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SUMMARY 
 
 

common neurodegenerative diseases. PD is mainly characterized by the 

neurodegeneration of the dopaminergic neurons. It is a complex multifactorial disease, 

and numerous molecular mechanisms have been implicated in the development of PD, 

including mis-folded protein formation, loss of dopaminergic neurons, and mitochondrial 

malfunctions. The complexity of the disease and the presence of different symptoms in 

each patient necessitate a systems biology approach. Constraint-based modelling is 

commonly used as a systems biology approach to analyze metabolism, and it requires a 

genome-scale metabolic model (GEM) reconstruction, which is based on comprehensive 

biochemical information. Many diseases in humans are intimately connected to 

metabolism. GEMs are widely utilized to elucidate the healthy and disease state of the 

cell since they provide a mechanical connection between genotype and phenotype. Rattus 

norvagicus is a commonly used model organism in clinical and pharmaceutical research. 

In this thesis study, six rat transcriptome datasets associated with PD were subjected to 

hierarhical clustering analysis by using metabolic genes to investigate the context of 

similarity/dissimilarity of transcriptome datasets. Later, a rat brain-specific GEM, which 

consists of 994 reactions and 766 genes, was reconstructed for the first time in literature 

by utilizing the human brain-specific GEM and mouse brain-specific GEM as templates. 

Then, the six rat transcriptome datasets associated with PD were used to generate context-

specific models. Transcriptome datasets were integrated into rat brain-specific models 

through iMAT and INIT algorithms. Constraint-based modeling (FBA, MOMA, 

LseiFBA, modified linear LseiFBA,) on obtained context-specific metabolic networks 

showed that the predicted flux values are within the range of literature observations, 

validating the newly reconstructed rat brain-specific GEM. LseiFBA and linear modified 

LseiFBA gave more accurately predicted major fluxes in PD rat models. 

 

 

 

Key Words -scale metabolic model, 

transcriptome, constraint-based analysis, animal models.  
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1.  INTRODUCTION 

 

of energy to maintain its function. At rest, the brain consumes 20% of an individual's 

energy despite the fact that it only accounts for 2% of total body weight. Metabolism 

of brain is a dynamic process and highly susceptible to energy deprivation.  

The brain primarily consists of neurons and glial cells including astrocytes, 

oligodendrocytes and microglia [1, 2]. The neurons use 70-80 percent of the energy, 

while the remaining energy is used by the brain's glial cells. Glucose is considered to 

be the essential energy substrate of an adult brain, and it needs a continuous flow of 

glucose across the blood-brain barrier (BBB); but, under energetic stress, additional 

sources of energy may be required to maintain brain function. A cerebral blood flow 

(CBF) system ensures continuous nutrition and oxygen delivery and elimination of 

product waste [3].  

Parkinson's disease (PD) is the second most prevalent neurodegenerative 

disease, characterized by the loss of substantia nigra dopaminergic neurons and the 

development of Lewy bodies. PD affects 6 million individuals worldwide [4, 5] and 

has a global prevalence of 1% of the population over the age of 65. Parkinson's disease 

is a complicated illness with a wide range of symptoms. Despite extensive studies on 

PD, the processes underlying the disease remain unclear, and there is no exact 

treatment for PD. There is growing evidence that metabolic alterations influence the 

development and progression of PD [3]. Studies have shown reduced glucose 

consumption in brain regions affected by PD. 

PD animal models have been extensively utilized to study disease etiology and 

molecular processes. Not only do animal models offer critical information, they also 

enable the testing of new treatment methods [6]. Neurotoxin models and genetic 

models are two prominent animal models used in the investigation of PD [6]. The 

model category of neurotoxins comprises animal models produced utilizing chemical 

injection. The genetic model category includes animal models created via genetic 

modification. 

Due to the complexity of PD, a comprehensive depiction of PD requires 

processing of huge amounts of data. Systems biology enables the integration of such 

massive amounts of data and their efficient assessment. 
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Human metabolism is very complex, with numerous genes and metabolites that 

are all closely linked with one another. Genome-scale metabolic models (GEMs) are 

widely employed in systems biology to show the connection between genotype and 

phenotype and therefore detect specific metabolic characteristics of diseases [7]. 

GEMs have also been utilized to model the phenotypic characteristics of cells under a 

range of environmental and genetic conditions, explain particular disease-related 

phenotypes, identify therapeutic targets, and study the relationship between different 

species and cell types.  

Human-GEMs enable the reconstruction of other mammalian GEMs through a 

homology-based method. By mapping homologous genes on the human network, 

many mammalian GEMs have been built [8]. The human, mouse, and rat genomes all 

have about the same amount of genes. The rat is one of the most often utilized 

preclinical model organism for neurodegenerative disorders, and the interpretation of 

neurodegenerative diseases in rats is critical for disease diagnosis and therapy. 

Although brain specific human GEM and mouse GEM are present [9 11], such a 

model is not available for rat. 

Along with this study, it was aimed to: 

 

i) Perform hierarchical clustering analysis of transcriptome datasets from PD rat 

models to investigate the similarity between these datasets in terms of metabolic gene 

expression patterns (Chapter 3) 

ii) Reconstruct the rat brain-specific genome-scale metabolic model for the first 

time in literature (Chapter 4) 

iii) Integrate transcriptome datasets derived from PD rat models into the newly 

reconstructed rat brain-specific genome scale metabolic model to obtain condition-

specific models, and (Chapter 5) 

iv) Perform constraint-based analysis on these condition-specific models to 

investigate metabolic alterations associated with PD in terms of flux values (Chapter5) 
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2.  BACKGROUND INFORMATION 

 

2.1.  Energy Metabolism in the Brain  

 

In human nervous system brain is the major central organ. The human brain is 

the most complex organ of the body. It mainly comprises three regions: the cerebrum, 

the cerebellum, and the brainstem. There are numerous routes for inputs and outputs 

in the brain, and they are arranged in a somatotopic fashion, making it a complicated 

and diverse organ.  

All brain areas are thought to be metabolically active, despite structural variability. 

The metabolic activity of the brain is characterized by the oxidation of glucose to 

carbon dioxide and water (oxygen consumption), resulting in the generation of energy 

rich molecule known as Adenosine Triphosphate (ATP). Neural circuit and network 

activities involving particular tasks control local energy demand. In other words, 

variations in pathway activities induce changes in metabolism to produce ATP and 

changes in blood flow rate to supply fuel [12]. Brain needs a substantial quantity of 

energy to regulate and maintain its metabolic activities. The brain utilizes 20% of an 

individual's energy consumption (or 25% of glucose and 20% of oxygen consumption) 

at rest, while accounting for just 2% of total body weight. Brain is more resistant to 

energy deprivation than other organs [13]. Supplying the right amount of nutrients and 

oxygen to the brain is important for its proper functioning. The brain uses the energy 

to maintain essential cellular activities such as protein, nucleotide, lipid synthesis, and 

signalling mechanisms. Glucose is regarded as the compulsory energy substrate of an 

adult brain, which requires constant blood-brain barrier (BBB) supply. Brain energy 

metabolism is a dynamic, tightly controlled process. Blood flow and glucose 

consumption rates in various brain regions are strongly linked and typically vary in 

parallel throughout various physiological states. The brain mainly consists of two cell 

types, which are neurons and glial cells [1, 2]. Glial cells include astrocytes, 

oligodendrocytes, and microglia. About 70-80% of the energy produced in brain is 

consumed by the neurons and the rest of the energy is utilized by the glial cells [1, 2].  

Continuous nutrient, and oxygen supply and removal of waste products are 

maintained by a cerebral blood flow (CBF) mechanism in the brain [3]. Cerebral 
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metabolic rate (CMR) is equivalent to the cerebral blood flow rate (CBF) multiplied 

by the arterial venous (A V) difference in glucose concentration: 

 

 (4.1) 

 

The inflow of the metabolites like glucose, oxygen, ketones and amino acids is 

controlled by the BBB (Figure 2.1) [3]. The transport method of particular molecules 

across the BBB is determined by the type of the solutes being transported. There  are 

two important  families of transporters recognized in the BBB, known as the solute 

carrier (SLC) proteins and the ATP-binding cassette (ABC) [3].  

 

 
 

Figure 2.1: Nutrient transport across the blood brain barrier. 
 

2.1.1. Glucose-driven Metabolic Pathways in Neurons and Astrocytes  

 

In the brain, cell types and selective expression of metabolic enzymes are 

responsible for the metabolic fate of glucose. Neurons are highly oxidative metabolic 

energy consumers compared to glial cells.  It has been reported that neurons use more 

than 80 % of their energy at synapses for the maintenance of ionic gradients and 

restoration, the absorption and the recycling of the neurotransmitters. Neurons are 

assumed to predominantly metabolize glucose through the pentose phosphate pathway 

(PPP) to generate the reducing equivalents needed to sustain antioxidant defence by 
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producing nicotinamide dinucleotide phosphate (NADPH) [14]. NADPH has several 

functions ranging from the antioxidant defence in neuron and glial cells and mediating 

reactive oxygen species (ROS) formation to serving as a reductant for lipid and nucleic 

acid syntheses and neurotransmitter and aldehyde metabolisms. NADPH may 

originate from folate metabolism, malate dehydrogenase, isocitrate dehydrogenase 

(IDH1 and IDH2), glutamate dehydrogenase (Glu) and Nicotine amide 

transhydrogenase (Nnt). 

Neurons do not have 6-phosphofructose-2-kinase/fructose-2,6 -bisphosphatase-

3 (PFKFB3) enzyme, known as a glycolytic activator and degraded continuously by 

the ubiquitin-proteasome (UPS) pathway [15]. Neurons have a lower glycolytic rate 

than astrocytes. Since neurons have low Pfkfb3 activity [15], they are unable to 

increase glycolysis in response to stress [16]. Glycolysis is stimulated in astrocytes by 

activation of  PFKFB3 through AMPK (adenosine monophosphate-activated protein 

kinase) [17].  

Most brain synapses release glutamate as the excitatory neurotransmitter. 

Glutamatergic neurotransmission occurs via close metabolic interaction between 

glutamatergic neurons and astrocytes. The glutamate concentration is high during 

neurotransmission in the synaptic cleft. Astrocytes serve a critical role in the 

modulation of neuronal excitability by eliminating released neurotransmitters rapidly. 

Since glutamate receptor over-stimulation is very damaging to neurons, this 

phenomenon is particularly important for glutamate (Glu) functioning as the principal 

excitatory neurotransmitter in the brain. Glu enters into astrocytes through Na+-

dependent excitatory amino acid transporters [18], and is converted to glutamine (Gln) 

by the astrocyte-specific enzyme Gln synthetase (GS). Glutamine also serves as the 

precursor for the formation of GABA in GABAergic neurons. Glutamate is the 

primary excitatory neurotransmitter whereas gamma aminobutyrate (GABA) is the 

primary inhibitory neurotransmitter in the central nervous system [19]. Glutamate and 

GABA homeostasis is maintained by a variety of processes, including synthesis, 

degradation, and transport. These systems all play a role in the preservation of the 

balance between excitement and inhibition, which is necessary for proper brain 

function. Glutamatergic and GABAergic neurons cannot restore their neurotransmitter 

pools unless the nearby astrocytes provide precursors. This phenomenon is known as 

glutamate-glutamine cycling (Glu-Gln). 
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Gln is delivered via glutaminase (GLS) activity to the neurons (Glu-Gln cycle) 

to replace the glutamate (Glu). Glu may also be utilized to produce antioxidant 

glutathione (GSH) [20]. In contrast to astrocytes,  neurons have poor ROS-defense 

mechanisms. Due to the activation of the antioxidant response through the 

transcription factor nuclear factor erythroid-2-related factor 2 (Nrf2), astrocytes have 

larger quantities of the endogenous antioxidants, making them more resistant against 

the oxidative damage [21]. Bell et al. (2015) reported that neuronal Nrf2 is 

epigenetically silenced and activation of the nuclear factor Nrf2 pathway does not 

appear to restore its antioxidant protection [22]. Although both neurons and astrocytes 

may produce GSH, neurons are dependent on the availability of GSH precursors. 

Astrocytes also regulate the neuronal redox environment through the Glu-Gln cycle 

and GSH export. The NADPH works as a cofactor for the reconstruction of reduced 

glutathione (GSH) (Figure 2.2) and thioredoxin reductase. This process is helpful for 

the maintenance of antioxidant capacity of neurons. 

Glycolysis is the process for the metabolism of glucose to pyruvate. A total of 

30-36 molecules of ATP as well as water and carbon dioxide molecules are produced 

depending on the ratio of proton leakage in the mitochondria by the oxidative 

phosphorylation, the tricarboxylic acid (TCA) cycle and the pentose phosphate 

pathway (PPP) cycle (Figure 2.2) [3]. The conversion of glucose into pyruvate and 

then further transformation into the acetyl coenzyme A (acetyl-CoA) is maintained by 

the glycolytic pathway. Acetyl-CoA can be carried actively to the mitochondria. 

NADH (Nicotinamide adenine dinucleotide) and FADH2 (Flavin adenine 

dinucleotide) produced during glycolysis and the TCA cycle are subsequently 

reoxidized in the electron chain transport (ETC). ETC uses the energy generated by 

electron transfer through its numerous facilities to transport protons into 

intermembrane space through the inner mitochondrial membrane. The energy 

molecule of ATP is produced from ADP with the help of ATP synthetase enzyme at 

this step, which is responsible for reintroducing protons into the mitochondrial 

matrix.Astrocytes use glucose in a manner similar to neurons. While some Glucose-6-

phosphate (G6P) is used in glycogen synthesis and PPP, its primary metabolic pathway 

is glycolysis, which results in the low mitochondrial oxidation rate and generation of 

lactate molecule[23].Astrocytes have a distinct metabolic profile as a consequence of 

their unique expression of enzymes and many other  transporters. In addition, 
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phosphorylation levels of PDH under baseline circumstances are high, since they may 

effectively restrict conversion to Acetyl-CoA, owing to strong PDK expression [24].  

 

 
 

Figure 2.2: Metabolic pathways of glucose consumption in neurons and astrocytes. 
 

2.1.2. Altered Metabolism in Neurodegenerative Disorders  

 

Neurons are basic functional units of the brain and central nervous system 

(CNS). Typically, neurons cannot regenerate themselves when they are degenerated. 

Neurodegenerative disorders are defined by the gradual progressive loss of neurons in 

the central nervous system (CNS), resulting in deficiencies in specific brain activities 

(e.g., memory, mobility, cognition) conducted by the affected CNS region [25]. 

Neurodegenerative diseases leading to disruptions in the nervous system are an 

increasing public concern. According to World Health Organization (WHO), by mid-

century, neurodegenerative disorders will become the world's second biggest cause of 

death, overcoming cancer [26]. Neurodegenerative diseases have been implicated as 

being derived from multifactorial conditions ranging from abnormal degree and 

aggregation of defective proteins, oxidative stress and free radical formation, impaired 

bioenergetics and mitochondrial dysfunction, to exposure to metal toxicity and 

pesticides [27]. Primary clinical features/symptoms (such as dementia, parkinsonism, 
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and motor disease), anatomic distribution of neurodegeneration, and molecular 

aberration are used to classify neurodegenerative diseases [28].  

Although there are a significant number of neurodegenerative diseases, most of 

these can be classified based on the accumulation of amyloid-beta (Ab), tau, a-

synuclein, prion protein (Prp), and transactive response DNA-binding protein 43 

(TDP-43) [29]

disease (HD) and amyotrophic lateral sclerosis (ALS) are the most prevalent 

neurodegenerative diseases. These most prevalent neurodegenerative diseases differ 

in specific protein accumulation, affected brain regions, and the type of vulnerable 

neurons [30 32]. Striatal neurons in PD, hippocampal and cortical neurons in AD, and 

spinal motor neurons and cortical neurons in ALS are affected (Figure 2.3) [33] . 

 

 
 

Figure 2.3: Brain regions affected in neurodegenerative diseases. 
 

Even though each neurodegenerative disease has its own specific molecular 

mechanisms, there are various molecular and cellular abnormalities that are shared by 

neurodegenerative diseases including protein misfolding and aggregation, 
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mitochondrial dysfunction, the toxicity of glutamates, calcium burden, proteolytic 

stress, oxidative stress and free radical formation, neuroinflammation, and aging, and 

neuronal death [33, 34]. It is known that neurodegeneration usually begins in the 

subcortical regions and spread to the cortical regions as the disease progresses [35]. 

Mitochondrial dysfunction, protein misfolding, and oxidative stress are thought to be 

direct consequences of metabolic disorders/alterations [36]. It was shown that 

metabolic alterations have a prominent role in the initiation and progression of 

neurodegenerative diseases [3]. Imaging studies showed reduced amount of glucose in 

brain areas affected by AD, PD, ALS, and HD patients [37]. 

 

2.2.  

 

PD affects ~6 million people [4, 5] in the World, and it has a prevalence of 1 % 

of the population over 65 ages globally [38, 39]. PD is the second most common 

progressive age-related neurodegenerative disease, which is characterized by the loss 

of dopaminergic neurons in substantia nigra and the presence of Lewy bodies 

(misfolded a-synuclein) [38, 40]. PD is a heterogenous disorder involving motor and 

non-motor symptoms. It mainly occurs due to the deterioration of cells in the brain that 

produce dopamine [41], which regulates brain cells to have communication with each 

other. In the brain, dopamine-producing cells are responsible for the regulation of 

movement. In addition to dopaminergic neurons, other neurotransmitter systems are 

also affected in PD, including cholinergic, noradrenergic and serotonergic neurons [41, 

42]. PD is clinically diagnosed with motor symptoms: movement disorder 

(bradykinesia), tremor at rest, and rigidity. Generally, non-motor symptoms such as 

sleep disorders, cognitive impairment, dementia, constipation, and depression 

accompany motor-symptoms in the later stage of PD [43]. Although there is no exact 

treatment for the prevention and treatment of Parkinson's disease, current treatment 

methods aim to reduce the symptoms of the disease [43]. 
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Parkinson's disease can be classified into two types, idiopathic (sporadic) 

Parkinson's disease and familial Parkinson's disease, according to the etiology of the 

disease. Most of the PD patients (over 90 % of PD cases) are sporadic, but it is known 

that hereditary factors also play a role in the disease's etiology [44]. The underlying 

etiology of the idiopathic form of the disease is uncertain. Several factors, including 

genetic abnormalities and environmental situations, may contribute to the disease's 

development.  

Mutations in numerous genes causing hereditary forms of PD (SNCA, Parkin, 

PINK1, LRRK2, DJ-1) lead to mitochondrial dysfunction [45]. Mitochondria are 

essential in the synthesis of cellular energy through the respiratory chain. Figure 2.4 

[46] shows the PD associated pathways. Mitochondrial dysfunction in the SN 

(Substantia Nigra) is a critical component of Parkinson's disease pathophysiology 

(Figure 2.4) [47, 48].  

 

 
 

Figure 2.4: Pathways involved in the development of PD are interconnected. 
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The alpha-synuclein protein, encoded by SNCA, is involved in controlling 

neurotransmitter release from dopaminergic neurons' presynaptic terminals [49]. -

synuclein is a critical component of Lewy bodies, which are a characteristic of 

Parkinson's disease. Due to the existence of many enzymatic domains, LRRK2 has 

been implicated with various physiological activities and signalling cascades, 

including neurite outgrowth, mitochondrial function, complex modulation retromer, 

and autophagy control [50, 51]. Parkin protein localizing in mitochondria controls the 

function and the shape of mitochondrial DNA (mtDNA). Parkin is also attracted 

preferentially to impaired mitochondria, resulting in the organelle's autophagy 

degradation (mitophagy) [52]. An N-terminal mitochondrial targeting region and a 

transmembrane domain are encoded by the PINK1 gene, which is a serine/threonine 

protein kinase  [53]. The interaction of PINK1 with parkin was shown to promote 

selective autophagy of depolarized mitochondria and preservation of mitochondrial 

quality [54]. Mutations in the PINK1 gene lead to decreased mtDNA levels, impaired 

mitochondrial calcium handling, disrupted ATP production, and increased free radical 

levels. As a result, the mitochondrial membrane potential decreases, and neuronal cells 

become more susceptible to apoptosis [55, 56]. DJ-1 has been proven in model systems 

to protect DA neurons against various stressors, including mutant synuclein, rotenone, 

6-hydroxydopamine, and hydrogen peroxide [57].  

 

2.2.2  Metabolism 

 

There is mounting evidence that metabolic changes have a significant impact on 

the onset and course of neurodegenerative diseases. Studies of positron emission 

tomography imaging showed reduced glucose consumption in brain regions affected 

by AD, PD, ALS, and HD patients [58]. Moreover, decreased levels of  glucose-6-

phosphate dehydrogenase and 6-phosphogluconate dehydrogenase, the fundamental 

enzymes for PPP, were reported in the putamen and cerebellum of PD patients at an 

early stage [59].  

O2
- is produced in the mitochondria via electron leakage from Complex I [60], 

while in both the matrix and the inner membrane space it is produced by electron 

leakage from Complex III [61]. It has been implicated that dopaminergic neurons are 

very susceptible to Complex I inhibitors [62]. There are several investigations 
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indicating antioxidants protect dopaminergic cells against Complex I inhibitors' 

toxicity [63, 64]. However, complex I inhibition-induced dopaminergic cell death 

cannot be directly connected to ROS formation or entirely avoided by antioxidants 

[65]. Further investigations have shown that the Complex I inhibitors rotenone and 1-

methyl-4-phenyl-1,2,3,6-tetrahydropyridine may be the primary cause of neuronal cell 

death produced by these agents [66]. 

Dopaminergic neurons make up a small fraction of brain neurons. Nevertheless, 

this type of nerve cells is involved in a wide range of mental and physical activities, 

including behaviour and cognition, voluntary movement, motivation and reward, 

learning and sleep mood [67]. Dopaminergic SNpc (substantia nigra pars compacta) 

neurons are vulnerable to energy failure as they utilize a considerable amount of 

energy in order to maintain a basal dopamine (DA) tone in striatum brain region. 

Notably, there is no difference in the intrinsic bioenergetic capacity of dopaminergic 

and non-dopaminergic presynaptic synaptosomes, indicating additional factors than 

energy dysregulation contribute to dopaminergic cell loss [68]. Though neurons have 

a limited capacity to enhance glycolysis, increasing glycolysis compensates for energy 

deficiency and dopaminergic cell death caused by the mitochondrial 

dysfunction/malfunction [69]. Parkinson's disease is defined by the selective death of 

a subpopulation of neurons in the mesencephalon that utilize dopamine as a 

neurotransmitter to communicate with one another. In the case of dopaminergic neuron 

loss, Dopamine may cause cytotoxicity due to being highly reactive once it is not 

appropriately stored and metabolized.  

DA levels produced in SNpc are tightly controlled by maintaining a balance 

between production, synaptic vesicle loading, absorption from the extracellular 

environment, and catabolic breakdown. Tyrosine hydroxylase (TH) and aromatic 

amino acid decarboxylase (AADC) take role in the synthesis of DA in cytoplasm. DA's 

two-step synthesis takes place in catecholaminergic neuron cytoplasm and starts with 

tyrosine hydroxylation of L-tyrosine to generate DOPA (Figure 2.5) [70]. This 

oxidation is strictly regulated and needs the cofactor tetrahydrobiopterin (BH4), 

produced by GTP cyclohydrolase from guanosine triphosphate (GTP) (GTPCH). 

Then, aromatic amino acid decarboxylase converts DOPA to DA (AADC). TH, 

GTPCH, and AADC enzymes associated in DA production play a crucial role in 

preventing excessive oxidative stress [70]. TH, GTPCH and AADC enzymes involved 

in DA production play a significant role in the management of DA homeostasis to 
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avoid from excessive oxidative stress (Figure 2.5). The cause of DAergic neuronal 

death is still being investigated. As a result, there are no medications available that 

may halt, diminish, and prolong the death of these neurons. Current therapy to replace 

DA loss is based primarily on the administration of l-3,4-dihydroxyphenylalanine (L-

DOPA), a DA precursor. Since the administration of L-DOPA requires a specific 

number of active DAergic neurons to transform this metabolic precursor into DA, 

progression in PD negatively affects the L-DOPA treatment efficacy [71]. MAO's 

oxidative deamination results in the production of hydrogen peroxide as well as the 

reactive 3,4-dihydroxyphenylacetaldehyde (DOPAL). MAO and COMT inhibition 

have been employed in PD therapy to improve DOPA and DA availability [70, 72]. 

 

 
 

Figure 2.5: Dopamine metabolism in neurons and microglia. 
 

The cerebral metabolic measurements indicate that the PD state alters the activity 

of many metabolic pathways, as well as the consumption and synthesis of a few key 

metabolites. Glucose and oxygen uptake is the most critical alteration. This alteration 

impacts basic metabolic processes such as glycolysis, TCA cycle, and oxidative 

phosphorylation. PET measurements show that cerebral glucose consumption 
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decreases by 2-32 % while oxygen consumption decreases by 6-34 % in Parkinson's 

disease [73]. It has also been shown that genes involved in the TCA cycle and oxidative 

phosphorylation are downregulated in patients with Parkinson's disease [74]. As 

determined by Nuclear Magnetic Resonance (NMR) spectroscopy, increased lactate 

synthesis in the brain is another indicator of PD state shift [75]. 

 

2.2.3.  

 

Neurological disorders in humans may be modelled in animals utilizing 

standardized protocols that replicate certain pathogenic events and their behavioural 

consequences. Animal neurological impairment models are useful for assessing novel 

therapy alternatives [76]. PD animal models have been widely used to understand the 

pathogenesis and molecular mechanisms of the disease. Animal models provide not 

only essential information but also the opportunity to test novel treatment techniques 

[6]. Animal PD models are mainly categorized into two groups: toxin models and 

genetic models [77]. 

The toxin models referring the classic experimental models of PD aim to 

reproduce the clinical and behavioural changes of human PD in rodents or primates by 

utilizing neurotoxins, which cause nigrostriatal degeneration. Neurotoxins may be 

employed systemically or locally based on the type of agent and the target species [6]. 

Toxin based models mainly consist of 6-hydroxydopamine (6-OHDA), 1-methyl-4-

phenyl-1,2,3,6-tetrahydropyridine (MPTP), rotenone, paraquat and methamphetamine 

[77]. 

6-OHDA is a selective neurotoxin initially discovered to create damages in rat 

nigrostriatal DA neurons [78] and has been demonstrated to act in other species such 

as mice [79]. 6-OHDA is widely employed to study motor and metabolic dysfunctions 

in Parkinson's disease. 6-OHDA accumulates in the cytosol and promotes the 

production of hydrogen peroxide, other reactive oxygen species, and quinines [80]. 

Since 6-OHDA cannot enter the BBB, it is necessary to administer it directly into the 

Substantia Nigra pars Compacta (SNpc) region in the brain. 

Certain pesticides, such as rotenone, paraquat, and maneb, are utilized as 

neurotoxins in the development of animal models for Parkinson's disease [81 83]. 

Pesticide exposure is a well-established risk factor for Parkinson's disease [84]. The 
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lipophilic nature of rotenone allows it to pass the blood-brain barrier easily. Chronic 

rotenone treatment leads to the loss of striatum dopamine terminals and the 

degradation of SN dopaminergic neurons [85]. However, rotenone has disadvantages 

in terms of leading to high mortality, phenotypic heterogeneity and non-PD related 

symptoms [86]. Paraquat, a mild inhibitor of mitochondrial complex I, has been shown 

to cause dopaminergic neuron degeneration in the SN [87]. Maneb, which is a complex 

III inhibitor, is also employed as a neurotoxin. It has been established that high dosages 

of methamphetamine cause selective DAergic, serotonergic nerve terminal and SNc 

neuronal death in mice and primates when administered subcutaneously [88].  

Advancements in transgenic technology facilitate to simulate mutations in 

-synuclein, Parkin, PINK1 and DJ-1 [89]. Several transgenic 

-syn mice have been created, and numerous behavioral abnormalities have been 

discovered. Yet, the majority of them did not have severe nigrostriatal degeneration 

[90]. The Parkin knockout animal is a well-established genetic model of Parkinson's 

disease used by many researchers to investigate the disease. Recently, it was suggested 

that regulating Parkin activity might be a possible treatment method. An improvement 

in mitochondrial quality was detected in Parkin knockout mice with an increase in 

Parkin gene activity [91]. Many PINK1 knockout mice have been utilized as 

Parkinson's disease animal models, and none of these models have exhibited Lewy-

body formation. This observation is consistent with postmortem results in Parkinson's 

disease patients with the PINK1 mutation [92]. A reduction in dopamine release in the 

striatum is seen in DJ-1 knockout mice, although there is no loss of SNc dopaminergic 

neurons in these animals [93]. 

 

2.3.  Systems Biology  

 

Along with completing the human genome sequence in 2003 and the 

development of high-throughput technologies, a paradigm shift occurred in biology, 

which caused the emphasis to change from a gene-centric to a system-wide approach. 

Systems Biology is a multidisciplinary branch of research that aims to understand the 

complex interactions that occur inside biological systems. It provides a framework for 

constructing models of biological systems using systematic observations [94]. 
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 evolution was assisted by the advent of new genome 

sequencing techniques and other high-throughput technologies that produced so-called 

"omics" data like genomics [95], transcriptomics [96], proteomics [97], metabolomics 

[98], and fluxomics [99]. Bioinformatic analysis of the omics data enabled the 

development of biological networks or models capable of simulating cell activity 

[100].  

Biological networks/models are generally classified into three types:  

 

i) Metabolic: Chemical processes that take place inside the cell are referred to be 

metabolic. Metabolic networks explain the consumption/synthesis of metabolites 

necessary for cell survival and growth. 

ii) Regulatory: The representation of regulatory interactions between regulatory 

elements (e.g. transcription factors, promoters) and their target genes is the goal of 

regulatory networks. 

iii) Signalling networks/models: Signals indicate responses or "signalling events" 

in a network that regulates how a cell reacts to the environment via information-flow 

cascades, such as phosphorylation or ubiquitination. 

It is important to know that all of these networks are associated with each other, 

and combining them at various levels enables better knowledge of cellular activities. 

Yet, since it increases the complexity of analysis, combined analysis limits their 

inference based on genome-level [101]. 

tudies have 

been conducted to investigate the brain structure and its function. PD is a heterogenous 

multifactorial complex disease. Though there is intensive research on PD, the 

mechanisms underlying Parkinson's disease (PD) remain unknown and also there is no 

exact treatment for PD. Huge quantities of data and frequently heterogeneous 

information must be integrated into a complete, holistic representation of PD. Systems 

biology facilitates the integration of such huge quantities of data and the effective 

evaluation of integrated data. Mathematical and computational techniques are utilized 

in systems biology to organize thousands of information pieces into functional 

structures that computers can evaluate in a highly efficient manner to elucidate 

molecular mechanisms behind health and disease [102] 
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2.4.  Transcriptomics 

 

A cell's transcriptome is defined as a collection of all RNA (Ribonucleic Acid) 

molecules (transcripts) found in that cell at the particular time of sampling. 

Transcriptomics data is one of the most commonly used omics data. Through the 

knowledge of the transcriptome, it is possible to interpret the functional components 

of the genome, disclose the molecular details of cells and tissues, and comprehend 

diseases. Different technologies, including hybridization or sequencing-based 

methods, have been developed to infer and measure transcriptomes [103]. 

Microarray technology is utilized to evaluate expression levels of hundreds of 

genes concurrently. Arrays comprising hybridization probes for known genes of the 

organism are produced through the microarray method. Custom-made microarrays or 

commercial high-density oligo microarrays are often used in hybridization-based 

methods, which include incubating fluorescently labelled cDNA with them. Relative 

gene transcript levels with their matching samples are measured using fluorescence 

intensity (mRNAs). In contrast to microarray techniques, sequence-based techniques 

identify the cDNA sequence in a straightforward manner. 

Microarrays of DNA (Deoxyribonucleic Acid) [104] or other methods such as 

RNA sequencing [103] enable the expression of the genes in cells to be quantified 

under various circumstances. The Gene Expression Omnibus (GEO) [105, 106] is the 

most widely used database for gene expression data, which includes microarray, next-

generation sequencing, and other high-throughput functional genomic data. Table 2.1 

shows the amount of total datasets and expression profiling datasets that have been 

deposited to the GEO database. 
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Table 2.1: Distribution of datasets present in GEO (as of July 7, 2021). 
 

 All Organisms Rattus norvagicus Homo Sapiens 
Number of total 

datasets 
156372 4597 68763 

Expression 
profiling by array 

63431 2719 26169 

Expression 
profiling by high 

throughput 
sequencing 

51293 856 19574 

 

Transcriptome data collected from Parkinson's disease patients discovered 

differentially expressed genes and molecular dysfunctions in PD patients [107]. The 

first transcriptome study of PD considering various brain regions (substantia nigra, 

putamen, and prefrontal cortex) was conducted by Zhang and colleagues (2005) [108]. 

A one-way ANOVA revealed 329 significantly altered genes in the three brain regions. 

Furthermore, enrichment analysis highlighted several terms related to energy 

metabolism, including branched-chain amino acid aminotransferase Complex I, amino 

acid transporter, glutamate decarboxylation, oxidative phosphorylation, and citrate 

metabolism. Blood and skin samples have also been utilized to investigate PD, other 

than brain tissues. Individual studies emphasize different genes and pathways, but the 

most often mentioned pathways and processes in Parkinson's disease include 

dopamine metabolism, mitochondrial function, oxidative stress, protein degradation, 

neuroinflammation, vesicular transport, and synaptic transmission [72]. 

Transcriptomic analysis was also applied to animal models of PD. For example, in a 

rat model of L-Dopa-induced dyskinesia, a transcriptome method was used to analyze 

differentially regulated genes in striatal tissue, their particular pathways, and 

functional and disease related networks [109]. TGF1 was shown to be a significantly 

upregulated gene in the dyskinetic animals. In another study, transcriptome analysis 

on a 6-hydroxidopamine (6-OHDA) rat model revealed that, 2 and 4 weeks after the 

neurotoxic administration, 131 genes and 698 genes were substantially changed in 

substantia nigra region, respectively [110]. Enrichment analysis of these genes showed 

that the first time point (2 weeks) genes were associated with three processes: signal 

transduction, modification of extracellular matrix and inflammation. On the other 

hand, the second time point (4 weeks) genes were associated with five processes 
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including synaptic transmission, neuron projections, proper functioning of the soma 

and dendrites, and transmission of nerve impulse. 

 

2.5. Genome-Scale Metabolic Networks 

 

Metabolism is the entire collection of chemical processes that take place in the 

cell in order to sustain life. Enzymes are the key actors in this process because they 

catalyze the chemical processes. The enzyme reaction relationships can be utilized to 

reconstruct a metabolic model of metabolism. Human metabolism is very complicated, 

including many genes and metabolites, all of which are highly interconnected with one 

another. The monitoring of metabolic alterations necessitates a comprehensive 

strategy that focuses on researching the metabolic network at the genome-scale level. 

In this regard, Genome-Scale Metabolic Models (GEMs) are commonly used in 

systems biology to illustrate the association between genotype and phenotype and 

therefore uncover particular metabolic features of diseases [7]. GEMs use a 

stoichiometric matrix to describe complicated cellular metabolic networks, allowing 

for the advanced mathematical study of metabolism at the whole-cell level [111]. 

GEMs are comprised of metabolites and reactions to describe all metabolic activities 

in cells. 

The increase in the number of novel GEM reconstructions during the past ten 

years (Figure 2.6) [112] demonstrates their high use for the investigation of biological 

systems and associated applications. GEMs also have been used to explain specific 

disease-related phenotypes [113], identify therapeutic targets [114], and investigate 

the association between various organisms and cell types [115].  
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Figure 2.6: A timeline depicting the reconstruction of all genome-scale metabolic 
models. 

 
2.5.1. Human Genome Scale Metabolic Models 

 

Since many human diseases are associated with metabolic alterations, the 

biochemistry of the cells has been investigated through the reconstruction of the human 

GEMs in the context of systems biology [116]. Metabolic reconstructions enable 

biological information to be transformed into a mathematical representation and the 

following physiological state calculation [117, 118].  

Recon 1, Recon 2, Recon 2.2, Recon 3D,  HMR, HMR 2.0 and Human-GEM  

are the reconstructed major generic human GEMs so far. Because they contain 

information on all metabolic genes regardless of their expression level in a given tissue 

or cell type, generic GEMs do not address condition-specific metabolism. Recon 1, 

known as the first human generic GEM, was reconstructed at 2007 [119]. This 

metabolic model was reconsctructed based on a comprehensive collection and 

assessment of genomic and bibliomic data and  includes 1496 genes, 2712 metabolites, 

and 3311 reactions, as well as metabolic and transport reactions. It separates the 

metabolites into seven compartments: cytosol, mitochondria, peroxisome, Golgi, 
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endoplasmic reticulum (ER), nucleus, lysosome. The model was validated via 

simulations of 288 well-characterized metabolic processes occurring in a variety of 

cell and tissue types. Recon 2 consists of 7440 reactions, including 4821 reactions 

linked with 2140 genes, and 2499 distinct metabolites spanning seven compartments 

[116]. Recon 2.2 [120] is an updated version of Recon 2, and it includes 5324 

metabolites, 7785 reactions and 1675 genes. In comparison to the previous GEMs, 

Recon 3D  has 10,600 reactions, with 5938 of them linked with 2248 genes, and 2797 

distinct metabolites compretmentalized similar to Recon 2 with an extra compartment 

for the mitochondrial intermembrane space [121]. Human-GEM [122] is the most 

recently reconstructed global human genome-scale metabolic model. It  includes 8378 

metabolites, 13083 reactions and 3625 genes. Human GEMs have been extensively 

utilized in research including the identification of biomarkers [123], the generation of 

context-specific metabolic models [124] and the elucidation of the Warburg effect 

[125]. 

 

Table 2.2: Genome-scale metabolic network reconstructions of the human body. 
 

Model Name Unique Metabolites Unique Reactions Genes 

Recon 1[119] 2712 3311 1496 

Recon 2 [116] 2626 7440 1789 

Recon 2.2 [120] 5324 7785 1675 

Recon 3D [121] 4140 13543 3288 

HMR [126] 3160 8100 3688 

HMR2.0 [127] 3160 8181 3765 

Human-GEM 

[122] 

8378 13083 3625 
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Figure 2.7: Global human metabolic network applications. 
 

Human-GEMs provide an opportunity to reconstruct other mammalian GEMs 

by utilizing a homology-based approach. Several mammalian GEMs have been 

reconstructed by mapping homologous genes on the human network (Figure 2.7 ) [7]. 

Animal models, such as mice and rats, play an essential role in clinical and 

pharmaceutical research. The development of metabolic models of these model 

organisms, as well as the study of their metabolism, are critical in this regard [7]. There 

are several homologous genes between the genes in human GEM reconstructions and 

the animal genomes. For example, five mammalian GEMs were reconstructed 

including Mus musculus, Rattus norvegicus, Canis lupus familiaris, Pan troglodytes 

and B.taurus via a research of genes similar to Recon 1 in mammalian genomes [128].  

Human, mouse, and rat genomes have similar number of genes. The rat is one of 

the widely used model organisms for neurodegenerative diseases in preclinical studies, 
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and the interpretation of these studies in rats is important for the diagnosis and 

treatment of these diseases. On the other hand, although humans and rats are in the 

mammalian class, there may be metabolic differences between them. It is known that 

there are some discrepancies between genes controlling metabolic function. 

Numerous Human GEM reconstructions including thousands of genes have been 

published [116, 119, 126, 127] whereas only basic metabolic networks with a few of 

genes are known for the rat [129, 130]. iRno is the first comprehensive generic 

genome-scale metabolic model reconstructed for rat metabolism [131]. HMR2 was 

used as a template model to reconstruct the draft rat metabolic network based on 

orthology annotations. Then, manuel curation was performed to obtain the final iRno-

GEM. iRno-GEM contains 5620 metabolites, 8268 reactions in eight compartments 

and 2324 genes. 14 of 8268 reactions are rat-specific reactions. 

The first mouse generic-GEM was reconstrcuted by Sheikh et.al [132]. The 

model contains 872 metabolites, 1220 reactions, which were compartmentalized 

between cytosol, mitochondria, and extracellular space, and covered 473 genes. 

Several other mouse GEMS were reconstructed later, increasing network connection 

in several metabolic pathways. iMM1415 [128] , MMR [133], and iMM1865 [8] are 

existing generic mouse genome-scale metabolic models that were reconstructed by 

using human Recon1, HMR2, and Recon3D models respectively. iMM1865 is the 

most recently reconstructed generic mouse GEM and it includes 5839 metabolites, 

10612 reactions compartmentalized between eight compartments and 1865 genes. 

 

2.5.2. Brain-specific GEMs 

 

Generic genome-scale metabolic models are not specific for a particular tissue, 

and the study of disease conditions linked with particular tissues necessitates the use 

of tissue-specific models. Tissue-specific genome-scale metabolic models are 

reconstructed by integrating generic models with high throughput data such as 

transcriptome data. 

The interaction between neurons and astrocytic cells is important in terms of 

normal neuron function and brain energy metabolism. Astrocytes assist/support 

neuronal cells by exchanging metabolites with them, enabling them to sustain normal 

functions [134]. Brain-specific GEMs have been utilized to investigate brain 
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metabolism and neurodegenerative disorders.  iNL403 [135], iMS570 [9], iBrain671-

Hs [10],  and iBrain674-Mm [11] are brain-specific GEMs that take into consideration 

two main brain cell types: astrocytes and neurons.  

iNL403 is the first published human brain-specific GEM.  Human Recon1  was 

used as the template to reconstruct iNL403. It includes 331 metabolites, 1070 reactions 

transcriptome data integration and constraint-based modeling (CBM). iMS570 is a 

human brain-specific GEM reconstructed based on a previous brain-specific metabolic 

network that takes into account neuron-astrocyte compartmentation [136]. The 

previous model comprises 216 metabolites, and 217 reactions that occur in and 

between neuron and astrocyte cells. That model does not include gene information. 

iMS570 consists of 308 metabolites, 630 reactions, and 570 genes. iMS570 was only 

partially compartmentalized by separating NADH, NADPH and FADH2 pools in 

mitochondria and cytosol.  It was shown that iMS570 could correctly estimate resting 

state metabolic fluxes using CBM [9]. 

iBrain671-Hs is a human-brain specific GEM reconstructed based on the 

iMS570.  Compared to other brain-specific GEMs, the main improvement of the model 

is that it separates all metabolites in the model into two compartments: cytosol, 

mitochondria. It contains 812 metabolites, 994 reactions and 671 genes. 470 of 994 

reactions are neuronal, while 458 of them occur in astrocytes. Moreover, there are 22 

reactions referring to metabolite exchange between astrocytes and neurons. It has been 

disease state in terms of flux prediction by using CBM [10]. 

iBrain674-Mm, a brain-specific GEM, was reconstructed for mouse brain 

metabolism [11]. The reconstruction was carried out using iBrain671-Hs as a template 

through a homology-based approach. It also contains some mouse-specific reactions 

that are not present in the human reconstruction. iBrain671-Hs was used as the 

template also for the compartmentalization of iBrain674-Mm. The brain-specific 

mouse GEM consists of 814 metabolites, 992 reactions and 674 genes. There are 412 

neuronal reactions and 447 reactions occurring in astrocytes.  

Although there are brain-specific GEMs for human and mouse in the literature 

[9, 10, 137], such a model is not available for the rat. 
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2.5.3. Genome-Scale Metabolic Model Reconstruction 

 

Genome-scale reconstruction of a metabolic network mainly consists of four 

steps [138]: i) Creation of draft model, ii) Manual curation of the draft model, iii) 

Conversion of curated model into a mathematical model, and iv. Evaluation and 

analysis. 

 

i) Creation of draft model: The first stage in reconstructing a GEM is identifying 

and functionally annotating the genes in the genome that encode metabolic enzymes 

[139]. It is possible to get these annotations by searching through databases that use 

homology-based techniques to match genomic sequences to metabolic reactions. In 

general, many studies address the usage of these databases in GEM reconstruction 

processes [140, 141]. Several studies have shown that the choice of a particular 

database will introduce a bias on the topology of the reconstructed network [142]. This 

bias is due to the limited accuracy of homology-based methods [143], the possibility 

of false annotations in large databases [144], and the existence of many enzyme 

functions that do not match a specific genome sequence [145]. The variabilities due to 

the annotation database chosen may be reduced by merging many databases to improve 

annotation coverage when reconstructing a GEM [146]. A functional annotation is 

done on the basis of the genome sequence using information from databases such as 

GenBank [147]. Afterwards, information from databases such as KEGG [148], 

BRENDA [149], MetaCyc [150], and the literature is used to compile a list of reactions 

and gene-protein-reaction (GPR) relationships. 

GPR connections are constructed using logical principles that define the 

association between genes, proteins, and reactions (Figure 2.8) [151]. This enables the 

incorporation of information on the transcriptional and translational levels into 

metabolic models via the use of references to the enzymes that catalyze the processes 

and the genes that encode those enzymes. A GPR association contains simply the 

gene/reaction matchings based on AND or OR relations to describe the gene-

dependence of each reaction, as detailed below. 

Most metabolic reactions, such as Reaction A in Figure 2.8 [151], are based on 

one gene and one enzyme association. Some reactions (Reaction B) can be catalyzed 

by different proteins/enzymes independently. These enzymes are called isozymes, and 
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isozymes are separated with 

of these enzymes (B1 OR B2) is sufficient to activate corresponding reaction. Some 

reactions (Reaction C) require multiple enzyme/protein complex to proceed. These 

enzymes are called complex enzymes, and complex enzymes are separated with 

gene D1 as well as either D2a or D2b are required. Fig 2.8E shows the genotype-

phenotype associations in A-D as Boolean GPR rules.  

 

 
 

Figure 2.8: Gene-protein-reaction (GPR) rules explain genotype-phenotype 
relationships. 

 

ii) Manual curation of the draft model: The information obtained from 

homology/orthology based approach may not be very accurate. Since the addition of 

non-organism-specific reactions to the model may adversely affect the model's 

predictive power, a manual literature review is performed to develop and validate the 

draft metabolic model. Based on the organism-specific literature information, some 

reactions can be added or removed from the draft model. At this stage, the cellular 

localization of the proteins is determined, and intracellular and intercellular transport 

reactions are added based on the cellular compartments. Biomass reaction and ATP-

requirement reactions are also added at this stage. In addition, GPR rules are 

rearranged in line with the information obtained from literature or from template 

models [138]. 
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iii) Conversion of curated model into a mathematical model: Following 

performing a manual literature review and improving the metabolic model; the model 

is converted into a mathematical form that can be analyzed with constraint-based 

approaches. In addition, system constraints are defined in this step, and condition-

specific models can be derived from the generic model created. 

iv) Evaluation and analysis: At this step, the power of the metabolic model to 

predict critical biological functions such as ATP synthesis, lactate release, and 

mitochondrial activity can be evaluated using constraint-based approaches. Validation 

of the draft model, conversion of the model into mathematical form, evaluation of the 

metabolic network, and gap-filling processes are repeated for finalizing and validating 

the metabolic network. These steps are repeated until the simulation results are 

consistent with the experimental phenotype data [152]. 

 

2.6. Constraint Based Modelling 

 

Cell metabolism is very complicated, and it can only be understood entirely at a 

system-wide level via simplified mathematical representations known as models. 

Mathematical modelling has been utilized to investigate metabolism for at least 100 

years since Michaelis and Menten developed their enzyme kinetics equation in 1913. 

Along with the kinetic parameters that were determined for a big enough number of 

enzymes, it became feasible to construct small models that could represent the 

fundamental metabolic activities of a live cell [153]. Yet, since the data on kinetic 

parameters were fragmented, the models may be susceptible to measurement errors. 

Indeed, enzyme kinetics are often determined from in-vitro experiments and may not 

always be transferable to in vivo/the living organism [154]. These parameters are also 

highly susceptible to external and internal variables and vary significantly across cells.  

Constraint-based metabolic modeling (CBM) was developed in order to meet the 

demands of genome-wide models. Contrary to other modelling methods, constraint-

based modelling does not need accurate information of quantities of metabolites or 

kinetics of enzymes [155]. CBM instead limits the solution space available by 

removing flow patterns that are not permitted by the system due to certain 

predetermined restrictions. 
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CBM is based on the concept of writing down differential mass balances around 

each intracellular metabolite. Differential mass balance equations can be represented 

in a matrix form: 

 

 

 

(2.1) 

 

(2.2) 

 

C, v, and S represent the concentration of metabolite, a vector of reaction rates 

(fluxes), and a stoichiometric matrix, respectively. Sm x n is a stoichiometric matrix 

containing m metabolites and n reactions, with each metabolite representing one 

reaction. Each member si,j represents the ith metabolite's stoichiometric coefficient on 

the jth reaction (Equation (2.2)). Equation (2.1) is solved using steady-state assumption 

in the CBM. Using the assumption that the amounts of intracellular metabolites remain 

constant over long periods [156], the metabolic flux distribution can be expressed as 

follows: 
 

 (2.3) 

 

Equation (2.3) is the fundamental equation in CBM, and it is often under-

determined.  In an under-determined system, there are fewer equations (metabolites) 

than unknowns (fluxes). CBM attempts to find a solution space for the under-

determined problem via using appropriate constraints. Additional constraints such as 

the reaction directionalities (reversibility or irreversibility) are used to constrain the 

unknown fluxes (Figure 2.9) [157]. The irreversible reactions have a flux range of [0, 

reversible reactions have a flux range of [- Mathematically, constraints 

on fluxes are represented as upper and lower bounds: 

 

 (2.4) 
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Figure 2.9: Constraint-based modelling defines the solution space by using 
constraints. 

 

2.6.1. Flux Balance Analysis (FBA) 

 

Flux balance analysis (FBA), a constraint-based modelling approach, is 

frequently used to analyze the metabolic state of a cell through a metabolic model 

[118]. FBA estimates metabolic flux distributions using in silico genome-scale 

metabolic models.  

Constraints limit the space of possible flux distributions but do not allow for the 

discovery of a unique solution since the system is often under-determined. A unique 

solution for some fluxes can be calculated once the optimization is performed based 

on an objective function such as maximization of growth, minimization of ATP usage. 

The biological system's assumed biochemical goal and research purpose have a role in 

defining the objective function. The main objective function is expressed as: 

 

 (2.5) 
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Where c is a row vector showing how much each reaction in v contributes to the 

objective function (Z). FBA finds the optimum flux distributions based on a set of 

criteria that satisfy the constraints that have been previously established. 

FBA utilizes Equations (2.3) and (2.4) as constraints and an objective function 

(Equation (2.5)) to solve for unknown fluxes (Figure 2.9). It aims to identify the 

optimum distribution for a particular context, such as maximizing growth, from all 

potential flux distributions. Under a steady-state condition, the flux values of the 

metabolic model are computed by maximizing the objective function with the help of 

constraints. The majority of objective functions used in FBA are linear and solved 

using linear programming (LP). However, since linear objective functions have often 

the alternative optima problem, many solutions may have the same objective function 

value [158]. That is, linear objective functions results in non-unique flux distributions. 

The alternate problem may be addressed using a second objective function that 

minimizes the sum of squares of all fluxes with quadratic programming (QP) by fixing 

the first objective function at its optimum value. The minimization of the sum of 

squares method [159, 160]  can be expressed mathematically as follows: 

 

 (2.6) 

 

This approach is founded on the premise that reactions are catalyzed with 

minimal enzyme use, one of the fundamental characteristics of biological systems 

[136] . 

 

2.6.2. Minimization of Metabolic Adjustment (MOMA) 

 

Under unperturbed circumstances, the assumption of maximum growth is 

reasonable. However, genetic disturbances can occur sometimes in the organism. The 

living organisms are often subjected to genetic disorders yet they tend to retain their 

metabolism in homeostasis. Diseases can also be considered as a perturbation of 

healthy state. There are CBM methods to model metabolic fluxes in disturbed states. 

These methods assume that the disturbed organisms/cells show a minimum divergence 

in reaction rates from their healthy counterparts. 
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Minimization of Metabolic Adjustment (MOMA) is a CBM method that is used 

to estimate the impact of disturbances like gene deletion on metabolism [61]. MOMA 

assumes that a perturbed/disrupted cell will try to stay as close as possible to its 

reference state. MOMA utilizes the healthy state flux distribution as reference and 

attempts to calculate the smallest possible Euclidean distance between healthy state 

flux distribution (wi) and perturbed state (disease) flux distribution (vi). Therefore, it 

establishes a quadratic objective function that translates into a problem in quadratic 

programming (QP).  

 

 (2.7) 

  

 (2.8) 

 

Equation (2.7) is simplified to Equation (2.8) to be utilized in quadratic 

programming via eliminating the wi
2 constant value and square root from Equation 

(2.7). The linear portion of the optimization is represented by -2wi.vi while vi2 

represents the quadratic part. That is, there are two objective function terms required 

to solve. MOMA utilizes the quadratic programming to solve them.  

 

2.6.3. Least-square with equalities and inequalities Flux Balance 
Analysis (LseiFBA) 

 

Least-square with equalities and inequalities Flux Balance Analysis (LseiFBA) 

is a CBM method used to predict the metabolic changes in disease from gene 

expression data. Gene expression and enzymatic flux changes are assumed to be 

proportionate in LseiFBA algorithm [74]. Lsei-FBA offers a bioinformatic prediction 

of network-level changes based on trends indicated by gene expression changes. When 

calculating flux values in the disease state, LseiFBA assumes that the fold changes of 

reaction rates and gene expression fold changes are proportional between the control 

and disease states. In other words, if the mRNA level of the gene encoding the enzyme 

that catalyzes a reaction between the two conditions has increased, the rate of the 
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related reaction will also increase. If it has not changed, the rate of the corresponding 

reaction will not change either. 

Lsei-FBA algorithm can be applied in four steps: (i) FBA is performed to obtain 

the flux prediction for healthy state (Vrf), (ii) Fold change (FCgene) is calculated by 

dividing the disease gene expression value to control gene expression value for each 

gene (Equation  (2.9)), (iii) Initial disease flux vector (Vref,D) for disease state is 

obtained via multiplying the healthy state flux distribution vector with the fold change 

values (Equation (2.10)). Vref,D will not obey mass balance constraints. Therefore, the 

flux estimation of disease case is performed by utilizing an objective function that 

minimise the Euclidean distance between the initial disease flux vector and disease 

state flux distribution to be estimated (Equation (2.11)). 

 

 (2.9) 

  

 (2.10) 

  

 (2.11) 

 

2.6.4. Modified Least-square with equalities and inequalities Flux 
Balance Analysis (mLseiFBA) 

 

Modified LseiFBA is the linear version of the LseiFBA [74]. Modified LseiFBA, 

here referred to as mLseiFBA is utilized to estimate disease state flux distributions. As 

in the LseiFBA method, mLseiFBA predicts the disease state flux from the reference 

flux distribution. It first calculates the fold change of each gene (FCgene) (Equation 

(2.9)) and performs FBA analysis to predict the flux distribution for healthy state (Vrf). 

Fold change values of genes  are multiplied with healthy state flux 

distribution (  to obtain the initial disease flux vector (Vref,D) (Equation (2.10)). 

Unlike LseiFBA (Euclidean distance), mLseiFBA utilizes an objective function 

that minimize absolute flux difference between the reference flux vector and disease 

condition flux distribution (Equation (2.12)), subject to stoichiometric, mass balance 

and imposed boundary constraints. The model should be converted to an irreversible 



33 
 

form to apply the mLseiFBA approach since the objective function of mLseiFBA is to 

minimize the sum of absolute flux difference between the reference flux vector and 

disease condition flux distribution. 

 

2.7. Context Specific Model Reconstruction 

 

In multicellular organisms, cells can exhibit a wide variety of phenotypes despite 

sharing the same genome. GEMs have been widely used to guide the study of large 

omics datasets, as they offer a biological context for these data by demonstrating a 

mechanistic link between genotype and phenotype. 

GEMs include all known metabolic processes but, increasing evidence suggests 

that only a fraction of these reactions are active in a specific context, such as a 

particular developmental stage, cell type, or environment. This is especially important 

when dealing with multicellular organisms such as mammalians where many cell types 

with specific metabolic activities coexist [162]. Numerous studies, including in silico 

knock-out experiments, have demonstrated that extracting subnetworks containing 

only active reactions improves metabolic model prediction [163]. 

To simulate cellular metabolism, it is essential to reconstruct a GEM tailored to 

the particular cell type or condition. Context-specific models are a subset of the 

original generic organism-specific GEMs [124]. The context-specific models are 

reconstructed from the generic model via extracting a subset of reactions that are active 

in the particular cell or condition. Several cell-type-specific models, including liver 

[164], brain [135], alveolar macrophage [165], and a multi-tissue model for 

hepatocytes, adipocytes, and myocytes have been manually built utilizing the generic 

models as scaffolds [166, 167]. Because not all enzymes are active in every cell type 

or culture environment, algorithms have been developed to construct context-specific 

models utilizing omics data to recapitulate the metabolism of particular cell types 

under specified circumstances [168]. 
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Figure 2.10: Families of context-specific reconstruction algorithms. 
 

Regarding the objective used, context-specific reconstruction algorithms may be 

classified into three major families: GIMME-, iMAT-, and MBA-like families (Figure 

2.10) [169].  

GIMME-like family algorithms attempt to maximize the similarity between the 

flux phenotype and omic data/transcriptome by optimizing an objective function. 

MBA-like family algorithms categorize the reactions as core and non-core reactions. 

They tend to maximize the core-reactions and minimize the non-core reactions in the 

final model. 

The consistency between the flux distribution and the data is 

optimized/maximized by the iMAT-like family of algorithms. The iMAT-like family, 

including iMAT [170], INIT [171] and tINIT [114] do not need to optimize for a 

biological function. The primary benefit of this family of techniques is not requiring 

an objective function. Therefore, such approaches are useful to draw up context-

specific models if no particular objective function is known to dominate the situation, 

which is frequently the case for mammalian organisms and corresponding tissue-

specific models. The disadvantage of these methods, on the other hand, is that they 

need a significant amount of computing power since they use MILP (Mixed Integer 

Linear Programming). 

The major distinction between iMAT and INIT is that INIT utilizes expression-

based weights or arbitrary values to favor the inclusion of reactions that are most 

supported by the data rather than applying rigid discretion/threshold criteria. 
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Additionally, INIT can impose a net positive flux via the processes that generate 

certain metabolites by setting non-zero limits (b>0 in Sxv = b). tINIT accepts an extra 

parameter, which specifies the metabolic tasks that the model must be capable of 

doing. 

 

2.7.1. Integrative Metabolic Analysis Tool (iMAT) 

 

Tissue-specific metabolic models have long been developed, and the use of 

omics data to enhance phenotypic predictions is not a novel concept. Shlomi et al. 

[172] pioneered the use of the Integrative Metabolic Analysis Tool (iMAT) to predict 

metabolic activity in 10 human tissues: the brain, heart, kidney, liver, lung, pancreas, 

prostate, spleen, skeletal muscle, and thymus. 

This method incorporates gene or protein expression data into the already 

available human metabolic network model.  Since post-transcriptional regulation is 

not represented in gene and protein expression data, this approach uses the levels of 

gene expression as signals to determine the likelihood that the reactions connected 

with them carry metabolic flux. Genes are categorized as highly, lowly, and 

moderately expressed genes and then transformed to 1, -1, and 0, respectively, by 

utilizing the gene-protein-reaction rules. This transformation results in two sub-sets of  

reactions: RH (highly expressed) and RL in the model reactions (lowly expressed). 

iMAT uses a Mixed Integer Linear Programming (MILP) formulation to determine a 

steady-state metabolic flux distribution. The number of reactions associated with 

highly expressed genes is maximized and the number of reactions associated with 

lowly expressed genes is minimised. Therefore, no biological objective function is 

required. 
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The full iMAT formulation is shown below [173]: 

 

 

(2.13) 

 

v, S, vmin and vmax represent the flux vector, a stoichiometric matrix, lower and 

upper bounds of the fluxes respectively. The boolean variables y+ and y- indicate 

whether the reaction is active (in either direction), and the   value represents the 

smallest amount of flux that must be present in order for the reaction to be classified 

as active. 

 

2.7.2. Integrative Network Inference for Tissues (INIT) 

 

In 2012, Jens Nielsen's team introduced the Integrative Tissue Network 

Inference (INIT) algorithm [171]. This method utilizes Human Protein Atlas (HPA) 

cell type expression information as a primary source of data to evaluate the existence 

or lack (protein evidence score) of metabolic enzyme for each human cell type. 

The algorithm relies heavily on cell type-specific information from HPA to 

determine the presence or lack of metabolic enzymes in each of the human cell types. 

Additional data sources can also be utilized such as tissue-specific gene expression 

and Human Metabolome Database (HMDB) metabolomic data. The INIT algorithm 

has been developed as a MILP problem to maximize the number of scores for flux-

carrying reactions. Unlike other algorithms, the INIT algorithm allows some 

metabolites to accumulate in small amounts (positive) instead of making a steady-state 

assumption for all internal metabolites. This prevents the removal of 

reactions involving dead-end metabolites. 
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INIT formulation using MILP can be specified as [171]: 

 

 

(2.14) 

 

S, v, b, R, M indicate stoichiometric matrix, reaction rate vector, net 

accumulation/consumption rate for each internal metabolite, reactions and 

y small positive number. yi and xj 

are binary variables and they denote the active or inactive state of a reaction and a 

metabolite, respectively. If the protein evidence scores are obtained from HPA, the 

weight scores are assigned to 20, 15, 10 or -8 values, which refer to the high, medium, 

low and absent evidence levels.  Once transcriptome data is used, the weight for each 

gene is calculated using the following formula [171]: 

 

 (2.15) 

 

wi,j represents the tissue of interest and i the gene of interest. Based on the 

formula, when the transcriptome data is used, the weight calculation for each gene is 

as follows: The expression value of the related gene in the relevant tissue is divided by 

the average of the expression value of that gene in all tissues, and when the natural 

logarithm X of the obtained value is taken and multiplied by 5, the weight for the 

relevant gene will be calculated. A positive weight value will be obtained if gene 

expression in a particular tissue is greater than the average of all tissues. INIT 

algorithm attempts to maximize the number of positive weight reactions and minimize 

the negative weight reactions in the final model.  
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3. CLUSTERING ANALYSIS 

 

Because various rat transcriptome datasets linked with Parkinson's disease were 

utilized in this research, it was investigated to what extent the datasets used represented 

Parkinson's disease and how similar the datasets were in terms of metabolic genes by 

considering brain area and model type (neurotoxin model, genetic model) in this 

chapter. Hierarchical cluster analysis was performed to investigate the similarity 

between these datasets. 

 

3.1. Datasets 

 

The transcriptome datasets used in this study were selected from Gene 

Expression Omnibus (GEO) [105] based on the studies designed to compare PD with 

control using rat as a disease model, with at least three samples for each condition in 

the dataset. In this study, 6 different rat transcriptome datasets including 11 

 associated with 

ere used.  Summary of the datasets is presented in Table 3.1 
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Table 3.1: Rat transcriptome datasets. 
 

 

3.2. Dataset Normalization 

 

Since the transcriptome datasets used in this study correspond to different 

platforms (such as Microarray, RNA-sequencing (RNA-seq)), each dataset was read 

on R environment through different Bioconductor packages including affy [174] and 

oligo [175]. All steps involving normalization of datasets were performed in R 

programming environment. 

 

 

 

Organism GEO ID Brain 
Regions 

Model 
Type 

# 
Samples 

Platform Comparisons 

Rat GSE24233 Striatal 
Brain 
Tissue 

6-OHDA 
(neurotoxi
n model) 

9 Illumina 
ratRef-12 

v1.0 

Control saline (n 
=4) 
vs 
 

6-OHDA saline 
lesioned (n =5) 

 
Rat GSE58710 Substanti

a nigra 
6-OHDA 
(neurotoxi
n model) 

30 RaGene-
1_0-st 

Vehicle (n =3) vs 
6OHDA (n =3) 

Five different time 
points 

Rat GSE71968 Hemi 
Brain 
(Half 

cerebrum 
+ Half 

cerebellu
m + Half 
brainstem

) 

DJ-1 
knockout 
(Genetic 
model) 

13 Illumina 
HiSeq 
2000 

Wilde type (n =7) 
vs 

DJ-1 knockout (n 
=6) 

Rat GSE74382 Dorsal 
striatum 

L-dopa 
(neurotoxi
n model) 

14 Rat230_2 Sham saline saline 
(n =7) 

vs 
Lesion saline 
saline (n =7) 

Rat GSE93695 Striatum 6-OHDA 
(neurotoxi
n model) 

6 RaGene-
2_0-st 

Normal group (n 
=3) 
vs 

PD-group (n = 3) 
Rat GSE150646 Frontal 

Cortex 
Over exp-

SNCA 
(Genetic 
model) 

20 Illumina 
HiSeq 
2500 

Wild type (n =5) 
vs 

Transgenic rats (n 
= 5) 

Two different 
time points 
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3.2.1 Dataset Preprocessing 

 

Micro-array datasets and RNA-seq datasets were processed separetely. The 

preprocessing of microarray datasets was performed mainly in three steps: i) 

Background correction (summarization of probe level data into probe-set level using 

RMA convolution model), ii) summarization of probe-sets to genes, and iii) quantile 

normalization and log2 transformation. 

 

i) RMA correction: Affymetrix GeneChip arrays are widely utilized by 

researchers. Genes are probed by using oligonucleotides of 25 bp length. A probe set 

consisting of 11 20 probe pairs of these oligonucleotides is typically used to represent 

an mRNA (messenger RNA) molecule of interest in the microarray design. Each probe 

pair is composed of a perfect match (PM) probe and mismatch (MM) probe. Perfect 

match (PM) probes are used to detect specific binding to particular sections of mRNA 

molecules. Mismatch (MM) probes are produced by altering the middle (13th) base of 

the PM probes to measure non-specific binding [176]. Following scanning of the 

arrays hybridized to labelled RNA samples, the intensity values PMij and MMij for the 

arrays are calculated and recorded. The total of probe intensities for each probe set 

must be computed in order to get a measure of expression that represents the quantity 

of the associated mRNA molecules. The RMA (Robust Multi-Array Average) 

processing is a background normalization and probe-to-probe-set summarization 

approach. It employs a global background correction based on PM probes. For the 

RMA-based correction of -1_0- -2_0-

[175] [174] R libraries were used. 

ii) Summarization of probe-sets to genes: For cross-platform analysis to be 

possible, expression levels need to be characterized as universal entities such as genes. 

As a result, probe sets should be converted to their associated gene IDs. Mostly, the 

relationship between probe-sets and genes is not one-to-one. That is, it is possible to 

have a probe-set linked with two genes, as well as two probe-sets associated with 

one/same gene. A probe-set corresponding to more than one gene was excluded from 

the dataset to avoid non-specific expression levels. In the case of multiple probe 

matches for a single gene, the probe with the highest mean expression value across all 

samples in the datasets was selected. 
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In different microarray-based datasets, gene information can be given in various 

formats (gene symbol, Entrez ID, Ensemble ID, etc.). To enable comparison of 

datasets, expression values in all datasets were expressed in terms of Entrez ID. Probe 

set-Entrez ID conversion in microarray datasets was performed/achieved using the 

biomaRt package [177]. Moreover, Ensembl/Ref-seq IDs were converted to Entrez ID 

in RNA-seq datasets through biomaRt package.  

iii) Quantile Normalization and Log2 transformation: Quantile normalization is a 

comprehensive data analysis technique that eliminates non-biological variance 

between samples. The method makes sample distribution the same, but maintains 

differential expression across samples [178] (Figure 3.1). The affy() function and its 

default parameters were used to perform quantile normalization. Log2 transformation 

is often used in gene expression data analysis to make variations in gene expression 

levels across different genes more similar and more symmetrical [179]. It is aimed to 

make the data close to a normal distribution by performing the log2 transformation 

before applying statistical tests based on normal distribution such as t-test. 

Accordingly, the transformation was applied, and the distribution of mRNA 

expression values reported by each dataset was examined. 
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A)

 
B) 

 
 

 
Figure 3.1: Example boxplot for the GSE74382 dataset A) before and B) after 

quantile normalization. 
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The processing of RNA-seq datasets was performed mainly in three steps: i) 

Converting counts to DGEList Object, ii) Filtering lowly expressed genes, and iii) 

Normalization. 

 

i) Converting counts to DGEList Object: Following reading the RNA-seq count 

data, A DGEList class object was built using the count matrix through edgeR 

bioconductor package [180]. The DGEList object is used to hold all the necessary 

information, including the library sizes and dispersion estimation of each gene for a 

general linear model [181]. 

ii) Filtering lowly expressed genes: There is minimal indication of differential 

expression in genes with extremely low number counts across the libraries. 

Additionally, the high degree of discreteness in these counts complicates the 

application of certain statistical approximations later in the pipeline. In this regard, 

these genes should be removed before further investigation. Firstly, the count data was 

converted to count-per-million via cpm() function. Then, the highest cpm value was 

determined for each gene across all samples, and genes with less than one maximum-

cpm-value were excluded.  

iii) Normalization: RNA-seq analysis techniques generally normalize data across 

samples by reducing/scaling the number of reads in a particular lane or library to a 

shared value across the sequenced libraries [182]. Normalization of library sizes was 

performed via the use of the calcNormFactors function, which finds a set of scaling 

factors for library sizes that minimizes the log-fold differences across samples for the 

majority of genes. Trimmed mean of M-values (TMM), which is the default method 

in edgeR, was used as the normalisation method to remove compositional biases 

amongst libraries. This results in a number of normalizing factors that determine the 

effective library size of the product and the sizes of the library.  
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3.2.2. Principal Component Analysis (PCA) 

 

Principal component analysis (PCA) uses a mathematical algorithm that reduces 

the size of the data substantially by retaining the variation in the dataset [183]. In other 

words, PCA is a technique used to reduce the size of datasets, increase interpretability 

and at the same time minimize information loss. It is also used to detect whether the 

samples in a dataset consisting of two groups form two separate groups as expected, 

and most importantly, to detect outlier samples in the dataset. PCA analysis is a 

statistical approach frequently used in transcriptome studies to visualize variation 

between samples. 

Since the focus of this thesis is metabolic alterations, transcriptome data 

collected from in vivo rat models of Parkinson's disease were filtered using metabolic 

genes before PCA analysis. Metabolism associated genes were obtained from Human-

GEM genome scale metabolic model containing 3628 genes [122]. Rat orthologs of 

3628 Ensemble gene IDs obtained from Human-GEM were identified through 

biomaRt [177, 184], and 3847 rat ortholog Entrez gene IDs were obtained. 

Transcriptome datasets were filtered based on rat orthologous Human-GEM metabolic 

model genes. Following the filtering, prcomp () was used in R to conduct PCA analysis 

to identify the outliers in each dataset, and the outliers in the datasets were excluded 

from the datasets (Figure 3.2). Removed samples from datasets are given in Table 3.2. 
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A)

B) 

 
Figure 3.2: Example PCA for the GSE24233 dataset. A) Before removing outlier. B) 

After removing the outlier. Blue circle indicates the outlier sample. The x-axis 
corresponds to the first principle component and the y-axis corresponds to the second 
principle component. Percentages in parentheses refer the variance explained by each 

component. 
 

Table 3.2: Removed outlier samples. 
 

GEO ID Removed Sample ID 

GSE24233 GSM596028 

GSE71968 GSM1848719 



46 
 

3.3.Hierarchical Clustering Analysis 

 

Clustering is an unsupervised learning problem that entails dividing observations 

into homogeneous subsets or clusters to deduce subpopulation organization within a 

dataset. Numerous clustering techniques have been suggested, including hierarchical 

clustering [185]. 

Hierarchical clustering is a method that groups related items into groups named 

clusters. The endpoint is a collection of clusters, each unique from the others, and the 

items inside each cluster are more similar to each other than to other items. 

Agglomerative and divisive clustering algorithms are two types of methods used in 

clustering is a "top down" method that begins at the root and progresses to the leaves 

[186]. Agglomerative hierarchical clustering analysis is a kind of unsupervised 

machine learning method that is often used to identify comparable subgroups within a 

larger population [187]. 

Since rat datasets will be subjected to clustering analysis together, instead of 

directly using these datasets produced by different study groups, fold change and p- 

value for each gene in the relevant condition were used in the clustering analysis to 

make each dataset independent of the mRNA levels it reports. Differential expression 

analysis of normalized datasets was performed through the limma package [188] to 

calculate gene fold change and empirical Bayes p-values between disease and control 

groups for each of the datasets. Fold change values vary between [0-1] for down-

regulated genes while for genes with increased expression, the range is [1- ]. To 

compensate for the inequality in the range, the fold change values of down-regulated 

genes were transformed to 1/(fold-change). And, the values were multiplied with (-1) 

to preserve the information that they were decreased. Since bivalent information such 

as fold change and p-value may be critical for capturing smoother clustering patterns, 

scoring system called gene scoring was used to combine fold change and p-value 

information of the differential expression analysis results. Clustering analysis was 

carried out using the "gene score" method, which has been proposed in the literature 

[189]. The following formula was used to calculate gene score: 
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(3.1)

 

To calculate gene score, the transformed fold-change values (FC) as mentioned 

above were obtained for 11 Control and PH comparisons from 6 datasets, and they 

were collected in a single matrix. The same procedure was performed for the p-values. 

After combining the datasets, a matrix with 3653 rows (genes) and 11 columns 

(comparison groups) was obtained. Among the genes with missing values in the data, 

there may be important metabolism genes affected in Parkinson's disease. If the 

number of comparisons missing a value was greater than 5% for a gene, such genes 

were excluded from the data. As a result of this filtering, a new data consisting of 1727 

genes and 11 columns (comparisons) was obtained. Then, missing values in the data 

were filled in using the missForest package/library [190] in order to retain gene 

information in the data. missForest is a non-parametric missing value filling technique 

that uses the randomforest algorithm to fill in missing values that arise during the 

merging of various datasets. After filling in the missing values, the gene scores were 

calculated by using Equation (3.1). The gene score distribution of 11 comparisons is 

given in Figure 3.3. According to Figure 3.3, some extreme gene-score values were 

identified for some comparisons. Three genes with extreme gene score values were 

excluded from the data matrix. 
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Figure 3.3: Gene-score distribution of the 11 PD-control comparisons. 
 

After filtering out the genes with extreme gene score values, instead of utilizing 

all 1723 genes that remained, clustering was performed by choosing the genes that 

exhibited the highest variability across all circumstances. It is important to utilize 

genes with the highest variance in the gene score values for all data comparisons to 

separate the comparisons more correctly in terms of brain areas and model types 

(neurotoxin models, genetic models) in the hierarchical clustering analysis. Highest 

variable genes across the comparisons were determined using plotloading() in 

PCAtools package [191]. Here, for each of the principal components that explains 70% 

of variance in the gene score matrix, the genes that contribute most to the variance in 

that principal component was determined and selected. For this, 10% of genes with 

highest principle component scores and 10% of genes with lowest scores were 

selected. 1318 genes were obtained, and these genes were subjected to hierarchical 

clustering analysis. Hierarchical clustering analysis was performed using the 

factoextra package/library [192] Different proximity measures (Euclidean distance, 

Spearman correlation, Pearson correlation) were used to detect the difference between 
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samples through agglomerative clustering and ward.D method for hierarchical 

clustering analysis. Compared to other proximity measure methods, groups were better 

separated/clustered once the Spearman method was used (Figure 3.4).  

 

 
 

Figure 3.4: Gene-Score based hierarchical clustering analysis of datasets. 
 

Hierarchical clustering analysis of the datasets/samples via metabolic genes 

showed that the samples were clustered under two main groups (Figure 3.4). Substantia 

nigra (SN) samples clustered in one group while the other group contained 

heterogeneous brain regions including striatum, dorsal striatum, hemibrain, and frontal 

cortex brain regions (Figure 3.4). Normally, the same/similar brain regions are 

expected to be under the same group. Figure 3.4 shows that the SN samples were 

collected under the same group and all these samples corresponded to the same dataset 
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(GSE58710). It was not expected that SN samples would cluster under the same group 

since GSE58710 is a time point dataset. This result may originate from the laboratory 

effect. Moreover, it was seen that striatum samples corresponding to different datasets 

clustered together as it was expected. 
1318 genes were also subjected to enrichment analysis to investigate whether 

conducted via enrichR package [193]. 

disease term between enriched terms and also there are significantly enriched terms 

especially associated with PD including TCA-cycle metabolism [4], inositol phosphate 

metabolism [194], oxidative phosphorylation [4]. The results of enrichment analysis 

have shown that the genes subjected to hierarchical clustering analysis are metabolic 

genes and can be utilized to investigate the differences/similarities in the metabolism 

of Parkinson  disease across comparison groups. 

 

 
 

Figure 3.5: Enrichment analysis of most variable gene. 
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4. RECONSTRUCTION OF A RAT BRAIN- 
SPECIFIC GENOME SCALE METABOLIC 
MODEL 

 

Rats are used as model organisms in the development of preclinical drugs and 

the identification of biomarkers. Although the rats and humans are genomically and 

physiologically similar [195], there are functional variations in nonpharmacokinetic 

metabolism, which may affect whether a chemical causes toxicity or increases the level 

of a biomarker [196]. Identifying and interpreting species-specific distinctions 

between rats and humans is critical in terms of  the interpretation of preclinical animal 

research in drug development, biomarker identification, and comparative 

toxicogenomics [197]. 

Metabolic modeling of rat brain at genome scale is required to overcome the 

information gap in clinical and fundamental research between humans and rats. The 

low availability of well curated GEMs for rats and other animals has been ascribed to 

the significant work needed to manually build a GEM based on information from 

biochemical databases, genomic annotations, and literary evidence [198]. 

Because metabolism plays a critical function in the cell, it is essential to conduct 

a comprehensive study of the impact of neurodegenerative disorders on brain 

metabolism. Such investigations may potentially identify the common pathways 

disrupted by neurodegenerative illnesses and metabolism-specific disorders. 

Astrocytes are critical in terms of the proper functioning of the brain's 

metabolism, which may lead to neurological conditions in the case of astrocyte 

disruption. Astrocytes and neurons have function on neurotransmitter metabolism 

[199, 200]. Experimental evidences have shown that the connections between neurons 

and adjacent astrocytes need more examination, particularly under pathological 

circumstances, to comprehend the neurovascular and neurometabolic linkage better 

[201]. Therefore, models are required that cover neuron and astrocyte metabolisms 

separately and couple them together. 

Brain-specific genome scale metabolic models have been reconstructed based 

on stochiometric modelling [10, 11, 136, 165, 202].  iBrain671-Hs [10] and iBrain674-

Mm[11], taking into consideration neuron-astrocye separation, are brain-specific 

genome scale metabolic models that have been recently reconstructed for human and 
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mouse organisms, respectively. All those models are two-cell models, including 

metabolic reactions in and between neurons and astrocytes. 

There are brain-specific GEMs for both human and mouse but such a model is 

not available for rat.  In this thesis study, a rat brain-specific metabolic model was 

constructed with reference to the human iBrain671-Hs and mouse iBrain674-Mm 

brain-specific metabolic models. The rat brain specific GEM reconsruction was 

performed mainly in four steps. The method of reconstructing genome-scale brain-

specific metabolic networks for rats is detailed in the following sections and illustrated 

in Figure 4.1.  

 

 
 

Figure 4.1: GEM reconstruction steps followed in this thesis study (Modified from 
[203]). 
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4.1. Draft Reconstruction 

 

Homology-based approach was utilized in the reconstruction process of brain-

specific genome scale metabolic model of rats [139]. Since rat brain metabolism is 

similar to human and mouse brain metabolisms, human iBrain671-Hs and mouse 

iBrain674-Mm brain-specific models were used as template models to reconstruct rat 

brain specific GEM.  

Firstly, rat orthologs of genes responsible for each reaction in human (iBrain671-

Hs) and mouse (iBrain674-Mm) models were separately identified. Since utilizing 

several databases for orthologous conversion may result in the introduction of 

erroneous genes with different functions, a single database was used for orthologous 

transformation.  

DIOPT was used as the main source to identify orthologous gene pairs between 

humans and rats, as well as mouse and rats [204]. DIOPT is a simple but efficient tool 

for the fast ortholog identification between organisms. It integrates different 

approaches allowing rapid identification of orthologs among human, mouse, rat, 

zebrafish, C. elegans, Drosophila and S. cerevisiae. It also shows protein and domain 

alignments for anticipated orthology pairings, including percentage of amino acid 

identity. This helps users find the most suitable matches among numerous orthologs. 

DIOPT also offers a DIOPT score and rank referring to the orthology accuracy. The 

DIOPT score refers to the number of used databases for ortholog search. Since the 

DIOPT uses a total of 18 different databases for ortholog identification, the maximum 

DIOPT score is 18. DIOPT classifies the ortholog results as high, moderate or low 

rank. High rank indicates the best score in both ways (forward and reverse ortholog 

(forward or reverse) with 

all others. Because several genes in the human and mouse models had multiple rat 

orthologs in the DIOPT database, the rat orthologous genes with the highest DIOPT 

score and rank labelled as high were utilized to avoid introduction of erroneous genes 

with different functions. On the other hand, rat orthologs of some genes were not found 

in DIOPT, or rat orthologs with low DIOPT scores were detected.  

The Rat Genome Database (RGD) [205] was used as an additional source when 

rat orthologs of some genes in the human or mouse model were not detected by DIOPT 
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or when the ortholog pairs had a low DIOPT score. RGD is the most comprehensive 

rat-specific database in terms of rat genetic-genomic-phenotypic data and molecular 

pathway literature information. 

If the rat orthologs of genes in the relevant reaction were identified in the human 

(iBrain671-Hs) or mouse (iBrain674-Mm) model, the reaction was added to the rat 

model, assuming that the reaction occurred in the rat brain. For this purpose, GPR rules 

in human and mouse models were converted to rat GPR rules individually by 

substituting human and mouse genes with known rat orthologs. Finally, GPR rules 

were merged to create a rat metabolic network from both the human and mouse 

metabolic networks, and a draft brain specific GEM was reconstructed for rat. 

 

4.2. Manual Curation 

 

Following a draft reconstruction of rat brain specific GEM, a complete re-

evaluation and refinement of the draft reconstruction were carried out at this stage 

through literature information and several databases. Since the inclusion of non-

organism-specific reactions in the model may have a negative impact on the model's 

predictive capability, the rat draft network was curated and refined to ensure the 

existence of all enzymes and their related genes in the rat brain. 

EC number is an enzyme categorization system based on the chemical processes 

catalyzed. Each EC number corresponds to a suggested name for the corresponding 

enzyme in the system of enzyme nomenclature [206]. Firstly, all reactions of the 

human iBrain671-Hs and mouse iBrain674-Mm brain models were searched on RGD 

[205] by using Enzyme Commision numbers (E.C) of the enzymes catalyzing the 

reactions, enzyme names, and metabolites to identify the homolog reactions for the rat. 

Since the Rat Genome Database (RGD) is the most comprehensive rat-specific 

database, including rat genetic-genomic-phenotypic data as well as comparative 

disease and molecular pathway literature information for mouse and human in addition 

to rat, it was used as the main source in the reconstruction process.  

Reactions with no rat homolog in RGD were checked in the BRENDA [198] and 

Metabolic Atlas [256] databases using the same method. BRENDA is the most 

extensive data repository that contains literature-based functional and molecular 

enzyme information. The Metabolic Atlas is an online service that offers extensive 
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information about human metabolism. Several metabolic models, including Human-

GEM, are integrated into Metabolic Atlas via a GEM-browser user interface. This 

interface makes it easy to get information on the appropriate reaction using a particular 

search term (keyword) linked to the names of the gene, protein, or chemical 

metabolites. 

The EC numbers for some reactions in the reference human and mouse metabolic 

models were found to be out of date, and the appropriate EC numbers were revised 

using the BRENDA database. Some of the reactions with updated EC numbers are 

given in Table 4.1. 

 

Table 4.1: Reactions with updated EC number. 
 

Reaction ID iBrain671-Hs 
/iBrain585 Mm 

Updated EC in rat 
GEM 

RA_lys7_c (R181) 1.3.8 1.2.4.2 

RA_lys9_m; RN_lys9_m 4.2.1; 4.1.1.70 1.3.8.6 

RA_da5_c 1.4.3.3 1.4.3.4 
RA_chol18_c 1.14.13.72 1.14.18.9 

 

It was observed that some reactions corresponding to the relevant EC number in 

RGD were not exactly the same as the reactions in the reference models, and there 

were some differences in the metabolite names. The differences in metabolite names 

were confirmed by checking BRENDA and the Human Metabolic Atlas for the 

respective reactions. It was determined by PubChem [207] that this difference in the 

metabolite names of the related reactions was due to the use of synonymous metabolite 

names. 

During the manual curation process, additional genes were added to the rat GPR 

rules for certain reactions. Some gene information not included in the iBrain models 

was added to the model based on RGD [205] and iRno-GEM [131] (Table 4.3). The 

existence of rat homolog reactions and GPR rules in the iRno-GEM was also 

investigated to ensure that such reactions occur in the metabolism of rat brain. 
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Table 4.2: Examples of cases where a new gene is added to the Rat brain specific 
GEM model reconstructed in this study. 

 
Reaction ID GPR in iBrain671-Hs/ 

iBrain674-Mm 
GPR in Rat brain-

specific GEM 
reconstructed in this 

study 

RA_gly16_c;  
RN_gly16_c 

LDHA | LDHAL6A | LDHAL6B | 

LDHB | LDHC (Human) 

Ldhal6b | Ldha | Ldhb | Ldhc (Mouse) 

Ldhb | Ldhc | Uevld | 

Ldhal6b | Ldha 

RA_ppp1_c;  
RN_ppp1_c 

G6PD (Human) 

G6pd2 | G6pdx (Mouse) 

G6pd | H6pd 

RN_ggc3_m ASNS | GLS | GLS2 (Human) 

Gls | Gls2 (Mouse) 

Gls | Gls2 | Nadsyn1 

 

 

The distribution of metabolic reactions between different compartments within 

the cell has a significant impact on the predictive power of the metabolic 

network/model. Therefore, it is important to categorize similar reactions involving the 

same metabolite but occurring in different compartments at the compartment level. In 

this context, rat homolog reactions and the genes associated with these reactions were 

divided into cytosolic and mitochondrial compartments based on compartment 

information from the reactions in the human brain model [10]. 

Cells tend to generate proteins, lipids, carbohydrates, and nucleic acids to 

perform their fundamental biological activities under all circumstances.The process of 

biomass (macromolecule) production may be characterized by the assembly of 

biomass constituents such as proteins (Table 4.3), DNAs, RNAs (Table 4.5),  lipids 

(Table 4.4) and carbohydrates (Table 4.6) that are created from precursor metabolites, 

such as amino acids, nucleotides, fatty acids and sugars [208]. The biomass reaction is 

an abstract reaction in a GEM, which includes the biomolecules required to produce a 

dry-weight unit of the cell. A brain-specific macromolecule synthesis (biomass) 

reaction (Table 4.7) and ATP-requirement reactions (non-growth associated) were 

introduced to iBrain766-Rn GEM to account for these fundamental functions of brain 

metabolism. The GAM (growth associated ATP maintenance) coefficient in 

macromolecule synthesis reactions was as used as 29.04 for both astrocyte and neuron 

[10, 209]. On the other hand, the rates of NGAM (non-growth associated ATP 

maintenance) reactions were used as 20 % of maximum ATP production rate for both 
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neuron and astrocyte [210]. The process for macromolecule synthesis was designed 

based on the proportions of macromolecules in brain samples that were previously 

determined [10]. 

 

Table 4.3: Amino acid coefficients of macromolecule synthesis reaction. 
 

Protein Composition  

Alanine 328.25 

Arginine 138.96 

Asparagine 33.50 

Aspartate 321.27 

Cysteine 45.93 

Glutamine 1236.93 

Glutamate 2323.97 

Glycine 875.06 

Histidine 45.77 

Isoleucine 43.28 

Leucine 85.68 

Lysine 58.01 

Methionine 23.03 

Phenylalanine 38.17 

Proline 685.02 

Serine 283.11 

Threonine 121.08 

Tryptophan 35.28 

Tyrosine 241.76 

Valine 159.94 

Ornithine 49.31 

GABA 618.21 
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Table 4.4: Lipid coefficients of macromolecule synthesis reaction. 
 

Lipid Composition  
Cholesterol 129.18 

Phosphatidyl-ethanolamine 60.6 

Phosphatidyl-choline 58.35 

Phosphatidyl-serine 23.44 

Sphingomyelin 10.72 

Phosphatidyl-inositol 5.99 

Cardiolipin 2.84 

 

Table 4.5: RNA coefficients of macromolecule synthesis reaction. 
 

 

Table 4.6: Carbohydrate coefficients of macromolecule synthesis reaction. 
 

 

Table 4.7: Content of macromolecule synthesis reaction.  
 

 

 

RNA composition  
AMP 516.58 

CMP 861.05 

GMP 976.05 

UMP 516.58 

Carbohydrate composition  

Glucose-6-phosphate 3844 

Macromolecular Composition  

Carbohydrates 0.062 

Lipid 0.401 

Proteins 0.499 

RNA 0.038 
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4.3. Conversion into a Mathematical Model 

 

The rat brain-specific metabolic model, which contains information about 

reaction sets, EC numbers of reactions, reaction GPR rules, reaction names, and 

associated pathways, was initially constructed in Microsoft Excel file format after 

following the procedures above to build it. The model created in Excel format was 

then converted to SBML format (Systems Biology Markup Language) [211] using a 

script written in MATLAB. The rat brain-specific metabolic model converted to 

SBML format was read in MATLAB 2021a using the COBRA ToolBox 

readCbModel() function.  

COBRA (Constraint-Based Reaction and Analysis) Toolbox is frequently used 

in the simulations of genome-scale metabolic models [212]. It has a broad range of 

applications in biology, biomedicine, and biotechnology. The general method is to 

depict the mechanistic connection between genotype and phenotype by modeling 

mathematically and computationally the constraints placed on the phenotype of a 

biochemical system by physicochemical principles, genetics, and environment [213]. 

Newly reconstructed rat brain specific GEM contains 994 reactions and 766 

genes associated with 71 metabolic pathways/subsystems. The metabolic model 

unique to the rat brain was called iBrain766-Rn based on the number of genes included 

in the model. Here, 766 denotes the gene number, while Rn denotes the organism name 

(Rattus norvegicus). The detailed information about the model content is represented 

in Table 4.8 and Figure 4.2. Figure 4.2 shows how many reactions are available in each 

of 71subsystems in the GEM. 

 

Table 4.8: Detailed information of the iBrain766-Rn model content. 
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Figure 4.2: Pathway-Reaction distribution in iBrain766-Rn. 
 

4.4. Evaluation and Analysis 

 

After the final model is obtained, to determine whether the model can accurately 

simulate the brain metabolism of the relevant organism, the predicted flux values 

(reaction rates) obtained by simulating the model should be compared with the 

experimentally measured flux values [9].  

FBA was used to validate newly reconstructed iBrain766-Rn model in terms of 

flux prediction. [118]. The validity of the prior brain-specific networks was established 

using flux balance analysis (FBA), and brain-specific measured fluxes in resting state 

were acquired from the literature. In a similar manner, FBA was used here to validate 

newly reconstructed iBrain766-Rn model in terms of flux prediction. 

Before conducting the FBA analysis, experimentally determined constraint 

values were collected from the literature to reflect metabolic activity in the healthy rat 
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brain. Experimentally determined constraint values are based on CMR (Cerebral 

Metabolic Rate).  

CMRGlucose consumption rate corresponding to healthy resting state is available 

in the literature for rat. CMRGlucose consumption rate has been reported to vary 

depending on the circumstances, whether the animal is awake or anesthesia-related. 

The measurement performed based on the anesthetic chemicals influences CMRGlucose 

value. Because various values for rat CMRGlucose during resting state have been 

reported in the literature, the CMRGlucose value was 

averaging these values.  Resting state CMRGlucose values for rat are given in Table 4.9. 

 

Table 4.9: Experimental resting-state CMRGlucose values for rat. 
 

 

Astrocyte cells are responsible for about half of the glucose phosphorylation 

carried out in the blood [219]. The glucose consumption rates for each cell type 

 

CMROxygen / CMRGlucose ratio is reported to be approximately 5.5 at the normal 

resting state [220, 221], and the CMROxygen  

based on this ratio. It is known that 30% of the total oxygen in the cerebral cortex is 

consumed by astrocytes (Gruetter et al., 2001). Oxygen consumption/uptake rates of 

astrocytes and neurons were calculated using this ratio as 0.997 and 2.325 respectively. 

Since the respiratory coefficient (rCO2/rO2) in the brain has been reported to be 

in the range of 0.91-1.0 [222], the upper and lower bounds of CO2 production rates 

for astrocytes and neurons were calculated through this respiratory coefficient as 

(0.997, 0.907) and (2.325, 2.116) respectively . 

Consumption rates of some amino acids in the resting state for the rat brain are 

available in the literature [223]. Constraints for  the uptake rates of amino acids were 

References CMRGlucose 

Borgstrom et .al, (1976) [214] 0.76 

Linde et. al, (1999) [215] 0.65 

Madsen et. al, (1998) [216] 0.66 

Du et. al, (2012) [217] 0.44 

Nicola et. al, (1998) [218] 0.50 
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used for the following amino acids: cysteine, leucine, isoleucine, valine, tyrosine, 

tyrtophan, lysine, phenylalanine, histidine, arginine, ornithine, methionine, and 

threonine (Table 4.4). Ammonia constraints present in Table 4.10 were obtained from 

the literature [224]. 

The reaction rate of the pentose phosphate pathway in astrocytes was fixed to 6 

% of the glucose utilization rate [225], while it was fixed to 5 % of the glucose 

utilization rate for neurons [226].  

The rate of non-growth associated ATP maintenance (NGAM) reactions, which 

is needed for activities other than macromolecule synthesis, were calculated using 20% 

of the maximum ATP synthesis/production rate [210]. The GABA cycle rate was 

utilized at 25% of the glutamate-glutamine cycle rate [218, 227]. Ratio based 

constraints were set to the iBrain766-Rn model by introducing/adding an additional 

row to stoichiometric matrix. -

Hydroxybutyrate, acetoacetate, bi-carbonate exchange reactions, and astrocyte-neuron 

lactate shuttle reaction) are known to be inactive at resting state. Thus, the upper and 

lower bounds of these reactions were fixed to zero to inactivate them at resting state.  

The constraints used to simulate resting state reaction rates in the rat brain are 

given in Table 4.10. 
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Table 4.10: The constraints utilized to simulate resting state flux distributions with 
iBrain766-Rn model. Glucose, oxygen, amino acid, and ammonia 

consumption/uptake rates and macro molecule synthesis reaction rates are given in 
the form of A is Astrocytes, N is Neurons. 

 

 

All simulations were carried out through the COBRA Toolbox [213] and gurobi 

optimizer/solver [228] in MATLAB. Gurobi is a mathematical optimization problem 

Healthy Resting State 
Reaction Exchange Flux  

lower bound (LB) 
Exchange Flux  

upper bound 
(UB) 

Glucose A: 0.302 
N: 0.302 

A: 0.302 
N: 0.302 

Oxygen A: 0.9966 
N: 2.3254 

A: 0.9966 
N: 2.3254 

Carbon dioxide A: 0.9069 
N: 2.1161 

A: 0.9966 
N: 2.3254 

Glycogen A: 0 A: 0 
Acetoacetate 0 0 
Bicarbonate A: 0 

N: 0 
A: 0 
N: 0 

-Hydroxybutyrate 0 0 
Lactate shuttle 0 0 
Macromolecule synthesis A: 1.32 x 10-6 

N: 1.32 x 10-6 
A: 1000 

N: 1000 
Cysteine A: 0.009 A: 0.009 
Leucine A: 0.0145 A: 0.0145 
Isoleucine A: 0.004 A: 0.004 
Valine A: 0.0018 A: 0.0018 
Arginine A: 0.0067 A: 0.0067 
Ammonia A: 0.002 A: 0.002 
Tyrosine 0.0041 0.0041 
Tryptophan 0.0082 0.0082 
Lysine 0.0103 0.0103 
Phenylalanine 0.0132 0.0132 
Histidine 0.0025 0.0025 
Ornithine 0.0031 0.0031 
Methionine 0.0017 0.0017 
Threonine 0.0008 0.0008 
Taurine -1000 1000 
ATP maintenance  20% of maximum 

ATP synthesis 
Glutamine  25% of GABA 
Pentose phosphate pathway  5 % of glucose 

uptake 
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solver, and it can be used to handle both linear and quadratic mathematical 

optimization problems. 

Maximizing biomass/macromolecule synthesis rate is utilized as the primary 

objective function in microorganisms but, the primary objective function used in 

mammals may vary depending on the aim of the research. Even though the primary 

objective function in mammals is not to maximise the amount of biomass 

(macromolecules), cell must maintain its fundamental biological functions such as the 

production of protein, lipid and nucleic acid. iBrain766-Rn GEM contains separate 

macromolecule synthesis reactions for astrocytes and neurons.The macromolecule 

synthesis reactions were maximized individually for neurons and astrocytes according 

to the provided Table 4.10 constraints. The maximum macromolecule reaction rates 

were calculated as 1.32 x 10-5 for both neurons and astrocytes. To ensure the activity 

of fundamental biological processes such as protein, lipid, and nucleic acid production 

at the basal level, lower boundaries of macromolecule synthesis reactions were fixed 

to 10% of the calculated maximum macromolecule synthesis rate value. The 

glutamate/glutamine/GABA cycle is critical for brain metabolism, and the 

glutamate/glutamine/GABA cycle has been utilized as a primary objective function in 

previous studies to predict healthy-state metabolic fluxes in human and mouse brain 

[9, 11, 136]. Thus, the maximization of the fluxes through glutamate/glutamine/GABA 

cycle was also used as the primary objective function in the simulation of resting state 

rat brain metabolism in this thesis study. As linear objective functions are often 

accompanied with an alternate optima problem, there may be many solutions with the 

same objective function value. In this respect, the major issue is that only one solution 

is provided by utilized solvers, such as gurobi, even though there is more than one 

solution.  The minimization of the sum of squares method [159, 160] (Equation (2.6)) 

for all fluxes was used as a second objective function using quadratic programming to 

find the solution that requires the least amount of enzymes among alternate optima. 

After setting the constraints for the iBrain766-Rn model, linear programming was 

utilized to maximize the sum of the rates of three reactions corresponding the 

Glutamate/Glutamine/GABA cycle reactions, which were chosen as the main 

objective function for the rat brain-specific metabolic model. Then, the maximum 

value of the sum of the rates of the three reactions was used as an additional constraint  

by adding the indices of these reactions  as an additional row to stoichiomatric matrix 

for the secondary optimization. Here, quadratic programming algorithm was used to 
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optimize a second optimization/objective function to deal with the alternate optima 

problem. In this manner, it is guaranteed that the model performs its biological 

activities with the least amount of enzyme. 

 

Table 4.11: Comparison of predicted rat flux ratios with the human experimental 
fluxes and predicted flux ratios for human and mouse at resting state. 

 

 

Rat brain fluxes (reaction rates) at resting state were estimated through the FBA 

approach using the constraints in Table 4.10. Since it is known that most of the cellular 

processes in mammals are similar, the simulation results using the rat brain-specific 

GEM (iBrain766-Rn) are expected to be close to the experimental human brain 

reaction rate values. As five reactions, which are lactate release, Glu-Gln cycle, total 

pentose phosphate pathway (PPP), astrocytic oxidative phosphorylation and pyruvate 

carboxylase reactions, are essential stages in central cellular carbon and 

neurotransmitter metabolisms [9], these reactions were used as reference reactions to 

evaluate the flux predictions at resting state/healthy state in this study. Experimental 

flux ratios for these reactions relative to glucose-uptake are reported to be 3-6 %, 40-

80%, 3-6%, 30% and 10% respectively at resting state for human (Table 4.11). The 

predicted flux distributions for these reactions were converted to flux ratios relative to 

glucose uptake (Table 4.12), and these predicted flux ratios were compared with the 

human experimental flux ratios. 

 

Percentage of Flux Ratio Prediction 
for Rat 

Prediction 
for Mouse 
[11] 

Prediction 
for Human 
[9] 

Experimental 
for Human 

Lactate production flux 
with respect to CMRGlucose 

 

11.02 8.3 7.2 3-9 [222, 229
231] 

Glutamate-glutamine cycle 
flux with respect to 
CMRGlucose 

74.27 73.4 73.1 40-80 [232
234] 

Relative oxidative 
metabolism of astrocyte to 
total oxidative metabolism 

30.07 28.8 33.9 30 [219, 232, 
235] 

Total PPP flux with respect 
to CMRGlucose 

5.5 6.0 5.5 3-6 [225, 226] 

Pyruvate carboxylase flux 
with respect to CMRGlucose 

9.03 12.4 11.1 10 [232, 235, 
236] 
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Table 4.12: Calculations of percentage of relative flux rates with respect to glucose 
uptake rate. 

 

 

In comparison with human experimental flux ratios, the predicted flux 

distributions via the dual objective framework with primary maximisation of rates of 

glutamate/glutamine/GABA cycle reactions and secondary minimization of sum of 

squares of reaction rates were found to be within the range of experimental ratios 

(Table 4.11). According to Table 4.11, the predicted flux ratio for lactate is slightly 

higher than the experimental flux ratio. Such a slight difference between the estimated 

flux ratio and the experimental flux ratio is thought to be related to the rat-specific 

constraints (especially for glucose uptake constraint) used. The predicted flux ratios 

were also compared with previously reported predicted flux ratios for human and 

mouse models. According to Table 4.11, except for slight differences, the predicted 

flux ratios in the rat model are very close to the predicted flux ratios for both human 

and mouse models. In this regard, the reconstructed rat brain-specific GEM, 

iBrain766-Rn, can provide reliable predicted flux values for resting healthy rat brain 

once glutamate/glutamine/GABA cycle reactions are maximized. 

  

Percentage of Flux Ratio Calculation 

Lactate production flux 
with respect to CMRGlucose 

 

100 x ((n_RA_gly16_c) / (n_Ex_A_Glc + n_Ex_N_Glc))/2 

Glutamate-glutamine 
cycle flux with respect to 
CMRGlucose 

100 x ((n_RAN_t3_c) / (n_Ex_A_Glc + n_Ex_N_Glc))/2 

Relative oxidative 
metabolism of astrocyte to 
total oxidative metabolism 

100 x ((n_RA_tca1_m) / (n_RA_tca1_m + n_RN_tca1_m)) 

Total PPP flux with 
respect to CMRGlucose 

100 x ((n_RA_ppp1_c + n_RN_ppp1_c) / (n_Ex_A_Glc + 

n_Ex_N_Glc))/2 

Pyruvate carboxylase flux 
with respect to CMRGlucose 

100 x ((n_RA_gly17_m) / (n_Ex_A_Glc + n_Ex_N_Glc))/2 
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5. RECONSTRUCTION AND CONSTRAINT-
BASED ANALYSIS OF CONTEXT-SPECIFIC 
MODELS 

 

5.1. Transcriptome Data Integration Algorithms 

 

The traditional constraint-based modeling methods do not take gene regulations 

and protein expression mechanisms into consideration when making phenotypic 

predictions. Although GEMs contain all known metabolic reactions, a portion of these 

reactions are active in any given context, such as a specific stage of development, cell 

type or environment. There are many cell types having distinct functions, and it is 

critical to build condition-specific metabolic models in order to predict metabolic 

phenotypes and characterize metabolic effects of diseases [237]. 

Rat transcriptome datasets associated with PD (Table 3.1) were compiled and 

subjected to clustering analysis in Chapter 3. Here, they were utilized to reconstruct 

condition-specific metabolic models. The iMAT-family algorithms do not necessitate 

a primary objective function to build a context-specific model. Additionally, iMAT-

like family techniques guarantee the highest possible degree of agreement between 

reaction states (active/inactive) and datasets (expressed/unexpressed). This is 

accomplished via the use of the MILP (Mixed Integer Linear Programming) paradigm. 

In this context, iMAT-like family algorithms, including iMAT [170] and INIT 

algorithms [171] have been used in this thesis study to integrate the transcriptome 

datasets with the iBrain766-Rn metabolic model. 

First, iBrain766-Rn model was read in MATLAB environment through 

readCbModel(). Then, experimental constraints given in Table 5.1 for both healthy 

Measured resting-state flux data of 

rat brain were obtained from the literature and used as constraints to simulate healthy 

controls. On the other hand, there are no measured fluxes for the disease (PD) 

situations, and only a few metabolic processes have been demonstrated to exhibit 

increased or decreased activity in PD, without magnitudes of reaction rates. The 

measurements from literature show that the consumption of cerebral glucose is 

reduced by 2-32%, while  oxygen consumption is decreased by 6-34% in PD [73, 238]. 

Since glucose consumption rate is known to decline in PD [74], Because glucose 
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consumption is essential for central carbon metabolism, its lower limit was set to half 

of the value for the healthy state for both astrocytes and neurons to allow for a decrease 

while avoiding extreme reductions, but their upper limits remained the same. The 

lower bound of oxygen consumption rate was set to 1 x 10-2. 10% of glucose 

consumption/uptake rate was taken as the upper limit for amino acids in this study 

based on previous studies [9], and also the lower bounds of amino acid consumption 

rates were constrained to 1 x 10-6 to prevent the amino acid uptake rates being predicted 

as zero. The lower bound of macromolecule synthesis reaction was set to 1 x 10-6 to 

ensure there is macromolecule synthesis at the basal level. The basal level represents 

the minimum level of components that the cell must produce to perform basic 

biological functions. After setting the constraints in Table 5.1 to iBrain766-Rn, 

previously normalized six rat transcriptome datasets (Table 3.1) were imported to 

MATLAB environment. Then, each transcriptome dataset was integrated into 

iBrain766-Rn model through iMAT and INIT algorithms to generate context-specific 

models. The lower bound (lb) for reactions found to be inactive in the reduced models 

generated by iMAT or INIT were fixed to 1 x 10-8 in later simulations. 
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Table 5.1: Healthy Control and Disease State Constraints. 
 

 

 

 

 

Healthy Controls  
Reaction Exchange 

Flux  lower 
bound 

Exchange 
Flux  
upper 
bound 

Reaction Exchange 
Flux  
lower 
bound 

Exchange 
Flux  upper 

bound 

Glucose A: 0.302 
N: 0.302 

A: 0.302 
N: 0.302 

Glucose A: 0.1510 
N: 0.1510 

A: 0.302 
N: 0.302 

Oxygen A: 0.9966 
N: 2.3254 

A: 0.9966 
N: 2.3254 

Oxygen A: 1 x 10-2 

N: 1 x 10-2 
A: 1000 
N: 1000 

Carbon dioxide A: 0.9069 
N: 2.3254 

A: 0.9966 
N: 2.1161 

Carbon dioxide A: 0 
N: 0  

A: 1000 
N: 1000 

Glycogen A: 0 A: 0 Glycogen A: 0 A: 0 
Acetoacetate 0 0 Acetoacetate 0 0 
Bicarbonate A: 0 

N: 0 
A: 0 
N: 0 

Bicarbonate A: 0 
N: 0 

A: 0 
N: 0 

-Hydroxybutyrate 0 0 -
Hydroxybutyra

te 

0 0 

Lactate shuttle 0 0 Lactate shuttle 0 0 
Macromolecule 

synthesis 
A:1.32 x 10-6 

N:1.32 x 10-6 
A:1000 

N:1000 
 

Macromolecule 
synthesis 

A:1 x 10-6 
N:1 x 10-6 

 

A:1000 
N: 1000 

Cysteine A: 0.009 A: 0.009 Cysteine A: 1 x 10-6 A:0.0604 
Leucine A: 0.0145 A: 0.0145 Leucine A: 1 x 10-6 A: 0.0604 

Isoleucine A: 0.004 A: 0.004 Isoleucine A: 1 x 10-6 A: 0.0604 
Valine A: 0.0018 A: 0.0018 Valine A: 1 x 10-6 A: 0.0604 

Arginine A: 0.0067 A: 0.0067 Arginine A: 1 x 10-6 A: 0.0604 
Tyrosine 0.0041 0.0041 Tyrosine 1 x 10-6 0.0604 

Tryptophan 0.0082 0.0082 Tryptophan 1 x 10-6 0.0604 
Lysine 0.0103 0.0103 Lysine 1 x 10-6 0.0604 

Phenylalanine 0.0132 0.0132 Phenylalanine 1 x 10-6 0.0604 
Histidine 0.0025 0.0025 Histidine 1 x 10-6 0.0604 
Ammonia 0.002 0.002 Arginine 1 x 10-6 0.0604 
Arginine 0.0067 0.0067 Ornithine 1 x 10-6 0.0604 
Ornithine 0.0031 0.0031 Methionine 1 x 10-6 0.0604 

Methionine 0.0017 0.0017 Threonine 1 x 10-6 0.0604 
Threonine 0.0008 0.0008 Taurine 1000 -1000 
Taurine -1000 1000    

ATP maintenance  20% of 
maximum 

ATP 
synthesis 

ATP 
maintenance 

 20% of  
maximum ATP 

synthesis 

Glutamine  25% of 
GABA 

   

Pentose phosphate 
pathway 

A: 1 x 10-6 

N: 1 x 10-6 
5 % of 
glucose 
uptake 
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5.1.1. iMAT Algorithm 

 

Since the COBRA Toolbox uses a single column expression matrix to map 

transcriptome data into the model, absolute expression values of genes were averaged 

separately for the control and disease cases in each of the comparison groups. Then, 

the averaged gene expression data of eleven comparison groups were mapped 

separately onto the iBrain766-Rn model based on GPR associations using the 

mapExpressionToReactions function in the COBRA Toolbox. Each reaction in the 

model was scored based on gene expression levels and GPR associations. The lowest 

expression value among all the genes associated with an enzyme complex (AND rule) 

and the highest expression value among all the genes associated with an isozyme (OR 

rule) were used to calculate the reaction score for each reaction. As a result of the 

mapping, the reaction expression vectors were obtained for each of 11 comparison 

groups. 

IMAT discretizes reactions into high, low, and moderate expressions based on a 

user-defined threshold. The condition-specific models including healthy control and 

disease cases were created using the iMAT function from Cobra Toolbox 3.0. The 25th 

and 75th percentiles of averaged absolute gene expression data for each comparison 

group were utilized as lower and upper thresholds in iMAT, respectively, while all 

other parameters were kept at their default settings. To run iMAT algorithm on the 

iBrain766-Rn model, reaction expression vector, which was obtained at the mapping 

step, and lower and upper thresholds were used as inputs in iMAT function. Finally, 

twenty-two iMAT-based context-specific models corresponding to eleven healthy 

control and eleven disease case models were obtained once transcriptome datasets 

were integrated to iBrain766-Rn model. Numbers of reactions and metabolites in the 

reduced models created by iMAT are given in Table 5.2. 
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Table 5.2: Reaction and metabolite content of iMAT models. 
 

 

 

 

 

 

 

Data ID Reaction 
number 

Metabolite number 

GSE24233_ST_Control_iMAT 781 695 

GSE24233_ST_Treated_6ohda_iMAT 825 725 

GSE58710_SN_wk1_control_iMAT 774 681 

GSE58710_SN_wk1_6OHDA_iMAT 828 726 

GSE58710_SN_wk2_control_iMAT 779 685 

GSE58710_SN_wk2_6OHDA_iMAT 813 719 

GSE58710_SN_wk4_control_iMAT 770 679 

GSE58710_SN_wk4_6OHDA_iMAT 824 724 

GSE58710_SN_wk6_control_iMAT 792 694 

GSE58710_SN_wk6_6OHDA_iMAT 827 726 

GSE58710_SN_wk16_control_iMAT 775 680 

GSE58710_SN_wk16_6OHDA_iMAT 827 728 

GSE74382_DST_control_iMAT 750 669 

GSE74382_DST_lesion_iMAT 770 689 

GSE93695_ST_control_iMAT 760 676 

GSE93695_ST_PD_iMAT 783 692 

GSE71968_HMB_wt_iMAT 757 671 

GSE71968_HMB_DJ1_KO_iMAT 799 708 

GSE150646_FC_5mnth_wt_iMAT 745 669 

GSE150646_FC_5mnth_TG_iMAT 757 679 

GSE150646_FC_12mnth_wt_iMAT 754 674 

GSE150646_FC_12mnth_TG_iMAT 772 686 
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5.1.2. INIT Algorithm 

 

The INIT algorithm [171]  was used to integrate the rat transcriptome datasets 

into the model using the COBRA Toolbox INIT() function. Actual (absolute/unlog) 

expression values were used when calculating the weight scores. Absolute expression 

values of genes were averaged separately for the control and disease cases in each of 

the comparison groups. The INIT method utilizes a single-column weight vector 

comprising positive and negative values as input to identify condition-specific 

active/inactive reactions. After reading the transcriptome datasets in the MATLAB 

environment, weight scores for each gene in eleven comparison groups were computed 

using the following formula [171] for healthy and disease states: 

 

 (5.1) 

  

 (5.2) 

 

Since only one tissue (Brain) was used in this study, INIT requires a threshold 

value to calculate gene weight scores. Thus, the 25th percentiles of averaged absolute 

gene expression data  for each comparison group were utilized as threshold to calculate 

gene weight scores. Following the calculation of gene weight scores in each dataset, 

gene weight scores were mapped onto the iBrain766-Rn model reactions using the 

COBRA Toolbox mapExpressionReactions() function.  The lowest weight score 

among all the genes associated with an enzyme complex (AND rule) and the highest 

weight score value among all the genes associated with an isozyme (OR rule) were 

used to calculate the reaction weight score for each reaction. As a result of the 

mapping, a reaction weight vector was obtained for each comparison. To run INIT 

algorithm, iBrain766-Rn model and reaction weight vector were used as inputs in INIT 

function.  Twenty-two INIT based context-specific models corresponding to eleven 

healthy control and eleven disease case models were obtained. Numbers of reactions 

and metabolites for the INIT-derived reduced models are given in Table 5.3. 
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Table 5.3: Reaction and metabolite content of INIT models. 
 

 

 

 

 

 

 

 

Data ID Reaction 

number 

Metabolite 

number 

GSE24233_ST_Control_INIT 812 693 

GSE24233_ST_Treated_6ohda_INIT 873 735 

GSE58710_SN_wk1_control_INIT 805 689 

GSE58710_SN_wk1_6OHDA_INIT 884 747 

GSE58710_SN_wk2_control_INIT 804 688 

GSE58710_SN_wk2_6OHDA_INIT 867 733 

GSE58710_SN_wk4_control_INIT 805 688 

GSE58710_SN_wk4_6OHDA_INIT 868 734 

GSE58710_SN_wk6_control_INIT 804 688 

GSE58710_SN_wk6_6OHDA_INIT 897 756 

GSE58710_SN_wk16_control_INIT 803 687 

GSE58710_SN_wk16_6OHDA_INIT 883 746 

GSE74382_DST_control_INIT 785 683 

GSE74382_DST_lesion_INIT 860 740 

GSE93695_ST_control_INIT 798 693 

GSE93695_ST_PD_INIT 874 738 

GSE71968_HMB_wt_INIT 821 702 

GSE71968_HMB_DJ1_KO_INIT 876 739 

GSE150646_FC_5mnth_wt_INIT 794 688 

GSE150646_FC_5mnth_TG_INIT 868 746 

GSE150646_FC_12mnth_wt_INIT 778 678 

GSE150646_FC_12mnth_TG_INIT 866 746 
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5.2. Constraint-Based Analysis of Context-Specific Models 

 

After obtaining the context- s 

disease) through iMAT and INIT algorithms, constraint-based analysis was performed 

on the obtained context-specific models to calculate the flux distributions for healthy 

and disease states. The maximization of glutamate/glutamine/GABA cycle reactions 

as a primary objective function and the minimization of the squared sum of all internal 

fluxes as a secondary objective function were used to simulate healthy control states.  

FBA method [118] was used as a CBM method for healthy control state flux 

predictions whereas MOMA [161], LseiFBA [74] and mLseiFBA were used as CBM 

All optimization problems were 

solved using academic Gurobi solver v9.1 (Gurobi Optimization LLC, 2021) by using 

 function in COBRA Toolbox [213]. 

As in resting state simulations, five reactions (lactate release, Glu-Gln cycle, 

total pentose phosphate pathway (PPP), astrocytic oxidative phosphorylation and 

pyruvate carboxylase reactions) were used as reference reactions to evaluate the flux 

predictions at different conditions including healthy control 

state.  

 

5.2.1. Healthy Control Flux Prediction 

 

FBA analysis [118] of twenty-two context-specific models, including eleven 

iMAT-based control models and eleven INIT-based control models, were performed 

in two steps to predict healthy control flux distributions. Firstly, linear programming 

was utilized to maximize the summed rates of three reactions corresponding the 

Glutamate/Glutamine/GABA cycle reactions [136], which were chosen as the main 

objective function for the rat brain-specific metabolic model. Then, minimization of 

squared sum of internal fluxes approach [136] through quadratic programming was 

used to remove the alternate optima problem in FBA solution vector after fixing the 

primary objective value at its optimum. 
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Figure 5.: Flux-distribution predictions of iMAT-based healthy models. Each bar on 

the graph depicts the predicted flux ratio for a different comparison. 
 

Figure 5.1 provides five histograms for the reference reactions, and each bar on 

the x axes of histograms refer to the iMAT-based predicted flux ratio for the 

corresponding reference reaction. Once Figure 5.1 is examined, it is observed that the 

majority of samples (on average) for iMAT-based healthy models have a predicted 

flux ratio that is consistent with the experimental flux ratios given in Table 4.11 [9, 

136]. Although there are some variations in predicted flux ratios across groups, this 

variability is determined to be acceptable. The variability across groups in terms of 

flux prediction ratios may be associated with the corresponding transcriptome data. 
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Figure 5.2: Flux-distribution predictions of INIT-based healthy control models. Each 

bar on the graph depicts the predicted flux ratio for a different comparison. 
 

Similarly, FBA and enzyme usage minimization analysis on the INIT-based 

healthy models revealed consistent predictions with previous observations (Figure 

5.2). The variability and standard deviation across groups in terms of predicted flux 

ratios for INIT-based healthy models are not large, as shown in Figure 5.2. Compared 

to iMAT, similar flux ratios were predicted by INIT-based healthy models. However, 

INIT was found to give slightly better-predicted flux ratios for some reactions, 

especially for the glutamate/glutamine cycle and relative oxidative metabolism 

reactions. 

The predicted flux ratios for certain reactions in both iMAT and INIT based 

models (Figure 5.1, Figure 5.2) were found to vary from the predicted flux ratio at 

resting state (Table 4.5) with no transcriptomic data incorporation, as expected. The 

difference in the predicted flux ratios between the healthy control state and resting 

state is mainly associated with the usage of transcriptome data to generate healthy 

control state models. The results indicate that some flux ratios were better predicted 

with condition-specific healthy control models, including iMAT and INIT-based 

models. 
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Minimization of metabolic adjustment (MOMA) [161], Least squares equalities 

and inequalities (LseiFBA) [74, 239], and a modified linear Least squares equalities 

and inequalities (mLseiFBA)  were applied to estimate disease state flux distributions. 

As the cell objective is unknown during PD, no explicit reaction can be defined 

as the objective function. Instead, an alternative objective function is required. MOMA 

has the system objective defined as the minimization of Euclidean distance flux 

difference between the reference (healthy) flux distribution and disease flux 

distribution (Equation (2.8)). Thus, healthy control flux predictions from iMAT-based 

and INIT-based models, which were performed in the previous section, were used as 

 

On the other hand, LseiFBA seeks to maximize correlation between changes in mRNA 

expression and fluxes. LseiFBA minimizes the Euclidean distance between initial 

disease flux vector ( )  and disease flux distribution (Equation (2.11)). Unlike 

LseiFBA, Modified linear LseiFBA (mLseiFBA) minimizes absolute flux difference 

between initial flux and disease distribution (Equation (2.12)). 

literature, reduced glucose and oxygen utilization and increased lactate generation in 

the cerebral cortex have been reported [74]. It has been shown that the PPP has a 

critical role in oxidative stress tolerance and the production of resources for biological 

synthesis. It was implicated by Dunn et al. that PPP dysregulation contributes to the 

development of Parkinson's disease, but they also reported enhanced NADPH 

generation by the PPP [59]. In a computational biology-based research, it was 

discovered that the flux value of the pentose phosphate pathway had increased [74].  
MOMA approach was applied in two steps: (i) The upper and lower bounds for 

reactions found to be inactive in disease state models were fixed to . (ii) Since 

MOMA attempts to calculate the smallest possible Euclidean distance between healthy 

state flux distribution and perturbed state (disease) flux distribution (Equation (2.8)), 

quadratic programming was used to predict disease state flux distributions. Healthy 

 

flux distributions for twenty-two context-specific models (11 iMAT-models, 11 INIT-

models) generated  before (Table 5.2, Table 5.3). 
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Figure 5.3: MOMA analysis on iMAT based disease models. Each bar on the graph 

depicts the predicted flux ratio for a different comparison. 
 

MOMA analysis on eleven iMAT disease models revealed a decrease in the 

predicted flow rate for both the Glutamate-Glutamine cycle [240, 241] and relative 

oxidative metabolism compared to the resting state, consistent with previous research, 

as shown in Figure 5.3. However, the predicted lactate production flux ratio was 

lactate production flux ratio. When compared to the healthy control state, the predicted 

total pentose phosphate pathway (PPP) flux ratio seems to be substantially increased 

in the  state. Predicted increase in the PPP flux ratio was expected 

but the average of predicted PPP flux ratio was extremely high.  
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Figure 5.4: MOMA analysis on INIT based disease models. Each bar on the graph 
depicts the predicted flux ratio for a different comparison. 

 

MOMA analysis on eleven INIT-based disease models showed that there was a 

slight decrease in the average of predicted flux ratio for Glutamate-glutamine cyle and 

total PPP while a slight increase in the average of predicted relative oxidative 

metabolism and pyruvate carboxylase flux ratios (Figure 5.4). Moreover, there was a 

slight increase in the lactate production flux ratio as it was expected [74]. On the other 

hand, an increase was  expected in PPP flux prediction ratio [74] for the disease case, 

but the majority of eleven INIT disease models showed a decreased flux ratio pattern 

for total PPP flux ratio. These results may be affected by the used transcriptome data 

integration algorithm (iMAT, INIT, etc.). Compared to iMAT-MOMA results, INIT-

MOMA results were found to give better flux prediction for lactate production and 

relative oxidative metabolism. 

LseiFBA approach was conducted in four steps: (i) The upper and lower bounds 

for reactions found to be inactive in disease state models were fixed to  (ii) 

Fold change value was calculated by dividing the disease GPR-mapped  reaction 

expression vector  to control reaction expression vector , (iii) Initial flux vector(s) were 

calculated by multiplying the healthy state flux distribution vector with the gene fold 

change values (Equation (2.10)), (iv) The flux estimation of the disease case was 

performed via utilizing an objective function that minimizes the Euclidean distance 

between initial disease flux vector (Vref,D) and disease state flux distribution (Equation 

(2.11)) for twenty-two context-specific models (11 iMAT-models, 11 INIT-models). 
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Figure 5.5: LseiFBA analysis on iMAT-based disease models. Each bar on the graph 

depicts the predicted flux ratio for a different comparison. 
 

Figure 5.5 depicts consistent predicted flux ratios with previous literature 

observations for LseiFBA analysis based on iMAT disease models. As it was expected, 

there was an increase in the predicted lactate production ratio [74] and total PPP flux 

ratio [74], and a decrease in glutamate-glutamine cycle fluxes [240, 241].  

 

 
 
Figure 5.6: LseiFBA analysis on INIT-based disease models. Each bar on the graph 

depicts the predicted flux ratio for a different comparison. 
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Once LseiFBA analysis was conducted on eleven INIT based disease models, 

similar results to INIT- MOMA results (Figure 5.4) were obtained (Figure 5.6). 

Compared to INIT-LseiFBA, iMAT-LseiFBA models were found to give better flux 

predictions for some reactions including lactate production and total PPP. 

Since mLseiFBA method minimizes absolute flux differences between initial 

flux and disease distribution, the disease model should be converted to irreversible 

form. Therefore, each of the disease models (11 iMAT-based and 11 INIT-based 

disease models) was converted to irreversible form by using convertToIrreversible 

function in COBRA Toolbox. Then, the flux estimation of the disease case was 

performed via utilizing an objective function that minimizes absolute flux difference 

between initial flux and disease distribution for twenty-two context-specific models 

(11 iMAT-models, 11 INIT-models).  

 

 
 

Figure 5.7: mLseiFBA analysis on iMAT-based disease models. Each bar on the 
graph depicts the predicted flux ratio for a different comparison. 

 

Figure 5.7 shows that the predicted flux ratios for the reference reactions are 

consistent with previous studies, except for pyruvate carboxylase and relative 

oxidative metabolism. Furthermore, the standard deviation between groups was found 

to be high especially for glutamate/glutamine cycle and relative oxidative metabolism 

(Astrocyte TCA / Total TCA ). 

 

 



82 
 

 
 
Figure 5.8: mLseiFBA analysis on INIT-based disease models. Each bar on the graph 

depicts the predicted flux ratio for a different comparison. 
 

mLseiFBA analysis on INIT-based disease models showed that the predicted 

flux ratios for the reference reactions are consistent with previous studies (Figure 5.8).  
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6. DISCUSSION 

 

6.1. Metabolically Similar Comparison Groups 

 

Meta-analysis is a very useful technique to get a better understanding of gene 

expression in disease. Meta-analysis facilitates the identification of true biological 

signals in datasets with noisy gene expression. It can be used to investigate similarities 

across research by different groups or to reveal discrepancies between studies [242]. 

In this regard, hierarchical clustering analysis based on the gene scores of metabolic 

genes was performed in this thesis study (Chapter 3) to compare datasets in terms of 

metabolic gene expression pattern similarity. 

Hierarchical clustering analysis of 11 comparisons from six transcriptome 

datasets via metabolic genes showed that the samples were clustered under two groups 

(Figure 3.3). Substantia nigra samples were clustered in one group while the other 

group contained heterogeneous brain regions including striatum, dorsal striatum, 

hemibrain, and frontal cortex brain regions (Figure 3.3). Normally, the same/similar 

brain regions are expected to be under the same group. However, the Substantia nigra 

comparisons clustered under the same group were generated in the same laboratory. 

Therefore, this result may originate from the laboratory effect. The dataset including 

SN samples is a time course dataset and corresponds to the rat neurotoxin model. On 

the other hand, two striatum (ST) comparisons were clustered in the same group, as 

expected, although they were generated by different datasets. Both of these datasets 

also correspond to neurotoxin models. In this context, these two comparisons were 

expected to cluster in the same group. 

Enrichment analysis of metabolic genes that were used in hierarchical clustering 

analysis revealed that these genes were involved in metabolic processes including ATP 

metabolic process, cellular lipid metabolic process, cellular response to stress, 

generation of precursor metabolites and energy (Figure 3.5). 
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6.2. Validation of the Newly Reconstructed iBrain766-Rn 
Model 

 

In this thesis study, a brain-specific genome-scale metabolic model was 

reconstructed for the rat (iBrain766-Rn) for the first time in the literature. iBrain766-

Rn rat metabolic model consists of 994 reactions, 882 metabolites, and 766 genes. 778 

of 994 reactions in the model are associated with genes. The validation of the 

reconstructed model was performed by comparing the predictions with the 

physiological data. Since the flux prediction power of the model is a measure of how 

accurately it reflects the relevant physiological state, the iBrain766-Rn model firstly 

was subjected to FBA analysis by using experimental constraints (Table 4.4) for the 

resting healthy state. Flux balance analysis (FBA) and enzyme usage minimization 

analysis on the iBrain766-Rn model showed consistent predictions with previous 

observations in the literature [9, 136]. Model validity was proven particularly by using 

five reference reactions. The estimated fluxes via five reactions with respect to the 

glucose uptake rate were found to be consistent with human experimental fluxes (Table 

4.5). Human, mouse and rat are mammalian organisms, and the majority of metabolic 

processes are shared by these organisms. Consequently, comparable findings are 

anticipated in comparison with human brain metabolism.  Considering Table 4.5, there 

was also a good agreement between the predicted rat fluxes and predicted human and 

mouse fluxes. In this regard, FBA analysis results revealed that the newly 

reconstructed iBrain766-Rn metabolic model can correctly simulate healthy human 

brain metabolism at resting state. 

 

6.3. Comparison of iMAT-like Family Algorithms 

 

A high percentage of gene-associated reactions in the reconstructed brain-

specific rat metabolic model provides an opportunity to analyze the brain metabolism 

by combining the omics data, including transcriptome data, with the model. iMAT and 

INIT algorithms, both belonging to iMAT-like family algorithms, were used to 

integrate the rat-derived PD transcriptome datasets into the metabolic model in this 

study. iMAT-like family algorithms have an advantage since no biological objective 

function is required [162]. They try to keep reactions associated with highly expressed 

genes in the model while removing the reactions related to lowly expressed genes. The 
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PD transcriptome datasets were used as an additional constraint in iMAT and INIT to 

generate context-specific models. 

Since five reactions (lactate release, Glu-Gln cycle, PPP, astrocytic oxidative 

phosphorylation and pyruvate carboxylase reactions) are essential stages in brain 

metabolism [9], these reactions were used as marker reactions to evaluate the flux 

predictions  at different conditions in this study. 

 

6.3.1. Healthy Case Flux Distribution 

 

After obtaining the context-specific models, these models were subjected to 

FBA analysis. Specifically, predicted fluxes through five reactions relative to glucose 

uptake rate were consistent with literature estimates: fluxes through lactate release, 

Glu-Gln cycle (Glutamate-Glutamine cycle), total pentose phosphate pathway (PPP), 

astrocytic oxidative phosphorylation and pyruvate carboxylase, which are reported to 

be around 3-6%, 40-80%, 3-6%, 30% and 10% respectively in literature.  
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Figure 6.1: Comparison of healthy-state flux distributions between iMAT and INIT 
algorithms. X axis refers to the marker reactions and their experimental flux values 

while y axis indicates the predicted fluxes by the context-specific models. Red points 
indicate the outliers. 

 

Figure 6.1 shows that the predicted fluxes for five reference reactions were not 

the same for all context-specific models. The predicted flux ratios were found to differ 

based on transcriptome data integration algorithms (iMAT and INIT) and constraint-

based analysis methods (MOMA, LseiFBA). The flux prediction ratios for eleven 

iMAT based healthy models show some variations between 11 comparisons for some 

reference reactions including Glu-Gln cycle (Glutamate-glutamine cycle), lactate 

release and relative oxidative metabolism. These variations could be associated with 

the transcriptome data used since transcriptome data used corresponds to different 

brain regions (striatum, substantia nigra, hemibrain, dorsal striatum) and also different 
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disease models (neurotoxin-based or genetic-based). In this regard, variations between 

different comparisons were expected, and these variations were within an acceptable 

range. Predicted flux ratios for five reference reactions were also obtained by INIT-

based healthy models similar to iMAT-based models. However, there were variations 

between iMAT and INIT-based models in terms of flux predictions for some reactions. 

Although iMAT and INIT share the basic approach, they differ in terms of how the 

data are handled. iMAT algorithm uses the gene expression data and upper and lower 

threshold values to discretize the genes into three groups as highly expressed, 

moderately expressed and lowly expressed. On the other hand, INIT algorithm utilizes 

the gene expression data to calculate reaction weights to be used in the objective 

function.  In conclusion, the differences between context-specific models in terms of 

flux prediction can be attributed to the used methods to generate the context-specific 

model (iMAT, INIT), transcriptome data used, as well as the brain region studied. 

Nevertheless, the observed differences were within acceptable limits for most of the 

reactions by both methods. 

 

6.3.2.  

 

Three methods, MOMA, LseiFBA, and mLseiFBA with various constraints 

were utilized to make flux predictions in PD. The objective of MOMA was to 

minimize the flux difference between PD and Healthy control flux distributions 

(Equation (2.8)). On the other hand, the objective of LseiFBA was to minimize the 

difference between PD fluxes and an inital flux vector predicted for disease case from 

transcriptome data, given as . (Equation (2.11)). 
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Figure 6.2: 
algorithms. Boxplots compare flux predictions by LseiFBA, mLseiFBA and MOMA 

approaches. Red dots refer to the outliers. 
 

Figure 6.2 shows the comparison of constraint-based analysis methods (MOMA, 

LseiFBA, and mLseiFBA) for eleven iMAT and eleven INIT-based disease models. 

Metabolic alterations in Parkinson's disease including an increase in lactate production 

[75] and total PPP [74], a reduction in the TCA cycle, the oxygen consumption, 

glucose consumption, glutamine-glutamate cycle [240, 241], the malate-aspartate 

shuttle, and dopamine synthesis have been reported [74]. Once Figure 6.2 is evaluated 

in line with the literature findings, the results between CBM methods are seen to be 

substantially different. Figure 6.2 shows that mLseiFBA performed better in flux 

prediction ratios for most of reference reactions such as an increase in lactate release, 

which is consistent with impairments in efficient carbon metabolism and energy 
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production as frequently observ  

mitochondrial function [4, 59, 72, 74]. Moreover, compared to other models, INIT-

based mLseiFBA was found to give better flux prediction for most reference reactions. 

Different patterns of the predicted fluxes for the total pentose phosphate pathway were 

detected in INIT and iMAT based models. Pentose phosphate reaction contents of the 

models were examined in order to determine whether this is a certain reaction in a 

model type or not. However, no difference was detected between the iMAT-based and 

INIT-based models in terms of pentose phosphate reaction content. The different 

patterns of the predicted total PPP fluxes between the iMAT and INIT models may be 

associated with the constraint-based method which was used. MOMA on the models 

obtained using iMAT predicted extreme flux increase for total pentose phosphate 

pathway (total PPP) compared to the other CBM methods. Although the literature 

findings support the increase of total PPP in [74], such a 

large increase is not expected. Compared to the iMAT-models, the INIT disease 

models have been found to have lower variability between samples/groups in flux 

predictions. Figure 6.2 shows that LseiFBA on the models obtained using iMAT 

on INIT-based models. Difference in flux predictions between algorithms indicates 

that the model reconstruction approach has importance on the flux prediction.  

 

6.4. Structural Comparison of GEMs 

 

iMAT [170] and INIT are two algorithms which were utilized in this thesis study 

to integrate transcriptome data in order to obtain condition-specific models. These 

algorithms have different assumptions [162] that affect the final model content and 

model flux prediction capability. Figure 6.3 shows that the number of active reactions 

significantly differs between iMAT and INIT algorithms, as well as between healthy 
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Figure 6.3: Comparison of reaction numbers between iMAT-based and INIT-based 

models. Each point represents one of 11 comparisons. 
 

Several distance metrics can be used to represent variability across metabolic 

models at the genome-scale [243]. Jaccard index [244], hamming distance [245], and 

[246] have been used to describe the model 

heterogeneity between the GEMs. Jaccard index was utilized in this thesis study to 

investigate the heterogeneity of models in terms of reaction content and subsystem 

coverage. Jaccard index analysis is based on dividing the intersection size of two 

groups with the size of the union of these groups.  CompareMultipleModels in RAVEN 

Toolbox [247] was used to encode reaction content of 44 context specific models (22 

iMAT, 22 INIT models) in binary vectors (one represents the existence of reactions, 

zero represents the lack of reactions) for Jaccard distance comparison. Models with a 
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small number of common reactions will have a large Jaccard index, while models with 

a large number of common reactions will have a small jaccard index.  

 

 
 

Figure 6.4: Reaction similarity Jaccard distance among models. 
 

Model comparison result obtained by CompareMultipleModels function is a 

structure that includes StructComp field enabling to map the binary reaction vectors 

of models in reduced dimensions using tSNE (t-distributed Stochastic Neighbor 

Embedding). 



92 
 

 
 

Figure 6.5: tSNE analysis of model reaction contents. 
 

Figure 6.4 and Figure 6.5 show that INIT-disease models were clustered under 

one group and differed from iMAT disease models. Moreover, iMAT disease models 

clustered in two groups. However, INIT-healthy models were clustered with iMAT-

healthy models.  

The Jaccard index heatmap and tSNE projection show how similar or dissimilar 

models are, but not why or what they signify biologically. Therefore, reaction content 

in each subsystem was determined to identify which aspects of metabolism differ 

among GEMs. The percent subsystem coverage difference between models was 

calculated from the mean coverage. The difference in subsystem coverage between 

models was visualized by using clustergram function in RAVEN Toolbox. Only 

subsystems having at least 25 % difference in one or more GEMs were visualized to 

simplify the result. There were 28 subsystems having at least 25 % difference in one 

or more GEMs (Figure 6.6). The colour bar in Figure 6.6 shows the percent difference 

in subsystem coverage between the models. Subsystem coverage analysis of models 
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showed that iMAT and INIT models were substantially different in terms of 

Citrate/PEP Shuttle and tryptophan metabolism. 

 

 
 

Figure 6.6: Subsystem coverage of models. 
 

6.5. Comparison of Experimental PD Models 

 

Hierarchical clustering was performed on flux fold changes to identify closely 

related groups. First, flux fold changes of reactions were calculated via dividing the 

for each model (22 iMAT models, 22 INIT models). Then, calculated flux fold changes 

corresponding to iMAT-based and INIT-based models were combined. A data frame 

consisting of 66 columns (flux fold change values of models) and 994 rows (reactions) 

were obtained. In this study, 500 reactions comprising the top 10% of highly variable 

reactions identified by PCA from flux fold change were utilized in the hierarchical 

clustering analysis. Hierarchical clustering analysis of PD models based on flux fold 

changes revealed (Figure 6.7) that there were two main clusters, and brain regions did 

not cluster homogenously. Use of gene fold change alone had previously failed to 

capture closely related groups when similar or close brain regions were considered. 

Likewise, most of the groups found from all approaches did not provide consistent 
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patterns as previously observed in gene-score based clustering. Most of INIT-based 

and iMAT-based disease models were separated from each other (Figure 6.7). In 

addition, most of the 500 reactions were found to be related to fatty acid synthesis, 

TCA cycle metabolism, lipid, reactive oxygen species pathway, pentose phosphate 

pathway and purine nucleoside metabolism (Figure 6.8). That is, 500 reactions 

comprising the top 10% of highly variable reactions identified by PCA from flux fold 

change were found to involve pathways/subsystems mainly implicated in PD. 

 

 
 
Figure 6.7: Hierarchical clustering analysis of PD models based on flux fold changes. 
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Figure 6.8: Most variable pathways based on flux fold changes. 
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7. CONCLUSION 

 

GEMs are computational metabolic models that describe the complete metabolic 

processes and pathways of a cell, tissue, organ or organism, at genome level. In this 

study, a rat brain specific genome scale metabolic model, iBrain766-Rn was 

reconstructed for the first time in literature based on existing brain specific human and 

mouse models. FBA analysis on the newly reconstructed rat brain-specific metabolic 

model revealed that the model could correctly simulate rat brain metabolism at healthy 

resting state based on the flux predictions. 

Eleven comparisons from six rat transcriptome datasets corresponding to 

s were later integrated with iBrain766-Rn by using iMAT 

and INIT algorithms to generate context-specific metabolic models. Although iMAT 

and INIT methods have similarities, they vary significantly in terms of how the data 

are handled. This difference in data processing between the algorithms leads to 

differences in the included reactions by the two algorithms, which significantly affects 

the flux predictions. 

In addition to the effect of the employed transcriptome data integration 

algorithm, it was observed that differences between flux predictions is due to the used 

constraint-based methods. Four constraint-based methods, including FBA, MOMA, 

LseiFBA, and mLseiFBA were utilized to predict fluxes at different physiological 

 The results between the CBM methods were 

found to be substantially different. However, different methods of constraint-based 

analysis on the context-specific models showed that the majority of predicted fluxes 

are acceptable since they are within the range of reported experimental fluxes. 

mLseiFBA, a CBM method, was found to give better flux prediction ratios for most of 

the reference reactions including an increase in lactate release and total PPP, a decrease 

in glutamate/glutamine cycle, which is consistent with impairments in efficient carbon 

through dysfunctional mitochondrial function. 

In conclusion, the newly reconstructed rat brain-specific GEM, iBrain766-Rn, 

provides an opportunity to investigate metabolic 

via transcriptome data integration. 
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8. RECOMMENDATIONS 

 

iBrain766-Rn model, which was reconstructed in the context of this study, was 

The model can also be used to study metabolic alterations in other neurodegenerative 

diseases.  

Since iBrain766-Rn model does not include some metabolic pathways including 

vitamin, drug metabolism etc, these reactions can be included to the model and 

improved by manual curation. 

Since LseiFBA and MOMA constraint-based methods are a special case of 

quadratic programming, they perform the enzyme usage minimization themselves 

without requiring the application of the enzyme usage minimization as an additional 

step. Unlike the LseiFBA and MOMA CBM methods, mLseiFBA requires applying 

the enzyme usage minimization as an additional step due to being based on a linear 

approach. Different assumptions employed by various transcriptome data integration 

algorithms affect the model content and predictive capability. Unlike other context-

specific reconstruction methods including iMAT and INIT, a method such as tINIT, 

which ensures not only an active biomass reaction but also considers additional 

processes (metabolic tasks) that need to be active in the cell, may be utilized to deal 

with these issues. Protection of metabolic tasks between models would increase the 

consensus of reaction content between models and reduce the flux prediction variation 

between models. 

Although brain region-specific constraints were not included in this study, they 

may be useful in enhancing the predictive ability of the models. In addition, the use of 

multi-omics data may be better in terms of improving the predictive ability of the 

models. 
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