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SYSTEMS MEDICINE 
The term metabolism includes a multitude of intricate biochemical processes that are vital to 

sustaining life. As constant advancements in healthcare and life quality are made, people are 

living longer than ever before. However, they are often burdened with one or more chronical 

diseases. This provides a serious challenge for doctors and patients to decide on the right treat-

ment, taking into account various comorbidities. Majority of human diseases arise from the 

imbalance in biochemical processes affecting the metabolism of proteins, fats, or carbohy-

drates, or resulting in impaired organelle function presenting as complex medical conditions 

including several human organ systems. The imbalance in metabolic processes can be caused 

either by environmental factors (including lifestyle choices, or exposure to toxins) or by genetic 

mutations (both hereditary, and non-hereditary). Inborn errors of metabolism (IEM) are a sub-

group of genetic disorders which results from a single enzyme deficiency. While individually 

rare, their birth prevalence ranges from 0.4 in 1000 to 1.3 in 1000 live births [1–5]. Most treat-

ment options are focused on handling the symptoms of the disorders to improve the pa-

tient’s quality of life, since successful gene therapy is not yet available, despite the tremendous 

progress made in the recent years [6–8]. However, as patients suffering from an identical mu-

tation may display a spectrum of disease phenotypes it can be challenging to decide on the right 

treatment. 

Modern healthcare gradually moves away from a reactive, ‘one-size-fits-all’ approach to pro-

active, personalised care, tailored to people’s individual health needs [9]. This paradigm shift 

requires a thorough knowledge of the patient’s genetic background, medical history, lifestyle, 

and environment. Only then a clinician will be able to determine health risks, early diagnostic 

markers, and most effective interventions. Fortunately, over the past decades, exponential ad-

vances in the technologies and informatics have allowed researchers to generate and process 

large biological data sets (‘omics’ data). With various ‘omics’ technologies becoming cheaper 

and readily available, we see a rise in the interdisciplinary, integrative approaches that support 

the development of systems medicine. This systems approach requires physicians and experts 

in biochemistry, statistics, informatics, mathematics, and computational modelling to collabo-

rate to transcend the boundaries of each of their respective fields for the benefit of the patient 

[10,11].  

The cycle of systems medicine (Fig. 1.1) starts with a particular question at hand and requires 

identification of relevant parameters/variables to observe. Next, knowledge about the 
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biological interactions between the chosen variables is gathered to represent the system in the 

form of a mathematical model. The type of models depends largely on the question to be an-

swered and the type of data available. They range from machine learning models [12–14] to 

mechanistic models based on rate equations [15–19], logical models [20] or agent-based sim-

ulations [21]. In the final steps, the system is investigated for emergent patterns and validated 

by data obtained from the patient. Each cycle brings more understanding of the patient-specific 

state of the system [22]. 

 

1.1

COMPUTATIONAL APPROACHES IN SYSTEMS MEDICINE 
Currently computational approaches used within systems medicine can be divided into two 

distinct branches: 1) a knowledge discovery branch, based mostly on data mining, machine 

learning, and neural networks that are able to extract emerging patterns from vast amounts of 

available data; 2) simulation-based analysis which utilizes mechanistic models based on pre-

existing information to test hypotheses , and provide predictions [23].  

ARTIFICIAL INTELLIGENCE  
The knowledge discovery branch is used with great success in assisting clinicians at the diag-

nosis stage. Several recent studies showed that deep learning algorithms were able to match 
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the performance of trained experts or even outperform clinicians in accuracy and sensitivity of 

diagnosis in breast cancer [24], Alzheimer disease [25], cardiac diseases [14] and lung pathol-

ogies [26]. Furthermore, such algorithms can be used for silico prediction of opportunities 

for therapy optimisation [12,13] or drug discovery [27,28]. However, the ‘black-box’ nature of 

artificial intelligence approaches limits their usefulness in areas where causality and an under-

standing of the mechanisms underlying the disease are required.  

PREDICTIVE MECHANISTIC MODELS 
In contrast to artificial intelligence, mechanistic models rely on a detailed understanding of the 

system studied: its architecture, components, and their interactions, to build a mathematical 

model representing the system. Hypothesis-driven simulations using these models are com-

pared with experimental observations for validation, and if inconsistent, they reveal that our 

knowledge about the system is incomplete. Once the model predictions are in agreement with 

the experimental observations, they can be used to generate novel hypotheses, as well as to 

explore questions that cannot be easily addressed experimentally. For example, genome-scale 

models have helped predict novel biomarkers for various diseases [18,29–32], while kinetic 

models have been used to predict novel treatment targets [19] or response to novel therapies 

[33,34]. There are many different types of models utilised within the systems medicine frame-

work, including gene regulatory networks, signal transduction pathways, metabolic networks, 

and pharmacokinetics and pharmacodynamic models. Their usage depends on the type of data 

available and the scale at which we want to study the system of interest [35]. For example, in 

studies of metabolism genome-scale constraint-based models and detailed, dynamic models are 

ubiquitously used. Both model types can be personalised by integration with patient-specific 

data available, typically transcript, protein, and metabolite levels.  

GENOME

In recent years, following the growth of ‘omics’ technologies, genome-scale metabolic models 

(GEMs) have been gaining popularity as they provide a snapshot of metabolism based on ge-

netic and environmental constraints [36]. A GEM reconstruction describes a whole set of stoi-

chiometry-based, mass-balanced metabolic reactions of an organism. It uses gene-protein-re-

action (GPR) associations to link the reactions with associated enzymes based on genome an-

notation and experimental data [37]. Furthermore, genetic and environmental constraints such 

as transcriptomic, metabolomic, or fluxomic data are incorporated in the model to represent the 

modelled organism, tissue, or cell better. Using optimisation techniques based on linear pro-

gramming, GEM models can predict the metabolic flux distribution within a network [38]. By 
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studying the changes in the flux distribution caused by a specific perturbation (either genetical 

or environmental), GEM models can reveal which pathways play a role in the observed phe-

notype, or predict novel biomarkers. In studies of human metabolism, two major metabolic 

reconstructions are used: the human metabolic reaction (HMR) series with its latest version 

known as human-GEM [39] and the ReconX series with the newest update named Recon3D 

[40]. Human GEMs have contributed to a better understanding of the mechanisms underlying 

various diseases, and the prediction of appropriate disease biomarkers or treatments [41]. For 

example, the iHepatocytes2322 model (HMR-based) was used to identify serine deficiency in 

NAFLD [18], and recently, the multi-organ metabolic models based on Recon3D were coupled 

together into two gender-specific whole-body models (Harvey and Harvetta) which allowed to 

correctly represent inter-organ metabolic interactions, such as the Cori and Cahill cycles, and 

organ essentiality [42]. 

Despite the continuous improvements in human reconstruction models, they are still subject to 

several limitations. Firstly, the reconstructions are only as complete as our current knowledge 

and therefore, are susceptible to errors due to missing or inaccurate data gathered in various 

databases. Furthermore, metabolism of biopolymers such as glycogen and phospholipids car-

ries a unique combinatorial challenge due to the enzyme promiscuity that has yet remained 

unsolved in the context of GEMs, and therefore, remains misrepresented. Also, the interaction 

between cofactors and apoenzymes, which are crucial for their activity, is often simplified and 

can lead to artefacts. Lastly, GEMs work under the assumption of a steady-state of a system 

and lack kinetic information and regulation, whereas, in living organisms, time-dependent dy-

namics play an essential role.  

DETAILED,
In contrast to GEMs, dynamic models comprise only of a subset of metabolic reactions, usually 

within a specific pathway, but at much greater detail, including enzyme kinetics and metabolic 

regulation. They are commonly represented as a set of coupled, ordinary differential equations 

(ODEs) based on rate equations for the enzymes in the system. ODEs describe all the reactions 

and transport processes in the model that either consume or produce the variable metabolites, 

one ODE per each metabolite pool. Dynamic models allow predictions to be made of metabo-

lite concentrations and fluxes, both in a steady-state and kinetically over time. Moreover, sen-

sitivity analysis or Metabolic Control Analysis, which analyses the response of variable me-

tabolites to the changes in model parameters, allows identification of the metabolic steps that 

significantly influence the system’s behaviour under specific conditions [43]. The importance 
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of this approach in systems medicine has been beautifully illustrated by the work by Haanstra 

et al. They showed that the response to an enzyme inhibition in the same metabolic pathway 

might differ between a host and pathogen, allowing for targeted treatment. The same study also 

is an excellent example of how one can experimentally validate phenomenon discovered 

silico [19] as a model’s accuracy can vary significantly based on the parameters availability 

and the level of detail. A similar approach was applied successfully to specifically target cancer 

cells without harming other cells or tissues in the body [34].  

Just like GEMs, dynamic models also have their limitations. As mentioned before, they are 

prone to error due to insufficient quality and/or quantity of the available input data, e.g. missing 

parameter values, unknown enzyme kinetics, or unknown metabolic regulation. Furthermore, 

since the studied pathways are not connected with the systemic metabolic network in the model, 

but are instead studied in isolation, their simulated behaviour might not accurately represent 

the intricate interplay between various pathways in the organism.  

INBORN ERRORS OF METABOLISM 
Cancer [12,13,20,24] and other multifactorial, acquired metabolic diseases such as cardiac dis-

eases [14,44–47], insulin resistance [48,49], and obesity [50] are amongst leading causes of 

morbidity in our society and therefore gaining much attention in the systems medicine field. 

However, their complexity poses a significant limitation for detailed mechanistic modelling. 

On the contrary, inborn errors of metabolism (IEM), inherited diseases caused primarily by a 

single gene mutation rendering its protein product inactive or blocking its expression, allow for 

a more tangible starting point for detailed modelling [15,16,29,32,51–56]. Despite their per-

ceived scarcity (individual IEM affect less than 1 in 10 000 people), collectively, the IEM’s 

global prevalence is estimated to be between 0.4 and 1.3 per 1000 live births [1–5]  with 33% 

mortality rate especially in the mid- and low-income countries [4]. Roughly two-thirds of all 

the IEM patients are children, often suffering from severe and life-threatening symptoms, 

stressing the urgency of diagnosis and early treatment to prevent the irreversible damage to the 

patient. The low numbers of patients per individual disease pose a problem in applying tradi-

tional statistical. However, this makes IEMs the perfect subject for the personalised systems 

medicine approach, where each patient is treated as their own control [57].  

The long-held approach to IEM as simple “one gene, one disease” problem has seen a paradigm 

shift in the last two decades and has forced clinicians and researchers to recognise IEM as 

complex diseases [58] requiring a systems approach to achieve a better mechanistic 
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understanding. As patients suffering from an identical mutation usually display a spectrum of 

disease phenotypes, the environment in which the deficient enzyme acts should not be ignored. 

Multiple modifying factors could explain the observed differences, such as environment, epi-

genetics, and unique genetic background of individual patients. Together they cause either a 

decrease or increase of metabolic robustness leading to more or less severe phenotypes, respec-

tively [59]. Systems medicine offers unique opportunities to study the system-wide effects of 

various IEM within their metabolic network and cellular environment, to dissect the underlying 

mechanisms in disease development and progression in each patient. However, to date, only a 

few studies integrating ‘omics’ data with modelling approaches have been published for IEM 

[15,16,29,32,51–56]. Among them, genome-scale approaches have shown up to 74% accuracy 

in predicting known biomarkers of various IEM [18,32,52], providing the first step for model-

based biomarker predictions for other IEM. These genome-scale approaches are particularly 

suited to study the mechanism and predict biomarkers of diseases that impact multiple path-

ways, such as fatty-acid oxidation (FAO) disorders, or disorders related to the cofactor metab-

olism.  

On the other hand, when a smaller (sub)system is studied, the dynamic models have yielded 

valuable insights in identifying and studying novel treatments or suggesting a new metabolic 

mechanism of disease. For example, publications analysing defects in the mitochondrial fatty-

acid metabolism (mFAO) [15,16,55] and the role of blood-brain-barrier (BBB) transport in the 

phenylketonuria (PKU) [56] have been able to prove the usefulness of this approach in identi-

fying and studying novel treatments or elucidating the metabolic mechanism of disease. 

FLAVOPROTEOME-RELATED DISEASES 
Flavin adenine dinucleotide (FAD) and its precursor flavin mononucleotide (FMN) are redox 

cofactors that are required for the activity of more than a hundred human enzymes. Out of 

those, 52 are known to cause human diseases if inactive, including several fatty acid oxidation 

(FAO) disorders [60]. In human cells, flavins are synthesised from their precursor riboflavin, 

also known as vitamin B2. Unlike nicotinamide adenine dinucleotide (NAD), which diffuses 

freely between enzymes, flavins are bound to enzymes called flavoproteins [61].  



General introduction

1

|   15   

 
 

 

1.2  Flavoproteins are depicted in light grey, CoenzymeQ 
(CoQ) and the lumped oxidative phosphorylation pathway (OxPhos) are indicated in dark grey ellipses in the 
mitochondrial inner membrane. Abbreviations: ACADs – acyl-CoA dehydrogenases, SARDH – sarcosine dehy-
drogenase, DMG – dimethylglycine, DMGDH -dimethylglycine dehydrogenase, ETF(ox) – oxidised electron-
transfer-flavoprotein, ETF(red) – reduced electron-transfer-flavoprotein 

A classical flavoprotein-dependent FAO disease is multiple-acyl-CoA-dehydrogenase defi-

ciency (MADD), also known as glutaric aciduria type II. It is caused by a defect in one of 

the ETF cycle flavoproteins (ETFA, ETFB or ETFDH genes) [62]. These FAD-containing en-

zymes are crucial to link not only mitochondrial FAO but also amino acid metabolism of sar-

cosine and dimethylglycine to oxidative phosphorylation (Fig. 1.2). Depending on the residual 

ETF cycle activity, MADD may lead to a life-threatening lack of energy supply to the body, 

with episodes of severe metabolic decompensation, hypoglycaemia, metabolic acidosis, sar-

cosinemia and cardiovascular failure. The available treatment consists of low-fat, low-protein 

and high-carbohydrate diet with riboflavin, glycine and L-carnitine supplementation. How-

ever, this treatment is not sufficient for neonatal patients [63] for whom experimental treat-

ment with sodium-D, L-3-hydroxybutyrate showed promising results [64]. This example 

shows clearly the crucial and complex role of the FAD in the metabolism.  

Cofactors, are among the most central nodes in the metabolic network, being the most con-

nected molecules [65]. However, current genome-scale models do not distinguish between the 

cofactors that are bound to their co-enzymes (e.g. FAD) and those freely diffusing (e.g. NAD), 

which introduces artificial degrees of freedom in the studied network. This problem should be 

urgently addressed to allow more accurate model predictions with regard to various cofactor-

related IEMs, many of which play a central role in fatty acid metabolism.  

FATTY ACID OXIDATION DISORDERS 
Fatty acid oxidation (FAO) defects are among the most common IEM identified worldwide 

with a prevalence between 0.0139 and 0.0789 in 1000 live births [1,2,4]. However, the preva-

lence if IEMs is regionally-dependent with Portugal having the highest incidence of FAO re-

ported of 0.1575 in 1000 live births [66]. Traditionally FAO defects include only diseases 
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affecting mitochondrial transport and FAO, whereas peroxisomal FAO defects are part of the 

peroxisomal disorders (see Fig. 1.3). If counted together, their prevalence would increase to 

0.0792-0.1337 per 1000 live births [4]. Lipids are an essential source of energy during periods 

of fasting, decreased food intake, or increased energy demands due to physical activity or ill-

ness. Depending on the length of the fatty acid (FA) and its structure (straight or branched-

chain; saturated or unsaturated), different metabolic degradation pathways are predominant. 

These pathways are localised in mitochondria, peroxisomes, or endoplasmic reticulum. In total, 

around 35 different diseases affecting either mitochondrial or peroxisomal FAO have been 

found to date. They have variable presentations, varying in time of disease onset and disease 

severity. Presentations range from neonatal onset with malformation syndrome, metabolic ac-

idosis, cardiomyopathy, sudden death, retinopathy, developmental delay, myelopathy and pe-

ripheral neuropathy, to late-onset with neuropathy, myopathy, and retinopathy, whereas some 

patients even remain asymptomatic [67–69].  

FATTY-ACID OXIDATION 
Mitochondria can utilise both saturated and unsaturated FAs with up to 22-carbon chains in a 

process called β-oxidation. It generates acetyl-CoA, a substrate for the tricarboxylic acid (TCA) 

cycle, and reducing agents flavin adenine dinucleotide (FADH2) and nicotinamide adenine di-

nucleotide (NADH). FADH2 and NADH donate electrons to the respiratory chain (OxPhos) 

for ATP generation (Fig. 1.3). In total, mitochondrial β-oxidation of palmitate (16 carbons) 

yields 106 molecules of ATP [70]. However, very-long-chain FAs (above 22 carbons), 

branched-chain FAs, and long-chain dicarboxylic FAs cannot be broken down in mitochondria, 

but require peroxisomal α- and β-oxidation to be processed [71]. Peroxisomal β-oxidation fol-

lows the same chemical steps as its mitochondrial counterpart of stepwise shortening of acyl-

CoAs, producing acetyl-CoA from straight-chain FAs and propionyl-CoA from branched-

chain FAs. Despite the similarities, peroxisomal and mitochondrial enzymes are encoded by 

distinct genes and show different substrate specificity. Moreover, the enzymes catalysing the 

first step of mitochondrial FAO are FAD-dependent dehydrogenases, donating their electrons 

to the respiratory chain via the Electron-Transfer-Flavoprotein (ETF) cycle, while their perox-

isomal counterparts, FAD-dependent acyl-CoA oxidases, donate their electrons directly to mo-

lecular oxygen. Additionally, mitochondrial FAO can fully break down FAs to CO2 and water, 

with the active participation of TCA cycle oxidative phosphorylation, while peroxisomal FAO 

can only shorten the FAs, and its products need to be transported to the mitochondria for com-

plete oxidation. For this, the CoA esters produced in the peroxisomal β-oxidation need to be 
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converted to carnitine esters before they can be exported from peroxisomes. However, the exact 

transport mechanism of peroxisomal FAO products is currently unknown [71]. 

 

1.3  Transporter 
proteins and complexes I-V of the respiratory chain or oxidative phosphorylation are indicated as grey boxes in 
the mitochondrial inner membrane. General substrates and products of the FAO pathways are shown. Abbrevia-
tions: CoA – coenzyme A,  Car – carnitine, FA – fatty acid, SCFA – short-chain fatty acids, MCFA – medium-
chain fatty acids, LCFA- long-chain fatty acids, VLCFA – very-long-chain fatty acids, SDCFAs – short-dicar-
boxylic fatty acids, TCA – tricarboxylic acid cycle, OxPhos – oxidative phosphorylation  

Despite a broad enzyme specificity of peroxisomal β-oxidation, some branched-chain FAs con-

tain a functional group at the 3-carbon that cannot be β-oxidised. These FAs require the perox-

isomal α-oxidation pathway to be broken down. This unique pathway shortens the FAs by only 

one carbon, leading to a formation of formyl-CoA and a shortened FA that can be a substrate 

for the β-oxidation. A classical substrate of α-oxidation is phytanoyl-CoA [72–74]. Alterna-

tively, ω-oxidation in the endoplasmic reticulum has been found to play a supportive role in 

the breakdown of fatty acids. In this pathway, FAs are first converted to ω-hydroxy-FA and 

then oxidised to dicarboxylic fatty acids (DCFAs) [75–77]. DCFAs are a substrate for peroxi-

somal β-oxidation and can be broken down to medium- and short-chain dicarboxylic acids, 

which are hydrophilic enough to be removed from the body via urine. Together, all FAO path-

ways form a complex system that does not only provide the body with energy but is also 
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required to break down potentially toxic compounds such as very-long-chain fatty acids and 

phytanic acid [78,79].   

REFSUM DISEASE 
As mentioned earlier, peroxisomes are organelles that, among other functions, are crucial for 

cellular lipid metabolism. Refsum disease is an inborn error of metabolism (IEM) that is caused 

by biallelic mutations in the gene encoding phytanoyl-CoA 2-hydroxylase (PHYH), resulting 

in defective α-oxidation of the branched-chain fatty acid phytanic acid (3,7,11,15-tetra-

methylhexadecanoic acid) [74]. Since phytanic acid contains a 3-methyl group, it needs to un-

dergo α-oxidation first, thereby producing pristanic acid, which then can be further degraded 

by β-oxidation (see Fig. 1.2) [80]. Alternatively, phytanic acid can be ω-oxidised in the endo-

plasmic reticulum [76]. The end product of ω-oxidation and subsequent β-oxidation of phytanic 

acid is 3-methyladipic acid (3-MAA), which has been described to be upregulated in patients 

with Refsum disease [81]. Refsum disease was first described in 1945, with symptoms includ-

ing progressive retinitis pigmentosa, polyneuropathy, cerebellar ataxia, and deafness [81]. 

Phytanic acid is a xenobiotic compound for humans, solely derived from the diet, and patients 

with Refsum disease are mostly diagnosed in late childhood by elevated levels of phytanic acid 

in plasma and tissues [74,81]. Currently, plasmapheresis and a strict diet to reduce the intake 

of dairy-derived fat are the only available treatments for patients. However, a study by Baldwin 

et al. shows that 33% of patients had problems with compliance to the diet. Furthermore, epi-

sodes of illness, weight loss, or pregnancy may lead to an increase in plasma phytanic acid and 

cause rapid progression of the disease [82]. Therefore, further studies focusing on novel bi-

omarkers of disease progression as well as diet and treatment optimisation will be essential for 

better patient care. 

AMINO ACID DISORDERS 
Amino acids are essential building blocks of proteins and serve as neurotransmitters, precursors 

of hormones, coenzymes, pigments, neurotransmitters, and nucleic acids. Many of them can be 

synthesised by humans, except for nine essential amino acids which must be obtained from the 

diet. All amino acids have their unique degradative pathways in which nitrogen and carbon 

components are recycled to build other amino acids, carbohydrates, or lipids. Disorders of 

amino acid metabolism and transport are individually rare, with a prevalence from 0.0655 in 

1000 live births for phenylketonuria to 0.0041 in 1000 live births for homocystinuria [4]. Tra-

ditionally, they are named after the compound that accumulates in the blood (i.e. tyrosinemia) 

or urine (i.e. alkaptonuria). However, both biochemical and genetic heterogeneity are common, 
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leading to a range of distinct forms of each of the diseases. Similarly, symptoms vary greatly 

depending on the disease. While sarcosinemia has no clinical phenotype, ornithine transcar-

bamylase is lethal if left untreated in the neonate. In more than half of the disorders central 

nervous system dysfunction, developmental retardation, or behavioural disturbances are pre-

sent [83]. 

PHENYLKETONURIA 

Phenylketonuria (PKU) is a classic example of an inborn error of amino-acid metabolism. It is 

caused by a deficiency of the hepatic phenylalanine hydroxylase (PAH) enzyme, which con-

verts phenylalanine into tyrosine [84]. If left untreated, phenylalanine levels in plasma and 

brain build-up, which leads to PKU symptomatology including severe intellectual disability, 

seizures, and psychiatric problems. High brain phenylalanine levels are neurotoxic and affect 

brain metabolism [85–89]. Moreover, phenylalanine inhibits tyrosine and tryptophan hydrox-

ylases, which are critical enzymes in the synthesis of cerebral monoaminergic neurotransmit-

ters, dopamine and serotonin. [90–93]. Together, a combination of high phenylalanine and low 

tyrosine and tryptophan may lead to low concentrations of monoaminergic neurotransmitters. 

This has been suggested to play an essential role in the mood and psychosocial problems of 

PKU patients [94–96]. Today, neonatal screening allows PKU diagnosis and initiation of treat-

ment shortly after birth. Treatment consists of a strict phenylalanine-restricted diet: low in nat-

ural protein and a tyrosine-enriched amino acid supplement including all amino acids but phe-

nylalanine. Similarly, to riboflavin supplementation in MADD, some PKU patients respond 

well to tetrahydrobiopterin supplementation, which is a cofactor of PAH. While a strict diet 

can prevent severe intellectual disability, the outcome remains suboptimal and warrants addi-

tional/alternative pathophysiology-based treatment strategies aiming to decrease the brain phe-

nylalanine concentrations and limit the abnormalities in cerebral neurotransmitter, protein and 

myelin metabolism [97].  Furthermore, in only 65% of patients above 16 years old phenylala-

nine levels were within guideline levels, suggesting a decrease in compliance to the died by 

adult patients [98].  As a possible novel dietary treatment strategy, supplementation of non-

phenylalanine large neutral amino acids (LNAA) instead of restricting dietary phenylalanine 

intake has been suggested. It has shown some promises in studies with mice.  However, further 

studies and diet optimisation will be essential to include this treatment in patients [90,99,100]. 
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OUTLINE OF THIS THESIS 
With the rapid growth of the systems medicine field, we are able to acquire an unprecedented 

amount of patient-specific data. This should lead to better diagnosis and understanding of dis-

eases, and identification of the most efficient treatment for each individual patient. However, 

this aim cannot be achieved without robust and validated mathematical models that integrate 

the current knowledge and experimental data to analyse the system behaviour. In this thesis, I 

addressed this problem using different modelling approaches as tools for multi-level data inte-

gration, hypothesis generation, and studies of disease mechanism in the set of inborn errors of 

metabolism. Through collaborative work with clinicians and experimentalists, I was able to 

study and provide new insights into the biochemical consequences of primary genetic defects 

by applying both genome-scale, constraint-based, and detailed, dynamic modelling coupled 

with data analysis and integration.  

In the first two chapters, I aimed to identify novel biomarkers and better understand the meta-

bolic consequences of genetic defects using genome-scale models of human metabolism. As 

explained above cofactors play a central role in human metabolism, yet genome-scale meta-

bolic models do not distinguish between the cofactors that are bound to their co-enzymes (e.g. 

FAD) and those that diffuse freely (e.g. NAD).  Therefore, in , I addressed this 

problem by curating the FAD-related metabolism in the human genome-scale model Recon3D. 

I validated the new model by simulating the metabolic consequences of the MADD disease. 

Finally, I predicted biomarkers for 16 flavoproteome-related IEMs.      

In , I used the model generated in the previous chapter and integrated it with multi-

omics data (transcriptomics, proteomics, and metabolomics) to generate a fibroblast-specific 

model.  This model was used to study the metabolic consequences of Refsum disease, a defect 

in peroxisomal FAO. To accurately represent the complexity of the human FAO system ex-

plained above, pathways related to the oxidation of phytanic acid were curated and extended. 

Using this model, I investigated the metabolic phenotype of Refsum disease at the genome-

scale. The curated Refsum model provides a basis for the identification of novel biomarkers 

and targets for treatment optimisation. In , my aim was to apply systems medicine 

approach to optimise a treatment strategy in an IEM. Because of the availability of relevant 

data, I decided to focus on phenylketonuria (PKU) which is the most frequent disease among 

all the IEMs. As described above, diet is currently the only treatment available for PKU pa-

tients. Nevertheless, their adherence to the diet tends to decrease with age. Therefore, in 
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, I studied the relationship between the plasma large neutral amino acids (LNAA) 

levels and brain LNAA and neurotransmitter levels. Focusing on LNAA transport via the 

blood-brain-barrier and the subsequent brain neurotransmitter synthesis, I constructed a de-

tailed, kinetic model. The model was based on the available enzyme kinetics data and validated 

using experimental data. Furthermore, I used this model to test alternative dietary treatments 

based on the LNAA supplementation in PKU.    

The final part of this thesis includes a general discussion of all chapters and provides conclud-

ing remarks and future perspectives and challenges for systems medicine . 
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