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ABSTRACT

RECONSTRUCTION OF METABOLIC BRAIN MODEL WITH THE
AID OF PHYSIOLOGICALLY BASED PHARMACOKINETIC
MODELLING IN PRESENCE OF AUTISM SPECTRUM DISORDER

Autism spectrum disorder (ASD) is a neurodevelopmental disorder with only
symptomatic medical treatment with increasing prevalence. This study aims to reconstruct a
genome-scale metabolic brain model that is expanded via genes and reactions related to ASD
and observe changes in dopamine D2 receptors in the presence of antipsychotics. For this
aim, iMS570, iNL403, and MODEL1608180000 are merged. After standardization,
duplicate reaction removals, deletion of zero flux reactions, and expanding model with ASD-
related genes and reactions, the final model consists of 1638 reactions, 1358 metabolites,
and 756 genes. For further investigations of the autism-specific brain model, transcriptome
gene expression data GSE28475 is prepared and integrated. Autism-specific brain model
shows mitochondrial and glutaminergic dysfunctions. Final 18360 unique genes are assigned
as up-or down-regulated based on threshold determined by downregulated SHANK3
expression and 30% of averages of gene expression data. Additionally, the physiology-based
pharmacokinetic (PBPK) model of risperidone and its metabolite paliperidone is simulated.
Both drugs are antipsychotics that are used in ASD symptoms. First, simulations are
performed to observe population density, CYP2D6 subtypes, ethnicity, total hepatic
clearance, and P-gp concentration changes for 2 mg risperidone. PBPK simulation results of
experimental articles were in the range of literature findings. Receptor occupancy
simulations with chronic dosing underestimate plasma concentrations, but results are still in
the range. With down-regulation of the SLC6A3 dopamine transporter gene, which is used
to mimic DRD2 gene, proportional to receptor occupancy findings, the effect of risperidone
on autism-specific brain model is investigated. Glutaminergic neurotransmission is
decreased below healthy brain level, and mitochondrial dysfunction was relieved but still
not in the healthy range. Reconstruction of ASD-specific brain model with PBPK modeling

enhancement is promising work to better under disease mechanism.



OZET

OTiZM SPEKTRUM BOZUKLUGU VARLIGINDA BEYIN
METABOLIK MODELININ FiZYOLOJI BAZLI
FARMAKOKINETIK MODELi YARDIMIYLA OLUSTURULMASI

Otizm spektrum bozuklugu (OSB) medikal olarak sadece semptomatik tedavisi olan
ve prevalanst her yil artan norogelisimsel bir bozukluktur. Bu calisma, OSB ile
iligkilendirilen genler ve reaksiyonlar aracilifiyla genisletilmis genom 0lgekli beyin
metabolik modelinin olusturulmasini ve antipsikotiklerin varliginda dopamin D2
reseptorlerindeki degisiklikleri gozlemlemeyi amaglar. Bu amacla iMS570, iNL403 ve
MODEL1608180000 birlestirildi. Standardizasyon, reaksiyon silinmesi ve ASD ile ilgili
genler ve reaksiyonlarla beyin modeli gelistirildi. Nihai model 1638 reaksiyon, 1358
metabolit ve 756 genden olusur. Otizme 6zgu beyin modelinde mitokondriyal ve glutamerjik
disfonksiyon gozlemlendi. Modeli daha ayrintili incelemek igin transkriptom gen
ekspresyon verileri, GSE28475 hazirlandi. Hazirlanan 18360 benzersiz genin ekspresyon
verileri, asag regiile edilmis SHANK3 geninin ekspresyon verisi birinci esik ve hazirlanan
gen ekspresyon verilerinin ortalamalarinin %30'u ikinci esik olarak iki ayr1 dosyaya atandi.
Ek olarak, OSB semptomlarinda kullanilan antipsikotik risperidon ve metaboliti
paliperidonun PBPK modeli simiile edildi. Ilk simiilasyonlar, popiilasyon yogunlugu,
CYP2D6 alt tipleri, etnik koken, toplam karaciger klirensi ve P-gp konsantrasyon
degisikliklerini gbzlemlemek i¢in 2 mg risperidone ile simule edildi. Deneysel makalelerin
PBPK simiilasyonlart literatiir verileriyle uyumludur. Kronik doz alimiyla reseptor doluluk
simiilasyonlar1 sonucu plazma konsantrasyonlart daha diisiik tahmin edilmistir, ancak
sonuglar hala literatur aralig: igindedir. DRD2 genini taklit etmek i¢in kullanilan SLC6A3
dopamin transport geninin reseptor doluluk bulgulartyla orantili olarak agagi regulasyonu ile
risperidonun otizme 6zgl beyin modeline etkisi arastirildi. Glutamaterjik nérotransmisyon,
saglikli beyin seviyesinin altina diistii ve mitokondriyal disfonksiyon azaldi, ancak yine de
saglikli aralikta degildir. ASD'ye 0zgl beyin modelinin PBPK modeli verileriyle

gelistirilmesi, hastalik mekanizmasini daha iyi anlamak i¢in umut verici bir ¢aligmadir.
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1. INTRODUCTION

Autism spectrum disorder (ASD) is a neurodevelopmental disorder that affects one
child out of 54. Even the mechanism of the disorder is not well-known, there are possible
culprits for the root of the disease: genetic factors, environmental factors, and biochemical
factors. In the thesis, environmental factors, primarily genetic factors, ASD-related genes,
and metabolisms, were investigated through reconstruction of the metabolic brain network.
This study aims to reconstruct a genome-scale metabolic model in the presence of ASD-

related genes and reactions and enhance the model with dopamine D2 receptor occupancy.

Genome-scale metabolic models (GEMs) allow researchers to computerize gene-
protein-reaction relation and manipulate the model with certain constraints. Reconstruction
of metabolic brain model is performed by merging and comparing three main brain GEMs,
IMS570, iNL403, and MODEL1608180000. Combined model consists of five
compartments: Astrocyte cytosol (_A[c]), neuron cytosol (_N[c]), astrocyte mitochondria
(_A[m]), neuron mitochondria (_N[m]) and intercellular space ([s]). iMS570 by Sertbas et
al., 2014 (630 reactions, 524 metabolites, 570 genes) is expanded to 1638 reactions, 1358
metabolites, and 756 genes. For this purpose, the Cobra Toolbox of MATLAB is used.
Transcriptome data for integration is extracted from GSE28475 and prepared and analyzed
by GIMME. Final autism-specific model is reconstructed after minimization of internal

reactions fluxes.

One of the medical treatments of ASD, risperidone, is investigated through Physiology
Based Pharmacokinetic (PBPK) Modelling. PBPK modeling helps predict the
pharmacokinetics of a drug and drug-drug or drug-receptor relations. PBPK modeling is
performed in PK-Sim. The effects of individual count in a population, ethnicity, CYP2D6
subtype enzyme kinetics, P-gp reference calculation, and hepatic clearance of paliperidone
are investigated. Then, the data in seven experimental articles with three different ethnicities
(European, White American, and Asian) are used to validate PBPK model simulations.
Maximum plasma concentration, time passed when maximum concentration is achieved, and

half-lives of risperidone and paliperidone are analyzed. Receptor occupancy studies with



eight schizophrenic patients are simulated, and plasma concentration and receptor occupancy

trends are investigated. Receptor occupancy data is integrated into the autistic brain model.

A detailed explanation of the steps through the reconstructed metabolic brain model
and risperidone PBPK model can be found in the “Methods” section. Examination of
reconstructed autism-specific metabolic brain model, effects of population demographics,
enzyme Kinetics, transporter concentration on PBPK modeling of risperidone, investigation
of 7 experimental articles and on the pharmacokinetics of risperidone and paliperidone,
receptor occupancy observation in chronic dosing, and integration and analysis of receptor
occupancy data to autism-specific brain model are thoroughly explained in the “Results and
Discussion” section. Main simulation results, further development, and suggestions are

detailed in “Conclusion and Recommendations.”



2. THEORETICAL BACKGROUND

2.1. Autism Spectrum Disorder

Autism Spectrum Disorder (ASD) was firstly described in 1943 by the American child
psychiatrist Leo Kanner [1, 2], and the effects of the disorder were categorized under three
criteria: Social communication; Interaction; Restrictive and repetitive behavior, interest or
activities [1-3]. For 2014, ASD prevalence was one in 54 for 8-year-old children, by the
American Centers for Disease Control and Prevention report. For 200, ASD prevalence was

one in 150. In 14 years, prevalence increased approximately 150% [4].

Heterogenic distribution of the disorder and lack of effective biomarkers obstructs the
diagnosis and treatment process. Currently, the best effective treatment is behavioral
therapy. However, due to the difficulty of diagnosis and the cost of special education, there
is a need for treatment methods for the cause of the disease. The annual expenditure of the
USA, which provides the most comprehensive service in the field of ASD, is 236-262 billion
dollars [5]. In Turkey, The Ministry of Family and Social Policies has founded a "National
Action Plan for Individuals with Autism Spectrum Disorders.” It has initiated the action plan
for the diagnosis of ASD, informing individuals and families and helping individuals be
active participants in daily life. The "Autism Screening Project,” which was created with the
European Union grant of the Ministry of Health to disseminate early diagnosis, is also
becoming widespread. Tohum Autism Foundation and other similar foundations have
educational and behavioral therapy centric projects. Current projects do not include
pharmacological treatment or drug targets [6].

2.1.1. Genetic Factors

Hereditary factors have caused the main focus of research to be genetic studies.
Gender-based prevalence difference strengthens this point of view. ASD prevalence of boys
was one in 42, and girls were one in 189. However, when mental retardation is severe, the

boy/girl ratio is close to one. Mental retardation is more common in girls with ASD [4, 7].



The incidence of this disorder in siblings of children with ASD is reported to be 3%
[8]. It has been observed that if one of the identical twins has autism, the probability of the
other having ASD is higher than that of fraternal twins [9, 10]. However, heterogeneity of
the research results indicates that expression of the disorder may have occurred as a result
of the interaction of multiple gene loci rather than one gene. Every gene interacts with other
responsible genes and affects the disorder differently. When the risk in alleles reaches a
certain threshold, the individual becomes susceptible to the occurrence of the disorder [11,
12].

Genes associated with ASD were collected from various articles [2, 13, 14-21, 22—
30]. The reactions which are catalyzed by the proteins coded by those genes were gathered
subcellular location-based from “The Human Protein Atlas” [31], “UniProt” [32], and
“KEGG: Kyoto Encyclopedia of Genes and Genomes” [33]. The collection is given in Table
2.1.

Table 2.1. Genes associated with autism spectrum disorder.

Subcellular o
Gene _ Biological Process EC Number
Location
Golgi apparatus, ) )
ACHE ) Neurotransmitter degradation 3.1.1.7
Vesicles
Nucleoplasm, Transcription, Transcription
ASHI1L ) ) 2.1.1.354
Golgi apparatus regulation
) Glycosyltransferase,
B3GALNT?2 Golgi apparatus 2.4.1.313
Transferase

Glycosyltransferase,
B3GALT1 Intracellular 2.4.1.86
Transferase

Glycosyltransferase,
B3GALT6 Intracellular 2.4.1.134
Transferase

Developmental protein,
B3GNT5 Nucleoli Glycosyltransferase, 2.4.1.206
Transferase




Table 2.1. Genes associated with autism spectrum disorder. (cont.)

Subcellular ] ]
Gene ] Biological Process EC Number
Location
Intracellular, Calcium transport, lon
CACNA1 -
Membrane transport, Transport
Intracellular, Calcium transport, lon
CACNA2D3 -
Membrane transport, Transport
Nucleoplasm, )
) Hydrolase, Protease, Thiol
CAPN12 Focal adhesion 3.4.22.-
_ protease
sites
Myogenesis, Transcription,
CHD2 Nucleoplasm o ] 3.6.4.12
Transcription regulation
Transcription, Transcription
CHD8 Nucleoplasm regulation, Wnt signaling 3.6.4.12
pathway
CNTN3 Intracellular Cell adhesion -
CNTN4 Intracellular Cell adhesion -
Intracellular, _
CNTNAP2 Cell adhesion -
Membrane
Biological rhythms, Host-
Nucleoplasm, virus interaction,
CREBBP ) o o 2.3.1.48
Nuclear bodies Transcription, Transcription
regulation
Cell adhesion, Host-virus
interaction, Neurogenesis,
CTNNB1 Plasma membrane | Transcription, Transcription -
regulation, Wnt signaling
pathway
Chromatin regulator, DNA-
DNMT3A Nucleoplasm binding, Methyltransferase,

Repressor, Transferase




Table 2.1. Genes associated with autism spectrum disorder. (cont.)

Subcellular ] ]
Gene ] Biological Process EC Number
Location
Nucleoli fibrillar o )
DYRK1A Host-virus interaction 2.7.12.1
center, Cytosol
Nucleoplasm, o ) )
Host-virus interaction, Protein
Cytosol, _ _ _
EIFAE ) biosynthesis, Translation -
Cytoplasmic )
) regulation
bodies
Glycosyltransferase, 2.4.1.224,
EXT1 Membrane
Transferase 2.4.1.225
Nucleoplasm,
GABRA3 lon transport, Transport -
Plasma membrane
Nucleoplasm,
GABRAS lon transport, Transport -
Plasma membrane
GABRB3 Membrane lon transport, Transport -
GAL3ST2 Intracellular Transferase 2.8.2.-
_ Glycosyltransferase,
GALNT9 Vesicles 2.4.1.41
Transferase
Differentiation,
GALNTL5S Membrane ] 24141
Spermatogenesis
_ Glycosyltransferase,
GCNT2 Golgi apparatus 2.4.1.150
Transferase
Intracellular,
GLRA2 lon transport, Transport -
Membrane
Nucleoplasm,
GPC5 Cell surface proteoglycan -
Cytosol
Golgi apparatus,
GPC6 _ Cell surface proteoglycan -
Vesicles
Intracellular,
GRIN2B lon transport, Transport -

Membrane




Table 2.1. Genes associated with autism spectrum disorder. (cont.)

Subcellular ] ]
Gene ] Biological Process EC Number
Location
Nucleoplasm, o o
Transcription, Transcription
HDAC4 Nuclear speckles, ) 3.5.1.98
regulation
Cytosol
Nucleoplasm, o
HECTDA4 _ Ubl conjugation pathway 2.3.2.26
Vesicles
HS3ST5 Intracellular Transferase 2.8.2.23
Biological rhythms, Cell
Nucleoplasm, cycle, Host-virus interaction,
KAT2B o o 2.3.1.48
Cytosol Transcription, Transcription
regulation
Nucleoplasm,
KATNAL?2 Intermediate Isomerase 56.1.1
filaments
Biological rhythms,
Nucleoplasm, o o
KDM5B Transcription, Transcription 1.14.11.67
Cytosol )
regulation
KDM6B Nuclear speckles Inflammatory response 1.14.11.68
Transcription, Transcription
KMT2C Nucleoplasm ) 2.1.1.354
regulation
Cell cycle, Growth arrest,
Nucleoplasm, o o
KMT2E ) Transcription, Transcription 2.1.1.354
Nuclear bodies )
regulation
Myogenesis, Transcription,
KMT5B Nucleoplasm o ) 2.1.1.362
Transcription regulation
Glycosyltransferase,
LARGE1 Intracellular Multifunctional enzyme, 2.4.2.-,2.4.1.-

Transferase




Table 2.1. Genes associated with autism spectrum disorder. (cont.)

Subcellular ] ]
Gene ) Biological Process EC Number
Location
Transcription, Transcription
MECP2 Nucleoplasm ) -
regulation
Apoptosis, Differentiation,
Nucleoplasm, ) o
MEF2C ] Neurogenesis, Transcription, -
Vesicles o )
Transcription regulation
Vesicles, Plasma | Notch signaling pathway, Ubl
MIB1 o 2.3.2.27
membrane conjugation pathway
Nucleoplasm, iy o
Transcription, Transcription
NCOA1l Plasma membrane, ] 2.3.1.48
regulation
Cytosol
NF1 Mitochondria GTPase activation -
Golgi apparatus, \
NLGN3 o Cell adhesion -
Cell junctions
Intracellular, _
NLGN4X Cell adhesion -
Membrane
Nucleoplasm,
NRCAM Vesicles, Plasma Cell adhesion -
membrane
NRXN1 Plasma membrane | Angiogenesis, Cell adhesion -
Nucleoplasm, Transcription, Transcription
NSD1 ) 2.1.1.357
Plasma membrane regulation
Golgi apparatus,
PCDH10 Nucleoplasm, Cell adhesion -
Vesicles
Nucleoplasm, Transcription, Transcription
PHF2 o ] 1.14.11.-
Nucleoli rim regulation




Table 2.1. Genes associated with autism spectrum disorder. (cont.)

Subcellular _ _
Gene ) Biological Process EC Number
Location
Glycosyltransferase,
POMGNT1 Membrane 24.1.-
Transferase
Vesicles, )
PPP5C DNA damage, DNA repair 3.1.3.16
Cytosol
Intracellular,
PTCHD1 Unknown -
Membrane
oy Nucleoplasm, Apoptosis, Lipid 3.1.3.16, 3.1.3.48,
Cytosol metabolism, Neurogenesis 3.1.3.67
Endoplasmic
RPL10 Reticulum, Translation regulation -
Cytosol
Plasma lon transport, Sodium
SCN7A -
membrane transport, Transport
SGSH Intracellular Hydrolase 3.10.11
Nuclear
speckles,
SHANK?2 Vesicles, Receptor binding -
Plasma
membrane
Nucleoplasm,
SHANK3 Plasma Actin-binding -
membrane
SLC35A3 Membrane Sugar transport, Transport -
Antiport, lon transport,
SLC9A9 Membrane Sodium transport, -

Transport




Table 2.1. Genes associated with autism spectrum disorder. (cont.)

Subcellular ] ]
Gene _ Biological Process EC Number
Location
Immunity, Inflammatory
Golgi apparatus, response, Innate immunity,
SMPDL3b Jrapp p ) ) . y 3.1.14.-
Cytosol Lipid degradation, Lipid
metabolism
Nucleoplasm, Cell cycle, Cell division,
SPAST ) o _ 56.1.1
Cytosol Differentiation, Neurogenesis
Nucleoplasm,
_ Glycosyltransferase,
ST8SIA2 Golgi apparatus, 2.4.99.-
Transferase
Cytosol
SynGAP1 Nucleoplasm GTPase activation -
_ Apoptosis, DNA damage,
TAOK1 Vesicles ) 2.7.11.1
DNA repair
Plasma membrane, ) )
TEK ] ] Angiogenesis 2.7.10.1
Centriolar satellite
TLK2 Intracellular Cell cycle, DNA damage 2.7.11.1
TMLHE Mitochondria Carnitine biosynthesis 1.14.11.8
) Apoptosis, Transcription,
Vesicles, Plasma o )
TRAF7 Transcription regulation, Ubl 2.3.2.27
membrane ) )
conjugation pathway
Host-virus interaction,
TRIM23 Intracellular Immunity, Innate immunity, 2.3.2.27
Ubl conjugation pathway
Guanine-nucleotide releasing
) factor, Kinase,
TRIO Vesicles, Cytosol 2.7.11.1

Serine/threonine-protein

kinase, Transferase

10
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Table 2.1. Genes associated with autism spectrum disorder. (cont.)

Subcellular ] ]
Gene _ Biological Process EC Number
Location

DNA damage, DNA repair,
TRIP12 Nuclear speckles o 2.3.2.26
Ubl conjugation pathway

Nucleoplasm, ) )
UBR1 ] Ubl conjugation pathway 2.3.2.27
Vesicles, Cytosol

Nucleoplasm, Y
USP45 Ubl conjugation pathway 3.4.19.12
Cytosol

2.1.2. Environmental Factors

New studies suggest environmental factors which negatively affect the immune
function or transcriptome organization can trigger ASD [1, 2]. Maternal complications or
medical conditions (bleedings after the first trimester, meconium aspiration, miscarriage
possibility, obesity, celiac disease, immunological disorders, zinc, folic acid, vitamin B2,
B6, B12 deficiency, maternal bleeding disorders, diabetes) or during birth complications
(low birth weight, complicated birth) or radiation, immunotoxins (polychlorinated biphenyls
(PCB), polybrominated diphenyl ether (PBDE), pesticide), viral infections (e.g., Rubella,
Cytomegalovirus), advanced parental age, use of psychiatric drugs, the increased age gap
between parents, familial autoimmune diseases, teratogenic factors, air pollution are also
associated with ASD [34-42].

2.1.3. Biochemical Factors
It was found as patients with ASD have lower plasma oxytocin levels [43]. It is stated

that regions of the brains of ASD patients that are thought to be problematic are rich in

glutamate, and autistic symptoms are revealed with glutamate antagonists [44]. Another
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study shows low carnitine levels and lactic acidosis are expected in ASD. Those findings
suggest ASD as a mitochondrial disorder [45]. Mitochondrial disorder prevalence of the
general population, 0.01%, is 500 times more than the prevalence of ASD patients, 5%.
Additionally, 30% of ASD biomarkers are compatible with biomarkers of mitochondrial
diseases [46]. The sensitivity of mitochondria to toxins and endo- or exo-induced stress

factors increases the importance of the brain-gut relationship on ASD [47].

2.1.4. Risperidone treatment in autism spectrum disorder

Risperidone is an effective inhibitor of serotonin 2A and dopamine D2 receptors, and
it is the most widely investigated antipsychotic agent for children with ASD [48, 49]. Most
works of risperidone have focused on children with maladaptive symptoms. According to
these studies, risperidone had the edge over placebo in decreasing behavioral issues such as
aggression self-harm in more than half of the patients [50, 51]. In a study conducted by Won
et al., in 70% of children participating in the study, at least six months of regular use of this

drug resulted in a noticeable improvement in their behavioral disorders [49].

However, weight gain has also been observed in the patients due to Risperidone
treatment. It was also found that risperidone is more effective in managing behavioral
difficulties and enhancing language abilities and social interactions in short and long periods
than haloperidol, which is also antipsychotic [52, 53]. In another recent study, the higher
doses of risperidone and 9-hydroxyrisperidone plasma have increased prolactin quantity,
sedation, and improvement in behavioral disruptions of children with ASD [54]. They found
that the optimum dose might change based on the treatment length, patient’s body mass
index, and age at the beginning of risperidone treatment. For instance, the treatment range
was determined as 15-25 pg/L for a 10-year-old patient with less than 1 BMI z-score after

the 3-month risperidone administration.

In conclusion, Risperidone is a promising treatment for ASD patients due to its

tolerable adverse effects and efficacy.
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2.2. Systems Biology

Systems biology is an indispensable area that connects parts of biological systems and
employs various and extensive experimental and computational techniques [55]. These
methodologies provide necessary data about the activities of these biological systems (Cell,
tissue, and organ) and their interrelationships. As the first step of developing computational
models that can predict metabolic activities in biological systems, required elements that
play a role in biochemical processes should be defined and listed [56]. Then, interplays
between these elements are analyzed, and genome-scale maps are created step by step.
Afterward, developed networks are transformed to a mathematical form to predict the

metabolic behaviors of biological systems.

2.2.1. Constrained-Based Modelling

Various complex data analysis approaches have been developed to deal with large data
sets. Constraint-based modeling is one of these techniques, and it is the most common

approach employed with genome-scale models [57].

Genome-scale models include metabolites and a reaction set of biological systems
based on experimental data. These networks can be expressed in a mathematical form. This
format is called the stoichiometric matrix, and it is known as the main element of a
constraint-based model (CBM) [58]. Constraint-based modeling allows researchers to obtain
insight into the activities of a metabolic network under different conditions affected by

environmental and genetic changes [57].

2.2.2. Genome-Scale Metabolic Models

Genome-Scale Metabolic Models (GEMSs) connect genome information of a specific
biological system to metabolic reactions. Thus, genotype and phenotype can be estimated
based on the gene-protein-reaction chain network. Models are based on a stoichiometric
matrix (S). Columns of S represent reactions, and rows are stoichiometric coefficients of
metabolites. The mass and charge balances of all reactions in the S matrix have been

performed. This helps track which reactions are catalyzed by the proteins encoded by the
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genes, i.e., enzymes, and which metabolites are used and produced. GEMs enable a
computational analysis of a specific part of a cell or system, making changes according to

the research scale, and estimating metabolic flux [59].

The first GEM was curated in 1999 for Haemophilus influenzae [60]. Then, model
organisms such as Escherichia Coli [61] and Saccharomyces cerevisiae [62], multicellular
organisms such as humans [63], and plants [64] were curated. In February 2019, a genome-
scale metabolic model of 6239 organisms, 5897 bacteria, 127 archaea, and 215 eukaryotes
was created by computerizing the gene-protein-reaction relationship known in the literature
[65]. GEMs are essential tools for strain development for bio-based chemical and material
production [66—70], for prediction of enzyme function [71, 72], for drug target of pathogens
[67, 73-81], for modeling the interaction of multiple cells or organisms [82]-[88], and for
understanding the pathway and mechanism of diseases [76, 89, 90-97, 98-100]. The
accuracy and precision of the model curated are determined by comparing flux analysis of

the models with experimental or literature data [65].

2.2.3. Genome Scaled Metabolic Models of Brain

The first human-specific genome-scale metabolic model (Reconl) containing 1496
genes, 2766 metabolites, and 3744 reactions was reconstructed in 2007 [63]. Then, Lewis et
al. created a brain-specific genome-scale metabolic model (iNL403) by employing brain
proteome databases [101]. iNL403 model was used to investigate Alzheimer’s Disease (AD)
in-depth and identify metabolically significant genes. Afterward, by expanding the model
constructed previously by Cakir et al., Sertbas et al. created iMS570 to study transcriptional
alterations related to six common neurodegenerative diseases, including Parkinson’s disease
(PD), Alzheimer’s disease (AD), schizophrenia (SCH), amyotrophic lateral sclerosis (ALS),
multiple sclerosis (MS), and Huntington’s disease (HD) [102, 103]. They confirmed their
model by comparing the flux distribution with the experimental results. Next, Ozcan and
Cakir developed iMS570g by including new reactions into iMS570 and examined
glioblastoma brain tumors [104]. They validated their findings by comparing both in-vitro
and in-vivo works. And lastly, Martin-Jimenez et al. reconstructed a genome-scale astrocyte-
specific metabolic model named MODEL 1608180000 [105].
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2.2.4. Transcriptome integration

Since the human model has all metabolic reactions, it is significant to eliminate
irrelevant reactions and create a tissue-specific model to examine a certain part of the human
body. Therefore, various algorithms have emerged to be used in the development of tissue-
specific models by integrating transcriptomics data. These techniques are divided into two
classes regarding their approach [104]. While the first group utilizes context-specific omics
data directly to increase the predictability of flux rates, the second group develops a context-
specific model by processing the data [104]. The first group includes E-Flux [106], MADE
[107], TEAM [108]. And the second group includes iIMAT [109], GIMME [110], mCADRE
[111], INIT [112], AdaM [113], EXAMO [114].

2.3. Physiology Based Pharmacokinetic Modeling

Physiologically based pharmacokinetic (PBPK) models are increasingly employed to
accelerate and enhance the efficacy of the drug design process [115]. The idea behind PBPK
modeling is to mathematically define related biochemical, physicochemical, and
physiological actions that identify the pharmacokinetic feature of a compound [116]. PBPK
models can explain and predict the pharmacokinetics of compounds in certain people. It can
also describe these data under particular pathological cases [116]. These models have been

created for various species, including humans, rats, mice, and dogs [117].

PBPK models are composed of parts corresponding to tissues in the human body,
linked to the circulatory system. Information related to tissue particular to the biological
system such as weight, volume or/and blood flow rate should be defined for each part of the
system [117].

There are five main steps in PBPK model reconstruction. Definition of the model and
then each specific part (tissue, organ) found in the system, creating model equations,

specifying model parameterization, and assessing simulations and parameters [116].
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3. METHODS

3.1. Reconstruction of Human Metabolic Brain Model

To better understand the mechanism of the disorder, ASD-specific brain GEM was
curated. Three main brain models were used for this research: iMS570 by Sertbas et al., 2014
(570 genes, 524 metabolites, 630 reactions) [103], MODEL16081800000 by Martin-
Jimenez, 2017 (3765 genes, 5007 metabolites, 5659 reactions) [105] and iNL403 by Lewis
et al., 2010 (403 genes, 932 metabolites and 953 reactions) [101]. Since different groups
created those models, the annotations were also different. Metabolite names were
standardized by KEGG ID [33], HumanCyc ID [118], or Human Metabolome Database
(HMDB) ID [119] and manually integrated into the models. Then, models were prepared for

comparison.

3.1.1. Metabolic Brain Model Preparations

ASD-specific brain GEM was reconstructed by the iMS570 metabolic brain model.
The reaction distribution of metabolisms is given in Figure 3.1. In addition to the main
metabolisms in Figure 3.1, 59 extracellular exchange reactions and 34 transport reactions
are present in iMS570. This model consists of 4 main compartments: astrocyte mitochondria
(_AM), astrocyte cytosol (_A), neuron mitochondria (_NM), neuron cytosol (_N).
Additionally, the reconstructed metabolic model contains intercellular space [s] to
investigate astrocyte-neuron transport better and compartment annotation is slightly
different from iMS570: astrocyte mitochondria (_A[m]), astrocyte cytosol (_A[c]), neuron
mitochondria (_N[m]), neuron cytosol (_N[c]). Schematic representation of the

reconstructed model is given in Figure 3.2.

Firstly, MODEL16081800000 was examined. This is a human astrocyte metabolic
model derived from Human Metabolic Reaction (HMR) GEM for generic human cells [120].
Human astrocyte GEM consists of 8 compartments: extracellular [s], cytosol [c],
mitochondria [m], endoplasmic reticulum [r], Golgi apparatus [g], lysosome [I], peroxisome

[p] and nucleus [n]. Therefore, reactions and metabolites were deleted based on



17

compartments via the “keepCompartment” command on MATLAB-Cobra Toolbox [121],
and only extracellular [s], cytosol [c], mitochondria [m], and boundary [x] metabolites and
related reactions were left. The compartment-based reduced model consists of 2308
metabolites 3940 reactions (1648 transport and shuttle, 236 extracellular exchange
reactions). The reaction distribution of metabolisms of the reduced model is given in Figure
3.3.

Carbohydrate Metabolism

Energy Metabolism _ 35
Nucleotide Metabolism _ 62
Amino-acid Metabolism _ 108

116

Other amino-acid Metabolism

Cofactor and Vitamin Metabolism - 16

Other Reactions . 2

Figure 3.1. iMS570 reaction distribution of metabolisms.
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Figure 3.2. Schematic representation of the reconstructed model.
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Carbohydrate Metabolism
Energy Metabolism . 16
Lipid Metabolism

Nucleotide Metabolism _ 194
Aminoacid Metabolism _ 304

Metabolism of Other Aminoacids - 51
Glycan Biosynthesis and Metabolism - 62
Terpenoid and Polyketide Metabolism ' 6
Xenobiotic Degredation and Metabolism - 82
Protein Metabolism . 9

Cofactor and Vitamin Metabolism _ 143
. s

Other Reactions

238

557

Figure 3.3. Reaction distribution of metabolisms of the compartment based reduced
MODEL16081800000.

The last model prepared for comparison was iNL403. This model was curated in 2010
to investigate energy metabolism. For a healthy individual, there are three models:
Glutamatergic, GABAergic, and Cholinergic. Cholinergic model does not contain ATP
driven GABA secretion from interstitium to neuron cytosol; GABAergic model does not
contain choline secretion, ATP driven acetylcholine secretion from interstitium to neuron
cytosol and break-down of acetylcholine into acetyl and choline by acetylcholinesterase in
interstitium; and Glutamergic model does not contain those all four reactions. In this model,
all mentioned reactions were added to the model. iINL403 consists of astrocyte mitochondria
(_A[m]), astrocyte cytosol (_A[c]), neuron mitochondria (_N[m]), neuron cytosol (_N[c]),
interstitium ([1]) and endothelium and blood ([e]) compartments. Reaction distribution of
metabolisms except for 311 transport and shuttle and 65 extracellular exchange reactions are
given in Figure 3.4.

Different research groups reconstructed those three models (iMS570,
MODEL1608180000, and iNL403). Thus, annotations of metabolites, genes, and reactions;
reaction balances of hydrogen, water, coenzyme A or other medium metabolites; subsystem

annotations of the reactions differ. Before elimination of duplicate reactions between
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models, standardization of those criteria was performed by information from KEGG [33],
HumanCyc [118], Human Metabolome Database (HMDB) [119], HMR GEM for generic
human cell [120], and Metabolic Atlas (Humanl) [122, 123].

Carbohydrate Metabolism

Energy Metabolism
Lipid Metabolism
Nucleotide Metaboli sm

Aminoacid Metabolism 210

Metabolism of Other Aminoacids . 10
Terpenoid and Polyketide Metabolism . 6

Cofactor and Vitamin Metabolism

Fatty Acid Metabolism . 6

Other Reactions . 8

Figure 3.4. iINL403 reaction distribution of metabolisms.
3.1.2. Comparison of Metabolic Brain Models

The first attempt to compare models was to use a computational tool instead of a
manual approach. For this purpose, the “compareCbModels” command was used by the
modelBorgifier module of Cobra Toolbox. However, the manual comparison has been made
due to code-related problems such as incompatibility of the positions of hydrogen and water
molecules (such as present in one model and not in the other, or the difference in direction),
which are in duplicate reactions in different models and the inadequacy of the module due

to the size of the compared models.

Since it would be more efficient to make the manual comparison on a single integrated
model, the three models mentioned were combined with the "mergeTwoModels™ command.
Since the command allows the combination of only two models, first MODEL 1608180000
and iIMS570 were combined, then the combined model merged with iNL403. This model
has 5644 reactions, 3107 metabolites, and 1055 genes. The label part has been added to the
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model struct to follow the sources of the reactions in the integrated model. The reactions
with values in the S matrix regardless of direction were found and examined with the
“checkDuplicateRxn” command to reduce the manual load. Examination of the combined
model was made through the excel file. All reactions' EC numbers, gene, and metabolism

nomenclature were uniformized to eliminate duplicate reactions.

3.1.3. Flux Balance Analysis

After eliminating duplicate reactions, transport, shuttle, and extracellular exchange
reactions (2254 reactions) were investigated thoroughly; for this purpose, Flux Balance

Analysis (FBA) was performed.

FBA is a mathematical method to analyze the flux of metabolites across a metabolic
network. Stoichiometric matrix S has the size of m x n, where m represents metabolites and
n represents reactions. Stoichiometric coefficients in this matrix state whether the metabolite
is consumed (negative coefficient) or produced (positive coefficient). Flux vector v, length
of n, stands for flux through reactions within the system. And concentration vector x, length
of m, represents concentrations of metabolites. When the system is at steady-state (dx/dt=0),

Sv=0. (3.2)

Since there will be more reactions than metabolites (n>m), i.e., more unknown
variables than equations, there will be no unique solution. In FBA, an objective function Z
Is maximized or minimized according to intention, with constraints on flux vector, v, and an

optimal solution is found [124].

For FBA analysis of the combined model, equality constraints were determined based
on iIMS570 and iNL403 with the literature comparison. Constraints are given in Table 3.1.

As objective functions, reactions in Table 3.2 are maximized.

For FBA, the “optimizeCbModel” function of the Cobra Toolbox was used on
MATLAB. Based on the FBA results, it has been noticed that there is an undesirable loop in

transport reactions of some metabolites which have zero influx are not produced in the cell,
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and fluxes of those reactions are in the range of £1000. The reason for this loop is the
transport of the same metabolite via multiple ways: diffusion, or transportation between
mitochondria-cytoplasm and cytoplasm-intercellular space with the help of ions such as
hydrogen and sodium, calcium, or by shuttle reactions. Increased number of reactions causes
computational burden, thus unhealthy results. Since transport reactions are essential for

ASD, it is tried to delete/silence as few reactions as possible.

Table 3.1. Constraints for the combined model.

Reaction Lower bound Upper bound Reference
L-3-amino-isobutanoate[s] <=> -0.00023 1000 [125], [126]
GABA[s] <=> -0.0018 0 [127], [128]
Acetate[s] <=> -0.0013 1000 [129]
Acetoacetate[s] <=> -0.012 -0.0015 [101]
acetaldehyde[s] <=> -0.0014 1000 [130]
Arginine[s] <=> -0.004 0 [127], [128]
Asparagine[s] <=> -0.0009 0.0037 [127], [128]
BHB[s] <=> -0.016 -0.001 [101]
Cysteine[s] <=> -0.0086 0.0033 [127], [128]
Glucose[s] <=> -0.29 -0.196 [101]
Glutamine[s] <=> -0.013 0.025 [127], [128]
Glutamate[s] <=> -0.0044 0.0047 [127], [128]
Glycine[s] <=> -0.0053 0.0086 [127], [128]
Isoleucine[s] <=> -0.0041 0.0004 [127], [128]
Lactate[s] <=> -0.0058 0.079 [127], [128]
Leucine[s] <=> -0.0062 0.0011 [127], [128]
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Table 3.1. Constraints for the combined model. (cont.)

Reaction Lower bound Upper bound Reference
Lysine[s] <=> -0.0005 0.011 [127], [128]
02[s] <=> -2.256 -1.351 [101]
Ornithine[s] <=> -0.0048 0.0041 [127], [128]
PE-LD pool[s] <=> -5.00E-05 1000 [131]
proline[s] <=> -0.0079 0.0066 [127], [128]
Phosphatidyl_serine[s] <=> -5.00E-05 1000 [131]
Pyruvate[s] <=> -0.0058 0.007 [127], [128]
sarcosine[s] <=> -0.0053 0.0086 [132], [133]
Serine[s] <=> -0.011 0.0016 [127], [128]
Valine[s] <=> -0.011 0.005 [127], [128]
trans-4-hydroxy-L-proline_A[m] <=> -5.00E-05 5.00E-05 [134]-[136]
N,N-Dimethylglycine_A[c] <=> -0.0053 0.0086 [137]
Tyrosine_A[m] <=> -0.0014 0.0037 [127], [128]
trans-4-hydroxy-L-proline_N[m] <=> -5.00E-05 5.00E-05 [134]-[136]
N,N-Dimethylglycine_N[c] <=> -0.0053 0.0086 [137]
Tyrosine_N[m] <=> Tyrosine_N][c] -0.0014 0.0037 [127], [128]
ATP_A[m] + Bicarbonate_A[m] +
Pyruvate A[m] -> ADP_A[m] + Hc_A[m] + 0 0.1 [102]
Oxoloacetate_ A[m] + phosphate_ A[m]

After transport reaction deletion, since the model should have interconnected reactions
and strong gene-protein-reaction interaction, some metabolites and reactions were deleted.

First, isomers and dead-end metabolites and reactions are deleted.
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Table 3.2. Objective functions of the combined model.

Reactions Function
Lactate_A[c] + NAD_A[c] <=>Hc_A[c] + NADH_A[c] + Lactate
Pyruvate_A[c] dehydrogenase
Lactate

Lactate. A[m] + NAD_A[m] <=>Hc_A[m] + NADH_A[m] +

Pyruvate A[m] dehydrogenase

NAD_N[c] + Lactate_N[c] <=> Hc_N[c] + NADH_N][c] + Lactate
Pyruvate_N[c] dehydrogenase
NAD_N[m] + Lactate N[m] <=>Hc_N[m] + NADH_N[m] + deh:/_;rcc;[gzenase

Pyruvate_N[m]

ADP_A[c] + Hc_A|[c] + Phosphoenol_pyruvate A[c] -> ATP_A[c] + Pyruvate
Pyruvate_A[c] Kinase

3.1.4. Autism-Specific Reaction Addition

The reconstructed model has five compartments, mitochondria, and cytosol of
astrocyte and neuron and intercellular space. Therefore, some genes in Table 2.2 were
selected based on compartments. Out of 89 genes, 48 were elected. After the ones with no
EC number were eliminated, 29 genes remained: B3GALT1, B3GALT6, DYRK1A, EXT1,
GAL3ST2, GALNTL5, HDAC4, HS3ST5, KAT2B, KDM5B, LARGEL, MIB1, NCOAL,
NSD1, POMGNT1, PPP5C, PTEN, SGSH, SMPDL3b, SPAST, ST8SIA2, TEK, TLK2,
TMLHE, TRAF7, TRIM23, TRIO, UBR1, USP45. Only one gene, DYRK1A, exists on the
model. The addition of other genes would cause dead-end metabolites or lumped reactions.
Thus, autism specificity was achieved by subsystem expansion which will be explained more

in the discussion section.

3.1.5. Flux Variability Analysis

With Flux Variability Analysis (FVA), minimum and maximum fluxes of reactions
were calculated for further investigation, and zero flux reactions were detected. For this
purpose, the flux limits of all extracellular exchange reactions were set to minimum (-1000)

and maximum (1000) values, thus allowing all metabolites that could pass through the blood-
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brain barrier to enter and exit the brain cells. FVA assigns each reaction as an objective
function and performs Flux Balance Analysis (FBA) in the model. Fluxes pass through the
minimized or maximized objective function are recorded [138-140]. For minimized and
maximized version of the objective function, for n reactions, a flux vector v of size nxn and
an f vector length of n are formed. If the value in the f matrix is equal to zero for the
minimized and maximized objective function FBA, that reaction is blocked. The algorithm

of FVA is given in Figure 3.5.

fori = 1:n (nstands for number of reactions)
FVAmodel.c(i) = 1; (when a reaction is objective function,c = 1)
minFlux(i) = optimizeCbModel(FVAmodel," min');
maxFlux(i) = optimizeCbModel(FVAmodel, 'max");

end

Figure 3.5. The algorithm of Flux Variability Analysis.

3.1.6. Transcriptome Integration

Transcriptome integration tool Gene Activity Moderated by Metabolism and
Expression (GIMME) helps create a context-specific metabolic model with gene expression
data. There are two steps in this model: 1) Optimization of the objective function with FBA,
2) Minimization of the use of inactive reactions. Those inactive reactions are the reactions

whose gene expression is below the determined threshold [141].

For this purpose, Gene Expression Omnibus (GEO) data of ASD patients were
investigated. GSE28475 was chosen for transcriptome integration [142, 143]. 124 samples
with 24526 rows were extracted. The average of every row was calculated, and ID annotation
was translated to Entrez Gene ID. Gene up- and downregulations in the presence of ASD
were investigated and noted in the GSE28475 file [144]. SHANKS gene is reported to be
downregulated [145, 146], and it is closely related to ASD; its value, 3971.6, was chosen as

the threshold. Also, 30% of the average of final values, 1319.4, was chosen as the second
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threshold. 18630 unique genes and their gene expression data were prepared for

transcriptome analysis.

Gene Inactivity Moderated by Metabolism and Expression (GIMME) method was
used for transcriptome integration. Based on the threshold value, genes were either absent,
“A” or present, “P”. Regarding objective function, the reconstructed model was reduced by
the inconsistency score between threshold and expression with the help of Flux Balance

Analysis. Reactions with minimal inconsistency were survived [110].

A second optimization was performed to reduce the GIMME model. This optimization
minimizes the Euclidean norm of the internal fluxes to avoid multiple optimum solutions
[103]. For both SHANKS limited and average limited gene expression data, autism-specific

brain models were reconstructed.

3.2. Human Physiology Based Pharmacokinetic Modelling of Risperidone

Risperidone is an atypical, 2"Y generation antipsychotic drug and an antagonist of
serotonin 5-hydroxytryptamine (5-HT2A) and dopamine D2 receptors. With inhibition of 5-
HT2A and D2 receptors, serotonergic and dopaminergic activity is decreased [147].
Negative social behavior and irritation symptoms are observed in schizophrenia, mood
disorders, and autism spectrum disorder [148-150]. Even though ASD is not considered a
dopamine-pathway disorder, improved social behavior was observed in several studies [151,
152]. Those findings indicate dopaminergic dysfunctions. Dopamine antagonists are used
for child ASD-symptom treatment, and risperidone (5-17 years) [153] and aripiprazole (6-
17 years) [154] are the only FDA-approved drugs. However, the dosage is crucial, especially
for children [155], due to extrapyramidal symptoms [156, 157]. PBPK modeling allows to
foreseen distribution through time for various ages, weights, or populations and helps to dose
management. Pharmacokinetic data and receptor occupancy calculations can be used for
further computational investigation of ASD. The receptor occupancy data can be used for
inhibition of dopaminergic neurotransmission in ASD-specific model to observe both effects

of dopamine activity and risperidone treatment.
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Human Physiology Based Pharmacokinetic Modelling (PBPK) was created by systems
biology tool Open Systems Pharmacology Suite, PK-Sim (Version 9.1.2) [158]. PK-Sim is
a free PBPK software tool that includes predefined features for PBPK modeling of humans,
rats, and other laboratory animals. Creation of individuals and populations for different
ethnicities, preterm babies, and pregnant women, for preferred age, weight, height, or body
mass index is possible with the PK-Sim database for anatomical and physiological
characteristics. Drugs can be simulated by creating compounds with the drug’s basic
physico-chemistry and ADME values. To simulate the distribution formulation of the drug
and its administration protocol, e.g., oral, intravenous bolus, is described by the user. Events
such as meals, smoking, or observers can also be added to the simulation. The main menu

of PK-Sim is given in Figure 3.6.

Modeling Parameter Identification & Sensitivity Working Journal Import/Export Itilities Views

RN I

Individual Population Compound Formulation Administration Event Observers Simulation | Individual — Population
Protocol Simulations  Simulations

Create Compare Results

Figure 3.6. The main menu of PK-Sim.

During simulations, four individuals, eleven populations, four compounds, one

formulation, two administration protocols building blocks were created.
3.2.1. Creation of a New Individual

Firstly, individuals were created. Since population simulation will be performed,
individual parameters were left as default. Any information in the articles, e.g., age, weight,
was used in the population creation step. Based on the papers, only ethnicity was defined in
individuals. Some ethnicities’ anatomical and physiological characteristics are predefined
by the tool itself. During the simulations, European [159], White American [160], and Asian
[161] populations were preferred regarding the experimental articles. Age, weight, height,

and body-mass index (BMI) information of the populations is given in Table 3.3.



27

Table 3.3. Individual parameters of populations.

Populations Age (year) Weight (kg) Height (cm) | BMI (kg/m?)
European 30.00 73.00 176.00 23.57
White American 30.00 80.35 178.49 25.22
Asian 30.00 60.03 169.96 20.78

Risperidone is metabolized to paliperidone in liver by CYP (cytochrome P450)2D6,
CYP3A4 and CYP3A5 [162], [163]. Therefore, expressions of those metabolic enzymes
were added to the individual. PK-Sim provides to add enzymes by the query. For CYP2D6,
CYP3A4 and CYP3ADS5, there are three possibilities: microarray expression data from
ArrayExpress (European Information Institute), Expressed Sequence Tags from UniGene
(National Center for Biotechnology Information), and Reverse transcription-polymerase
Chain Reaction (RT-PCR) derived gene expression from literature. Due to its better accuracy
of human plasma PK profiles, the RT-PCR database was chosen [164, 165].

The results of the PBPK model will be used in brain GEM. Therefore, the blood-brain
barrier should be included. P-glycoprotein (P-gp) modulates drug transport for some
antipsychotics, e.g., risperidone and paliperidone [166]. Accordingly, as transport protein,
P-gp was added manually, and its relative expression in the blood-brain barrier was set to
1.00. European, White American, and Asian individuals were created for reference
concentration of 1.00 umol/l, and one European individual was created for reference
concentration of 4.00 umol/I to investigate the effect of P-gp concentration in the BBB [165,
167-169].

Dopamine D2 receptor occupancy (RO) of antipsychotics is well investigated. D2
receptors were considered for this research by adding D2R as a protein-binding partner. For
its reference, concentration was determined as 0.40 nmol/l [170] for all individuals, and its
localization was recorded as interstitial space. D2 receptor relative expression in the brain

was set to 1.0.
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3.2.2. Compound Creation of Risperidone and Paliperidone

To model risperidone and its metabolite paliperidone, several articles were
investigated for PBPK parameters [165, 171-177]. According to the simulations, several
values were found for the same parameter; the best fits are tabulated in Table 3.4.

PK-Sim's absorption, Distribution, Metabolism, and Excretion (ADME) interface
provides calculation methods for specific intestinal permeability, partition coefficients, and
cellular permeabilities. Only partition coefficients calculation changed to the Berezhkovskiy
method since it is the most accurate risperidone and paliperidone [178]. The others remained
as PK-Sim Standard.

D2 receptor binding parameters were added from the “Add Protein Binding Partner”
tab under the “Specific Binding” distribution section. The dissociation rate constant at the
D2 receptor, Koff, 2, and affinity (dissociation constant) at the receptor, Kg, o2, of risperidone
and paliperidone are given in Table 3.4 [176]. Risperidone or paliperidone-specific binding

to the D2 receptor is described as reversible protein-substrate interaction in PK-Sim.

Under Metabolism, CYP enzymes are bound with risperidone to metabolize
paliperidone. The most effective CYP enzyme for this process is reported as CYP2D6, and
parameters of its two subtypes, CYP2D6.1 and CYP2D6.10, were available [175]. Thus, two
risperidone compounds with only CYP2D6 enzyme Kinetic differences were created. The
process type for calculation is “in vitro metabolic rate in the presence of recombinant
CYPs/enzymes — Michaelis-Menten.” The maximum rate of the enzyme, Vma, and
Michaelis-Menten constant, Km, of risperidone and paliperidone is tabulated in Table 3.4.
Total hepatic clearance for risperidone was not calculated because the metabolism of
risperidone is assumed to be performed by CYP enzymes [175]. After simulations, for total
hepatic clearance, CLHepatic, of Paliperidone was stated as 1.04 mL/min/kg by Wong et al.
In this research, two paliperidone compound was created with two CLwepatic value, 1.04
mL/min/kg and half 0.52 mL/min/kg. Clearance was calculated as a first-order elimination

process.
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Transport&Excretion section has three sections under Transport Proteins, Renal
Clearances, and Biliary Clearance. Only transport proteins and the renal clearances section
were used for paliperidone. P-gp was added as transport protein with the process type “In
vitro active transport (vesicular assay)-Michaelis-Menten.” The maximum rate of P-gp,
Vmax, and Michaelis-Menten constant, Km, risperidone, and paliperidone can be found in
Table 3.4.

Table 3.4. Basic physico-chemistry and ADME parameters of risperidone and

paliperidone.
Parameters Risperidone Paliperidone
Lipophilicity (logP) 2.50 [171] 2.40 [172]
Fraction unbound 0.10 [174] 0.21 [174]
Molecular weight (g/mol) 410.50 [172] 426.50 [172]
Compound type Base [172] Base [172]
pKal 8.80 [171] 8.20 [172]
Solubility (mg/L) 0.29 [165] 0.22 [165]
Solubility Reference pH 7.60 [165] 7.00 [165]
Koff, D2r (1/5) 0.005 [176] 0.005 [176]
K, p2r (NM) 7.24 [176] 6.17 [176]
Vmax, p-gp (PmMol/min/pmol) 2.86 [177] 10.00 [165]
Km, p-go (LM) 12.40 [177] 12.40 [165]
CL Hepatic (mL/min/kg) - 1.04 [165]
CLRenal (ML/min/kg) 0 [165] 0.54 [174]
Vmax, cyp2pe.1 (pmol/min/pmol) 2.3[175] -
Km, cyp2pe.1 (LM) 1.1 [175] -
Vmax, cyp2pe.10 (pmol/min/pmol) 0.10 [175] -
Km, cyp2ps.10 (UM) 6.70 [175] -
Vmax, cypaas (pmol/min/pmol) 15.00 [175] -
Km, cyrzas (LM) 61.00 [175] -
Vmax, cyp3as (pmol/min/pmol) 15.00 [175] -
Km, cypzas (LM) 200.00 [175] -
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3.2.3. Population Creation

Experimental data from seven articles were collected for population simulations [179—
185]. Articles of Canovas et al. and Kumar et al. do not have free access; therefore, related
data for comparison were extracted from the article of Wong et al. There was no information
besides the number of volunteers participating in the experiment. Therefore, age was
assumed to be 25. All participants were assumed to be male for Canovas et al. Khorana et
al. Seven populations were created by the age, weight, height, and population distribution

data from articles. The population demographics can be found in Table 3.3.

For ethnicity comparison, as can be seen from Table 3.3, two other populations, White
American and Asian, were created with 30 individuals at 25-year-old. The population

generated for Canovas et al. was set as a European population example.

To compare individual numbers, the European population with 100 25-year-old males
was generated, compared with the Canovas’ population again. Another individual has been
created to investigate the effect of P-gp reference concentration. For this purpose, a
population of 30 persons at 25-year-old was generated.

There are two more populations for receptor occupancy analysis. The article for
receptor occupancy analysis has one female of 8 schizophrenic volunteers from age 18 to 52
[186]. One population was generated based on that information. The only difference of the

other population is age was set to 25 years for simulation purposes.

3.2.4. Formulation and Administration Protocols

Risperidone formulation was simulated via Weibull function with a dissolution time
of 10 minutes and dissolution shape of 0.92 [173].

Two administration protocols were defined: plasma concentration analysis and
receptor occupancy analysis. Plasma concentration protocol consists of one time 2 mg oral
dose and 100 hours of simulation. Receptor occupancy protocol consists of a 3 mg oral dose

twice a day for 28 days, then a 1.5 mg oral dose twice a day for 14 days.
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18 simulations were created to analyze. 7 simulations were performed based on Table 3.5.

The simulation based on Canovas et al. was determined as a European baseline for

comparison. The remaining 2 ethnicities, White American and Asian, were simulated, t00.2

simulations were created to analyze the effect of individual count in a population. Thus,

population simulation with 100 persons and individual simulation was performed. 1

individual simulation was designed to investigate the CYP2D6 enzyme effect, and 1

individual was simulated for the paliperidone total hepatic clearance effect. 1 European

population was simulated to investigate P-GP reference concentration. The remaining two

population simulations were generated for receptor occupancy analysis for two CYP2D6

subtypes.
Table 3.5. Population demographics.
) Khorana .
. Belotto etal. | Boonleanget | Canovaset | Gutierrez et Kumar et Liu et al.
Populations etal.
[179] al. [180] al. [181] al. [182] al. [184] [185]
[183]
Brazilian . . . . . .
o ] Thai Spanish Belgian Thai Indian Chinese
Ethnicity White . . . .
. Asian European European Asian Asian Asian
American
(3]
% 18-58 20.62-44.1 25 18-45 25 24-31 19.2-27.1
7 v
3
>
(3]
(=)
< c
5] 32412 28.18+8.27 26.8+2.4 22.9+2.7
=
(5]
g 50-103 55.03-76.02 62-82 52.0-78.0
g o
=
2
(5]
= c
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) Khorana )
. Belotto etal. | Boonleang et | Canovaset | Gutierrez et Kumar et Liuetal.
Populations etal.
[179] al. [180] al. [181] al. [182] al. [184] [185]
[183]
Brazilian . . . . . .
o . Thai Spanish Belgian Thai Indian Chinese
Ethnicity White ) . ) ]
. Asian European European Asian Asian Asian
American
(5]
2 156-180 162-187
o ISl
IS o
S
=
2
(<5}
I =
3 167+8 171.3+6.1
=
(5]
% 18.99-24.91
& 24
£
=3
S
m c
3 21.76x2.07
=
Female 11 0 0 0 0 0 0
Male 11 22 30 23 23 20 24
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4. RESULTS AND DISCUSSION

4.1. Reconstruction of Human Metabolic Brain Model

The reaction distribution of metabolisms of the reconstructed model is given in Figure
4.1. Reaction distribution was performed based on KEGG Pathway Database. The final
model consists of 1638 reactions (445 transport, 146 exchange, and 10 shuttle reactions out

of 601), 1358 metabolites (715 unique regardless of the compartment), and 756 genes.

Carbohydrate Metabolism 192

L¥5]
(=)

Energy Metabolism

Lipid Metabolism 141

Nucleotide Metabolism

120

Amino-acid Metabolism 316

Other amino-acid Metabolism . 15
Terpenoid and Polyketide Metabolism . 10

Cofactor and Vitamin Metabolism 105

Fatty acid Metabolism 88

Other Reactions . 14

Figure 4.1. Reaction distribution of metabolisms of the reconstructed model.
4.1.1. Model Expansion

Carbohydrate metabolism is one of the most interesting metabolisms related to ASD.
It can be controlled through diet, especially commonly used Ketogenic Diet (high fat, low
carbohydrate), and this metabolic therapy aids in relieving some ASD symptoms [187]. In
the model, carbohydrates metabolism consists of the following metabolisms and pathways:

e Glycolysis / Gluconeogenesis

e Tricarboxylic acid cycle and glyoxylate/dicarboxylate metabolism
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e Pentose phosphate pathway

e Starch and sucrose metabolism

e Pyruvate metabolism

e Butanoate metabolism

e Cb-branched dibasic acid metabolism
¢ Inositol phosphate metabolism

e Propanoate metabolism

In the presence of ASD, hypermetabolism of glucose and increased lactate production
were reported [188]-[195]. This process is not only related to carbohydrate metabolism, but
the chain of reactions starts here. To better investigate ASD, 76 carbohydrate metabolism
reactions were added to the iIMS570 model. iMS570 omits “C5-branched dibasic acid
metabolism. The reconstructed model has 9 reactions for this metabolism. There is no change
for the “Pentose phosphate pathway.” Reaction additions about metabolism and pathways
are as follows: Glycolysis / Glucogenesis, 18 reactions; Tricarboxylic acid cycle and
glyoxylate/dicarboxylate metabolism, 12 reactions; Starch and sucrose metabolism, 9
reactions; Pyruvate metabolism, 12 reactions; Butanoate metabolism, 7 reactions;
Propanoate metabolism, 11 reactions. The reconstructed model can provide better insight

into ASD with carbohydrate metabolism expansion.

Oxidative stress, reactive oxygen species pathway, and their reaction with fatty acids
are reported to be related to autism spectrum disorder [196—-202]. Subsystems under “Energy

Metabolism” are given below:

o Oxidative phosphorylation
e ROS detoxification

e Sulfur metabolism

Oxidative phosphorylation reactions were expanded from 10 to 17 as ROS
detoxification reactions. Additionally, 2 sulfur metabolism reactions were added to the
system. This expansion will aid in investigating especially transcriptome changes that occur

in the presence of ASD.
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The human brain’s dry weight consists of 60% lipids [203]. Thus, any lipid metabolism
malfunction alters signaling, plasma membrane integrity, and functions [204-206].
Therefore, cholesterol metabolism (15 reactions added) and glycerophospholipid
metabolism (6 reactions added) were expanded. Bile acid biosynthesis and steroid
metabolism reactions were added to the reconstructed model.

Some studies found nucleotide metabolism related to ASD based on urine findings
[207, 208]. To investigate nucleotide metabolism alterations in the brain, reactions were
doubled.

Dysregulation in amino-acid metabolism, antioxidant, vitamin, and cofactor
metabolism is observed in ASD [209, 210]. Therefore, amino-acid metabolism and cofactor
and vitamin metabolism were expanded from 121 reactions to 316 reactions and 16 reactions
to 105 reactions, respectively. There was no pathway addition for amino-acid metabolism.
However, under cofactor and vitamin metabolism, folate and porphyrin subsystems were
expanded and “Vitamin B12 Metabolism”, “Vitamin C Metabolism,” “Vitamin D
metabolism,” “Biotin Metabolism,” “Nicotinate and Nicotinamide Metabolism,” “CoA

Synthesis” and “Ubiquinone Synthesis” subsystems were added to the model.

As mentioned above, fatty acid metabolism and its signaling pathway are crucial for
the brain, and its relation with autism spectrum disorder is thoroughly investigated [196-
202]. Therefore, 10 more reactions were added to fatty acid metabolism to improve integrity

within.

IMS570 transport reactions were designed as direct transport from neuron to astrocyte
or astrocyte to neuron. With the addition of intercellular space [s], transport reactions
increased. Besides diffusion, ATP-driven or channel-gated transports were also considered
for the reconstructed model. Thus, 37 transport reactions were updated to 445. Increase in
reactions and metabolism expansions; metabolites were also increased. Concerning that,

exchange/demand reactions were expanded to 146 from 59.
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4.1.2. Flux Variability Analysis

According to the results of FVA, the blocked reaction/total reaction ratio is less than
10% for the E.coli model iAF1260 [211], 25-26% for the iINL403 model [101] and 40% for
the iIMS570 model [103]. In the combined brain model, 409 out of 1638 reactions were

blocked, thus making the rate equal to 25%, which is a small value for a model of this scale.

4.1.3. Transcriptome Data Integration

Transcriptome data were integrated into the reconstructed metabolic brain model
based on down-regulation of the SHANKS gene with an expression value of 1319.4 and a
threshold of 30% of the gene expression average with a value of 36.8. After minimizing the
internal fluxes, two autism-specific metabolic brain models were reconstructed. Comparison

to healthy brain literature resting-state fluxes is given in Table 4.1.

Table 4.1. Comparison of transcriptome integrated models to healthy brain literature

resting-state fluxes.

ASD model | ASD model Literature
%Flux Ratio SHANK3 | 30%AVE Healthy
threshold threshold resting state
i [212-215]
Lactate release (R347/R33) 32.9 329 3-9
Glutamate/Glutamine cycle 1975 1975 40-80 [216-218]
(R1638/ R33)
Astrocyte relative oxidative [216, 219,
metabolism 100.0 100.0 30 220]
(R218/(R218+R699))
i [221, 222]
Total PPP ((R760+R758)/R33) 12 475 3-6
[216, 219,
Pyruvate carboxylase (R408/ 14.3 12.7 10 223]
R33)
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The threshold for SHANKS3 gene expression is relatively higher than the threshold
for 30% of the average. Therefore, the reduced model of the SHANKS3 threshold has lower
reactions and metabolites. The SHANK3 model consists of 846 reactions and 996
metabolites, whereas in the 30%AVE (30% of gene expression average) model, there are
1153 reactions and 1178 metabolites. Therefore, the reaction distribution of the two models
is different from each other. The ratios of the SHANK3 model to 30%AVE model are for
Glycolysis/Glucogenesis reactions 39 to 26, for Pentose phosphate pathway reactions 17 to
16, Tricarboxylic acid cycle and glyoxylate/dicarboxylate metabolism reactions 32 to 18,
Oxidative phosphorylation reactions 9 to 7 and ROS detoxification reactions 9 to 1. The
significant difference between the total pentose phosphate pathway ratio (Table 4.1) can be

explained by this difference in reaction distribution.

The objective functions are lactate dehydrogenase reactions and astrocyte pyruvate
kinase reactions due to elevated lactate production in the presence of ASD [188-195]. Thus,
lactate release is above healthy brain resting-state flux. Relative oxidative metabolism in
astrocyte is above 3-fold of a healthy state. Mitochondrial dysfunction and increased citrate
synthase were observed in ASD [224], and transcriptome analysis results are compatible
with these experimental data. An increase in Glutamergic neurotransmission is associated
with ASD. Glutamate/Glutamine cycle concerning glucose uptake increased for both
integrated models (Table 4.1). Glutamergic dysfunction findings are consistent with ASD
literature [225].

4.2. Physiology Based Pharmacokinetic Modelling

4.2.1. Effect of Population Density

PK-Sim helps to create populations, and the PK parameters of populations are the
mean average. To investigate the effect of the number of people in the population, three
European simulations at age 25 were performed: Individual, 30 people, 100 people. Basic
physico-chemistry and ADME parameters of risperidone and paliperidone were described
in Table 3.4 with CYP2D6.10 enzyme kinetics and 1.0 uM P-gp reference concentration.
Figure 4.2 shows that the maximum concentration of risperidone and paliperidone for the

individual is less than for populations. Since populations show the mean average, it is logical
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to diverge from one person’s calculations. For the maximum concentration time, a very steep
difference can be observed for paliperidone in Figure 4.3. Even though ti; (Figure 4.4) is
not as diverse as tmax, individual PK parameters outstand population parameters. It may be
caused by BMI differences between simulations or unfinished absorption of risperidone in
the individual simulation. Unfinished absorption can result in a higher half-life for

risperidone and corrupted calculations for paliperidone since it is risperidone’s metabolite.
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Cmax, Risperidone Cmax, Paliperidone
® Individual 11.05 5.63
m 30 People 12.82 6.61
100 People 12.65 6.04

Figure 4.2. Cmax values of risperidone and paliperidone for individual, 30 people, and 100

people populations.
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Figure 4.3. tmax values of risperidone and paliperidone for individual, 30 people, and

100 people populations.
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Figure 4.4. t1> values of risperidone and paliperidone for individual, 30 people, and

100 people populations.

4.2.2. Effect of CYP2D6 Enzyme Kinetics

The effect of different CYP2D6 enzyme Kinetics was investigated through 25 years
old European individual simulations. For CYP2D6.1, the maximum rate of reaction is higher
(2.3 pmol/min/pmol vs. 0.10 pmol/min/pmol), and substrate (risperidone) concentration to
achieve half of the maximum rate is lower (1.1 pM vs. 6.70 uM) than CYP2D6.10.
Therefore, a higher risperidone/paliperidone ratio is expected from CYP2D6.10 simulations
since less paliperidone will be produced per risperidone consumed. CYP2D6.10 seems to
have a lower affinity towards paliperidone, so it will require more risperidone concentration
to achieve maximum rate, most probably due to competitive inhibitors [226].

When Figure 4.5 is investigated, it can be seen that the Cmax ratio of Risperidone to
Paliperidone is higher for CYP2D6.10 as expected. Additionally, Cmax, Risperidone IS higher for
CYP2D6.10, whereas Cmax, paliperidone 1S lower. This is the result of low affinity. Risperidone
to paliperidone conversion is slower for CYP2D6.10 therefore, there is more risperidone left

and less paliperidone produced.
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Figure 4.5. Cmax values of risperidone and paliperidone for enzyme Kinetics of
CYP2D6.1 and CYP2D6.10.

Reaching the maximum concentration level is slower for CYP2D6.10 due to, again,
low affinity. In Figure 4.6, there is a more significant difference for paliperidone because of
the lower Vmax/Km ratio. The results in Figure 4.7 were also expected. There will be more
risperidone needed per paliperidone production with low affinity; thus, the half-life of
risperidone will be longer for CYP2D6.10. The half-life of paliperidone is longer for

CYP2D6 simply because more paliperidone is produced to be cleared off.
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Figure 4.6. tmax values of risperidone and paliperidone for enzyme kinetics of
CYP2D6.1 and CYP2D6.10.
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Figure 4.7. t12 values of risperidone and paliperidone for enzyme kinetics of
CYP2D6.1 and CYP2D6.10.

4.2.3. Effect of Ethnicities

PK-Sim provides ethnicity-driven physiological and anatomical investigations. For
this purpose, European, White American, and Asian populations were simulated at age 25.
As recall Table 3.3, BMIs of those populations are 23.57 kg/m?, 25.22 kg/m?, and 20.78

kg/m?, respectively.

Risperidone is a highly lipophilic drug, and lipophilic drugs result in lower plasma
concentrations. For higher BMI, the dosage needs to be higher for those drugs [227]. Figure
4.8 shows higher risperidone and thus paliperidone concentrations for the Asian population
since BMI is the lowest and risperidone will not bind to fat tissue but circulate. tmax values
given in Figure 4.9 show a longer time to reach the highest concentration of paliperidone for
White Americans. This might be slower conversion to the metabolite since distribution is
slower for higher BMI. The highest ti> belongs to the Asian population, as expected in
Figure 4.10. The unexpected delay in tmax Of the Asian population may be caused by
CYP2D6 polymorphisms [228, 229].
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Figure 4.8. Cmax values of risperidone and paliperidone for European, White
American, and Asian populations.
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Figure 4.9. tmax values of risperidone and paliperidone for European, White

American, and Asian populations.
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Figure 4.10. ty2 values of risperidone and paliperidone for European, White

American, and Asian populations.

4.2.4. Effect of Hepatic Clearance of Paliperidone

Effect of hepatic clearance of paliperidone was investigated via a 25-year-old
European individual with CLHepatic, Patiperidone Value with 1.04 mL/min/kg and its half 0.52
mL/min/kg. This change did not affect risperidone values since paliperidone is the end
metabolite. When hepatic clearance of paliperidone decreases, Cmax, tmax, and t1> values are
increased, as shown in Figure 4.11, Figure 4.12, and Figure 4.13. When paliperidone is
cleared from the liver as half as before, its concentration, time to reach this concentration,

and time to remain in high concentrations increase.

4.2 5. Effect of P-GP Concentration

P-gp transport protein in the PBPK model was expressed in the blood-brain barrier
and, paliperidone and risperidone are substrates/inhibitors of P-gp with moderate to strong
affinity [230]. Increased concentration of P-gp leads to an increased influx of risperidone
and paliperidone into the brain, which causes lower plasma concentration. Figure 4.14
demonstrates the maximum concentration that can be achieved in peripheral venous blood

plasma concentrations.
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Figure 4.11. Cmax values of risperidone and paliperidone for baseline and half

CLHepatic, Paliperidone-
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Figure 4.13. t2 values of risperidone and paliperidone for baseline and half

CLHepatic,PaIiperidone-
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Figure 4.14. Cmax values of risperidone and paliperidone for P-gp concentration of
1.0 uM and 4.0 pM.

In Figure 4.15, tmax Values and in Figure 4.6, t1/2 values of risperidone and paliperidone
are higher for a higher concentration of P-gp transport protein. Because the parent drug and

its metabolite transport through BBB to reach the highest concentration in plasma lags.
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According to Table 3.4, Vmax/Km is higher for paliperidone. It means paliperidone has a
higher affinity to P-gp than risperidone. It may be the reason for a slightly more significant

impact on paliperidone.
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Figure 4.15. tmax values of risperidone and paliperidone for P-gp concentration of 1.0

MM and 4.0 pM.
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4.2.6. Comparison/Validation with Experimental Data in Articles

The articles whose demographic information is given in Table 3.5 were simulated.
Cmax values of risperidone have the closest value for Canovas et al. [181]. However, the
risperidone/paliperidone ratio is underestimated experimental data from the articles. This
may have been caused by CYP2D6 polymorphism. This polymorphism results in a higher
plasma concentration of risperidone [229]. Additionally, metabolizer types were not
specified in the articles, generally. There could be poor metabolizers that can increase the

risperidone to paliperidone ratio [231].

The lower risperidone to the 9-hidroxyrisperidone ratio that characterizes the ultra-
rapid metabolizers phenotype may explain the lower propensity of this phenotype to induce
weight gain because of the differences in the affinity of these compounds for the receptors
that might be involved in weight regulation, such as 5-HT2.

The most significant Risperidone/Paliperidone ratio divergence is Belotto et al. [179].
Only in this article is paliperidone way higher than risperidone. According to the trial
simulations, enzyme kinetics (especially Vimax, Km values of CYP enzymes) and population
significantly impact population PK parameters. The ethnicity was not stated in the article; it
is only known that the study was held in Brazil. The diversity of the sample group may have

caused a significant difference between the parent drug and its metabolite.

Asian studies Khorana et al., Kumar et al., and Liu et al. are best in alliance with
literature data. CYP2D6.10 has a high frequency among Asians. Especially, Khorana et al.
have the trend of CYP2D6.10 because of the risperidone/paliperidone ratio. Additionally,
the tmax Of paliperidone is higher for Asian studies. Half-lives of risperidone are slightly
higher, half-lives of paliperidone are lower than the literature value. The comparison

graphics can be found in Figure 4.17, Figure 4.18, and Figure 4.19.
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Figure 4.17. Cmax values of risperidone and paliperidone of research articles and their

PBPK calculations.
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4.2.7. Receptor Occupancy

Receptor occupancy simulations were performed based on Nyberg et al. [186]. Twice

a day total of 6 mg oral risperidone was prescribed for the first 28 days, and then twice a day

total of 3 mg oral risperidone was taken for another 14 days. The examinations were

performed on the 28th and 42nd days, 3.5-4 hours after the morning dose. Therefore, data

from days 27.17 and 41.17 were collected since day 0 was the start of the treatment for PBPK

simulations. To investigate the CYP2D6 enzyme kinetics’ effect, two simulations were

executed.

Table 4.2. The concentration of active moiety of literature data and PBPK

simulations.

Concentration of Active Moiety (ng/mL)

Day 28 Day 42
CYP2D6.10 40.96 22.04
CYP2D6.1 29.30 18.45

Literature (Range)

34.8 (27.4-42.6)

17.9 (12.0-22.6)
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The concentration of active moiety (risperidone+paliperidone) is in the range of
literature for both simulations as can be seen from Table 4.2. Deviation of the day 42 results
from a patient who dropped the study. Receptor occupancy of active moiety simulation
results is tabulated in Table 4.3. Receptor occupancy of simulation CYP2D6.1 was
underestimated. Since the patients have schizophrenia, genetic variations, D2 receptor
availability, and the effect of other medications can alter receptor occupancy results. In either
case, both CYP2D6.1 and CYP2D6.10 are promising simulations for ASD integration.

Table 4.3. Receptor Occupancy of active moiety of literature data and PBPK

simulations.
Receptor Occupancy %
Day 28 Day 42
CYP2D6.10 84 67
CYP2D6.1 69 55
Literature (Range) 82 (79-85) 72 (53-78)

Receptor occupancy results can be used to manipulate the SLC6A3 gene, which
encodes dopamine transporter. Since dopaminergic neurotransmission was increased in the
presence of ASD, as mentioned earlier, related to PBPK RO results, SLC6A3 gene
downregulation can be performed based on transcriptome analysis data to observe

risperidone’s effect on the autism-specific brain.

4.3. Receptor Occupancy Integration to Autism-Specific Metabolic Brain Model

SLC6AS3 gene decodes dopamine sink from astrocyte and neuron. Receptor occupancy
integration was performed by limiting reactions coded by the SLC6A3 gene, “HMR_9092”
and “HMR 9092 N” by 0.16. In Table 4.3, receptor occupancy at day 28 for CYP2D6.10
was 84%. Then, the remaining receptors should be 16%. Flux ratio comparison with autism-

specific metabolic brain model is given in Table 4.4.
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Table 4.4. Flux ratio comparison of autism-specific brain model to the healthy state

literature value.

Autism- RO

Literature
%Flux Ratio specific constrained
3-9
Lactate release (R347/R33) 32.9 32.9
Glutamate/Glutamine cycle (R1638/ 1275 18.3 40-80
R33)
Astrocyte relative oxidative 100.0 70.8 30
metabolism (R218/(R218+R699))
475 215 3-6
Total PPP ((R760+R758)/R33) ' '
12.7 5.08 10
Pyruvate carboxylase (R408/ R33) ' '

After receptor occupancy integration, lactate release did not change however
glutamate/glutamine cycle flux decreased below the healthy resting state value. This adverse
effect may be related to the excess effective dose. A decrease in dopamine resulted in a
decline in the glutamine/glutamate cycle. Antipsychotics could not fix the mitochondrial
dysfunction, as expected. On the other hand, it relieves the hypermetabolism, as seen from
flux ratio decrements for astrocyte relative oxidative metabolism, total PPP, and pyruvate

carboxylase.
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5. CONCLUSIONS AND RECOMMENDATIONS

Autism spectrum disorder is a complex developmental condition with increasing
prevalence. The lack of cause-targeted medication treatment encourages researchers to
investigate the mechanism of the disorder. This research aims to reconstruct a metabolic
brain model extended with autism-specific genes and reactions. iMS570 brain GEM is
enriched with iNL403 and MODEL1608180000. The reconstructed model contains 1638
reactions, 1358 metabolites, and 756 genes with a 25% blockage rate calculated with FVA.
The reconstructed model is objected to being integrated with transcriptome data to
investigate the brain under autism-like system conditions. The data for transcriptome
analysis is GSE28475, which was prepared with 18630 unique genes and their gene
expression data. Two threshold values are chosen according to the SHANKS expression
value and 30% of the total average of the mean expression of the samples. Transcriptome
integration of those thresholds resulted in mitochondrial and glutaminergic dysfunction.
Energy metabolism is highly affected by abnormalities of ASD transcriptome.

To simulate the importance of dosage and its effect on the brain, the risperidone
Physiology Based Pharmacokinetic model is executed. Risperidone is an antipsychotic, and
it is used for symptomatic medical treatment of ASD. Ethnicity, CYP2D6 enzyme Kinetics,
paliperidone total hepatic clearance, individual count in a population, and P-gp concentration
effects are investigated with one time 2 mg oral dose of Risperidone. Individual count
simulations are performed with an individual, 30 and 100 people European population of a
25-year-old male. Absorption of risperidone is unfinished in individual simulations;
therefore, individual simulations’ results differed from population simulations. Risperidone
half-life is significantly high (13.45 hours vs. 9.91 hours and 9.14 hours).

CYP2D6.1 and CYP2D6.10 simulations are executed with a 25-year-old European
male with a 2 mg single oral dose of risperidone. CYP2D6.10 has a lower Vmax/Kn ratio,
which leads to low affinity and slow conversion. Cmax, Risperidone/ Cmax, Paliperidone 1S higher for
CYP2D6.10 (11.05 ng/ML/5.63 ng/ML) where CYP2D6.1 is 8.17 ng/mL/7.40 ng/mL. tmax

values of CYP2D6.10 simulations are also higher.
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Ethnicity with the lowest BMI, 20.78 kg/m?, Asian populations have the highest
plasma concentrations since risperidone is lipophilic. Delay in tmax 0Of Asian population may
be caused by CYP2D6 polymorphisms, and ti2 is the highest within ethnicities, White

American and Asian.

Total hepatic clearance changes only affected paliperidone values. An increase in
hepatic clearance of paliperidone results in a decrease of Cmax, tmax, and ti2 values. The rise
in reference concentration of P-gp also leads to lower Cmax but higher tmax because of the

increased influx of the drugs through BBB.

Then, to compare and validate our modelling results, PBPK model simulations are
performed using the experimental data on ASD in articles. Risperidone/paliperidone
concentration ratios are found closer to Asian studies, and tmax and ti2 are in the upper half
of the range. Those findings imply the importance of CYP enzymes kinetics. The clearance
of paliperidone from the liver is assumed linear based on the parameters found in the
literature. However, actual clearance can be through Michaelis-Menten kinetics. The
receptor occupancy of the active moiety (risperidone plus paliperidone) is simulated for a
chronic oral dose of risperidone for 8 people. Treatment is 3 mg risperidone twice a day for
24 days and 1.5 mg risperidone twice a day for 14 days. The results are compatible with the
literature value range. Calculated receptor occupancy and plasma concentrations are
underestimated. Since the literature data belongs to schizophrenic patients, this

underestimation is validated.

The genome-scale autistic brain model developed within the framework of this thesis
study enables us to observe changes in dopamine D2 receptors in the presence of
antipsychotics. Autism-specific brain model shows glutaminergic and mitochondrial
dysfunctions. The dopamine receptor occupancy of antipsychotic drugs (risperidone) can be
simulated by the down-regulation of the dopamine receptor genes (SLC6A3). 84% receptor

occupancy simulation indicates excessive drug dose due to drastic decrease in glutaminergic
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neurotransmission. It also reduces mitochondrial dysfunction effects but does not neutralize,

as expected.

Further improvements to the thesis could be made on the brain model. Expansions
based on ASD-related genes may be performed after transcriptome integration, analysis, and
validation of the current reconstructed brain model. It was not desirable in the course of this
thesis due to enhanced computer load and complexity of addition and connection of dead-
end metabolites. Weighted gene expression transcriptome analysis can result in more
accurate fluxes such as Integrative Network Inference for Tissues (INIT) algorithm. Also,
the integration of dopamine D2 receptor occupancy information can be performed through

this weighted gene expression transcriptome analysis algorithm.
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