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Schizophrenia is a complex psychiatric disorder characterized by a wide variety of symptoms 
such as hallucinations, delusions, lack of pleasure and problems in attention and memory. The 
aetiology of the disorder is not fully understood, but dysregulation of multiple neurotransmitter 
systems as well as genetic and environmental factors contribute to the pathology of 
schizophrenia. Furthermore, schizophrenia is associated with disruptions in brain energy 
metabolism. Since signalling activities of the brain require constant energy supply, problems in 
brain energy metabolism can cause abnormalities in the synaptic activity. 

This thesis investigated the connection between the expression of cytosolic energy 
metabolism genes and the concentrations of central energy metabolites in neurons and 
astrocytes. First, a differential expression (DE) analysis was performed to study the gene 
expression differences between schizophrenia patients and healthy individuals. The DE analysis 
utilized post-mortem bulk RNA sequencing data from the prefrontal cortex (PFC) and the anterior 
cingulate cortex (ACC). After the DE analysis, cell-type specific gene expressions were imputed 
for neurons and astrocytes. Finally, a computational model of brain energy metabolism was used 
to simulate the gene expression changes. The aim of the simulations was to study how the gene 
expression alterations influence the concentrations of key metabolites. 

The DE analysis revealed that there are 23 differentially expressed cytosolic energy 
metabolism genes in the PFC and nine in the ACC. Moreover, around two thirds of the DE genes 
were downregulated in schizophrenia in both brain areas. Yet, the simulation results showed that 
altered expression of most of the genes had no significant effects on concentrations of the 
considered metabolites. However, decreased expression of neuronal PFKM gene in the PFC 
caused significant changes in all but one metabolite in both neurons and astrocytes. In addition, 
decreased neuronal LDHB in the ACC caused smaller yet significant changes in a few neuronal 
metabolites. 

In conclusion, the results obtained in this thesis provide additional support for brain energy 
metabolism dysregulation in schizophrenia. The DE analysis results suggest that dysregulation 
of brain energy metabolism is region-specific, and that the dysregulation is stronger in the PFC 
than the ACC. Lastly, the simulation results show that most cytosolic energy metabolism genes 
do not alone have the power to significantly alter the concentrations of central energy metabolites. 
This suggests that these gene expression alterations do not alone cause the complex disruptions 
of energy metabolism in schizophrenia. 
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1. INTRODUCTION 

Schizophrenia is a psychiatric disorder which affects around 1 % of the human population 

[1–3]. It typically develops in early adulthood, and the symptoms of the disorder persist 

throughout the person’s lifetime [1–3]. Although schizophrenia is a common mental 

disorder which has been studied for decades, its exact causes remain unclear. The 

aetiology and pathophysiology of the disorder have been connected to various factors 

including abnormalities in the common neurotransmitters such as dopamine, glutamate 

and gamma-aminobutyric acid (GABA) [2–5], as well as genetic and environmental 

factors [2, 6, 7]. In addition, there is an increasing interest in the connection between 

dysfunction of brain energy metabolism and schizophrenia [8–10]. 

 

The brain requires a substantial amount of energy to support signalling activities and 

maintain ion gradients, especially at excitatory glutamatergic synapses. The focus of this 

thesis is on neurons and astrocytes, which have complementary energy metabolism 

profiles: astrocytes rely more on glycolysis, whereas neurons preferentially utilize 

mitochondrial respiration for energy production. In addition, it has been hypothesized 

that in response to synaptic transmission, astrocytes increase their glycolytic activity to 

produce lactate, which is then transported to neurons for mitochondrial energy 

production. These bioenergetic processes are tightly regulated to ensure adequate 

energy supply for synaptic activity. [11–13] Accumulating evidence now suggests that 

several energy metabolism processes are disrupted in the schizophrenic brain, 

potentially impacting synaptic function and neuronal health [8–10]. However, more 

information is still needed on how specific genetic and molecular components contribute 

to the energy metabolism dysfunction in schizophrenia. One effective method for 

studying the complex processes of brain energy metabolism is computational modelling, 

which enables the investigation of different molecular components both individually and 

collectively. 

 

First, post-mortem RNA sequencing data was used to perform differential expression 

(DE) analysis to study how the expression of cytosolic energy metabolism genes is 

altered in schizophrenia patients vs healthy individuals. Next, the effects of gene 

expression alterations were simulated by using computational modelling of brain energy 

metabolism. The aim of the simulations was to study how the gene expression changes 

influence the concentrations of central energy metabolites. However, only the effects of 
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cytosolic genes could be studied, because most computational models do not depict 

mitochondrial energy metabolism processes in detail. Nonetheless, combining DE 

analysis with brain energy metabolism simulations provides new information on the 

impact of schizophrenia-related gene expression changes on cytosolic bioenergetics in 

schizophrenia. 
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2. LITERATURE REVIEW 

2.1 Schizophrenia 

Schizophrenia is a mental disorder which has a lifetime prevalence of approximately         

1 % worldwide [1–3]. The symptoms of the disorder are typically divided into three 

categories: positive, negative and cognitive. Common positive symptoms include 

hallucinations and delusions, whereas the negative symptoms include lack of pleasure, 

social withdrawal and diminished ability to initiate and follow through on plans [1, 2, 6]. 

Furthermore, it has been estimated that two-thirds of schizophrenia patients also 

experience cognitive impairments [14]. These impairments include problems in attention 

and concentration, learning and memory, and executive functions, such as abstract 

thinking and problem-solving [1–3]. Schizophrenia develops typically between the ages 

of 16 and 30 and it lasts throughout the person’s lifetime [1]. The negative and cognitive 

symptoms usually develop several months to years prior to the appearance of the first 

psychotic episode, and this period of the disorder is called the prodrome [2, 3, 15]. 

Schizophrenia is a disorder associated with significant financial and societal costs due 

to social and occupational impairment, as well as reduced life expectancy caused by 

increased risk of alcohol and drug problems, anxiety, depression and consequently, 

suicide [1, 3, 7]. 

 

Although schizophrenia inflicts great personal and societal burden, researchers have not 

been able to fully uncover the aetiology of the disorder to this day. The two main 

hypotheses which have tried to explain schizophrenia aetiology are called 

neurodevelopmental hypothesis and dopamine hypothesis. The neurodevelopmental 

hypothesis postulates that the pathophysiology of schizophrenia is linked to abnormal 

early brain development, and especially to problems in synapse formation and 

connectivity [1, 4, 6, 7, 16]. On the other hand, the dopamine hypothesis suggests that 

dysregulation of synthesis and release of a neurotransmitter called dopamine is behind 

the disorder [4, 5, 15]. The problem with these hypotheses is that neither can alone 

explain the complex mechanisms behind schizophrenia. In addition, other factors such 

as dysregulation of common neurotransmitters glutamate and gamma-aminobutyric acid 

(GABA) [2, 3, 15], immunological pathways [7, 17], oxidative stress [18, 19] and energy 

metabolism dysregulation [8–10, 18] have gained interest in recent years. It is also 

known that both genetics and environmental risk factors contribute to the 

pathophysiology of schizophrenia [2, 6, 7, 16]. Thus, based on the current knowledge, 
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the symptoms of schizophrenia are caused by genetic and environmental factors which 

together disrupt normal brain development and lead to imbalance of important 

neurotransmitters. The possible mechanisms behind the pathophysiology of 

schizophrenia will be discussed in the following chapters. 

2.1.1 Genetics and environmental factors 

Schizophrenia is recognized as a highly heritable disorder, confirmed by a large number 

of twin, family and adoption studies [1, 2, 7]. In addition, the introduction of large-scale 

genome-wide association studies (GWAS) has increased the knowledge on the role of 

genetics in schizophrenia in recent years [2, 7]. The prevailing hypothesis is that 

schizophrenia is a polygenic disease in which many common genetic variants with small 

effect sizes, along with a few rare variants with large effect sizes, together contribute to 

the pathophysiology of the disorder [2, 4, 7]. Additionally, there are currently more than 

100 genetic loci associated with schizophrenia [2, 7]. Pathways which are commonly 

associated with schizophrenia include for example neuronal signalling and synaptic 

function, as well as multiple neurotransmitter systems (dopamine, glutamate and GABA) 

[2–4, 7]. 

 

In addition to genetic risk factors, multiple environmental risk factors have been 

associated with schizophrenia [1, 7, 16]. Some environmental factors affect the prenatal 

phase whereas others have an impact in childhood and adolescence. The prenatal risk 

factors include obstetric complications [1, 2, 6, 7], lower birth weight [6, 16] and prenatal 

infections [1, 6, 7, 16], whereas risk factors in childhood and adolescence include 

adverse upbringing and psychosocial adversity [6, 7, 16], urban environment [1, 6, 7, 

16], migrant status [6, 7, 15] and cannabis use [5, 7, 15]. Although a wide variety of 

genetic and environmental risk factors of schizophrenia have already been identified, 

how these factors contribute individually and collectively to the aetiology and 

pathophysiology of this disorder is still poorly understood. 

2.1.2 Dopamine 

Dopamine is a neurotransmitter which controls many functions such as cognition, 

emotion and positive reinforcement [20, 21]. The dopamine hypothesis has been the 

leading hypothesis for the aetiology of schizophrenia since the 1970s, and it was 

originally based on two lines of evidence. Firstly, multiple studies showed that drugs that 

activate the dopamine system, such as amphetamine, can induce psychotic symptoms 

in healthy volunteers and worsen these symptoms in schizophrenia patients [5, 15, 21]. 
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Secondly, it was discovered that antipsychotic drugs act on blocking the D2/3 dopamine 

receptors, and the effectiveness of these drugs is directly related to their affinity for the 

dopamine receptors [5, 15, 21]. To this day, all licensed drugs for treating schizophrenia 

are D2/3 receptor blockers [3, 5, 22]. 

 

In the beginning, the dopamine hypothesis of schizophrenia was based on 

hyperdopaminergia, meaning that it was thought that there is excessive dopamine 

activity in the brain [5, 23]. However, in the 1990s this hypothesis was modified based 

on new evidence from post-mortem, imaging and animal studies [5]. This new version of 

the hypothesis states that dopaminergic abnormalities in schizophrenia are regional: 

there is hyperdopaminergia in the striatum but hypodopaminergia in the prefrontal cortex 

(PFC) [3, 5, 21]. These dopaminergic abnormalities in are hypothesized to be 

presynaptic because of evidence suggesting brain-region specific alterations in 

dopamine synthesis and release capacity [3, 15]: studies have shown that dopamine 

synthesis and release capacity is increased in the striatum [3–5], and reduced in the PFC 

[3, 15]. Lastly, latest meta-analyses have not found significant alterations in D2/3 

receptors in vivo in the striatum or cortex when comparing schizophrenia patients to 

healthy controls [3]. 

 

This evidence pointing to regional differences in dopamine dysregulation shows why 

current antipsychotics are not capable of treating schizophrenia efficiently. Firstly, these 

drugs diminish only the psychotic symptoms but have very little effect on the negative 

and cognitive symptoms [1, 3, 24]. In addition, in around 20–30 % of patients 

antipsychotic medications have little to no beneficial effect even on the psychotic 

symptoms, and intolerable adverse effects are quite common [3, 7]. These shortcomings 

of current antipsychotics have motivated researchers to look for better drug targets that 

could help alleviate the negative and cognitive symptoms in addition to the psychotic 

symptoms. Genetic findings actually indicate that up-stream pathways which control the 

dopamine systems, particularly those involving glutamatergic systems, could potentially 

have more effective targets for antipsychotic drugs [15]. 

2.1.3 Glutamate, GABA and excitatory/inhibitory balance 

Although dopamine is the neurotransmitter which has been in the centre of attention for 

decades, there is also increasing interest in glutamate and GABA in schizophrenia 

research. Glutamate is the primary excitatory neurotransmitter in the brain, and it has an 

important role controlling synaptic plasticity [25]. GABA on the other hand is the most 
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common inhibitory neurotransmitter in the brain [26]. These two neurotransmitters 

together create tightly controlled excitatory/inhibitory (E/I) balance in the brain, and 

aberrant function of either neurotransmitter system can cause disruptions to this delicate 

balance [4]. Recent genome-wide association studies have identified a variety of genes 

related to both glutamatergic and GABAergic function in schizophrenia, and 

dysregulation of both of these systems has been investigated in various other studies as 

well [4]. 

 

The interest in glutamate emerged when studies showed that phencyclidine and 

ketamine could induce not only positive, but also negative and cognitive symptoms in 

healthy individuals, and worsen these symptoms in schizophrenia patients [24, 27–29]. 

It was discovered that phencyclidine and ketamine act by non-competitively blocking the 

N-methyl-D-aspartate receptor (NMDAR) channel. NMDAR is an ionotropic postsynaptic 

glutamate receptor, and blocking of this receptor thus inhibits glutamatergic 

neurotransmission [30]. There is evidence on hypofunction of NMDAR in schizophrenia 

[3, 15, 24] but the cause of this hypofunction is still unclear. Genetic studies have found 

differences in NMDAR subunit expressions, but the results are conflicting and likely vary 

between different brain areas and subunits [3, 4]. Lastly, a variety of studies have also 

investigated the differences in glutamate and GABA concentrations between 

schizophrenia patients and healthy individuals. Again, the results are variable, and 

suggest regionally specific concentration changes [28, 29, 31–33]. However, post-

mortem studies have been able to show that numerous GABA markers have lower 

mRNA and/or protein expression in the PFC [3, 4, 32]. 

 

It is evident that glutamatergic and GABAergic alterations cause imbalance between 

excitatory and inhibitory neurotransmission, but what could be the cause of this 

imbalance? One theory implicates synaptic pruning as a key factor in controlling E/I 

balance. In early development, synaptic density increases rapidly, which is then followed 

by synaptic elimination from puberty to early adulthood [2, 4]. The goal of this synaptic 

pruning is to reduce the number of excitatory synapses which leads to increase in 

inhibitory activity and reduction in unwanted and uncontrolled excitatory activity [3, 4]. 

Evidence from post-mortem and in vivo imaging studies indicates that there is abnormal 

synaptic formation and/or pruning in frontal cortical regions in schizophrenia [2–4]. This 

aberrant pruning is hypothesized to lead to loss of glutamatergic synapses, and thus 

cause E/I imbalance [2–4]. No studies have assessed in vivo synaptic changes of GABA 

yet, so it is unclear if GABAergic synapses are also involved in aberrant synaptic pruning 

[3]. Nevertheless, it seems that excitatory/inhibitory imbalance, among other factors 
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discussed in previous chapters, significantly contributes to the pathophysiology of 

schizophrenia. 

2.1.4 Dysfunction of neural circuits and connection to symptoms 

The previous chapters have showcased that genetic and environmental factors together 

with neurotransmitter abnormalities contribute to the pathophysiology of schizophrenia. 

Regardless, it has been challenging to uncover how these factors individually and 

collectively cause the positive, negative and cognitive symptoms of schizophrenia. One 

of the current hypotheses indicates the fronto-striatal neural circuits as a key element in 

the pathophysiology of schizophrenia [3]. 

 

According to this hypothesis, aberrant pruning of glutamatergic synapses together with 

environmental and genetic factors leads to excitatory/inhibitory imbalance in the PFC of 

the schizophrenic brain [3, 4]. In the cortex, there are glutamatergic pyramidal neurons 

which have an important role in stimulating GABAergic interneurons, which subsequently 

inhibit and control a subpopulation of glutamatergic neurons projecting to the striatum [3, 

34]. It has been hypothesized that fewer glutamatergic synapses together with 

hypofunction of NMDARs causes reduced stimulation of GABAergic interneurons in 

schizophrenia. Consequently, GABAergic interneurons then have a reduced capability 

to inhibit glutamatergic neurons projecting to the striatum. These glutamatergic neurons 

control striatal dopaminergic neurons, and decreased inhibition of the glutamatergic 

neurons thus leads to overactivation of striatal dopaminergic neurons. [3, 4, 34] This 

hypothesis on the aetiology of schizophrenia is summarized in Figure 1. 

 

There are multiple lines of evidence supporting this hypothesis. Firstly, NMDAR blockers 

like ketamine reduce cortical GABA markers, and increase dopamine levels and 

synthesis capacity in the striatum [3]. Secondly, a recent study showed that the changes 

in dopamine levels induced by ketamine can be blocked by activating GABAergic 

interneurons [35]. These findings together link cortical E/I imbalance to striatal 

hyperdopaminergia. 

 

Although there is increasing evidence of fronto-striatal dysfunction, it is not fully evident 

how the dysfunction of this circuit causes the symptoms of schizophrenia. Nonetheless, 

psychotic symptoms of schizophrenia have been linked to increased dopamine in the 

striatum [3, 4]. It has been hypothesized that the overactive dopamine system would 

cause all stimuli independent of their importance to generate a maximal dopamine signal. 
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This would lead to a situation where it is difficult to separate relevant stimulus from 

irrelevant one, leading the patient to assign too much importance to stimuli that would 

otherwise be ignored. [5, 6, 22] Thus, these false associations and misperceptions can 

result in delusions and hallucinations, respectively [3]. 

 

 

Figure 1. Current hypothesis on the aetiology of schizophrenia. Figure adapted from 

[4]. 

 

Furthermore, the mechanisms underlying the negative and cognitive symptoms of 

schizophrenia are not well established as of today. One theory proposes that cognitive 

symptoms result from cortical hypodopaminergia, which impairs prefrontal cortex 

function, whereas negative symptoms are a result of striatal hyperdopaminergia that 

disrupts reward signalling [3]. Additionally, hypofunction of anterior cingulate cortex 

(ACC) has been associated with the negative symptoms of schizophrenia [36, 37]. The 

ACC is a brain region involved in diverse cognitive and emotional functions such as 

motivation, memory and attention. One imaging study found a significant inverse 

relationship with striatal dopamine synthesis and glutamate concentration in the ACC of 
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first-episode psychosis patients [38]. This finding connects the hypoactivity of the ACC 

to striatal hyperdopaminergia and the subsequent negative symptoms. 

 

Although considerable advancements have been made in recent years, further research 

is needed to better understand the temporal, regional and causal relationships between 

the large variety of factors contributing to schizophrenia. It is also worth mentioning that 

other brain regions, neurotransmitters and neural circuits are also likely involved in the 

pathophysiology of schizophrenia. Lastly, it has been shown that there is considerable 

heterogeneity between schizophrenia patients [3], and in addition, factors such as 

antipsychotic status and disease progression need to be taken into consideration in 

research planning, data analysis and interpretation of results. 

2.1.5 Astrocytes 

While schizophrenia research has traditionally focused on neurons and neuronal circuits, 

increasing attention is now being directed towards the role of glial cells in schizophrenia 

pathology. This chapter will focus on astrocytes, but it is worth noting that aberrant 

function of other glial cells, including microglia and oligodendrocytes, has also been 

linked to schizophrenia [39, 40]. It is nowadays well known that astrocytes play a crucial 

role in regulating the formation and maintenance of synapses and the modulation and 

synchronization of synaptic transmission [39, 41, 42]. Therefore, it is not surprising that 

astrocyte impairment has been linked to schizophrenia-associated cognitive dysfunction 

[39, 41]. 

 

Firstly, several post-mortem immunohistochemical studies have shown alterations in 

astrocyte density and aberrant astrocyte morphology in schizophrenia [39–42]. However, 

there is considerable heterogeneity in the density findings: some studies have reported 

increased, and other decreased astrocyte density [39–42]. These confounding results 

are likely explained by use of post-mortem tissue, differences in brain regions and 

medication status [41, 42]. Nonetheless, multiple animal studies have shown that 

changes in astrocytic density and morphology in the PFC result in cognitive impairments 

such as deficits in attention, memory and learning in rodents [43, 44]. 

 

It has been hypothesized that the problems in morphological and functional maturation 

of astrocytes are caused by impairments in their proliferation, differentiation and 

maturation [39, 41]. Genetic studies have discovered that schizophrenia risk loci are 

enriched in genes related to astrocyte differentiation and maturation [41]. In addition, 
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many genes regulating astrocyte proliferation are downregulated during postnatal 

astrocyte maturation in schizophrenia [41]. Failures in astrocyte maturation and 

differentiation have been shown to lead to excessive elimination of synapses, 

disturbances in neurotransmitter systems and aberrant synaptic transmission [39, 42]. 

 

Lastly, astrocytes have been associated with dysregulation of glutamatergic pathways 

related to schizophrenia [39–42]. Post-mortem studies have identified reduced 

expression of astrocytic glutamate transporters (EAAT1 and EAAT2), glutamine 

synthetase, glutamate dehydrogenase and glutaminase in schizophrenia [39, 41]. In 

addition, a few animal studies have demonstrated that genetically induced loss of EAAT1 

and EAAT2 causes behavioural phenotypes associated with schizophrenia [42]. 

Glutamatergic dysfunction has also been associated with reduced D-serine in the 

schizophrenic brain [39–42]. D-serine is an important amino acid released by astrocytes, 

and it is needed alongside glutamate to activate postsynaptic NMDA receptors. 

Mutations in D-serine metabolizing enzymes have been identified as risk factors for 

schizophrenia [40], and in addition, there is evidence of excessive D-serine degradation 

in schizophrenia [41]. These disturbances in D-serine metabolism have been 

hypothesized to cause hypofunction of NMDA receptors, and consequently impaired 

synapse formation and synaptic plasticity [41]. Finally, there is an indication that altered 

gene and protein expression of astrocytes could also be linked to the dopaminergic 

dysfunction seen in schizophrenia [40, 41]. 

2.2 Energy metabolism in the healthy brain 

The brain is an organ which requires disproportional amount of energy in comparison to 

its weight: it corresponds to only two per cent of the total body mass but around 20 % of 

the oxygen and 20–25 % of the glucose consumed by the human body are used for brain 

functions [11, 12, 45, 46]. The high energy need is accounted for primarily by signalling 

activities such as maintenance and restoration of ion gradients and uptake and recycling 

of neurotransmitters [11–13, 45]. In addition, synaptic potentials, rather than action 

potentials, appear to be primarily responsible for the high energetic cost associated with 

maintaining excitability [13, 45, 47]. In the cerebral cortical gray matter, around 75 % of 

the energy is used for signalling activities and the remaining 25 % is for non-signalling, 

basic cellular activities [48]. Out of the signaling activities (75 %), 44 % of the energy is 

used for synaptic processes (37 % for postsynaptic receptors, ~4 % for presynaptic 

activities and ~3 % for glutamate cycling), 16 % for action potentials and 15 % for resting 

potentials. 
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There are also large differences in energy consumption between cell types: excitatory 

neurons are responsible for around 80–85 % of energy use in the brain, whereas 

inhibitory neurons and glial cells together account for around 15–20 %. [45, 48] To sum 

it up, energy is needed the most in excitatory neurons where signaling activities and 

maintenance of ion gradients consume a lot of energy. The following subchapters will 

provide insight into how the high energy needs are met in the brain, what kind of roles 

do neurons and astrocytes have in energy production, and how these roles complement 

each other to ensure efficient energy supply in the brain. 

2.2.1 Aerobic and anaerobic energy production 

Almost all energy-dependent biochemical reactions require energy in the form of 

adenosine triphosphate (ATP). The brain can use a few different substrates for ATP 

production, but glucose is the primary energy substrate in the human brain [12, 13, 45, 

48]. Another important energy substrate is ketone bodies which the brain uses during 

development and starvation [13, 45, 48]. Regardless, this thesis will focus on glucose as 

the main ATP producing substrate. 

 

ATP can be produced both aerobically (with O2) and anaerobically (without O2). The 

anaerobic pathway for ATP production is called glycolysis, and in this pathway, glucose 

is partially oxidized into two pyruvate molecules. This process takes place in the cytosol 

and its net yield is two ATP molecules per glucose. In addition, two molecules of a 

coenzyme called nicotinamide adenine dinucleotide (NAD) are reduced to NADH per 

one glucose molecule. After glycolysis, pyruvate has two fates: it can be reduced to 

lactate (anaerobic reaction), or it can be transported into a mitochondrion to continue 

ATP production aerobically. This aerobic process consists of tricarboxylic acid (TCA) 

cycle and oxidative phosphorylation, both of which take place in mitochondria. Aerobic 

ATP production requires O2 and produces CO2 and H2O. Once pyruvate has been 

transported into a mitochondrion, it is converted into acetyl coenzyme A (acetyl-CoA) 

which can enter the TCA cycle. The TCA cycle completes glucose oxidation and 

produces reduced coenzymes and CO2. The coenzymes provide electrons for oxidative 

phosphorylation where the movement of electrons along an electron transport chain 

creates the energy needed for ATP production. At the end of the electron transport chain, 

O2 receives the electrons and H2O is formed. TCA cycle and oxidative phosphorylation 

together yield 30–34 ATP molecules per one glucose molecule. [45, 48, 49] 
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Evidently, aerobic processing of glucose in the mitochondria produces significantly more 

ATP than anaerobic glycolysis in the cytosol. Therefore, it is not surprising that almost 

all glucose in the brain is fully oxidized to CO2 and H2O in the mitochondria [48, 49]. 

Nonetheless, glycolysis has an important role in energy production because it can 

produce energy fast and without the need for oxygen. This quality of glycolysis is 

especially important during neuronal activity when energy demand increases [13, 45, 

48]. Both neurons and astrocytes can metabolize glucose through glycolysis, but they 

differ in their ability to regulate this process [45, 48]. The next chapter will discuss the 

differences between neuronal and astrocytic glycolysis in detail. 

2.2.2 Glucose uptake and differences in glycolysis between neurons and 

astrocytes 

Before glucose can be used for ATP production it needs to be transported from the 

bloodstream into the cells. Even though the brain has a high energy demand, it contains 

very little energy reserves and therefore relies on constant supply of glucose and other 

energy substrates from the blood circulation [12, 45]. Glucose is transported from the 

endothelial membrane of the artery to the brain cells through glucose transporters called 

GLUTs [48]. Endothelial cells and astrocytes express predominantly GLUT1 isoform 

whereas neurons express predominantly GLUT3 isoform [48, 50]. The driving force for 

the uptake into the brain is the lower glucose concentration due to continuous glucose 

metabolism [48]. Once glucose has entered the cell, it can be transported back to the 

extracellular fluid, or it can be phosphorylated into glucose-6-phosphate (G6P). G6P is 

a so called “branch-point” metabolite which can have many different fates: it can continue 

to the glycolytic pathway, enter the pentose phosphate pathway (PPP), be stored as 

glycogen, or serve as a precursor for a number of compounds such as certain amino-

acids and neurotransmitters [12, 45, 48].  

 

As was mentioned in the previous chapter, neurons and astrocytes differ in their ability 

to regulate glycolysis, and this is due to differences in the expression and regulation of 

glycolytic enzymes [13, 45, 51]. At the beginning of the glycolytic pathway, G6P is 

converted to fructose-6-phosphate (F6P) by glucose-6-phosphate isomerase. F6P is a 

substrate for a key regulatory enzyme of glycolysis, phosphofructokinase-1 (PFK1), 

which catalyzes the phosphorylation of F6P to fructose-1,6-bisphosphate (F1,6BP) [12, 

13, 48]. PFK1 is allosterically activated by fructose-2,6-bisphosphate (F2,6BP) which in 

turn is synthesized by the 6-phosphofructose-2-kinase/fructose-2,6-bisphosphatase-3 

(PFKFB3) enzyme [12, 13, 48]. In neurons, PFKFB3 is continuously degraded by the 
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ubiquitin‐proteasome pathway whereas in astrocytes the expression and activity of this 

enzyme are high [11–13, 51]. This feature causes neurons to have a slower glycolytic 

rate since PFK1 cannot be allosterically activated via PFKFB3 and F2,6BP. In addition, 

there is evidence that astrocytes can activate PFKFB3 by phosphorylation upon cellular 

energy stress which gives them an important ability to upregulate glycolysis when the 

energy demand is high [11, 12]. In contrast, one in vitro study found out that upregulation 

of neuronal glycolysis via overexpression of PFKFB3 leads to oxidative stress and 

apoptosis in neurons [52]. This suggests that the reason why neurons have slower 

glycolytic rate compared to astrocytes is to protect them from oxidative stress. 

 

Another important energy metabolism enzyme is pyruvate dehydrogenase (PDH) which 

catalyzes the conversion of pyruvate to acetyl-CoA and thus provides a link between 

glycolysis and TCA cycle [13, 45, 51]. PDH is inactivated by phosphorylation in 

astrocytes but not in neurons [45, 49, 51]. PDH is phosphorylated by pyruvate 

dehydrogenase kinase 4 (PDK4), and the expression of this gene is high in astrocytes 

compared to neurons [51]. This feature causes astrocytes to rely more on glycolysis for 

energy producing purposes, and therefore pyruvate is more preferentially converted to 

lactate instead of acetyl-CoA in astrocytes [13, 45, 51]. The enzyme which catalyzes 

reduction of pyruvate to lactate is called lactate dehydrogenase (LDH). Neurons and 

astrocytes express different isoforms of LDH: neurons express only LDH1 (encoded by 

LDHA gene) [53], whereas astrocytes express both LDH1 and LDH5 (encoded by LDHB 

gene) [53, 54]. The LDH1 isoenzyme preferentially converts lactate to pyruvate, and 

LDH5 pyruvate to lactate [53].  Lastly, neurons and astrocytes also express different 

isoforms of pyruvate kinase (PK) which promotes the conversion of 

phosphoenolpyruvate to pyruvate: neurons express exclusively an isoform called PKM1 

and astrocytes an isoform called PKM2 [51]. To provide some context, PKM2 is typically 

expressed by proliferating cells as well as cancer cells whereas PKM1 is the dominating 

isoform in most differentiated adult tissues [55]. The differences in glycolysis and its 

regulation between neurons and astrocytes are summarized in Figure 2. 

 

To sum it up, the enzymatic profiles of neurons and astrocytes give both cell types their 

unique properties when it comes to glycolysis and its regulation. Astrocytes can sustain 

a high glycolytic rate and upregulate the glycolytic flux when energy demand is high. 

Neurons on the other hand cannot sustain a high glycolytic rate and therefore rely more 

on aerobic processes of the mitochondria to produce ATP. Nevertheless, it is well known 

that neurons require significantly more energy than astrocytes, so why do astrocytes 

have the ability to increase glycolytic rate instead of neurons? There is a theory which 
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proposes that energy production of neurons and astrocytes is tightly coupled, and that 

this coupling is mediated through lactate. The next chapter will give an overview of this 

theory and the evidence both supporting and questioning it. 

 

 

Figure 2. Different glycolytic profiles of neurons and astrocytes. Figure modified from 

[49]. 

2.2.3 Lactate and the astrocyte-neuron lactate shuttle (ANLS) theory 

For a long time after its discovery in 1780, lactate was thought to be a metabolic waste 

product which does not have a role in bioenergetics [49, 56–58]. However, after centuries 

of research lactate has finally begun to be recognized as an important energy source in 

the brain [45, 49, 56, 57]. In basal conditions, around 10 % of the brain’s energy needs 

are met by oxidation of lactate [59, 60], and this portion can increase under physical 

activity due to an increase of lactate in the blood circulation [45, 48, 56]. Although 

lactate’s contribution to energy production is relatively small, there are studies showing 

that the brain preferentially uses lactate as an energy substrate over glucose [45, 49, 

56]. 

 

Lactate is produced in a metabolic process called aerobic glycolysis which means 

production of lactate under normal oxygen tension [48, 49]. Aerobic glycolysis occurs in 

the resting brain, and it increases locally with elevated neuronal activity [59]. In the adult 

human brain, aerobic glycolysis is concentrated in specific regions [13, 59]: medial and 

lateral parietal and prefrontal cortices show significant elevations, whereas the 

cerebellum and medial temporal lobes have significantly lower levels of aerobic 

glycolysis in comparison to the brain mean value [59]. Lactate is predominantly produced 

by astrocytes due to their unique enzyme expression profile, which includes expression 

of lactate dehydrogenase LDH5 and inactivation of pyruvate dehydrogenase [13, 45, 49]. 
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Although astrocytes are the major lactate producers, there is accumulating evidence that 

the major consumers of lactate are not astrocytes themselves, but neurons instead. 

 

In 1994 Pierre Magistretti and Luc Pellerin published an article which formed the base 

for a theory called astrocyte-neuron lactate shuttle (ANLS) [61]. This theory postulates 

that (1) glutamatergic activity increases astrocytic glutamate uptake via excitatory amino 

acid transporters (EAATs) which co-transport three Na+-ions with every glutamate 

molecule. (2) Increase in intracellular Na+ concentration activates Na+/K+ ATPase which 

increases ATP consumption, glucose uptake and aerobic glycolysis in astrocytes. (3) 

Aerobic glycolysis leads to a large increase of lactate which is released to the 

extracellular space through monocarboxylate transporters (MCT1 and MCT4 in 

astrocytes). (4) Lactate is taken up by neurons via neuronal lactate transporter (MCT2), 

and then it is converted to pyruvate and oxidized in mitochondria to produce ATP. [13, 

45] These steps of the ANLS theory are presented in Figure 3. 

 

 

Figure 3. The steps of astrocyte-neuron lactate shuttle. (1) Astrocytic glutamate 

uptake. (2) Increased Na+/K+ ATPase activity, ATP demand and glycolysis in 

astrocytes. (3) Lactate production and export by astrocytes. (4) Lactate intake, 

conversion to pyruvate and subsequent mitochondrial processing by neurons. Modified 

from [13]. 

 

Although the ANLS theory has been around for 30 years now, this theory and its details 

are still a subject of debate (see for example [62] and [63]). Nonetheless, this theory has 

been gathering more supporters and experimental evidence as time has gone by. Firstly, 
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multiple studies have shown that the amount of glucose astrocytes take up is 

disproportionally high compared to their energy demands; it has been estimated that at 

rest, astrocytes take up at least the same amount of glucose as neurons [45, 49]. In 

addition, in response to neuronal activity, the majority of glucose uptake occurs in 

astrocytes [45, 49]. The importance of astrocytic glucose uptake has also been shown in 

experiments using transgenic mice presenting a haploinsufficiency (only one functional 

copy of the gene) of glucose transporters [13]. These experiments demonstrated that 

haploinsufficiency of neuronal GLUT3 did not result in a pathological phenotype or affect 

glucose utilization, whereas haploinsufficiency of astrocytic GLUT1 lead to severe 

neurological phenotype. There is also evidence that reduced expression of astrocytic 

glutamate transporters greatly impairs glucose uptake into astrocytes during functional 

activation [45, 49]. These studies collectively imply that astrocytic glucose uptake and 

utilization is dependent on glutamatergic activity and play a crucial role in maintaining 

proper brain function.  

 

In addition to glucose uptake, multiple studies of both human and rodent brain have 

showed a transient decrease in extracellular lactate levels after stimulation which is 

followed by a sustained increase [45]. These results imply that after neuronal activity 

extracellular lactate is rapidly taken up and oxidized by neurons to meet their immediate 

energy needs, and the subsequent rise in lactate concentration is caused by sustained 

astrocytic aerobic glycolysis which replenishes the extracellular lactate pool [13, 45]. 

Furthermore, at least one study has been able to detect a lactate gradient from 

astrocytes to neurons in vivo [64]. 

 

Although a large variety of studies has provided support for the ANLS theory, it has also 

faced some criticism. First of all, the glutamate induced glucose uptake and lactate 

release in cultured astrocytes is a phenomenon which some laboratories have been able 

to replicate but others have not [48, 62]. Secondly, there is also a controversy 

surrounding how neurons regulate their glycolysis: some studies have showed that 

neurons possess the ability to upregulate glycolysis [48], while others suggest that 

neurons have a limited or even no capacity to do so [13]. Additionally, the limitations and 

differences of the research methods cause significant variability to the results which 

further complicates the interpretation of the results. 

 

Lastly, it is essential to note that ANLS likely does not operate at all synapses and in all 

brain regions in an equal manner [49]. Furthermore, the ANLS theory does not discount 

glucose utilization by glycolysis in neurons (in particular under basal conditions) or TCA 
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cycle and oxidative phosphorylation in astrocytes [45, 49]. Nevertheless, the ANLS offers 

an intriguing theory that illustrates how the energy metabolism profiles of neurons and 

astrocytes complement each other, and how they are linked to glutamatergic activity. 

2.2.4 Pentose phosphate pathway and reduction-oxidation balance 

In addition to glycolysis, glucose can be processed in a metabolic pathway called the 

pentose phosphate pathway (PPP) [12, 45, 48]. This pathway utilizes G6P to produce 

pentoses and ribose-5-phosphate, which can be used for nucleotide synthesis [48]. PPP 

also generates nicotinamide adenine dinucleotide phosphate (NADPH) which is an 

important coenzyme for managing cellular reduction-oxidation (redox) state [12, 13, 48]. 

NADPH serves as an electron donor in a reaction that reduces oxidized glutathione back 

to its active form, glutathione (GSH) [11–13]. GSH is an electron donor in many redox 

reactions including detoxification of reactive oxygen species (ROS) [13, 45]. Therefore, 

constant NADPH supply by PPP maintains the redox balance of the cell and protects it 

from oxidative stress [11–13].  

 

Since neurons have a high oxidative activity, they have higher basal PPP activity and 

higher NADPH levels than astrocytes [45, 48]. Despite the high oxidative activity, 

neurons have a relatively weak antioxidant machinery [11, 65]. In neurons, a master 

antioxidant transcriptional activator, nuclear factor‐erythroid 2‐related factor‐2 (Nrf2), is 

constantly destabilized [11, 12]. This protein induces for example the transcription GSH, 

and the lack of Nrf2 in neurons means that they cannot synthesize GSH de novo. On the 

contrary, Nrf2 is highly stable in astrocytes, so they can synthesize GSH [11, 12]. In 

addition, astrocytes release GSH precursors which neurons can uptake and use for GSH 

synthesis [11]. There is also some evidence that GSH precursor release happens in 

response to glutamatergic activity [65]. 

 

In conclusion, neurons must maintain a fine balance between glycolysis and PPP so they 

can meet their energy needs and maintain their antioxidant potential. Astrocytes also 

play an important role in helping neurons to maintain this balance: in addition to providing 

GSH precursors, lactate shuttling between these two cell types can help neurons to 

produce high amounts of ATP while sparing glucose for PPP [13, 45]. These 

mechanisms create yet another link between neurons and astrocytes and provide an 

important way to balance the redox statuses of these cells. 
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2.3 Brain energy metabolism and oxidative stress in 

schizophrenia 

The pathophysiology of schizophrenia is increasingly associated with disruptions in brain 

energy metabolism [8–10, 18, 66]. Additionally, increased oxidative stress and 

alterations in redox balance, which are tightly linked with energy metabolism, have been 

implicated in schizophrenia [18, 67, 68]. There is evidence of abnormal brain energetics 

from transcriptomic and proteomic analyses, post-mortem and animal studies, as well as 

from imaging studies. Since brain energy metabolism is tightly linked with synaptic 

activity, it has been hypothesized that problems in brain bioenergetics may cause some 

of the cognitive symptoms of schizophrenia [9, 10]. In recent years, the effects of 

antipsychotics on metabolic disturbance have been studied increasingly, and now there 

is substantial evidence indicating that antipsychotics affect glucose metabolism [10, 69]. 

Yet, there are also many studies showing dysregulation of glucose metabolism in the 

early stages of schizophrenia, prior to the administration of antipsychotics [10, 18]. Thus, 

there is some debate on whether disruption of energy metabolism is a primary cause of 

schizophrenia, or a result of genetics, synaptic dysfunction or antipsychotic use [9]. 

Taking into consideration the heterogeneity of schizophrenia, it is likely that a 

combination of multiple disease factors contributes to the disruption of brain energy 

metabolism. 

 

In addition, there is heterogeneity in the brain regions and bioenergetic pathways which 

are affected by brain energy metabolism disruptions. Firstly, a variety of studies strongly 

indicate that the abnormalities in brain energetics are region-specific, and there may be 

relatively large differences between brain areas [9, 18, 70, 71]. Secondly, it has been 

suggested that multiple energy metabolism pathways and processes, such as glycolysis, 

gluconeogenesis, lactate shuttling and metabolite transportation, are altered in 

schizophrenia [9, 70]. Although there is also strong evidence on mitochondrial 

abnormalities in schizophrenia [23, 72, 73], this thesis will focus on disruptions in 

cytosolic energy metabolism processes, because mitochondrial processes are not 

commonly depicted in detail in brain energy metabolism models (further discussion on 

this topic can be found in Chapter 2.4). 

2.3.1 Glycolysis and ATP regulation 

Multiple strains of evidence point to dysregulation of glycolysis in schizophrenia. There 

are various proteomic studies showing altered expression of many glycolytic enzymes in 

multiple brain regions including prefrontal cortex (PFC), dorsolateral prefrontal cortex 
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(DLPFC), anterior cingulate cortex (ACC), and hippocampus (see studies presented in 

[9, 70]). Moreover, there are regional variations in the differential expression of glycolytic 

enzymes across different areas of the brain: there are enzymes which are upregulated 

in one region but downregulated in another. 

 

On top of the altered expression of glycolytic proteins, studies suggest that in the 

schizophrenic brain, there is a shift in energy metabolism away from mitochondrial 

respiration (TCA cycle and oxidative phosphorylation) towards glycolysis [8, 18, 74]. This 

energetic shift is supported for example by evidence showing that the expression of 

pyruvate dehydrogenase, which controls pyruvate entry into TCA cycle, is decreased in 

the PFC in schizophrenia [75]. It appears that the shift towards glycolysis is not 

influenced by antipsychotics, because it was also observed in post-mortem studies of 

schizophrenia patients who have never used antipsychotics [75]. Lastly, one study found 

that the expression of glycolytic enzymes was decreased in post-mortem DLPFC 

neurons, but not in astrocytes [76]. This observation suggests that neurons may 

increasingly rely on astrocytic glycolysis and astrocyte-neuron lactate shuttle to meet 

their energy demands in schizophrenia. 

 

There is also evidence of decreased ATP availability due to disruption of creatine kinase 

(CK) activity in schizophrenia. There are a few phosphorus magnetic resonance 

spectroscopy (31P-MRS) studies showing that the rate-constant of the forward reaction 

of CK (transfer of an inorganic phosphate to ADP to form ATP) is decreased in 

schizophrenia. This decrease was observed both in the frontal lobe of first-episode 

schizophrenia patients [77] and in the medial PFC of chronic [78, 79] schizophrenia 

patients. In addition, a decrease in creatine concentration [80] and decreased expression 

of creatine kinase [81] has been found in the ACC of the schizophrenic brain. These 

findings together suggest that there may be less ATP available in certain regions of the 

schizophrenic brain, which can lead to disruptions in neuronal communication and 

presentation of psychotic symptoms [8, 79]. Lastly, some 31P-MRS studies have 

attempted to measure the levels of phosphocreatine (PCr) which is an important cytosolic 

energy reserve which can be used to rapidly generate ATP [8]. However, the results on 

PCr/ATP ratio in schizophrenia are inconsistent, likely due to methodological limitations 

[8]. 
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2.3.2 Lactate and pH 

Various studies suggest that brain lactate concentration is increased in schizophrenia [8, 

18, 82], and it is hypothesized that this increase is due to increased glycolysis which 

leads to abnormally high lactate production [18, 83]. A very recent meta-analysis of 13 

studies including both in vivo and post-mortem studies showed that the lactate 

concentration is significantly higher in the schizophrenic brain compared to control 

individuals [84]. Out of the 13 studies, 10 showed elevated brain lactate levels and three 

studies showed slightly decreased levels in schizophrenia. The increased brain lactate 

levels were present in multiple brain regions, including PFC, DLPFC, ACC, hippocampus 

and striatum. However, the authors of the meta-analysis also concluded that there is no 

significant difference in blood lactate levels between schizophrenia patients and healthy 

controls. 

 

Although this meta-analysis found a significant increase in brain lactate, it did not 

investigate how disease progression or use of antipsychotics may influence these 

results. In fact, there is some evidence suggesting that elevated lactate levels are 

specifically a characteristic of chronic schizophrenia. Additionally, increase in lactate 

concentration has been associated with reduced cognitive functioning and functional 

capacity in one study [85] and with negative symptoms in another study [82]. In contrast, 

no difference in lactate levels was observed in FE schizophrenia patients versus healthy 

controls [86], or among clinical high-risk individuals versus healthy controls [8]. Lastly, 

although some studies have reported no correlation between brain lactate and 

antipsychotic use [18], there is also evidence suggesting that lactate levels are 

influenced by antipsychotic drugs [87]. In summary, there is evidence indicating 

increased brain lactate levels in chronic schizophrenia, and it is possible that 

antipsychotics have an impact on this increase. 

 

In addition to increased brain lactate, schizophrenia is also associated with decreased 

brain pH [8, 18, 87]. The decrease in brain pH is at least partly caused by the increase 

in lactate levels, but mitochondrial dysfunction and decreased electron transport chain 

activity may also contribute to the acidification of brain tissue [8, 18, 87]. The decrease 

in brain pH is quite small but significant: it has been estimated that the pH in the 

schizophrenic brain is on average 0.2 pH units lower than in the healthy brain, based on 

both post-mortem and MRS imaging studies [87]. However, there is considerable 

variability in the results of pH studies, and a considerable number of them do not have 

sufficient power to detect differences in brain pH [8, 18]. Similarly to lactate, studies have 
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not found a difference in pH between FE schizophrenia patients and healthy individuals, 

or first-degree relatives of psychosis patients and healthy individuals [8]. These 

observations suggest that decreased brain pH is a long-term consequence of disturbed 

brain energy metabolism, although more research is still needed on this topic. 

Nevertheless, many neurotransmitter receptors and ion channels are sensitive to pH, 

and pH alterations can also affect membrane excitability and signalling cascades [87]. 

Lastly, when it comes to schizophrenia, decrease in pH has been shown to increase 

synaptic dopamine levels, and decrease NMDA receptor activity in rodent models [87]. 

These studies thus link disrupted bioenergetics and decreased pH to dopaminergic and 

glutamatergic dysfunction of schizophrenia. 

2.3.3 Oxidative stress 

Increased oxidative stress in schizophrenia has been implicated in a variety of different 

studies [18, 23, 68, 88]. The oxidative stress is suggested to be linked to mitochondria: 

dysregulation of mitochondrial electron transport complexes causes oxidative stress, but 

in addition, abnormally high generation of reactive oxygen species (ROS) causes 

mitochondrial damage through oxidation of mitochondrial lipids, sulfhydryl groups, and 

mitochondrial respiratory enzymes [23, 68, 88]. Besides mitochondria, other factors 

which have an important role in regulating the redox balance and protecting the cells 

from oxidative stress have been shown to be impaired in schizophrenia. 

 

Disruptions of many different components of the antioxidant defense system have been 

observed in the schizophrenic brain (see for example table 1 in [89]). Firstly, there is 

evidence from 31P-MRS studies showing that the ratio of an important redox pair, 

NAD/NADH, is reduced in schizophrenia. One study found a significant reduction of 

NAD/NADH ratio in the frontal cortex of FE psychosis patients relative to controls [90], 

while another study found a significant NAD/NADH ratio reduction in both FE and chronic 

schizophrenia patients relative to healthy individuals [67]. Furthermore, it was discovered 

that the NAD/NADH ratio was 15 % lower in FE schizophrenia patients compared to 

chronic patients [67]. 

 

Another molecule implicated in oxidative stress in schizophrenia is the key antioxidant 

glutathione (GSH). Multiple post-mortem studies have shown that GSH levels are 

decreased in the PFC as well as in the cerebrospinal fluid and peripheral tissues in 

schizophrenia [88, 91]. Although in vivo studies of GSH levels have provided inconsistent 

results [8, 88], two meta-analyses of MRS studies found a significant decrease of GSH 
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in the ACC of the schizophrenic brain [92, 93], and yet another study found a negative 

correlation between GSH levels in the posterior medial PFC and the severity of negative 

symptoms in schizophrenia patients [94]. However, further research on GSH levels is 

needed, particularly to account for antipsychotic use and disease status (FE or chronic). 

2.3.4 Summary 

The previous chapters presented some key evidence indicating dysregulation of 

cytosolic energy metabolism and redox balance in schizophrenia, summarized in Figure 

4. Based on current knowledge, it seems like first-episode schizophrenia is characterized 

by redox dysregulation and mitochondrial dysfunction. This early phase of the disorder 

is associated with reduced ATP availability due to decreased CK reaction rate and 

possibly PCr/ATP ratio, and redox imbalance caused by decreased NAD/NADH ratio. 

The changes in redox balance can subsequently lead to NMDAR hypofunction, which 

causes excitatory/inhibitory imbalance, leading to some cognitive symptoms of 

schizophrenia. In addition, NMDAR hypofunction can alter the transcription control of 

antioxidant genes, leading to further oxidative stress and NMDAR hypofunction. [8] 

 

 

Figure 4. Summary of changes in energy metabolism and redox balance in 

schizophrenia. Oxidative phosphorylation (ox. phos.), forward reaction rate of creatine 

kinase (CK). Modified from [8]. 
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It has been hypothesized that the schizophrenic brain attempts to restore the redox 

balance and return ATP availability to normal by shifting from oxidative phosphorylation 

towards glycolysis. This shift helps diminish the production of ROS via oxidative 

phosphorylation but ensures ATP production through glycolysis. The result of this shift 

is increased lactate concentration and a subsequent decrease in pH in the schizophrenic 

brain. [8] 

2.4 Computational modelling of brain energy metabolism 

A wide variety of computational models have been developed over the years to describe 

numerous brain functions, including energy metabolism. Although different approaches 

have been used to depict metabolic pathways of the brain over multiple decades, this 

chapter will focus on brain energy metabolism models which combine energy metabolism 

with neuronal activity and hemodynamics. These kinds of models enable the study of 

changes in energy metabolism reactions in response to neuronal activity over a specified 

time period. Since the energy consumption and production of the brain are tightly linked 

to changes in neuronal activity, these models can help provide detailed information on 

brain energetics. The first model to combine neuronal activity, brain energy metabolism 

and hemodynamics is by Aubert et al. from 2001 [95]. Since then, Aubert and colleagues 

as well as other researchers in the field have refined this model and also developed new 

brain energy metabolism models by introducing alternative modelling approaches. 

 

The vast majority of brain energy metabolism models are so called multi-compartment 

models [96]. The compartments typically represent cells, blood vessels, extracellular 

space or even smaller compartments like organelles. Each compartment consists of a 

set of specified biomolecules and the reactions between them. It is assumed that a 

compartment is well mixed, meaning that (1) every biomolecule can react with any other 

biomolecule in the same compartment if the reaction is thermodynamically and 

enzymatically possible, and (2) the reactions happen without a delay due to diffusion or 

translocation. [96] Furthermore, it is assumed that the law of mass action is in effect, 

according to which the rate of a chemical reaction is proportional to the product of the 

concentrations of the reactants [97]. For example, given a chemical reaction 

 

𝐴 + 𝐵 

𝑘𝑓

⇄
𝑘𝑏

 𝐶 

 

the rate of the reaction is given as 
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𝑣 = 𝐴 ×  𝐵 ×  𝑘𝑓 − 𝐶 × 𝑘𝑏 

 

where kf and kb are the rate constants [97, 98]. This means that the rate of concentration 

change of species A and B is 

 

𝑑[𝐴]

𝑑𝑡
=  

𝑑[𝐵]

𝑑𝑡
=  −𝑘𝑓[𝐴][𝐵] +  𝑘𝑏[𝐶] 

 

and the rate of concentration change of species C is 

 

𝑑[𝐶]

𝑑𝑡
=  −𝑘𝑏[𝐶] +  𝑘𝑓[𝐴][𝐵] 

 

Lastly, most brain energy metabolism models are deterministic and governed by systems 

of coupled ordinary differential equations representing enzymatic and transport reactions 

of metabolites [96]. 

 

Although most brain energy metabolism models are multi-compartmental, assume the 

compartments are well mixed and apply the law of mass action, there are also 

considerable differences between the models. One major difference is the modelling of 

lactate transfer between neurons and astrocytes. As was discussed in Chapter 2.2.3, the 

ANLS theory is supported by many researchers but objected to by others, and this divide 

also exists in the brain energy metabolism modelling. Some models are in accordance 

with ANLS theory, but others inversely predict that lactate is produced by neurons and 

taken up by astrocytes. The conflicting approaches to lactate transport appear to stem 

from different interpretations on glucose uptake and glycolytic activity in response to 

activation in neurons and astrocytes [96, 99, 100]. Models supporting ANLS cite studies 

indicating that astrocytes are primarily responsible for glucose uptake during neuronal 

activation, as well as studies suggesting that neurons cannot significantly upregulate 

their glycolytic activity in response to activation [99]. On the other hand, models which 

support lactate transfer from neurons to astrocytes refer to studies implicating increased 

glucose uptake and glycolysis in neurons in response to neuronal activity [100]. These 

opposing approaches highlight that the brain energy metabolism processes can be 

modelled in a variety of different ways. 
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Nowadays, there are multiple computational models of brain energy metabolism, as 

reviewed in Appendix 1. Although these models share some core features, the level of 

detail in them varies significantly. In the simplest models, energy metabolism is 

summarized in only three metabolic reactions involving glucose and lactate (see models 

presented in [96]). On the other hand, the more complex models can consist of dozens 

of enzymatic energy metabolism reactions [96]. In addition, there is a lot of variation on 

which energy-metabolism-adjacent processes, such as glutamate recycling or ion 

homeostasis, are included in the models [96]. Lastly, most brain energy metabolism 

models do not contain detailed description of mitochondrial respiration including TCA 

cycle, oxidative phosphorylation and mitochondrial transport reactions [96]. Thus, the 

majority of the models are limited to studying only cytosolic energy metabolism 

processes. Despite this limitation, computational modelling of brain energy metabolism 

has several benefits: it helps understand and interpret in vitro and imaging data and 

allows detailed inspection of complex metabolic pathways. Finally, modelling can be 

used for testing hypotheses and predicting outcomes on how genetic disturbances 

influence brain energy metabolism.  
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3. OBJECTIVES 

The overarching aim of this thesis is to study the energy metabolism of prefrontal cortex 

(PFC) and anterior cingulate cortex (ACC) in schizophrenia. The first goal of the thesis 

is to study how the expression of the cytosolic energy metabolism genes is changed in 

schizophrenia, based on differential expression (DE) analysis. The second goal is to 

simulate how the changes in gene expression alter the concentrations of central energy 

metabolites by using brain energy metabolism modelling. Through these endeavors, the 

ultimate aim of this thesis is to increase knowledge on which genes, proteins and/or 

biological processes contribute to the brain energy metabolism disruptions associated 

with schizophrenia.  
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4. MATERIALS AND METHODS 

4.1 Selection and description of the brain energy metabolism 

model  

In order to model how the brain energy metabolism may be altered in schizophrenia, a 

literature search was conducted to find a suitable biophysically detailed mathematical 

model depicting brain energy metabolism. The goal was to find a model which portrays 

specific metabolic and transport reactions which can be modified to represent the energy 

metabolism processes in the schizophrenic brain. In addition, the goal was to find a study 

which describes the model in detail and includes all the necessary files and information 

to replicate the brain energy simulations. Several potential brain energy metabolism 

models were found, but only some of them were suitable for the purposes of this thesis. 

The models and their details are presented in Appendix 1. 

 

After thorough analysis and consideration, the model chosen for implementation is a 

brain energy metabolism model by Winter and colleagues, published in 2018 [101]. The 

Winter model combines three earlier brain energy metabolism models which are 

described in Appendix 1. Although Winter et al. investigate Alzheimer’s disease in their 

study, the default model depicts energy metabolism in the healthy brain. The Winter 

model is a biophysical model which combines brain energy metabolism, neuronal activity 

and the hemodynamic response together to better understand how the energy 

metabolism mechanisms respond to a stimulus. In the Winter model, the stimulus is 

described as a combination of (a) release of glutamate from neurons into the extracellular 

space coupled with an influx of Na+ from the extracellular space to the neurons, and (b) 

an increase in the cerebral blood flow. Lastly, the Winter model supports the ANLS 

theory. 

 

The Winter model consists of six compartments: neuron, astrocyte, extracellular space, 

capillary, artery and vein. The metabolic reactions take place in neurons and astrocytes, 

and the transport reactions occur between the first five compartments. In the model, two 

central metabolic pathways, glycolysis and PPP, are depicted in detail, whereas TCA 

cycle and oxidative phosphorylation are represented only by one combined reaction. In 

total, the Winter model consists of 64 reactions: 40 metabolic reactions and 24 transport 

reactions. The compartments and transport reactions of the Winter model are presented 

in Figure 5 and the metabolic reactions are presented in Figure 6. 
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Figure 5. Winter model compartments and transport reactions. All the reactions are 

reversible. For glucose (GLC), lactate (LAC), oxygen (O2) and carbon dioxide (CO2) the 

arrows indicate the direction of flux at steady state, and for glutamate (GLU) and 

sodium (Na+) the arrows indicate the flux after stimulation. Figure modified from [101]. 

 
The proteins involved in the Winter model reactions were specified using the KEGG 

REACTION Database (https://www.genome.jp/kegg/reaction/; 23.8.2024). The KEGG 

REACTION codes were included in the Winter model, and the protein names and 

corresponding gene symbols were fetched from the database by using these codes. The 

gene symbols were obtained for the purpose of the DE analysis (Chapter 4.3). Some 

reactions did not include the KEGG codes, so those proteins and genes had to be looked 

up using other databases, primarily UniProt (https://www.uniprot.org/; 23.8.2024). The 

Winter model reactions, proteins and genes are presented in Table 1. Note that the 

reactions which do not include specific proteins (mitochondrial respiration, O2 and CO2 

diffusion, and ATP hydrolysis) were not included in the table. Additionally, it is likely that 

not all the genes listed in Table 1 are expressed by neurons and/or astrocytes. Cell-type 

specific protein expressions were investigated only for the genes that were determined 

differentially expressed by the DE analysis (Chapter 4.3). 

https://www.genome.jp/kegg/reaction/
https://www.uniprot.org/
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Figure 6. Winter model metabolic reactions. Glycolysis reactions are in yellow and 

pentose-phosphate pathway (PPP) reactions are in blue inside the dashed lines. Figure 

modified from [101]. 
Metabolite abbreviations: glucose (GLC), glucose-6-phosphate (G6P), fructose-6-phosphate (F6P), 

glyceraldehyde-3-phosphate (GAP), phosphoenolpyruvate (PEP), pyruvate (PYR), lactate (LAC), creatine 

(Cr), phosphocreatine (PCr),6-phosphogluconolactone (G6L), 6-phosphogluconate (P6G), ribulose-5-

phosphate (Ru5P), ribose-5-phosphate (R5P), xylulose-5-phosphate (X5P), erythrose-4-phosphate (E4P), 

sedoheptulose-7-phosphate (S7P). Protein name abbreviations: hexokinase (HK), glucose-6-phosphate 

isomerase (PGI), phosphofructokinase (PFK), phosphoglycerate kinase (PGK), pyruvate kinase (PK), 

lactate dehydrogenase (LDH), adenylate kinase (AK), creatine kinase (CK), glucose-6-phosphate 

dehydrogenase (ZWF), 6-phospho-gluconolactonase (SOL), phosphogluconate dehydrogenase (GND), 

ribulose-phosphate 3-epimerase (RPE), ribose-5-phosphate isomerase (RKI), transketolase (TKL), 

transaldolase (TAL).  

 

Table 1. The biochemical reactions and reaction-related proteins of Winter model, 

as well as the genes encoding the proteins. Metabolite abbreviations can be found from 

the “List of symbols and abbreviations” section and also from Figure 6 caption above. 

Reaction Protein name(s) Gene symbol(s) 

𝐴𝑇𝑃 + 𝐺𝐿𝐶 → 𝐺6𝑃 + 𝐴𝐷𝑃 Hexokinase HK1–3, HKDC1 

𝐺6𝑃 ↔ 𝐹6𝑃 Glucose-6-phosphate isomerase GPI 

𝐹6𝑃 + 𝐴𝑇𝑃 → 2 𝐺𝐴𝑃 + 𝐴𝐷𝑃 1. Phosphofructokinase-1 1. PFKM, PFKL, PFKP 

 2. Fructose-bisphosphate aldolase 
2. ALDOA, ALDOB, 

ALDOC 

 3. Triose-phosphate isomerase 3. TPI1 
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𝐺𝐴𝑃 + 𝐴𝐷𝑃 + 𝑁𝐴𝐷  

   → 𝑃𝐸𝑃 + 𝐴𝑇𝑃 + 𝑁𝐴𝐷𝐻 

1. Glyceraldehyde-3-phosphate 

dehydrogenase 
1. GAPDH, GAPDHS 

 2. Phosphoglycerate kinase 2. PGK1, PGK2 

 3. Phosphoglycerate mutase 
3. PGAM1, PGAM2, 

PGAM4, BPGM 

 4. Phosphopyruvate hydratase 4. ENO1–4 

𝑃𝐸𝑃 + 𝐴𝐷𝑃 

   → 𝑃𝑌𝑅 + 𝐴𝑇𝑃 
Pyruvate kinase PKLR, PKM 

𝑃𝑌𝑅 + 𝑁𝐴𝐷𝐻 

   ↔ 𝐿𝐴𝐶 + 𝑁𝐴𝐷 
Lactate dehydrogenase LDHA, LDHB, LDHC, 

LDHD 

𝐴𝑇𝑃 + 3 𝑁𝑎+  → 𝐴𝐷𝑃 Na+/K+-ATPase ATP1A1–4, ATP1B1–3 

2 𝐴𝐷𝑃 ↔ 𝐴𝑀𝑃 + 𝐴𝑇𝑃 Adenylate kinase AK1–9 

𝑃𝐶𝑟 + 𝐴𝐷𝑃 ↔  𝐶𝑟 + 𝐴𝑇𝑃 Creatine kinase 
CKB, CKM, CKMT1A, 

CKMT1B, CKMT2 

𝐺6𝑃 + 𝑁𝐴𝐷𝑃 

   →  𝐺6𝐿 + 𝑁𝐴𝐷𝑃𝐻 

Glucose-6-phosphate 

dehydrogenase 
G6PD 

𝐺6𝐿 →  𝑃6𝐺 6-phospho-gluconolactonase PGLS, H6PD 

𝑃6𝐺 + 𝑁𝐴𝐷𝑃 

   ↔  𝑅𝑢5𝑃 + 𝑁𝐴𝐷𝑃𝐻 
Phosphogluconate dehydrogenase PGD 

𝑅𝑢5𝑃 ↔ 𝑋5𝑃 Ribulose-phosphate 3-epimerase RPE, RPEL1 

𝑅𝑢5𝑃 ↔ 𝑅5𝑃 Ribose-5-phosphate isomerase RPIA 

𝑋5𝑃 + 𝑅5𝑃 

→  𝐺𝐴𝑃 + 𝑆7𝑃  
Transketolase TKT, TKTL1, TKTL2 

𝐺𝐴𝑃 + 𝑆7𝑃 ↔ 𝐹6𝑃 + 𝐸4𝑃 Transaldolase TALDO1 

𝑁𝐴𝐷𝑃𝐻 → 𝑁𝐴𝐷𝑃 NAD(P)H oxidase DUOX1, DUOX2 

𝐺𝐿𝐶 𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡 Glucose transporters (GLUTs and 

SGLTs) 
SLC2A1–8, SLC5A1–2 

𝐿𝐴𝐶 𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡 Monocarboxylate transporters 

(MCTs) 
SLC16A1–3, SLC16A7–8 

𝐺𝐿𝑈 𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡 Glutamate transporters (EAATs) SLC1A1–3, SLC1A6–7 

𝑁𝑎+ 𝑙𝑒𝑎𝑘 Na+ leak channel NALCN 
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4.2 Differential expression analysis 

The RNA sequencing data used for the differential expression (DE) is from the 

CommonMind Consortium [102], and it is human post-mortem bulk RNA sequencing 

data. The CommondMind Consortium database has two data sets corresponding to two 

brain regions: the prefrontal cortex (PFC) and the anterior cingulate cortex (ACC). The 

data sets consist of data from both schizophrenia patients (SCZ) and healthy control 

(HC) individuals. The metadata of the two data sets is presented in Table 2.  

 

The data analysis was performed using R, and the two data sets were analyzed 

separately. The full R code, the packages used for performing the analyses and their 

version numbers can be found in Appendix 2. First, the genes whose read count across 

all samples was in the lowest 10 %, were filtered out to reduce memory use and speed 

up the analysis. Next, the DE analysis was performed using the DESeq2 package [103] 

and its DESeq function which uses the Wald test to calculate the statistical significance 

values. In addition to the pre-filtering, additional filtering of lowly expressed genes was 

performed by the results function of the DESeq2 package. The results function also 

accounts for multiple testing by using the Benjamini-Hochberg correction. The 

significance threshold was set at  = 0.01.  

 

Table 2. Metadata of the CommonMind Consortium data sets. Note that the number 

of genes includes both protein-coding and RNA-coding genes. 

 Number of 

subjects 

Healthy controls 

(HC) 

Schizophrenia 

patients (SCZ) 

Number of 

genes 

PFC 558 295 263 56,632 

ACC 481 251 230 58,929 

 

The design formula used in the analysis was 

 

~ 𝐷𝑖𝑎𝑔𝑛𝑜𝑠𝑖𝑠 + 𝐴𝑔𝑒 + 𝑆𝑒𝑥 + 𝑃𝑀𝐼 (𝑝𝑜𝑠𝑡𝑚𝑜𝑟𝑡𝑒𝑚 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙). 

 

This indicates that, in addition to the diagnosis (SCZ or HC), other factors and their 

potential variability can be accounted for in the analysis. By adding these factors to the 

formula, the sensitivity for finding differences which are due to diagnosis status 

increases.  
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After the DE analyses of the whole data sets, the genes that are included in the Winter 

model (see Table 1) were extracted from results. The only gene that was not found from 

the PFC data set is PGAM2, and the only two genes that were not found from the ACC 

data set are PGK2 and PGAM2. Lastly, protein expressions of the DE genes were 

investigated using The Human Protein Atlas (https://www.proteinatlas.org/; 27.8.2024) 

as well as other sources (see Table 6 in Chapter 5.1). Only the genes that had sufficient 

evidence of protein expression were included in the subsequent analyses. 

4.3 Imputation of cell-type specific gene expressions 

The RNA-sequencing data used for the DE analysis is bulk data, meaning that the 

samples consist of a mixture of different cell types from a specific brain region. However, 

the Winter model has separate reactions for neuronal and astrocytic metabolic 

processes. Therefore, a tool called CIBERSORTx (https://cibersortx.stanford.edu; 

27.8.2024) was used to impute cell-type specific gene expressions for neurons and 

astrocytes from bulk RNA sequencing data. 

 

“Tutorial 5 - Impute Gene Expression, High-Resolution Mode” on the CIBERSORTx 

website was followed to impute cell-type specific gene expressions. The analysis 

requires three types of files: signature matrix file, mixture file and gene subset file. Firstly, 

the signature matrix was constructed based on cell-type specific RNA expression data 

of the brain, presented in an article by Zhang and colleagues from 2014 [51]. Zhang et 

al. used adult human cortical brain tissue, purified the cell types (neurons, astrocytes, 

oligodendrocytes, microglia and endothelial cells), and RNA sequenced the cells right 

after purification. The signature matrix file, constructed from this cell-type specific RNA 

data, consists of “barcode genes that can discriminate each cell subset of interest in that 

tissue type, and can subsequently be used to impute cell fractions and cell expression 

profiles from bulk tissue transcriptomes”, according to the tutorial. Next, the mixture file 

was constructed, which consist of DESeq2-normalized gene expression values for all 

genes across all samples, for PFC and ACC data separately (see Appendix 2 on how 

the mixture file was constructed). Lastly, the gene subset file contains a list of genes of 

interest, here the Winter model genes. 

 

The CIBERSORTx analysis was performed using the analysis module ‘3. Impute Cell 

Expression’ and analysis type ‘High-Resolution’. Optional merged class or ground truth 

files were not used. Batch correction (B-mode) was enabled and quantile normalization 

https://www.proteinatlas.org/
https://cibersortx.stanford.edu/
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was disabled. The window size used for deconvolution was 20. These decisions were 

made based on the guidelines presented in the tutorial. 

 

Unfortunately, imputation of cell-type specific expressions did not provide coherent 

results for all the genes. This problem was present especially with astrocyte-specific 

expressions. Therefore, a decision was made to separately use both CIBERSORTx 

imputed expressions and bulk RNA expressions to perform the brain energy metabolism 

simulations. By using the cell-type specific expressions from CIBERSORTx, the 

differences between neuronal and astrocytic metabolism could be studied, and by using 

bulk RNA data, a higher number of genes was able to be included in the simulations. 

 

Finally, the mean expressions of DE genes were calculated for SCZ and HC samples. 

The mean expressions in SCZ were compared to the mean expressions in HC in order 

to obtain coefficients which demonstrate how the mean expression of a gene has 

changed in schizophrenia. These coefficients were calculated for neurons and astrocytes 

separately when possible, using CIBERSORTx data, and when it was not available, 

DESeq2 normalized bulk data was used. This means that in the case of bulk data, it must 

be assumed that the difference in expression is caused by neurons or astrocytes alone, 

although this very likely does not reflect in vivo circumstances. Details on how these 

analyses were performed can be found in Appendix 2. 

4.4 Brain energy metabolism simulations 

COPASI is a software application which can be used for simulating and analyzing 

biochemical networks and systems, and it uses the Runge-Kutta integration method for 

simulating the ordinary differential equations [104]. In this work, COPASI simulator was 

used for modelling the brain energy metabolism by using the model presented in Winter 

et al. (2018) [101]. The COPASI file of the Winter model was downloaded from 

BioModels database (https://www.ebi.ac.uk/biomodels/; 10.9.2024), where the model is 

stored with an identifier MODEL1603240000. 

 

The aim of the simulations was to study how the concentrations of key metabolites 

change in response to neuronal activation in schizophrenia vs the healthy brain. The 

metabolites which were studied are glucose (GLC), lactate (LAC), pyruvate (PYR), ATP, 

NAD and NADH. The concentration of each metabolite was studied in neurons and 

astrocytes separately. The simulation task used in COPASI is called a “Time Course 

analysis” which can be found in the CopasiUI, under the Tasks-tab. The desired 

https://www.ebi.ac.uk/biomodels/


34 

 

metabolites were added to a single plot under the Output Specifications  Plots in the 

CopasiUI. 

 

The default Winter model (without modifying the model parameters) was used as a model 

of metabolism in the healthy brain. The schizophrenia simulations were done by 

adjusting the parameter(s) of each reaction of interest separately. The reaction 

parameters were adjusted either based on CIBERSORTx data and bulk data 

(separately), or solely based on bulk data if CIBERSORTx expressions were not 

available. Lastly, combination simulations were performed, where all CIBERSORTx or 

all bulk reactions were combined to investigate the cooperative action of the gene 

expression changes in schizophrenia. 

 

During the preliminary simulations, it was noticed that the metabolite concentrations had 

not reached steady state at the time of stimulation in the schizophrenia simulations. 

Therefore, the model parameters had to be modified to make sure that the system is in 

steady state at the time of stimulation. In the original Winter model, the duration of the 

Time Course is 400 s, the interval size is 0.016 s, the stimulus occurs at t_0 = 200 s and 

the output is suppressed before 100 s. In order to allow the system to reach steady state 

before the stimulus, these parameters were changed so that the duration of the Time 

Course is 30,500 s, the interval size is 0.1 s, the stimulus occurs at t_0 = 30,000 s and 

the output is suppressed before 29,900 s. Modification of these parameters did not affect 

the results in the HC simulation. Furthermore, an interval size of 0.01 s was also tested, 

but since no noticeable differences were observed between the 0.1 s and 0.01 s 

intervals, the larger interval was chosen to reduce computational load. 

 

The control case, every individual reaction and the combination were simulated by using 

the Time Course parameters, and the results were saved to a text file which contained 

time points as the rows and concentrations of the metabolites as the columns. The 

simulation results were plotted by using RStudio. Each plot showcases the concentration 

change of one metabolite as a function of time in schizophrenia vs healthy control. In 

addition, the concentrations were normalized (each concentration was divided by its 

baseline value), and the normalized concentrations were also plotted. The x-axis, which 

represents time, was adjusted to make the plots easier to read: instead of using 30,000 

s as the stimulus time point, the x-axis was adjusted so that the stimulus happens at 0 s. 

The R code used for constructing the plots is presented in Appendix 2. 
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4.5 On the use of RNA sequencing data 

The RNA sequencing data used for the differential expression (DE) analysis in this thesis 

is from the CommonMind Consortium [102]. The CommonMind data is not openly 

accessible. Here, the data was obtained under the distribution agreement between 

Tuomo Mäki-Marttunen and NIMH Center for Collaborative Genetic Studies.  

 

The data were generated as part of the CommonMind Consortium supported by funding 

from Takeda Pharmaceuticals Company Limited, F. Hoffman-La Roche Ltd and NIH 

grants R01MH085542, R01MH093725, P50MH066392, P50MH080405, 

R01MH097276, RO1-MH-075916, P50M096891, P50MH084053S1, R37MH057881, 

AG02219, AG05138, MH06692, R01MH110921, R01MH109677, R01MH109897, 

U01MH103392, and contract HHSN271201300031C through IRP NIMH. Brain tissue for 

the study was obtained from the following brain bank collections: the Mount Sinai NIH 

Brain and Tissue Repository, the University of Pennsylvania Alzheimer’s Disease Core 

Center, the University of Pittsburgh NeuroBioBank and Brain and Tissue Repositories, 

and the NIMH Human Brain Collection Core. CMC Leadership: Panos Roussos, Joseph 

Buxbaum, Andrew Chess, Schahram Akbarian, Vahram Haroutunian (Icahn School of 

Medicine at Mount Sinai), Bernie Devlin, David Lewis (University of Pittsburgh), Raquel 

Gur, Chang-Gyu Hahn (University of Pennsylvania), Enrico Domenici (University of 

Trento), Mette A. Peters, Solveig Sieberts (Sage Bionetworks), Thomas Lehner, Stefano 

Marenco, Barbara K. Lipska (NIMH). 
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5. RESULTS 

5.1 Differentially expressed genes, protein expressions and 

selection of simulation genes 

Statistics from the DE analyses of the hole PFC and ACC data sets are presented in 

Table 3. In addition, Winter model genes which are differentially expressed are presented 

in Table 4 (ACC) and Table 5 (PFC). The significance value for determining which genes 

are differentially expressed is  = 0.01. In the PFC data set, out of the 85 Winter model 

genes, 23 are differentially expressed: seven genes are upregulated, and 16 genes are 

downregulated. In the ACC data set, only nine Winter model genes are differentially 

expressed: three genes are upregulated, and six genes are downregulated in SCZ 

compared to HC. 

 

Table 3. Statistics from the differential expression analyses of PFC and ACC. 

Gene 

count 

Before 

filtering 

After             

pre-filtering 

After            

DESeq2 filtering 
Upregulated Downregulated 

PFC 56,632 47,148 28,866 4343 2374 

ACC 58,929 52,938 34,464 3247 1457 

 

Table 4. Differentially expressed Winter model genes in the ACC. 

 Gene symbol  Log2 fold change  Adjusted p-value  

 ALDOB   0.34  1.6710-5 

 TALDO1  -0.18  5.2110-4  

 AK4   0.14  1.8510-3  

 LDHB  -0.25  2.1410-3   

 PGLS  -0.12  3.9210-3   

 TPI1  -0.22  4.9310-3   

 RPEL1   0.28  6.5010-3   

 ALDOC  -0.13  7.9810-3   

 AK6  -0.17  9.9110-3   
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Table 5. Differentially expressed Winter model genes in the PFC. 

 Gene symbol  Log2 fold change  Adjusted p-value  

 AK4   0.17  7.8210-6 

 AK1  -0.20  8.3110-6 

 PFKL  -0.20  1.3110-5 

 ALDOC  -0.21  1.6410-5 

 TALDO1  -0.18  2.3210-5 

 GAPDH  -0.17  6.4810-5  

 CKMT2  -0.18  7.4410-5  

 RPE   0.12  1.7710-4  

 ALDOB   0.30  2.0610-4  

 PGAM1  -0.18  3.9710-4  

 TPI1  -0.26  4.4910-4   

 LDHD  -0.17  6.0510-4   

 CKB  -0.17  6.0910-4   

 PGLS  -0.14  6.6510-4  

 TKTL2   0.33  9.9510-4  

 PFKM  -0.16  1.0910-3  

 AK8  -0.19  1.1410-3  

 SLC16A2   0.11  3.5110-3   

 ENO1  -0.11  4.5410-3   

 PKM  -0.14  5.2410-3   

 HK3   0.39  6.5210-3   

 SLC2A6  -0.13  6.6010-3   

 CKM   0.57  8.7810-3   

 

Next, the protein expressions of DE genes were evaluated to see if there is enough 

evidence on protein level for the gene/protein to be included in the following simulations. 

The protein expressions of the DE genes are presented in Table 6. Note that Table 6 
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only includes genes/proteins which can be modeled in the Winter model. The Winter 

model includes reactions where multiple metabolic reactions are grouped into one (see 

Table 1), but only one of the proteins is included in the model as a parameter. As a result, 

ALDOB, ALDOC, ENO1, GAPDH, PGAM1 and TPI1 were eliminated from subsequent 

analyses. In addition, adenylate kinase genes (AK1, AK4, AK6 and AK8) were eliminated 

because they cannot be properly modeled: AKs catalyze both the forward and backward 

reactions, and some of the genes have increased and other decreased expression. 

Therefore, modulating the AK reaction based on the DE results would not yield coherent 

results. 

 

Table 6. Protein expressions of differentially expressed genes in neurons and 

astrocytes. Note that The Human Protein Atlas presents glial expression, not 

specifically astrocytic expression. Furthermore, the Human Protein Atlas expressions 

are from the cerebral cortex, not specifically from the PFC or the ACC. 

Gene 

symbol 

Protein expression –           

The Human Protein Atlas 
Protein expression – Other sources 

 Neuron Glia  

CKB Not detected Medium 

CKB has low and selective expression in 

human neurons [105], but it is prominently 

expressed in human astrocytes [105] in the 

cerebral cortex [106]. 

CKM Not detected  Not detected 
CKM is not the isoform expressed in the brain 

[107]. 

CKMT2 Not detected Not detected 
CKMT2 is not the isoform expressed in the 

brain [107]. 

HK3 Not detected  Not detected 

HK3 expression is relatively low in most 

tissues, and brain is not among the tissues 

with high expression [108]. 

LDHB Medium  Low 

Neurons express exclusively LDHB. In 

astrocytes, LDHB is expressed, but it is not the 

predominant isoform. [53] 

LDHD Low  Not detected 
No additional information on LDHD protein 

expression was found. 

PFKL Low  Not detected 

In the human cerebral cortex, only around 15 

% of the PFK1 protein is of PFKL isoform 

[109]. There is little PFKL expression in human 

astrocytes [110]. 

PFKM High Low 

In the human cerebral cortex, around 55 % of 

the PFK1 protein is of PFKM isoform [109]. 

There is little to no PFKM expression in 

astrocytes [110]. 
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PGLS Medium Medium 
No additional information on PGLS protein 

expression was found. 

PKM Medium Low 

Neurons express mainly PKM1, and astrocytes 

mainly PKM2, both encoded by PKM gene 

[111]. 

RPE Medium Low 
No additional information on RPE protein 

expression was found. 

RPEL1 Low Not detected 
No additional information on RPEL1 protein 

expression was found. 

SLC2A6 Low Not detected 

There does not seem to be significant SLC2A6 

protein expression in neurons or astrocytes 

[50]. 

SLC16A2 Not available Not available 

SLC16A2 is not expressed in the adult human 

neurons [112]. Information on astrocyte 

expression was not found. 

TALDO1 Not available Not available 
In the brain, TALDO1 is selectively expressed 

in oligodendrocytes [113]. 

TKTL2 Not available Not available 
No additional information on TKTL2 protein 

expression was found. 

 

CIBERSORTx tool was used to impute cell-type specific gene expression for neurons 

and astrocytes in order to improve the precision of the energy metabolism simulations. 

Unfortunately, CIBERSORTx could not impute cell-type specific expressions for all the 

genes, so bulk expression data had to be used alongside cell-type specific data. Table 

7 presents the mean expression values (bulk and CIBERSORTx) of all the genes which 

could be simulated, and the corresponding coefficient values which were used to modify 

the Winter model parameters. Lastly, Figure 7 summarizes which genes were included 

in the brain energy simulations and which genes had to be eliminated and why.  

 

Table 7. Normalized expression values of all the genes which were used for the 

simulations. The coefficients were used to adjust the Winter model parameters. 

 Gene symbol  Mean expression - SCZ  Mean expression - HC  Coefficient 

 Bulk data (PFC)  

 PFKM 3532.88 4107.81 0.86 

 PKM 11776.87 13571.01 0.87 

 CKB 5544.50 6243.43 0.89 

 PGLS 134.28 149.54 0.90 

 RPE 778.74 742.40 1.05 
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 CIBERSORTx data (PFC) 

 PFKM (neuron) 6734.16  7041.54 0.96 

 PKM (neuron) 22125.64  23202.92  0.95 

 PGLS (neuron) 135.28 141.17 0.96 

 PGLS (astro) 160.77 159.69  0.99 

 Bulk data (ACC) 

 LDHB 884.7 1143.7 0.77 

 PGLS 148.6 164.1 0.91 

 CIBERSORTx data (ACC) 

 LDHB (neuron) 1755.64  2004.91 0.88 

 PGLS (neuron) 154.88 165.43 0.94 

 PGLS (astro) 154.52 156.97 0.98 

 

 
Figure 7. This figure illustrates why certain genes had to be eliminated, and which 

genes could be included in the brain energy metabolism simulations. 



41 

 

5.2 Simulation of altered expression of energy metabolism 

genes 

The default Winter model was used to simulate the healthy brain, and these simulation 

results were used as the control. Next, the parameters of the Winter model were modified 

based on bulk and CIBERSORTx imputed gene expression data to model the 

schizophrenia cases. More information on which reactions and parameters were 

modified, is presented in Table 8. 

 

Table 8. Winter model reactions, corresponding gene symbols, and the model 

parameters which were modified for the simulations. The parameters were modified 

based on coefficient values presented in Table 7. 

Reaction Gene symbol Reaction name 
Modified 

parameter 

PFC    

𝐹6𝑃 + 𝐴𝑇𝑃 → 2 𝐺𝐴𝑃 + 𝐴𝐷𝑃 PFKM PFK_neurons k_PFK 

𝑃𝐸𝑃 + 𝐴𝐷𝑃 → 𝑃𝑌𝑅 + 𝐴𝑇𝑃 PKM 
PK_neurons/ 

PK_astrocytes 
k_PK 

𝑃𝐶𝑟 + 𝐴𝐷𝑃 ↔  𝐶𝑟 + 𝐴𝑇𝑃 CKB CK_astrocytes k1 

𝐺6𝐿 →  𝑃6𝐺 PGLS 
SOL_neurons/ 

SOL_astrocytes 
Vmax 

𝑅𝑢5𝑃 ↔ 𝑋5𝑃 RPE RPE_neurons Vmax 

ACC    

𝑃𝑌𝑅 + 𝑁𝐴𝐷𝐻 ↔ 𝐿𝐴𝐶 + 𝑁𝐴𝐷 LDHB LDH_neurons k2 

𝐺6𝐿 →  𝑃6𝐺 PGLS 
SOL_neurons/ 

SOL_astrocytes 
Vmax 

 

Copasi simulator was used to study the concentration changes of metabolic species in 

neurons and astrocytes in response to neuronal activation. In the PFC simulations, four 

Winter model reactions could be modified based on CIBERSORTx imputed gene 

expressions, and seven reactions based on DE analysis results from bulk data. In the 

ACC simulations, the same three reactions could be modified using CIBERSORTx data 

and bulk data. Lastly, combination simulations were performed where the expression 

changes of all the genes were combined in the same simulation. These combination 
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simulations were done on PFC and ACC, and on CIBERSORTx and bulk data 

separately. 

 

The single-reaction simulation results are presented in Table 9. In the majority of single 

reaction simulations, there were either very small or no differences in the concentrations 

of all the metabolic species between SCZ and HC. Additionally, the differences were only 

in absolute concentration changes but not in relative concentration changes. Therefore, 

a decision was made that if the change in concentration between SCZ and HC was less 

than 0.5 % in all the metabolic species, the effect of altered gene expression can be 

considered negligible. Thus, only the plots which portray significant concentration 

changes are presented in the following chapters. 

 

Table 9: Single-reaction Copasi simulation results for each metabolic species. The 

colours represent the change in concentration between HC and SCZ: no difference in 

concentration (red), insignificant (0.01 – 0.5 %) difference in concentration (yellow), 

difference in absolute concentration (light green), and difference in absolute and 

relative concentration (dark green). Plus (+) signs indicate increased concentration, 

and minus (–) signs decreased concentration in SCZ. In the case of CK_astrocytes, 

plus and minus signs reflect whether the peak of graph was higher or lower in SCZ 

(baseline concentrations identical). Astro refers to astrocyte. 

 GLC 

neuron 
GLC 

astro 
LAC 

neuron 
LAC 

astro 
PYR 

neuron 
PYR 

astro 
ATP 

neuron 
ATP 

astro 
NAD 

neuron 
NAD 

astro 
NADH 

neuron 
NADH 

astro 

PFC (CIBERSORTx) 

PFK_neurons  + + – – – – – – + + – – 

PK_neurons     –    –  +  

SOL_neurons             

SOL_astrocytes             

PFC (bulk) 

PFK_neurons  + + – – – – – – + + – – 

PK_neurons      –    –  +  

PK_astrocytes  – – + + + –   – – + + 

CK_astrocytes    –  –    +  – 

SOL_neurons             

SOL_astrocytes             

RPE_neurons             
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ACC (CIBERSORTx) 

LDH_neurons – – – – – – –  + + – – 

SOL_neurons             

SOL_astrocytes             

ACC (bulk) 

LDH_neurons – – – – – – –  + + – – 

SOL_neurons             

SOL_astrocytes             

 

5.2.1 Prefrontal cortex (PFC) simulations 

In the PFC simulations, the following Winter model reactions could be modified based 

on CIBERSORTx expressions: SOL_astrocytes (reaction rate altered based on change 

in PGLS expression), SOL_neurons (PGLS), PK_neurons (PKM) and PFK_neurons 

(PFKM). By using bulk data, simulations of RPE_neurons (RPE), CK_astrocytes (CKB) 

and PK_astrocytes (PKM) could also be added. Only decrease in neuronal PFKM 

caused significant changes in the metabolite concentrations, while the effects of other 

genes were found to be negligible. Figure 8 presents how decreased PFKM impacts 

absolute metabolite concentrations and Figure 9 displays the normalized concentrations. 

Downregulation of PFKM leads to increased baseline concentration of glucose and NAD, 

and decreased baseline concentration of ATP, lactate, pyruvate and NADH (Figure 8). 

In addition, decreased PFKM expression leads to alterations in the time courses of nearly 

all metabolite concentrations (Figure 9). Lastly, the combination PFC simulations (all 

gene expression changes simulated together) produced plots which are identical to 

PFKM simulation results, and therefore they are not presented separately. 
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Figure 8. Effects of decreased neuronal PFKM expression on the absolute 

concentrations of central metabolites. The top row displays astrocytic concentrations of 

(a) ATP, (b) glucose, (c) lactate, (d) pyruvate, (e) NAD and (f) NADH. The bottom row 

displays neuronal concentrations of the same metabolites: (g) ATP, (h) glucose, (i) 

lactate, (j) pyruvate, (k) NAD and (l) NADH. “Bulk” refers to simulations where 

PFK_neurons reaction was altered based on bulk expression data and “CIBERSORTx” 

refers simulations where PFK_neurons was altered based on neuron-specific 

expression data (see additional details in Tables 7 and 8). 

 

 

Figure 9. Effects of decreased neuronal PFKM expression on the normalized 

concentrations of central metabolites (each concentration divided by its baseline 

value). The top row displays astrocytic concentrations of (a) ATP, (b) glucose, (c) 

lactate, (d) pyruvate, (e) NAD and (f) NADH. The bottom row displays neuronal 

concentrations of the same metabolites: (g) ATP, (h) glucose, (i) lactate, (j) pyruvate, 

(k) NAD and (l) NADH. 
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5.2.2 Anterior cingulate cortex (ACC) simulations 

The only three reactions which could be altered in the ACC simulations based on both 

CIBERSORTx and bulk gene expressions were SOL_neurons (PGLS gene), 

SOL_astrocytes (PGLS) and LDH_neurons (LDHB). Decreases in either neuronal or 

astrocytic PGLS expression did not affect any of the metabolite concentrations which 

were studied. However, decreased LDHB caused differences in neuronal pyruvate, NAD 

and NADH concentrations, and negligible differences in concentrations of the other 

metabolic species. Figure 10 presents the simulation results showing the effects of 

decreased LDHB on the absolute metabolite concentrations (a–c), and on the normalized 

concentrations (d–f). Downregulation of LDHB causes decreased baseline concentration 

of pyruvate and NADH, and increased baseline concentration of NAD (Figure 10 a–c). 

Additionally, there are small differences in the time courses of metabolite concentrations 

between SCZ (bulk and CIBERSORTx) and control (Figure 10 d–f). 

 

It should be noted that LDH enzyme catalyzes both the conversion of pyruvate to lactate 

and back, simultaneously converting NADH to NAD and back. The Winter model has 

separate parameters for the forward and backward reactions. Based on literature ([114] 

and references therein), LDH1 isoenzyme, which is formed by four subunits encoded by 

LDHB gene, favors conversion of lactate to pyruvate (backward reaction). Since there is 

evidence that neurons express exclusively LDHB (LDH1) [53, 54], a decision was made 

to modify only the parameter of the backward reaction based on altered LDHB 

expression. 

 

 
Figure 10. Effects of decreased neuronal LDHB expression on the absolute 

concentrations of (a) pyruvate, (b) NAD and (c) NADH, and normalized concentrations 

of (d) pyruvate, (e) NAD and (f) NADH. 
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6. DISCUSSION 

6.1 Evaluation of materials and methods 

6.1.1 Winter model 

Brain energy metabolism model by Winter et al. was chosen to investigate how the 

concentrations of some key metabolites change in response to gene expression 

alterations in schizophrenia. Although this model was well suited for this purpose, it also 

had some limitations from the biological perspective. Firstly, the Winter model presents 

glycolysis, PPP and transport reactions of metabolites in detail, but mitochondrial ATP 

production is modelled only by a single reaction. Thus, central energy metabolism 

processes such as TCA cycle, oxidative phosphorylation and mitochondrial transport 

reactions were not able to be studied. This limitation is the largest downside of this model, 

since there is substantial evidence that in addition to cytosolic energy metabolism 

processes, mitochondrial processes are also disturbed in schizophrenia [23, 72, 74]. 

 

Secondly, the Winter model (and other brain energy metabolism models) does not 

represent any particular brain region, and instead it is a general model of brain energy 

metabolism. This means that no distinction between the PFC and the ACC was able to 

be made in the simulations (the initial model parameter values were identical in both 

control simulations). Nonetheless, there are regional differences in the energy 

metabolism in the brain [115–117], and optimally the model parameter values would 

reflect these regional differences. In the future, brain energy metabolism modelling could 

be improved by designing these region-specific models. However, obtaining brain region 

specific data is still challenging due to methodological limitations as well as disease 

heterogeneity between individuals. 

 

In addition to limitations in brain region specificity, the cell types represented in the Winter 

model are limited. The Winter model includes only neurons and astrocytes, and thus the 

impact of other cell types in the brain, such as microglia and oligodendrocytes, cannot 

be taken into account. In addition, since synaptic neurotransmission is included in the 

model, it would be beneficial to distinguish pre- and postsynaptic sides of neurons. These 

opposing sides have distinct energy requirements and consequently the energy 

metabolism processes function differently on pre- and postsynaptic sides of neurons. By 

having separate compartments for pre- and postsynaptic sides of neurons, the distinct 
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metabolic profiles of these two sites could be modelled more accurately. Lastly, the 

transport reactions of central metabolites like glutamate, glucose and lactate could be 

portrayed more biologically accurately by including the of pre- and postsynaptic 

compartments. 

 

Finally, the kinetic parameters of the Winter model vary between different metabolic 

reactions (see Table 8 for example). Therefore, different kinds of parameters were 

adjusted for the simulations. Since the parameters represent different reaction properties 

(for example k represents rate constant and Vmax represents the maximum velocity of 

the reaction when the enzyme is fully saturated with the substrate), it is relevant to 

question should all these different parameters be adjusted in the same manner. 

Furthermore, adjusting these reaction rate parameters based on differences in gene 

expression may add unreliability to the simulation results, because these two elements 

are not directly proportional. 

6.1.2 Limitations of post-mortem bulk RNA sequencing data 

The DE analysis was performed using human bulk RNA-sequencing data from the 

CommonMind Consortium, which has its strengths and weaknesses. The strengths of 

this data include the large sample size in both data sets (PFC and ACC), and the fact 

that the data is from humans, which allows it to be used for the study of human diseases 

such as schizophrenia. On the other hand, the fact that it is post-mortem bulk data sets 

some limitations regarding the use of the data. First, the downsides of using post-mortem 

data include for example effects of post-mortem interval, mRNA integrity and the fact 

that post-mortem samples typically reflect the “mature” stages of schizophrenia [9]. 

Additionally, lifetime use of antipsychotics may affect post-mortem data: since the 

CommonMind data did not include information on medication status of the patients, the 

effects of different antipsychotics on the gene expression could not be taken into account 

in the DE analysis. Secondly, bulk mRNA data does not provide information on cell-type 

specific gene expression. Since bulk brain tissue contains a variety of cell types including 

neurons, different glial cells and endothelial cells, it is impossible to say based on bulk 

data how each cell type contributes to the gene expression differences associated with 

schizophrenia. 

 

The Winter model used for simulating cytosolic energy metabolism has separate 

metabolic reactions to neurons and astrocytes, and therefore CIBERSORTx tool was 

used to impute neuron- and astrocyte-specific gene expressions from the bulk data. 
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Unfortunately, CIBERSORTx was not able to impute cell-type specific expressions for all 

genes, so bulk expressions were decided to be used alongside CIBERSORTx 

expressions. The challenge of using bulk data to calculate the expression differences 

between HC and SCZ lies in the necessity to assume that changes in gene expression 

are only driven by either neurons or astrocytes. However, this assumption is likely 

inaccurate because genes are typically expressed in many different cell types, and the 

expression may also be altered in multiple of them in schizophrenia. Thus, usage of bulk 

data to modify cell-type specific Winter model reactions may have reduced the accuracy 

of the simulation results. In an ideal situation, single-cell or single-nucleus sequencing 

data would have been available to be used for the DE analysis and subsequent brain 

energy metabolism simulations. 

 

In addition to limitations of bulk data, limited information on protein expressions of Winter 

model genes added a challenge to the workflow. There is little information on protein 

level expressions on specific cell types (neurons and astrocytes) and on specific brain 

regions (PFC and ACC). The Human Protein Atlas provided some help, but it also has 

limited specificity: the database has information on neuronal protein expression, but 

instead of astrocyte-specific expressions, it provides only broader expression of glial 

cells. Secondly, The Human Protein Atlas does not have separate categories for PFC 

and ACC, and thus only cerebral cortex protein expressions could be obtained. In 

addition, when The Human Protein Atlas information was compared to literature, there 

were some discrepancies. Since protein expression data is limited, it is possible that 

some proteins that were excluded should have been included in the simulations and vice 

versa. In the future, the increase in brain-region and cell-type specific protein expression 

data should improve the accuracy of modelling. 

 

Lastly, it is possible that although there are differences in mRNA expression between 

healthy individuals and schizophrenia patients, those differences may not be present on 

the protein level. For example, the translation of mRNA to protein can be controlled or 

inhibited, the translated protein can be degraded, or the activity of the protein is regulated 

or even inhibited. Therefore, additional information on the presence and activity of 

metabolic enzymes would also make the brain energy simulations more accurate. 
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6.2 Differentially expressed Winter model genes 

6.2.1 Overview of the differential expression analysis results 

The results from the DE analysis of Winter model genes reveal multiple interesting 

aspects of cytosolic brain energy metabolism from the PFC and the ACC. Firstly, there 

are about 2.5 times more differentially expressed genes in the PFC than in the ACC data 

set. This result indicates that energy metabolism may be more disturbed in the PFC than 

in the ACC in schizophrenia. However, the ratio of down- and upregulated genes is 

similar in both data sets: there are approximately twice as many downregulated genes 

as upregulated genes. Therefore, the bioenergetic disruptions seem to be more often 

connected to downregulation instead of upregulation of cytosolic energy metabolism 

genes. 

 

Secondly, although 21 out of 85 genes in the Winter model gene set encode transporter 

proteins, only two of them (SLC2A6 and SLC16A2) are differentially expressed, both in 

the PFC. Furthermore, SLC2A6 encodes GLUT6 and SLC16A2 encodes MCT8 (also 

known as MCT7), and no significant evidence of these two proteins being expressed in 

neurons or astrocytes was found [50, 112]. Therefore, it seems like dysregulation of 

energy metabolism is more likely caused by problems in cytosolic energy metabolism 

enzymes than problems in metabolite transportation, and this hypothesis is in line with 

many proteomic studies which have not found significant differences in transporter 

protein expressions [70]. 

 

Information on which energy metabolism process each differentially expressed gene is 

involved in is presented in Table 10. Firstly, this figure illustrates that there are six genes 

which are differentially expressed in both data sets: ALDOB, ALDOC, TPI1, PGLS, 

TALDO1 and AK4. These genes are either upregulated (ALDOB, AK4) in both brain 

regions or downregulated (ALDOC, TPI1, PGLS, TALDO1) in both brain regions. 

Additionally, Table 10 shows that the majority of DE genes from the ACC are also 

differentially expressed in the PFC. However, note that no evidence of significant protein 

expression in neurons or astrocytes was found on ALDOB or TALDO1.  

 

Table 10 also illustrates that PPP is the only group with a similar number of down- and 

upregulated genes in both brain regions. However, no evidence of significant protein 

expression of TKTL2, TALDO1 and RPEL1 was found. In addition, it was difficult to find 

brain region- and cell type-specific evidence of protein expression on PGLS and RPE. 
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Furthermore, even if altered expression of RPE and PGLS translates to protein level, it 

doesn’t directly cause problems in energy production. Although PPP is a pathway parallel 

to glycolysis, it is not an energy production pathway, but instead its primary function is to 

produce precursors for nucleotide and amino acid biosynthesis. However, PPP also has 

an important role in preventing oxidative stress by generating NADPH which can reduce 

glutathione. Therefore, although disruption of PPP may not directly disturb ATP 

production, it may lead to increased oxidative stress for example by decreasing GSH 

concentration and causing mitochondrial dysfunction in schizophrenia [88]. 

 

Table 10. Differentially expressed genes in the PFC and the ACC, and which energy 

metabolism processes these genes are involved in. Underlined genes are upregulated, 

and the rest are downregulated in SCZ vs HC. Phosphotransferases refer to proteins 

which control ATP levels, such as adenylate kinase and creatine kinase. 

 

6.2.2 Glycolytic enzymes and phosphotransferases 

In the PFC data set, there are nine downregulated genes and only two upregulated 

genes related to glycolysis. Additionally, according to The Human Protein Atlas, the two 

upregulated genes (HK3 and ALDOB) are not expressed on the protein level in neurons 

or glia in the cerebral cortex. On the other hand, LDHD and PFKL are the only 

downregulated genes that are not significantly expressed on the protein level in neurons 

or astrocytes (other isoforms of these proteins are present in the brain). Thus, there are 

seven downregulated glycolysis genes with evidence of protein expression in the PFC in 

schizophrenia: ENO1, GAPDH, PFKM, PKM, PGAM1, ALDOC and TPI1. All these genes 
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have also been found to be differentially expressed in proteomic studies in the PFC (or 

more specifically in the DLPFC in some cases) in schizophrenia [75, 118–122].  

 

Out of the glycolytic enzymes, ALDOC is the most frequently differentially expressed 

protein identified in proteomic studies [75, 119–122]. However, some of the studies 

report increased expression and others decreased expression of this protein in the PFC. 

These different findings may partly be explained by differences in the specific brain 

regions and their cell-types. In the brain, ALDOC is predominantly expressed by 

astrocytes [70], and therefore the astrocyte density of the post-mortem tissue can affect 

the results. One of the proteomic studies used brain tissue from dorsolateral white 

matter, which is rich in astrocytes, and this study found a decrease in ALDOC expression 

[120].  

 

When it comes to the rest of the glycolytic enzymes, in some studies the protein 

expression was in line with the gene expression alterations identified in this thesis, and 

in other studies it was not: proteomic studies have identified decreased protein 

expression of ENO1 [75], PKM [75], PGAM1 [119] and TPI1 [120], but increased protein 

expression of GAPDH [118] and PFKM [118]. However, Sullivan and colleagues also 

found a decrease in PFK (isoform not specified) mRNA, and in addition a decrease in 

PFK activity in the DLPFC [76]. These results highlight the need for multimodal analyses 

that account for gene expression, protein expression, and protein activity in combination, 

as there may not always be a straightforward correlation between the three. 

 

In the PFC, six phosphotransferase encoding genes were found to be differentially 

expressed between SCZ and HC: three of them are adenylate kinases (AKs) and the 

other three are creatine kinases (CKs). Alterations in AKs have not been strongly 

associated with schizophrenia: only one proteomic study has reported an increase of 

AK4 in the left DLPFC [121], and similarly an increase of AK4 was found on mRNA level 

in this thesis. However, studies have not found protein level alterations of AK1 (main 

isoform in the healthy brain [123, 124]) or AK8 (likely not expressed in the brain [123]) 

related to schizophrenia. Conversely, CKB (the main cytosolic isoform in the brain) has 

been associated with schizophrenia in a variety of studies. 31P-MRS studies have found 

a decrease in the rate-constant of the forward reaction of creatine kinase in the frontal 

regions [77–79], and proteomic studies have found altered expression of CKB in 

schizophrenia. Two studies from the frontal cortex have identified a decrease in CKB 

[125, 126] whereas two studies from the DLPFC have identified an increase in CKB [121, 



52 

 

127]. There results suggest that there are regional differences in the expression of CKB 

in the schizophrenic brain. 

 

Finally, in the ACC data set there are four DE genes related to glycolysis. The only 

upregulated gene of these four (ALDOB) is not the isoform expressed in the brain. On 

the other hand, the remaining three genes (ALDOC, TPI1 and LDHB) are expressed on 

a protein level in the brain. Proteomic studies have found altered expression of ALDOC 

in the ACC: two studies have reported decreased expression [128, 129] and one study 

has reported increased expression [130] in schizophrenia. On the contrary, proteomic 

studies have not found altered expression of TPI1 or LDHB in the ACC, but instead in 

other brain areas [70]. Lastly, proteomic studies have not identified altered expression of 

AK4 or AK6 in the ACC, or in other brain regions (apart from the one study mentioned in 

the previous section). Overall, fewer studies have investigated the ACC compared to the 

PFC, which limits the knowledge on how gene and protein expression may be altered in 

this brain region in schizophrenia. 

6.3 Effects of altered gene expression on central energy 

metabolites 

6.3.1 Overview of the brain energy metabolism simulation results 

In the PFC simulations, the gene expression changes were used to modify seven 

reactions using bulk data, and four reactions using CIBERSORTx data. In both cases, 

only the decrease of PFKM caused significant alterations in the metabolite 

concentrations between HC and SCZ. The simulation results from the ACC were similar: 

three reactions were modified based on both bulk and CIBERSORTx data, but only 

decreased LDHB caused any significant changes in the metabolite concentrations. 

When it came to the rest of the genes (PGLS, RPE, PKM and CKB), the concentration 

changes between HC and SCZ were insignificant based on both bulk and CIBERSORTx 

gene expressions in both brain regions. 

 

PGLS and RPE are PPP enzymes, and as it was mentioned in Chapter 6.2.1, altered 

expression of these enzymes does not directly cause any concentration changes in any 

of the metabolites which were studied. Thus, the simulation results of PGLS and RPE 

were as expected. On the other hand, decreased expression of PKM and CKB in the 

PFC caused concentration changes in some of the metabolic species, but these changes 

were so small they were determined to be negligible (see Table 9). However, note that 
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decreased neuronal PKM caused changes only in some neuronal metabolite 

concentrations, whereas decreased astrocytic PKM caused changes in all astrocytic and 

neuronal metabolites, except for ATP. These PKM simulation results likely reflect the key 

role astrocytes have in supporting neuronal energy production. In conclusion, based on 

the simulation results of PKM and CKB it seems like decreased expression of either gene 

does not cause significant alterations in energy metabolism in schizophrenia. 

Furthermore, it is possible that decreased expression of these genes is a consequence 

of already present disturbed bioenergetics in the schizophrenic brain. 

6.3.2 PFKM and LDHB 

In the PFC, PFKM was one of the genes whose decreased expression could be 

simulated. There is evidence that PFKM is expressed in neurons but not in astrocytes, 

so only PFK_neurons reaction was altered in the Winter model. Simulation results 

portraying decreased expression of PFKM show significant alterations in all the 

metabolic species which were studied, except for neuronal ATP. Furthermore, metabolite 

concentrations were altered in both neurons and astrocytes which provides additional 

support for metabolic coupling of between these two cell types. Separate simulations 

were performed based on CIBERSORTx imputed gene expressions and bulk 

expressions. Since PFKM expression differences between SCZ and HC were larger in 

bulk data, the differences in metabolite concentrations were also expectedly larger in the 

bulk simulations. However, in some cases larger decrease in PFKM also created larger 

differences in the plot shapes.  

 

Decreased PFKM caused alterations in the steady-state concentrations of all the studied 

metabolites: steady-state concentrations of lactate, pyruvate, ATP and NADH were 

smaller, and glucose and NAD were larger compared to the control. These results 

suggest that reduced PFKM expression slows down glycolysis, which leads to decreased 

pyruvate, lactate and ATP production, whereas glucose concentration is higher due to 

slower consumption. Additionally, conversion of NAD to NADH is slower, which explains 

their steady-state concentration differences. These results are expected for the neuronal 

concentrations, but the PFKM simulation results indicate that decreased neuronal PFKM 

actually causes larger alterations in the astrocytic metabolite concentrations (especially 

in response to neuronal activation) than the neuronal ones. 

 

There is not a clear indication on why the decrease of neuronal PFKM causes such large 

alterations in astrocytic metabolite concentrations, but it may be at least partially 
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explained by how the PFK_neurons rate law is defined in the Winter model. PFK is a key 

enzyme of glycolysis, and it is controlled by multiple metabolites such as F2,6BP, ATP, 

ADP, and also pH [48]. Although many different formulations for the rate law of PFK have 

been suggested, the regulatory complexity of this enzyme makes the reaction very 

difficult to define in the modelling context [131]. Therefore, the simulation results of PFKM 

may be at least partly affected by the rate law which is used in the Winter model. 

 

On the other hand, the simulation results of decreased neuronal LDHB in the ACC were 

more straightforward. The concentrations of only a few neuronal metabolites were 

altered compared to the control: steady-state pyruvate and NADH concentrations were 

decreased and NAD concentration increased in the LDHB simulations compared to the 

control. However, although LDHB typically converts lactate to pyruvate in neurons, 

decreased LDHB did not cause a significant alteration to lactate concentration. Lastly, it 

is important to remember that LDH enzyme catalyzes both the conversion of pyruvate to 

lactate and vice versa, and the direction of the reaction depends on the substrate 

concentrations. Since LDH-1 (encoded by LDHB) preferentially converts lactate into 

pyruvate in neurons, only the backward reaction was modified for the simulation. 

Nonetheless, the effects of the forward reaction on pyruvate and lactate concentrations, 

albeit smaller, cannot be completely forgotten or disregarded. However, since no studies 

investigating the concentrations of pyruvate, NAD and NADH in the ACC were found, 

these results provide new information on how decreased expression of LDHB may affect 

the concentrations of key metabolites in schizophrenia. 

6.4 Summary 

The aim of the DE analysis and the simulations of altered gene expression was to study 

which genes are differentially expressed in the PFC and the ACC in schizophrenia, and 

how these expression alterations affect the concentrations of central energy metabolites. 

The results showed that although a significant number of cytosolic energy metabolism 

genes were differentially expressed in schizophrenia, most of the genes that could be 

simulated did not cause significant changes in the metabolite concentrations. In addition, 

the DE analysis results showed that there are more DE genes in the PFC than the ACC, 

and that the majority of the DE genes are downregulated. These results are in line with 

the hypofrontality hypothesis of schizophrenia which suggests that there is lower energy 

metabolism in the anterior (especially the PFC) compared to the posterior brain regions 

[132]. However, if the simulation results are also taken into account, it can be 

hypothesized that the disruption of energy metabolism is not likely caused only by 
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alterations in genes which encode cytosolic energy metabolism proteins, but instead a 

variety of factors including redox imbalance, mitochondrial dysfunction and protein 

expression and activity contribute to disturbed bioenergetics in schizophrenia. 

 

Lastly, the findings regarding cytosolic energy metabolism in schizophrenia are very 

heterogenous and sometimes even contradictory. The variability in results can be partly 

attributed to limitations in study methods but furthermore, schizophrenia itself is an 

inherently heterogeneous disorder. There are multiple factors which create variability in 

the results such as differences in brain regions, disease state and antipsychotic status. 

Furthermore, it has been suggested that different antipsychotics may have varying 

effects on the bioenergetics in schizophrenia [10, 83]. Therefore, studying the differences 

between first episode vs chronic, and unmedicated vs medicated patients is especially 

important to understand how the dysregulation of cytosolic energy metabolism 

processes evolve over the course of the disorder, and how antipsychotics influence these 

processes. Due to these challenges, more research is still needed to better understand 

the connection between brain energy metabolism and schizophrenia. One way to do this 

is by improving the details of brain energy metabolism models. 

 

The Winter model has a couple of instances where multiple metabolic reactions have 

been combined into one model reaction, and the rate of the reaction is controlled by only 

one parameter (see Table 1). In addition, the kinetic properties of different isoforms of 

the same enzyme are typically not taken into consideration in brain energy metabolism 

models. By formulating model reactions which are specific for each metabolic reaction 

and enzyme isoform, the accuracy of modelling based on gene expression changes can 

be significantly improved.  
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7. CONCLUSION 

The purpose of this master’s thesis was to study brain energy metabolism in 

schizophrenia. First, a computational model by Winter et al. was chosen to be used for 

the brain energy metabolism simulations. Before the simulations, post-mortem bulk 

mRNA sequencing data was used in a DE analysis to study the how the expression of 

cytosolic energy metabolism genes is altered in the PFC and the ACC in schizophrenia. 

The DE analysis revealed that the majority of the DE genes were downregulated in 

schizophrenia, and that there were significantly more DE genes in the PFC than the ACC. 

These results strengthen the evidence of regional differences in energy metabolism 

disruptions in the schizophrenic brain. Furthermore, the DE analysis results provide 

additional evidence that the PFC is a particularly significant brain region for studying 

energy metabolism disruptions in schizophrenia.  

 

After the DE analysis, CIBERSORTx was used to impute cell-type specific gene 

expressions for neurons and astrocytes for the brain energy metabolism simulations. 

Since cell-type specific expression could not be imputed for all genes, bulk data was also 

used for the simulations. The aim of the simulations was to study how changes in gene 

expression influence the concentrations of central energy metabolites. The brain energy 

metabolism simulation results indicated that, in most cases, altered expression of a 

single gene does not significantly impact the concentrations of any studied metabolites. 

However, decreased expression of neuronally expressed PFKM in the PFC caused 

significant alterations in nearly all metabolites, both in neurons and astrocytes. Lastly, 

decreased expression of neuronal LDHB in the ACC also caused some significant 

alterations in the metabolite concentrations, but effects were limited to few neuronal 

metabolites. 

 

To conclude, the results produced in this thesis support brain-region-specific energy 

metabolism disruptions in schizophrenia. The discrepancies between the results of this 

thesis and the existing literature on metabolite alterations suggest that changes in gene 

expression alone, at least those measured post-mortem, do not account for the brain 

energy disruptions associated with schizophrenia. Nonetheless, this thesis offers new 

insights into how alterations in cytosolic energy metabolism genes influence the 

concentrations of central metabolites in the PFC and the ACC of the schizophrenic brain. 
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APPENDIX 1: BRAIN ENERGY METABOLISM 
MODELS 

The table presented in this appendix exhibits some of the most relevant brain energy 

metabolism models found from the literature. Note that the list is not a comprehensive 

list of all existing brain energy metabolism models. The references marked with an 

asterisk (*) are not presented in the table but are listed in the references below. 

 

TABLE REFERENCES 

 A. Aubert, R. Costalat, and R, Valabrègue, Modelling of the coupling between brain electrical activity and 

metabolism, Acta Biotheor, vol. 49, no. 4, pp. 301–26, Dec. 2001. 

*A. Aubert and R. Costalat, A model of the coupling between brain electrical activity, metabolism and 

hemodynamics: application to the interpretation of fuctional neuroimaging, NeuroImage, vol. 17, no. 3, 

pp. 1162–81, Nov. 2002. 

 A. Aubert and R. Costalat, Interaction between Astrocytes and Neurons Studied using a Mathematical 

Model of Compartmentalized Energy Metabolism. Journal of Cerebral Blood Flow & Metabolism, vol. 25, 

no. 11, pp. 1476-1490, Nov. 2005 

*A. Aubert, R. Costalat, P.J. Magistretti, and L. Pellerin, Brain lactate kinetics: Modeling evidence for 

neuronal lactate uptake upon activation, Proc Natl Acad Sci U S A, vol. 102, no. 45, pp. 16448-53, Nov. 

2005. 

*A. Aubert, L. Pellerin, P.J. Magistretti, and R. Costalat, A coherent neurobiological framework for functional 

neuroimaging provided by a model integrating compartmentalized energy metabolism, Proc Natl Acad 

Sci U S A, vol. 104, no. 10, pp. 4188-93, Mar. 2007. 

 D. Calvetti, Y. Cheng, and E. Somersalo, A spatially distributed computational model of brain cellular 

metabolism, J Theor Biol, vol. 376, no. 7, pp. 48-65, Jul. 2015. 

 D. Calvetti, G. Capo Rangel, L. Gerardo Giorda, and E. Somersalo, A computational model integrating 

brain electrophysiology and metabolism highlights the key role of extracellular potassium and oxygen, J 

Theor Biol, vol. 446, no. 7, pp. 238-258, Jun. 2018. 

 M. Cloutier, F.B. Bolger, J.P. Lowry, and P. Wellstead, An integrative dynamic model of brain energy 

metabolism using in vivo neurochemical measurements, J Comput Neurosci, vol. 27, no. 3, pp. 391-414, 

Dec. 2009. 

 M. DiNuzzo, S. Mangia, B. Maraviglia, and F. Giove, Changes in glucose uptake rather than lactate shuttle 

take center stage in subserving neuroenergetics: evidence from mathematical modeling, J Cereb Blood 

Flow Metab, vol. 30, no. 3, pp. 586-602, Mar. 2010. 

 M. DiNuzzo, F. Giove, B. Maraviglia, and S. Mangia, Computational Flux Balance Analysis Predicts that 

Stimulation of Energy Metabolism in Astrocytes and their Metabolic Interactions with Neurons Depend 

on Uptake of K+ Rather than Glutamate, Neurochem Res, vol. 42, no. 1, pp. 202-216, Jan. 2017. 

*R. Heinrich, S. Schuester, The regulation of cellular systems, 1st ed, Boston, MA, Springer US, 1996. 

 R. Jolivet, J.S. Coggan, I. Allaman, and P.J. Magistretti, Multi-timescale modeling of activity-dependent 

metabolic coupling in the neuron-glia-vasculature ensemble, PLoS Comput Biol, vol. 11, no. 2, 

p. e1004036, Feb. 2015. 

 S. Mangia, I.A. Simpson, S.J. Vannucci, and A. Carruthers, The in vivo neuron-to-astrocyte lactate shuttle 

in human brain: evidence from modeling of measured lactate levels during visual stimulation,                          

J Neurochem, Suppl 1 (Suppl 1), pp. 55-62, May 2009. 

 R. Occhipinti, E. Somersalo, and D. Calvetti, Astrocytes as the glucose shunt for glutamatergic neurons at 

high activity: an in silico study, J Neurophysiol, vol. 101, no. 5, pp. 2528-38, May 2009. 

 I.A. Simpson, A. Carruthers, and S.J. Vannucci, Supply and demand in cerebral energy metabolism: the 

role of nutrient transporters, J Cereb Blood Flow Metab, vol. 27, no. 11, pp. 1766-91, Nov. 2007. 

 F. Winter, C. Bludszuweit-Philipp, and O. Wolkenhauer, Mathematical analysis of the influence of brain 

metabolism on the BOLD signal in Alzheimer's disease, J Cereb Blood Flow Metab, vol. 38, no. 2, pp. 

304-316, Feb. 2018. 
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APPENDIX 2: THE R CODE 

The R code presented below is for the prefrontal cortex (PFC) bulk RNA sequencing 

data set. The same analyses were done on the anterior cingulate cortex (ACC) data set. 

RStudio version 2024.04.2+764 and R version 4.4.1 were used to perform the analyses. 

The packages that were used are BiocManager (version 1.30.25), DESeq2 (1.44.0), 

AnnotationDbi (1.66.0), org.Hs.eg.db (3.19.1), tidyr (1.3.1), ggplot2 (3.5.1), patchwork 

(1.2.0) and dplyr (1.1.4). 

 

# DIFFERENTIAL EXPRESSION ANALYSIS 

 

# Importing the data 

count_data <- read.delim( 

   "/Users/ilonamakinen/Desktop/CommonMind_PFC_rawcounts.tsv", 

 sep = "\t") 

metadata <- read.delim( 

 "/Users/ilonamakinen/Desktop/CommonMind_PFC_metadata.tsv", 

 sep = "\t") 

winter_genes <- unlist(read.delim( 

 "/Users/ilonamakinen/Desktop/winter_genes.txt", 

 header = FALSE, 

 sep = "\t")) 

 

# Setting Ensembl IDs as rownames 

row.names(count_data) <- count_data[ ,1] 

count_data <- count_data[ ,-1] 

 

# Filtering out genes whose expression is in the lowest 10% 

row_sums <- rowSums(count_data) 

low_exp_cutoff <- quantile(row_sums, probs = 0.10) 

count_data_filtered <- count_data[rowSums(count_data[]) >   

   low_exp_cutoff, ] 

 

 

# Performing the differential expression (DE) analysis 

DESeq_data_set <- DESeqDataSetFromMatrix( 

   countData = count_data_filtered, 

 colData = metadata, 

 design = ~ Diagnosis + Age + Sex + PMI) 

DESeq_data <- DESeq(DESeq_data_set) 

 

# Extracting the DE analysis results. Creating a data frame for easier 

inspection of results. 

DESeq_result <- results( 
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   DESeq_data, 

   contrast = c("Diagnosis", "SCZ", "HC"), 

 alpha = 0.01, 

 independentFiltering = TRUE) 

DESeq_result_df <- results( 

 DESeq_data, 

 contrast = c("Diagnosis", "SCZ", "HC"), 

 alpha = 0.01, 

 independentFiltering = TRUE, 

 tidy = TRUE) 

summary(DESeq_result) 

 

# Matching Ensembl IDs to gene symbols. First, version numbers must be 

removed from the Ensembl IDs. 

ensembl_ids_no_version <- gsub("\\..*", "", row.names(DESeq_result)) 

rownames(DESeq_result) <- ensembl_ids_no_version 

DESeq_result_df$row <- ensembl_ids_no_version 

 

gene_symbols <- mapIds( 

   org.Hs.eg.db, 

 keys = row.names(DESeq_result), 

 keytype = "ENSEMBL", 

 column = "SYMBOL", 

 multiVals = "first") 

 

# NA values are replaced with “NA” string, so they can be used as 

rownames 

gene_symbols[is.na(gene_symbols)] <- "NA”  

rownames(DESeq_result) <- gene_symbols 

DESeq_result_df$gene_symbol <- gene_symbols 

 

# Extracting the genes which are in the Winter gene list 

in_gene_list <- DESeq_result[rownames(DESeq_result) %in% 

   winter_genes, ] 

in_gene_list_df <- DESeq_result_df[DESeq_result_df$gene_symbol %in% 

   winter_genes,] 

summary(in_gene_list) 

 

 

# CREATING MIXTURE FILE FOR CIBERSORTX 

 

# Extracting DESeq2 normalized counts and matching EnsemblIDs to gene 

symbols 

DESeq_normalized_counts <- as.data.frame(counts(DESeq_data, 

normalized=T)) 

DESeq_normalized_counts$gene_symbol <- gene_symbols 
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# Removing NA values and formatting the data frame 

DESeq_normalized_counts_noNA <- na.omit( 

 DESeq_normalized_counts, 

 cols = "gene_symbol") 

DESeq_normalized_counts_noNA <- DESeq_normalized_counts_noNA[ , 

   c(ncol(DESeq_normalized_counts_noNA), 

   1:(ncol(DESeq_normalized_counts_noNA)-1))] 

DESeq_normalized_counts_noNA <- DESeq_normalized_counts_noNA[,-483] 

 

# Writing the mixture file 

write.table(DESeq_normalized_counts_noNA, 

 file = "mixture_file_ACC_DESeq2.txt", 

 sep = "\t", 

 row.names = FALSE, 

 col.names = TRUE, 

 quote = FALSE) 

 

 

# CALCULATING COEFFICIENTS USING BULK DATA 

 

# Extracting the genes of interest. Note that these genes are for PFC 

data. The genes of interest are different for ACC data. 

genes_of_interest <- c(“CKB”, “PFKM”, “PGLS”, “PKM”, “RPE”) 

in_genes_of_interest_df <- DESeq_normalized_counts[ 

   DESeq_normalized_counts$gene_symbol %in% genes_of_interest, ] 

 

# Separating SCZ samples from HC samples and calculating mean 

expression values for each gene in both groups. Note that the column 

numbers are different in PFC and ACC data sets. 

scz_indices <- which(metadata$Diagnosis == "SCZ") 

hc_indices <- which(metadata$Diagnosis == "HC") 

 

scz_counts <- in_genes_of_interest_df[,c(scz_indices, 559)] 

hc_counts <- in_genes_of_interest_df[,c(hc_indices, 559)] 

 

scz_counts$row_mean <- rowMeans(scz_counts[,-264]) 

hc_counts$row_mean <- rowMeans(hc_counts[-296]) 

 

# Calculating the coefficients for each gene of interest 

scz_counts$multipliers <- scz_counts$row_mean / hc_counts$row_mean 

 

 

# CALCULATING COEFFICIENTS USING CIBERSORTX IMPUTED EXPRESSIONS 
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# Importing cell-type specific data for neurons and astrocytes 

astrocyte_df <- read.delim("/Users/ilonamakinen/Desktop/ 

 CIBERSORTxHiRes_Job16_Astrocytes_Window20.txt", 

 sep = "\t") 

neuron_df <- read.delim("/Users/ilonamakinen/Desktop/ 

   CIBERSORTxHiRes_Job16_Neurons_Window20.txt", 

 sep = "\t") 

 

# Extracting the genes of interest separately for both cell types. 

Note that these genes are specific for PFC data, ACC data has 

different genes of interest. 

in_genes_of_interest_astro <- astrocyte_df[astrocyte_df$GeneSymbol ==  

   "PGLS", ] 

in_genes_of_interest_neuron <- neuron_df[neuron_df$GeneSymbol %in%  

   c("PFKM", "PGLS", "PKM"), ] 

 

# Moving the “GeneSymbol” column as the last column of the data frame 

to get sample indices to match 

in_genes_of_interest_astro <- in_genes_of_interest_astro[ , 

   c(2:ncol(in_genes_of_interest_astro), 1)] 

in_genes_of_interest_neuron <- in_genes_of_interest_neuron[ , 

   c(2:ncol(in_genes_of_interest_neuron), 1)] 

 

# Separating SCZ samples from HC samples and calculating mean 

expression values for each gene in both groups. Note that the column 

numbers are different in PFC and ACC data sets. 

scz_counts_astro <- in_genes_of_interest_astro[ ,scz_indices] 

hc_counts_astro <- in_genes_of_interest_astro[ ,hc_indices] 

 

scz_counts_neuron <- in_genes_of_interest_neuron[ ,scz_indices] 

hc_counts_neuron <- in_genes_of_interest_neuron[ ,hc_indices] 

 

scz_counts_astro$row_mean <- rowMeans(scz_counts_astro) 

hc_counts_astro$row_mean <- rowMeans(hc_counts_astro) 

 

scz_counts_neuron$row_mean <- rowMeans(scz_counts_neuron) 

hc_counts_neuron$row_mean <- rowMeans(hc_counts_neuron) 

 

# Calculating the coefficients for each gene of interest 

scz_counts_astro$multipliers <- scz_counts_astro$row_mean / 

 hc_counts_astro$row_mean 

scz_counts_neuron$multipliers <- scz_counts_neuron$row_mean / 

 hc_counts_neuron$row_mean 

 

 

 

 



75 

 

# PLOTTING THE COPASI SIMULATION RESULTS 

 

# Here, plotting of normalized concentrations based on PFKM 

simulations is shown as an example. The absolute and normalized 

concentrations were plotted using the same code for the rest of the 

genes as well. 

 

# Importing the concentration files 

control <- read.table("/Users/ilonamakinen/Desktop/Copasi_files/ 

   Winter_control/control_concentrations.txt", header = TRUE) 

PFK_neurons_CIBERSORT <- read.table("/Users/ilonamakinen/Desktop/ 

   Copasi_files/PFK_neurons_CIBERSORT/ 

   PFK_neurons_CIBERSORT_concentrations.txt", header = TRUE) 

PFK_neurons_BULK <-read.table("/Users/ilonamakinen/Desktop/ 

   Copasi_files/PFK_neurons_BULK/ 

 PFK_neurons_BULK_concentrations.txt", header = TRUE) 

 

# Normalizing the concentrations for easier inspection and comparison 

of the plots 

control_baselines <- control[1, -1] 

CIBERSORT_baselines <- PFK_neurons_BULK[1, -1] 

bulk_baselines <- PFK_neurons_CIBERSORT[1, -1] 

 

control_normalized <- control 

for (i in 1:25) { 

control_normalized[, i+1] 

   <- control[, i+1] / control_baselines[1,i]     

} 

 

CIBERSORT_normalized <- PFK_neurons_CIBERSORT 

for (i in 1:25) { 

   CIBERSORT_normalized[, i+1] 

      <- PFK_neurons_CIBERSORT[, i+1] / scz_baselines[1,i]    

} 

 

bulk_normalized <- PFK_neurons_BULK 

for (i in 1:25) { 

 bulk_normalized[, i+1] 

     <- PFK_neurons_BULK[, i+1] / scz_baselines[1,i]    

} 

 

#Adjusting the time columns so that stimulus is at t=0 

control_normalized$Time <- control_normalized$Time – 

(29900 + abs(-100)) 

CIBERSORT_normalized$Time <- CIBERSORT_normalized$Time – 

(29900 + abs(-100)) 

bulk_normalized$Time <- bulk_normalized$Time - (29900 + abs(-100)) 
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# Combining the three data frames into one before plotting 

control_normalized$group <- "Control" 

bulk_normalized$group <- "SCZ (bulk)" 

CIBERSORT_normalized$group <- "SCZ (CIBERSORTx)" 

 

combined_data <- bind_rows(control_normalized, bulk_normalized,   

   CIBERSORT_normalized) 

 

combined_data_long <- combined_data %>% pivot_longer( 

   cols = c(X.ATP.astrocytes.., X.GLC.astrocytes..,    

      X.LAC.astrocytes.., X.PYR.astrocytes.., X.NAD.astrocytes..,  

      X.NADH.astrocytes.., X.ATP.neurons.., X.GLC.neurons..,  

      X.LAC.neurons.., X.PYR.neurons.., X.NAD.neurons..,  

      X.NADH.neurons..), 

   names_to = "concentration_type", 

   values_to = "concentration") 

 

# Defining the order of the subplots with levels and the titles of the 

subplots with labels 

combined_data_long$concentration_type <- factor( 

   combined_data_long$concentration_type,  

   levels = c("X.ATP.astrocytes..", "X.GLC.astrocytes..",   

      "X.LAC.astrocytes..", "X.PYR.astrocytes..",  

      "X.NAD.astrocytes..", "X.NADH.astrocytes..", "X.ATP.neurons..",  

      "X.GLC.neurons..", "X.LAC.neurons..", "X.PYR.neurons..",  

      "X.NAD.neurons..", "X.NADH.neurons.."), 

   labels = c("ATP astro", "GLC astro", "LAC astro", "PYR astro",  

      "NAD astro", "NADH astro", "ATP neuron", "GLC neuron",  

      "LAC neuron", "PYR neuron", "NAD neuron", "NADH neuron")) 

 

# Plotting the concentrations of all metabolites into 12 subplots 

ggplot(combined_data_long, aes( 

   x = Time, y = concentration, color = group)) + 

 geom_line() + 

 facet_wrap(~ concentration_type, ncol = 6, scales = "free_y") + 

 labs(x = "Time (s)", y = "Concentration (mmol/ml)") + 

 scale_color_manual(values = c("Control" = "blue", 

    "SCZ (CIBERSORTx)" = "orange", "SCZ (bulk)" = "red")) + 

 theme(legend.position = "top", legend.title = element_blank(),  

    panel.spacing = unit(1, "lines")) 
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