high and low levels of ADAS-Cog 

groups (> 20 ADAS-Cog is high, ≤ 20 is low). As decreased ADAS-Cog score is the indicator 

of the improved cognitive function in AD patients, the ADAS-Cog scores is significantly 
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decreased on Day 28 vs Day 0 (Log2FoldChange (FC)= -0.33, (26% improvement), p-

value=0.0000003) and Day 84 vs Day 0 (Log2FC= -0.37, (29% improvement), p-

value=0.00001) in the CMA group. A slight but significant decrease was found in the placebo 

group on Day 28 vs Day 0 (Log2FC= -0.16, (12% improvement), p-value=0.009) and Day 84 

vs Day 0 (Log2FC= -0.19, (14% improvement), p-value=0.001) due to the recommendations 

of exercise and Mediterranean diet to all AD patients participated in the trial. The differences 

between clinical parameters have also been analysed by stratifying the patients into low-

scoring (mild patients) and high-scoring (severe patients) ADAS-Cog groups (>20ADAS-Cog 

score is high, ≤ 0 is low). The ADAS-Cog scores were significantly decreased on Day 28 vs 

Day 0 (Log2FC= -0.31, (24% improvement), p-value=0.002) and Day 84 vs Day 0 

(Log2FC=-0.38, (30% improvement), p-value=0.003) in the high scoring CMA group and no 

significance difference in the high-scoring placebo (p>0.05 in both time points) group. C) We 

selected ten patients from the severe (ADAS-COG > 20) CMA group with matched ADAS-

COG values to the placebo group (p-value=0.693) and present the ADAS-Cog scores. We 

recalculated the differences in ADAS-COG scores, and found significant improvement in the 

CMA group whereas no significant difference in the placebo group. D) Heatmaps shows 

log2FC based alterations of the clinical variables, which are compared before and after the 

administration of CMA in both drug and placebo groups. Asterisks indicate statistical 

significance based on Student’s t-test. p-value <0.05. Log2FC: log2(fold change). 
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Figure 4. Identification of clinical variables informative for response to CMA administration. 

A) Distribution of ADAS-Cog scores over visit number for patients with ALT ≤ 16 IU/L at 

visit 1 (upper panel) and patients with ALT > 16 IU/L at visit 1 (lower panel). B) Between-

visit changes to ADAS-Cog with various clinical variable groupings are shown. Only those 

clinical variable groupings resulting in a more significant change to ADAS-Cog in CMA 

group compared to placebo group (a p-value of 0.05 or better are shown). Colour scale 

indicates log2 fold change to ADAS-Cog between visits. Statistical significance between 

visits was determined by a paired t-test across individuals who attended both visits. Asterisks 

indicate statistical significance p< 0.05. 
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Figure 5. CMAs alter plasma metabolite levels. A) Differences in the plasma levels of 

individual CMAs including serine, carnitine, cysteine and nicotinamide are shown in the 

CMA and placebo groups on Days 0 and 84. Plasma level of B) amino acids, C) lipids and D) 

other metabolites that are significantly different between Day 84 vs Day 0 in the CMA and 
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placebo groups are presented. Adj. p< 0.05. Heatmap shows log2FC values of metabolites 

between Day 84 vs Day 0. Asterisks indicate statistical significance based on paired Student’s 

t test. Adj.p< 0.05. Log2FC: log2(fold change). 
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Figure 6. Correlation of CMAs with plasma metabolites and altered plasma protein levels. A) 

Associations between the plasma level of individual CMAs and the ten most significantly 

correlated plasma metabolites are presented. Asterisks indicate statistical significance (Adj.p < 

0.05) based on Spearman correlation analysis. Cor.Coeff: Correlation coefficient B) Heatmap 
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shows log2FC based alterations between the significantly different proteins on Day 84 vs Day 

0 in the CMA and placebo groups. Asterisks indicate statistical significance based on paired 

Student’s t test. p < 0.01. C) Integrated multi-omics data based on network analysis represents 

the neighbours of the CMAs, including serine, carnitine, nicotinamide and cysteine, and 

ADAS-Cog scores. Only analytes that are significantly altered in CMA Day 84 vs Day 0 are 

highlighted. 
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Table 1. Scoring histopathological, immunohistochemical and immunofluorescence findings 

in brain tissues and liver tissues. 

Organ Groups Hypere

mia 

Degenerat

ion in 

Neurons 

Necrosis 

in 

Neurons 

8-

OHdG 

(IHC 

Caspase 3 

(IFA 

FITC) 

H2A.X 

(IFA Texas 

Red) 

BRAIN CHOW - - - - - - 

CHOW + STZ +++ +++ +++ +++ +++ +++ 

HFD 3w +++ +++ +++ +++ +++ +++ 

HFD 5w ++++ ++++ ++++ ++++ ++++ ++++ 

HFD+STZ ++++ ++++ ++++ ++++ ++++ ++++ 

HFD+STZ+Serine +++ +++ ++ +++ +++ +++ 

HFD+STZ+NAC ++++ ++++ +++ +++ +++ +++ 

HFD+STZ+LCAT +++ +++ ++ +++ +++ +++ 

HFD+STZ+NR +++ +++ ++ +++ +++ +++ 

HFD+STZ+Serine+NA

C+LCAT+NR 

++ ++ + ++ ++ ++ 

LIVER CHOW - - - - - - 

CHOW + STZ +++ +++ +++ +++ +++ +++ 

HFD 3w +++ +++ +++ +++ +++ +++ 

HFD 5w ++++ ++++ ++++ ++++ ++++ ++++ 

HFD+STZ ++++ ++++ ++++ ++++ ++++ ++++ 

HFD+STZ+Serine +++ +++ +++ +++ +++ +++ 

HFD+STZ+NAC +++ ++++ +++ +++ +++ +++ 

HFD+STZ+LCAT +++ +++ +++ +++ +++ +++ 

HFD+STZ+NR +++ +++ ++ +++ +++ +++ 

HFD+STZ+Serine+NA

C+LCAT+NR 

+++ +++ + + ++ ++ 
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Paper IV: Machine learning analysis reveals 

biomarkers for the detection of neurological diseases 
The provided article below is adapted from the author’s submitted version of the 

manuscript which has been accepted at Frontiers in Molecular Neuroscience. 
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Abstract 
It is critical to identify biomarkers for neurological diseases (NLDs) to accelerate 

drug discovery for effective treatment of patients of diseases that currently lack such 

treatments. In this work, we retrieved genotyping and clinical data from 1223 UK 

Biobank participants to identify genetic and clinical biomarkers for NLDs, including 

Alzheimer’s disease (AD), Parkinson’s disease (PD), motor neuron disease (MND), 

and myasthenia gravis (MG). Using a machine learning modelling approach with 

Monte Carlo randomisation, we identified a panel of informative diagnostic 

biomarkers for predicting AD, PD, MND, and MG, including classical liver disease 

markers such as alanine aminotransferase, alkaline phosphatase, and bilirubin. A 

multinomial model trained on accessible clinical markers could correctly predict an 

NLD diagnosis with an accuracy of 88.3%. We also explored genetic biomarkers. In 

a genome-wide association study of AD, PD, MND, and MG patients, we identified 

single nucleotide polymorphisms (SNPs) implicated in several craniofacial disorders 

such as apnoea and branchiootic syndrome. We found evidence for shared genetic 

risk loci among NLDs, including SNPs in cancer-related genes and SNPs known to 

be associated with non-brain cancers such as Wilms tumour, leukaemia, and colon 

cancer. This indicates overlapping genetic characterisations among NLDs which 

challenges current clinical definitions of the neurological disorders. Taken together, 

this work demonstrates the value of data-driven approaches to identify novel 

biomarkers in the absence of any known or promising biomarkers. 
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Significance statement 
This study highlights the potential for data-driven, hypothesis-free mathematical 

modelling of easily measured clinical variables to identify diagnostic biomarkers for 

neurological diseases (NLDs). Prior to this study, the focus in NLD research has 

focused on toxic species such as amyloid-β and ɑ-synuclein, but this approach has 

not enjoyed success at clinical trial. Here, we studied Alzheimer’s disease, 

Parkinson’s disease, motor neuron disease, and myasthenia gravis by constructing 

and inspecting a multinomial based on demographic data, cognitive scores, and 

blood and urine biochemistry. We found that cognitive measures and enzymes 

normally implicated in liver health were important for the predictive power of the 

model. By inspecting the model, we found that model weights correctly indicated 

multiple trends reported in the literature. We therefore posit that such model 

deconstruction could be useful to guide future NLD investigation. Separately, 

genome-wide association indicated a shared risk profile among NLDs, and between 

NLDs, cancer, and craniofacial disorders. This challenges the current clinical 

definitions of NLDs and suggests that the diseases are in fact overlapping 

syndromes. 
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Introduction 
Neurological diseases (NLDs) pose a significant public health problem due to 

ageing populations and a widening global burden (Feigin et al., 2021; Nichols et al., 

2019; Ray Dorsey et al., 2018). Currently, Alzheimer’s disease (AD) is 

characterised by the accumulation of amyloid-β plaques and tau protein 

neurofibrillary tangles. These toxic species result in the destruction of cholinergic 

neurons and cause cognitive decline, leading to dementia. Parkinson’s disease (PD) 

is characterised by ɑ-synuclein inclusions in dopaminergic neurons in the substantia 

nigra, resulting in dopamine depletion and movement disorders. Motor neuron 

disease (MND) and myasthenia gravis (MG) are movement disorders that affect 

motor neurons and muscle, respectively, with MG also being an autoimmune 

disease. Individuals with PD or MND may also develop dementia.  

Despite decades of research and clinical trials, there are currently no treatments to 

reverse the damage done by NLDs. Current research has focused on toxic species 

such as amyloid-β and tau in AD and ɑ-synuclein in PD. Still, treatments derived 

from the research have been largely unsuccessful at clinical trials (Lam et al., 2020). 

Additional pharmacological and nonpharmacological targets need to be identified to 

enable early diagnosis and accelerate development of drugs and interventions to 

treat patients with NLDs effectively, and there is already great interest in this effort, 

revealing targets such as retinoid and androgen metabolism, YKL-40, AMIGO1, and 

GPRASP2; and suggesting that diet and lifestyle may also form part of an 

intervention (Baldacci et al., 2020; Bayraktar et al., 2021; Lam et al., 2021; Toschi 

et al., 2019; Zool et al., 2020). 

Biomarkers such as those mentioned above are objectively measurable biological 

characteristics that give information on disease. Biomarkers can be used to measure 

susceptibility to disease, predict or evaluate the response to an intervention or 

environmental exposure, assess severity or other characteristics of a medical 

condition, or diagnose disease or stratify individuals into disease classes or subtypes. 

They can indicate correlation between diagnostic tests and disease, and they can 

provide mechanistic insight into disease progression. In addition to the targets 

mentioned above, there is also a need for diagnostic biomarkers which might be 
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present in easily collected samples such as blood and urine. Although such analytes 

might be less likely to provide rigorous mechanistic insight into disease progression, 

the need for easy and earlier detection prevails, enabling initial screening for 

suspected disease before onset and without requiring extensive laboratory 

equipment. 

In the present study, we retrieved clinical and genotyping data from 1223 

participants in the UK Biobank with NLDs (Sudlow et al., 2015), identified 

diagnostic markers for the predictions of NLDs, and identified shared genetic 

predispositions to NLDs (Figure 1). To this end, we used the clinical data to 

construct a predictive multinomial general linear model for AD, PD, MND, and MG 

and perform genome-wide association studies (GWAS). These diseases were chosen 

in order to represent a range of brain-related pathologies and a range of better-

studied and less well-studied diseases. 

The multinomial model was constructed using Monte Carlo randomisation to select 

the optimal clinical variables to be included in the model and was able to predict 

NLD diagnosis with 88.3% accuracy. In addition to the promising true positive rate, 

inspection of the model weights correctly identified directional trends in blood and 

urine biochemistry and cognitive function that confirm previous reports in the 

literature. These included biomarkers which are normally associated with liver 

disease, such as alanine aminotransferase (ALT), alkaline phosphatase (ALP), and 

bilirubin, confirming the possibility of a role for the liver-brain axis in NLDs such as 

AD, as previously reported (Bassendine et al., 2020; Jakhmola-Mani et al., 2021). 

We also used genotype data to identify genetic predispositions to NLDs. In GWAS, 

we found hundreds of risk alleles that were shared across at least two NLDs. There 

was enrichment for single nucleotide polymorphisms (SNPs) associated with non-

brain cancers, such as Wilms tumour, leukaemia, and colon cancer; and craniofacial 

syndromes, such as apnoea and branchiootic syndrome. We identified a panel of 

nine SNPs which were present in all four NLDs studied. These included two 

homeobox genes and three genes encoding biosynthetic enzymes. The identification 

of these shared SNPs suggests that the same SNP may be indicative of susceptibility 
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to more than NLD and could potentially suggest that there exists a basal genetic 

perturbation that is linked with developing NLDs generally.  

Taken together, our work demonstrates the usefulness of data-driven approaches to 

quickly identify easily measurable diagnostic biomarkers and shared genetic risk 

loci. Our results suggest that cognitive measures and biochemical markers usually 

associated with liver diseases are informative for the prediction of NLDs, and that 

SNPs linked with non-brain cancers and craniofacial disorders may be indicative of 

multiple NLDs. We therefore recommend this data-driven approach to guide future 

investigation for the study of diseases of unknown aetiology or where promising 

biomarkers are yet unknown. 

Results 

Blood and urine biochemistry and cognitive trends inform NLD status 
We retrieved clinical data from 1223 patients with AD, PD, MND, or MG, of which 

1072 also had Affymetrix Axiom genotyping data on 820967 SNPs, from the UK 

Biobank (Supplementary Table 1). The mean age of participants with AD, PD, 

MND, and MG was 62.8, 62.1, 59.4, and 60.2, respectively, compared with 53.7 for 

control participants. The male proportions were 56.6%, 63.3%, 69.2%, and 46.6%, 

respectively, compared to 45.3% for controls. The cohort was made up of 89.5%, 

91.3%, 90.8%, and 91.4% British participants, respectively, compared with 87.1% 

British for controls. 

Patients with NLDs exhibited changes to blood and urine biochemical markers 

(Figure 2, Supplementary Table 2). Participants with AD had significantly higher 

ALT, ALP, and cystatin C levels and had the lowest performance in the cognitive 

tests. PD participants had lower ALT, albumin, apolipoprotein A (ApoA), calcium, 

cholesterol, low-density lipoprotein (LDL), and phosphate, but elevated ALP, 

bilirubin, glucose, microalbumin, sodium, and testosterone, compared to control. 

Participants with MND had significantly higher ALT, ALP, cystatin C, 

microalbumin, and testosterone compared to control, but lower ApoA. MG patients 

had decreased albumin, cholesterol, and LDL, but increased cystatin C compared to 

control. We noticed that a number of these clinical marker changes were involved in 
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markers usually associated with liver disease. Indeed, this result is consistent with 

reports associating liver-based correlates with cognitive function (Chen et al., 2021; 

Kellett et al., 2011) and movement disorders (Jeong et al., 2021; Lee & Yang, 2018; 

Zhang et al., 2021). 

All NLD patients took longer to correctly identify matches in cognitive testing than 

control. In the prospective memory test, AD patients were the most likely not to 

recall the instruction after two attempts and showed the least improvement between 

subsequent visits. This result was to be expected since AD is the disease most 

strongly associated with dementia and cognitive decline out of the four NLDs under 

investigation. 

A multinomial model classified neurological diseases and identified 

relevant biomarkers 
From the empirical results suggesting clinical marker signatures in NLDs, we next 

sought to generate a predictive model of NLD diagnosis based on those markers. We 

therefore generated a multinomial generalised linear model to predict AD, PD, 

MND, MG, and control in a single test. We selected clinical measures with good 

coverage among participants to create this model and used Monte Carlo 

randomisation to optimise the clinical measures to be included in the model (see 

Methods). The confounders in our final model can be summarised as follows: 

demographics (age, ethnicity), blood test measures (ALT, albumin, apolipoprotein 

A, calcium, cholesterol, cystatin C, LDL, phosphate, testosterone), urine test 

measures (microalbumin, sodium), and cognitive test measures (prospective memory 

test, reaction test). The multinomial model had a true positive rate of 88.3% on 

unseen data (Supplementary Table 3A). 

We performed leave-one-out cross validation to demonstrate the essentiality of each 

of the variables included in the model in terms of its contribution to predictive 

power (Supplementary Table 4A). We constructed and tested new multinomial 

models after singly omitting each clinical marker, separately. We found that the 

model was robust to single variable omission, with most models performing at 

around 87–88% accuracy. The biggest drops arose from omission of prospective 

memory result (first visit) (76.0% accuracy), age (85.8% accuracy), and testosterone 
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(87.0%). Omission of LDL, cystatin C, mean time to correctly identify matches, 

sodium, and apolipoprotein A all produced models with 87.7% accuracy. Age and 

cognition appeared to be the most important factors contributing to model accuracy. 

We inspected the coefficients assigned to each of the clinical variables included in 

the model (Supplementary Table 5A). AD was more likely to be predicted for 

patients with low ALT, apolipoprotein A, cystatin C, LDL, and urine microalbumin. 

High calcium, cholesterol, and urine sodium were also characteristics of AD 

identified by the model. AD was the disease most tightly linked to advanced age, 

and patients of British, Chinese, or Irish background, were more likely to be 

predicted to have AD by the model, as did those who took the longest to identify 

matches. PD was assigned to those patients with advanced age, low ALT, low 

apolipoprotein A, and high testosterone. People of Chinese background or any other 

Asian background were less likely to be predicted to have PD. The model assigned 

MND to those patients with high ALT calcium, cholesterol, and testosterone, but 

low apolipoprotein A and phosphate. Patients who answered the ethnicity question 

with “any other white background” were more likely to be assigned MND by the 

model. The model linked MG with high ALT and cystatin C, but low albumin and 

LDL. Patients of British background were more likely to be assigned MG, whereas 

those of Irish and those who answered “any other white background” were less 

likely. 

Across all diseases, the model applied a negative coefficient for the prospective 

memory test at the first visit, regardless of the result. Patients who took more 

attempts to recall correctly, or did not recall at all, were more likely to be assigned 

AD by the model than any other disease. Interestingly, the coefficients for PD were 

very similar regardless of the result. Together with the small coefficient given to the 

match identification test, the model suggests that cognitive measures were not very 

important for the classification of PD. In contrast, patients not recalling the 

instruction were given very negative coefficients for MND and MG, indicating that 

these patients are more likely to have a diagnosis of AD or PD instead. 

Interestingly, at the second visit, the coefficients were always lower if the patient 

took two attempts rather than one, which appeared counter-intuitive for AD. 



 

 

DOCTORAL THESIS 200 

 

However, AD also had the least negative coefficient, indicating that patients who 

took two attempts to recall the instruction at the second visit were more likely to be 

assigned AD. 

The model also identified numerous interactions with blood and urine biochemical 

levels, indicating elevated ALT in MND and MG, but decreased in AD and PD; 

sharply decreased apolipoprotein A in AD and MND, but more modest decreases in 

PD and MG; increases in calcium and cholesterol in AD, MND, and MG, but 

changes in these molecules not being significant in PD; decreases in LDL and 

phosphate in any disease, but most strikingly in MG and MND, respectively; and 

increases in sodium and testosterone in all diseases. That the model was able to 

suggest these directional changes, which could not be so clearly concluded by t-tests 

alone (Figure 2), indicates the potential for machine learning techniques to identify 

possible biomarkers for classification in the absence of an understanding by the 

model of the underlying biology. 

To determine whether biomarkers alone could predict NLD diagnoses, we repeated 

the Monte Carlo multinomial model but excluded all demographics data (that is, sex, 

age, and ethnic background) from the analysis. We found that this biomarker-only 

model was able to predict NLDs with an accuracy of 85.3%, which is comparable to 

the full model (Supplementary Table 3B), and indicates that much of the predictive 

power of the model could be explained by biomarkers alone. This is also consistent 

with the leave-one-out cross validation results on the full model (Supplementary 

Table 4A). The nine variables included in the model were alkaline phosphatase, 

glucose, mean time to correctly identify matches, urine microalbumin, phosphate, 

prospective memory result (first and third visits), testosterone, and total bilirubin. 

Similar to the full model, the biomarker-only model predicted NLDs on the basis of 

biomarkers normally associated with liver health (alkaline phosphatase, glucose, and 

total bilirubin). 

In addition, inspecting the model weights in the biomarker-only model revealed 

retained predicted effects of clinical measures on NLD prediction (Supplementary 

Table 5B). The biomarker-only model introduced four clinical measures that were 

not selected in the full model. Alkaline phosphatase was predictive for AD when 
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elevated but for MG when depleted, and glucose was predictive for MG when 

elevated but AD when depleted. Prospective memory test (third visit) was predictive 

for NLDs in a similar manner to second visit results in the full model. Total bilirubin 

was also predictive for AD when depleted. 

In leave-one-out cross validation of the biomarker-only model, model accuracy was 

not impacted by single removal of alkaline phosphatase, glucose, urine 

microalbumin, or phosphate as predictors (Supplementary Table 4B). All other 

predictors only modestly reduced the model accuracy from 85.3% to 85.1%, with 

the exception of prospective memory result (first visit), whose removal resulted in a 

model accuracy of only 66.9%. This is in line with the full model and suggests that 

simple cognitive tests are highly informative when diagnosing NLDs. 

Genome-wide association uncovered shared heritable factors between 

neurological diseases 
In the multinomial model, we identified a heritable variable, ethnicity, to predict 

neurodegeneration. Therefore, we hypothesised that there might be more heritable 

factors that could alter a person’s susceptibility to NLDs. To identify heritable 

factors, we analysed genotyping data originating from an Affymetrix Axiom array, 

which covers 836,727 SNPs (Figures 3 & 4, Supplementary Figure 1, 

Supplementary Table 6). We found significant SNPs which were also linked with 

non-brain cancers and craniofacial disorders. Many of these SNPs were found to be 

associated with more than one NLD. For example, AD, PD, and MND were all 

associated with SNPs in LAMA2, PTPN12, and SPATA7, which are implicated in 

muscular dystrophy, colon cancer, and retinitis pigmentosa, respectively. AD, PD, 

and MG all had SNPs in PTCH1 (associated with holoprosencephaly) and XKR9 

(associated with otofaciocervical syndrome). AD, MND, and MG were all 

associated with SNPs in VPS41 (associated with Wilms tumour) and CHRM3 

(associated with Eagle-Barrett syndrome). In total, we found 70 SNPs linked with at 

least three of the four NLDs under investigation. 

Considering the functions of genes affected by the SNPs we identified, we found a 

vast number of significant SNPs within genes associated with cancer, its hallmarks, 

or neurotransmission (Supplementary Data 1). An intronic SNP in the scaffold 
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protein interactor GAB2 was associated with all four diseases. A missense mutation 

in the TNFɑ response gene TNFAIP3 gene was highly associated with AD and PD, 

but not MND or MG. AD was also associated with SNPs in the cytochrome P450 

gene CYP2B6, adenylate cyclase ADCY8, and signalling gene PIK3C3 (PI3K). PD 

was highly associated with SNPs in dysferlin (DYSF), TP53, and numerous 

cytoskeleton genes such as AFAP1L1 and MYH1. MND was associated with SNPs 

in retinoblastoma protein interactor RBBP5, tumour necrosis factor family member 

TNFRSF25, and several cytoskeleton function genes, including tropomyosin TPM1 

and troponin TNNI3. MND was also associated with SNPs in spermatogenesis 

associated genes such as SPATA8 and SPAG16. MG was associated with SNPs in 

hallmarks of cancer–related genes such as the microtubule-associated tumour 

suppressor MTUS1, leukocyte-associated gene LAIR2, and Cbl proto-oncogene 

CBLB. MG was also associated with SNPs in the brain- and neuron-specific genes, 

including cerebellin 4 precursor (CBLN4), potassium channel KCNH5, adenylate 

cyclase 8 (ADCY8), and autism susceptibility candidate gene AUTS2. 

In addition to GAB2, we also identified a further eight SNPs which were associated 

with all four diseases (Figure 4, Supplementary Table 6). LINC00290, ACO1, HLA-

G, SIX1, HS6ST1, GALNT10, ONECUT1, and HLA-DRB6 were all present in the 

top 1000 SNP associations by asymptotic p-value in all four diseases. Of these, 

HLA-G, SIX1, HS6ST1, ONECUT1, and HLA-DRB6 have existing annotations in 

the Online Mendelian Inheritance in Man (OMIM) database related to brain and 

craniofacial syndromes. ACO1, HS6ST1, and GALNT10 encode biosynthetic 

enzymes, strengthening our result in the multinomial models suggesting a role for 

biochemistry-based biomarkers. SIX1 and ONECUT1 are homeobox genes. SIX1 is 

a master regulator in multiple tissues and ONECUT1 is a transcription factor of the 

liver; and are associated with the craniofacial disorders branchiootic syndrome and 

amelogenesis imperfecta, respectively. This further strengthens the proposed link 

between NLDs and other tissues, and suggests that interactions with other tissues 

may also influence craniofacial disorders, but further investigation is required to 

confirm this.   

These results indicate that the same SNPs may be associated with susceptibility to 

more than one NLD. Further, the identification of NLD risk SNPs linked with 
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cancer risk is significant as it is consistent with the reported degeneration/cancer 

antagonistic shift (Aramillo Irizar et al., 2018). The additional identification of NLD 

risk SNPs linked with craniofacial disorders suggests a potentially interesting axis of 

investigation for NLDs which is not well explored at present (Kamer et al., 2020). 

Taken together with the results from multinomial modelling, we propose a paradigm 

shift in NLD biomarker identification to focus on liver biochemistry, interactions 

with non-brain cancer, and association with craniofacial disorders.  

Discussion 
This study shows the value of big biological data in driving hypothesis-free studies 

towards the early diagnosis and prediction of genetic risk loci in NLDs. Inspired by 

empirical trends in clinical marker data (Figure 2, Supplementary Table 2), we first 

constructed a multinomial model that could predict AD, PD, MND, or MG with an 

accuracy of 88.3% (Supplementary Table 3). The clinical variables that we used to 

generate the model were selected by a Monte Carlo randomisation method, and the 

model weightings could be used to direct future NLD research. 

Regarding the multinomial model, deconstruction of the model weightings revealed 

directional machine-learned associations between clinical markers and diseases 

(Supplementary Table 5). Some of these associations have already been reported in 

the literature: for instance, our model predicted low ALT in AD, which is consistent 

with the literature (Lu et al., 2021). Our model also correctly predicted low 

apolipoprotein A in AD, PD, and MND (Mariosa et al., 2017; Qiang et al., 2013; 

Zuin et al., 2021) and elevated calcium in AD and PD (Angelova et al., 2016; Ryan 

et al., 2020; Zakharov et al., 2007). Such model deconstruction after machine 

learning therefore appears to be a useful tool for identifying biomarkers and guiding 

further investigation in a manner that is agnostic to the assumptions of the 

underlying biology. 

Leave-one-out cross validation (Supplementary Table 4A) on the model and 

assessment of non-demographic clinical markers only (Supplementary Tables 3B, 

4B, & 5B) revealed that cognitive scores were the single most important variable in 

the model in terms of predictive power. Single removal of any other variable from 

the model did not adversely impact the predictive power of the model, indicating 
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that no single variable (apart from cognitive scores) could reasonably predict NLDs. 

This, along with the Monte Carlo randomised selection of biomarkers usually 

attributed to liver health, represents a paradigm shift away from single species in 

NLD research such as amyloid-β in AD and α-synuclein in PD. 

Having also included ethnicity in the full multinomial model, we next carried out a 

GWAS to identify other heritable factors which might predispose an individual to 

NLDs (Figures 3 & 4). While we could not account for the variability in the data due 

to ethnicity, we found commonalities across all four diseases – particularly the 

appearance of SNPs associated with non-brain cancers and craniofacial disorders. 

The identification of hundreds of SNPs shared across at least two NLDs, dozens of 

SNPs shared across at least three NLDs, and nine SNPs shared across all four NLDs 

strikingly suggests some common but yet unknown genetic mechanism associated 

with NLD in general. We found a marked enrichment of SNPs annotated in the 

OMIM database to be linked with non-brain cancers and craniofacial disorders, as 

well as three SNPs in biosynthetic genes (ACO1, HS6ST1, and GALNT10) and two 

SNPs in homeobox genes (SIX1 and ONECUT1) among the nine SNPs shared by 

all four NLDs. Our GWAS results therefore suggest that the same SNPs may confer 

susceptibility to more than one NLD, and may also represent a risk factor for non-

brain cancer and craniofacial disorders. More research must be conducted to uncover 

the genetic mechanism that appears to be common to all of these conditions. 

Biomarker discovery proceeds through phases of preclinical exploration, clinical 

validation, longitudinal and retrospective study, and prospective screening. As this 

study was based on preclinical data from UK Biobank, the biomarkers proposed in 

this study are considered at the early exploratory phase and thus no direct biological 

mechanism linking them to disease is proposed. This study can be expanded by 

controlled clinical assessment of patients with or without a diagnosis of NLD for 

alterations in blood and urine biochemistry prior to a diagnosis or during the course 

of disease progression. This will also enable feasibility assessments for those 

analytes as early detection biomarkers. 

It is important to acknowledge the limitations of the study. Firstly, the multinomial 

model weightings contradicted the literature in some places. An example of this was 
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the significant negative coefficient for LDL in MND, suggesting that MND patients 

might have lower serum LDL, whereas this is reported not to be the case (Chen et 

al., 2018; Zeng & Zhou, 2019). Secondly, although the model had an accuracy of 

88.3%, it predicted some diseases better than others. Both of these limitations likely 

were due to the relatively low numbers of patients with AD, MND, and MG 

compared to PD and control. Because of this, we indicate that the model may be 

improved with the inclusion of more samples and more consistent data collection 

across all patients. This limitation, however, did not detract from the model’s 

usefulness to be deconstructed to predict biomarkers, and does not change the fact 

that any predictions from the model must be treated as a starting point for future 

validation. Thirdly, the model did not include any biomarkers from cerebrospinal 

fluid (CSF). CSF measures are potentially informative due to circulating factors 

which are not detectable in blood. However, the UK Biobank does not collect such 

data, so we could not analyse these factors in the current study. Regarding the 

GWAS, again, our investigation would have benefited with more even patient 

numbers across NLDs. The studies conducted on AD and PD samples were more 

powerful than those on MND and MG. We overcame this limitation by inspecting 

the top 1000 SNPs per NLD rather than imposing a p-value cutoff, which also 

controlled false positive discoveries in the larger AD and PD patient pools. Fourthly, 

we identified a number of liver enzymes as having potentially predictive roles in the 

model. We did not consider alcohol consumption as a possible confounder of liver 

enzyme levels although it is known that alcohol can modulate liver enzyme levels. 

The model did not preferentially select alcohol consumption over liver enzyme 

levels as a predictive model feature, but we cannot exclude the possibility that the 

variance explained by alcohol consumption was captured by the variance in liver 

enzyme levels. Further studies would be required to exclude this possibility. 

In conclusion, we propose data-driven machine learning and data exploration by 

GWAS as ideal first steps towards biomarker discovery for diseases of unknown 

aetiology or currently lacking promising biomarkers. Such data-driven approaches 

may be extended to bench experimental work and are expected to guide dynamic 

detection and quantification of target druggability, in vivo demonstration of 

mechanisms of action, and prediction of drug resistance mechanisms. In this work, 
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we demonstrated the value of a data-driven approach by identifying accessible 

blood, urine, and cognitive biomarkers in AD, PD, MND, and MG using a machine 

learning multinomial model with no knowledge of the underlying biology. This 

approach highlighted liver enzymes as potentially diagnostic biomarkers for NLDs 

and should now be targets for basic biology research in NLDs as outlined above. We 

also used GWAS to confirm shared genetic risk loci between NLDs, cancer, and 

craniofacial disorders. Although the ageing-related antagonistic switch between 

degeneration and cancer has been reported, the association between NLD and 

craniofacial disorders is a yet-untapped arena that demands further investigation. 

Methods 
Acquisition of data and inclusion criteria 
Data were obtained from UK Biobank (Sudlow et al., 2015). Samples were accepted 

as Alzheimer’s disease (AD), myasthenia gravis (MG), motor neuron disease 

(MND), or Parkinson’s disease (PD) samples if any of the respective diseases were 

recorded by UK Biobank, even if other conditions were also recorded. UK Biobank 

records conditions and diseases on a self-reporting basis. Participants are asked to 

self-report by answering the question in a UK Biobank questionnaire: “You selected 

that you have been told by a doctor that you have other (non-cancer) serious 

illnesses or disabilities, could you now tell me what they are?” Control samples were 

accepted as those without any recorded diseases (Supplementary Table 1). 

Generation of the multinomial model and leave-one-out cross 

validation 
To generate the multinomial model, standard and easily-measurable clinical data 

including demographics, sight and hearing problems, diabetes diagnosis, stroke 

diagnosis, medication and treatment, illness, operations, cognitive and mental 

measures, brain measurements, blood and urine tests, and adverse events and death 

were obtained from UK Biobank. Clinical variables were removed from the analysis 

if less than 75% of samples had a value recorded. Categorical measures with only 

one category were also removed. After quality control, 40 clinical variables 
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remained in the analysis. A separate model was also generated excluding 

demographic data. 

Monte Carlo randomisation was used to randomly sample clinical variables as 

independent variables in a multinomial model. Samples with any missing values 

across the selected clinical variables were dropped, yielding a final dataset 

consisting 37 AD, 328 PD, 17 MND, and 16 MG patients, and 823 healthy controls. 

The multinomial model was constructed using the R nnet package (version 7.3-14, 

https://cran.r-project.org/web/packages/nnet/index.html, accessed 2021-06-01). The 

dependent variable was disease. The dataset was randomly split into training (70%) 

and test sets (30%) to assess the accuracy (true positive rate) of the model on test set 

data. The model with the highest accuracy after 1000 random samplings was 

accepted for further consideration. 

To find the model with the local maximum accuracy, clinical variables not in the 

model were added, and clinical variables already in the model were removed, 

individually. If, after each model change, the model's accuracy improved, then that 

change was kept; if otherwise, then that change was reverted. The final dataset 

contained 16 features (Supplementary Table 4A). 

To perform leave-one-out cross validation on the multinomial model, variables were 

singly removed from the model, separately, and multinomial models were 

constructed and tested, as above. 

Genotyping analysis 
Raw genome-wide genotyping data were obtained from the UK Biobank Axiom 

Array. Axiom Analysis Suite (version 5.1.1, ThermoFisher, accessed 2021-06-01) 

was used to perform quality control and analysis on the raw data to determine 

patient genotypes at each single nucleotide polymorphism (SNP), using the Best 

Practices Workflow. Allele frequencies were computed from genotype data for each 

disease class. To detect significant differences in allele frequencies between disease 

and control, Cochran-Armitage trend tests were performed assuming a codominant 

allele model. The test statistics, exact p-values, and asymptotic p-values were 

recorded. CATTexact (version 0.1.1, https://cran.r-

project.org/web/packages/CATTexact/index.html, accessed 2021-06-01) R package 
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was used for the computation of Cochran-Armitage p-values (Mehta et al., 1992). 

qqman (version 0.1.8, https://cran.r-project.org/web/packages/qqman/index.html, 

accessed 2021-06-01) R package was used to plot the Manhattan and quantile-

quantile plots. The top 1000 SNPs by asymptotic p-value for each NLD were 

accepted for further visualisation in a Venn diagram. ggvenn (version 0.1.9, 

https://cran.r-project.org/web/packages/ggvenn/index.html, accessed 2022-03-31) R 

package was used to plot the Venn diagram. All bioinformatic and statistical 

analyses were performed in R (version 4.0.2) unless otherwise indicated. 
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Figure 1. Study overview. From UK Biobank participants, Alzheimer’s disease, 

Parkinson’s disease, motor neuron disease, and myasthenia gravis clinical and 

genotype data were obtained. The clinical data were used to train a predictive model 

of neurological diseases. The model was deconstructed to reveal predictors of 

disease relating to demographics, cognitive scores, and liver health biomarkers. The 

genotype data were used to perform genome-wide association studies. This analysis 

revealed nine genetic risk loci that were shared among all four neurological diseases. 
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Figure 2. Distribution of clinical measures by diagnosis. A) Age when attended 

assessment centre. B) Alanine aminotransferase. C) Albumin. D) Alkaline 

phosphatase. E) Apolipoprotein A. F) Calcium. G) Cholesterol. H) Cystatin C. I) 
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Glucose. J) LDL direct. K) Mean time to correctly identify matches. L) 

Microalbumin in urine. M) Phosphate. N) Sodium in urine. O) Testosterone. P) 

Total bilirubin. Q) Ethnic background. R) Prospective memory result (first visit). S) 

Prospective memory result (second visit). T) Prospective memory result (third visit). 

Data represent all participants, including those whose samples which were not used 

in the training or testing of the multinomial model. AD, Alzheimer’s disease (n = 

152); PD, Parkinson’s disease (n = 948); MND, motor neuron disease (n = 65); MG, 

myasthenia gravis (n = 58); Control (n = 116559). Mean comparisons were 

performed using t-tests after log transformation (except for age). *, p ≤ 0.05; **, p ≤ 

0.01; ***, p ≤ 0.001; ****, p ≤ 0.0001; ns, p > 0.05. 
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Figure 3. Genome-wide association with A) Alzheimer’s disease, B) Parkinson’s 

disease, C) motor neuron disease, and D) myasthenia gravis in the Affymetrix 

Axiom Biobank Array. Dashed red lines and red points indicate SNPs which 

appeared in the top 1000 associations by asymptotic Cochran-Armitage trend test p-

value in all four neurological diseases. 
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Figure 4. Distribution of shared SNPs across neurological diseases. The top 1000 

SNPs identified by genome-wide association study with Alzheimer’s disease (AD), 

Parkinson’s disease (PD), motor neuron disease (MND), and myasthenia gravis 

(MG) were inspected for overlap across multiple diseases. Numbers indicate number 

of SNPs shared between diseases. 

  



 

 

SYSTEMS BIOLOGY OF DEGENERATIVE DISEASES 215 

 

SI figures and tables 

 

Supplementary Figure 1. Normal quantile-quantile plots of A) Alzheimer’s disease, 

B) Parkinson’s disease, C) motor neuron disease, and D) myasthenia gravis SNPs in 

the Affymetrix Axiom Biobank Array. All p-values are asymptotic Cochran-

Armitage trend test p-values. 
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Supplementary Table 1. Characteristics of UK Biobank NDD dataset 

Disease Total With 

genotyping 

data 

AD 152 129 

PD 948 832 

MND 65 60 

MG 58 51 

Control 116559 446 

Total 

(excluding 

controls) 

1223 1072 
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Supplementary Table 2. Summary statistics of UK Biobank NDD dataset 

Clinical marker Disease Mean 95% CI p-value (t-

test)* 

Age when attended 

assessment centre 

[y] 

AD 62.77 61.86 63.68 2.17 × 10-43 

PD 62.13 61.79 62.48 1.80 × 10-255 

MND 59.40 57.78 61.02 1.92 × 10-9 

MG 60.17 58.50 61.84 2.12 × 10-10 

Control 53.74 53.69 53.78  

Alanine 

aminotransferase 

[U/L] 

AD 24.06 21.81 26.31 0.030 

PD 20.81 19.75 21.87 1.20 × 10-5 

MND 28.21 24.80 31.62 1.82 × 10-4 

MG 24.59 19.68 29.50 0.402 

Control 22.07 21.99 22.14  

Albumin [g/L] AD 45.30 44.87 45.74 0.571 

PD 44.64 44.47 44.81 8.21 × 10-17 

MND 45.40 44.81 45.99 0.951 

MG 44.41 43.74 45.07 5.61 × 10-3 

Control 45.43 45.42 45.45  

Alkaline 

phosphatase [U/L] 

AD 4.40 4.36 4.44 0.014 

PD 4.42 4.40 4.44 1.07 × 10-13 

MND 4.42 4.35 4.49 0.044 

MG 4.28 4.20 4.37 0.146 

Control 4.35 4.34 4.35  

Apolipoprotein A 

[g/L] 

AD 1.55 1.50 1.59 0.531 

PD 1.48 1.47 1.50 4.53 × 10-16 

MND 1.47 1.41 1.53 0.0144 

MG 1.58 1.51 1.65 0.590 

Control 1.56 1.56 1.56  

Calcium [mmol/L] AD 2.38 2.36 2.39 0.977 

PD 2.35 2.35 2.36 1.21 × 10-13 

MND 2.39 2.37 2.42 0.225 

MG 2.36 2.34 2.39 0.255 

Control 2.38 2.38 2.38  

Cholesterol 

[mmol/L] 

AD 5.70 5.52 5.88 0.0814 

PD 5.37 5.30 5.44 2.92 × 10-33 

MND 5.64 5.42 5.85 0.115 

MG 5.48 5.17 5.80 0.0203 

Control 5.85 5.84 5.86  

Cystatin C [mg/L] AD 0.94 0.91 0.96 1.03 × 10-7 

PD 0.96 0.94 0.97 8.85 × 10-52 

MND 0.96 0.91 1.00 3.22 × 10-4 

MG 0.99 0.94 1.04 2.92 × 10-6 
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Control 0.87 0.87 0.87  

Glucose [mmol/L] AD 1.61 1.59 1.63 0.056 

PD 1.64 1.63 1.65 3.76 × 10-17 

MND 1.62 1.58 1.67 0.165 

MG 1.64 1.58 1.70 0.112 

Control 1.59 1.59 1.59  

LDL direct 

[mmol/L] 

AD 3.57 3.43 3.71 0.125 

PD 3.36 3.30 3.41 1.50 × 10-25 

MND 3.57 3.41 3.72 0.399 

MG 3.34 3.12 3.57 6.54 × 10-3 

Control 3.67 3.66 3.67  

Mean time to 

correctly identify 

matches [ms] 

AD 693.30 654.25 732.35 5.15 × 10-14 

PD 591.66 583.36 599.96 2.99 × 10-34 

MND 579.71 551.68 607.74 6.22 × 10-3 

MG 588.43 555.41 621.45 3.54 × 10-3 

Control 544.18 543.55 544.81  

Microalbumin in 

urine [mg/L] 

AD 24.03 15.01 33.05 0.212 

PD 28.70 21.01 36.39 4.04 × 10-3 

MND 31.02 23.76 38.28 0.0314 

MG 23.48 15.09 31.87 0.261 

Control 20.92 20.47 21.38  

Phosphate 

[mmol/L] 

AD 1.18 1.16 1.21 0.106 

PD 1.14 1.13 1.15 7.17 × 10-3 

MND 1.14 1.11 1.18 0.566 

MG 1.15 1.10 1.20 0.619 

Control 1.16 1.16 1.16  

Sodium in urine 

[mmol/L] 

AD 74.39 67.77 81.02 0.447 

PD 89.43 86.57 92.29 6.70 × 10-19 

MND 74.53 64.05 85.01 0.562 

MG 75.38 63.24 87.51 0.466 

Control 78.48 78.22 78.74  

Testosterone 

[nmol/L] 

AD 7.19 6.29 8.10 0.114 

PD 8.47 8.08 8.85 1.86 × 10-20 

MND 8.83 7.38 10.28 1.53 × 10-4 

MG 7.63 6.05 9.21 0.174 

Control 6.66 6.62 6.70  

Total bilirubin 

[µmol/L] 

AD 2.14 2.08 2.21 0.990 

PD 2.20 2.18 2.23 2.14 × 10-5 

MND 2.13 2.03 2.24 0.852 

MG 2.15 2.04 2.25 0.955 

Control 2.14 2.14 2.15  

*Except for age, t-tests were performed after log transformation 
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 AD PD MND MG Control 

 Freq % Freq % Freq % Freq % Freq % 

Ethnic background 

African 0 0.00 2 0.21 0 0.00 0 0.00 984 0.85 

Any other Asian 

background 0 0.00 3 0.32 0 0.00 0 0.00 479 0.41 

Any other Black 

background 0 0.00 0 0.00 0 0.00 0 0.00 22 0.02 

Any other mixed 

background 1 0.66 0 0.00 0 0.00 0 0.00 234 0.20 

Any other white 

background 3 1.97 23 2.43 2 3.08 2 3.45 4390 3.78 

Asian or Asian 

British 0 0.00 0 0.00 0 0.00 0 0.00 9 0.01 

Bangladeshi 0 0.00 0 0.00 0 0.00 0 0.00 53 0.05 

Black or Black 

British 0 0.00 0 0.00 0 0.00 0 0.00 5 0.00 

British 136 89.47 864 91.33 59 90.77 53 91.38 101087 87.10 

Caribbean 1 0.66 5 0.53 1 1.54 1 1.72 1018 0.88 

Chinese 1 0.66 2 0.21 1 1.54 0 0.00 566 0.49 

Do not know 0 0.00 0 0.00 0 0.00 0 0.00 55 0.05 

Indian 3 1.97 8 0.85 0 0.00 0 0.00 1408 1.21 

Irish 5 3.29 23 2.43 0 0.00 1 1.72 3053 2.63 

Mixed 0 0.00 0 0.00 0 0.00 0 0.00 13 0.01 

Other ethnic group 1 0.66 5 0.53 0 0.00 1 1.72 1231 1.06 

Pakistani 0 0.00 1 0.11 0 0.00 0 0.00 430 0.37 

Prefer not to answer 1 0.66 4 0.42 1 1.54 0 0.00 400 0.34 

White 0 0.00 3 0.32 0 0.00 0 0.00 115 0.10 

White and Asian 0 0.00 3 0.32 0 0.00 0 0.00 227 0.20 

White and Black 

African 0 0.00 0 0.00 1 1.54 0 0.00 118 0.10 

White and Black 

Caribbean 0 0.00 0 0.00 0 0.00 0 0.00 160 0.14 

Prospective memory result (first visit) 

Correct recall on 

first attempt 25 42.37 222 71.61 20 76.92 16 84.21 28604 78.35 

Correct recall on 

second attempt 18 30.51 60 19.35 6 23.08 2 10.53 6319 17.31 

Instruction not 

recalled, either 

skipped or incorrect 16 27.12 28 9.03 0 0.00 1 5.26 1584 4.34 

Prospective memory result (second visit) 

Correct recall on 

first attempt 8 53.33 48 75.00 6 75.00 1 50.00 1171 86.48 

Correct recall on 

second attempt 3 20.00 16 25.00 2 25.00 0 0.00 153 11.30 
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Instruction not 

recalled, either 

skipped or incorrect 4 26.67 0 0.00 0 0.00 1 50.00 30 2.22 

Prospective memory result (third visit) 

Correct recall on 

first attempt 6 35.29 51 69.86 10 76.9 6 100.00 4662 84.17 

Correct recall on 

second attempt 4 23.53 16 21.92 2 15.38 0 0.00 662 11.95 

Instruction not 

recalled, either 

skipped or incorrect 7 41.18 6 8.22 1 7.69 0 0.00 215 3.88 
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Supplementary Table 3A. Prediction of training and test sets with the multinomial 

model 

Training set 

 Actual diagnosis  

Predicted 

diagnosis 

AD PD MND MG Control Totals 

AD 5 1 0 0 3 9 

PD 13 170 7 5 8 203 

MND 0 0 0 0 0 0 

MG 0 0 0 1 0 1 

Control 8 59 5 5 565 642 

Totals 26 230 12 11 576 855 

Test set 

 Actual diagnosis  

Predicted 

diagnosis 

AD PD MND MG Control Totals 

AD 1 0 1 0 0 2 

PD 8 75 2 3 1 89 

MND 0 1 0 0 0 1 

MG 0 0 0 1 0 1 

Control 2 22 2 1 246 273 

Totals 11 98 5 5 247 366 
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Supplementary Table 3B. Prediction of training and test sets with the multinomial 

model excluding demographic measures 

Training set 

 Actual diagnosis  

Predicted 

diagnosis 

AD PD MND MG Control Totals 

AD 1 2 0 0 0 3 

PD 8 150 7 6 3 174 

MND 0 0 0 0 0 0 

MG 0 0 0 0 0 0 

Control 17 78 6 5 579 685 

Totals 26 230 13 11 582 862 

Test set 

 Actual diagnosis  

Predicted 

diagnosis 

AD PD MND MG Control Totals 

AD 1 0 0 0 0 1 

PD 8 65 2 2 1 78 

MND 0 1 0 0 0 1 

MG 0 0 0 0 0 0 

Control 2 32 3 3 248 288 

Totals 11 98 5 5 249 368 
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Supplementary Table 4A. Leave-one-out cross validation of the multinomial model 

Variable left out Accuracy 

None 0.8825 

Age when attended assessment centre 0.8579 

Alanine aminotransferase 0.8825 

Albumin 0.8798 

Apolipoprotein A 0.8770 

Calcium 0.8825 

Cholesterol 0.8798 

Cystatin C 0.8770 

Ethnic background 0.8798 

LDL direct 0.8770 

Mean time to correctly identify matches 0.8770 

Microalbumin in urine 0.8825 

Phosphate 0.8825 

Prospective memory result (first visit) 0.7596 

Prospective memory result (second visit) 0.8825 

Sodium in urine 0.8770 

Testosterone 0.8699 

 

Supplementary Table 4B. Leave-one-out cross validation of the multinomial model 

when excluding demographic measures 

Variable left out Accuracy 

None 0.8533 

Alkaline phosphatase 0.8533 

Glucose 0.8533 

Mean time to correctly identify matches 0.8505 

Microalbumin in urine 0.8533 

Phosphate 0.8533 

Prospective memory result (first visit) 0.6685 

Prospective memory result (third visit) 0.8505 

Testosterone 0.8505 

Total bilirubin 0.8505 
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Supplementary Table 5A. Coefficients of the multinomial generalised linear model. 

 
        

 
Intercept 

Age when 

attended 

assessment 

centre [y] 

Alanine 

aminotransf

erase [U/L] 

Albumin 

[g/L] 

Apolipoprotein 

A [g/L] 

Calcium 

[mmol/L] 

Cholesterol 

[mmol/L] 

Cystatin C 

[mg/L] 

AD -42.91 0.24 -8.45 × 10-3 0.16 -3.70 3.18 1.91 -0.81 

PD 7.82 0.17 -8.71 × 10-3 0.05 -1.82 0.15 0.00 0.78 

MND -1.34 0.13 4.76 × 10-3 -0.05 -2.53 2.37 2.19 -0.62 

MG -20.01 0.10 5.81 × 10-3 -0.11 -0.60 1.48 1.82 4.64 

 
Ethnic background 

 
African British Caribbean Chinese Indian Irish 

White and 

Asian 

Any other Asian 

background 

AD -16.51 57.11 -31.42 61.05 -12.45 57.24 -13.62 -27.57 

PD 29.52 28.88 27.92 -16.01 29.73 29.21 30.89 -23.03 

MND -8.03 37.11 -14.60 -4.80 -5.56 -23.95 -11.28 -12.03 

MG -2.45 54.63 -5.05 0.42 0.17 -17.48 -9.75 -0.60 

 
Ethnic background     

Prospective 

memory result 

(first visit) 

 

Any other 

white 

background 

Other 

ethnic 

group 

Prefer not 

to answer 

LDL 

direct 

[mmol/L] 

Mean time to 

correctly 

identify 

matches [ms] 

Microalbu

min in 

urine 

[mg/L] 

Phosphate 

[mmol/L] 

Correct recall 

on first attempt 

AD -28.14 -38.01 -20.28 -2.84 4.76 × 10-3 -3.84 × 10-3 -0.11 -45.39 

PD 28.18 10.05 -27.68 -1.01 8.34 × 10-4 9.75 × 10-4 -0.66 -46.37 

MND 38.48 -32.02 40.74 -3.70 2.78 × 10-3 1.98 × 10-3 -3.00 -45.38 

MG -16.76 -16.96 -1.95 -3.92 2.47 × 10-3 -3.36 × 10-5 -0.82 -45.15 

 

Prospective memory result 

(first visit) 

Prospective memory 

result (second visit)   
  

 

Correct 

recall on 

second 

attempt 

Instruction 

not recalled, 

either 

skipped or 

incorrect 

Correct 

recall on 

first 

attempt 

Correct 

recall on 

second 

attempt 

Sodium in urine 

[mmol/L] 

Testostero

ne 

[nmol/L] 
  

AD -45.21 -43.30 2.89 -29.00 0.0113 0.0049 
  

PD -46.22 -46.54 0.96 -30.93 0.0108 0.0187 
  

MND -45.21 -87.36 3.67 -72.33 0.0062 0.0247   

MG -45.79 -75.11 -40.22 -72.16 0.0125 0.0171   
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Supplementary Table 5B. Coefficients of the multinomial generalised linear model 

when trained without demographics data. 

 
Intercept 

Alkaline 

phosphatase 

[U/L] Glucose [mmol/L] 

Mean time to 

correctly identify 

matches [ms] 

Microalbumin 

in urine 

[mg/L] Phosphate [mmol/L] 

AD 16.45 1.42 × 10-2 -0.36 6.78 × 10-3 -1.78 × 10-3 -0.26 

PD 17.95 8.27 × 10-3 0.26 3.29 × 10-3 1.62 × 10-3 -0.25 

MND 15.12 1.84 × 10-2 0.28 4.77 × 10-3 6.73 × 10-3 -1.97 

MG 14.52 -9.16 × 10-3 0.43 4.65 × 10-3 -3.41 × 10-2 0.37 

 
Prospective memory result (first visit) Prospective memory result (third visit) 

 

Correct recall 

on first 

attempt 

Correct recall 

on second 

attempt 

Instruction not 

recalled, either 

skipped or incorrect 

Correct recall on 

first attempt 

Correct recall 

on second 

attempt 

Instruction not 

recalled, either skipped 

or incorrect 

AD -22.83 -22.33 -21.06 1.18 -6.22 -22.26 

PD -23.91 -23.65 -24.46 0.09 -9.29 -12.81 

MND -23.52 -22.92 -61.28 0.97 -26.32 -26.97 

MG -22.90 -23.70 -22.92 1.33 -26.67 -36.48 

 

Testosterone 

[mmol/L] 

Total 

bilirubi

n 

[µmol/L

] 

AD 9.76 × 10-3 -0.098 

PD 5.31 × 10-2 -0.018 

MND 8.91 × 10-3 -0.023 

MG 1.09 × 10-1 -0.088 
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Supplementary Table 6. Shared SNPs identified by genome-wide association studies 

in at least three neurological diseases. 

Affymetrix SNP 

ID 

dbSNP RS 

ID 

Associated gene OMIM annotation 

AD + PD + MND + MG (9 SNPs) 

Affx-6002267 rs7109780 GAB2 N/A 

Affx-24035197 rs74357320 LINC00290 N/A 

Affx-37460503 rs78987863 ACO1 N/A 

Affx-28411577 N/A HLA-G Asthma 

Affx-35916822 rs75129440 SIX1 Branchiootic syndrome; Deafness 

Affx-36372749 rs74725337 HS6ST1 Hypogonadotropic hypogonadism 

Affx-25896904 rs11954189 GALNT10 N/A 

Affx-11689538 rs11070930 ONECUT1 Amelogenesis imperfecta 

Affx-28483230 rs36214709 HLA-DRB6 N/A 

AD + PD + MND (26 SNPs) 

Affx-13427189 rs72809485 ZC3H18 N/A 

Affx-37147036 rs117265661 LAMA2 Muscular dystrophy 

Affx-31386906 rs72675959 TRPS1 Trichorhinophalangeal syndrome 

Affx-2949815 rs61847486 PIP4K2A N/A 

Affx-34334471 rs10868716 SPATA31C2 N/A 

Affx-30906527 rs75731297 PTPN12 Colon cancer 

Affx-28174149 rs35018945 TCP10 N/A 

Affx-3592936 rs12415301 PCBD1 Hyperphenylalaninemia 

Affx-16808519 rs12624500 SULF2 N/A 

Affx-11960689 rs7167705 LOXL1 Exfoliation syndrome 

Affx-30291699 rs73687409 CHN2 N/A 

Affx-28436162 N/A DDR1 N/A 

Affx-2829210 rs118164677 ADARB2 N/A 

Affx-12378781 rs17675037 SNX29 N/A 

Affx-4325871 rs7125270 

TRIM29 Orofacial cleft; Cleft lip/palate-ectodermal dysplasia 

syndrome 

Affx-2527556 rs76759472 GPAM N/A 

Affx-11085914 rs75517467 SPATA7 Retinitis pigmentosa; Leber congenital amaurosis 

Affx-21725390 rs1351752 TBL1XR1 N/A 

Affx-9625325 rs11840901 PCDH9 N/A 

Affx-37379166 rs77875439 STAU2 N/A 

Affx-22420864 rs67895930 DOCK3 N/A 

Affx-10898469 rs11624916 ACOT2 N/A 

Affx-13293139 rs76924295 CMIP N/A 

Affx-35631741 rs112947130 OR4A47 N/A 

Affx-7393142 rs60140646 SLCO1C1 N/A 

Affx-29199142 rs599903 HTR1E N/A 



 

 

SYSTEMS BIOLOGY OF DEGENERATIVE DISEASES 227 

 

AD + PD + MG (13 SNPs) 

Affx-36971881 rs116542297 LOC100133050 N/A 

Affx-21140237 rs76149190 EFCC1 N/A 

Affx-36670753 rs114373863 ZBTB20 N/A 

Affx-18615618 rs12987681 DNAJC10 N/A 

Affx-26144353 rs17076822 HMP19 N/A 

Affx-34429450 rs2571346 PTCH1 Holoprosencephaly; Basal cell carcinoma; Basal cell 

nevus syndrome 

Affx-36710670 rs114861488 BCHE Apnoea 

Affx-24011624 rs57948928 LINC00290 N/A 

Affx-16041342 rs73543247 PTPRS N/A 

Affx-36393504 rs77796272 NR4A2 N/A 

Affx-4132155 rs11226859 GRIA4 N/A 

Affx-32549442 rs3103852 XKR9 Otofaciocervical syndrome; Branchiootic syndrome; 

Anterior segment anomalies; Branchiootorenal 

syndrome 

Affx-14272718 rs76831832 FLJ37644 Campomelic dysplasia 

AD + MND + MG (16 SNPs) 

Affx-30422455 rs117218839 VPS41 Wilms tumour susceptibility 

Affx-29251151 rs78474144 MAP3K7 N/A 

Affx-11505077 rs80243908 TMCO5A N/A 

Affx-7921171 rs4658397 MAP1LC3C N/A 

Affx-12105511 rs117254097 KLHL25 N/A 

Affx-10143080 rs12589461 MIR203 N/A 

Affx-28360450 rs75984220 BTN3A2 N/A 

Affx-36729375 rs115672303 LPP Lipoma; Leukaemia, acute myeloid 

Affx-29549468 rs73211904 ST7 N/A 

Affx-36781522 rs116617775 GNPDA2 N/A 

Affx-33435971 rs72706624 PSIP1 N/A 

Affx-7824085 rs77078859 CHRM3 Eagle-Barrett syndrome 

Affx-34329363 rs72749767 CTSL3P N/A 

Affx-25331745 rs115455317 FBXL17 N/A 

Affx-33426548 rs62534834 SMARCA2 Nicolaides-Baraitser syndrome 

Affx-6287573 rs495344 NOX4 N/A 

PD + MND + MG (6 SNPs) 

Affx-28184785 rs79097477 FRMD1 N/A 

Affx-35812286 rs76152173 FGF9 Multiple synostoses syndrome 

Affx-26957921 rs77838597 ANKRD31 N/A 

Affx-36511074 rs79777109 CDH4 N/A 

Affx-7008747 rs10849798 SPPL3 N/A 

Affx-36416342 rs79916736 CALCRL N/A 
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Abstract 
Lipodystrophy is a rare degenerative disorder characterised by the total or near-total 

loss of adipose cells. Individuals with lipodystrophy often have metabolic 

abnormalities, such as leptin deficiency and heightened de novo lipogenesis. 

Accumulation of fat in the liver can lead to nonalcoholic fatty liver disease and 

nonalcoholic steatohepatitis (NASH). This is a major health problem and liver 

complications occur in over 70% of lipodystrophy patients. 

Congenital generalised lipodystrophy (CGL) is birth-onset and has been linked to 

mutations in the AGPAT2 and BSCL2 genes. Clinical presentations of AGPAT2 and 

BSCL2 lipodystrophy patients are heterogeneous, but important differences, such as 

onset of bone cysts, diabetes, and liver complications have been identified. Here, we 
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used an omics approach to molecularly profile AGPAT2 and BSCL2 patients and to 

identify molecular differences with NASH patients without lipodystrophy. Our 

findings show differential methylation of the liver X receptor gene OSBLP9 and 

upregulation of de novo lipogenesis genes SCD and ME1 in CGL compared to 

NASH. These results indicate a role for sterol signalling in the onset of NASH in 

CGL patients, and suggests that the CGL NASH phenotype may represent one 

subclass of heterogeneous NASH. 
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Introduction 
Congenital generalised lipodystrophies (CGLs) are a group of rare heterogeneous 

degenerative disorders characterised by total or near-total loss of adipose tissue. 

Hallmarks of CGL include loss of adipocytokines such as leptin, a muscular 

appearance due to the loss of adipose tissue, and increased de novo lipogenesis. It 

has been shown that genetic mutations in the AGPAT2 and BSCL2 genes are 

causative for the vast majority of CGL cases (Agarwal et al., 2004; Magré et al., 

2003). AGPAT2 encodes an enzyme involved in de novo phospholipid biosynthesis, 

whereas BSCL2 encodes seipin, a protein involved in lipid droplet formation. CAV1 

and CAVIN1 (PTRF) mutations are also linked to a smaller proportion of CGL cases 

(Kim et al., 2008; Shastry et al., 2010). CAV1 and CAVIN1 encode protein products 

involved in caveolae formation. CGL differs from acquired generalised 

lipodystrophy, which does not have a direct genetic cause, but rather is caused by 

autoimmune disorders or can be idiopathic. 

Individuals with CGL commonly have organ complications, the most common of 

which being the liver (Akinci et al., 2019) with over 70% of patients developing 

complications. These complications are due to ectopic fat accumulation leading 

from increased de novo lipogenesis, which can progress to nonalcoholic fatty liver 

disease (NAFLD) and eventually nonalcoholic steatohepatitis (NASH) and hepatic 

cirrhosis (Polyzos et al., 2019). 

Diabetes, fatty liver diseases such as NAFLD and NASH, and other obesity-

associated conditions are sometimes called the silent epidemic due to their high 

global burden but uncorrespondingly low levels of public and scientific attention 

according to its severity (Rippe, 2021). The global prevalence of NAFLD is 24% 

(Younossi et al., 2017), and this share stands to increase as the silent epidemic of 

obesity deepens. However, NAFLD encompasses a range of conditions, including 

fibrosis, steatosis, cirrhosis, and hepatocellular carcinoma. It is a broadly defined 

disease with a wide set of presentations and manifestations, and is clinically and 

molecularly heterogeneous (Eslam et al., 2018). 

Systems biology approaches using multi-omics have been effective in the past to 

study heterogeneous liver diseases. Here, we examined the methylome and 
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transcriptome, the full complement of DNA methylation states and RNA expression, 

respectively, of individuals with NASH, AGPAT2 lipodystrophy, and BSCL2 

lipodystrophy. Briefly, our findings point to a role for sterol signalling via the lipid 

X receptor (LXR) encoded by OSBLP9, which we identified in differential 

methylation study. LXR signalling is accomplished via sterol group binding, which 

is driven by de novo lipogenesis genes such as SCD and ME1, which we identified 

as significantly upregulated in CGL compared to NASH in differential gene 

expression analysis. Taken together, these results may be interpreted as being a 

single subset of heterogeneous NASH which is converged upon in CGL. If proven 

true, then the implications of this result include the possibility for precision therapy 

for NASH patients who also have CGL.  
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Methods 

DNA methylation analysis 
From liver samples of four individuals with AGPAT2 lipodystrophy, four with 

BSCL2 lipodystrophy, twelve with NASH, and four healthy individuals, DNA 

methylation intensities at 833,136 methylation sites were determined by 

MethylationEPIC array (Infinium). Raw intensities were analysed and quality 

controlled with minfi (version 1.36.0) (Aryee et al., 2014; Fortin et al., 2017). 

Differential methylation was quantified pairwise between all disease states using 

limma (version 3.46.0) (Ritchie et al., 2015). Differential methylation within 

promoter regions and enriched GO terms was determined with mCSEA (version 

1.14.0) (Martorell-Marugán et al., 2019) and missMethyl (version 1.28.0) (Phipson 

et al., 2016), respectively. Sites and promoters were considered significantly 

differentially methylated if they displayed a p-value of 0.05 or smaller after 

Benjamini-Hochberg adjustment. Revigo (http://revigo.irb.hr/, accessed 15-10-2021) 

(Supek et al., 2011) was used to remove redundant GO terms. Differential 

methylation of promoters was used to determine differentially active transcription 

factors using TRANSFAC and JASPAR gene regulatory networks obtained from 

Enrichr (https://maayanlab.cloud/Enrichr/, accessed 15-04-2021) (Chen et al., 2013; 

Kuleshov et al., 2016). 

Gene expression analysis 
From gene expression counts of four AGPAT2 lipodystrophy, fourteen NASH, and 

two healthy samples, DESeq2 (version 1.30.1) (Love et al., 2014) was used to 

determine differentially expressed genes (DEGs) between all pairs of disease states. 

DEGs were analysed using piano (version 2.6.0) (Väremo et al., 2013) to identify 

up- and down-regulated enriched GO terms. Differentially expressed genes and 

enriched GO terms were considered statistically significant if they displayed a p-

value of 0.05 or smaller after Benjamini-Hochberg adjustment. Revigo was used to 

remove redundant GO terms. 
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Additional analysis and visualisation 
Molecular similarity between each pair of disease states was estimated by inspecting 

p-values obtained from analysis of differentially methylated probes, differentially 

methylated promoters, and differentially expressed genes. 

Circos visualisations were generated using circlize (version 0.4.13). 

All data analysis steps were performed in R (version 4.0.2) unless otherwise 

specified. 

Data availability 
Full results and all original computer code is available on request from the authors. 
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Results 

Differential methylation analysis indicates molecular similarities 

between AGPAT2 and BSCL2 lipodystrophies 
We obtained DNA methylation data from patients with AGPAT2 or BSCL2 

lipodystrophy from an Infinium MethylationEPIC array. To identify epigenetic 

changes in lipodystrophy compared to NASH patients and healthy individuals, we 

performed statistical analysis on these data (Methods) and identified differentially 

methylated genes, promoters, and probes (Figure 1). 

Overall, we found high similarity between AGPAT2 and BSCL2 lipodystrophies in 

terms of GO term enrichment of differentially methylated genes (Figure 1a) and 

differentially methylated probes (Figure 1c). Methylation profiles in AGPAT2 and 

BSCL2 lipodystrophies differed from that of NASH, with AGPAT2 lipodystrophy 

featuring differential methylation in multiple tissue differentiation and development 

genes, such as in haematopoietic progenitor cells, kidney cells, neurons, and brown 

fat cells. BSCL2 lipodystrophy patients had differential methylation compared to 

NASH patients in genes involved in DNA binding and transcription activity. 

However, the methylation profiles of AGPAT2 and BSCL2 lipodystrophy patients 

were very similar, with differential methylation only occurring in neurotransmitter 

genes. 

Considering individual DNA methylation sites (Figure 1c), we found only three 

sites with significant differential methylation between AGPAT2 and BSCL2 

lipodystrophy. These were cg23461147, cg21600611, and cg18211066, which 

correspond to the LXR gene OSBPL9, cytoskeletal gene PALLD, and miRNA-

related gene TNRC6C, respectively. In comparisons with NASH profiles, AGPAT2 

had differential methylation in cg05176131, which is in the spermatogenesis gene 

SPATA20, and in cg09731288, which is in the tumour suppressor gene PCDC4. 

BSCL2 lipodystrophy samples had differential methylation at the aforementioned 

cg23461147 and cg21600611 sites, and these were above the levels seen between 

AGPAT2 and BSCL2 lipodystrophies. Other highly differentially methylated sites in 

BSCL2 lipodystrophy compared to NASH were cg18889307, which is within TGFB 

induced factor homeobox 1 (TGIF1), and cg01064804, which is within the antisense 
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RNA gene CFAP418-AS1. No probes within AGPAT2 nor BSCL2 gene loci were 

significantly differentially methylated in the respective diseases, indicating no role 

for methylation of the causative genes in CGL. 

Methylation at promoters was highly variable between all comparisons (Figure 1b). 

This confirms a high degree of heterogeneity within the patient pools. We did not 

consider promoter methylation further. 

Taken together, AGPAT2 and BSCL2 lipodystrophies appeared to be molecularly 

similar according to DNA methylation data, despite some departures when 

comparing with NASH patients. We therefore continued our investigation by 

considering AGPAT2 lipodystrophy patients only. 

Differential expression reveals distinct molecular profiles between 

lipodystrophy and NASH 
In differential methylation analysis, we observed DNA methylation changes at genes 

involves in lipid metabolism and gene expression. In order to deduce whether any of 

these changes were associated with actual changes to gene expression, we obtained 

RNA sequencing data from the livers of AGPAT2 lipodystrophy, NASH, and 

healthy individuals and performed differential expression analysis (Figure 2). 

In differential expression, we found transcriptome-wide changes in expression in 

AGPAT2 lipodystrophy, NASH, and healthy livers. There were more significantly 

differentially expressed genes between AGPAT2 lipodystrophy versus healthy 

(Figure 2a) and between NASH versus healthy (Figure 2c) compared with between 

AGPAT2 lipodystrophy and NASH (Figure 2b). In general, the identity of the 

differentially expressed genes were different with the exception of malic enzyme 1 

(ME1) and apolipoprotein A4 (APOA4) genes, which were significantly upregulated 

in AGPAT2 lipodystrophy versus both NASH and healthy individuals. Consistent 

with differential methylation data, AGPAT2 was not significantly differentially 

expressed in AGPAT2 lipodystrophy samples compared to healthy. This suggests a 

post-transcriptional role for AGPAT2 in the progression of AGPAT2 lipodystrophy, 

consistent with the disease being characterised by loss-of-function mutation rather 

than total gene loss.  
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Considering the coregulation of gene sets and GO term enrichment, we found that 

AGPAT2 lipodystrophy and NASH shared few GO term changes compared to 

healthy, with the exception of upregulated cholesterol biosynthesis and lipid 

metabolism, and downregulated RNA processing (Figure 2d). In fact, we found 

large changes in cytoskeletal functions, energy metabolism, and lipid transport, and 

protein processing between AGPAT2 lipodystrophy and NASH, indicating large 

molecular differences in the two diseases despite the relatively few differentially 

expressed genes. 

Next, we inspected changes in expression of lipid metabolism and control genes 

(Figure 3). We found AGPAT2 lipodystrophy–specific upregulation of stearoyl-

CoA desaturase (SCD) gene expression, which, along with ME1, is responsible for 

de novo lipogenesis. Transcription factor FOXO1 and glycerol-3-phosphate 

acyltransferase GPAT3 genes were both downregulated in AGPAT2 lipodystrophy 

and NASH alike. Most other lipid metabolism genes varied in the same direction in 

the two diseases compared to healthy individuals, with the exception of lipid 

transport genes APOA1, APOB, and APOD, and triglyceride synthesis genes 

AGPAT1, AGPAT5, LCLAT1, MOGAT1, MOGAT3, and PLPP1. This indicates 

differential utilisation of apolipoproteins and acylglycerols in AGPAT2 

lipodystrophy and NASH, however, these changes did not meet the threshold for 

statistical significance. 

Taken together, our results indicate that fatty liver arising from CGL is molecularly 

distinct from other causes of NASH. 
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Discussion 
In our work, we have shown that the molecular signatures of AGPAT2 and BSCL2 

lipodystrophies are distinct from that of NASH (Figure 4). Causes of CGL by 

mutation in AGPAT2 and BSCL2 resulted in DNA methylation profiles which did 

not differ much from each other, but differed greatly from NASH. This work 

indicates that the fatty liver phenotype afforded by CGL may be distinct from other 

causes of NASH. 

The DNA methylation differences in AGPAT2 and BSCL2 lipodystrophy revealed 

the potentially interesting finding of differential methylation at the OSBPL9 gene, 

and the only differentially methylated gene in this comparison involved in lipid 

function (Figure 1). Its protein product is an intracellular oxysterol receptor whose 

function is bile synthesis. Methylation at this site may indicate modulation of bile 

synthesis. Indeed, it has been shown that enhanced bile acid levels by mitochondrial 

sterol pathways are associated with NASH-driven HCC (Conde de la Rosa et al., 

2021) and that modulation of bile acid (Fiorucci et al., 2020; Xu et al., 2021) and 

LXRs (Aguayo-Orozco et al., 2018; Hong & Tontonoz, 2014) may have therapeutic 

value to NASH patients. The appearance of an LXR gene and bile acid synthesis 

gene OSBPL9 in our CGL work is therefore a significant finding, potentially 

suggesting a genetic cause of NASH. 

However, our work also showed significant differential expression profiles between 

AGPAT2 lipodystrophy and NASH (Figures 2 & 3), indicating that despite the link 

to NASH via OSBPL9 DNA methylation, there still exists a degree of transcriptomic 

changes between the two diseases. For instance, we identified a lipid metabolism 

and transcriptional control signature of upregulated SCD, ME1, and APOA4 which 

was specific to AGPAT2 lipodystrophy but not NASH. The upregulation of both 

ME1 and SCD genes is consistent with the prior observation of differential 

methylation via OSBPL9 due to the role of ME1 in regenerating NADPH for 

cholesterol biosynthesis (Simmen et al., 2020) and SCD in being transcriptionally 

regulated by sterols via binding of LXR, leading to generation of monounsaturated 

fatty acids and potential metabolic reprogramming towards a cancer state (Kikuchi 

& Tsukamoto, 2020). Although there was a signature for a tendency for SCD and 
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ME1 to be upregulated in NASH, this signature did not reach the threshold for 

statistical significance. 

More generally, our differential expression results in AGPAT2 lipodystrophy 

appeared to mirror the trends seen in NASH with striking similarity, even if 

statistical significance was not reached for the same genes in both diseases. Given 

the known molecular heterogeneity among NASH patients (Bosley et al., 2017), it is 

therefore likely that the NASH gene expression signature indicates common changes 

that are central to NASH, whereas the AGPAT2 lipodystrophy gene expression 

signature highlights one possible, more unified, expression profile that can lead to 

NASH. Whether this expression profile is adopted by individuals with NASH but 

without AGPAT2 lipodystrophy remains to be seen. 

If confirmed, then this, to our knowledge, is the first evidence suggesting convergent 

metabolic perturbations in NASH and CGL, and that therapeutics could potentially 

be repositioned between the two, at least in metabolic resemblant subsets of disease. 

The identification of OSBL9, SCD, and ME1 varying in common between the two 

diseases suggests that there may exist further liver genes that could be 

therapeutically exploited. Further experimentation in a NASH or CGL model and 

modulation of these and other liver function fenes could validate the drug discovery 

potential of these genes.  

It is important to acknowledge the weaknesses of this study. This study did not use 

patient-matched DNA methylation and RNA sequencing samples, so we could not 

determine whether the patients who had differential OSBPL9 methylation also had 

upregulated SCD and ME1. Knowing this would strengthen the link between LXR-

mediated sterol signalling and CGL-driven NASH. Additionally, we did not attempt 

to address the molecular heterogeneity in our NASH sample pool owing to the fact 

that we only had 12 DNA methylation samples and 14 RNA sequencing samples 

from individuals with NASH. A larger sample size would have allowed us to 

perform unsupervised clustering for the identification of disease subclasses on the 

basis of methylation and gene expression profiles alone. It remains to be seen 

whether upregulated LXR and sterol signalling exists as a distinct molecular profile 

leading to NASH could be identified as a NASH subclass in this way.  
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Taken together, these results indicate that the NASH phenotype caused by AGPAT2 

lipodystrophy might be a subclass of heterogeneous NASH. More work needs to be 

done to ascertain whether AGPAT2 mutations do indeed lead to LXR-mediated 

NASH, and whether alternative mechanisms of action may be involved. Future 

investigation should also focus on whether NASH patients with upregulated LXR 

and sterol signalling have a distinct molecular profile. If proven true, then this 

potentially enables precision therapies of NASH patients who also have a diagnosis 

of CGL. 
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Figures 

 

Figure 1. Differential methylation of a) genes by GO term enrichment, b) promoters, 

and c) probes. Stars indicate statistical significance following Benjamini-Hochberg 

p-value adjustment: *, p < 0.05; **, p < 0.01; ***, p < 0.005. 
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Figure 2. Differential expression. Differentially expressed genes in a) AGPAT2 

lipodystrophy vs healthy controls, b) AGPAT2 lipodystrophy vs NASH, and c) 

NASH vs healthy controls. Dashed horizontal line indicates p-value cut-off for 

statistical significance (p < 0.05). d) GO term enrichment of differentially expressed 

genes. Red scale indicates upregulation; blue scale indicates downregulation. Stars 

indicate statistical significance following Benjamini-Hochberg p-value adjustment: 

*, p < 0.05. 
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Figure 3. Expression changes compared to healthy controls in lipid metabolism 

genes. Red cells indicate upregulation; blue cells indicate downregulation. Stars 

indicate statistical significance following Benjamini-Hochberg p-value adjustment: 

*, p < 0.05; **, p < 0.01; ***, p < 0.001.  
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Figure 4. Overview of differential methylation and expression. Radial tracks (outer 

to inner): differential GO terms, expressed genes, transcription factors. Inset: shared 

changes in transcription factors; chord positions do not indicate actual transcription 

factors shared. For the GO term track, changed GO terms are based on differential 

methylation evidence for comparisons with BSCL2 lipodystrophy and on differential 

gene expression evidence otherwise. GO term and expressed genes tracks: red, 

upregulated terms; purple, downregulated terms; green, nondirectional-specific 

changed terms; higher colour intensity indicates smaller adjusted p-value. 

Transcription factor track: higher red colour intensity indicates more differentially 

methylated promoters at which the transcription factor binds. Coordinates along 

tracks are the same in each sector.  
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Abstract 
Muscle stem cell (muSC) proliferation following injury is critical for generating a 

replacement cell population. In ageing and many diseases, this is perturbed, resulting 

in fibrosis and muscle weakness. To identify molecules regulating muSC 

proliferation, we focused on a master regulator of muSCs, the polycomb repressor 

complex protein EZH2. Using zebrafish zygotic mutants, we observed elevated 

proliferation of muSCs in ezh2 mutants, resulting in delayed differentiation and 

elevated fusion. Similar phenotypes were observed when EZH2 function was 

temporally inhibited using 3-deazaneplanocin A (DZNep), a small molecule 

inhibitor of the catalytic S-adenosylmethionine-dependent methyltransferase (SAM) 

domain of EZH2. 

To identify molecular signatures associated with loss of EZH2 function in 

regenerating muscle, we dissected tissue and performed RNA-seq. We identified an 

upregulation of genes associated with lipid transport and metabolism. Mapping of 

gene expression changes relative to metabolic association networks highlighted an 

enrichment of genes involved in very long chain fatty acid elongation and 
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arachidonic acid signalling. We confirmed trends favouring synthesis of longer lipid 

chains using lipidomic analysis. 

 

Keywords: inflammation, arachidonic acid, degeneration, regeneration, injury, 

muscle, zebrafish, systems biology  
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Introduction 
In ageing and disease, replenishment of muscle stem cells (muSCs) after injury is 

often defective, resulting in fibrosis and muscle weakness. Enhancer of zeste 

homologue 2 (EZH2) is a master regulator of muSCs, and has previously been 

studied in the context of cancers1 and degenerative diseases2,3. It is required in adult 

cells for maintenance of cell identity and is lost after muscle injury to allow muSC 

proliferation. It has been shown that loss of EZH2 by maternal zygotic mutation or 

small molecule inhibition results in increased proliferation and elevated fusion4,5, but 

its precise mechanism of action is unclear. 

EZH2 is a member of the polycomb repressive complex 2 (PRC2). It works with 

suppressor of zeste 12 (Suz12) and embryonic ectoderm development (Eed) to place 

trimethyl groups on lysine 27 of histone 3 (H3K27Me3)6. H3K27Me3 is an 

epigenetic hallmark indicative of heterochromatin regions within which genes are 

silenced. In adult tissue, EZH2 is active and its target genes are transcriptionally 

silenced. Upon muscle injury, EZH2 is lost, enabling activation of genes at those 

target loci and engagement of a muscle regeneration programme. Loss of EZH2 by 

inhibition has been shown to enhance the extent of this programme, resulting in an 

enhanced muSC proliferative phenotype. Here, we used the zebrafish ezh2hu5670/5670 

stop-gain zygotic mutant to determine whether loss of functional Ezh2 would also 

result in a super-regenerative phenotype, and if so, to use RNA sequencing analysis 

and metabolic modelling to molecularly characterise the mutant. Upon muscle 

injury, we found activation of very long chain fatty acid elongation, arachidonic acid 

metabolism, inflammation signalling, and immune cell recruitment, and all of these 

characteristics were exacerbated in the ezh2 mutant. These results suggest that very 

long chain fatty acid modulation could be potentially exploited to expedite muscle 

regeneration and reduce tissue healing times following injury.  
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Methods 

Zebrafish sample acquisition and quality control 
Zebrafish (Danio rerio) of either ezh2hu5670/5670 (n = 6) or wildtype (n = 6) genotype 

were maintained in accordance to national and institutional animal care guidelines. 

Animals were randomly assigned injured (n = 6) or noninjured (n = 6) groups with 

even genotype distribution. Animals in the injured group were injured seven days 

post fertilisation. Animals were dissected 24 hours post injury (or 24 hours 

following the time the injury would have taken place, for the noninjured group). 

Total RNA was obtained from dissected samples and analysed in a 2100 

Bioanalyzer (Agilent) instrument for sample quality control. Following sample 

quality control, one sample corresponding to a noninjured ezh2 mutant was 

discarded. All other samples passed quality control and were sequenced on a 

BGISeq-500 (BGI, Shenzhen, China) in paired-end mode. 

Transcriptomic analysis 
Raw sequencing reads were aligned to the Ensembl release 104 Danio rerio 

GRCz11 cDNA assembly7 (http://ftp.ensembl.org/pub/release-

104/fasta/danio_rerio/cdna/Danio_rerio.GRCz11.cdna.all.fa.gz, accessed 2021-05-

10) and mRNA expression was quantified in transcripts per million (TPM) in paired-

end mode using kallisto8 (version 0.46.1, Pachter Lab). 

TPMs were analysed to determine differential expression using DESeq29 (version 

1.30.1). Differential expression results were used to determine functional enrichment 

using piano10 (version 2.6.0), using GO terms obtained from Ensembl Biomart 

(https://www.ensembl.org/biomart/martview, accessed 2021-06-23) to generate the 

gene sets for enrichment testing. Differentially expressed genes and enriched GO 

terms were considered statistically significant if they displayed a p-value of 0.05 or 

smaller after Benjamini-Hochberg adjustment. 

To filter differentially expressed genes of interest, genes related to inflammation 

were selected by searching for the keywords “TNF”, “caspase”, “interleukin”, and 

“chemokine” in the ZFIN gene description. Arachidonic acid pathway genes were 

selected from the Zebrafish1 genome-scale metabolic model (GEM)11 by searching 



 

 

SYSTEMS BIOLOGY OF DEGENERATIVE DISEASES 261 

 

for the keyword “arachidon” in reaction equations. All genes associated with those 

reactions were selected as arachidonic acid pathway genes. Immune cell profiling 

was performed by inspecting enrichment of differentially expressed genes using the 

immune cell profiles described by Lyons et al12. 

All transcriptomic analysis steps were performed in the R programming language 

(version 4.0.2). 

Metabolic modelling 
Reporter metabolite analysis was performed using the reporterMetabolites 

function13 in the RAVEN Toolbox 2.014, using the differential expression results and 

the ZebraGEM2.1 15 and Zebrafish1 reference GEMs. 

All metabolic modelling analysis steps were performed in MATLAB R2021a. 

Network analysis 
A previously described zebrafish interactome by Alexeyenko et al16 was accessed 

and explored to find all first- and second-degree interactions with ezh2. All first- and 

second-orders interaction partners with ezh2 were tested to see if they also interacted 

with an arachidonic acid pathway gene. 

All network analysis steps were performed in the R programming language (version 

4.0.2). 

Bioinformatic cross-validation 
Microarray gene expression data for maternal zygotic ezh2 mutant and wildtype 

zebrafish embryos were obtained from the Gene Expression Omnibus (GEO) under 

accession number GSE6461817. Differential gene expression analysis, gene set 

enrichment analysis, and reporter metabolite analysis were performed as above. 

Differential gene expression profiles from the present study were mapped onto 

expression profiles contained within the SysMyo Muscle Gene Sets18. 

Hypergeometric tests were performed to estimate the goodness of fit. 

ATAC-seq chromatin accessibility data for zebrafish embryos treated and untreated 

with a methyltransferase inhibitor were obtained from the GEO under accession 

number GSE1402335. ATAC-seq peaks were mapped to the Danio rerio UCSC 
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TxDb genome annotation (version 10, available at: 

https://bioconductor.org/packages/release/data/annotation/html/TxDb.Drerio.UCSC.

danRer10.refGene.html, accessed 2021-12-06) to deduce genes in open chromatin. 

The list of genes in open chromatin was inspected and compared with our 

differentially expressed genes. 

Lipidomic analysis 
Lipidomic data were collected for ezh2hu5670/5670 (n = 4), ezh2hu5670/+ (n = 4), and 

wildtype (n = 4) zebrafish embryos. Data collection and processing were conducted 

by Lipotype GmbH (Dresden, Germany). Mass spectra for 247 lipid species from 10 

lipid classes were obtained on a hybrid quadrupole/Orbitrap Q-Exactive mass 

spectrometer (Thermo Scientific). Raw mass spectra were processed and normalised 

by Lipotype GmbH using LipotypeXplorer (Lipotype) to yield final lipid 

quantification values and concentrations. 
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Results 

Transcriptomic characterisation of the zebrafish ezh2hu5670/5670 mutant 
The ezh2hu5670 mutant contains a nonsense point mutation which introduces a 

premature translation stop codon in the zebrafish ezh2 gene17. The translation 

product is therefore truncated and omits the SET domain. The SET domain is a 

catalytic domain which is required for the H3K27 methyltransferase activity of ezh2. 

A homologue of ezh2, known as ezh1, is thought to have been the result of a gene 

duplication event. Although it plays a smaller role than ezh2, it has been shown that 

ezh1 also has methyltransferase activity19 and can compensate for ezh2 somewhat20. 

To test whether ezh1 and ezh2 expression changed with the ezh2hu5670/5670 

homozygous mutation (henceforth, the ezh2 mutation) and upon injury, we 

performed differential expression analysis on RNA-sequencing expression counts 

derived from injured and noninjured ezh2 and wildtype zebrafish (Figure 2A). We 

did not identify any significant changes to either ezh2 or ezh1 expression with ezh2 

mutation or injury status. Taken together, this suggests that neither the ezh2hu5670/5670 

mutation nor injury modulate ezh2 or ezh1 activity on the transcriptomic level. 

However, we did find widespread changes to gene expression across the 

transcriptome upon injury, and found that there were some changes to the injury 

response between ezh2 mutants and wildtypes (Figure 2B, Supplementary Data 1). 

In particular, in the injured wildtype, we noticed marked decreases to genes involved 

in redox homeostasis (mt-nd2, mt-nd4, ndufa4), glyoxylate utilisation (grhprb, 

agxt2), glutathione utilisation (gstt1a, gpx4b, gpx3), and lipid utilisation (apoba, 

pla2g12b, apoa1b, elovl8b, alox12) compared to noninjured wildtypes. These 

animals also exhibited increased gene expression in degradation factors (psme4a, 

cth, cela1.4). In the injured ezh2 mutant, these trends were generally reversed, with 

increased redox homeostasis (cyp2ad2, cyp1a, cyba), increased glyoxylate 

utilisation (agxta, agxtb), increased lipid utilisation (elovl6l, elovl7a, elovl7b, 

apobb.2). Peptidase inhibitors were also upregulated (serpina10a, spint2). 

Further, in the absence of injury, the expression profile of noninjured ezh2 mutants 

was not substantially different to that of noninjured wildtypes. 
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These observations taken together suggest that there are differences in the injury 

responses between ezh2 mutants and wildtypes. The ezh2 mutants appeared to 

respond better to injury by maintaining redox homeostasis and removing ROS. On 

the other hand, wildtype zebrafish appeared to favour protein degradation and were 

less able to respond to the effects of muscle injury.  

Loss of cellular functions in injury was protected against in the 

ezh2hu5670/5670 mutant 
To assess the functional changes associated with differential expression, we 

performed gene set enrichment analysis and predicted the affected GO terms with 

ezh2 mutation and injury status (Figure 3, Supplementary Figures 1-3, 

Supplementary Data 2). In the wildtype, we found that following injury, growth 

functions were downregulated such as DNA replication (dUDP, dTTP, and dTDP 

biosynthetic process) and protein translation (cytoplasmic translation). Meanwhile, 

several protein and molecular degradation processes were upregulated 

(amyloid−beta clearance by cellular catabolic process, ubiquitin−protein transferase 

activity, histone mRNA catabolic process) and increased oxidative stress was 

evident (downregulated hydrogen peroxide catabolic process, upregulated 

pentose−phosphate shunt, oxidative branch). Energy utilisation was altered, 

favouring the urea cycle (upregulated citrulline biosynthetic process) over the TCA 

cycle and oxidative phosphorylation (downregulated glyoxylate catabolic process 

and downregulated FMN biosynthetic process). These results suggest that in the 

wildtype, the cellular functional state shifts towards cellular arrest and possible 

overwhelming by oxidative stress as a result of injury. 

The ezh2 mutants responded to injury without loss of DNA replication and protein 

translation functions, but instead with enhanced fatty acid metabolism (upregulated 

cholesterol esterification and upregulated cellular response to fatty acid). We also 

predicted changes to developmental and cell differentiation pathways (upregulated 

third ventricle development, upregulated regulation of eye photoreceptor cell 

development, upregulated positive regulation of dendrite development, upregulated 

negative regulation of type B pancreatic cell development), which could be co-opted 

to aid tissue regeneration following injury, although the exact pathways were 
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unclear. These results suggest that the ezh2 mutants were primed to respond to 

injury, and that the ezh2hu5670 mutation was in some way protective against the 

effects of muscle injury. 

In the uninjured state, the functional state of ezh2 and wildtypes varied very 

minimally, which is consistent with our differential expression results (Figure 2B). 

Taken together, our results show that the ezh2hu5670 mutation appeared to be tolerated 

by zebrafish and did not confer inappropriate cellular functional changes. 

Mouse muscle gene signatures and chromatin accessibility studies 

confirm changes to lipid environment and redox homeostasis 
We next sought to identify the conditions which might replicate the gene expression 

changes that we identified in our animals upon injury. We obtained gene expression 

signatures from muscle studies within SysMyo and tested for overlaps with the gene 

expression signatures from the present study (Supplementary Data 9). We found 

one study, comparing apoE-deficient mice with wildtype mice, in which the gene 

expression signature had significant overlaps with upregulated and downregulated 

genes in injured ezh2 mutants compared to injured wildtypes. In both cases, the 

upregulated genes were ttr, gc, apoc1, apoa2, aldob, hp, c9, cfd, agxt2, serpinc1, 

ambp, gck, f2, and angptl3; the downregulated genes were plpp3, slc25a4, vdac, srl, 

nnt, acta2, and aco2. 

Mouse studies involving PGC1ɑ knockout had significantly overlapping gene 

signatures with our injured wildtype zebrafish compared to noninjured. Although 

commonly upregulated genes were unclear, commonly downregulated gene families 

included nduf, cox, and serpin. Only nduf genes were commonly downregulated in 

injured ezh2 mutants compared to noninjured. This suggests that the response to 

injury in zebrafish might be associated with or use similar pathways to those 

involved in the response to PGC1ɑ knockout in mice. This further suggests that loss 

of redox function and/or protease inhibition may be common to disruption of 

pathways involving lipid production. 

We also considered changes to chromatin accessibility by mapping ATAC-seq peaks 

to the zebrafish genome. The ATAC-seq peak data were obtained from a study by 
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den Broeder et al5, investigating the effects of an EZH2 inhibitor (EZH2i). We found 

many lipid-related genes and arachidonic acid-related genes were accessible in 

EZH2i but not control (Supplementary Data 10). These included alox5b.3, elovl1a, 

elovl5, and elovl7b. This suggests a causal link between loss of ezh2 and activation 

of lipid-related pathways. Den Broeder et al also confirmed changes to chromatin 

accessibility using differential expression using qRT-PCR. Their observations of 

increased igfbp1a and lpl were consistent with our differential expression results. 

Metabolic shift towards pro-regeneration pathways was exacerbated in 

the ezh2hu5670/5670 mutant 
Having explored molecular changes in ezh2 mutant zebrafish on the transcriptomic 

and functional scale, and having gained supportive evidence for metabolic shifts in 

GABA, cholesterol, and fatty acids, we next hypothesised that the metabolic 

landscape might have changed in the injured ezh2 mutant compared to wildtype. To 

predict metabolic changes, we used genome-scale models (GEMs) of zebrafish 

metabolism. We selected the GEMs ZebraGEM2.121, an adaptation of 

ZebraGEM2.022 which has been applied to study neurodegeneration. In addition to 

this, we corroborated our results with Zebrafish111, a comprehensive model 

incorporating orthology-based and species-specific metabolic reactions. Both 

models allow for the in-silico prediction of reactions and metabolites based on 

expression or differential expression. 

From analysis of GEMs, we found changes in multiple tRNAs, redox metabolites 

(ubiquinone, ubiquinol, NAD, NADH, cytochrome c), and reactive oxygen and 

nitrogen species (O2, NH3) in response to injury (Figure 4, Supplementary Figure 

3, Supplementary Data 3 and 4). These findings were supported by both GEMs. 

While we observed all the above-described metabolic changes in the wildtype 

animals, the ezh2 mutants did not have the changes to tRNA. Injured animals also 

had increased very long chain fatty acid metabolism, increased production of 

hydroxyeicosatetraenoic acids (HETEs), cholesterols, and androgens. Upregulation 

of these metabolites was evidenced by Zebrafish1 and did not differ with ezh2 

mutation, indicating that they may be involved in the core muscle regeneration 

response. However, we also found ezh2-specific downregulation of malate, 
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spermine, spermidine, and fumarate, in injured ezh2 mutants compared to 

noninjured ezh2 mutants. On the other hand, the wildtype was specifically 

downregulated for glutathione and succinate. 

Taken together, our metabolic analysis supports our earlier results from differential 

expression and gene set enrichment. The zebrafish response to muscle injury appears 

to be largely the same regardless of ezh2 mutation, involving production of very 

long chain fatty acids and HETEs. For this reason, we hypothesised that the likely 

pathways for injury response is via arachidonic acid. Arachidonic acid recruits 

HETEs to stimulate inflammation, immune cell recruitment, and removal of ROS. 

Our observation that the injured wildtypes arrested some core cellular functions, 

namely tRNA production, whereas the injured ezh2 mutants did not, indicates an 

enhanced regeneration phenotype in the ezh2 mutants. The ezh2 mutants’ retention 

of glutathione and succinate indicates that this enhanced regeneration could be via 

improved ROS removal capabilities in the ezh2 mutant. Our differential expression 

results indicate that very long chain fatty acid synthesis is activated via elovl6l, 

elovl7a, and elovl7b, which were all significantly upregulated in the ezh2 mutant 

upon injury (Supplementary data 1). Interestingly, the wildtype responded by 

downregulating elovl8b. This is, however, consistent with the observation that the 

injured wildtype appeared to shut down central cellular processes. 

Recruitment of immune cells accompanies upregulated arachidonic 

acid signalling 
Having established a role for arachidonic acid and inflammation during muscle 

tissue regeneration, we next sought to test the hypothesis that injury altered the 

immune landscape differentially in the ezh2 mutant and wildtype. From our 

differential expression analysis, we inspected the change in expression for genes 

encoding arachidonic acid pathway enzymes, caspases, chemokines, interleukins, 

TNF-related proteins, and immune cell identity proteins (Figure 5). We found 

general activation of arachidonic acid pathway genes. Immune activation in 

response to muscle injury differed between the genotypes, with ezh2 mutants more 

stably activating immune cells than wildtypes. For the ezh2 mutants in particular, 

there was increased caspase, chemokine, interleukin, and TNF-related gene 
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activation, indicating a robust inflammatory response to injury which was absent in 

the wildtype. The ezh2 mutants also more robustly activated B cells, classical 

monocytes, intermediate monocytes, and mature dendritic cells, indicating that the 

immune cell population may be more enriched for these cell types in the ezh2 

mutant than in the wildtype. Wildtype immune response to injury was unclear, with 

expression signatures for immune cell types being both up- and downregulated. 

As expected, there were no changes or only incremental changes to the 

inflammation and immune response landscape between the noninjured ezh2 mutant 

and wildtype, indicating further that the mutation is tolerated. 

Taken together, our results indicate a mechanism of muscle tissue regeneration after 

injury that relies on arachidonic acid signalling and interleukin activation. The 

immune landscape changed by recruitment of B cells, classical monocytes, M2 

macrophages, and T cells. The ezh2 mutant enhanced the response and also recruited 

chemokines and TNF-related enzymes, as well as intermediate monocytes and 

mature dendritic cells. The ezh2 mutant therefore appeared to signal for robust, 

acute inflammation with the aim of enhanced healing, whereas the wildtype 

appeared to signal for chronic inflammation and eventual cell loss in the absence of 

any robust immune signalling. 

Network exploration indicates regulatory link between ezh2 and 

arachidonic acid 
Our results suggest that arachidonic acid signalling is central to the injury response. 

Pathway activity appears to be modulated by ezh2 mutation, leading to differential 

changes to molecular, inflammation, and immune landscapes. We therefore 

hypothesised that the ezh2 gene is a master regulator of arachidonic acid metabolism 

genes either directly or via a downstream interactor. 

We explored a previously described zebrafish interactome to find possible 

regulatory links between ezh2 and arachidonic acid pathway genes (Figure 6). We 

found that 23 arachidonic acid pathway genes were accessible within three 

regulatory steps from ezh2, and these included very long chain fatty acid elongases 

(elovl2 and elovl6), solute channels (slc25a20), fatty acid binding proteins (fabp3, 
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fabp6), enzymes acting on acetyl-CoA (acaa1, acadl, acadm, acads, acadvl, acot7, 

acox1), and enzymes acting on arachidonic acid (alox12) (Figure 6A). 

Observing that up to three regulatory steps were needed to connect ezh2 with the 23 

arachidonic acid pathway genes, we next hypothesised that a first- or second-order 

interactor with ezh2 (that is, a gene that is regulated by ezh2 directly or via one 

intermediary interactor) could regulate the arachidonic acid pathway genes 

specifically. We explored the connectivity of all first- and second-order interactors 

of ezh2 with the arachidonic acid genes and found that up to 16 and 5 arachidonic 

acid pathway genes could be regulated via modulation of a single first- or second-

order interactor of ezh2, respectively (Figure 6B-C). 

Of the first-order interactors, most were housekeeping genes (cse1l, tubb5, ran) or 

were DNA-related interactors of the PRC2 complex within which the product of 

ezh2 is a constituent (fen1, mcm3, cdc45l, ccna2, mcm2, mcm5). However, we also 

identified zgc:76940 and zgc:85729, which encode serine/threonine protein 

phosphatases and each regulate 13 arachidonic acid pathway genes. In differential 

expression, zgc:76940 was not significantly differentially expressed, whereas 

zgc:85729 was downregulated in injured ezh2 mutants compared to noninjured ezh2 

mutants with marginal evidence (p = 0.059). This suggests that interventional 

knockdown of zgc:85729 might be able to phenocopy the specific effects of ezh2 

mutation for arachidonic acid signalling. 

Of the second-order interactors, we found the dehydrogenases hsd17b10 and 

zgc:77820, each of which regulate four arachidonic acid pathway genes. hsd17b10 

was not significantly differentially expressed in our study, but zgc:77820 was 

significantly upregulated in injured ezh2 mutant animals compared to injured 

wildtype animals, and significantly downregulated in injured wildtype animals 

compared to noninjured wildtype animals. This is consistent with our observation 

that core cellular processes, such as oxidative phosphorylation, were arrested in the 

injured wildtype. 

Lipidomic analysis reveals fatty acid elongation 
To validate our findings regarding very long chain fatty acid synthesis to 

arachidonic acid, we conducted lipidomic analysis on ezh2 mutant, heterozygote, 
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and wildtype zebrafish embryos. We found that overall lipid compositions were very 

similar between genotypes, indicating that the mutation is tolerated (Supplementary 

Figure 10). However, we also observed dose-dependent trends towards longer chain 

length within cholesterol esters, diacylglycerols, phosphatidylcholines, 

phosphatidylglycerols, sphingomyelins, and triacylglycerols (Supplementary 

Figure 11, Supplementary Data 11). In these lipid classes, shorter chains tended to 

present in higher concentrations in wildtype embryos, whereas longer chains tended 

to be favoured in ezh2 mutants, with the heterozygote being the intermediate state. 

This suggests that the ezh2 phenotype might arise from priming the lipid landscape 

before injury occurs.  
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Discussion 
In this work, we analysed transcriptomic changes in wildtype zebrafish and 

ezh2hu5670/5670 mutant zebrafish to compare molecular alterations with and without 

injury. We observed transcriptional changes to ezh2 as a result of the mutation as 

well as compensatory transcriptional changes to ezh1 (Figure 2A). We found that 

ezh1 compensated for the ezh2 stop-gain mutation only in injury, and that in 

noninjury, the mutation was tolerated. Looking at whole-transcriptome changes 

(Figure 2B), we found that the ezh2 mutation did not significantly alter the 

expression of many genes in the noninjury state, but it did differentially affect the 

molecular landscape upon injury. In our functional enrichment analysis (Figure 3), 

we found evidence in the injured zebrafish for loss of core cellular functions 

involving synthesis of DNA, RNA, and protein, whereas protein degradation, small 

molecule degradation, and oxidative stress were all increased. ezh2 mutation 

appeared to rescue the deleterious degradation and oxidative stress effects and also 

exhibited enhanced fatty acid metabolism, activation of cell differentiation 

pathways, and increased chemokine and inflammatory response. Using GEMs, our 

reporter metabolite analysis (Figure 4) also predicted loss of tRNAs, decreased 

glutathione, as well as enhanced inflammatory signalling, increased arachidonic acid 

signalling, and increased fatty acid synthesis with injury, with the ezh2 mutant being 

able to rescue the decreased glutathione effect for better ROS removal. Our 

characterisation of the inflammatory and immune landscape (Figure 5) further 

supports a better inflammatory response in the ezh2 mutant in injury, leaving the 

noninjured mutant wildtype-like. Repeating all of these analyses with an 

independent dataset described by San et al yielded largely consistent results 

(Supplementary Figures 4-8). Finally, our network analysis (Figure 6) established 

a probable causal link between the ezh2 gene and the arachidonic acid pathway.  

In this work, we demonstrated changes to the lipid metabolism landscape upon 

muscle injury. Functional enrichment showed that ezh2 mutants had increased 

cholesterol metabolism (Figure 3), and metabolic analysis showed that cholesterols, 

very long chain fatty acids, and HETEs were upregulated upon injury (Figure 4). 

Differential expression showed that the very long chain fatty acid synthases elovl6l, 

elovl7a, and elovl7b were all upregulated in the injured ezh2 mutant, and this is 
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consistent with a previous chromatin accessibility study involving EZH2i5. 

Lipidomic analysis also confirmed a trend towards longer fatty acid chains with ezh2 

mutation. 

Our analyses are consistent with previous studies reporting accumulation of lipids in 

the case of EZH2 downregulation or inhibition5,23–25. This suggests a role for 

activation of lipid metabolism in tissue injury. Further, although our wildtype 

zebrafish tended to downregulate ezh2 upon injury, they did not exhibit the 

enhanced healing phenotype that we observed with the ezh2 mutants. This would 

suggest a protective role of ezh2 interventional downregulation, and this is 

consistent with numerous reports highlighting the significance of ezh2 in diverse 

diseases26–30.  

Given the enhancement of very long chain fatty acid synthesis pathways in injured 

ezh2 mutants, our work also showed that this activation likely stimulated 

arachidonic acid synthesis. Functional enrichment showed activation of molecular 

functions acting on arachidonic acid (Figure 3, Supplementary Figure 2). 

Arachidonate lipoxygenase function was activated in the injured wildtype, injured 

ezh2 mutant, and noninjured ezh2 mutant, that is, all conditions exhibiting 

downregulated ezh2. Differential expression showed that the arachidonate 12-

lipoxygenase alox12 was significantly upregulated in the injured wildtype compared 

to noninjured and tended to upregulation in the noninjured animals compared to 

wildtypes across both genotypes (Supplementary Data 1). Reporter metabolite 

analysis also indicated upregulation of arachidonic acid in the cytosol, lysosome, 

and endoplasmic reticulum of injured animals compared to wildtypes, again across 

both genotypes (Supplementary Figure 4). The lack of enhanced arachidonic acid 

synthesis in the ezh2 mutant upon injury suggests that the mutation may afford a 

higher baseline level of arachidonic acid synthesis compared to noninjured 

wildtypes. This is consistent with our network analysis, which demonstrated a 

regulatory link between ezh2 and 22 arachidonic acid metabolism genes, one of 

which being alox12 (Figure 6). To our knowledge, we are the first to report this link 

between ezh2 and arachidonic acid. 
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We have shown changes to arachidonic acid synthesis as a likely endpoint to 

enhanced very long chain fatty acid synthesis in zebrafish with muscle injury. Our 

results show evidence for increased signalling leading to engagement of the 

inflammation and immune systems. Arachidonic acid is known for its inflammation 

signalling activity via leukotrienes and HETEs, and we have shown that all are 

engaged following injury regardless of genotype (Supplementary Figure 4). With 

respect to metabolic inflammation markers, the injury response was the same in both 

ezh2 mutants and wildtypes. However, ezh2 mutants did not downregulate central 

cellular functions such as protein synthesis and peptidase inhibitors (Figure 3). This 

is consistent with our observation that ezh2 mutants appeared to switch on different 

inflammatory and immune cell programs to the wildtype upon injury (Figure 5). 

Our analyses also showed a priming behaviour of the ezh2 mutant, that is, ezh2 

mutation was not enough to trigger the muscle regeneration response. An injury 

event was still required in order to change the transcriptomic (Figure 2B), cell 

functional (Figure 3), metabolic (Figure 4), and inflammatory and immune cell 

landscapes (Figure 5). Molecularly, the profiles of noninjured ezh2 mutant zebrafish 

was not substantially different to noninjured wildtype zebrafish, with the exception 

of the lipid landscape trending towards longer chain species (Supplementary 

Figure 11), indicating that the mutation was well tolerated by the animals. Rather, 

the loss of functional EZH2 appeared to enable a heightened muscle regeneration 

response after injury. Our network exploration analysis showed feasible regulatory 

pathways between ezh2 and arachidonic acid pathway genes (Figure 6), suggesting 

that ezh2 mutants did not need to wait for ezh2 gene regulation to be abrogated after 

injury. However, more work needs to be done in order to ascertain this link. 

This work suggests a role for arachidonic acid in the zebrafish muscle injury 

response, mediated by EZH2 and giving rise to exacerbated response in the ezh2 

mutant, consistent with previous reports of lipid accumulation upon EZH2 

inhibition. Although EZH2 is not a realistic therapeutic target due to its involvement 

in transcriptional regulation of multiple genes, it may be possible to phenocopy the 

EZH2-loss–mediated muscle injury response via the arachidonic acid synthesis 

and/or signalling pathway. If validated, then arachidonic acid, its derivatives, or its 

signalling targets, may constitute a therapeutic target for the accelerated healing of 
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muscle tissue. This could have translational benefit, for example, for people 

suffering from muscle degenerative disease or by shortening recovery times 

following a sports injury. 

In conclusion, our work demonstrates that EZH2 regulates the muscle injury 

response in zebrafish by epigenetically silencing response genes in heterochromatin 

in the absence of injury. EZH2 is lost upon injury, leading to expression of response 

genes and activation of very long chain fatty acid synthesis and arachidonic acid 

metabolism. Arachidonic acid signalling induces inflammatory pathways and 

immune cell recruitment, leading to ROS clearance and tissue regeneration. These 

responses are heightened in a stop-gain mutant ezh2 zebrafish mutant, and this is 

likely due to the pre-priming of the lipid landscape prior to injury. 
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Figures and tables 

 

Figure 1. Study summary. ezh2 and wildtype zebrafish were analysed by 

differential expression, functional enrichment, and metabolic simulation. An 

interactome for Danio rerio was obtained and explored. From these results, five 

hallmarks of muscle regeneration were identified: very long chain fatty acid 
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synthesis, arachidonic acid signalling, acute inflammation, reactive oxygen species 

removal, immune system activation. 
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Figure 2. Differential expression. Changes to gene expression were deduced from 

RNA-seq. A) Changes to ezh1 and ezh2 transcript expression with ezh2 mutation 
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and injury. Grey bars indicate no statistical significance. n.s., not significant. B) 

Distribution of differentially expressed genes with ezh2 mutation and injury. Red 

points indicate significantly upregulated genes. Blue points indicate significantly 

downregulated genes. Grey points indicate no statistical significance. Horizontal 

dotted line indicates statistical significance threshold of p < 0.05. All p-values are 

Benjamini-Hochberg adjusted p-values. See also Supplementary Data 1. 
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Figure 3. Gene set enrichment. Enrichment of A) Gene Ontology (GO) biological 

processes, B) GO molecular functions, and C) cellular compartments was deduced 

from differential expression. Scoring and removal of redundant GO terms was 

performed with Revigo. GO terms with a Revigo score of less than −2 are shown. 

Colour indicates direction of enrichment. See also Supplementary Figures 1-3 and 

Supplementary Data 2. 
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Figure 4. Reporter metabolites. Metabolites predicted to be changed were deduced 

from differential expression and simulation of A) ZebraGEM2.1 or B) Zebrafish1 
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genome-scale metabolic models. Colour gradient indicates adjusted p-values. *, p < 

0.05; **, p < 0.01; ***, p < 0.001. All p-values are Benjamini-Hochberg adjusted p-

values. Letters in parentheses indicate subcellular compartment: c, cytosol; e, 

extracellular space; i, mitochondrial intermembrane space; m, mitochondrial matrix; 

mim, mitochondrial inner membrane; p, peroxisome; s, extracellular space. See also 

Supplementary Figure 4 and Supplementary Data 3 and 4. 
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Figure 5. Differential expression of genes of interest. A) Arachidonic acid pathway 

and inflammation-related genes. B) Immune cell identity genes. Significantly 

differentially expressed genes are shown (Benjamini-Hochberg adjusted p-value < 

0.05). Colour hue indicates direction of differential expression: red, upregulated; 

blue, downregulated; grey, not statistically significant. Intermediate hues indicate 

that some transcripts were upregulated and some transcripts were downregulated. 
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Colour intensity indicates number of significantly differentially expressed 

transcripts. See also Supplementary Data 1. 
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Figure 6. ezh2 local interactome. A) Network of gene regulatory interactions 

between ezh2 and arachidonic acid pathway genes. Connectivity of B) first-order 

and C) second-order interactors of ezh2 to arachidonic acid pathway genes are 

shown. 
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Figure 7. Summary of carbon metabolism changes with ezh2 mutation and injury. 

A) Energy metabolism. B) Fatty acid metabolism. Not all metabolites shown. Icons 

indicate changes with injury and ezh2 mutation.   
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Supplementary Figure 1. Gene set enrichment. GO terms for biological processes 

are shown. Colour keys are as in Figure 3. See also Supplementary Data 2. 
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Supplementary Figure 2. Gene set enrichment. GO terms for molecular functions 

are shown. Colour keys are as in Figure 3. See also Supplementary Data 2. 
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Supplementary Figure 3. Gene set enrichment. GO terms for cellular 

compartments are shown. Colour keys are as in Figure 3. See also Supplementary 

Data 2.  
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Supplementary Figure 4. Reporter metabolites. A) Upregulated reporter 

metabolites in Zebrafish1. B) Downregulated reporter metabolites in Zebrafish1. C) 
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Upregulated reporter metabolites in ZebraGEM2.1. D) Downregulated reporter 

metabolites in ZebraGEM2.1. Keys are as in Figure 4. See also Supplementary Data 

3 and 4. 
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Supplementary Figure 5. Differential expression in the San et al dataset. A) 

Changes to ezh1 and ezh2 transcript expression with ezh2 mutation (MPZ). Red bars 
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indicate significant upregulation. Blue bars indicate significant downregulation. ***, 

p < 0.001. All p-values are Benjamini-Hochberg adjusted p-values. B) Distribution 

of differentially expressed genes with MPZ. Red points indicate significantly 

upregulated genes. Blue points indicate significantly downregulated genes. Grey 

points indicate no statistical significance. Horizontal dotted line indicates statistical 

significance threshold of p < 0.05. All p-values are Benjamini-Hochberg adjusted p-

values. See also Supplementary Data 5. 
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Supplementary Figure 6. Gene set enrichment in the San et al dataset. GO terms 

for biological processes are shown. Colour keys are as in Figure 3. See also 

Supplementary Data 6. 
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Supplementary Figure 7. Gene set enrichment in the San et al dataset. GO terms 

for molecular functions are shown. Colour keys are as in Figure 3. See also 

Supplementary Data 6.  
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Supplementary Figure 8. Reporter metabolites in the San et al dataset. Upregulated 

reporter metabolites from A) ZebraGEM2.1 and B) Zebrafish1. Downregulated 

reporter metabolites from C) ZebraGEM2.1 D) Zebrafish1. Keys are as in Figure 4. 

See also Supplementary Data 7 and 8. 
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Supplementary Figure 9. Differential expression of genes of interest in the San et 

al dataset. A) Arachidonic acid pathway and inflammation-related genes. B) 

Immune cell identity genes. Keys are as in Figure 5. See also Supplementary Data 5. 
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Supplementary Figure 10. Lipid composition of ezh2 mutant, heterozygote, and 

wildtype zebrafish embryos. CE, cholesterol ester; DAG, diacylglycerol; PA, 

phosphatidate; PC, phosphatidylcholine; PE, phosphatidylethanolamine; PG, 

phosphatidylglycerol; PI, phosphatidylinositol; PS, phosphatidylserine; SM, 

sphingomyelin; TAG, triacylglycerol. 

  



 

 

DOCTORAL THESIS 300 

 

 

Supplementary Figure 11. Detailed lipid composition of zebrafish embryos. Lipid 

class abbreviations are the same as in Supplementary Figure 10. Lipid species are 
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indicated using numerical representation: (carbon chain length):(carbon-carbon 

double bonds);(hydroxyl groups). See also Supplementary Data 11. 
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5. Conclusion 
In the present investigation, I examined the metabolic and biomolecular characteristics of 

neurodegeneration (Papers I – IV), lipodystrophy (Paper V), and muscle injury response 

(Paper VI). In these following manuscripts, I demonstrate the potential of metabolic 

studies for the identification of diagnostic and predictive biomarkers in fields where 

classical research has so far not focused on metabolism, namely AD and PD research 

(Papers I – III), or where it does not so obviously play a direct role, namely muscle injury 

(Paper VI). To arrive at my conclusions, I employed statistical techniques alongside 

machine learning classification techniques (Papers I and IV) to identify trends and classes 

within clinical and omics data. I demonstrate that these techniques can be used to 

accelerate discovery in diseases less well studied.  

Through these analyses, I discovered a role for retinoic acid metabolism deficiency in AD 

and PD which was also seen in an ageing zebrafish model (Paper I). Given additional 

time and resources, I would have sought or generated data on the effect of retinoic acid 

on amyloid, tau, or α-synuclein clearance; or on cognitive scores in humans, to be 

determined using clinical cognitive assessments such as the Mini Mental State 

Examination, Alzheimer’s Disease Assessment Scale, or Montreal Cognitive Assessment. 

It would be interesting to reconcile the effect of retinoic acid on PD given that dementia 

is a lesser effect of PD than the movement disorders that characterise the disease. To take 

this hypothesis further, the effect of retinoic acid on motor and spatial cognitive functions 

could even be assessed in mice via methods such as the rotarod and Morris water maze. 

Papers II and III demonstrated the potential therapeutic value of the combined metabolic 

activators (CMAs) L-carnitine, N-acetylcysteine, nicotinamide riboside, and L-serine. 

This formulation was initially designed for the treatment of non-alcoholic fatty liver 

disease (NAFLD) and each constituent was selected by metabolic modelling of NAFLD. 

However, owing to energy metabolism utilisation similarities between NAFLD, AD, and 

PD130, and as informed via animal models, we decided to reposition CMAs to AD and 

PD after re-rationalising the formulation by metabolic modelling on ROSMAP 

participants. Although our results did not reach the threshold to support a clinical 

advantage of CMA, we found that CMAs led to cognitive improvements with higher 
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statistical confidence than in the placebo group. Given additional time and resources, a 

more closely controlled study based on targeted therapy of other metabolites, such as 

retinoic acid as discussed in Paper I of this thesis, would be tested for any beneficial effects 

on cognitive and motor function. 

Paper IV proved the principle of data-driven identification of diagnostic biomarkers in 

neurological diseases (NLDs). This was achieved through Monte Carlo–based feature 

selection to maximise the predictive power of a machine learning model and validating 

the coefficients of each selected feature with trends in the literature. Selection of blood 

and urine biochemistry features – and especially liver enzymes – led to an attractive model 

of potential early detection during routine clinical tests to identify suspected NLDs 

without the need of a specialist neurology unit. This paper does not suggest that liver 

markers cause or are naively correlated with NLD; rather their alteration is a part of a 

larger metabolic perturbation involving multiple factors associated with NLD and that 

machine learning is required to detect such patterns. Given additional resources, an 

independent, ideally longitudinal, cohort would be sought to validate and refine the 

model, and the metabolic perturbations involved in the progression of different NLDs 

would be deduced from the model coefficients. 

Papers V and VI were ambitious projects that inspected metabolic alterations in 

conditions that do not immediately apply metabolism in their response. In Paper V, I 

obtained evidence for convergent metabolic perturbations in NASH and lipodystrophy, 

two outwardly distinct diseases, in which a common liver X receptor utilisation 

characteristic was observed. The implication of this result is that treatments for 

lipodystrophies could potentially be beneficial to certain subsets of NASH patients 

displaying lipodystrophy-like metabolic perturbations. If proven true, then this paper 

challenges the wider definition of diseases based on symptoms and outward presentation 

and provides a strong basis for drug repositioning. In Paper VI, I found a role for 

arachidonic acid in the muscle injury response in Ezh2 mutant zebrafish in which I 

observed upregulated lipid elongation enzymes and enrichment of longer chain fatty 

acids. In my model, I suggested that this led to the accumulation of the signalling 

metabolite arachidonic acid, which promotes reactive oxygen species (ROS) removal via 

hydroxyeicosatetraenoic acid (HETE) and glutathione, consistent with metabolic 
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modelling conducted in parallel. Given additional resources, this study could be extended 

to inspect the effect of arachidonic acid and elovl family gene knockout on muscle repair. 

If proven true and translatable, then the clinical implications of this discovery could 

potentially improve muscle healing and shorten injury times after exercise and sports 

injuries. 

As a result of the present investigation, I can conclude that a metabolic perturbation basis 

for human degenerative diseases is a feasible and attractive philosophy that is able to 

unlock both basic biological insights and realistic therapeutic strategies. This approach is 

realized by biotechnological and computational advancements in systems biology which 

enable the simulation of cellular metabolism in silico. These efforts, while not perfect and 

require some assumptions in the data, are a good first step to generating tractable leads 

and targeted hypotheses. Importantly, systems biology has shown to be able to prioritise 

and direct resources and attention to the strongest metabolic candidates on the basis of 

the wealth of data that already exist after more than a decade of high-throughput data 

collection. The interface of systems biology and disease biology, known as systems 

medicine, therefore holds promise for the acceleration of drug development and 

repositioning. 

In the current investigation, I have detailed the hypothesis-free identification of candidate 

metabolic biomarkers in Papers I, IV, V, and VI. I have shown the usefulness of zebrafish 

experimental models of metabolism in Papers I and VI. I have demonstrated the 

translational potential for therapies based on metabolic activation in Papers II and III. 

Taken together, the current investigation represents a full trip around the systems 

medicine cycle, from hypothesis-free data exploration for the identification of biomarkers 

to the experimental validation in in vivo models of metabolism and clinical trials in 

humans. 

My closing remark is that systems medicine will hold promise not only for therapeutic 

medicine, but also for preventive medicine. This vision requires longitudinal health, 

nutritional, and lifestyle data collection, ideally from wearables technology, and will be 

able to model health trajectories, provide personalised risk scores for multiple diseases, 

and give dietary and lifestyle suggestions based on an individual’s own data. The common 
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denominator between this vision for the “holy grail” of data-driven preventive medicine 

and the current investigation is the underlying understanding that metabolic 

perturbations, which are caused by genetics, age, lifestyle, and diet, hold the key to the 

difference between health and disease. 
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Ethnography 
 

Reflecting on my personal experience as a research student at the College, I will say that 

my foremost impression is a sense of belonging in my department. Distinct from my 

experience as an undergraduate student, where I had relatively fleeting, ephemeral links 

with disparate departments, I really benefitted from the support structures afforded by 

being grounded in a single department. The Faculty is sufficiently large enough so that 

the types of support, skillsets, and research are wide and varied, but also sufficiently small 

enough to feel like a close-knit community. Activities such as Faculty mindfulness 

sessions set up by Katya Griffin and my collaboration with Dr Robert Knight, which led 

to Papers I and VI in this current investigation, are examples of the Faculty’s size working 

to benefit and unite. 

Being a doctoral candidate during the COVID-19 pandemic and the introduction of 

working from home guidance across the UK proved to me just how much of my practical 

work as a bioinformatician and systems biologist can be done on the computer. From 

being pleasantly surprised by the success of the Cold Spring Harbor Neurodegenerative 

Diseases: Biology & Therapeutics symposium being held completely online, to my own 

personal productivity by cutting out travel and commute and improving my work-life 

balance, the experience has firmly proven to me that remote and hybrid working 

arrangements are feasible and desirable. With the appreciation that not all science can be 

done from home, and so some collaborators will be found at the bench, I also welcome a 

phased return to the workplace and in-person symposia for the interactions which cannot 

be replicated on a computer screen. Still, I see myself discussing with future managers 

working from home at least some of the time for the foreseeable future, as a change of 

scenery is a break from monotony, and I think that this in no small part was another 

contributor to my boosted productivity during lockdown. 

Finally, I give credit for the additional and extracurricular opportunities available to 

postgraduate research students at the College, including but not limited to module 

teaching, skills training, and the Associateship of King’s College. These were highly 

enriching experiences, and yet another extremely welcome break from potential 
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monotony. Module teaching as a Graduate Teaching Assistant firmly placed me on the 

“other side” of university education as I had seen it during my undergraduate years, and 

it also went a long way to break down my own imposter syndrome, built up over 

numerous manuscript rejections and temperate-to-scathing remarks from peer reviewers, 

which I have also learned to be the norm, and ultimately for my own benefit as a 

researcher. Skills training, particularly the Adobe Illustrator and Photoshop courses led 

by Alex Greenhough, will stay with me, and these experiences too were excellent 

enrichments to College life. And I only have praise for the Associateship of King’s 

College, the team behind which seem to have a knack for inviting thought leaders from 

across the College and beyond. 

Taken together, I see my experience as a doctoral candidate at the College as a 

representative prelude to academic life. The College has provided the support and 

enrichment I need to work at my best. 
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