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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 



Chapter 112   |

 
 

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].  
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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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ABSTRACT 
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. Mutations 

in the genes encoding these proteins cause severe phenotypes, including a lack of energy supply 

and accumulation of toxic intermediates. Ideally, patients should be diagnosed before they 

show symptoms so that treatment and/or preventive care can start immediately. This can be 

achieved by standardized newborn screening tests. However, many of the flavin-related 

diseases lack appropriate biomarker profiles. Genome-scale metabolic models can aid in 

biomarker research by predicting altered profiles of potential biomarkers. Unfortunately, 

current models, including the most recent human metabolic reconstructions Recon and HMR, 

treat enzyme-bound flavins incorrectly as free metabolites. This, in turn, leads to artificial 

degrees of freedom in pathways that are strictly channelled. Here, we present a reconstruction 

of human metabolism with a curated and extended flavoproteome. To illustrate the functional 

consequences, we show that simulations with the curated model – unlike simulations with 

earlier Recon versions - correctly predict the metabolic impact of multiple-acyl-CoA-

dehydrogenase deficiency as well as of systemic flavin-depletion. Moreover, simulations with 

the new model allowed us to identify a larger number of more specific biomarkers in 

flavoproteome-related diseases, without loss of accuracy. We conclude that adequate inclusion 

of cofactors in constraint-based modelling contributes to higher precision in computational 

predictions. 
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1. INTRODUCTION 
In the past decade, systems biology modelling has become indispensable to explore the 

behaviour of metabolic networks and gain insight into their response to disease mutations. 

Genome-scale models of metabolism comprise the entire set of biochemical reactions known 

to exist in an organism or cell type of interest (as described in depth in [1]). These models 

represent the metabolic potential of living systems and provide a comprehensive framework to 

understand metabolism. Genome-scale models integrate biochemical and genotypic data and 

enable efficient exploration of associations between genotypes and phenotypes, and 

mechanisms of (patho)physiology [2]. The most recent consensus and generic human 

metabolic reconstructions are Recon 2.2 [3],  Recon 3D [4], and HMR 2.0 [5]. Both are 

comprehensive models aiming to describe all known metabolic reactions within the human 

body. 

Genome-scale constraint-based models contain mass-balanced chemical equations for each 

metabolic reaction in a specific cell type or organism [6]. Classically, neither enzyme kinetics 

nor enzyme concentration are accounted for in this approach [7]. The recently published 

GECKO method [8] for yeast models, which links enzyme abundances with reaction fluxes 

addresses this issue. Similarly, Shlomi et al. [9] successfully studied the Warburg effect in a 

human genome-scale model by taking an enzyme solvent capacity into consideration. 

However, general incorporation of enzyme concentrations and kinetics in human models 

remains to be addressed. Consequently, taking enzyme-bound cofactors into account remains 

a challenge.  

Cofactors are molecular compounds required for the enzyme’s biological activity. Chemically, 

they can be divided into two groups: inorganic ions that are taken up by the cell from the 

environment, and more complex organic or metalloorganic molecules – also called coenzymes 

- which are (partly) synthesized in the cell. The latter are often derived from vitamins, and 

organic nutrients and their biosynthesis pathways must be covered by genome-scale models.  

The flavins FAD and FMN are redox cofactors required for the activity of 111 human enzymes, 

52 of which are known to cause human diseases if inactive [10]. In human cells, flavins are 

synthesized from their precursor riboflavin, also known as vitamin B2. Flavins exist in three 

different redox states, namely a quinone, semiquinone and hydroquinone state. Unlike 

nicotinamide adenine dinucleotide (NAD) which diffuses freely between enzymes, flavins are 

bound to enzymes [11]. Enzymes that require bound FAD or FMN for their enzyme activity 
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are called flavoproteins.   

1.
A. General 

scheme of the reactions associated with flavoproteins; top: current Recon 2.2; middle: FAD replaced 
by the final electron acceptor in the reaction equation; bottom: linking the reactions to FAD biosynthesis 
via the artificial metabolite ‘cofactor_FAD’; B. Scheme of electron transfer from fatty-acid oxidation 
to the oxidative phosphorylation pathway as in Recon 2.2, C: Scheme of electron transfer from fatty-
acid oxidation to the oxidative phosphorylation pathway in our models, Recon 2.2_FAD and Recon 
2.2_flavo. Yellow – flavoproteins. 
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A classical flavoprotein-dependent disease is multiple-acyl-CoA-dehydrogenase deficiency 

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

transfer flavoproteins (encoded by ETFA or genes) or in the ‘electron transfer 

flavoprotein ubiquinone oxidoreductase’ (ETF-QO, encoded by gene) [12]. These 

FAD-containing enzymes are crucial to link both mitochondrial fatty acid oxidation (mFAO) 

and amino acid metabolism (mostly that of sarcosine and dimethylglycine) to the mitochondrial 

respiratory chain. Depending on the residual ETF or ETF-QO activity, MADD may lead to a 

life-threatening lack of energy supply to the body, with episodes of severe metabolic 

decompensation, hypoglycaemia, metabolic acidosis, sarcosinemia and cardiovascular failure. 

The available treatment consists of low-fat, low-protein and high-carbohydrate diet with 

riboflavin, glycine and L-carnitine supplementation. However, this treatment is not effective 

for neonatal patients [13] for whom experimental treatment with sodium-D,L-3-

hydroxybutyrate showed promising results [14]. To screen for and diagnose diseases, as well 

as provide a prognosis for disease severity and treatment outcome, biomarkers are used. 

According to the NIH definition, a biomarker is “a biological molecule found in blood, other 

body fluids, or tissues that is a sign of a normal or abnormal process, or of a condition or 

disease” [15]. They are measured routinely in a non-invasive manner in plasma, urine or faeces 

[16]. Several inborn errors of metabolism (IEM) have their metabolic phenotypes characterized 

[17]. However, for many diseases no known biomarker profile exists [18], or their sensitivity 

is low causing some patients to be wrongly diagnosed in the screening process [19]. 

Additionally, clinical presentations of IEM are often non-specific and are described as a 

spectrum rather than a clear one gene – one phenotype – one disease relation. This further 

justifies the search for more sensitive and accurate biomarkers.  Systems biology approaches 

have already been proven to aid in such research by revealing known and novel biomarkers of 

several IEMs  [17,20–23]. Human genome-scale models, Recon 2 and HMR 2, can be used to 

identify biomarkers from altered patterns of metabolites taken up or excreted by tissues [24]. 

These models typically treat flavins and other enzyme-bound cofactors as free-floating 

metabolites, as seen on a Fig. 2.1A and B [5,23]. This allows enzymes to inadvertently oxidize 

or reduce flavin molecules that are in reality confined to another enzyme. In the models, this 

leads to artificial uncoupling of pathways. Such an artefact is seen clearly in the case of MADD 

where electrons from mFAO should be coupled to the oxidative phosphorylation system by the 

ETF/ETF-QO proteins (Fig. 2.1C). In the current models, however, FADH produced from 

mFAO can also be re-oxidized via other pathways: by reversal of the mitochondrial succinate 

dehydrogenase reaction as well as an artificial reaction that represents triglycerides synthesis 
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(Fig. 2.1B, model Recon2.2). Another artefact in Recon2.2, but not HMR 2, is that flavin 

biosynthesis is not explicitly required due to the presence of a FAD uptake reaction in the 

model. Finally, the current description of the flavoprotein-related reactions is inconsistent, 

using sometimes free FAD and sometimes the final electron acceptor. Sometimes both options 

occur in parallel if the same biochemical reaction occurs twice in the model, due to 

inconsistencies in metabolite naming. Therefore, the effects of defects associated with FAD 

biosynthesis or flavoproteins could not, until now, be accounted for by genome-scale 

constraint-based models. Furthermore, FMN is not used as an electron acceptor in the current 

reconstruction, but only as an intermediate metabolite in the FAD synthesis. 

The aim of this study is to explore the physiological effects of flavin-related enzymopathies 

and to identify candidates for biomarkers. To this end, we modified Recon2.2 to correctly 

represent flavins as bound cofactors, and we introduced a novel simulation approach that 

enables studies of cofactor scarcity in mammalian models. Moreover, we analysed metabolic 

disturbances for 38 flavin-related diseases, for which genes were included in the metabolic 

reconstruction. For 16 of them, which are known to affect the core metabolism, we additionally 

analysed their ATP production capacity from different carbon sources, showing metabolic 

blockages in line with the current knowledge about these diseases and their biomarkers.  
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2. MATERIALS AND METHODS 

2.1. GENOME BASE

As described earlier [23] metabolic and transport reactions are summarized in an m x n 

stoichiometric matrix S, that contains the stoichiometric coefficient of each of the 

metabolites in each of the n reactions described by the model.  Gene–protein-reaction 

associations use Boolean rules (“and” or “or” relationships) to describe the protein requirement 

of each reaction.  

At steady state, metabolite consumption and production in equilibrium and therefore equals 

of vector of length with zeros in the following equation: 

S·v = b 

with v a vector of length of n and vi representing the flux through reaction Reaction (ir-) 

reversibility is introduced as constraints limiting minimal and maximal flux values: 

li ≤ vi ≤ ui   for i ∈ {1, …, n}. 

2.2. M
We started from Recon 2.2 [3] obtained from the Biomodels database 

(http://identifiers.org/biomodels.db/MODEL1603150001). Flavoprotein-related reactions 

were identified and manually curated based on a review by Lienhart at al. [10] as well as 

information available in the public databases: KEGG, NCBI Gene and OMIM. Additionally, 

several rounds of manual curation revealed inconsistencies in the directionality of reactions of 

fatty-acyl CoA ligase, reactions participating in the mitochondrial transport of fatty-acyl 

carnitines, peroxisomal fatty-acid oxidation and fatty acid synthesis, which were corrected. 

Missing reactions in the fatty-acid synthesis pathway were added. Subsequently, invalid or 

duplicated reactions were removed from the model. The curated model was saved as 

Recon2.2_FAD. For detailed information on all the changes and the underlying documentation, 

see Supplementary Table 2.2.  

Similarly, we performed a manual curation of FAD-related reactions in Recon 3D model 

available at (https://vmh.uni.lu). We identified all reactions dependent on flavoproteins and 

manually replaced the FAD and FADH2 with the final electron acceptor (Table S2.4), creating 

Recon3D_FAD model. 
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2.3. M
In simulations of MADD and FAD deficiency, the minimum required flux through the 

‘biomass_reaction’ was set to 0.1 mmol·gDW-1·hr-1, to mimic the basic cell maintenance 

(protein synthesis, DNA and RNA synthesis etc.), unless stated otherwise, as in [25]. Other 

constraints used only in specific simulations are indicated where applicable. No changes to the 

model boundaries were made unless stated otherwise.  

2.4.
Multiple acyl-dehydrogenase deficiency was simulated as a single gene deletion (ETFDH, 

HGNC:3483), and the solution space of the models was sampled with the optGpSampler with 

10000 points explored and distance of 2000 steps [26]. Additionally, uptake of common 

carbon_sources (glucose, fructose, C4:0, C6:0, C8:0, C10:0, C12:0 C14:0. C16:0, C18:0, 

C20:0, C22:0, C24:0, C26:0, alanine, arginine, asparagine, aspartic acid, cysteine, glutamine, 

glutaric acid, glycine, histidine, isoleucine, lysine, methionine, phenylalanine, proline, serine, 

threonine, tryptophan, tyrosine, valine, sarcosine) was set to -1 mmol·gDW-1·hr-1. 

2.5.
To study the metabolic response to flavin deficiency we adapted parsimonious FBA [27] to 

mimic the resource re-allocation among cofactor requiring enzymes upon cofactor scarcity. 

Furthermore, we linked the cofactor requirement and cofactor biogenesis in an approach 

similar to the method introduced by Beste et al. [28]. In short, flavin-related reactions were 

identified using their GPR annotation (with respect to the Boolean relationship – only reactions 

for which the flavoprotein is essential were selected), split to two irreversible reactions for each 

direction and an artificial metabolite ‘cofactor_FAD’ was added to be consumed by each of 

them with a very low (0.000002) stoichiometric coefficient based on an average human 

proteome lifetime[29] and an average kcat value[30]. Biogenesis of the cofactor was linked to 

the artificial ‘cofactor_FAD’ through the artificial reaction ‘FADisCofactor’. Adjusting the 

boundaries of FADisCofactor reaction or reducing the flux of FAD biogenesis pathway 

allowed us to independently study flavin shortage effects linked to i) FAD biosynthesis 

impairments, ii) enzymatic mutations hampering cofactor binding or iii) defects in cofactor 

dissociation and transfer in protein dimers. 

Cofactor limitation was obtained by constraining the flux of the FMN adenyltransferase 

(FL ) reaction. The solution space for the control model and the FAD deficiency model was 

sampled using optGpSampler with 10000 points explored and distance of 2000 steps [26]. 
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2.6. C ATP
To calculate the maximum ATP yield per carbon source we adapted the method developed by 

Swainston et al. [3]. All model boundaries for uptake of nutrients were set to 0 except for a set 

of compounds defined collectively as a minimal medium (Ca2+, Cl-, Fe2+, Fe3+, H+, H2O, K+, 

Na+, NH4 SO4
2-, Pi) for which the boundaries of uptake and export fluxes were set to -1000 

and 1000 mmolgDW-1h-1. Additionally, lower bounds of EX_ribflv(e) were set to -1000 – to 

simulate riboflavin addition to the minimal medium since the Recon 2.2_flavo model depended 

on this vitamin to synthesize FAD. For each of the specified carbon sources, the uptake flux 

was set to -1 mmolgDW-1h-1 forcing the model to consume it at a fixed rate. The demand 

reaction for ATP, ‘DM_atp_c_' is used to account for cellular maintenance requirements.  It 

was used as an objective function for flux maximization. Under aerobic conditions, the possible 

intake flux of oxygen was set to -1000 mmolgDW-1h-1 by changing the lower bound of the 

corresponding exchange reaction, EX_o2(e).

2.7. A
Inborn errors of metabolism and known genes mutated in these IEMs were retrieved from the 

OMIM database (34, https://www.omim.org). GPR associations in the model were used to 

identify affected reactions, and they were subsequently removed from the model for the 

simulation of the corresponding disease. Maximum ATP yield was calculated for a set of 

carbon sources linked to known biomarkers, as described above. Changes in the maximum 

ATP yields between the diseased model and its healthy counterpart were compared to reported 

biomarkers [32]. 

Secondly, a method described originally by Shlomi et al. [24] and modified by Sahoo et al. 

[33] was used to screen for potential biomarkers. In short, the min and max values of each 

exchange reaction were calculated in disease or healthy models. In the disease models a gene 

knock-out was simulated by simultaneously blocking all reactions associated with the tested 

gene. In the healthy models, all reactions associated with the tested gene were simultaneously 

activated. Min-max intervals were then compared to test if the flux range would yield a higher 

or lower exchange reaction flux, and as a result, would lead to increased or decreased 

concentrations of a studied metabolite in the bodily fluids (blood/plasma, urine).  

A list of tested single enzyme deficiencies together with their respective objective functions 

and biomarkers has been provided (See Table S2.3 [Known biomarkers & diseases]).  
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2.8. SOFTWARE

Model curation and all simulations were carried out with MatLab R2015a (MathWorks Inc., 

Natick, MA) using the Gurobi5.6 (Gurobi Optimization Inc., Houston TX) linear programming 

solver and the COBRA toolbox [34]. For FVA analysis, GLPK 4.63 (GNU Linear 

Programming Kit, https://www.gnu.org/software/glpk/) solver was used. Data analysis was 

performed using MatLab R2015a. All supplementary files, models, and scripts can be found at 

https://github.com/WegrzynAB/Papers. 
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3. RESULTS 

3.2.
We started by manually curating the existing Recon 2.2 model to improve the simulation of 

flavin-dependent reactions. We assembled a list of 111 flavoproteins (Table S2.1 

[Flavoproteins]). The genes encoding 62 of these proteins were already present in Recon 2.2, 

and they were associated with 378 reactions. First, the gene-protein-reaction (GPR) 

associations in the selected reactions were examined. Wrongly annotated genes were corrected. 

In the mitochondrial and peroxisomal beta-oxidation pathways, many GPR associations were 

extended to account for complete oxidation of fatty acids. Secondly, the directionalities of 

fatty-acyl CoA ligases, reactions participating in the mitochondrial transport of fatty-acid-

carnitines, and fatty acid synthesis reactions were checked, and inconsistencies were corrected. 

Lastly, missing reactions in unsaturated fatty acid synthesis and peroxisomal beta-oxidation 

were added. Altogether 548 reactions were corrected, 31 were added, and 49 reactions were 

deleted from the model (Table S2.2). In the original Recon 2.2 model FAD was represented as 

a free metabolite similar to NADH (Fig 1A, top). This approach artificially generated a pool of 

free FAD, while physiologically FAD is a part of an active holoenzyme rather than a free 

metabolite. Thus, systemic effects of flavoprotein deficiencies could not be properly accounted 

for. We have changed the model to more precisely describe the cofactor dependency of these 

reactions. To this end, FAD has first been removed as a free metabolite and replaced by the 

final electron acceptor in each reaction, such as ubiquinone-10 or ETF (Fig. 2.1A, middle). 

This approach allows a more accurate representation of the electron channelling in the pathway, 

which is clearly visible in the scheme describing how fatty-acid oxidation links to oxidative 

phosphorylation (Fig 1C).  At this stage, 157 reactions were curated, and 33 reactions were 

deleted. This curated model version was called Recon 2.2_FAD.  

Removing FAD and FMN as free metabolites from all redox reactions, however, made these 

reactions completely independent from flavin biosynthesis. To preserve a link between 

riboflavin dependency and flavoprotein-related reactions, an artificial metabolite called 

‘cofactor_FAD’ was generated from the newly synthesized FAD (Recon2.2_flavo model). 

This cofactor was added as an additional substrate to all flavoprotein-dependent reactions, to 

be consumed with a low stoichiometric coefficient (Fig. 2.1A, bottom). The latter was 

estimated based on available data on  protein half-lives [29] and catalytic turnover rates (kcat) 

[30] in humans. Thus, it can be seen as a flavin-maintenance requirement. In the resulting 
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model version, all flavoprotein-dependent reactions are strictly dependent on the presence of 

riboflavin and flavin biosynthesis, yet without introducing the artificial degrees of freedom of 

the Recon 2.2 model. We have additionally tested if the chosen stoichiometric coefficient did 

not overly constrain the model. To this end we tested the sensitivity of the flavoprotein-related 

reaction flux through the model to changes in the cofactor stoichiometric coefficient. Only a 

minor effect on the flux was observed (Fig. S2.4B). In total 420 reactions were linked to the 

FAD biosynthesis by cofactor consumption. 

3.3. oteome
We mapped the known human flavoproteins (Table S2.1) to the original and the updated 

versions of Recon 2.2. For each flavoprotein, we identified all the associated metabolic 

reaction(s). Also, reactions for which a non-flavoprotein isoenzyme was present, were included 

in the mapping. We found that the majority (270 out of 381 for Recon 2.2 and 263 out of 401 

for Recon 2.2_FAD/flavo) of the reactions associated with flavoproteins were localized in 

peroxisomes and mitochondria (Fig. S2.1A).  Out of the 65 flavoprotein genes included in the 

Recon 2.2 38 are linked to known human diseases (Table S2.1 [Diseases]). Moreover, our 

curation added seven additional disease-linked flavoproteins genes (NOS1

,  and ) to the Recon 2.2 gene set (Fig. 2.2A). In total 73% 

of the disease-linked flavoproteins were mapped onto Recon 2.2_FAD/flavo, while 69% of 

them were mapped on the Recon 2.2 model. Among the disease-linked flavoproteins that were 

not included in our models are those of non-metabolic function: a chaperone ( ), a pro-

apoptotic factor ( ), a histone demethylase ( ), and a proton channel (NOX1).

We then investigated the reliance of metabolic subsystems, as defined in the original Recon 

2.2 model, on flavoproteins. Vitamin B6 metabolism, cytochrome metabolism, butanoate 

metabolism, D-alanine metabolism, and limonene and pinene detoxification were most heavily 

affected with more than 30% of their reactions depending on flavoproteins (Fig. 2.2B). 

Additionally, oxidative phosphorylation was also affected with 2 out of 8 of its reactions linked 

to the flavoproteins (Fig. S2.1B).  
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 A. Number of reactions associated with each 
flavoprotein-encoding gene. amarks a gene associated with an IEM; B. Percentage of reactions 
associated with flavoproteins per subsystem (subsystems as defined in Recon 2.2). 

 

3.4.
To simulate MADD, we deleted the  gene (HGNC:3483; Fig 1B and C) from all model 

versions and calculated the steady-state solution space. Indeed, the flux through the ETF 

dehydrogenase reaction was completely blocked in all three models, confirming that the 

deletion was effective (Fig. S2.2A). The biomass production flux remained largely unchanged 
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in all the models (Fig. S2.2B). This is not surprising since the simulations were performed with 

carbon and energy sources other than fatty acids available, such as sugars and amino acids. As 

we had suspected, deletion of ETFDH did not dramatically reduce the fatty-acid oxidation flux 

in the original Recon2.2 model (Fig. 2.3). 

 

 Overall flux through the 
mFAO (sum of fluxes through the mFAO reactions). Only in the new models Recon2.2_FAD and 
Recon2.2_flavo full block of the mitochondrial fatty-acid oxidation flux was observed upon deletion of 
ETFDH. Flux values were obtained by sampling the solution space using the optGpSampler (10000 
points explored, 2000 steps). Boxes span 25th to 75th percentiles, lines show medians, whiskers indicate 
minimum and maximum values. 

 

This can be explained from the fact that in Recon 2.2 the FADH2 produced by the acyl-CoA 

dehydrogenases in the fatty-acid beta-oxidation is not strictly coupled to ETF dehydrogenase 

but can be reoxidized by other reactions utilising FADH2 (Fig. 2.1B). This prediction is clearly 

incorrect since mitochondrial fatty-acid oxidation is severely impaired in MADD patients [13]. 

In contrast, deletion of ETFDH caused a total block of the mitochondrial fatty-acid oxidation 

in Recon2.2_FAD and Recon2.2_flavo (Fig. 2.3), in agreement with the disease phenotype. 

Since we had, as part of the curation, removed the incorrect FAD reaction from the model, we 

checked that this could not explain our results. Indeed, the results were not altered by addition 

of free FAD uptake reaction back to the Recon2.2_FAD model, neither by only deleting free 

FAD uptake reaction from Recon 2.2 model (Fig. S2.2C). 
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Minimal medium: Ca2+, Cl-, Fe2+, Fe3+, H+, H2O, K+, Na+, NH4 SO4

2-, Pi, plus the indicated carbon and 
energy source. Note that this medium is insufficient for cell growth. ATP yield was expressed 
stoichiometrically as the net rate of ATP production (in steady-state equal to the rate of the ATP demand 
reaction) divided by the rate of carbon-source consumption in mmol  g DW-1  h-1. If no ATP was 
produced at all, the yield was set to zero, irrespective of whether the carbon source was consumed, to 
avoid division by zero. We verified that the precise value of the stoichiometric coefficient for FAD 
consumption in Recon2.2_flavo did not affect the maximum ATP yield from single carbon sources at 
the accuracy presented here. 

Carbon 
source 

ATP yield 

Theoreticala 
Recon2.2 Recon2.2_FAD Recon2.2_flavo 

B2 - B2 + MADD B2 - B2 + MADD B2 - B2 + MADD 

Glucose 31 32 32 32 32 32 32 2 32 32 

Fructose 31 32 32 32 32 32 32 2 32 32 

C4:0 21.5 22 22 22 22 22 0 0 22 0 

C6:0 35.25 36 36 36 36 36 0 0 36 0 

C8:0 49 50 50 50 50 50 0 0 50 0 

C10:0 62.75 64 64 64 64 64 0 0 63.99 0 

C12:0 76.5 82.5 82.5 82.5 78 78 0 0 77.99 0 

C14:0 90.25 92 92 92 92.5 92.5 0 0 92.49 0 

C16:0 104 106.75 106.75 106.75 108.25 108.25 2.25 0 108.24 0 

C18:0 117.75 120 120 120 121.5 121.5 12.75 0 121.49 12.75 

C20:0 131.5 134 134 134 135.5 135.5 25 0 135.49 25 

C22:0 145.25 147.25 147.25 147.25 147 147 38 0 146.99 38 

C24:0 159 160.5 160.5 160.5 159.25 159.25 50.25 0 159.24 50.25 

C26:0 172.75 170.75 170.75 170.75 169.5 169.5 61.75 0 169.49 61.75 

Cn:0, a saturated fatty acid of length n 
a Theoretical yields as calculated by Swainston et al. after Salway[35]
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Subsequently, we compared the maximum stoichiometric ATP yield per unit of consumed 

carbon source in aerobic conditions between the models. If a substrate was incompletely 

metabolized, this caused a decrease of the maximum ATP yield. If the substrate could not be 

metabolised to produce ATP, then the obtained yield was zero. In contrast to the original model, 

Recon2.2_FAD and Recon2.2_flavo predicted that ETFDH deletion eliminated any ATP yield 

from fatty-acids with chain lengths C4 through C14, which are primary substrates of mFAO in 

the models. Longer fatty acids (C16 to C26) can be partially oxidized by peroxisomal beta-

oxidation and therefore still yield some ATP if ETFDH is deficient, also in Recon2.2_FAD 

and Recon2.2_flavo (Table 2.1). Instead of the mitochondrial acyl-CoA dehydrogenase, the 

peroxisomal pathway contains a hydrogen peroxide producing acyl-CoA oxidase, which is not 

dependent on the ETF system as electron acceptor. Glycolysis and the TCA cycle remained 

unchanged since they do not depend on ETFDH either. Accordingly, aerobic sugar metabolism 

was not affected by ETFDH deficiency in any of the models (Table 2.1). 

3.5. FAD deficiency
Subsequently, we studied the systemic effects of riboflavin deficiency caused by reduced FMN 

and FAD synthesis from their precursor riboflavin (vitamin B2). Mutations of FAD synthase 

(encoded by the FLAD1 gene) are known to exist. Some mutants maintain residual catalytic 

activity and are therefore responsive to dietary riboflavin, while others are completely non-

responsive to riboflavin supplementation [36]. FLAD1 mutations cause MADD-like symptoms 

in patients, with elevated levels of multiple acylcarnitines and organic acids in the blood and/or 

urine [36].

We repeated the calculation of ATP yields per unit of carbon source with and without 

riboflavin. In Recon2.2_FAD model, FAD had been removed as an electron acceptor from all 

flavoprotein-dependent reactions, thus completely uncoupling these reactions from FAD 

biosynthesis (Fig. 2.1A). Accordingly, the ATP yield of none of the substrates was affected by 

the absence of riboflavin in this model (Table 2.1). In contrast, in Recon 2.2_flavo, all 

flavoprotein-dependent reactions are strictly dependent on the presence of flavins (Fig. 2.1A). 

Therefore, if FAD and FMN are depleted due to riboflavin deficiency, none of the flavoprotein-

dependent reactions can run anymore. Consistently, we found that in the Recon 2.2_flavo 

model the mitochondrial beta-oxidation and the TCA cycle were fully blocked in the absence 

of riboflavin. Therefore, ATP could only be generated in glycolysis, leading to only 2 ATP per 

sugar molecule and no ATP was generated from any of the fatty-acid substrates in the absence 
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of riboflavin. We noted that the net ATP yields of all substrates in the presence of riboflavin 

were lower in Recon 2.2_flavo than in Recon2.2_FAD (Table 2.2). The reason is that the active 

FAD biosynthesis in Recon2.2_flavo requires ATP. 

Finally, we analysed the response of the models to a gradual limitation of the rate of the FAD 

synthase reaction (Fig. 2.4A). First, we computed how the maximum flux capacity of the 

summed flavoprotein-catalysed reactions responded to a limitation of FAD biosynthesis. The 

Recon 2.2_FAD model remained unresponsive to the rate of FAD biosynthesis (Fig. 2.4B). 

This is not surprising since, in Recon 2.2_FAD, the final electron acceptor replaced FAD in 

each reaction; hence, all flavoproteins were artificially independent of the FAD. Recon 

2.2_flavo instead made the flavoprotein-catalysed reactions dependent on a low rate of 

biosynthesis (Fig. 2.1A). This resulted in a linear decrease of the flavoproteome-dependent flux 

capacity in Recon2.2_flavo when the FAD synthesis flux was below 0.05 mmolgDW-1h-1.   

 

A. Schematic representation of FAD biosynthesis, RFK – 
riboflavin kinase, FLAD1 flavin adenine dinucleotide synthetase 1. B. Average flux through the FAD-
related reactions as a function of FAD biosynthesis flux. Maximum capacity was calculated by 
maximizing the objective function – a sum of fluxes through all the FAD-related reactions. C. Average 
and SD of the flux through the FAD-dependent reactions from the sampled solution space (using the 
optGpSampler with 10000 points explored and 2000 steps distance) in response to declining cofactor 
biosynthesis flux. 
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Subsequently, we calculated how the shape of the actual steady-state solution space for the 

FAD-related reactions changed due to the cofactor_FAD limitation.  The overall average 

steady-state flux (Fig. 2.4C) was lower than its maximum capacity (Fig. 2.4B). The 

responsiveness of the Recon 2.2_flavo model was preserved, but since the pathways worked 

below their maximum capacity, the cofactor_FAD limitation started to play a role only when 

the cofactor availability was close to zero (Fig. 2.4C).  

3.6. biomarkers
Genome-scale metabolic-models have been shown to assist in biomarker prediction. The 

authors of the original Recon 2.04 model [23], used the method by Sahoo et al. [33] to predict 

biomarkers based on altered maximum uptake and secretion rates of metabolites. We tested the 

same method for biomarker prediction in Recon 2.04, Recon2.2 and Recon2.2_flavo models 

against the golden standard set of known biomarkers [17]. Prediction accuracies (correctly 

predicted biomarkers compared to total predicted biomarkers), and their p-values, calculated 

as reported in Thiele et al. [23] were similar in all the models (Table 2.2, GS) and in agreement 

with the previously published 77% accuracy in Recon 2 [23]. With respect to True Positive 

Rate (the percentage of known biomarkers that was correctly predicted) our Recon 2.2_flavo 

model scored highest with 33%, while Recon 2.2 and Recon 2.04 had 31% and 26% TPR 

respectively (Table 2.2). This shows that we could recover more biomarkers without a loss of 

accuracy. Furthermore, we used the same method to study flavoproteome-related diseases and 

their associated biomarkers (Table S2.3 [Known biomarkers&diseases]) in our Recon 

2.2_flavo model. For this subset of diseases TPR was only 24%, coupled with lower accuracy 

of 59%. The p-value of the prediction accuracy was higher for this subset of diseases (Table 

2.2, FD). The high p-value can be linked to the relatively small number of diseases in our FD 

set and therefore a higher chance of obtaining the same values distribution by chance. The low 

TPR values for all tested models reflect the FVA-based method’s inability to predict many 

known biomarkers for important flavoproteome-related diseases, such as those in fatty-acid 

metabolism and oxidative phosphorylation (Table S2.3 [FVA]). For instance, typical 

biomarkers of fatty-acid oxidation defects, acylcarnitines were not altered in disease 

simulations. 

To circumvent this caveat of the classical method, we decided to study the maximum ATP 

yields for a selected range of carbon sources that are also biomarkers in human diseases, 

modifying the method of Swainston [3]. This method allows studying the capacity to 
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metabolise a carbon source under defined model boundaries and compare the outcome from 

the disease model and control model. We selected 16 diseases which are known to affect core 

metabolism and for which we expected changes in the net ATP production from certain carbon 

sources. In total for 11 out of 16 diseases studied, the known biomarkers, marked in red boxes 

in Fig. 2.5, could be linked to the metabolic changes seen in the Recon 2.2_flavo model. For 

FOXRED1, PRODH and ETFDH deficiencies the Recon 2.2 model did not predict any 

metabolic changes while our flavoproteome-curated models showed reduced ATP yield from 

carbon sources known as biomarkers for these diseases. Moreover, our method revealed 

disrupted amino acid metabolism in GCDH, IVD, and ACAD8 deficiencies, 

which may point to new possible biomarker profiles. In all MADD variants (ETFDH, ETFA or 

ETFB deficiency) a full block of mitochondrial FAO capacity was seen only in our improved 

models. Long-chain fatty acids (above C20:0) were still partially metabolised as peroxisomal 

FAO remained functional. In contrast, and as expected, when simulating deficiency of the 

peroxisomal enzyme ACOX1, only the peroxisomal FAO was impaired.  

[17]
 

 
“ ” [17]

Recon2 Recon2.2 Recon2.2_flavo Recon2.2 Recon2.2_flavo 

Correct prediction 76 88 94 11 16 
Wrong prediction - 
wrong directiona 23 29 30 3 11 

Accuracyb 77% 75% 76% 78% 59% 

P value (Fischer test) 7.93  10-4 1.2  10-2 2.6  10-3 0.16 0.12 
Wrong prediction – 
no changec 187 169 162 53 39 

True positive rated 26% 31% 33% 17% 24% 
a wrong direction – where the model predicted the metabolite to change in the opposite direction from the 
experimental values 
b Prediction accuracy measured as a ratio of correct positive predictions to sum of all predicted biomarkers (correct 
and wrong direction) as reported in Thiele et al.[23] 
c no change - where model predicted no change in the metabolite, despite it being known as a biomarker 
d True Positive Rate measured as a ratio of correct predictions to the sum of all biomarkers in the database. 
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 For each disease, predictions from all 
three models are shown, first (light-grey): Recon 2.2, second (grey): Recon 2.2_FAD, third (black): 
Recon 2.2_flavo. Ratios between ATP yields in disease model vs. healthy model are shown as a gradient 
(white – no change (1), dark blue – reaction is blocked in disease model (0)). Red frames - metabolites 
known to be affected, elevated in blood and/or plasma, in patients. See Table S2.3 [Known 
biomarkers&diseases] for details about the IEM’s and the reactions used as biomarkers. ACADL – Acyl-
CoA dehydrogenase very long-chain deficiency (MIM:201475); ACADSB - Short/branched-chain acyl-
CoA dehydrogenase deficiency (MIM:610006); ACOX1 – Adrenoleukodystrophy (MIM:264470); 
DLD – Dihydrolipoamide dehydrogenase deficiency (MIM:246900); SARDH– sarcosinemia (OMIM 
entry MIM:268900); DPYD - Dihydropyrimidine dehydrogenase deficiency (MIM:274270); ETFA - 
Glutaric aciduria IIA (MIM:231680); ETFB - Glutaric aciduria IIB (MIM:231680); ETFDH - Glutaric 
aciduria IIC(MIM:231680); GCDH– glutaryl-CoA dehydrogenase deficiency (MIM:231670); IVD– 
Isovaleric academia (MIM:243500); NDUFV1 - Leigh syndrome (MIM:256000); PRODH - 
Hyperprolinemia 1 (MIM:239500); SDHA - Mitochondrial complex II deficiency (MIM:252011); 
ACAD8 - Isobutyryl-CoA dehydrogenase deficiency (MIM:611283); FOXRED1– mitochondrial 
complex I deficiency (MIM: 252010); 
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For many diseases, metabolic biomarkers are not known, or the known biomarkers fail to 

differentiate between patients with different severity of the disease. Our models predicted 

metabolic changes at the level of maximum ATP yield per carbon source in all tested flavin-

related diseases. Clear disease-specific patterns are seen, which allow distinguishing between 

different diseases. Most of the changes were identified in the amino acid metabolism. Those 

compounds are routinely used in the newborn screening test; however, they have not yet been 

related to these diseases.  

3.7. Compatibility
During the writing of this manuscript, Recon 3D came out [4], another major update of the 

human metabolic reconstruction that had been developed in parallel to Recon 2.2 [3]. The 

number of reactions was increased by 74% to 13,543, and the number of metabolites by 56% 

to 4,140 in Recon 3D compared to Recon 2.2. Furthermore, the representation of enzymes 

involved in oxidative phosphorylation system has been corrected according to the fix made in 

Recon 2.2 [3]. However, the change of the gene mapping from GeneID to HGNC standard 

proposed in Recon 2.2 was not applied in Recon 3D.  We tested the applicability of our curation 

to Recon 3D, in order to ensure that it can be readily used with different model versions. Similar 

to previous model versions, Recon 3D treats FAD as a free cofactor. Our method of replacing 

FAD with the final electron acceptor was easily applied to Recon 3D (Table S2.4). The impact 

of FAD cofactor limitation was similar as in the Recon2.2-derived models (Fig. S2.4A). 

Additionally, we tested how Recon 3D responded to simulation of MADD. As seen before, 

there was a significant remaining total flux through the mFAO reactions in the Recon 3D model 

with  deficiency, while in the flavoproteome-curated models the mFAO flux was 

correctly blocked by MADD (Fig.S5A). We verified that the deletion was effective (Fig. 

S2.5B) and that the biomass production flux remained largely unchanged in all the models (Fig. 

S2.5C).  

Since Recon 3D has a much larger metabolic coverage than its predecessors, we tested its 

capability of detecting biomarkers. However, the model showed no substantial change in the 

accuracy (74%) of biomarker predictions, while a significant decrease in the TPR value (10%) 

was observed (Table S2.5). 



Chapter 252   |  

 

4. DISCUSSION 
We present an updated version of Recon 2.2 that was curated and extended to correctly 

represent the flavoprotein-catalysed reactions.  Furthermore, we introduced a new method to 

study the role of enzyme-bound cofactors, such as FAD. Curating the representation of FAD 

in Recon 2.2 allowed to correctly simulate aberrant metabolic behaviour upon single enzyme 

deficiencies. Since the predecessor of Recon 2, the metabolic reconstruction Recon 1 [37], was 

published, many groups have extended and improved model versions. They used it as a basis 

for tissue-specific models [5,23,38–41], studied the effects of diet [39], and predicted 

biomarkers for enzymopathies [17,23,24,39]. Work by Smallbone [42] and Swainston et al. [3] 

focused on a full mass and charge balance and on simulations of energy metabolism. However, 

despite their crucial role in metabolism, none of the curative efforts in human reconstructions, 

including the most recent Recon 3D [4], focused on cofactors, not even organic cofactors that 

are (in part) synthesized in the cell. Metabolism related to other apoenzymes requiring other 

bound cofactors for their activity (metals, iron-sulfur clusters, or heme) would potentially profit 

from the same solution to further enhance biomarker research in genome-scale models. 

Flavoprotein-linked diseases can lead to very strong metabolic responses in patients, such as 

episodes of severe metabolic derangement, hypoglycaemia, metabolic acidosis, sarcosinemia 

and cardiovascular failure in MADD patients. Acylcarnitines, as well as sarcosine are known 

to be changed in the plasma and urine of MADD patients [12–14]. The original Recon 2.2 

model could not predict any of the known biomarkers, and no systemic effects of MADD were 

seen in the simulations because the model incorrectly comprised alternative routes to reoxidize 

FADH2. In our new model, in which the electrons are transferred to the final electron acceptor 

of each flavoprotein-catalysed reaction rather than to a soluble FAD pool, and in which 

flavoprotein-dependent reactions are dependent on flavin synthesis, both systemic effects and 

metabolic changes linked to biomarkers were predicted correctly. This is seen clearly by a full 

block of mFAO capacity while peroxisomal FAO remained functional in MADD. In contrast, 

when simulating deficiency of the peroxisomal enzyme ACOX1, only the peroxisomal FAO 

was impaired, leading to reduced metabolism of long-chain fatty acid substrates (Fig. 2.5). This 

extension is relevant for a correct description of mitochondrial fatty-acid oxidation defects, 

which can be partly rescued by peroxisomes [43].  

In total, we tested metabolic changes for 45 diseases, out of which 31 are associated with 

biochemical biomarkers. A caveat of the existing methods for biomarker predictions is that 
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they only include the metabolites that are known as biomarkers. The models, however predict 

many more metabolites with altered production or consumption rates. These are potential novel 

biomarkers. Since they have most often not been explored experimentally, however, we do not 

know if the predictions are correct. If these would be tested, we would get a more complete 

insight into the accuracy of our predictions. Therefore, we propose usage of true positive rates 

for more correct description of model performance. Using Recon 2, Recon 2.2, and Recon 

2.2_flavo, we predicted biomarkers for diseases included in the compendium of inborn errors 

of metabolism published by Sahoo et al. [17] with True Positive Rates of 26%, 31% and 33% 

respectively, while accuracies, as calculated in Thiele et al. [23], remained similar to previously 

published 77% (77%, 75% and 76% respectively). A lower (17% and 24%) TPR was reported 

with Recon2.2 and Recon2.2_flavo respectively for biomarkers of the flavoprotein-related 

diseases subset, with accuracies of 78% and 59% respectively. However, more detailed studies 

of metabolism, using ATP production yield estimation performed for 16 flavoprotein-related 

diseases linked to the core metabolism, showed promising results for both our models. This 

method allowed us to test if alternative metabolic pathways exist that allow ATP production 

from the single carbon sources in various IEMs. The metabolic changes identified with this 

method were in line with clinical data, including impaired FAO and sarcosine degradation in 

all MADD cases, no proline degradation in PRODH deficiency and blocked very-long-chain 

FAO in ACOX1 deficiency [32]. Interestingly, ATP-generating breakdown of amino acids has 

been predicted to be affected in several diseases analysed. Valine breakdown has been 

predicted by our model to be significantly impaired in isobutyryl-CoA dehydrogenase 

deficiency (ACAD8) which is in line with the literature knowledge about this disease [44].  

Furthermore, our models predict a decreased ATP yield from breakdown of several amino acids 

and a general impairment of energy metabolism in SDHA deficiency. This extremely rare 

disease is indeed known to affect energy metabolism. However, due to its low prevalence, no 

specific biomarkers are known [45]. Our models predict valine, leucine, threonine, and 

methionine degradation pathways to be most severely affected in this disease. FAD-containing 

enzymes are crucial in both fatty acid oxidation and amino acid metabolism as was highlighted 

in flavoproteome mapping (Fig. 2.2B and S1B). Consistently, their impact on biomarkers 

became more pronounced after our curation (Fig. 2.5). For all 16 tested flavoprotein–related 

diseases we predicted new metabolic changes that may lead to new biomarker patterns. Our 

data suggest that these diseases might have multiple identifiable biomarkers. Using a 

multimarker approach or specific biomarkers ratios, which is common in cardiovascular risk 

assessment [46], instead of only single compounds, we could better differentiate between 
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different diseases and potentially also between patients with different severity of the defects 

which has been proven recently for Zellweger syndrome patients differentiation [19]. The latter 

was not pursued here since we only studied complete enzyme deficiencies.  

Limitations in accuracy and True Positive Rates of biomarker predictions with existing 

methods and models, may have different causes. Cellular lipid profiles are very complex [19], 

and currently incompletely represented in the human genome-scale models. Since many 

flavoprotein-related diseases affect lipid metabolism it is likely that a better representation of 

the lipid metabolism will improve the predictions. Additionally, our new method of cofactor 

implementation could be extended to account for all different cofactors required in human 

metabolism. Future improvement of our method may involve a differentiation in stoichiometric 

coefficients of flavin usage per enzyme depending on the specific protein half-life. This would 

allow the incorporation of differences in efficiency of flavin utilization for various flavin-

dependent enzymes, thereby increasing the accuracy of metabolic predictions. In addition, one 

should remain critical on our assumption that all FAD or FMN is tightly bound as a prosthetic 

group. While some flavoproteins have FAD covalently bound, most have a non-covalent, yet 

tight-binding FAD or FMN. Some flavoproteins, however, may have a relatively low FAD-

binding affinity. This holds for instance, for bacterial two-component monooxygenases in 

which reduced FAD must be translocated from one protein domain to another [47]. Low FAD 

affinity of cancer-associated variants of NAD(P)H quinone oxidoreductase 1 leads to low 

protein stability [48]. We are not aware of low-affinity flavoproteins that depend on free 

diffusion of reduced FAD.  

We noted that the currently most extensive reconstruction of human metabolism, Recon 3D, 

showed a significant decline in the number of correctly predicted biomarkers compared to its 

predecessors (Table S2.5). By extending the coverage of the metabolic network, alternative 

pathways have been created. One may hypothesise that their physiological relevance is smaller 

in reality than in the model, e.g. due to kinetics, spatial separation, or thermodynamics. This 

limitation can possibly be overcome by using tissue-specific models with an appropriate set of 

boundaries for the exchange reactions, as has been proposed recently by Thiele et al. [49]. 

Finally, it is quite likely that some biomarkers will only be predicted correctly when kinetic 

and thermodynamic constraints are included.  
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SUPPORTING INFORMATION 

 

Mapping of the flavoproteome on the models before (grey, Recon 2.2) and after curation (black, 
Recon 2.2_FAD/flavo). A. Number of flavoprotein-related reactions in each compartment. Numbers 
above the bars show the number of flavoproteins in the compartment. Values in the bars show the 
percentage of all reactions in the subsystem that are affected by flavoproteins. B. Average percentage of 
the reactions associated with flavoproteome in the subsystem grouped by higher level metabolic functions (as 
defined in Recon 2.2). 
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 Biomass and ETFDH flux in the models used for MADD simulation.  Flux values were obtained 
by sampling the solution space using the optGpSampler (10000 points explored, 2000 steps). Boxes 
span 25th to 75th percentiles, lines show medians, whiskers indicate minimum and maximum values. 
MADD was simulated by deletion of ETFDH in the models A. The flux via the biomass synthesis 
reaction remains unchanged in all models. B. None of the three models carry flux via the ETFDH 
reaction in the MADD simulation. C. Removal of FAD uptake in the Recon2.2 model does not change 
the incorrect model behaviour in MADD case, similarly adding a free FAD uptake to our curated model 
does not cause incorrect flux predictions.  
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Fi 3 Biomarker predictions for single gene deficiencies. Detailed in Table 3 [FVA]. 
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 Maximum 
capacity was calculated by maximizing the objective function – a sum of fluxes through all the FAD-related 
reactions. A. Coupling of FAD-related reactions to FAD-biosynthesis enabled the modified Recon 3D_FAD 
model to respond to low cofactor availability similarly to Recon 2.2_FAD; B. Sensitivity of the average flux 
through flavoprotein-dependent reactions to changes in the cofactor’s stoichiometric coefficient. C. FAD 
biosynthesis flux required to reach the 66% of the maximal flux through the FAD-related reactions depending on 
the different stoichiometric coefficient of cofactor.  
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  Recon  
Flux values were obtained by sampling the solution space using the optGpSampler (10000 points 
explored, 2000 steps). Boxes span 25th to 75th percentiles, lines show medians, whiskers indicate 
minimum and maximum values. MADD was simulated by deletion of ETFDH in the models; A. Total 
flux through the mFAO (sum of fluxes through the mFAO reactions); B. None of the three models carry 
flux via the ETFDH reaction in the MADD simulation; C. The flux via the biomass synthesis reaction 
remains unchanged in all models. 

 

Due to their size , as well as  and , are 
available online at https://github.com/WegrzynAB/Papers/. 
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aga  

  Recon2 Recon2.2 Recon3D 
Correct prediction 76 88 29 
Wrong prediction - wrong direction 23 29 10 
Accuracy 77% 75% 74% 
P value (Fischer test) 7.93  10-4 1.2  10-2 8.4  10-3 
Wrong prediction –  no change 187 169 247 
True positive rate 26% 31% 10% 
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ABSTRACT 

Refsum disease is an inborn error of metabolism that is characterised by a defect in peroxisomal 

α-oxidation of the branched-chain fatty acid phytanic acid. The disorder presents with late-

onset progressive retinitis pigmentosa and polyneuropathy and can be diagnosed biochemically 

by elevated levels of phytanate in plasma and tissues of patients. To date, no cure exists for 

Refsum disease, but phytanate levels in patients can be reduced by plasmapheresis and a strict 

diet. 

In this study, we constructed a fibroblast-specific genome-scale model based on the recently 

published, FAD-curated model, based on the Recon3D reconstruction. We used 

transcriptomics (available via GEO database with identifier GSE138379), metabolomics, and 

proteomics data (available via ProteomeXchange with identifier PXD015518), which we 

obtained from healthy control’s and Refsum disease patient’s fibroblasts incubated with phytol, 

a precursor of phytanic acid. 

Our model represents the metabolism of phytanate and displays fibroblast-specific metabolic 

functions. Using this model, we investigated the metabolic phenotype of Refsum disease at the 

genome scale, and we studied the effect of phytanate on cell metabolism. We identified 53 

metabolites that should discriminate between Healthy and Refsum disease patients, several of 

which link to amino acid metabolism. Ultimately, these insights in metabolic changes may 

provide leads for pathophysiology, early diagnosis, and therapy. 
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1. INTRODUCTION 
Peroxisomes are organelles that, among other functions, are crucial for cellular lipid 

metabolism. They perform both anabolic and catabolic processes, including the α- and β-

oxidation of very-long-chain fatty acids, dicarboxylic acids, and methyl-branched-chain fatty 

acids [1]. Furthermore, peroxisomes are involved in the biosynthesis of ether phospholipids, 

including plasmalogens, bile acids, and essential polyunsaturated fatty acids such as 

docosahexaenoic acid [2].  

Refsum disease is a rare inborn error of peroxisomal metabolism with an unknown incidence. 

It probably remains highly unrecognised since the awareness of inborn errors of metabolism is 

low among ophthalmologists. Refsum disease 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 phytanate (3,7,11,15-tetramethylhexadecanoate) [3]. Phytanate 

contains a 3-methyl group and is therefore not a substrate for peroxisomal β-oxidation. 

Consequently, phytanate first needs to undergo α-oxidation, thereby producing pristanate, 

which then can be further degraded by β-oxidation [2]. An alternative metabolic pathway for 

the breakdown of phytanate is ω-oxidation, which takes place in the endoplasmic reticulum 

[4]. The end product of ω-oxidation of phytanate is 3-methyladipic acid (3-MAA), and ω-

oxidation has been described to be upregulated in patients with Refsum disease [5]. Refsum 

disease was first described in 1945 and is clinically characterised by progressive retinitis 

pigmentosa, polyneuropathy, cerebellar ataxia, and deafness [5]. Biochemically, Refsum 

disease is diagnosed by elevated levels of phytanate in plasma and tissues. Phytanate solely 

derives from the diet, and patients with Refsum disease are mostly diagnosed in late childhood 

[3,5]. To date, patient management focuses on the reduction of phytanate levels by 

plasmapheresis and a strict diet to reduce the intake of dairy-derived fat [6].  

Recently, computational models have become valuable tools to study the complex behaviour 

of metabolic networks. One type of computational models is genome-scale models of 

metabolism, which contain all currently known stoichiometric information of metabolic 

reactions, together with enzyme and pathway annotation [7]. These models can further be 

constrained and validated by incorporation of different types of data, including mRNA and 

metabolite profiles, as well as biochemical and phenotypic information [8]. To date, the most 

comprehensive human models are Recon 3D [9]  and HMR 2.0 [10], which are consensus 

metabolic reconstructions that were built to describe all known metabolic reactions within the 



Chapter 372   |
 

human body. Besides, a few tissue- and cell-type-specific models have been developed by 

incorporating tissue- or cell-specific transcriptomics and proteomics data. These models can 

be used to predict possible ranges of metabolic fluxes for all enzymes in the network. Flux 

ranges in diseased and control models can be compared to discover functional changes in the 

metabolic network. These may be used as biomarkers or give insight into the biochemical 

origin of disease symptoms [11–15]. 

In the last decade, a paradigm shift occurred in the field of inborn errors of metabolism. Today, 

they are no longer viewed according to the “one gene, one disease” paradigm as proposed more 

than 100 years ago, but recognised to be complex diseases [16]. However, only few studies 

using systems biology and multi-omics approaches that are widely used for complex diseases 

have been published for inborn errors of metabolism [8,9,14,17–22].  

In this study, we aim to investigate the metabolic phenotype of Refsum disease at the genome-

scale, and to study the effect of phytanate on cell metabolism. Cultured fibroblasts contain most 

metabolic functions present in the human body, and biochemical and functional studies in 

cultured skin fibroblasts are important tools for the diagnosis of patients with a peroxisomal 

disorder [23]. Therefore, we reconstructed a fibroblast-specific genome-scale model based on 

fibroblast specific transcriptomics, metabolomics, and proteomics data, and starting from the 

recently published Recon3D-based model. We obtained these data from healthy controls and 

Refsum disease patient fibroblasts incubated with phytol, a precursor of phytanate. Since 

flavoproteins play a crucial role in lipid metabolism, we integrated our recently curated set of 

FAD-related reactions [20]. The resulting model reflects the in vivo situation in fibroblasts and 

demonstrates the physiological effects of a defective α-oxidation. Ultimately, such insights in 

metabolic changes may provide leads for pathophysiology and therapy. 
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2. MATERIALS AND METHODS 

2.1. CELL CULTURE 

For this study, we used anonymized primary skin fibroblasts from patients that had been sent 

previously to our laboratory for diagnostic evaluation and who were diagnosed with Refsum 

disease. All cell lines were anonymised. Fibroblasts were cultured in 75-cm2 flasks for 

transcriptomics and proteomics analysis, and in 25-cm2 flasks for metabolomics experiments. 

Cells were cultured in Ham’s F-10 medium with L-glutamine, supplemented with 10% foetal 

calf serum (Invitrogen, Carlsbad, CA, USA), 25 mM Hepes, 100 U/mL penicillin and 100 

µg/mL streptomycin and 250 µg/mL amphotericin in a humidified atmosphere of 5% CO2 at 

37 ᵒC. Cells were seeded on the same day and incubated for the indicated time points (Fig. 1B). 

To standardize tissue culture conditions, cells were grown to 100% confluence in the flask, 

which was achieved after 96 hours of incubation. Cells were incubated with 25 uM phytol, 

dissolved in ethanol, or ethanol as the vehicle. Cells were harvested by trypsinisation (0.5% 

trypsin-EDTA, Invitrogen) and washed once with phosphate-buffered saline and twice with 

0.9% NaCl, followed by centrifugation at 4 ᵒC (16100 x g for 5 min) to obtain cell pellets. For 

metabolomics experiments, the cell culture medium was collected before harvesting. Cell 

pellets and medium samples were stored at -80 ᵒC until analysis. 

 
2.2. RNA & PROTEIN ISOLATION FOR RNASEQ AND SHOTGUN PROTEOMICS 

MEASUREMENTS 
RNA and protein were isolated from the cell pellets from the T75 cultures using TRIzolTM 

Reagent (ThermoFisher Scientific) using supplier protocol for RNA and protein extraction. 

RNA pellets were dissolved in 50uL of RNase free water, and RNA concentrations were 

measured using NanoDropTM 2000 Spectrophotometer (ThermoFisher Scientific). Protein 

pellets were dissolved in 200 uL 5% SDS solution and protein concentrations were determined 

using Pierce™ BCA Protein Assay Kit (ThermoFisher Scientific). 

2.2.1. RNASEQ 

2.2.1.1. S P

First quality check of and RNA quantification of the samples was performed by capillary 

electrophoresis using the LabChip GX (Perkin Elmer). Non-degraded RNA-samples were 

selected for subsequent sequencing analysis. Sequence libraries were generated using the 

Nextflex Rapid Illumina Directional RNA-Seq Library Prep Kit (Bioo Scientific) using the 
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Sciclone NGS Liquid Handler (Perkin Elmer). The obtained cDNA fragment libraries were 

sequenced on an Illumina Nextseq500 using default parameters (single read 1x75bp) in pools 

of multiple samples, producing on average 4 million reads per sample. 

2.2.2.1. G

The trimmed fastQ files were aligned to build human_g1k_v37 Ensemble [50] release 75 

reference genome using hisat/0.1.5-beta-goolf-1.7.20 [51] with default settings. Before gene 

quantification, SAMtools/1.2-goolf-1.7.20 [52]  was used to sort the aligned reads. The gene-

level quantification was performed by HTSeq-count: HTSeq/0.6.1p1 [53] using --mode=union, 

with Ensembl release 75 [50] was used as a gene annotation database.  

2.2.2.2.

Quality control (QC) metrics are calculated for the raw sequencing data. This is done using the 

tool FastQC (FastQC/0.11.3-Java-1.7.0_80) [54]. QC metrics are calculated for the aligned 

reads using Picard-tools (picard/1.130-Java-1.7.0_80) [55] CollectRnaSeqMetrics, 

MarkDuplicates, CollectInsertSize- Metrics and SAMtools/1.2-goolf-1.7.20 flagstat. 

2.2.3. SHOTGUN PROTEOMICS 

2.2.3.1. N E

Protein samples were mixed with LDS loading buffer (NuPAGE) at a concentration of 3.4 µg 

total protein. The sample was run briefly into a precast 4-12% Bis-Tris gels (Novex, ran for 

maximally 5 min at 100 V). The gel was stained with Biosafe Coomassie G-250 stain (Biorad), 

and after destaining with milliQ-H2O, the band containing all proteins was excised from the 

gel. The gel band was sliced into small pieces, washed subsequently with 30% and 50% v/v 

acetonitrile in 100 mM ammonium bicarbonate (dissolved in milliQ-H2O), each incubated at 

RT for 30 min while mixing (500 rpm) and lastly with 100% acetonitrile for 5 min, before 

drying the gel pieces in an oven at 37 °C. The proteins were reduced with 20 μL ten mM 

dithiothreitol (in 100 mM ammonium bicarbonate dissolved in milliQ-H2O, 30 min, 55 °C) and 

alkylated with 20 μL 55 mM iodoacetamide (in 100 mM ammonium bicarbonate dissolved in 

milliQ-H20, 30 min, in the dark at RT). The gel pieces were washed with 50% v/v acetonitrile 

in 100 mM ammonium bicarbonate (dissolved in milliQ-H2O) for 30 min while mixing (500 

rpm) and dried in an oven at 37 °C) before overnight digestion with 20 μL trypsin (1:100 g/g, 

sequencing grade modified trypsin V5111, Promega) at 37 °C. The next day, the residual liquid 

was collected before elution of the proteins from the gel pieces with 20 µL 75% v/v acetonitrile 

plus 5% v/v formic acid (incubation 20 min at RT, mixing 500 rpm). The elution fraction was 
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combined with the residual liquid and was dried under vacuum and resuspended in 30 μL of 

20% v/v acetonitrile plus 0.4% v/v formic acid (dissolved in milliQ-H2O) for SCX 

fractionation. Samples were loaded onto an SCX StageTips (20 μL tip StageTip, Thermo 

Scientific) according to the manufacturer’s instructions, except that the elution solvent (500 

mM ammonium acetate in 20% v/v acetonitrile, dissolved in milliQ-H2O) plus 0.4% v/v formic 

acid was used instead of the 1M NaCl solution in this protocol during initialization. After 

loading and washing of the peptides according to the protocol, the peptides were eluted in three 

separate fractions by stepwise elutions (30 μL each) of 25 mM, 150 mM and 500 mM 

ammonium acetate in 20% v/v acetonitrile (dissolved in milliQ-H2O). The collected flow-

through was polled with the last elution fraction. The elution fractions were dried under 

vacuum and resuspended in 8 μL 0.1% v/v formic acid (dissolved in milliQ-H2O). 

2.5.1.1. LC MS ANALYSIS

Discovery mass spectrometric analyses were performed on a quadrupole orbitrap mass 

spectrometer equipped with a nano-electrospray ion source (Orbitrap Q Exactive Plus, Thermo 

Scientific). Chromatographic separation of the peptides was performed by liquid 

chromatography (LC) on a nano-HPLC system (Ultimate 3000, Dionex) using a nano-LC 

column (Acclaim PepMapC100 C18, 75 µm x 50 cm, 2 µm, 100 Å, Dionex, buffer A: 0.1% 

v/v formic acid, dissolved in milliQ-H2O, buffer B: 0.1% v/v formic acid, dissolved in 

acetonitrile). In general, 6 µL was injected using the µL-pickup method with buffer A as a 

transport liquid from a cooled autosampler (5 ˚C) and loaded onto a trap column (µPrecolumn 

cartridge, Acclaim PepMap100 C18, 5 µm, 100 Å, 300 µmx5 mm, Dionex). Peptides were 

separated on the nano-LC column using a linear gradient from 2-40% buffer B in 117 min at a 

flow rate of 200 nL/min. The mass spectrometer was operated in positive ion mode and data-

dependent acquisition mode (DDA) using a top-10 method. MS spectra were acquired at a 

resolution of 70.000 at m/z 200 over a scan range of 300 to 1650 m/z with an AGC target of 

3e6 ions and a maximum injection time of 50 ms. Peptide fragmentation was performed with 

higher energy collision dissociation (HCD) using normalised collision energy (NCE) of 27. 

The intensity threshold for ions selection was set at 2.0 e4 with a charge exclusion of 1≤ and 

≥7. The MS/MS spectra were acquired at a resolution of 17.500 at m/z 200, an AGC target of 

1e5 ions and a maximum injection time of 50 ms and the isolation window set to 1.6 m/z 

2.5.1.2. LC MS

LC-MS raw data were processed with MaxQuant (version 1.5.2.8) [56]. Peptide and protein 

identification was carried out with Andromeda against a human SwissProt database 
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(www.uniprot.org, downloaded November 10, 2016, 20,161 entries) and a contaminant 

database (298 entries). The searches were performed using the following parameters: precursor 

mass tolerance was set to 10 ppm, and fragment mass tolerance was set to 20 ppm. For peptide 

identification two miss cleavages were allowed, a carbamidomethylation on cysteine residues 

as a static modification and oxidation of methionine residues as a variable modification. 

Peptides and proteins were identified with an FDR of 1%. For protein identification, at least 

one unique peptide had to be detected, and the match between runs option was enabled. Proteins 

were quantified with the MaxLFQ algorithm [57] considering unique peptides and a minimum 

ratio count of one. Results were exported as tab-separated *.txt for further data analysis. 

2.6. PRINCIPLE COMPONENT ANALYSIS AND DIFFERENTIAL ANALYSIS OF 

TRANSCRIPTOMICS AND PROTEOMICS 
PCA was performed using prcomp function with raw data being first normalised (scaled and 

centred). Differential gene/protein expression analysis based on the negative binomial 

distribution was performed using DESeq2 [58]. Genes for which summed across all samples 

raw counts were higher than 20 were analysed. Protein intensities were transformed to integers 

and analysed similarly to the transcriptomics data.   

2.7. CELL GROWTH 
Fibroblasts were seeded in 96-well plate with a density of 2000cells/well and cultured in 200uL 

of medium for seven days. xCELLigence system (ACEA Biosciences Inc.) was used to monitor 

cells attachment and growth in real-time [59]. Areas under the curve were calculated using 

Prism7 (GraphPad Software).  

2.8. METABOLOMICS 
2.8.1.1. D

Cell pellets were sonicated in 250uL of water. Protein concentration was determined using the 

Pierce™ BCA Protein Assay Kit (ThermoFisher Scientific).  

2.8.1.2. AMINO

To analyse the amino-acid profile of medium from cell cultures 100uL of the medium sample 

was mixed with 100uL of internal standard (12mg of norleucine mixed with 15g 

sulphosalicylic acid in 250ml of water). The analysis was performed according to the method 

of Moore, Spackman, and Stein [60] on a Biochrom 30™ Amino acid Analyser 
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(Biochrom.co.uk). Acquisition and data handling were done with Thermo Scientific™ 

Chromeleon™ 7.2 Chromatography Data System software (ThermoFisher Scientific). 

2.8.1.3. S
To analyse sugar profiles, 250ul of the medium sample or 100ul of a standard mix (50mg of D-(+)-

glucose in 50ml of water) was mixed with 100ul of internal standard (50mg phenyl-b-D-

glucopyranoside in 50ml of water mixed with 1 ml of chloroform). Glucose analysis was performed as 

described by Jansen et al.  [61] on a Trace GCMS (Thermo Fisher Scientific). Acquisition and 

integrations were done with Xcalibur™software (ThermoFisher Scientific). 

2.8.1.4. P .

Phytanate levels were measured as described previously [62]. 

2.9. MODEL CURATION 
Our model is based on a previously published FAD-curated version of Recon 3D [20]. Current 

representation of phytanate metabolism was analysed and compared with current knowledge 

[4,63]. Missing reactions in omega-oxidation of phytanate and follow-up peroxisomal beta-

oxidation of its products were added to the reconstruction. Additionally, invalid or duplicated 

reactions (created by merge of different metabolic reconstructions to create Recon 2 model [8]) 

were removed. The curated model was saved as Recon3D_FAD_X. For detailed information 

on all the changes to the model, see Table S3.1 [fix, del].  

2.10. MODEL CONSTRAINS 
We examined all exchange/demand reactions to determine the model constraints. Since drug 

metabolism introduced by Sahoo et al. [64] is out of the scope of our research, we decided to 

block the import/export reactions for drugs and their metabolites. Additionally, we identified 

redundant demand and sink reactions that duplicate some exchange/demand reactions or allow 

sink reaction for a metabolite whose metabolism has been fully reconstructed and does not 

create a dead-end pathway.  Last, we closed all import reactions besides those that transported 

compounds present in the culture media, water, and oxygen. All the changes can be examined 

in the Table S3.1 [constraints].  

Additionally, ‘biomass_reaction’ minimum flux was set to 0.1 mmol·gDW-1·h-1, to mimic the 

essential cell maintenance (protein synthesis, DNA and RNA synthesis etc.), unless stated 

otherwise, as in [65]. Other constraints used only in specific simulations are indicated where 

applicable. 

2.11. FIBROBLAST-SPECIFIC GENE DATABASE 
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A database containing information about the expression levels of metabolic genes (genes 

present in the metabolic reconstruction Recon 3D_FAD) and proteins in human fibroblasts was 

first generated based on the results from our transcriptomics and proteomics experiments. 

Additionally, we added information present in the Human Protein Atlas [27,66], OMIM [29] 

fibroblast-specific information published along with the first Recon 2 model [8], and UniProt 

[67] databases. Experimental data from human fibroblast gene expression levels by Matsumoto 

et al. [28] was also included. Usage of fibroblasts in diagnostics of specific gene defects was 

also examined. In the end, a binary decision was made about fibroblast-specific genes – 1 if 

there was evidence for a gene/protein to be present in human fibroblasts, 0 for genes classified 

as inactive in fibroblasts. Database, including the final decision, is available as a Table S3.2. 

2.12. FIBROBLAST-SPECIFIC MODEL GENERATION 
A list of reactions depending on the genes marked as active was used as a core set for the 

FASTCORE algorithm [30] implemented in The COBRA Toolbox v3.0 [68]. Next, reactions 

dependent on the inactive genes were removed, and fastcc algorithm [30,68] was used to 

generate a flux, consistent fibroblast-specific model. The final model, named 

‘fibroblast_CTRL’ is available in our Github folder.  

2.13. MODEL ANALYSIS 
2.13.1.R

Phytanoyl-CoA hydroxylase deficiency (Refsum disease) was simulated as a single gene 

deletion (PHYH, HGNC:8940). Additionally, ω-oxidation (‘CYP450phyt’ reaction) and -

oxidation (‘PHYHx’, reaction) pathways maximum rates were constrained to 20.2176 and 

48.7656 mmol·gDW-1·h-1 respectively, to reflect those described in the literature [69,70]. 

Lastly, the ‘EX_phyt(e)’ reaction upper boundary was set to -0.1 mmol·gDW-1·h-1 to force the 

model to utilise phytanate at a minimum rate of 0.1 mmol·gDW-1·h-1 for the simulations 

resembling fibroblasts with phytol added to the medium.  

To sample the solution space of generated models, ACHR algorithm [33] implemented in the 

COBRA Toolbox 3.0 [68] was used. Randomly selected 10000 sampled points were saved 

with from the total of 50000 sampled points with a 500-step size. 

2.13.2. C

To calculate the maximum ATP yield per carbon source, we adapted the method developed by 

Swainston et al. [38]. Shortly, all uptake rates of nutrients were set to 0, except for a set of 

reactions defined collectively as a minimal medium (Ca2+, Cl-, Fe2+, Fe3+, H+, H2O, K+, Na+, 
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NH4 SO4
2-, Pi, Riboflavin) for which the uptake/export fluxes rates were set to -1000 and 1000 

mmolgDW-1hr-1 respectively. For each of the specified carbon sources, the uptake flux was 

set to -1 mmolgDW-1hr-1 forcing the model to consume it at a fixed rate. The demand reaction 

for ATP, ‘DM_atp_c_' was used as an objective function flux, which should be maximised in 

the optimisation process. The oxygen intake flux was set to 'EX_o2(e)' -1000 mmolgDW-1hr-

1 to maintain aerobic conditions. If the model was unable to breakdown specified carbon source 

to ATP, the steady-state flux could not be reached (infeasible solution).   

2.13.3. S

Flux distribution of each exchange reaction was compared between the control (CTRL) and 

Refsum’s (RD) to find the most changed metabolite fluxes. To this end, we tested normality 

and variance of the distributions using Single sample Kolmogorov-Smirnov goodness-of-fit 

hypothesis test and Two-sample F test for equal variances, respectively. Depending on the 

outcome Student’s t-test (for normally distributed samples with equal or unequal variance) or 

Wilcoxon ranks sum test (for non-normally distributed samples with unequal variance) were 

used to determine whether the differences between the control (CTRL) and Refsum’s (RD) 

models were significant. Bonferroni-Holm correction for multiple comparisons was used to 

calculate the adjusted p-values (FDR). Significance thresholds were set at FDR < 0.05 and 

log2(FC) > 1.3.  

2.14. SOFTWARE 
Model curation and all simulations were carried out with MatLab R2019a (MathWorks Inc., 

Natick, MA) using the Gurobi8.1 (Gurobi Optimization Inc., Houston TX) linear programming 

solver and the COBRA 3.0 toolbox [68]. 

2.15. DATA AVAILABILITY 
The mass spectrometry proteomics data have been deposited to the ProteomeXchange 

Consortium via the PRIDE [71] partner repository with the dataset identifier PXD015518. 

The RNAseq data have been deposited to the GEO database [72] with the identifier 

GSE138379. 
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3.RESULTS 

3.1. MODEL CURATION AND GENERATING A FIBROBLAST-SPECIFIC MODEL  
For this study, we used an updated version of the Recon 3D model in which flavoprotein-

related metabolism was curated [20]. This addition was essential for this study because many 

enzymes in fatty acid metabolism are flavoproteins, which carry FAD as a cofactor. 

Furthermore, a known alternative route for phytanate degradation, ω-oxidation, was not 

accounted for in Recon 3D. In this pathway, phytanate is first converted into ω-hydroxy-

phytanate, followed by oxidation to the corresponding dicarboxylic acid (ω-carboxyphytanate; 

see Fig. 3.1A). After activation to their CoA-esters, dicarboxylic acids have been shown to 

enter the peroxisome by active transport via the ATP binding cassette transporter ABCD3 (also 

known as peroxisomal membrane protein PMP70) [24], and are then degraded via peroxisomal 

β-oxidation [25]. It is assumed that ω-carboxyphytanate follows the same pathway as an 

unbranched long-chain dicarboxylic acid. The final product of phytanate breakdown via ω-

oxidation is 3-MAA, which has been identified in urine from patients with Refsum disease 

[26].  

To optimise the model, we added 25 reactions involved in the ω-oxidation and the subsequent 

β-oxidation of phytanate. Furthermore, 17 reactions involved in phytanate metabolism were 

deleted, because they were duplicates of other reactions in the model. Lastly, we examined the 

import/export reaction boundaries and blocked the flux of several drug metabolism pathways, 

such as those of statins, ibuprofen, paracetamol, and antibiotics. These pathways were not 

relevant for this study but could play a role in the model outcome. All changes to the model 

are summarized in Table S3.1. The resulting curated model was called Recon3D_X_c and is 

available in on GitHub (https://github.com/WegrzynAB/Papers).  

To create a fibroblast-specific model, we generated a fibroblast dataset related to the metabolic 

genes included in the model. To this end, we cultured human primary control fibroblasts (n=6) 

and Refsum disease patient-derived fibroblasts with a defect in α-oxidation (n=5) under 

standardised conditions, and harvested cells after 96 h to isolate RNA and protein. The cells 

were either incubated with phytol, a precursor of phytanate, or with the solvent ethanol (Fig. 

3.1B). Our primary dataset consisted of the data obtained from transcriptomics (RNAseq) and 

proteomics (shot-gun) measurements. In the principal component analysis (PCA), no 

separation was seen between the groups of fibroblasts (Fig. 3.2C and D), suggesting that 

overall, the patient-to-patient variation was larger than the adaptation to the disease, at least in 

the fibroblasts.  
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3. A) Schematic overview of relevant metabolic 
pathways for phytanate metabolism. Abbreviations: CoA, coenzyme A; PHYH, phytanoyl-CoA 
hydroxylase; 4,8-DMN-CoA, 4,8-dimethylnonanoyl-CoA. B) Schematic representation of the 
experimental setup. Control (CTRL) and Refsum disease (RD) fibroblasts were incubated with or 
without phytol, the precursor of phytanate, for the indicated time points. All cells were seeded and 
harvested under the same conditions. C) Schematic overview of the steps to obtain a fibroblast-specific 
model based on constraints of the Recon3D_FAD_x model.   
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Differential analysis of the transcriptomics and proteomics data revealed only 12 differentially 

expressed genes and 18 proteins between the control fibroblasts and fibroblasts defective in α-

oxidation (Fig. 3.2). All differentially expressed genes and 15 proteins were upregulated in the 

Refsum group relative to controls, while no genes and only three proteins were downregulated. 

These upregulated genes and proteins were primarily involved in cell cycle control and 

structure (Table S3.4). When we tested the correlation between protein and RNA levels in the 

subset of genes that were included in our database, six proteins that were detected in the shot-

gun proteomics were not present in the transcriptomics data, even though protein and RNA 

fractions were obtained from the same sample (Fig. 3.2C). To complement our own data, we 

included publicly available information of tissue-specific gene and protein expression levels 

present in the Human Protein Atlas (Uhlen et al. 2015, www.proteinatlas.org), published 

transcriptomics and proteomics data obtained from fibroblasts [28], OMIM information [29], 

fibroblast-specific information published along with the Recon 2 model [8], and information 

on metabolic assays that are used for diagnostic approaches in fibroblasts (Table S3.2). To 

generate the fibroblast-specific model, the activity of metabolic reactions was constrained in a 

two-step manner (Fig. 3.1C). First, all genes involved in metabolic pathways that were not 

detected in our transcriptomics data with < 10 raw counts were initially marked as ‘inactive’. 

Secondly, all these genes were manually cross-examined with our generated database to 

determine whether the gene was expressed in fibroblasts (either on RNA or protein level). If 

expressed in skin fibroblasts, the gene was changed to ‘active’. Finally, the FASTCORE 

algorithm [30] was used to create a flux consistent fibroblast-specific network. This procedure 

resulted in the final model, ‘fibroblast_CTRL’, which was used for further analysis.  

3.2. MODEL CHARACTERISATION 
First, we tested whether the fibroblast-specific model showed physiological resemblance to 

fibroblasts in vivo. To this end, we used a set of metabolic tasks defined by Thiele et al. [8] 

and focused explicitly at the metabolic tasks known to be crucial for fibroblast metabolism, i.e. 

the conversion of glutamine to α-ketoglutarate [31]), or which are known to be absent in 

fibroblasts, i.e. bile acid metabolism [32]. The fibroblast-specific model completed 208 out of 

all 419 generic tasks (Table S3.5), demonstrating that the fibroblast model adequately reflects 

general human metabolism. Additionally, specific reactions known to be present or absent in 

fibroblasts were also accurately predicted (Table 3.1), including diagnostically relevant genes 

(Table S3.5). 
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3.2 A+B) Volcano plots depicting A) the transcriptomics data, and B) proteomics data derived 
from fibroblasts incubated with phytol for 96 hours. Genes and proteins, resp., with significant 
differences in expression between the diseases (Refsum disease) and control groups are indicated with 
coloured dots. Gene names are shown for genes and proteins, resp., indicated with green dots. Blue dots 
represent metabolic genes, as included in the Recon3D model, that were expressed differentially at the 
significance level below 0.001, and their expression levels were changed by minimum 1-fold. C+D) 
Principal Component Analysis for C) transcriptomics data, and D) proteomics data. Raw expression 
values have been scaled and centred. E) Correlation plot showing log 2 average abundance of all 
proteins (x-axis) and genes (y-axis) that were included in the Recon 3D model.         
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3.1 A subset of tasks relevant for fibroblast 
metabolism selected. For a full list of all tested tasks, see Table S3.5.  

Metabolic task Reported in fibroblasts Active in the model 
Bile acid metabolism NO NO 
Pyrimidine degradation NO NO 
Glutamine to citrulline conversion NO NO 
Melatonin synthesis NO NO 
Urea cycle NO NO 
Glutamine conversion to α-ketoglutarate YES YES 
ATP production via electron transport chain YES YES 
Mitochondrial β-oxidation YES YES 
Peroxisomal β-oxidation YES YES 
Peroxisomal α-oxidation YES YES 
ω-oxidation of phytanate YES YES 
All 419 generic metabolic tasks  208 

 

Subsequently, we simulated the capacity of the fibroblast-specific model to produce ATP from 

phytanate as the single carbon source under aerobic conditions in a minimal medium 

(consisting of only ions, oxygen, water, and riboflavin). ATP utilisation is explicitly defined in 

the model and is corrected for ATP investments required for ATP synthesis, such as reactions 

involved in cofactor synthesis, metabolite transport, and substrate activation. The ATP 

utilisation flux was used as an objective function of which the value was maximised in the 

steady-state calculation. Since the flux through the ATP utilisation reaction equals that of ATP 

production after subtraction of ATP costs at steady state, it reflects the net ATP production 

from a single carbon source (in this case phytanate). In contrast to the initial Recon 3D_FAD 

model, the curated model (Recon3D_FAD_X) and the fibroblast-specific model 

(fibroblast_CTRL) showed a net ATP production flux of 68.5 and 61.65 mmol ·  g DW-1 ·  h-1, 

respectively, at a forced phytanate uptake flux of 1 mmol ·  g DW-1 ·  h-1. 

Furthermore, we created a Refsum disease model (fibroblast_RD) by setting the flux through 

the phytanoyl-CoA-hydroxylase (PHYH, HGNC:8940) reaction to 0. The fibroblast_RD 

model was able to metabolise phytanoyl-CoA in minimal medium conditions (Fig. 3.3, Table 

S3.3), albeit at a much lower flux than control (38.8 mmol ·  g DW-1 ·  h-1). These results implied 

that ω-oxidation of phytanate and the subsequent β-oxidation in the peroxisomes are less 

efficient in the ATP production and could require a richer growth media supplemented with 

glutathione (Figure 3.4, uptake flux for glutathione was set at 1 mmol ·  g DW-1 · h-1). 

Supplementation of glutathione to the minimum media allowed all studied models to break 

down phytanate, albeit with very strong differences in the total ATP yields.  
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 Assessment of carbon 
source utilisation on minimal media based on the ATP production from single-carbon source, including 
Recon3D_FAD, curated Recon3D_FAD for phytanate metabolism (Recon3D_FAD_x), the fibroblast-
specific model for control (fibroblast_CTRL) and diseased conditions (fibroblast_RD). Green shades 
in the heat-maps reflect the relative net ATP production ranging from no (white) to high (dark green), 
and very high ATP production (black). Crossed-out fields symbolise model inability to metabolise a 
carbon source (infeasible solution) on minimal media.  

The net ATP production flux of 46.50 mmol ·  g DW-1 ·  h-1 and 86.46 mmol ·  g DW-1 ·  h-1 was 

shown for the initial Recon 3D_FAD model and the fibroblast_RD model respectively, while 

much higher net ATP production flux of 116.5  mmol · g DW-1 · h-1, and 

109.3 mmol · g DW-1 · h-1 was seen for the Recon3D_FAD_X, and the fibroblast_CTRL 

models (Fig 3.4). Similarly, we analysed the amino-acid catabolism in the models. All amino 

acids could be catabolised to yield ATP in the Recon3D_FAD_X model. However, the 



Chapter 386   |
 

fibroblast-specific models were unable to metabolise asparagine, histidine, and threonine. 

There was also nearly no net ATP produced from phenylalanine and tyrosine. Furthermore, net 

ATP production from tryptophan was lower in fibroblast-specific compared to the generic 

model (Fig. 3.3). In the minimum media supplemented with glutathione and pantothenic acid 

all amino acids were broken down; however, asparagine, histidine, phenylalanine, threonine, 

and tyrosine were showing a strong decrease in the ATP yield in the fibroblast models 

compared to the generic models (Fig 3.4). 

 

3.4  Assessment of carbon 
source utilisation on minimal media based on the ATP production from single-carbon source, including 
Recon3D_FAD, curated Recon3D_FAD for phytanate metabolism (Recon3D_FAD_x), the fibroblast-
specific model for control (fibroblast_CTRL) and diseased conditions (fibroblast_RD). Green shades 
in the heat-maps reflect the relative net ATP production ranging from no (white) to high (dark green), 
and very high ATP production (black). Crossed-out fields symbolise model inability to metabolise a 
carbon source (infeasible solution) on minimal media. 
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To investigate the effect of a defective α-oxidation on the flux distribution in the curated, 

fibroblast-specific model, we used the fibroblast_RD model to sample the steady-state solution 

space using the ACHR algorithm [33]. Since genome-scale models typically have multiple 

steady-state solutions, in this procedure, the solution space reflects the flux ranges found for 

each reaction when sampling many steady-state solutions (see Methods for details). To be able 

to compare the results of this analysis with the data from the in vitro fibroblast studies, rich 

media were used. As expected, the total flux of phytanate uptake into the cell was decreased in 

the fibroblast_RD model when compared to the fibroblast_CTRL model. Because of the 

simulated deletion of the PHYH gene, α-oxidation was abolished entirely in the fibroblast_RD 

model, whereas it was active in the fibroblast_CTRL model (Fig. 3.5). Pathways involved in 

ω-oxidation, however, were active in both models (Fig. 3.5). Interestingly, both pathway fluxes 

were significantly smaller than their maximum rates as obtained from the simulation wherein 

the maximum flux of an α- or ω- oxidation pathways were used as objective functions (Fig. 

3.5, insert).  

 

.5 Missing reactions for phytanate metabolism, 
including α- and ω-oxidation, were added to the Recon3D_FAD model. The curated, fibroblast-specific 
model shows differences in metabolic fluxes of phytanate through the available pathways under normal 
(control, CTRL, green) and diseased conditions (Refsum disease, RD, blue). Insert shows maximised 
fluxes, including blocked α- oxidation in PHYH conditions. Predictions are shown as box-and-whisker 
(the horizontal line at median, and whiskers at min and max values, n = 10000) plots (main figure), or 
bar plots (insert).   
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3.3. METABOLIC CHARACTERISATION OF FIBROBLASTS CULTURED   
To qualitatively validate our model predictions, we obtained fibroblast-specific metabolomics 

data. Similar to the transcriptomics and proteomics experiments, we cultured human primary 

control fibroblasts (n=6) and Refsum disease patient-derived fibroblasts (n=5) under 

standardised conditions, and collected cell culture medium and cells every 24h for four 

consecutive days. The cells were incubated with phytol, or with the solvent ethanol (Fig. 3.1B). 

First, we measured the levels of total phytanate in cells incubated with or without phytol for 

96h. The addition of phytol resulted in increased levels of phytanate when compared to 

untreated cells. This was expected, as phytol is converted to phytanate once taken up into the 

cell [34]. In addition, phytanate levels were increased in fibroblasts with a defect in α-oxidation 

when compared to control fibroblasts when phytol was added to the medium (Fig. 3.6A), 

reflecting impaired oxidation of phytanate.  

Furthermore, we measured amino acid profiles in the cell culture medium. We observed no 

significant changes between the control and Refsum disease groups (Fig. 3.6B and Fig. S3.6A) 

at measured time points. However, a few changes were seen in the rates of uptake or secretion 

of amino acids (Fig 3.6C, and Fig S3.1). Notably, citrulline and sarcosine have shown to change 

the directionality in the two groups. While citrulline is secreted, and sarcosine consumed in the 

healthy fibroblasts exposed to phytol for 96 hours, this situation is reversed in RD fibroblasts. 

Furthermore, uptake of asparagine is decreased in the RD fibroblasts compared to the healthy 

ones (Fig. 3.6C). Other amino acids show some minor differences in their uptake or secretion 

rates; however, those are not significant (Fig. S3.1). 

Finally, glucose levels (Fig. 3.4B), cellular protein levels (Fig. 3.4C), and cell content (Fig. 

3.4D) were similar between the control fibroblasts and the RD fibroblasts with a defect in α-

oxidation after 96 hours of cell culture. 
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3.6  Model validation using 
experimental data of A) phytanate, B+C)) amino acid measurements. A) Phytanate concentrations were 
determined in pellets from cultured cells after incubation for 96 hours. Phytanate levels are increased 
in cells incubated with phytol. Per condition, mean per group and 95% confidence interval per group 
are indicated. Significant differences between the groups were determined by One-way ANOVA (*** 
p-value < 0.001, n CTRL = 6, n RD = 5). B) Significantly changed uptake and secretion rates of amino 
acids between healthy (n=6) and RD (n=5) fibroblasts exposed to phytol for 96 hours (shown as mean 
per group and 95% confidence interval). Amino acid concentrations were determined in the medium of 
the cells 96-hour incubation with phytol. Rates were calculated based on the fresh medium 
measurements. Significant differences between the groups were determined using a t-test with a two-
stage linear step-up procedure of Benjamini, Krieger and Yekutieli, with Q=1%, to correct for the 
multiple testing (** q-value <0.01, *** q-value < 0.001). Rates of uptake and secretion of other amino 
acids are shown in Figure S3.1. C) Amino acid concentrations were determined in the medium of the 
healthy (n=6) and RD (n=5) fibroblasts cells after incubation at indicated time points (shown as mean 
+/- SD). Results for other amino acids are shown in Figure S3.2. D)  
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3.4. PREDICTING PHYSIOLOGICAL EFFECTS OF DEFECTIVE Α-OXIDATION 
To investigate other flux changes in the fibroblast_RD model when compared to the 

fibroblast_CTRL model, we explored the steady-state flux distribution obtained by the 

sampling of the solution space in the model. We studied changes in the flux ranges of the 

exchange reactions between control and disease models after forcing a minimum uptake of 

phytanate 0.1 mmol ·  g DW-1 ·  h-1) in the models. Shlomi et al. [19] proposed that if the 

secretion flux through the exchange reaction is high, it may lead to a high metabolite 

concentration outside of the cell. In contrast, if uptake is more prevalent, then the extracellular 

concentration is expected to be lower under the studied conditions. Exchange reactions in the 

model define the model boundaries. They allow some metabolites to be imported in or secreted 

from the cell, enabling the model to reach a steady-state. First, we compared the model 

predictions for exchange of amino acids with the data obtained in vitro. Our model predicted 

the directionality of amino acid exchanges with 73% accuracy, in line with the previously 

published accuracy scores [8,20] (Table S3.6). Secondly, we investigated the response of the 

two models to phytanate. They responded differently to the forced phytanate uptake flux (Fig 

3.7). The mean value of the phytanate flux was reduced by 85% in the fibroblast_RD model 

when compared to the fibroblast_CTRL model, and secretion of pristanic acid was absent in 

the RD model (Fig. 3.7A). The export reaction of 3-MAA, which is the end product of 

subsequent ω- and β-oxidation of phytanate (Fig 3.6B and Fig 3.1A), did not show a significant 

change in its mean flux, while 2,6-dimethylheptanoyl carnitine, one of the end products of 

canonical degradation pathway of phytanate, showed 100% decrease of the flux rate in RD. 

Besides these known metabolites associated with a defect in α-oxidation, we identified 49 other 

boundary metabolites that were significantly changed (FDR < 0.05 and log2FC > 1.3) between 

the fibroblast_RD and the fibroblast_CTRL models (Table S3.6). Of these, 24 flux changes 

were predicted to lead to higher extracellular concentrations in the absence of PHYH activity, 

including L-alanine and 3-mercaptolactate-cysteine disulphide (Fig 3.7C), caproic acid (Fig 

3.7D), 2-hydroxybutyrate, and malonyl carnitine, and several di and tripeptides (Table S3.7). 

On the other hand, 27 distribution flux changes were predicted to result in reduced extracellular 

concentrations in Refsum disease fibroblasts, such as lactate (Fig. 3.7C), N-acetyl-asparagine, 

L-citrulline (Table S3.7) and several di- and tripeptides (Fig. 3.7E, and Table S3.7). These 

changes depend either on the lower/higher uptake rate or on a lower/higher secretion rate (Fig. 

3.7C-E). Interestingly, the rate of secretion of citrulline in our in vitro study showed a 

significant decrease (Fig. 3.6C) confirming one of our model predictions.  
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3.7. Changes at the level of secretion and uptake reactions between healthy and Refsum models 
forced to take up phytanate. A-E) Secretion /uptake fluxes distributions of metabolites with the most 
significant differences between Control (CTRL+phyt, green; n = 10000) and Refsum disease (RD+phyt, 
blue; n = 10000) models forced to take up phytanate selected based on the log2(FC)>1.3 and FDR < 
0.05. Statistical differences were analysed using Wilcoxon rank-sum test; FDR values were calculated 
using Bonferroni-Holm correction. 
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4. DISCUSSION 

In this study, we present a fibroblast-specific metabolic model for Refsum disease. Using 

transcriptomics and proteomics data, we developed a cell-specific metabolic network based on 

Recon 3D_FAD [20]. Cell-type-specific metabolic models have been reported earlier 

[13,14,17,21,22,35], and are essential tools to study specific research questions. We studied 

the effect of phytanate loading on the metabolic fluxes in a fibroblast-specific model for 

Refsum disease, which is characterised by a defect in α-oxidation. Phytanate is a natural ligand 

of peroxisome proliferator receptor α (PPARα) [3,4]. Furthermore, elevated levels of phytanate 

have been reported to induce lipotoxicity in the brain [36]. Many of these findings, however, 

derive from in vitro experiments. The consequences of phytanate accumulation have also been 

studied in a mouse model of Refsum disease, which resembles the clinical symptoms of 

patients [3,37]. Notably, these mice showed no disease phenotype when fed a regular diet, but 

only developed the phenotype resembling Refsum disease when challenged with a phytol-

enriched diet [37]. Studies in humans, however, are scarce due to limited options for invasive 

studies. Computational modelling of human cells or tissues is meant to fill this gap partly. In 

our study, we curated the existing genome-scale model by including pathway information for 

ω-oxidation and following β-oxidation of phytanate and constrained the model to obtain a 

fibroblast-specific model based on generated data as well as existing databases. The 

reconstruction of metabolic networks is an iterative process, and updates will assure better 

accuracy and prediction of the human metabolic model [38]. Our model predicted amino acid 

fluxes with 73% accuracy in line with the previously reported values [8,20]. To reach higher 

accuracy, further curation of the network might be required. Since amino acids are the main 

building blocks of the cell, a cell-type specific protein composition incorporated in the biomass 

function of the model might yield more accurate results.  

Using the curated model, we aimed to get an insight into metabolic changes that may provide 

leads for pathophysiology and biomarkers. Genome-scale metabolic-models have been 

described to be useful tools for these aims [8–10,14,19–22,35]. In our fibroblast-specific model 

resembling Refsum disease, the flux of phytanate uptake was significantly reduced, reflecting 

the accumulation of phytanate in the body, a known biomarker for Refsum disease [3]. On the 

other hand, the average 3-MAA secretion rate was not changed between the models. Our results 

show that it is more desirable for metabolism to lower the phytanate uptake rather than increase 

the ω- oxidation. However, an average sampled flux of 3-MAA secretion was 60 times as low 
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as its maximum theoretical yield (Fig 3.5, Fig 3.7B), showing that the ω-oxidation pathway 

can be upregulated further. Notably, it has been described that ω-oxidation was indeed 

upregulated in patients with peroxisomal disorders [4,39].  

Besides the changes in the known biomarkers, the model predicted aberrant flux distributions, 

leading to accumulation or reduction of extracellular metabolites in the Refsum fibroblast 

model when compared to the healthy model. Interestingly, di and tripeptides were predicted to 

be changing significantly between the patient and healthy models (Fig 3.7F). Biologically 

active peptides [40] have been found to play important roles in the metabolic functions, 

including intercellular signal transmission [41] and neuron signal transmission [42,43]. 

Furthermore, specific peptides are involved in the processes that lead to disease development, 

and their presence could indicate specific diseases, i.e., serve as disease biomarkers [44–47]. 

However, the power of the prediction and the value of these metabolic changes in relation to 

the pathogenesis of phytanate in patients with Refsum disease requires further analysis. If 

validated, our predictions could lead to potential therapeutic strategies to intervene with the 

accumulation of phytanate in these patients. The upregulation of ω-oxidation as an escape route 

for the breakdown of phytanate, and also very-long-chain fatty acids, has been studied in vitro 

for diseases such as Refsum disease and X-linked adrenoleukodystrophy [3,39]. The activation 

of the cytochrome P450 family (CYP) 4A enzymes, which are known to induce ω-oxidation, 

has indeed been an attractive target for therapeutic interventions. However, until now, studies 

using compounds or drugs to upregulate ω-oxidation via CYP4A have not been performed 

successfully [48]. Our model predicts (Fig. 3.3 and Fig. 3.4) that increase in the glutathione 

levels could not only protect the cells from the oxidative stress postulated to play a role in 

Refsum disease [49] but potentially also support the phytanate breakdown via the ω-oxidation 

pathway. However, the clinical value of our predictions remains to be evaluated. Fortunately, 

as mentioned before, a mouse model of Refsum disease exists in which a systemic whole-body 

effect of phytanate accumulation has been studied [37]. Since the expression of ω hydroxylases 

from the CYP4 family is similar in mice and humans, studies using mice fed with a glutathione-

enriched diet could be performed to determine the rate of ω-oxidation of phytanate. To 

investigate the clinical potential of our findings, these diet studies could be complemented with 

the application of previously proposed CYP4 inducers, i.e. fibrates and statins [4].  
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SUPPLEMENTARY INFORMATION  

Due to their size supplementary tables 1-2, 5, and 7, as well as scripts and models, are available 
online at https://github.com/WegrzynAB/Papers/ 

 

3.1. Additional data on amino acid uptake and secretion rates in the fibroblast CTRL (n=6; 
green) and RD (n=5; blue) cultures exposed to phytol for 96 hours (shown as mean +/- SD). Rates were 
calculated based on the fresh medium measurements.  
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3.2  Additional experimental data of A) amino acids and B) glucose determinations in the 

medium of the fibroblast CTRL (n=6) and RD (n=5) cells after incubation at indicated time points 
(shown as mean +/- SD). For details, see Fig. 6C. C) Protein concentrations of cell pellets after 
incubation at indicated time points. D) Growth curves of attached cells for the indicated time points (left 
panel), and statistical analysis of the total area under the curve per cell line after 7 days of incubation 
(right panel). Data are shown as bar plots.
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Differentially expressed genes and proteins; FC – fold change (Refsum vs Control) 

Gene
PODXL podocalyxin like; cell cycle 1,79 1,7E-09 
ARK1 aurora kinase A; cell cycle 1,70 2,8E-08 
KIF20A kinesin family member 20A; cell cycle 1,67 7,4E-07 
ZNF367 zinc finger protein 367; cell cycle 1,65 3,2E-06 

BIRC5 baculoviral IAP repeat containing 5; cell cycle (neurons), 
protein ubiquitination 1,59 1,5E-05 

APOBEC3B apolipoprotein B mRNA editing enzyme catalytic subunit 
3B; cell adhesion & migration 1,58 1,5E-05 

IQGAP3 IQ motif containing GTPase activating protein 3; 
transcriptional activator 1,56 1,6E-05 

KIFC1 kinesin family member C1; cell cycle 1,56 2,0E-05 
CENPM centromere protein M; DNA deaminase 1,53 3,0E-05 
PLK1 polo like kinase 1; GTPase activity 1,50 3,8E-05 
CDC20 cell division cycle 20; spindle formation 1,50 3,8E-05 
TK1 thymidine kinase; higher in proliferating cells 1,17 6,7E-04 

PDLIM1 PDZ and LIM domain protein 1; structural; cytoskeletal 
protein that may act as an adapter that brings other 
proteins (like kinases) to the cytoskeleton 

1,76 1,0E-03 

HEMO Hemopexin; heme binding and transport in plasma (no 
clue why it's here then) 

1,59 3,0E-03 

DCD Dermcidin; antimicrobial; displays antimicrobial activity 
thereby limiting skin infection by potential pathogens in 
the first few hours after bacterial colonization 

1,5 3,0E-03 

CASPE Caspase-14; epidermal differentiation, regulates 
maturation by proteolytically processing filaggrin 

1,49 2,0E-03 

SPR2A Small proline-rich protein 2A; structural; Cross-linked 
envelope protein of keratinocytes. 

1,45 9,0E-03 

FILA2 Filaggrin-2; structural; Intermediate filament-associated 
and psoriasis-susceptibility protein 

1,34 1,0E-03 

FILA Filaggrin; structural; an intermediate filament-associated 
protein that aggregates keratin intermediate filaments in 
mammalian epidermis 

1,22 0,0E+00 

ARMT1 Protein-glutamate O-methyltransferase; 
methyltransferase; Methylates glutamate residues of 
target proteins to form gamma-glutamyl methyl ester 
residues. Methylates PCNA, suggesting it is involved in 
the DNA damage response 

1,15 5,0E-03 

K2C80 Keratin, type II cytoskeletal 80; structural 1,12 2,0E-03 
PLAK Junction plakoglobin; structural; cell adhesion 1,1 1,0E-03 
DSC1 Desmocollin-1; structural, cell-cell adhesion;  1,07 1,0E-02 
DSG1 Desmoglein-1; structural, cell-cell adhesion;  1,04 9,0E-03 
K1C10 Keratin, type I cytoskeletal 10; structural 1,02 2,0E-03 
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BGH3 Transforming growth factor-beta-induced protein ig-h3; 
cell adhesion 

1,02 7,0E-03 

K2C5 Keratin, type II cytoskeletal 5; structural 1,01 2,0E-03 
KPCA Protein kinase C alpha type; cell proliferation, apoptosis, 

differentiation, migration and adhesion 
-1,09 9,0E-03 

DDX24 ATP-dependent RNA helicase DDX24; ATP-dependent 
RNA helicase 

-1,14 8,0E-03 

CA198 Uncharacterized protein C1orf198; orphan -1,42 6,0E-03 

PI4KA Phosphatidylinositol 4-kinase alpha   
AL1L1 Cytosolic 10-formyltetrahydrofolate dehydrogenase   
GMPPB Mannose-1-phosphate guanyl transferase beta   
AOC3 Membrane primary amine oxidase   
NDKB Nucleoside diphosphate kinase B   
AK1D1 3-oxo-5-beta-steroid 4-dehydrogenase     

Comparison between the exchanged amino acids in model prediction and in the  
experiments (CTRL + phyt group). For a full list of predicted uptake and secretion rates of metabolites 
see Table S3.7. 

  CTRL + phytol predicted by the model match  
Alanine secreted uptaken NO  
Arginine uptaken uptaken YES  
Asparagine uptaken uptaken YES  
Aspartate uptaken uptaken YES  
Citrulline secreted secreted YES  
Cysteine secreted secreted YES  
Glutamine uptaken uptaken YES  
Glutamate secreted secreted YES  
Glycine secreted secreted YES  
Histidine uptaken uptaken YES  
Isoleucine uptaken uptaken YES  
Leucine uptaken uptaken YES  
Lysine uptaken uptaken YES  
Methionine uptaken uptaken YES  
Phenylalanine secreted uptaken NO  
Proline secreted uptaken NO  
Serine uptaken uptaken YES  
Taurine uptaken secreted NO  
Threonine secreted uptaken NO  
Tyrosine secreted uptaken NO  
Valine uptaken uptaken YES  
Sarcosine uptaken uptaken YES  
correct   73%  
incorrect   27%  
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ABSTRACT 

Phenylketonuria (PKU) is caused by a deficiency of the hepatic enzyme phenylalanine 

hydroxylase, which primarily converts phenylalanine into tyrosine. Despite a phenylalanine-

deprived diet, many adult PKU patients display deficits of executive functions. These are 

hypothesised to be caused by high cerebral phenylalanine and a shortage of monoaminergic 

neurotransmitters.  

To better understand the relationship between plasma and brain amino acids level and 

monoaminergic neurotransmitter biochemistry, we constructed a computational model. The 

model comprises the transport of large neutral amino acids (LNAA) across the blood-brain 

barrier as well as cerebral amino acid and monoaminergic neurotransmitter metabolism. It 

accurately describes amino acids uptake into the brain, as validated by direct measurements of 

brain amino acid concentrations in PKU mice on various diets. Moreover, it predicts how brain 

amino acids levels are positively controlled by the concentrations of the corresponding amino 

acids in the blood and to a lesser extent negatively by other amino acids competing for the 

transport system. Quite remarkably, it shows how brain levels of monoaminergic 

neurotransmitters are controlled more by phenylalanine, probably through non-competitive 

inhibition of the hydroxylases, than by their precursor amino acids. Therefore, the decrease of 

neurotransmitters in PKU cannot be fully rescued by the addition of tyrosine and tryptophan 

alone, but also benefits from a reduction of the phenylalanine levels, in agreement with the 

experimental data.  

In conclusion, we present the first complete model of the LNAA transport through the blood-

brain barrier and subsequent brain neurotransmitter metabolism. The model leads to a better 

understanding of the pathophysiological mechanisms and of the impact of individual amino 

acids in the diet on the underlying brain dysfunction in PKU. Furthermore, the model can be 

readily applied in studies of other neurological disorders in which the relation between diet, 

gene activities, brain amino acids, and neurotransmitters is important. 
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1. INTRODUCTION 

Phenylketonuria (PKU; OMIM 261600) is a classic example of an inborn error of amino acid 

metabolism. It is caused by a deficiency of the hepatic phenylalanine hydroxylase (PAH), 

which converts phenylalanine into tyrosine [1]. If left untreated, high plasma phenylalanine 

rather than low tyrosine concentrations have been associated with classical PKU 

symptomatology. The latter is almost exclusively restricted to brain functioning, including 

severe intellectual disability, seizures, and psychiatric problems. Today, neonatal screening 

allows PKU diagnosis and initiation of treatment shortly after birth. The cornerstone of the 

treatment is to reduce phenylalanine concentrations in blood and brain by a severe 

phenylalanine-restricted diet. This diet is typically low in natural protein and supplemented 

with all amino acids, except phenylalanine. 

Additionally, some patients respond to tetrahydrobiopterin supplementation [2]. 

Tetrahydrobiopterin is a natural co-substrate of phenylalanine, tyrosine, and tryptophan 

hydroxylases. In addition to be its redox coenzyme, it may act as a pharmaceutical chaperone 

of phenylalanine hydroxylase, supporting its conformational stability and preventing 

degradation [3]. While these phenylalanine reducing treatments can prevent severe intellectual 

disability, the clinical outcome remains suboptimal and warrants additional/alternative 

pathophysiology-based treatment strategies. 

In PKU pathophysiology, the blood-brain barrier (BBB) is considered to play a central role 

[4,5]. Phenylalanine, as well as all other large neutral amino acids (LNAA), such as tyrosine 

and tryptophan, are exchanged across the BBB by the large neutral amino acid transporter 1 

(LAT1) [6]. This causes competition between the different LNAA for LAT1. Consequently, 

excessive plasma phenylalanine concentrations may not only lead to increased brain 

phenylalanine levels but also outcompete the transport of other LNAA across the BBB and 

impair their brain availability [7–9]. While high brain phenylalanine levels are neurotoxic and 

affect brain metabolism [10–14], insufficient brain availability of non-phenylalanine LNAA 

has been related to impaired cerebral protein synthesis [9,15]. Moreover, tyrosine and 

tryptophan are the precursors for the cerebral monoaminergic neurotransmitters, dopamine and 

serotonin [16]. Phenylalanine, is known to inhibit tyrosine and tryptophan hydroxylases, which 

are key enzymes in the synthesis of dopamine and serotonin [17–20]. Thus, 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 important role in the 

mood and psychosocial problems of PKU patients [21–23]. However, while phenylalanine 
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neurotoxicity, impaired cerebral protein synthesis and reduced cerebral monoaminergic 

neurotransmitter synthesis have all been associated with brain dysfunction in PKU, they show 

different correlations with the plasma phenylalanine concentrations that comprise the main 

treatment target and biomarker in today’s PKU management [4].  

Based on this pathophysiological concept, supplementation of non-phenylalanine LNAA 

instead of restricting dietary phenylalanine intake has been suggested as a possible alternative 

dietary treatment strategy [4,24]. Such LNAA treatment has been shown in PKU mice to (1) 

reduce brain phenylalanine, (2) increase brain non-phenylalanine LNAA, and (3) increase brain 

monoaminergic neurotransmitter concentrations [25]. To ultimately establish the adequate 

dose of different LNAA, a better understanding of the pathophysiology of brain dysfunction in 

PKU, and especially of the relationship between plasma amino acid and brain amino acid and 

monoamines concentrations, is essential. 

The competition of amino acids for the LAT1 transporter and the involvement of additional 

amino acid transporters make it difficult to understand the effect of different diets on the brain 

amino acid and neurotransmitter composition. To address this, several computational models 

have been constructed that describe the kinetic behaviour of pathways involved in 

neurotransmitter metabolism or LNAA transport across the blood-brain barrier [26–31]. 

Nevertheless, none of these models integrates the dopaminergic and serotonergic pathways in 

the brain with the amino acid transport across the BBB. In contrast, stoichiometric 

reconstructions of human metabolism do include amino acid and neurotransmitter metabolism. 

Constraint-based modelling based on Recon 2 correctly reproduced the elevated phenylalanine 

levels in PKU patients [32]. Recon 2 and its successor Recon 3D [33], however, lack the kinetic 

information that is required to grasp the impact of substrate competition for the LAT1 

transporter. 

Here we present, the first detailed, kinetic model of LNAA transport through the BBB, together 

with the brain dopaminergic and serotonergic metabolic pathways. In this model, we studied 

the effects of dietary interventions on brain amino acid composition, neurotransmitter 

metabolism, and protein synthesis in PKU. The model was validated by comparison to a 

comprehensive set of dietary interventions in PKU mice. Furthermore, we simulated the impact 

of modulating individual dietary amino acids concentration and how this could alleviate PKU 

symptoms. Since the model is generic, it can be readily applied to other neurological disorders 

in which the relation between the amino acid and neurotransmitter metabolism is important, 

such as Alzheimer’s and Parkinson’s disease.  
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2. MATERIALS AND METHODS 

2.1. ETHICS STATEMENT 

Experiments were approved by the Ethics Committees for Animal Experiments of the 

University of Groningen (Permit  Number: 6504D).  

2.2. COMPUTATIONAL METHODS 
The computational model, consisting of a set of 26 Ordinary Differential Equations (ODEs), 

was built and analysed in Copasi 4.22 [34]. Time simulations were performed using the 

LSODA algorithm for a duration of 100 s simulation time, with relative tolerance of 110-6, 

absolute tolerance of 110-12, and maximally 10,000 internal steps. Steady states were 

calculated using a combination of methods, according to the default settings in Copasi. The 

solutions fulfilled the criterion that all-time derivatives of metabolite concentrations 

approached zero (< 10-11). No alternative steady-states were found when different initial 

metabolite concentrations were used. As an input for the steady-state algorithm, the endpoint 

of the time simulation was used. The detailed model description is available in Text S1. 

Copasi’s ‘Sensitivities’ algorithm was used to calculate the response coefficients of brain 

metabolite concentrations to changes in model parameters and blood amino acid 

concentrations. The model is publicly available together with all the supplementary data in our 

GitHub repository (https://github.com/WegrzynAB/Papers).   

2.3. INDEPENDENT TEST AND VALIDATION 
As a part of our standard quality control procedures, the model was independently tested by 

another researcher to assure that the results are reproducible and the model description (Text 

S4.1) agrees to the Copasi script. A thorough comparison between model description and 

Copasi file was made to check the correctness of all equations and parameter values. 

Subsequently, a subset of important model simulations was repeated to check if the output 

reproduced the presented results. 

2.4. DIETARY INTERVENTIONS IN MICE 
Experiments were performed in BTBR Pah enu2 (PKU) and corresponding WT mice, as 

previously described [17]. In brief, male and female PKU mice received 1 of 5 different LNAA 

supplemented diets beginning at postnatal day 45. Control groups included PKU mice 

receiving an isonitrogenic and isocaloric high-protein diet, and PKU and WT mice receiving 
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normal chow. After 6 weeks, brain and plasma amino acid profiles and brain monoaminergic 

neurotransmitter concentrations were measured. 

2.5. BIOCHEMICAL ANALYSIS 

Cerebrum and blood samples were processed for the analyses of brain and plasma amino acid 

and monoamine concentrations, as described previously [25]. Monoamines and related 

metabolites analysed in the brain included dopamine, norepinephrine, 3-methoxytyramine and 

normetanephrine in the catecholamine pathway, and serotonin and 5-hydroxyindoleacetic acid 
(5-HIAA) in the serotonergic pathway.
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3. RESULTS 

3.1. MODEL CONSTRUCTION 

We constructed a computational model that describes the transport of LNAA across the BBB 

and the metabolism of cerebral amino acid and monoamines in mice (Fig. 4.1). The mouse 

brain is experimentally more accessible than the human brain. Therefore, the detailed 

mechanism of PKU pathophysiology has mostly been studied in PKU mouse models that 

closely resemble the genetics, biochemistry, and neurobiology of human PKU [35]. The 

computational model consists of ordinary differential equations (ODEs) and is based on 

biochemical rate equations. It is focused on the transport and metabolism of phenylalanine, 

tyrosine, and tryptophan, but also includes the transport of other LNAA to fulfil the 

requirements for protein synthesis. We defined three compartments: 1) blood, with fixed amino 

acid concentrations; 2) the BBB, a cell layer with active protein synthesis, transport processes, 

and variable amino acid concentrations; and 3) brain, with active protein synthesis [9], 

transport reactions, monoamine metabolism, and variable metabolite concentrations. Fig. 4.1 

gives an overview of all enzymatic reactions and transport processes in the model.  

The primary LNAA transporter at the BBB is LAT1. LAT1 is a Na+- and pH-independent 

antiporter, which forms a heterodimeric complex with CD98 glycoprotein and exchanges one 

amino acid for another. According to the study by Napolitano et al., LAT1 binds the two amino 

acids on the opposite sides of the membrane in a random order [30]. In the model, the 

mechanism of LAT1 is described by random-order two-substrates two-products kinetics. This 

kinetic equation has been extended to account for competition between all LAT1 substrates 

(Eq. 1 and 2 in Text S4.1).  Since LAT1 is an antiporter, it does not lead to a net import of 

amino acids, but to an altered composition of the amino acid pool. In contrast, the so-called y+ 

system is a facilitated transporter, which catalyses the net transport of LNAA. This transporter 

shows the highest affinity towards cationic amino acids. However, it is inhibited by various 

LNAA [36]. Since no exact mechanism is known, reversible Michaelis-Menten kinetics with 

an equilibrium constant of 1 and competition between the various substrates was used (Eq. 3 

and 4 in Text S4.1). Finally, we included the Na+-dependent large neutral amino acid 

transporter (Na+-LNAA), which actively transports amino acids out of the brain. It transports 

a range of substrates similar to that of LAT1, but in contrast to LAT1, Na+-LNAA is only 

expressed on the abluminal side of the BBB. Together with the y+ system, Na+-LNAA controls 

the total LNAA content of the brain [37]. In our model, the Na+-LNAA kinetics are described 
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by an irreversible Michaelis-Menten equation with competition between the various substrates 

(Eq. 5 in Text S4.1). 

 

The transporter LAT1 is twice as abundant on the luminal (blood-cell) 
side than abluminal (cell-brain) side of the blood-brain-barrier, while the y+ transporter displays a 
reversed distribution. F – phenylalanine, Y – tyrosine, W – tryptophan, H- histidine, Q - glutamine, L 
– leucine, I -isoleucine, M – methionine, V – valine, T – threonine, 5-Hiaa – 5-Hydroxyindoleacetic 
acid. 

 

To account for the imbalance of cerebral monoamines, including neurotransmitters, in PKU 

patients, we included monoamine metabolism in the model (Fig. 4.1). It consists of two main 

branches: 1) tyrosine metabolism to L-dopa, dopamine (DA), norepinephrine (NE), 3-

methoxytyramine (3-MT), and normetanephrine (NMN); and 2) tryptophan metabolism to 4-

hydroxytryptophan (4-HTP), serotonin (HT) and 5-hydroxyindoleacetic acid (5-HIAA). The 

first step in both pathways is catalysed by an amino acid hydroxylase. Both tyrosine 

hydroxylase and tryptophan hydroxylase (TH and TPH2, respectively in Fig. 4.1) are inhibited 
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non-competitively and competitively by phenylalanine [38]. Since phenylalanine is not only 

an inhibitor but also a substrate for these enzymes, it can be converted at a low rate to tyrosine 

in the brain [39]. We modified the kinetic mechanism proposed by Ogawa and Ichinose [38] 

to include not only the role of phenylalanine, but also competitive inhibition by L-dopa [40], 

NE, and DA [41] for tyrosine hydroxylase, and by 4-HTP[42], L-dopa, and DA [43] for 

tryptophan hydroxylase (Eq. 6 and 7 in Text S4.1). Tetrahydrobiopterin was assumed to be 

available at a saturating concentration for both hydroxylases and therefore not included in the 

model. Subsequent metabolic steps were described by Michaelis-Menten kinetics, with 

substrate competition where applicable (see detailed description in Text S4.1).  

Lastly, brain-protein synthesis is affected both in PKU patients [9] and in PAH-deficient mouse 

models [15]. We included the synthesis of protein starting from the amino acids that were 

already in the model. Implicitly, we thereby assumed the other amino acids to be present in 

excess. The amino acid stoichiometry in protein synthesis was calculated from the mouse 

exome [44]. The affinity constants (Km values) used in the protein-biosynthesis equation reflect 

the affinity of each of the amino acids to its cognate tRNA-ligase. All parameters used in the 

model were taken from the literature. Where available, we prioritised murine data, as specified 

in Table S4.2 in Text S4.1. All enzyme rates were normalised per total mouse brain.  

Based on the above, we constructed a model of 26 variable metabolite concentrations, 105 

reactions, and 89 parameters. Model simulations predicted fluxes and metabolites both as 

functions of time and at steady state. Detailed information about the parameter values and their 

source can be found in the model description (Text S4.1). 

3.2. EXPERIMENTAL VALIDATION OF THE MODEL: THE EFFECT OF DISEASE 

AND DIET ON BRAIN AMINO ACIDS 
To better understand the relationship between plasma amino acids and brain biochemistry in 

PKU, we simulated the effect of different diets that were previously given to PKU mice [45]. 

The blood concentrations in the model were fixed, and set to the values measured in the specific 

mice groups (see Table S4.3 in Text S4.1). PAH, the defective enzyme in PKU, is a liver 

enzyme and not expressed in the brain. The PKU model is therefore distinguished from the WT 

model by the altered concentrations of amino acids in the blood compartment. Notably, blood 

phenylalanine is high and blood tyrosine low in PKU compared to WT mice on chow diet 
(Table S4.4). The other diets were supplemented with different combinations of LNAA’s. 
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Our model distinguishes between the BBB compartment (called CELL) and the brain itself 

(BR) (Fig. 4.1). The experimental data used for model optimisation and validation, however, 

had been obtained from total brain samples that included the BBB. Therefore, we calculated as 

model output a weighted average of the concentrations in the CELL and BR compartments, 

taking into account the difference in the volume of these two compartments (for details see 

Text S4.1). Furthermore, since the modelled and experimental data for brain concentrations 

had different units (µmol/g wet weight and µM, respectively), we compared only values 
relative to the WT in both experimental data, and model predictions.  

 

For the experimental data, each bar represents a mean (ns = 
16) with a standard error of the man. Significant differences between diets and normal chow PKU mice 
have been marked with *.  

The simulated data closely resembled the experimental data, based on low normalised 

difference scores. The most accurate predictions were obtained for glutamine, tyrosine and 

tryptophan (Fig. S4.1).   The model simulations correctly predicted that phenylalanine 

accumulated in PKU mice compared to WT, when both were kept on a non-supplemented chow 

diet (black bars in Fig. 4.2A). The accumulation of phenylalanine was larger in the model than 

in the experiment, which is also visible in its large relative difference score (Fig. S4.1). 
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However, the relative increase predicted by the model was within the values reported in the 

literature (Table 4.1). Furthermore, we observed a 17% decrease in the protein synthesis rate 

in the brain compartment and a 27% decrease in the BBB compartment in the PKU model 

compared to WT, in line with previously published data [15]  (Fig. S4.3).  

1 Relative (PKU/WT) 
values are shown. BTBR and C57BL/6 denominate the background mice strain, M and F are used to describe 
males and females, respectively.  

 

model 

van Vliet 
[25] 

Pascucci 
[46] 

Scherer  
.[47] 

Berguig  
.[48] Winn [49] 

BTBR BTBR C57BL/6 C57BL/6 C57BL/6 

M + F M M M M F 

Phenylalanine 806% 414% 469% 609% 684% 648% 954% 
Tyrosine 62% 66% 60%  69% 78% 103% 
Tryptophan 90% 69%   70% 70% 89% 
Dopamine 52% 85% 60%  75% 103% 78% 
Norepinephrine 50% 61% 50%  59%   
Serotonin 24% 46% 35% reduced 33% 57% 48% 
5-HIAA 24% 28%   reduced 11% 43% 33% 

 

Dietary supplementation of PKU mice with all LNAA (with or without threonine) reduced 

phenylalanine levels in the brain, similarly to what is seen in the experiment (light and dark 

blue versus black bars in Fig. 4.2A). Furthermore, this intervention restored the protein 

synthesis rate in the model to the WT levels (Fig. S4.3). This may suggest that the other LNAAs 

compete effectively with phenylalanine for transport by LAT1 and other transporters, both in 

the model and the experiment. We note, however, that the blood concentrations of 

phenylalanine were also lower in the LNAA supplemented groups (Table S4.4 and [25]). [25]). 

Supplementation of only tyrosine and tryptophan had no effect on brain phenylalanine, neither 

in the model nor in the experiment (yellow versus black bars in Fig. 4.2A). Experimentally, 

supplementation of leucine plus isoleucine reduced the phenylalanine concentration in the 

brain. This effect was attenuated in the model (orange bars, Fig. 4.2A). Previously, the strong 

impact of leucine and isoleucine was attributed to their high affinities for LAT1 [50]. We have 

implemented these affinities in the model. In line with this, supplementation of leucine and 

isoleucine increased their brain concentrations substantially (Fig. S4.2.). Apparently, however, 

their high affinities are not sufficient to explain their impact on brain phenylalanine in the 

experiments, suggesting that leucine and isoleucine act at least in part via another mechanism. 

Next, threonine supplementation has been hypothesised to decrease brain phenylalanine levels 

[51]. However, this effect was neither seen in experimental data nor in model simulations (red 
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bars, Fig. 4.2A). Finally, a high protein diet served as a positive control in which all amino 

acids are abundant. Experimental data, as well as model simulations, showed a further increase 
in the phenylalanine levels in PKU mice on a high protein diet (grey bars, Fig. 4.2A).  

Subsequently, the impact of the different diets on tryptophan and tyrosine in the brain was 

accurately predicted by the model (Fig. 4. 2B and C). In both model and experiment, tryptophan 

and tyrosine were most effectively increased by the addition of these amino acids to the diet, 

while selective supplementation of threonine or leucine plus isoleucine had no effect on the 

brain concentrations of tryptophan or tyrosine. The brain concentrations of the other amino 

acids are shown in Fig. S4.2. First, the concentration of glutamine did not change much on any 

of the experimental diets in either model or experiment (Fig. S4.2A). The model missed, 

however, the increased brain concentration of histidine (His) that was experimentally found in 

the PKU mice (Fig. S4.2B). The brain concentrations of leucine (Leu) and isoleucine (Ile) did 

not respond very strongly to either PKU or dietary supplementation of other amino acids. This 

was qualitatively reproduced by the model (Fig. S4.2C and D). However, the model predicted 

a much higher response of brain leucine and isoleucine to supplementation with these amino 

acids (Leu+Ile diet) than the experimental data suggests. Finally, the brain concentrations of 

methionine plus valine (MV) and threonine (Fig. S4.2E and F) showed similar profiles in the 

model simulations and the mouse experiment. Particularly, the threonine concentration 

increased strongly in the brain if supplemented in the diet, either with or without other LNAAs 

(dark blue and red bars in Fig. S4.2). Furthermore, it should be noted, that for all amino acids 

except glutamine and histidine we observed a correlation between plasma and brain levels of 

these amino acids, both in the experimental data and in the model predictions. 

3.3. EXPERIMENTAL VALIDATION OF THE MODEL: THE EFFECT OF DIET AND 

DISEASE ON NEUROTRANSMITTERS 
Subsequently, we compared the brain monoaminergic neurotransmitter levels between model 

and experiments. The computational model correctly predicted the decrease in both tryptophan- 

and tyrosine-derived neurotransmitter levels in PKU mice compared to the wild-type controls 

(Fig. 4.3, 4.4, and Table 4.1). In general, the decrease was stronger in the model than in the 

experiments, especially in the dopaminergic pathway (Fig. 4.4, and Table 4.1). The 

experimental data shows only a mild decrease in the dopamine levels, followed by a stronger 

response in the norepinephrine and normetanephrine levels, whilst no change was seen in the 

3-methoxytyramine levels. This is in contrast to our model predictions where all the 
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dopaminergic metabolites show the same decline in their levels in the PKU model compared 

with the WT (Fig. 4.4, and Table 4.1).  

 

 

 

For the experimental data, each bar represents a mean (ns = 16) with a standard error of the 
mean. Significant differences between diets and normal chow PKU mice have been marked with *.  

Subsequently, we analysed the response of the neurotransmitter concentrations to different 

diets. Qualitatively, the tryptophan-derived neurotransmitters showed the same dietary profiles 

in experiments and simulations, but in the simulations the response was attenuated compared 

to the experiments (Fig. 4.3 In both experiments and simulations serotonin and 5-

hydroxyindoleacetic acid levels were effectively increased by supplementation with LNAA 

plus threonine (Fig. 4.3). In the model, the LNAA diet with threonine increased these 

neurotransmitters slightly more than the LNAA diet without threonine. The difference was 

smaller, however than the experimental error. Interestingly, the LNAA diet with threonine 

reduced phenylalanine, which is an inhibitor of the serotonin pathway, but it hardly affected 
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the serotonin precursor tryptophan (Fig. 4.2). In contrast, the tyrosine plus tryptophan diet, 

which increased tryptophan but did not reduce phenylalanine (Fig. 4.2), had no effect on the 

serotonin and 5-hydroxyindoleacetic acid levels. This strengthens the hypothesis [25,49] that 

the serotonin pathway is more affected by phenylalanine inhibition than by availability of its 
precursor tryptophan.  

According to the model, the LNAA diet with threonine was the only diet with a strong 

stimulatory effect on the dopamine pathway (Fig. 4.4). The simulated tyrosine- plus 

tryptophan-enriched diet even decreased the levels of the dopaminergic metabolites slightly. 

This is, however, not seen in the experimental data, which showed a modest increase over 

Normal Chow (PKU) in brain dopamine and norepinephrine on the tyrosine- plus tryptophan-

enriched diet compared to normal chow. This suggests that we miss a mechanism in the model 

that buffers the dopaminergic neurotransmitter concentrations .    

 

 

For the 
experimental data, each bar represents a mean (ns = 16) with a standard error of the mean. Significant 
differences between diets and normal chow PKU mice have been marked with *.  
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3.4. BRAIN AMINO ACID, NEUROTRANSMITTER LEVELS, AND PROTEIN 

SYNTHESIS RATE ARE SENSITIVE TO THE BLOOD CONCENTRATIONS OF AMINO 

ACIDS 

, it is not feasible to assess the impact of each individual amino acid in the blood 

systematically. Since the model provided a fairly good representation of the  situation, 

we calculated the response coefficients (Fig. 4.5A) of the clinically relevant output variables 

towards changes in the concentrations of individual amino acids in the blood. A positive 

response coefficient means that an increase of the blood amino acid concentration increases 

the output variable, whereas a negative response coefficient would decrease it. 

 

Bars 
represent positive and negative response coefficients of brain phenylalanine, tyrosine, tryptophan, as 
well as dopamine, serotonin, and protein synthesis, to the changes in the blood amino acid 
concentrations.  

The response coefficients were qualitatively similar between WT and PKU model predictions 

(Fig. 4.5) as well as in the different diets (Fig. S4.5). However, in the PKU model, the dopamine 

and serotonin levels responded more sensitively to the changes in individual amino acid 

concentrations (cf. Fig. 4.5A and B). In the following, we will focus on the PKU model (Fig. 

4.5B).  
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Blood phenylalanine had by far the strongest impact on its own brain concentration as well as 

on that of the neurotransmitters. The brain tyrosine and tryptophan levels responded only 

weakly to blood phenylalanine. Surprisingly, these amino acid levels were even increased by 

increased blood phenylalanine (Fig 4.5 and Fig. S4.10). Furthermore, LAT1 reactions showed 

only a minor concentration control coefficient for brain AA levels (Fig. S4.11). This suggests 

that competition for LAT1 is not a dominant factor for these amino acids in the model. The 

sensitive response of the neurotransmitters, but not of their precursors, strengthens our 

hypothesis that their synthesis is mostly affected by phenylalanine inhibition, rather than by 

the lack of precursors, at least in the model. 

Supplementation of tyrosine or tryptophan had a positive impact on their own brain levels, as 

indicated by the relatively large, positive response coefficients. Neither had a strong effect on 

the phenylalanine concentration, confirming that the interaction between phenylalanine on the 

one hand and tyrosine and tryptophan on the other, was weak. Tryptophan had a positive impact 

on serotonin, albeit less than the negative effect of phenylalanine. In contrast, the precursor 

tyrosine had little effect on dopamine. Dopamine is overall less sensitive to blood amino acid 

levels than serotonin. This may explain why the impact of PKU on dopamine is less than on 

serotonin in the first place, both in experiments and model. A counterintuitive finding was the 

negative response of dopamine to plasma tyrosine concentration in the WT, caused by substrate 

inhibition of tyrosine hydroxylase by tyrosine (Fig. 4.5B and Fig. S4.6C). Tyrosine titration 

showed that this effect was not present in the PKU model since the latter operated at the point 
where substrate stimulation and substrate inhibition were just balanced (Fig. S4.6C).  

The other amino acids, notably threonine, histidine, leucine, and isoleucine, reduced the brain 

phenylalanine concentration. Individually they had a low response coefficient, but together 

they could have a substantial impact (Fig. 4.5B). They also impacted positively on dopamine 

and serotonin, presumably through alleviating the inhibition by phenylalanine. To test this 

hypothesis, we modelled the impact of doubling the plasma concentrations of threonine, 

histidine, leucine, and isoleucine (THLI perturbation) in the PKU normal chow diet. 

Furthermore, we tested scenarios where only one of these AAs was increased so that the sum 

of threonine, histidine, leucine, and isoleucine was the same as in the THLI perturbation. 

Similarly, we tested the effect of a proportional increase in all non-phenylalanine LNAAs. Last, 

we tested extension of THLI perturbation by additional supplementation of tyrosine and 

tryptophan to their WT normal chow plasma levels. As response coefficient analysis suggested, 

THLI perturbation was able to substantially decrease the brain phenylalanine levels more than 
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any of the amino acids alone (Fig. S4.12A).  However, the effect of THLI perturbation on brain 

levels of neurotransmitters was only minimal (Fig. S4.12J-O). Since leucine only diet showed 

the least improvement, we decided to test a scenario where only threonine, histidine, and 

isoleucine (THI perturbation) were added (maintaining the sum of threonine, histidine, leucine, 

and isoleucine equal to the one in THLI perturbation). With THI only supplementation we saw 

an even bigger decrease in phenylalanine levels as well as an increase in neurotransmitter levels 

(Fig S4.12A and J-O). Additional supplementation of tyrosine and tryptophan in both THLI 

and THI perturbations showed a further decrease in phenylalanine and an increase in 

neurotransmitter levels (Fig S4.12A and J-O).   

Furthermore, all amino acids are shown to stimulate protein synthesis in the brain with histidine 

and isoleucine having the biggest impact in the PKU model (Fig 4.5B). A drawback of 

supplementation of these amino acids, however, would be their negative impact on the brain 

concentrations of tyrosine and tryptophan, most likely through competition for LAT1. 

However, this may be alleviated by an increase in the tyrosine and tryptophan in the diet 

(Fig.S4.12). Interestingly, histidine-only perturbation showed that at high brain histidine 

concentrations, the weak inhibition of DBH enzyme by histidine could lead to a reduction of 

norepinephrine and normetanephrine levels while dopamine levels remain stable Fig. S4.12J-
M).    

3.5. INCREASE IN THE BLOOD PHENYLALANINE LEVELS ALONE DOES NOT 

DECREASE THE BRAIN TYROSINE AND TRYPTOPHAN LEVELS, BUT IT DOES INHIBIT 

THE SYNTHESIS OF NEUROTRANSMITTERS.  

In PKU mice, the blood concentrations of multiple amino acids were changed simultaneously 

compared to the WT. To disentangle the effect of the increased phenylalanine concentration 

from that of the other amino acids, we performed an  experiment. To this end, all blood 

amino acid concentrations were fixed at the levels measured in WT or PKU mice without 

dietary supplementation. Starting from these reference concentrations, the phenylalanine levels 

were varied between 100 and 3000 M (Fig. S4.7). Fig. 4.6 shows the scenarios in which blood 

phenylalanine levels were equal to those of the WT values (Phe 304, corresponding to 304 M) 

and PKU values (Phe 1803, corresponding to 1803 M). Brain phenylalanine accumulates in 

response to the change in the blood phenylalanine levels as expected (cf. WT Phe 304 to WT 

1803; or PKU Phe 304 to PKU 1803 in Fig. 4.6A). In contrast, brain phenylalanine did not 

respond to other amino acids that were altered in PKU (cf. WT Phe 304 to PKU Phe 304; or 
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WT Phe 1803 to PKU Phe 1803 in Fig. 4.6A). Tyrosine and tryptophan hardly responded to 

the change in phenylalanine but decreased in response to alterations of the other amino acids 
in PKU (cf. WT to PKU at either Phe concentration in Fig. 4.6A).  

 

WT or PKU indicate that all blood amino acid concentrations except those of phenylalanine were equal 
to those measured in WT or PKU, respectively. Phe 304 indicates that the WT phenylalanine 
concentration of 304 M was used, whereas Phe 1803 indicates that the PKU phenylalanine 
concentration of 1803 M was used. 

 

Phenylalanine Tyrosine Tryptophan Dopamine Serotonin
0.0

0.2

0.4

0.6

0.8

1

21

41

61

500

1000

Am
in

o
ac

id
co

nc
en

tra
tio

n
[u

M
]

WT WT

ef

Phenylalanine Tyrosine Tryptophan Dopamine Serotonin
0.000

0.005

0.010

0.015
1

51

101

Am
in

o
ac

id
co

nc
en

tra
tio

n
[u

m
ol

/g
w

et
w

ei
gh

t]

PKUWT

A

B



PKU – modelling cerebral AA and neurotransmitter metabolism

4

|   125   

The brain neurotransmitters decreased strongly in response to the increased blood 

phenylalanine levels (Fig. 4.6A and Fig. S4.7C and D). Even when the blood concentrations 

of tyrosine and tryptophan were doubled or quadrupled, the strong inhibition of dopamine and 

serotonin levels by phenylalanine synthesis persisted (Fig. S4.7-S4.9). Only when blood 

phenylalanine concentration was lowered to 750 M (Phe 750, halfway between WT and PKU 

values) the combined addition of tyrosine and tryptophan had a positive effect on serotonin, 
while dopamine levels were still lower than in the WT (Phe 750, Fig. S4.9).   
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4. DISCUSSION 

In this work, we present the first dynamic model that links the LNAA transport system through 

the BBB to the subsequent brain neurotransmitter metabolism (Fig. 4.1). In particular, we 

included extensive competition between the substrates of the LAT1 transporter across the BBB. 

The model was designed to understand and optimise how dietary treatment affects the brain 

biochemistry in PKU patients. 

Taking into account the large number and heterogeneity of the kinetic parameters (Table S4.2) 

the correspondence between model predictions and experimental data was remarkably good. 

Parameters were not fitted to the desired outcome but based on biochemical data of specific 

enzymes. Models of this type give insight in how complete our biochemical knowledge is to 

understand functional properties, such as the neurotransmitter levels [52,53]. Qualitatively, the 

model largely reproduced the impact of PKU and most of the dietary treatments on brain 

biochemistry (Figures 4.2-4.4, and Table 4.1). The most conspicuous exception was the leucine 

plus isoleucine diet, which reduced phenylalanine levels in experiments, but barely in the PKU 

model. The affinity of LAT1 for leucine and isoleucine in the model was high, in accordance 

with the biochemical data, and these amino acids readily crossed the blood-brain barrier. Yet, 

their calculated impact on phenylalanine uptake was limited. This discrepancy led us to 

conclude that leucine and isoleucine probably affect brain phenylalanine levels via another 

mechanism besides the simple competition for LAT1. So far, existing research on the metabolic 

role of branched-chain amino acids shows that leucine can stimulate protein synthesis and 

decrease protein breakdown [54,55]. Indeed, in our simulations, we saw a small increase in 

protein synthesis rate in leucine and isoleucine diet (Fig. S4.3). Since phenylalanine is more 

abundant than tyrosine and tryptophan in mouse protein [44], stimulation of protein synthesis 

could decrease free phenylalanine levels, without depleting the free tyrosine and tryptophan 

levels. However, the exact mechanisms behind leucine and isoleucine regulation of brain 

phenylalanine levels requires further research. Another qualitative discrepancy between model 

and experiment was the finding that the tyrosine plus tryptophan diet increased the 
neurotransmitter levels experimentally, but not in the model. 

Quantitatively, the calculated effect of PKU on most brain metabolites was larger than the 

measured effects. The fundamental reason why a quantitative agreement is beyond reach at this 

stage is the compartmentation of the brain. The available validation data are in µmol/g wet 

weight of the total brain, whereas the model predicts local concentrations in µmol/L. The model 



PKU – modelling cerebral AA and neurotransmitter metabolism

4

|   127   

already includes some compartmentation, specifically the blood compartment, the endothelial 

cells of the BBB, and the brain itself. To relate the model outcome to the validation dataset, a 

weighted average between the BBB and the brain compartment was made and an estimate of 

the cytosolic volume relative to the brain wet weight. Most likely, the uncertainty in this 

conversion is an important reason for the quantitative discrepancy. Naturally, uncertainties in 

the biochemical parameters may also play a role, taken into account that only few of the 

parameters were mouse-specific. However, not all of the parameters exert strong control on the 

brain concentrations of neurotransmitters and amino acids, and in general, we found the 

biochemical literature of high quality. Further progress could be made by bringing the 

experimental system closer to the model. Taslimifar et al. [26,31] proposed further 

compartmentation of their brain model into blood, endothelial cells, cerebral spinal fluid, and 

dopaminergic and serotonergic neurons. To validate such a model experimentally, novel organ-

on-chip technology holds great promise, particularly since different tissue- and or cell-type-

specific chips can be coupled functionally [56,57]. 

At this stage, the qualitative agreement between model and experiments already allows us to 

interrogate the model. For many mechanistic and clinical questions, it is sufficient to rank the 

impact of different interventions and to predict in which direction they could work. Given the 

complexity of the system, modelling can provide non-trivial answers. A particular advantage 

is that in a model the impact of individual amino acids in the blood can be investigated one by 

one, in contrast to the different diets which change multiple amino acid levels in the blood at 
the same time.  

Firstly, the model correctly predicted the altered brain levels of amino acids in PKU (Fig. 4.2). 

Notably, the phenylalanine concentration was increased, whereas tyrosine and tryptophan were 

decreased in the brain. The model suggests that the decrease of cerebral tyrosine and tryptophan 

is not primarily due to competition with the high phenylalanine concentration for the LAT1 

transporter. Rather, tyrosine and tryptophan were already decreased in the blood (Table S4.4).  

According to the model, this decrease of blood tyrosine and tryptophan was a prerequisite for 

the decrease of their cerebral concentrations (Fig. 4.6). The lower blood levels of tyrosine in 

PKU can be attributed to impaired production in the liver due to the phenylalanine hydroxylase 

deficiency. The lower tryptophan levels in the blood of PKU mice suggest alterations in the 

liver degradation rates, the intestinal uptake, altered microbiota composition or metabolism as 
previously discussed in human studies [58,59].  
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Second, the model reproduced the decline of brain neurotransmitter levels that was observed 

in PKU mice [17,48]. The fact that the dopamine pattern mimics that of tyrosine, while the 

serotonin pattern mimics that of tryptophan, may seem to suggest that neurotransmitter levels 

are controlled by precursor levels. However, the response coefficients (Fig. 4.5) show that this 

is incorrect: both serotonin and dopamine are strongly negatively controlled by blood 

phenylalanine, most likely via the strong negative inhibition of tyrosine and tryptophan 

hydroxylases by phenylalanine (Fig. 4.1). Separately varying phenylalanine and other amino 

acids in the blood, confirms that phenylalanine primarily controls the neurotransmitter levels 

(Fig. 4.6A). 

Third, the response coefficients showed that isoleucine, leucine, histidine, threonine, and 

tyrosine all contributed individually to a reduction of the phenylalanine levels and an increase 

of neurotransmitter levels in the brain of PKU mice (Fig. 4.5, Fig. S4.12). This is surprising 

since neither the leucine plus isoleucine nor the threonine diet affected brain phenylalanine and 

neurotransmitter levels in the model (Fig. 4.2). We should keep in mind, however, that the 

effect of individual amino acids that compete for LAT1 was very small compared to that of 

phenylalanine. When supplemented together, however, as in the complete LNAA diet, they 

have a strong impact (Fig. 4.2 and 4.3, Fig. S4.12).   

A final striking result was the weak, positive effect of blood phenylalanine on the brain 

concentrations of tyrosine and tryptophan. This was seen in the positive response coefficients 

of blood phenylalanine on tryptophan and tyrosine in PKU (Fig. 4.5B) as well as when the 

impact of elevated phenylalanine in PKU was simulated without the concomitant decrease of 

the other amino acids (Fig. 4.6A). The effect can be explained from the fact that LAT1 is an 

antiporter: phenylalanine does not only compete for LAT1 at the blood side but also serves as 

a counter-metabolite at the brain side as seen in the increased rates of tyrosine and tryptophan 

transport to the brain with an increase of phenylalanine (Fig. S4.10). The inverse effect was 

not observed: when tryptophan or tyrosine were increased separately, their negative effect 
through competition for LAT1 dominated the uptake of phenylalanine (Fig. 4.5B).  

What do these results mean for a clinical application of the LNAA diet? To answer this 

question, we must emphasise that we did not simulate the altered diets per se, but rather the 

impact of altered blood concentrations of amino acids on the brain. For a more complete insight 

into the impact of diets, we should also include intestinal uptake and passage through the liver. 
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Nevertheless, the model may help to pinpoint blood amino acids that are important to monitor 

and optimise in LNAA treatment.  

Modelling confirmed that reduction of phenylalanine remains clinically important, not only to 

avoid direct phenylalanine toxicity in the brain but also to reduce the inhibition of tyrosine and 

tryptophan hydroxylases by phenylalanine. Furthermore, we gave a theoretical underpinning 

of the LNAA diet: even though each individual amino acid had a small effect on brain 

phenylalanine, together they had a strong impact. Based on our results we propose to focus 

mainly on the threonine, histidine, isoleucine, tyrosine and tryptophan, in order to formulate 

an optimised amino acid cocktail, since their combined effect on reduction of brain 

phenylalanine was predicted to be additive (Fig. 4.5 and S4.12). Furthermore, additional amino 

acids may be supplemented in the cocktail based on the protein synthesis requirement. Finally, 

to further optimise the neurotransmitter levels, we found that the precursor tryptophan had a 

positive impact on serotonin levels. In contrast, tyrosine did not increase the dopamine levels  

(Fig. 4.5). In the wild-type context, tyrosine even affected the dopamine levels negatively, due 

to substrate inhibition of tyrosine hydroxylase (Fig. S4.6). Thus, it is important to monitor blood 
tyrosine levels during dietary treatment.   

In conclusion, this first detailed, dynamic model of the LNAA transport and subsequent brain 

neurotransmitter metabolism gives a good, albeit qualitative description of the impact of 

dietary treatment of PKU mice. In the future, it may be optimised towards the human patient 

situation. This can be readily done by changing the model parameters to be human-specific 

since the biochemical architecture of the network is the same between mice and man. 

Moreover, its generic nature makes it applicable to other diseases in which the balance of amino 

acids and neurotransmitters is affected, such as Alzheimer’s [60] or Parkinson’s Disease [61]. 
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SUPPLEMENTARY INFORMATION 

S4. Heatmap 
shows normalised difference scores between the model prediction for a specific amino acid value 
relative to WT, and its experimental value relative to WT, for each diet.  

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟  𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑟𝑟𝑟𝑟  𝑟𝑟𝑟𝑟𝑑𝑑𝑑𝑑𝑁𝑁𝑁𝑁𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑛𝑛𝑛𝑛 ,𝑚𝑚𝑚𝑚 = (|𝑑𝑑𝑑𝑑𝑁𝑁𝑁𝑁𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 .𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑠𝑠𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑠𝑠𝑠𝑠𝑟𝑟𝑟𝑟𝑁𝑁𝑁𝑁𝑑𝑑𝑑𝑑𝑛𝑛𝑛𝑛 ,𝑚𝑚𝑚𝑚 − 𝑑𝑑𝑑𝑑𝑁𝑁𝑁𝑁𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 . 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑠𝑠𝑠𝑠𝑟𝑟𝑟𝑟𝑛𝑛𝑛𝑛 ,𝑚𝑚𝑚𝑚|)  ∙ 𝑑𝑑𝑑𝑑𝑁𝑁𝑁𝑁𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 . 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑠𝑠𝑠𝑠𝑟𝑟𝑟𝑟𝑛𝑛𝑛𝑛 ,𝑚𝑚𝑚𝑚
−1  , where n 

= specific amino acid, m = specific diet. If normalised difference score = 0 data and simulation are identical. 
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S4.2.  
 For the experimental data, each bar represents a 

mean (ns = 16) with a standard error of the mean. 
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S4.3.  
 

 

 

 

S4.  Top 15 
parameters with the most control over the amino acids and neurotransmitters concentrations in WT mice 
are shown.  
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Figure S4.
Bars represent positive and 

negative response coefficients of brain Phe, Tyr, Trp, as well as dopamine, serotonin, and protein 
synthesis in the brain (protSyn_B), to the changes in the blood amino acid concentrations. Each graph 
represents response coefficients calculated based on different dietary conditions as starting points. 
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S4.
All other amino acid concentrations were fixed at 

the levels measured in WT or untreated PKU mice, respectively. The arrows indicate the blood 
concentrations of tyrosine and tryptophan in WT and PKU mice.
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S4.
All other amino acid concentrations were 

fixed at the levels measured in WT or PKU mice, respectively. The arrows indicate the blood 
concentrations of tyrosine and tryptophan in WT and PKU mice.
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S4.
All other amino acid concentrations were fixed 

at the levels measured in WT or PKU mice, respectively. The arrows indicate the blood concentrations 
of tyrosine and tryptophan in WT and PKU mice.
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S4.
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Concentration 
control coefficients for reactions of transporters have been summarised. 
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12

All non_Phe – non-Phe LNAA; THLI – threonine, histidine, leucine, 
isoleucine; THLI + wt(WY) – THLI with wild type levels of tyrosine and tryptophan; THI -threonine, 
histidine, isoleucine; THI + wt(WY) – THI with wild type levels of tyrosine and tryptophan



PKU – modelling cerebral AA and neurotransmitter metabolism

4

|   145   

Text S4.1. Model description

1 Glossary

Table S1. Glossary of all abbreviations used in the text
Abbreviation Full name

3-Mt, Mt 3-methoxytyramine
5-Hiaa, Hiaa 5-Hydroxyindoleacetic acid
5-Htp, Htp 5-Hydroxytryptophan
AA Amino acid
AADC Aromatic L-amino acid decarboxylase
COMT Catechol-O-methyltransferase
Da Dopamine
DBH Dopamine beta-hydroxylase
F, Phe Phenylalanine
H, His Histidine
Ht Serotonin
I, Ile Isoleucine
Keq Equilibrium constant
Ki Inhibitory (dissociation) constant
Kic Inhibitory (dissociation) constant, competitive inhibitor
Kinc Inhibitory (dissociation) constant, non-competitive inhibitor
Kis Inhibitory (dissociation) constant of a substrate
Km The Michaelis-Menten constant
L, Leu Leucine
L-dopa L-3,4-dihydroxyphenylalanine
LAT1 Large neutral amino acid transporter 1
LNAA-Na+ Na+-dependent large neutral amino acid transporter
MAO Monoamine oxidase
MV Total pool of methionine and valine
Ne Norepinephrine
Nmn Normetanephrine
Q, Gln Glutamine
sc Stoichiometric coefficient
sf Specificity factor
T, Thr Threonine
TPH2 Tryptophan monooxygenase 2
TH Tyrosine 3-monooxygenase
v Net rate of the reaction
V Maximum velocity of an enzyme
W, Trp Tryptophan
Y, Tyr Tyrosine
y+ Cationic amino acid transporter, y+ system

2 Kinetic rate equations

In our model, the majority of enzymes catalyze the conversion of multiple substrates (see Fig.1). However,
each enzyme is characterized by its unique rate equation, with variable, substrate-specific(indicated by the
subscript), rats v. Furthermore, LAT1 and y+ transporters are present on both sides of the blood-brain-barrier
at different concentrations. To address this, we use L for the luminal side (’blood’) and A for the abluminal
side (’brain’) in the rate equations. In the abbreviations CELL indicates metabolites in the endothelial cell
compartment (blood-brain barrier), BR indicates brain concentrations, and BL indicates blood concentrations.
Additionally, abbreviation AA is used for a general amino acid, and MV for a combined pool of methionine (Met,
M) and valine (Val, V) to simplify the equation nomenclature. Most of the equations used in the model are of
(ir)reversible Michaelis-Menten type. Exceptions to this rule are the rate equations for the transporter LAT1,
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and two hydroxylases: TH and TPH2.
The model for LAT1 transporter follows the ping-pong bi-bi kinetics. It is known, that for each amino acid, LAT
1 transporter displays different maximum velocity (specificity factor sfAA). Therefore a mean of sf factors was
used for each exchange reaction. Additionally, LAT1 is known to have 2 x higher abundance on the luminal side
sflatL of the blood-brain-barrier than on the abluminal side sflatA, which was reflected in the rate equation.
Tyrosine and tryptophan hydroxylases are known to follow non-reversible Michaelis-Menten kinetics with
substrate [1] and product inhibition.
The unit for the rates in the model description is µmol · min−1 · mouse−1. The rate equations for the sink
reactions, consumption of the end products 3-Mt, Nmn, and 5-Hiaa, were constructed so that the sink reactions
do not control the flux.

vlat1L(AA1)(AA2) =
VLAT1 · sflatL · sfAA1+sfAA2

2 · (AA1BL[t]·AA2CELL[t]
KmAA1·KmAA2

− AA1CELL[t]·AA2BL[t]
KmAA1·KmAA2·Keq

)

subUnit1 · subUnit2

where:

AA→Phe,Tyr,Trp,His,Ile,Leu,Thr,Gln,MV

subUnit1 = 1+
AA1BL[t]

KmAA1
+

AA2BL[t]

KmAA2
+

AA3BL[t]

KmAA3
+

AA4BL[t]

KmAA4
+

AA5BL[t]

KmAA5
+

AA6BL[t]

KmAA6
+

AA7BL[t]

KmAA7
+

AA8BL[t]

KmAA8

+
AA9BL[t]

KmAA9

subUnit2 = 1+
AA1CELL[t]

KmAA1
+

AA2CELL[t]

KmAA2
+

AA3CELL[t]

KmAA3
+

AA4CELL[t]

KmAA4
+

AA5CELL[t]

KmAA5

AA6CELL[t]

KmAA6[t]
+

AA7CELL[t]

KmAA7

+
AA8CELL[t]

KmAA8
+

AA9CELL[t]

KmAA9

(1)

vlat1A(AA1)(AA2) =
VLAT1 · sflatA · sfAA1+sfAA2

2 · (AA1CELL[t]·AA2BR[t]
KmAA1·KmAA2

− AA1BR[t]·AA2CELL[t]
KmAA1·KmAA2·Keq

)

subUnit1 · subUnit2

where:

AA→Phe,Tyr,Trp,His,Ile,Leu,Thr,Gln,MV

subUnit1 = 1+
AA1CELL[t]

KmAA1
+

AA2CELL[t]

KmAA2
+

AA3CELL[t]

KmAA3
+

AA4CELL[t]

KmAA4
+

AA5CELL[t]

KmAA5
+

AA6CELL[t]

KmAA6

+
AA7CELL[t]

KmAA7
+

AA8CELL[t]

KmAA8
+

AA9CELL[t]

KmAA9

subUnit2 = 1+
AA1BR[t]

KmAA1
+

AA2BR[t]

KmAA2
+

AA3BR[t]

KmAA3
+

AA4BR[t]

KmAA4
+

AA5BR[t]

KmAA5

AA6BR[t]

KmAA6
+

AA7BR[t]

KmAA7
+

AA8BR[t]

KmAA8

+
AA9BR[t]

KmAA9

(2)

vyL(AA1) =
V y · sfyL · ( AA1BL

KmAA1
− AA1CELL

KmAA1·Keq )

(1 + AA2BL+AA2CELL

KmAA1
+ AA1BL+AA1CELL

KmAA2
+ AA3BL+AA3CELL

KmAA3
+ AA4BL+AA4CELL

KmAA4
+ A5BL+AA5CELL

KmAA5
)

where:

AA→Phe,His,Thr,Gln,MV

Keq = 1

(3)

vyA(AA1) =
V y · sfyA · (AA1CELL

KmAA1
− AA1BR

KmAA1·Keq )

(1 + AA2CELL+AA2BR

KmAA1
+ AA1CELL+AA1BR

KmAA2
+ AA3CELL+AA3BR

KmAA3
+ AA4CELL+AA4BR

KmAA4
+ A5CELL+AA5BR

KmAA5
)

where:

AA→Phe,His,Thr,Gln,MV

Keq = 1

(4)

vlnaa(AA1) =
Vlnaa · AA1BR[t]

KmAA1

1 + AA1BR[t]
KmAA1

+ AA2BR[t]
KmAA2

+ AA3BR[t]
KmAA3

+ AA4BR[t]
KmAA4

+ AA5BR[t]
KmAA5

+ AA6BR[t]
KmAA6

+ AA7BR[t]
KmAA7

+ AA8BR[t]
KmAA8

where:

AA→Phe,Tyr,Trp,His,Ile,Leu,Gln,MV

(5)
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vTH(Tyr) =
VTH · TyrBR[t]

KmTyr

Den

where:

Den = 1+
PheBR[t]

KmPhe
+

NeBR[t]

KmNe
+

lDopaBR[t]

KmlDopa
+

DaBR[t]

KmDa
+TyrBR·

1+
PheBR[t]
KincPhe

KmTyr

+TyrBR[t]2·
1+

PheBR[t]
KmPhe

+
NeBR[t]
KmNe

+
lDopaBR[t]
KmlDopa

+
DaBR[t]
KmDa

KmTyr·KisTyr

(6)

vTH(Phe) =
VTH · PheBR[t]

KmPhe

Den

where:

Den = 1+
TyrBR[t]

KmTyr
+

NeBR[t]

KmNe
+

lDopaBR[t]

KmlDopa
+

DaBR[t]

KmDa
+PheBR·

1+
PheBR[t]
KincPhe

KmPhe

+PheBR[t]2·
1+

TyrBR[t]
KmTyr

+
NeBR[t]
KmNe

+
lDopaBR[t]
KmlDopa

+
DaBR[t]
KmDa

KmPhe·KisPhe

(7)

vTPH(Trp) =
VTPH · TrpBR[t]

KmTrp

Den

where:

Den = 1+
PheBR[t]

KmPhe
+

HtpBR[t]

KmHtp
+

lDopaBR[t]

KmlDopa
+

DaBR[t]

KmDa
+TrpBR·

1+
PheBR[t]
KincPhe

KmTrp

+TrpBR[t]2·
1+

PheBR[t]
KmPhe

+
HtpBR[t]
KmHtp

+
lDopaBR[t]
KmlDopa

+
DaBR[t]
KmDa

KmTrp·KisTrp

(8)

vTPH(Phe) =
VTPH · PheBR[t]

KmPhe

Den

where:

Den = 1+
TrpBR[t]

KmTrp
+

HtpBR[t]

KmHtp
+

lDopaBR[t]

KmlDopa
+

DaBR[t]

KmDa
+PheBR·

1+
PheBR[t]
KincPhe

KmPhe

+PheBR[t]2·
1+

TrpBR[t]
KmTrp

+
HtpBR[t]
KmHtp

+
lDopaBR[t]
KmlDopa

+
DaBR[t]
KmDa

KmPhe·KisPhe

(9)

vAADC(s) (s→lDopa|Htp) =
VAADC · sfs · S1[t]

KmS1

1 + S1[t]
KmS1

+ S2[t]
KmS2

(10)

vCOMT (s) (s→Da|Ne) =
VCOMT · S1[t]

KmS1

1 + S1[t]
KmS1

+ S2[t]
KmS2

(11)

vDBH =
VDBH · Da[t]

KmDa

1 + DaBR[t]
KmDa

+ NeBR[t]
KmNe

+ HisBR[t]
KmHis

(12)

vMAO =
VMAO · Ht[t]

KmHt

1 + Ht[t]
KmHt

(13)
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sinkS (S→3−Mt,Nmn,5−Hiaa) = KsS · S[t]

KmS

(14)

protSynB = Ksprot ·
AA1BR

AA1BR +KmAA1
· AA2BR

AA2BR +KmAA2
· AA3BR

AA3BR +KmAA3
· AA4BR

AA4BR +KmAA4
·

AA5BR

AA5BR +KmAA5
· AA6BR

AA6BR +KmAA6
· AA7BR

AA7BR +KmAA7
· AA8BR

AA8BR +KmAA8
·

AA9BR

AA9BR +KmAA9

where:

AA→Phe,Tyr,Trp,His,Ile,Leu,Thr,Gln,MV

(15)

protSynC = Ksprot ·
AA1CELL

AA1CELL +KmAA1
· AA2CELL

AA2BR +KmAA2
· AA3CELL

AA3v +KmAA3
· AA4CELL

AA4CELL +KmAA4
·

AA5CELL

AA5CELL +KmAA5
· AA6CELL

AA6v +KmAA6
· AA7CELL

AA7CELL +KmAA7
· AA8CELL

AA8CELL +KmAA8
·

AA9CELL

AA9CELL +KmAA9

where:

AA→Phe,Tyr,Trp,His,Ile,Leu,Thr,Gln,MV

(16)

3 Ordinary differential equations

Based on the reaction scheme in Figure 1, a set of 26 ordinary differential equations was created. As seen in
the Fig.1, many enzymes/transporters have broad substrate specificity, and many substrates can be converted
by different enzymes/transporters. Furthermore, some transporters are localized in two different membranes,
luminal (L) and abluminal(A). For instance, vlat1LPheTyr is the net rate of the luminal (L) transport of the
Phe (phenylalanine) from the blood to the cell compartment, in exchange for the Tyr (tyrosine) which is
transported by the LAT1 transporter in the opposite direction. In the abbreviations CELL indicates endothelial
cell metabolite pool (blood-brain barrier), BR indicates total brain metabolite pool.

dPheCELL · VCELL

dt
= vlat1LPheTyr + vlat1LPheTrp + vlat1LPheHis + vlat1LPheGln + vlat1LPheIle

+ vlat1LPheLeu + vlat1LPheThr + vlat1LPheMV + vlnaaPhe + vyLPhe

− vlat1APheTyr − vlat1APheTrp − vlat1APheHis − vlat1APheGln − vlat1APheIle

− vlat1APheLeu − vlat1APheThr − vlat1APheMV − vyAPhe − scPhe · vProtSynC

(17)

dTyrCELL · VCELL

dt
= vlat1APheTyr + vlat1LTyrTrp + vlat1LTyrHis + vlat1LTyrGln + vlat1LTyrIle

+ vlat1LTyrLeu + vlat1LTyrThr + vlat1LTyrMV + vlnaaTyr − vlat1LPheTyr

− vlat1ATyrTrp − vlat1ATyrHis − vlat1ATyrGln − vlat1ATyrIle − vlat1ATyrLeu

− vlat1ATyrThr − vlat1ATyrMV − scTyr · vProtSynC

(18)

dTrpCELL · VCELL

dt
= vlat1LTrpHis + vlat1LTrpGln + vlat1LTrpIle + vlat1LTrpLeu + vlat1LTrpThr

+ vlat1LTrpMV + vlat1APheTrp + vlat1ATyrTrp + vlnaaTrp − vlat1LPheTrp

− vlat1LTyrTrp − vlat1ATrpHis − vlat1ATrpGln − vlat1ATrpIle − vlat1ATrpLeu

− vlat1ATrpThr − vlat1ATrpMV − scTrp · vProtSynC

(19)
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dHisCELL · VCELL

dt
= vlat1LHisGln + vlat1LHisIle + vlat1LHisLeu + vlat1LHisThr + vlat1LHisMV

+ vlat1APheHis + vlat1ATyrHis + vlat1ATrpHis + vlnaaHis + vyLHis

− vlat1LPheHis − vlat1LTyrHis − vlat1LTrpHis − vlat1AHisGln − vlat1AHisIle

− vlat1AHisLeu − vlat1AHisThr − vlat1AHisMV − vyAHis − scHis · vProtSynC

(20)

dIleCELL · VCELL

dt
= vlat1LIleLeu + vlat1LIleThr + vlat1LIleMV + vlat1APheIle + vlat1ATyrIle

+ vlat1ATrpIle + vlat1AHisIle + vlat1AGlnIle + vlnaaIle − vlat1LPheIle

− vlat1LTyrIle − vlat1LTrpIle − vlat1LHisIle − vlat1LGlnIle − vlat1AIleLeu

− vlat1AIleThr − vlat1AIleMV − scIle · vProtSynC

(21)

dLeuCELL · VCELL

dt
= vlat1LLeuThr + vlat1LLeuMV + vlat1APheLeu + vlat1ATyrLeu + vlat1ATrpLeu

+ vlat1AHisLeu + vlat1AGlnLeu + vlat1AIleLeu + vlnaaLeu − vlat1LPheLeu

− vlat1LTyrLeu − vlat1LTrpLeu − vlat1LHisLeu − vlat1LGlnLeu − vlat1LIleLeu

− vlat1ALeuThr − vlat1ALeuMV − scLeu · vProtSynC

(22)

dThrCELL · VCELL

dt
= vlat1LThrMV + vlat1APheThr + vlat1ATyrThr + vlat1ATrpThr + vlat1AHisThr

+ vlat1AGlnThr + vlat1AIleThr + vlat1ALeuThr + vlnaaThr + vyLThr

− vlat1LPheThr − vlat1LTyrThr − vlat1LTrpThr − vlat1LHisThr − vlat1LGlnThr

− vlat1LIleThr − vlat1LLeuThr − vlat1AThrMV − vyAThr − scThr · vProtSynC

(23)

dGlnCELL · VCELL

dt
= vlat1LGlnIle + vlat1LGlnLeu + vlat1LGlnThr + vlat1LGlnMV + vlat1APheGln

+ vlat1ATyrGln + vlat1ATrpGln + vlat1AHisGln + vyLGln

− vlat1LPheGln − vlat1LTyrGln − vlat1LTrpGln − vlat1LHisGln − vlat1AGlnIle

− vlat1AGlnLeu − vlat1AGlnThr − vlat1AGlnMV − vyAGln − scGln · vProtSynC

(24)

dMVCELL · VCELL

dt
= vlat1APheMV + vlat1ATyrMV + vlat1ATrpMV + vlat1AHisMV + vlat1AGlnMV

+ vlat1AIleMV + vlat1ALeuMV + vlat1AThrMV + vlnaaMV + vyLMV

− vlat1LPheMV − vlat1LTyrMV − vlat1LTrpMV − vlat1LHisMV − vlat1LGlnMV

− vlat1LIleMV − vlat1LLeuMV − vlat1LThrMV − vyAMV − scMV · vProtSynC

(25)

dPheBR · VBR

dt
= vlat1APheTyr + vlat1APheTrp + vlat1APheHis + vlat1APheGln + vlat1APheIle

+ vlat1APheLeu + vlat1APheThr + vlat1APheMV + vyAPhe − vlnaaPhe

− vTHPhe − vTPHPhe − scPhe · vProtSynB

(26)

dTyrBR · VBR

dt
= vlat1ATyrTrp + vlat1ATyrHis + vlat1ATyrGln + vlat1ATyrIle + vlat1ATyrLeu

+ vlat1ATyrThr + vlat1ATyrMV + vTPHPhe − vlat1APheTyr

− vlnaaTyr − vTHTyr − scTyr · vProtSyn

(27)

dTrpBR · VBR

dt
= vlat1ATrpHis + vlat1ATrpGln + vlat1ATrpIle + vlat1ATrpLeu + vlat1ATrpThr

+ vlat1ATrpMV − vlat1APheTrp − vlat1ATyrTrp − vlnaaTrp − vTPHTrp

− scTrp · vProtSyn

(28)
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dHisBR · VBR

dt
= vlat1AHisGln + vlat1AHisIle + vlat1AHisLeu + vlat1AHisThr + vlat1AHisMV

+ vyAHis − vlat1APheHis − vlat1ATyrHis − vlat1ATrpHis − vlnaaHis

− scHis · vProtSyn

(29)

dIleBR · VBR

dt
= vlat1AIleLeu + vlat1AIleThr + vlat1AIleMV − vlat1APheIle − vlat1ATyrIle

− vlat1ATrpIle − vlat1AHisIle − vlat1AGlnIle − vlnaaIle

− scIle · vProtSyn

(30)

dLeuBR · VBR

dt
= vlat1ALeuThr + vlat1ALeuMV − vlat1APheLeu − vlat1ATyrLeu − vlat1ATrpLeu

− vlat1AHisLeu − vlat1AGlnLeu − vlat1AIleLeu − vlnaaLeu

− scLeu · vProtSyn

(31)

dThrBR · VBRAIN

dt
= vlat1AThrMV + vyAThr − vlat1APheThr − vlat1ATyrThr − vlat1ATrpThr

− vlat1AHisThr − vlat1AGlnThr − vlat1AIleThr − vlat1ALeuThr − vlnaaThr

− scThr · vProtSyn

(32)

dGlnBR · VBR

dt
= vlat1AGlnIle + vlat1AGlnLeu + vlat1AGlnThr + vlat1AGlnMV + vyAGln

− vlat1APheGln − vlat1ATyrGln − vlat1ATrpGln − vlat1AHisGln

− scGln · vProtSyn

(33)

dMVBR · VBR

dt
= vyAMV − vlat1APheMV − vlat1ATyrMV − vlat1ATrpMV − vlat1AHisMV

− vlat1AGlnMV − vlat1AIleMV − vlat1ALeuMV − vlat1AThrMV − vlnaaMV

− scMV · vProtSyn

(34)

dHtp · VBR

dt
= vTPHTrp − vAADChtp (35)

dHt · VBR

dt
= vAADChtp − vMAO (36)

dHiaa · VBR

dt
= vMAO − sinkHiaa (37)

dlDopa · VBR

dt
= vTHTyr + vTHPhe − vAADCdopa (38)

dDa · VBR

dt
= vAADCdopa − vDBH − vCOMTda (39)

dMt · VBR

dt
= vCOMTda − sink3Mt (40)

dNe · VBR

dt
= vDBH − vCOMTne (41)

dNmn · VBR

dt
= vCOMTne − sinkNmn (42)
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4 Simulations of diets - model validation

Parameters used in the model are summarized in Table S2. For the y+ and LAT1 transporters, the equilibrium
constants were assumed to be 1, as these are not driven by any external Gibbs-energy input. All maximum
enzyme velocities from the literature were normalized to the total brain protein content (47.5 g prot · brain−1),
taking into account different expression levels of each enzyme in the brain where needed. To this end, we
calculated weighted means of transcript levels for each enzyme based on the differential expression levels in the
mouse brain and then normalized them to LAT1 (see Table S3).

Table S2. Kinetic parameters.

Parameter Value Reference

LAT1 transporter
VLAT1 1.9665 µmol · min−1· mouse−1 original value: 6.9 · 10−4µmol · s−1· g

prot−1, rat brain perfusion [2]
sfPhe 1 [2]
sfTyr 2.341 [2]
sfTrp 0.854 [2]
sfHis 1.488 [2]
sfGln 1.049 [2]
sfIle 1.463 [2]
sfLeu 1.439 [2]
sfThr 0.415 [2]
sfMV 1.042 [2]
sfLatL 2

2x higher expression on the luminal site [3]
sfLatA 1
Keq 1
KmPhe 11 µM [2]
KmTyr 64 µM [2]
KmTrp 15 µM [2]
KmHis 100 µM [2]
KmGln 880 µM [2]
KmIle 56 µM [2]
KmLeu 29 µM [2]
KmThr 220 µM [2]
KmMV 165.59 µM weighted average for methionine and valine

[2] (based on their abundance in the brain
in WT mice)

y+ transporter
Vy 0.06175 µmol · min−1· mouse−1 original value: 1.3 nmol · min−1· mg

prot.−1, bovine [4]
sfyL 1 2x higher expression on the abluminal

site [3]sfyA 2
Keq 1
KmPhe 590 µM [4]
KmHis 630 µM [4]
KmGln 620 µM [4]
KmThr 670 µM [4]
KmMV 687 µM [4]
LNAA-Na+ transporter
VLNAA 0.005415 µmol · min−1· mouse−1 original value:114 pmol · min−1· mg prot−1,

bovine [5], normalized to LAT1
KmLeu 21 µM [5]
KmPhe 26.11 µM

rough estimates based on the reported
changes in the apparent Vmax due to the
substrate competition [5]

KmTyr 25.87 µM
KmTrp 24.33 µM
KmHis 30.57 µM
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Table S2. Kinetic parameters (continued).
Parameter Value Reference

KmIle 21.32 µM
KmThr 30.91 µM
KmMV 27.00 µM
TH
VTH 0.001425 µmol · min−1· mouse−1 original value: 30 pmol · min−1· mg prot−1,

rat brain extract [6]
KmTyr 17 µM [1]
KisTyr 227 µM [1]
KmPhe 103 µM [1]
KincPhe 736 µM [1]
KisPhe 1375.3529 µM unknown, value based on the KmTyr/KisTyr

ratio from [1]
KisNe 280 µM [7]
KisDa 600 µM [7]
KislDopa 56 µM [8]
TPH2
VTPH 0.00115 µmol · min−1· mouse−1 original value: 0.0242 nmol · min−1· mg

prot−1, rat brain extract [9], normalized to
LAT1

KmTrp 13.2 µM [1]
KisTrp 1030 µM [1]
KmPhe 72.7 µM [1]
KincPhe 257 µM [1]
KisPhe 5672.8030 µM unknown, value based on the KmTrp/KisTrp

ratio from [1]
KisHtp 35 µM [10]
KisDa 94 µM [11]
KislDopa 17 µM [11]
AADC
VAADC 0.4926 µmol · min−1· mouse−1 original value: 10.37 nmol · min−1· mg

prot−1, human [12], normalized to LAT1
SflDopa 1 µM Vmax for l-Dopa is 23 times higher than

for serotonin [13]SfHtp 0.0435 µM
KmlDopa 70 µM human, [14]
KmHtp 47 µM human, [15]
DBH
VDBH 0.8102 µmol · min−1· mouse−1 original value: 1.5 µmol ·min−1·mg prot−1,

Rat [16], normalized to LAT1
Keq 1 · 106 µM arbitrary number, reaction is virtually ir-

reversible, however product does slightly
inhibit the enzyme

KmDa 200 µM Gallus gallus [17]
KmNe 5000 µM Gallus gallus [17]
KiHis 410 µM reported in BRENDA database after [18]
MAO
VMAO 0.0605 µmol · min−1· mouse−1 original value: 0.00316 µmol · min−1· mg

prot−1, Rat [19], normalized to LAT1
KmHt 99 µM Rat [20]
COMT
VCOMT 0.0321 µmol · min−1· mouse−1 original value: 1.4 nmol ·min−1·mg prot−1,

rat liver extract [21], normalized to LAT1
KmDa 3.3 µM human [22]
KmNe 5.28 µM human, based on the ratio of KmNe/KmDa

in recombinant Sf9 cells, and KmDa in hu-
man brain [22]
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Table S2. Kinetic parameters (continued).
Parameter Value Reference

protSyn
VprotSyn 0.265278 µmol · min−1· mouse−1 average rate based on the regional rates of

cerbral Leu incorporation [?]
KmPhe 2.6 µM human [23]
KmTyr 34 µM human [24]
KmTrp 7.4 µM human [25]
KmHis 30 µM E.coli [26]
KmGln 114 µM E.coli [27]
KmIle 52 µM E.coli [28]
KmLeu 45.6 µM human [29]
KmThr 110 µM E.coli [30]
KmMV 7.87877 µM Met: human [31], Val: E.coli [32]
scPhe 0.039

protein composition based on the codon
usage [33]

scTyr 0.029
scTrp 0.012
scHis 0.026
scGln 0.046
scIle 0.045
scLeu 0.105
scThr 0.055
scMV 0.053

Sinks
KsHiaa 30 µmol · min−1· mouse−1

arbitrary values estimated to not display
any metabolic control over the system

KmHiaa 49 µM
Ks3−Mt 10 µmol · min−1· mouse−1

Km3−Mt 50 µM
KsNmn 5 µmol · min−1· mouse−1

KmNmn 48 µM
Volumes
VBL 0.00126 l · mouse−1 own data
VCELL 7.47·10−6 l · mouse−1 surface area of microvessels: 150cm2· g

tissue−1 [34]; brain mass = 475 mg [own
data]; average endothelial cell volume:
1009µm3 [35]; average area of ecapillary
endothelial cell: 962 µm3 [36]

VBR 0.004532 l · mouse−1 [37]

Table S3. Protein expression levels in the brain.

Protein A B C D E F G H I J
Weight.
mean

Rel. to
LAT1

LAT1 19.50 22.58 23.45 33.86 17.60 18.05 21.34 27.94 13.80 29.33 24.89 1
TPH2 0.01 0.03 0.05 0.02 - - 0.03 0.03 0.01 0.01 0.03 0.001
TH - - - - - - - 6.43 - 32.30 0.48 0.019
AADC - - - - - - - 0.91 - 2.67 0.05 0.002
DBH - - - 1.2 - - - - - - 0.28 0.011
MAO-A 11.68 10.57 9.52 3.19 19.96 9.68 7.94 13.29 11.66 12.18 9.91 0.398
COMT 13.35 11.93 10.78 11.82 13.27 13.06 13.39 12.60 12.97 14.98 12.02 0.483
LNAA 1.92 3.13 4.33 2.94 2.20 1.99 2.17 4.67 2.03 2.41 3.16 0.127
y+ 4.85 8.76 9.81 9.64 4.45 3.73 6.69 8.64 4.03 6.28 8.34 0.335

A-Amygdala, B-Anterior cingulate cortex, C-Frontal cortex, D-Cortex, E-Caudate, F-Putamen, G-Hippocampus,
H-Hypothalamus, I-Nucleus accumbens, J-Substantia nigra
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The blood concentrations of amino acids were set, as fixed values, according to the measured values in mice
(see Table S4). The initial concentrations (in µM) for the variables were first assigned arbitrarily, and then a
time-course simulation was performed to acquire a set of initial concentrations close to the steady-state values
for WT diet. This newly acquired set of initial concentrations was then used for all the simulations.

Table S4. Average amino-acid concentrations in the blood, as used in the model (in µM ).

Amino-
acid

WT PKU
LNAA
(-Thr)

LNAA
(+Thr)

Tyr+Trp Leu+Ile Thr
High

protein

Phe 304 1803 1387 1381 1886 1826 1848 2503
Tyr 131 61 119 96 172 61 59 86
Trp 147 98 172 177 168 104 105 89
His 79 68 107 87 63 66 65 72
Gln 604 487 464 507 511 420 494 399
Ile 148 120 273 213 114 358 112 180
Leu 221 167 303 246 151 470 153 243
Thr 314 208 202 484 182 198 311 227
MV 464 363 1052 752 325 410 330 539

WT - wild-type mice, standard chow; PKU - C57Bl/6 Pah-enu2 (PKU) mice, standard chow; LNAA(-Thr) -
PKU mice, standard chow with LNAA(-Thr) supplementation; LNAA(+Thr) - PKU mice, standard chow with
LNAA(+Thr) supplementation; Tyr+Trp - PKU mice, standard chow with Tyr and Trp supplementation;
Leu+Ile - PKU mice, standard chow with Leu and Ile supplementation; Thr - PKU mice, standard chow with
Thr supplementation; High protein - PKU mice, an isonitrogenic/isocaloric high-protein control diet

The simulation values represented in the figures 2, 3, 4, 6, S2, S3, S9, and S12 were calculated as a weighted
average of concentrations of amino acids in the BRAIN and CELL compartments as in the following equation:

AAtotal =
VCELL

VCELL + VBR
·AACELL +

VBR

VCELL + VBR
·AABR

This approach reflects better the experimental data available, which does not distinguish between blood-brain-
barrier and brain compartments.
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In the last decade, systems medicine has grown from a philosophical concept into a thriving 

new scientific field that studies how physiological functions emerge from the interactions be-

tween molecules, cells, and tissues in the body, and puts them in medical research, and practice. 

This concept of synergy, a whole is more than a sum of its parts, dates back as far as ancient 

Greece [1,2], and is the origin of the holistic approaches to studies of living organisms. How-

ever, initially, holistic approaches to study human physiology remained mostly qualitative and 

unable to decipher exact mechanistic explanation to the observed phenomena. With the rise of 

biochemistry at the beginning of 20th century, scientists have revisited Bacon’s methodological 

reductionism [3], according to which breaking the system down and studying its primary com-

ponents would allow one to understand the system fully as a whole. This approach has brought 

new methods to study human physiology and diseases, which led to many groundbreaking dis-

coveries such as the structure and the code of the DNA [4,5] and enzyme kinetics [6,7]. How-

ever, breaking the living cell into its basic components and studying them in isolation removes 

the information on interactions between them. Systems biology addresses this problem and 

tests the assumption that the system can be understood from the interaction of the parts. After 

all, the information about the building blocks: parameters, variables, and relations, used to con-

struct models in systems biology comes from the reductionistic studies. However, since sys-

tems biology looks at the composite characteristics of the problem, rather than its individual 

components, many argue that systems biology, is in fact, a return to holistic ideals [8–10]. This 

statement can be disputed since rather than studying the system as an unbreakable whole, sys-

tems biology aims to understand the emergence of biological functions from interactions of the 

components[11]. In this, we can see that the holistic and reductionist approaches, even though 

they started as opposite concepts, with current technological advancescan be integrated in stud-

ies of human diseases [9].  

The 21st century has brought a breakthrough in genome sequencing methods that allowed a 

human genome to be fully sequenced in 2000 [12]. In parallel various ‘omics’ techniques for 

comprehensive analysis of transcriptomes [13], proteomes [14], metabolomes [15], or even 

fluxomes [16,17] were developed and optimised. With the rapid growth in the data acquisition 

methods, we are now able to gather and store an unprecedented amount of patient-specific data. 

This data collection aims to monitor the health of an individual better, to diagnose and under-

stand diseases, and to propose the most efficient treatment for each patient. This aim requires 

robust methods to integrate and interpret the available data. In recent years many supervised, 

semi-supervised and unsupervised methods of data integration have been developed [18–21].  
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However, further optimisation and developments are needed to create truly robust tools to work 

with the heterogeneous omics data. In this thesis, I addressed this problem using metabolic 

models as tools for multi-level data integration, hypothesis generation, and studies of disease 

mechanism in a set of inborn errors of metabolism. In this chapter, the results of my studies 

will be discussed in the context of the systems medicine framework.  

“DATA! DATA! DATA! (…) I CAN'T MAKE BRICKS WITHOUT CLAY.”1 
Various methods are under development to approach data integration and interpretation in a 

systems medicine framework. As reviewed in , they are divided into two distinct 

groups: 1) artificial intelligence (AI)-based knowledge discovery and 2) simulation-based anal-

ysis using mechanistic models. The first group has shown great promise for assisting an image-

based diagnosis of patients [22–24]. However, its “black-box” nature limits its usability in 

problems that require a mechanistic understanding of the system. To address such problems, 

the second group of methods is commonly used [25–31]. Both groups share one “weakness” – 

data dependency. AI-based algorithms usually require big datasets to find the specific patterns 

emerging (unsupervised), or training sets that allow the algorithm to learn what pattern to look 

for (supervised), which makes them ill-suited for rare diseases or patient-specific questions. 

Similarly, mechanistic models require a priori knowledge, or at least a hypothesis, about the 

network topology, its components, and their interactions. As illustrated in chapters 2 and 3 of 

this thesis, auxiliary pathways or transport systems are often still enigmatic and may be mis-

represented in the metabolic network. Furthermore, models should be validated using robust 

datasets before they can be personalised for patient-specific studies, as seen in chapters 2-4. 

The amount and the type of data required for parametrisation and validation of the models 

depend on the type of the models used. 

In , I introduced two types of predictive mechanistic models: genome-scale meta-

bolic models that have been later applied in  and , and detailed kinetic 

models, an example of which can be seen in .  Genome-scale metabolic models 

(GEMs) represent a whole set of stoichiometry-based, mass-balanced metabolic reactions of 

an organism ( ) or a specific tissue ( ). Ideally, they consist of all reactions 

present in the studied organism, tissue, or cell. In reality, auxiliary pathways or metabolism of 

xenobiotics are often still enigmatic and not studied in enough detail. For example, the metab-

olism of phytanic acid had not been reconstructed fully in the generic Recon3D model [32] 

 
1 Arthur Conan Doyle, The Adventure of the Copper Beeches 
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( ).  This led us to a manual curation and extension of the existing model to represent 

the most recent knowledge about the phytanic acid breakdown in the cell. The extended model 

was used to integrate the data obtained from transcriptomics, proteomics, and metabolomics 

experiments in fibroblasts from healthy volunteers and Refsum disease patients. This fibro-

blast-specific model represented the interplay between peroxisomes, endoplasmic reticulum, 

and mitochondria required for the breakdown of phytanic acid. For other applications, however, 

further curation efforts are required to represent the metabolic complexity of human cells ade-

quately. As introduced in , the metabolism of biopolymers remains currently mis-

represented in the context of GEMs due to the challenge of a combinatorial explosion created 

by enzymes promiscuity. Lipidomics studies have shown [33–35] that lipids and phospholipids 

play a key role in many diseases. Therefore, the solution to the combinatorial problem, which 

also pertains to lipid metabolism, and an accurate representation of phospholipids should be a 

top priority.  

Furthermore, classical biochemical representation of reactions, represented by simple mole-

cules, can be misleading, as has been shown in . In classical biochemistry books, the 

reaction catalysed by a well-known flavoprotein succinate dehydrogenase is written as 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
↔ 𝑓𝑓𝑓𝑓𝑠𝑠𝑠𝑠𝑓𝑓𝑓𝑓𝑠𝑠𝑠𝑠𝑓𝑓𝑓𝑓𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹2                                      eq. 5.1 

Following this representation, GEMs typically treat flavins (FAD and FMN) and other enzyme-

bound cofactors as free-floating metabolites. This allows enzymes to inadvertently oxidise or 

reduce flavin molecules that are, in reality, confined to another enzyme. In the models, this 

leads to artificial uncoupling of pathways. In  I proposed an extensive curation of 

the Recon 2.2 [36] and Recon 3D models [32] replacing the FAD molecules with the final 

electron acceptor specific for the reaction, as well as an approach to couple flavoprotein-de-

pendent reactions with flavin synthesis [37]. Taking into the account that ubiquinone (Q) is the 

final electron acceptor for the succinate dehydrogenase, eq. 5.1 then takes the form of: 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 𝑄𝑄𝑄𝑄 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆:𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆
↔     𝑓𝑓𝑓𝑓𝑠𝑠𝑠𝑠𝑓𝑓𝑓𝑓𝑠𝑠𝑠𝑠𝑓𝑓𝑓𝑓𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 𝑄𝑄𝑄𝑄𝐹𝐹𝐹𝐹2                                        eq. 5.2 

With the curated model, I was able to accurately simulate the functional consequences of mul-

tiple acyl-CoA dehydrogenase deficiency (MADD) and systemic depletion of riboflavin. 

Moreover, the new model enabled me to predict a larger number of biomarkers in flavoprote-

ome-related diseases, without loss of accuracy. Yet, the true positive rate of biomarker discov-

ery with existing methods remains low. The discrepancy between the accuracy and the true 
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positive rate can be partially explained by the lack of necessary validation data. To properly 

validate predictions, we should know not only the truly positive values (the currently known 

biomarkers) but also the truly negative values (the metabolites known to not significantly 

change in a particular disease). This step would require scientists to share their negative results 

more openly to populate the yet non-existing ‘True Negative Database’. Once we acquire this 

information, it will be easier to assess the accuracy of model predictions and to propose truly 

novel biomarkers for testing. In general, such a database would have the potential to speed up 

progress in research, as certain ideas will no longer be tested over and over again by many 

scientists across the globe.  

In contrast to the previously used genome-scale modelling approaches, in  I used a 

detailed, kinetic model to represent the large neutral amino acids (LNAA) transport via the 

blood-brain barrier (BBB) and the subsequent neurotransmitter metabolism in the brain. This 

model was used to test an alternative dietary treatment based on the LNAA supplementation in 

phenylketonuria (PKU). Metabolic Control Analysis [38–40] of the model has revealed the key 

players in the pathophysiological mechanism and the impact of individual amino acids in the 

diet on the underlying brain dysfunction in PKU. However, model validation has also revealed 

specific discrepancies between model predictions and experimental data. In general, the model 

was overestimating the impact of high phenylalanine levels, compared to what has been meas-

ured in mice. Furthermore, the model showed a smaller effect on the reduction of brain phe-

nylalanine in the diet enriched with leucine and isoleucine than in the experimental data. This 

inaccuracy provides a valuable insight into the mechanism and rejects the original hypothesis 

that the observed phenomenon is caused by the high LAT1 affinities for isoleucine and leucine. 

Rather, it highlights that there might be a different, currently unknown mechanism involved in 

the action of isoleucine and leucine. A follow-up study focusing specifically on the blood-brain 

transport of leucine and isoleucine could provide the missing information.  

 very clearly illustrated the importance of accurate data in model generation in two 

major aspects: 1) the lack of species-specific parameters, 2) inadequate validation data. Firstly, 

the lack of accurate mouse-specific kinetic parameters for the key enzymes could be the culprit 

of model inaccuracy. Even though it has been more than 100 years since Menten and Michaelis 

published their paper on the principles of enzyme kinetics [6], our knowledge about the kinetic 

parameters for many enzymes is incomplete. Furthermore, even if parameters for a given en-

zyme are available, they have often been measured under non-physiological conditions. How-

ever, as discussed by van Eunen and Bakker [41] realistic kinetic models are built to represent 
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the studied system . Therefore, they should be parametrised using physiological, -

like kinetic data specific for the studied organism.  Secondly, I used previously published data 

[42–44] for the validation of the model and designed a model to represent the level of the 

experimental data complexity.  In this first approach to modelling the effect of diet on brain 

amino acids and neurotransmitter concentrations, it became clear that the experimental data 

was missing some important information. For example, the experimental dataset consisted of 

only blood, and total brain concentrations, while the model included blood, endothelial cells 

(BBB), and brain concentrations. However, since the substrate competition for LAT1 transport 

across the BBB was hypothesised to be the key mechanism through which proposed diets af-

fected the brain amino-acid levels, the distinction between the endothelial cells and brain com-

partments had to be made in the model. Therefore, to relate the model outcome to the validation 

dataset, a weighted average between the blood-brain barrier and the brain compartment was 

made and an estimate of the cytosolic volume relative to the brain wet weight. Possibly, the 

uncertainty in this conversion is one of the reasons for the quantitative discrepancy between 

the model predictions and the experimental data. Furthermore, plasma levels of amino acids 

(used as an input for model simulations) were reported in different units than the brain amino 

acid and neurotransmitter concentrations (µmol/L and µmol/g wet weight respectively). Since 

the conversion between different units used in the experimental study was not possible, the 

model predictions could only be validated at the level of relative quantitation. To gather the 

relevant missing information, a new experiment would need to be designed specifically ad-

dressing the issues identified by the model. This iterative cycle of experiments and modelling 

is often seen in systems biology projects [45,46].  

To address some of the current experimental shortcomings, a recently developed organ-on-chip 

technology could be used.  It allows studying the interaction between the blood, blood-brain-

barrier (BBB), and neurons in a more controlled and uniform manner [47,48]. It gives a unique 

opportunity to study transport dynamics across not only murine but also human endothelial 

cells forming the BBB and the effect of it on neuronal cells. If this system would be used, 

further compartmentalisation of the model to blood (BL), endothelial cells (BBB), cerebral 

spinal fluid (CSF), and dopaminergic (DA), and serotonergic (HT) neurons could be considered 

to represent the complexity of the system better. However, organ-on-chip technology may not 

be suitable to study enzyme kinetics due to the low volumes and cell numbers. Therefore, ded-

icated enzyme kinetics studies would still need to be performed with isolated murine enzymes 

in -like media. Furthermore, studies in an isolated and controlled system of organ-on-
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chip may be helpful to validate and parametrise the initial model. However, they might not 

accurately represent the  response seen in mice. Consequently, to use the improved 

model as a tool to design optimal diets, it would have to be validated using  data. 

As seen in , the transport system, even though crucial for communication between 

compartments, cells, and tissues, requires further studies. The lack of detailed knowledge about 

transporters has an impact not only on detailed kinetic models but also on the genome-scale 

models described in  and .  Even though kinetic information is not in-

cluded in the GEMs, the mechanism of transport is important to accurately represent the energy 

(active transport) and metabolic (facilitated transport, cotransporters, and antiporters) con-

straints on the network, as well as to connect different compartments of the cell. Currently, for 

many compounds, a simple diffusion through the lipid bilayer is assumed as a primary transport 

mechanism. However, new studies show that this assumption may not always be valid, and 

there might be many unknown transporters involved [49,50].  

“WE ARE HERE, AND IT IS NOW. THE WAY I SEE IT IS, AFTER THAT, EVERYTHING 

TENDS TOWARDS GUESSWORK.” 2 

Improved diagnostics and therapeutic approaches tailored to the individual patient are the goals 

of systems medicine. However, to reach these goals, robust, thoroughly validated generic mod-

els are needed that will act as a healthy control to benchmark against in patient-specific analy-

sis. To construct these models, quantitative data comprising of multilevel biochemical network 

composition and interactions, and various omics describing the components of the network is 

needed.  

Currently, there are two generic human metabolic reconstructions in use: ReconX series [32], 

and HMR series [51]. Both have been used to study the mechanisms underlying various dis-

eases with some success [52].  However, GEMs generally do not include any regulatory aspects 

of metabolism, mainly because not all the necessary regulatory or signalling components are 

known. Furthermore, metabolic regulation plays an important role in the dynamic maintenance 

of the homeostasis, while GEMs operate under the steady-state assumption. Currently, integra-

tion of regulatory networks and dynamic behaviour of the network at a genome-scale has only 

been addressed in the model of , one of the smallest bacteria known so 

far [53]. In their work, Karr et al. constructed 28 submodules of different types (ODEs, flux-

 
2 Terry Pratchett, Small Gods 
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balance analysis, Poisson processes), and connected them by 16 nodes. They assumed that each 

submodule is independent on a short time-scale (< 1s), therefore can be run independently at 

each iteration, but would be dependent on the state of the 16 nodes from the previous simulation 

round [53].  For a human cell, such reconstruction would undoubtedly reach an enormous size, 

would require many parameters to be experimentally measured, and would depend heavily on 

intensive computational power and faster algorithms. One of the approaches could consist of 

integrating currently available detailed kinetic models, like the one created in  with 

the GEMs network ( ) in a quasi-dynamic feedback system similar to the one 

used by Karr et al.[53]. In such a system, the GEMs network would receive constraints from 

the detailed model, then calculate a new steady-state and feed the information back to the dy-

namic model. This approach could allow reducing computational costs while providing a met-

abolic context for the detailed kinetic model.  

Currently used GEMs focus mostly on a single cell or tissue. However, to be able to represent 

a relationship between the genome and phenotype of a person, we need to invest in building, 

curating, and validating whole-body models. The first human, gender-specific whole-body 

models has been recently built by Thiele et al. [54]. It can be parametrised using patient-specific 

physiological, dietary, and omics data, and allows studies on the interaction between the gut 

microbiota and their host. An alternative approach has been presented by Krauss et al. [55] who 

applied dynamic flux-balance analysis to describe human metabolic networks within the con-

text of whole-body physiology-based pharmacokinetic models creating a hybrid model. How-

ever, solving a hybrid model is computationally more expensive (due to iteration) than solving 

a single linear or quadratic problem in whole-body models.  If the biological question does not 

require the dynamical consideration, then the stoichiometric whole-body models will be a val-

uable alternative.  

All currently used models have been proven useful in providing insights into human metabo-

lism. Since they try to uncover the basic, general principles behind the manifested high-level 

phenotype, they could be used across many diseases and populations. Even the detailed kinetic 

models, such as the model of transport of amino acids across the blood-brain barrier discussed 

in , can be used in studies of many different diseases where amino acid and neuro-

transmitter metabolism is affected, such as Parkinson’s disease [56] or Alzheimer disease [57]. 

However, to be used in the clinic, they have to be rigorously validated using the FDA proce-

dures [58]. This would require more studies being performed where person-specific data would 
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be integrated with either a single-cell or a whole-body model, and the results would be bench-

marked against the “healthy” phenotype. These studies would require access to a big amount 

of omics data to achieve first the “healthy” model. Then careful, dedicated validation experi-

ments testing both true positive and true negative differences would have to be performed. 

Fortunately, with the current developments in omics data and computational technologies, this 

step can be applied in the near future. 

In conclusion, the work presented in this thesis demonstrates that applying a systems medicine 

approach to studies of inborn errors of metabolism could provide not only valuable insights in 

the mechanism of the studied diseases but also create robust, generic models applicable to other 

studies of human metabolism. In the future, these generic models, aided by the integrative net-

work analysis and multi-omics data, may provide invaluable insight into the complex metabolic 

networks and provide a platform to introduce patient-specific data-driven diagnosis and thera-

pies.  
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I. SUMMARY 
 

With the recent growth of the systems medicine field, we acquire an unprecedented amount of 

patient-specific molecular and pathophysiological data. This data collection aims to monitor 

the health of individuals, to diagnose and understand their diseases, and to establish the most 

efficient treatment for each patient. However, this aim cannot be achieved without robust and 

validated mathematical models that integrate the current knowledge and experimental data and 

analyse the putative response of patients to genetic variation and dietary and pharmacological 

interventions. In recent years many supervised, semi-supervised, and unsupervised methods of 

data integration have been developed, as reviewed in . However, further optimisation 

and developments are needed to create truly robust tools to work with the heterogeneous omics 

data. In this thesis, I describe several ways to optimise and apply different modelling 

approaches as tools for multi-level data integration, hypothesis generation, and analysis of 

disease mechanism in a set of inborn errors of metabolism (IEMs). IEMs are a subgroup 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. As reviewed in , 

most treatment options are focused on handling the symptoms of the disorders to improve the 

patient’s quality of life, since successful gene therapy is not yet available. In the last decade, a 

paradigm shift occurred in the field of IEMs. Today, they are no longer viewed according to 

the “one gene, one disease” paradigm as proposed more than 100 years ago, but recognised to 

be complex diseases. This requires proactive, personalised care, tailored to people’s individual 

health needs Through collaborative work with clinicians and experimentalists, and some 

additional experimental work, I studied the biochemical consequences of primary genetic 

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

(reviewed in ) coupled with data analysis and integration.  

In  and 3, I aimed to identify novel biomarkers and better understand the metabolic 

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

scale metabolic models consist of a comprehensive set of stoichiometry-based, mass-balanced  

metabolic reactions which take place inside an organism ( ) or a specific tissue 

( ). Each reaction is coupled to the gene that encodes the catalysing enzyme. Ideally, 

such models consist of all reactions present in the studied organism, tissue, or cell. In reality, 

auxiliary pathways or metabolism of xenobiotics are often enigmatic and therewith not 

considered in enough detail in such models. Furthermore, classical biochemical representation 
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of reactions, represented by simple molecules, can be misleading as shown by the example of 

FAD in . Cofactors play a central role in human metabolism. Yet, genome-scale 

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

FAD) and those that diffuse freely (e.g. NAD).  Therefore, in , I describe a way to 

address this problem by curating the FAD-related metabolism in two human genome-scale 

models: Recon 2.2 and Recon3D. With the curated model, I was able to simulate the functional 

consequences of multiple acyl-CoA dehydrogenase deficiency and systemic depletion of 

riboflavin that are consistent with the literature data. Moreover, the new model enabled me to 

predict a larger number of biomarkers in 16 flavoproteome-related diseases, without loss of 
accuracy.  

In , I used the FAD-curated model based on Recon 3D generated in  to 

study the metabolic consequences of Refsum disease (RD). RD is a recessive inborn error of 

metabolism that is caused by mutations in the gene encoding phytanoyl-CoA 2-hydroxylase, 

resulting in defective α-oxidation of the branched-chain fatty acid phytanic acid. The build-up 

of phytanic acid and its derivatives in the body cause vision loss, anosmia, peripheral 

neuropathy, and other neurological, skin, and cardiovascular problems. Currently, the only 

available treatments for patients are plasmapheresis and a strict diet to reduce the intake of 

dairy-derived fat, as reviewed in  and . The metabolism of phytanic acid had not 

been reconstructed fully in the non-curated Recon3D model. Therefore, manual curation and 

extension of the existing model to represent the most recent knowledge about the phytanic acid 

breakdown in the cell were conducted. The extended and FAD-curated model was integrated 

with multi-omics data (transcriptomics, proteomics, and metabolomics) for which we did 

experiments on patient-derived fibroblasts to generate a fibroblast-specific model.  Using this 

model, I identified changes in flux rates of 53 metabolites that allowed to discriminate between 

healthy and RD patients. Several of the affected fluxes had a link to amino acid metabolism. 

Ultimately, these insights in metabolic changes may provide leads for pathophysiology and 

new or optimised therapies.  

In , I applied a kinetic modelling approach to provide suggestions for optimisation 

of the treatment strategy in phenylketonuria (PKU). This disease has the highest incidence 

among all the known IEMs. PKU results in decreased metabolism of the amino acid 

phenylalanine. Untreated, PKU can lead to intellectual disability, seizures, behavioural 

problems, and mental disorders. As described in , diet is currently the only treatment 

available for PKU patients. Nevertheless, patient adherence to the diet tends to decrease with 
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age which might lead to deficits in cognitive functioning, possibly due to the decrease in 

neurotransmitter levels. For this disease, a large compendium of kinetic, molecular, dietary and 

animal data was available to initiate a systems medicine approach. Based on these data, in 

, 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 

detailed, kinetic model based on the available enzyme kinetics data. It accurately describes 

amino acids uptake through the blood-brain-barrier into the brain, as validated by direct 

measurements of brain amino acid concentrations in PKU mice on various diets. Furthermore, 

model simulations indicate that the observed decrease in neurotransmitter levels is caused 

predominantly by inhibition of tyrosine and tryptophan hydroxylases by increased levels of 

phenylalanine. Therefore, the decrease of neurotransmitters in PKU can only be rescued by the 

combined reduction of phenylalanine levels and the addition of tyrosine and tryptophan. This 

effect has been seen, to some extent, in the LNAA-rich diet group. The model provides a better 

understanding of the pathophysiological mechanisms and of the impact of individual amino 

acids in the diet on the underlying brain dysfunction in PKU. Furthermore, the model can be 

readily applied for studies of other neurological disorders in which the relations between diet, 
brain amino acids, and neurotransmitters are clinically relevant.    

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

concluding remarks, future perspectives, and challenges for systems medicine . 

The largest identified challenges were 1) reusability, accuracy, and accessibility of the data, 

and 2) reusability, scalability, and completeness of metabolic models. In brief, only a small 

portion of the large quantity of patient data that we generate is usable for mechanistic 

computational models. In  I discuss in depth the data-dependency of each modelling 

approach and remaining challenges: representation of biopolymers, transporters, and auxiliary 

pathways in genome-scale models; and availability of accurate species-specific kinetic 

information about enzymes and transporters in dynamic-models. Furthermore, to properly 

validate predictions made by model simulation, we would need to know not only the true 

positive indicators (the currently known biomarkers) but also the true negative indicators (the 

metabolites known not to change in particular disease). Therefore, I propose setting up a new 

‘True Negative Database’ that would be populated by scientists with true negative results. 

Lastly, I speculate about the future shape of personalised metabolic models: comprising of 
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multi-level biochemical networks and dynamic interactions, they could one day serve as our 

digital twins in the study of the most suitable, personalised therapy. 

In conclusion, the work presented in this thesis demonstrates that applying a systems medicine 

approach to studies of inborn errors of metabolism could provide not only valuable insights in 

the mechanism of the studied diseases but also create a robust platform to study human 

metabolism. In the future, these generic models, aided by integrative network analysis and 

multi-omics data, may provide invaluable insight into the complex metabolic networks and 

give a platform to introduce patient-specific data-driven diagnosis and therapies.  



II. Samenvatting178   |

II. SAMENVATTING 
 

Met de recente groei van de systeemgeneeskunde verwerven we een ongekende hoeveelheid 

patiënt-specifieke moleculaire en pathofysiologische gegevens. Deze gegevensverzameling 

heeft tot doel de gezondheid van individuen te monitoren, hun ziekten te diagnosticeren en te 

begrijpen, en de meest efficiënte behandeling voor elke patiënt vast te stellen. Dit doel kan 

echter niet worden bereikt zonder robuuste en gevalideerde wiskundige modellen die de 

huidige kennis en experimentele gegevens integreren en de vermeende respons van patiënten 

op genetische variatie en dieet- en farmacologische interventies analyseren. In de afgelopen 

jaren zijn er veel gecontroleerde, semi-gecontroleerde en ongecontroleerde methoden van data-

integratie ontwikkeld, zoals in  wordt besproken. Er zijn echter verdere 

optimalisaties en verbeteringen nodig om echt robuuste methoden te creëren voor het werken 

met de heterogene omics-data. In dit proefschrift beschrijf ik diverse manieren om 

verschillende methoden van modelleren te optimaliseren en toe te passen als methoden voor 

multi-level data-integratie, het genereren van hypothesen en de analyse van het mechanisme 
van de ziekte in een reeks aangeboren afwijkingen in het metabolisme.  

De aangeboren afwijkingen in het metabolisme zijn een subgroep van genetische aandoeningen 

die het gevolg zijn van één enkele enzymdeficiëntie. Hoewel ze individueel zeldzaam zijn, 

varieert hun geboorteprevalentie van 0,4 op 1000 tot 1,3 op 1000 levendgeborenen. Zoals 

besproken in hoofdstuk 1, zijn de meeste behandelingen gericht op het omgaan met de 

symptomen van de stoornissen om de kwaliteit van leven van de patiënt te verbeteren, 

aangezien succesvolle gentherapie nog niet beschikbaar is. In de afgelopen tien jaar heeft er 

een paradigmaverschuiving plaatsgevonden op het gebied van aangeboren afwijkingen in het 

metabolisme. Vandaag de dag worden ze niet meer bekeken volgens het "één gen, één ziekte"-

paradigma zoals dat meer dan 100 jaar geleden werd voorgesteld, maar worden ze erkend als 

complexe ziekten. Dit vereist proactieve, gepersonaliseerde zorg, afgestemd op de ind ividuele 

gezondheidsbehoeften van mensen. Door samen te werken met clinici en experimentalisten, en 

wat aanvullend experimenteel werk, heb ik de biochemische gevolgen van primaire genetische 

defecten bestudeerd door zowel zogeheten ‘genome-scale constraint-based’ modellen alsook 

gedetailleerde dynamische modellen te gebruiken (besproken in ), in combinatie 
met data-analyse en -integratie.  
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In  en 3 heb ik getracht nieuwe biomarkers te identificeren en de metabole 

gevolgen van genetische afwijkingen beter te begrijpen met behulp van genome-scale modellen 

van het menselijk metabolisme.  Genoomwijde metabole modellen bestaan uit een uitgebreide 

set van op stoichiometrie gebaseerde, massa-gebalanceerde metabole reacties die plaatsvinden 

binnen een organisme ( ) of een specifiek weefsel ( ). Elke reactie is 

gekoppeld aan het gen dat het katalyserende enzym codeert. Idealiter bestaan dergelijke 

modellen uit alle reacties die aanwezig zijn in het bestudeerde organisme, weefsel of cel. In 

werkelijkheid zijn hulproutes of het metabolisme van xenobiotica vaak raadselachtig en 

worden ze daarom in zulke modellen niet voldoende gedetailleerd behandeld. Bovendien kan 

de klassieke biochemische weergave van reacties, vertegenwoordigd door eenvoudige 

moleculen, misleidend zijn, zoals het voorbeeld van de FAD in  laat zien. 

Cofactoren spelen een centrale rol in de menselijke stofwisseling. Toch maken genoomwijde 

metabole modellen geen onderscheid tussen cofactoren die gebonden zijn aan hun co-enzymen 

(bijv. FAD) en die vrij diffunderen (bijv. NAD).  Daarom beschrijf ik in  een 

manier om dit probleem aan te pakken door het FAD-gerelateerde metabolisme in twee humane 

genome-scale modellen, Recon 2.2 en Recon3D, beter weer te geven. Met het verbeterde model 

was ik in staat om de functionele gevolgen van meervoudige acyl-CoA-dehydrogenase 

deficiëntie en van systemische uitputting van riboflavine te simuleren en deze waren in 

overeenstemming met de literatuurgegevens. Bovendien kon ik met het nieuwe model een 

groter aantal biomarkers in 16 flavoproteïne-gerelateerde ziekten voorspellen, zonder dat dit 

ten koste ging van de nauwkeurigheid. 

In  heb ik het FAD-geactiveerde model, gebaseerd op Recon 3D en zoals 

gegenereerd , gebruikt om de metabole gevolgen van Refsum disease (RD) te 

bestuderen. RD is een recessieve aangeboren afwijking in het metabolisme die wordt 

veroorzaakt door mutaties in het gen dat codeert voor fytanoyl-CoA 2-hydroxylase, wat 

resulteert in een defecte α-oxidatie van het vertakte-keten-vetzuur fytanine. De opbouw van 

fytaninezuur en zijn derivaten in het lichaam veroorzaken gezichtsverlies, anosmie (gebrek aan 

reukvermogen), perifere neuropathie en andere neurologische, huid - en cardiovasculaire 

problemen. Op dit moment zijn de enige beschikbare behandelingen voor patiënten 

plasmaferese en een strikt dieet om de inname van vet afkomstig uit zuivel te verminderen, 

zoals ook in besproken . Het metabolisme van fytinezuur was niet volledig 

gereconstrueerd in het oorspronkelijke Recon3D-model. Daarom werd het bestaande model 

handmatig verbeterd en uitgebreid zodat het de meest recente kennis over de afbraak van 
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fytaninezuur in de cel kon weergeven. Het uitgebreide en FAD-geactiveerde model werd 

geïntegreerd met multi-omics data (transcriptomics, proteomics en metabolomics) afkomstig 

van patiënten fibroblasten om een fibroblast-specifiek model te genereren.  Met behulp van dit 

model identificeerde ik veranderingen in de omzettingssnelheid van 53 metabolieten die het 

mogelijk maakten om onderscheid te maken tussen gezonde en RD-patiënten. Een aantal van 

die veranderingen hadden een verband met het aminozuurmetabolisme. Uiteindelijk kunnen 

deze inzichten in metabole veranderingen aanknopingspunten bieden voor de pathofysiologie 
en leiden tot nieuwe of geoptimaliseerde therapieën.  

In  heb ik een kinetisch model gebruikt om ideeën te genereren voor optimalisatie 

van de behandelstrategie bij fenylketonurie (PKU). Deze ziekte heeft de hoogste incidentie van 

alle bekende aangeboren afwijkingen in het metabolisme. PKU resulteert in een verminderde 

afbraak van het aminozuur fenylalanine. Onbehandeld kan PKU leiden tot verstandelijke 

beperkingen, epileptische aanvallen, gedragsproblemen en psychische stoornissen. Zoals 

beschreven in , is het dieet momenteel de enige behandeling die beschikbaar is 

voor PKU-patiënten. Echter de toewijding van de patiënt om zich aan het dieet te houden wordt 

minder naarmate de patiënt ouder wordt.  Dit kan leiden tot tekorten in het cognitieve 

functioneren, mogelijk als gevolg van de afname van het aantal neurotransmitters. Voor deze 

ziekte was een grote hoeveelheid kinetische, moleculaire, dieet- en diergegevens beschikbaar 

om een systeemgeneeskundige aanpak te initiëren. Op basis van deze gegevens heb ik in 

 de relatie tussen de concentraties van de grote neutrale aminozuren (LNAA) en 

neurotransmitters in plasma en de hersenen bestudeerd. Hiervoor heb ik op basis van de 

beschikbare kinetische gegevens van de betrokken enzymen, een gedetailleerd kinetisch model 

gecreëerd met de focus op LNAA-transport via de bloed-hersenbarrière en de daaropvolgende 

synthese van neurotransmitters in de hersenen. Het model beschrijft nauwkeurig de opname 

van aminozuren via de bloed-hersenbarrière in de hersenen en dit komt overeen met de 

experimentele resultaten van de aminozuurconcentraties in de hersenen gemeten in PKU-

muizen die verschillende diëten kregen. Bovendien blijkt uit de simulaties van het model dat 

de waargenomen daling van de neurotransmitterspiegels voornamelijk wordt veroorzaakt door 

remming van tyrosine- en tryptofaanhydroxylasen door verhoogde concentratie van 

fenylalanine. Daarom kan de afname van neurotransmitters in PKU alleen worden hersteld 

door de gecombineerde reductie van de fenylalanineconcentratie en het omhoog brengen van 

de tyrosine en tryptofaanconcentraties. Dit effect is tot op zekere hoogte gezien in de LNAA-

rijke dieetgroep. Het model geeft een beter inzicht in de pathofysiologische mechanismen en 
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in de invloed van individuele aminozuren in het dieet op de onderliggende hersendysfunctie in 

PKU-patiënten. Bovendien kan het model worden toegepast voor studies van andere 

neurologische aandoeningen waarbij de relaties tussen voeding, aminozuren in de hersenen en 

neurotransmitters klinisch relevant zijn. 

Het laatste deel van dit proefschrift bevat een algemene discussie van alle hoofdstukken en 

geeft conclusies, toekomstperspectieven en uitdagingen voor de systeemgeneeskunde 

( ). De grootste uitdagingen waren 1) herbruikbaarheid, nauwkeurigheid en 

toegankelijkheid van de gegevens, en 2) herbruikbaarheid, schaalbaarheid en volledigheid van 

de metabole modellen. Kortom, slechts een klein deel van de grote hoeveelheid patiënten-data 

die we genereren is bruikbaar voor mechanistische rekenmodellen. In  ga ik dieper 

in op de data-afhankelijkheid van de verschillende modellen en de resterende uitdagingen: 

representatie van biopolymeren, transporters en hulproutes in genome-scale modellen; en 

beschikbaarheid van nauwkeurige soort-specifieke kinetische informatie over enzymen en 

transporters in dynamische modellen. Bovendien moeten we, om voorspellingen die door 

middel van modelsimulatie worden gedaan goed te kunnen valideren, niet alleen de positieve 

indicatoren (de momenteel bekende biomarkers) kennen, maar ook de negatieve indicatoren 

(de metabolieten waarvan bekend is dat ze niet veranderen in een bepaalde ziekte). Daarom 

stel ik voor een nieuwe 'True Negative Database' op te zetten die door wetenschappers zou 

moeten worden voorzien met feitelijke negatieve resultaten. Tot slot speculeer ik over de 

toekomstige vorm van gepersonaliseerde metabole modellen: die bestaan uit biochemische 

netwerken op meerdere niveaus en dynamische interacties. Deze modellen kunnen op een dag 

dienen als onze digitale tweeling, die gebruikt kan worden in het bepalen van de meest 
geschikte, gepersonaliseerde therapie. 

Tot slot toont het werk dat in dit proefschrift wordt gepresenteerd aan dat het toepassen van 

een systeemgeneeskundige benadering op studies van aangeboren afwijkingen in het 

metabolisme niet alleen waardevolle inzichten kan opleveren in het mechanisme van de 

bestudeerde ziekten, maar ook een robuust platform kan creëren om het menselijk metabolisme 

te bestuderen. In de toekomst kunnen deze generieke modellen, ondersteund door integratieve 

netwerkanalyse en multi-omics data, een waardevol inzicht geven in de complexe metabole 

netwerken en een platform bieden om patiënt-specifieke gegevens-gestuurde diagnostiek en 

therapieën te introduceren. 
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III. STRESZCZENIE 
 

Wraz z rozwojem dziedziny medycyny systemowej uzyskujemy niespotykaną dotąd ilość 

spersonalizowanych informacji o rozwoju choroby i markerach biochemicznych pacjenta. 

Gromadzenie danych ma na celu monitorowanie stanu zdrowia osób, diagnozowanie i 

rozumienie ich chorób oraz znalezienie najbardziej skutecznego leczenia dla każdego pacjenta. 

Cel ten nie może jednak zostać osiągnięty bez solidnych i sprawdzonych modeli 

matematycznych, które integrują aktualną wiedzę i dane eksperymentalne oraz analizują 

przypuszczalną reakcję pacjentów na interwencje dietetyczne i farmakologiczne, biorąc pod 

uwagę rożnorodność genetyczną. W ostatnich latach opracowano wiele nadzorowanych, 

częściowo nadzorowanych i nienadzorowanych metod integracji danych, omówionych w 

pierwszym. Konieczna jest jednak dalsza optymalizacja i rozwój w celu stworzenia 

solidnych narzędzi do pracy z różnorodnymi typami danych z zakresu technologii 

„omicznych”. W tej pracy opisuję kilka sposobów optymalizacji i zastosowania różnych 

podejść do modelowania jako narzędzi do integracji danych na wielu poziomach, generowania 

hipotez i analizy mechanizmu choroby w kontekście wrodzonych wad metabolizmu (WWM). 

WWM to podgrupa zaburzeń genetycznych wynikających z niedoboru jednego enzymu. 

Chociaż pojedynczo występują rzadko, ich rozpowszechnienie wynosi od 0,4 na 1000 do 1,3 

na 1000 urodzeń żywych. Jak opisano w pierwszym, większość opcji leczenia 

koncentruje się na radzeniu sobie z objawami zaburzeń w celu poprawy jakości życia pacjenta, 

ponieważ skuteczna terapia genowa nie jest jeszcze dostępna. W ostatniej dekadzie nastąpiła 

zmiana paradygmatu w dziedzinie WWM. Dziś nie są już postrzegane zgodnie z 

paradygmatem „jeden gen, jedna choroba” zaproponowanym ponad 100 lat temu, ale 

uznawane za choroby złożone. Wymaga to proaktywnej, spersonalizowanej opieki, 

dostosowanej do indywidualnych potrzeb każdego pacjenta. Dzięki współpracy z lekarzami i 

eksperymentalistami oraz własnej pracy laboratoryjnej zbadałam biochemiczne konsekwencje 

wrodzonych wad metabolizmu, stosując zarówno modele genomowe obejmujące cały 

metabolizm człowieka w stanie równowagi, jak i szczegółowe modelowanie dynamiczne 

uwzględniające zmiany poziomu metabolitów w czasie (omówione w pierwszym) 

połączone z analizą i integracją danych. 

W rozdziałach drugim i trzecim starałam się zidentyfikować nowe biomarkery i lepiej 

zrozumieć metaboliczne konsekwencje defektów genetycznych przy użyciu modeli 

metabolizmu człowieka w skali genomu. Modele metaboliczne w skali genomu składają się z 
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kompleksowego zestawu równań liniowych opartych na stechiometrii, zrównoważonych 

masowo reakcji metabolicznych zachodzących w organizmie (rozdział drugi) lub w 

określonej tkance (rozdział trzeci). Każda reakcja jest sprzężona z genem kodującym enzym 

ją katalizujący. Idealnie takie modele składają się ze wszystkich reakcji obecnych w badanym 

organizmie, tkance lub komórce. W rzeczywistości szlaki pomocnicze lub metabolizm 

ksenobiotyków są często nie do końca poznane i dlatego nie są wystarczająco szczegółowo 

uwzględnione w takich modelach. Ponadto klasyczna biochemiczna reprezentacja reakcji, 

reprezentowana przez proste cząsteczki, może wprowadzać w błąd, jak pokazano na 

przykładzie FAD w drugim. Kofaktory odgrywają kluczową rolę w metabolizmie 

człowieka. Jednak modele metaboliczne w skali genomu nie rozróżniają kofaktorów 

związanych z ich koenzymami (np. FAD) od tych, które swobodnie dyfuzjują (np. NAD). 

Dlatego w drugim opisuję sposób rozwiązania tego problemu poprzez zmianę 

sposobu zapisu równań dotyczących metabolizmu związanego z FAD w dwóch ludzkich 

modelach genomowych: Recon 2.2 i Recon3D. Dzięki zaktualizowanemu modelowi byłam w 

stanie zasymulować funkcjonalne konsekwencje deficytu wielu dehydrogenaz acylo-CoA 

(MADD) i ogólnoustrojowego deficytu ryboflawiny, które są zgodne z danymi literaturowymi. 

Co więcej, nowy model pozwolił mi przewidzieć większą liczbę biomarkerów w 16 chorobach 
związanych z flawoproteoinami, bez utraty dokładności. 

W trzecim wykorzystałam model z rozdziału drugiego, aby zbadać metaboliczne 

konsekwencje choroby Refsum (RD). RD jest recesywną wrodzoną wadą metabolizmu, 

spowodowaną mutacjami w genie kodującym hydroksylazę fitanoilo-CoA, powodująca 

wadliwe α-utlenianie kwasu fitanowego, rozgałęzionego kwasu tłuszczowego. Nagromadzenie 

kwasu fitanowego i jego pochodnych w organizmie powoduje utratę wzroku, anosmię, 

neuropatię obwodową i inne problemy neurologiczne, skórne i sercowo-naczyniowe. Obecnie 

jedynymi dostępnymi metodami leczenia pacjentów są plazmafereza i ścisła dieta w celu 

zmniejszenia spożycia kwasu fitanowego pochodzącego z nabiału, co opisano również w 

. Metabolizm kwasu fitanowego nie został w pełni zrekonstruowany w 

orginalmym modelu Recon3D. Dlatego przeprowadzono ręczną kurację i rozszerzenie 

istniejącego modelu w celu przedstawienia najnowszej wiedzy na temat metabolizmu kwasu 

fitanowego w komórce. Rozszerzony model został zintegrowany z danymi obejmującymi 

wiele danych „omicznych” (transkryptomika, proteomika i metabolomika), uzyskanych w 

eksperymentach na fibroblastach (komórki skóry) pochodzących od pacjenta. Pozwoliło nam 

to stworzyć model specyficzny dla ludzkich fibroblastów. Korzystając z tego modelu, 
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zidentyfikowałam zmiany w przepływie 53 metabolitów, które pozwoliły na rozróżnienie 

między osobami zdrowymi a chorymi na RD. Kilka z zidentyfikowanych przepływów było 

powiązanych z metabolizmem aminokwasów. Ostatecznie opisane spostrzeżenia dotyczące 

zmian metabolicznych mogą dostarczyć wskazówek dotyczących patofizjologii i nowych lub 
zoptymalizowanych terapii w kontekście RD. 

W czwartym zastosowałam modelowanie dynamiczne, aby uzyskać sugestie 

dotyczące optymalizacji strategii leczenia w fenyloketonurii (PKU). Choroba ta występuje 

najczęściej spośród wszystkich znanych WWM. PKU powoduje redukcję metabolizmu 

aminokwasu fenyloalaniny. Nieleczona PKU może prowadzić do niepełnosprawności 

intelektualnej, drgawek, problemów behawioralnych i zaburzeń psychicznych. Jak opisano w 

pierwszym, dieta jest obecnie jedynym dostępnym sposobem leczenia dla pacjentów 

z PKU. Niemniej jednak wraz z wiekiem pacjenci wykazują tendencję do mniej 

rygorystycznego przestrzegania diety, co może prowadzić do deficytu w funkcjonowaniu 

poznawczym, prawdopodobnie z powodu spadku poziomu neuroprzekaźników. W przypadku 

tej choroby miałam dostęp do dużej ilości danych kinetycznych, molekularnych, dietetycznych 

i badań na zwierzętach co umozliwiło mi zastosowanie metodologii medycyny systemowej. 

Na podstawie tych danych w  badałam związek między stężeniem dużych 

neutralnych aminokwasów (LNAA) w osoczu i stężeniem LNAA w mózgu oraz stężeniem 

neuroprzekaźników. Koncentrując się na transporcie LNAA przez barierę krew-mózg i 

późniejszej syntezie neuroprzekaźników w mózgu, stworzyłam szczegółowy model kinetyczny 

w oparciu o dostępne dane dotyczące kinetyki enzymów. Stworzony model dokładnie opisuje 

transport aminokwasów przez barierę krew-mózg do mózgu, co zostało potwierdzone przez 

bezpośrednie pomiary stężeń aminokwasów w mózgu u myszy PKU spożywających różne 

diety. Ponadto symulacje modelowe wskazują, że obserwowany spadek poziomu 

neuroprzekaźników jest spowodowany głównie przez blokowanie hydroksylaz tyrozyny i 

tryptofanu przez podwyższony poziom fenyloalaniny. Dlatego zmniejszony poziom 

neuroprzekaźników w PKU można podnieść jedynie przez jednoczesne zmniejszenie poziomu 

fenyloalaniny w mózgu oraz zwiększenie poziomu tyrozyny i tryptofanu. Efekt ten 

zaobserwowano w pewnym stopniu w grupie dietetycznej bogatej w LNAA. Model zapewnia 

lepsze zrozumienie mechanizmów patofizjologicznych i wpływ poszczególnych 

aminokwasów w diecie leżące u podstaw zaburzeń czynności mózgu w PKU. Ponadto model 

można z łatwością zastosować do badań innych zaburzeń neurologicznych, w których 
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klinicznie istotne są relacje między dietą, a poziomem aminokwasów i neuroprzekaźników 

mózgu. 

Ostatnia część pracy obejmuje ogólną dyskusję na temat całości przedstawionej pracy oraz 

uwagi końcowe, perspektywy na przyszłość i wyzwania dla medycyny systemowej (rozdział 

piąty). Najważniejsze zidentyfikowane wyzwania to 1) możliwość ponownego użycia, 

dokładność i dostępność danych oraz 2) możliwość ponownego użycia, skalowalność i 

kompletność modeli metabolicznych. W skrócie, tylko niewielka część dużej liczby 

generowanych danych pacjentów nadaje się do wykorzystania w przedstawionych modelach 

mechanistycznych. W piątym szczegółowo omawiam zależność od danych każdego 

typu modelowania i pozostałych wyzwań: reprezentacji biopolimerów, transporterów i ścieżek 

pomocniczych w modelach w skali genomu; oraz dostępności dokładnych informacji 

kinetycznych dla enzymów i transporterów specyficznych dla każdego gatunku w modelach 

dynamicznych. Ponadto, aby właściwie zweryfikować prognozy otrzymane za pomocą 

symulacji modelu, musielibyśmy znać nie tylko prawdziwe wskaźniki pozytywne (obecnie 

znane biomarkery), ale także prawdziwe wskaźniki negatywne (metabolity, o których 

wiadomo, że nie zmieniają się w konkretnej chorobie). Dlatego proponuję utworzenie nowej 

„prawdziwie negatywnej bazy danych”, która zostałaby wypełniona przez naukowców 

potwierdzonymi negatywnymi wynikami. Na koniec spekuluję na temat przyszłego kształtu 

spersonalizowanych modeli metabolicznych: składających się z wielopoziomowych sieci 

biochemicznych i interakcji dynamicznych. W przyszłości będą one mogły służyć jako nasze 
cyfrowe bliźnięta w badaniu najbardziej odpowiedniej, spersonalizowanej terapii. 

Podsumowując, niniejsza praca pokazuje, że zastosowanie podejścia medycyny systemowej 

do badań wrodzonych wad metabolizmu może zapewnić nie tylko cenny wgląd w mechanizm 

badanych chorób, ale także stworzyć platformę do badania metabolizmu człowieka. W 

przyszłości te ogólne modele, wspomagane przez integracyjną analizę sieci metabolicznych i 

danych „omicznych”, mogą zapewnić nieoceniony wgląd w złożone zależności metaboliczne 

i dać platformę do wprowadzenia diagnozy i terapii opartych na danych specyficznych dla 

pacjenta. 
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