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Non-linear regression models are common modelling methods. These are used in
medical image processing and in extracting information that could be otherwise hard
to extract. In PET-imaging blood flow can be measured with high accuracy when
using radiowater as a tracer. Commonly time activity curves (TAC) and Arterial
input functions (AIF) are measured. To extract information from this data, it is
common practice to use different compartment models.

In this thesis exponential non-linear regression model (NAIST) that PET-Centre
had received in collaboration was further developed. This version of the model
was also done for one TAC and AIF set, and it was further developed to work
dynamically for large data. This model was explored further by developing another
model, NASTα, that used the same exponential modelling part but had different
parameter optimization decisions. PET-Centre had existing compartmental models
built in TPClib that were used to evaluate how well the models eventually ended
up working. The model used for measuring myocardial blood flow was called fitmbf,
and the other model that measured blood flow in tissue perfusion fit_h2o.

The models were evaluated using Pearson correlation coefficient. The optimized
parameters were: blood flow, Va, K1, k2, vd, and α. NAIST had high to moderate
correlation in flow from 0.57 to 0.92 in perfusions of 0.5-4 [ml/min/g] compared to
fit_h2o. NASTα model had high to moderate correlation for flow from 0.59 to 0.99
in perfusion values of 1-3 [ml/min/g]. Both the NAIST and NASTα models had
high correlation over 0.9 or near in normal ranges of perfusion for Va. With NASTα
α had high correlation in perfusion of 0.5-3 [ml/min/g] and lower correlation with
higher perfusion. For vd in NAIST the correlation was over or near 0.9 for perfusions
in range 0.5 to 6 [ml/min/g]. In NASTα vd had correlation values over 0.8 in low
perfusions from 0.5 to 2 [ml/min/g].

Patient outcomes are examined based on whether the model results cluster at the
same values across patients. Some of the values did group but the models need more
tuning to be able to perform with real patient data.

Keywords: Simulation, non-linear Regression, Model, Automation, PET, AIF, TAC,
MBF, Va, Perfusion, Blood flow
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Epälineaariset regressiomallit ovat yleisiä mallinnusmenetelmiä. Näitä käytetään
lääketieteellisessä kuvankäsittelyssä ja sellaisen tiedon poimimisessa, jota muuten
olisi vaikea saada. PET-kuvantamisessa verenvirtausta voidaan mitata suurella
tarkkuudella käyttämällä merkkiaineena radiovettä. Yleensä mitataan aika-
aktiivisuuskäyriä (TAC) ja valtimoiden sisääntulofunktioita (AIF). Näistä tiedon
poimimiseksi on yleistä käyttää erilaisia lokeromalleja.

Tässä opinnäytetyössä jatko kehitettiin PET-keskuksen yhteistyössä saamaa ekspo-
nentiaalista epälineaarista regressiomallia (NAIST). Tämä versio mallista oli tehty
yhdelle TAC- ja AIF-joukolle, ja sitä jatko kehitettiin toimimaan dynaamisesti su-
urten tietomäärien kanssa. Tätä mallia kehitettiin edelleen luomalla toinen malli,
NASTα, joka käytti samaa eksponentiaalista mallinnusosaa, mutta jolla oli erilaiset
parametrien optimointimenetelmät. PET-keskuksella oli TPClib-lokeromalleja,
joita käytettiin arvioimaan, kuinka hyvin uudet mallit lopulta toimivat. Sydänli-
haksen verenvirtauksen mittaamiseen käytettyä mallia kutsuttiin fitmbf:ksi ja toista
mallia, joka mittasi verenvirtausta kudosperfuusiossa fit_h2o:ksi.

Malleja arvioitiin Pearsonin korrelaatiokertoimella. Optimoidut parametrit olivat:
verenvirtaus, Va, K1, k2, vd ja α. NAIST:n virtauskorrelaatio oli korkea tai ko-
htalainen välillä 0,57–0,92 perfuusioissa 0,5–4 [ml/min/g] verrattuna fit_h2o:hon.
NASTα-mallin virtauskorrelaatio oli korkea tai kohtalainen välillä 0,59–0,99 perfuu-
sioarvoilla 1–3 [ml/min/g]. Sekä NAIST- että NASTα-malleilla oli korkea korrelaa-
tio, yli 0,9 tai lähellä, normaalilla perfuusioalueella Va:lle. NASTα:n tapauksessa
α:lla oli korkea korrelaatio perfuusiossa 0,5–3 [ml/min/g], ja matalampi korrelaatio
korkeamman perfuusion yhteydessä. NAIST:n vd:n korrelaatio oli yli 0,9 tai lähellä
sitä, perfuusio väleillä 0,5-6 [ml/min/g]. NASTα-tutkimuksessa vd:n korrelaatioar-
vot olivat yli 0,8 matalilla perfuusioilla välillä 0,5–2 [ml/min/g].

Potilastuloksia tarkastellaan sen perusteella, onko mallien tulokset ryhmittyneet
samoihin arvoihin potilaittain. Jotkin arvot ryhmittyivät, mutta mallit tarvitse-
vat lisää hienosäätöä, jotta ne voivat toimia oikean potilas datan kanssa.

Avainsanat: Simulointi, epälineaarinen regressio, malli, automaatio, PET, AIF,
TAC, MBF, Va, perfuusio, verenkierto
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Introduction

This thesis goes over the basics of radiation physics with more detailed explanation

on positron emission tomography (PET) and how it is used to gather data that can

be used in the medical field to study and diagnose multiple different diseases. In this

thesis, focus is on coronary artery disease (CAD), the world’s leading cause of mor-

tality, and its common cause myocardial ischemia. Before going to the actual thesis

explanation some common modeling methods are explained, as they are commonly

used in medical fields to study different diseases. In the last section the whole study

and its parts are gone over in detail. There were two different models that were com-

pared with two existing models. Before this could be done, the code was obtained

from from a collaborator needed to be changed as it did not work in the beginning.

So the work started with fixing the first code for the model, creating another model

with alpha (α) parameter, simulating data with the already existing program from

TPClib, creating the BASH code to run the TPClib programs used in simulation

and modeling to create the evaluation methods for all the modeling results. In the

end all these models were run again using a small sample of ten patient’s to compare

how they performed to see how they worked compared. Our study focuses on de-

veloping evaluation models for myocardial blood flow and possible other parameters

commonly associated explaining normal or abnormal the myocardium behaviour.
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1 Theory

This section starts with an overview of fundamental physics concepts relevant to

medical imaging. It provides a brief introduction to the cardiovascular system com-

bined with an overview of some common diseases. Finally are the commonly used

modeling methods before moving to the actual materials and methods in the next

section.

1.1 Physics behind imaging

In this starting section the basics of radiation physics are covered. Understanding

of the underlying physical principles is essential to this thesis, as PET-imaging is

based on radiation physics. To understand how the patient data is collected in the

PET-imaging, basic theory of radiation physics is in place.

Radiation can be particle-like and electromagnetic radiation. During the 17th

Century, Isaac Newton believed that photons, which are electromagnetic radiation,

exhibit particle properties. Where Christiaan Huygen believed that photons showed

wave-like properties. Both were partially right, as quantum mechanics has proven,

photons, which are massless, as well as electrons and other particles that have mass,

exhibit both wave and particle properties. First, it was proved for photons by Albert

Einstein with his theory of photoelectric effect. In 1924 Louis De Broglie found that

normal matter exhibits both wave and particle properties, when the phenomena got

a name of wave-particle duality. From these findings quantum mechanics got its

beginning by Werner Heisenberg, Erwin Schrödinger and Paul Dirac. Dirac con-

tinued the research during 1928 and had a theory, electrons have opposite particles

that have a positive charge and same mass. Some years later in 1932 Carl Ander-

son started calling it positron, when it was observed in cosmic radiation when an

electron-positron pair was formed. [1] These findings inspired some of the new dis-

coveries in physics that almost everyone knows. One of these findings was Einstein’s
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famous Eq. 1 for special relativity.

E = mc2 (1)

Here the energy (E) of a particle is defined by the mass (m) of a particle and the

speed (c) squared. Without these findings PET-imaging wouldn’t be possible. In

PET, particles are accelerated in the hospital settings to study and diagnose different

diseases and their detection is mainly based in physics. [2]

1.1.1 Radiation physics

The actual physics behind radiation is highly connected to chemistry, and these two

depend on each other. The atom’s properties define how it interacts and behaves

in the universe. Atoms are tiny particles that are built from electrons (-), protons

(Z) and neutrons (N). The number of Z in the atom defines the atomic number

of the atom and A = Z + N defines the atomic mass number. The amount of Z

defines what type of element is in question, and this element has the equal number of

electrons. The amount of N defines what isotope of a specific element is in question.

But only certain combinations can be stable. These atoms can group up together

with same or different atoms creating molecules.[2] [3]

There are several types of radiation, and we are taking a closer look at elec-

tromagnetic radiation and particulate radiation. Radioactivity is created when an

unstable nucleus starts to lose its energy, creating new elements. So, in this decay a

new nuclide is produced. When this decay happens it can exist as an electromagnetic

wave or as a particulate that has kinetic energy, these two still have both properties,

but this is the way they are categorized. What kind of decay happens depends on

what particulate is decaying. Electromagnetic radiation is commonly visualized and

most easily understood as a spectrum where in the longer wavelength of radiation

are things like radio, microwave, infrared and visible light. On the other end of

the spectrum the wavelength gets decreasingly smaller. These smaller wavelength
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radiations include ultraviolet X-ray and gamma-rays (γ). These different types of

radiation have different features that affect the surrounding differently, they have a

feature of not ionizing or ionizing. The non-ionizing radiation means that the radi-

ation has low energy, small frequency and large wavelength. This type of radiation

is generally harmless because it is unable to produce charged ions. It can excite

electrons to a higher state, but this will not alter the atom permanently. However

ionizing radiation has high energy, high frequency and small wavelength. This large

amount of energy gives the radiation the possibility to remove the outer electrons

from atoms, making modifications to them, and in the worst case alter the cell DNA

if the dose is too high or there is too frequent exposure, eventually going over a safety

limit. From electromagnetic radiation this kind of ionizing radiation is X-rays and

γ-rays. Every different type of electromagnetic radiation has different wavelength

(λ), frequency (f) and speed (c) and they can be solved when one is known using

Eq. 2 as speed of light is a known constant.

c = λf (2)

As radiation has energy, the amount of energy defines how long the matter can move

and whether it can ionize matter or not. There are differently charged particles that

are also radiating, but there are also neutral particles. These kinds of particles are

the ones mentioned previously γ, X-ray as well as neutrons that are inside the atom,

meaning these are not charged. Neutrons are capable of creating charged particles

through interaction with matter. These particles are then called secondary charged

particles. These charged particles are normal electrons and protons that continue

to interact with the medium.[2]

In particular, radiation belongs to charged particles such as α and β particles.

In addition to having ionizing and non-ionizing radiation categories, the effects can

be further divided into deterministic and stochastic. Deterministic means detection
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of cellular death. In this case a threshold has been crossed and damage occurred.

Stochastic means that there is a change in the mutations of the genes increasing the

change in cancer. Stochastic doesn’t have a strict threshold and is more connected

to cumulative dosages. [4] The reason these high energy, short wavelength radiations

can go through different materials is due to the properties of wave particle duality.

What this means is that an electron can pass certain points of space as a particle

and certain points as a wave. If it could exhibit only one type, i.e. being only a

particle, the electron would not be able to pass through certain areas. [5] There are

two ways radiation can be created, artificially and by natural isotopes. Artificially

created radiation uses machines like the X-ray machine and accelerators, where the

energy is received from voltage. Isotopes, on the other hand, get their energy from

their original property, nuclear decay. However, these isotopes can also be artificially

made using nuclear reactors or accelerators. Radioactive substances have an activity

that can change in time and can be calculated using the Eq. 3.

A(t) = |dN
dt

| = λN(t). (3)

where N is the number of neutrons. With the following Eq. 4, the activity in a

certain time for the mother nucleus can be calculated.

Ap = Ap(0)e
−λpt. (4)

Here Ap(0) is the activity that the nucleus has in the beginning and λp is the decay

constant. When the isotope decays, it decays to the stable daughter nucleus D. From

this we can see that as time goes by the amount of radiation decreases. When it

comes to radioactivity it is connected to a term half-life that, as the name indicates,

measures how long it will take for the number of radioactive nuclei to be half from

the original it presented in the beginning. This can be represented by Eq. 5.

t 1
2
=

ln(2)

λ
. (5)



5

In theory, it never reaches zero, but eventually it reaches such a small value that it

can be considered as such. [2] [6]

1.1.2 Radiation interaction with matter

In the earlier subsection, the different types of radiation were explained. These

different types of radiation have different abilities and energies. Because of this they

also interact with matter differently, which is depending on the type of medium it

is interacting with. They can interact with excitation where the electron in the

orbital shells rises to a higher orbital shell in the atom. This is not permanent

and the electron will go back to its original shell in time and happens when non-

ionizing radiation interacts with matter. But with ionization there is more energy

and, when the energy is high enough, it can remove the electron from the atom’s

orbit completely. After the electron is removed, it can go further and ionize or

excite electrons from other atoms if they are still carrying enough energy. When

all the energy is used, the electron will come to rest. Energy is affecting how far

the particles move but also their mass, charge and kinetic energy affect this. On

top of these the medium they move in affects the distance, as the medium can have

different features, i.e. the density of the matter defines how many collisions are

possible. In air there are less atoms to collide with, and in denser matter there

are more. Meaning the possibility for collisions are higher and the distance it can

move is shorter. So the particles possible maximum moving distance depends on the

properties of the matter as well as the particles.[7] [2]

Linear energy transfer (LET) is used to describe the amount of energy which will

be absorbed when the particle is moving in the medium. The radiation propagates

in a straight trajectory until it undergoes interactions with atoms. As mentioned

earlier there are multiple different kinds of ionizing radiation. These are α, β that

are particulate radiation and γ and X-ray that are electromagnetic radiation. With
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each of these radiations they have different types of features. Particulate radiation α

has a high mass and it is known to be a densely ionizing. The α particle is like helium

nuclei having the mass of 4 and positive charge of 2. As the mass of α particle is large

the ionization is higher than the smaller particles or electromagnetic radiations. The

good thing is that regardless of the high ionization energy all of it will be used in a

short distance, in just a couple of centimetres in the air or faced with a thin layer

of paper. The other particulate radiation β has a way smaller mass then α particle

and they need thicker medium to lose their energy. The ionizing electromagnetic

radiation, X-ray and γ rays also known as photons, are not as easily absorbed in

the medium. The γ-ray have a small wavelength, while having the highest energy

in the electromagnetic wave spectrum.

They interact with matter by three different mechanisms called photoelectric

absorption, Compton scattering and pair production. The interaction type depends

on the amount of energy these photons have. Most commonly in nuclear medicine

photoelectric effect and Compton scattering are used to detect the photons. In the

photoelectric effect when these photons interact with the medium it collides with

the electron, giving all its energy, making the electron leave from the atom’s shells.

In this case ionization happens. In Compton scattering some of the energy from

the photon will be transferred to the electron it interacts with, that is in the outer

shell. These electrons have less energy than the inner shell electrons so they will be

easier to eject from the atom. After the collision the photon scatters having lower

energy, different direction and different wavelength. When the scattering happens

the photons energy changes, as follows in the Eq. 6.

Es =
E

1 + E
m0c2

(1− cosθ)
. (6)

Here the E is energy of incident photon, m0 rest mass energy of the electron, c speed

of light and θ the scattering angle. It is possible that due to the scattering the photon
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loses its energy before reaching the detector. One of the problems with scattering is

that it can cost the contrast of the images. Compton scattering increases the number

of detections and can cause errors and biases. This may cause photons to reach the

detector at a different angle than was predicted. It is also possible that both photons

will undergo scattering, as well that many photons simultaneously scatter. When

this happens, the detected photons might be considered as random events. In the

pair production, the energy carried by the photon can create a positron electron

pair. For pair production to happen a minimum amount of energy of 1.02 MeV is

needed but the energies can get higher than this. [4] [8] [9]

1.2 Positron emission tomography (PET) imaging

In this section the basic working principles of PET-imaging are covered. As in the

earlier section, radiations and their interaction with matter are discussed. Next will

be explained how radiation is used in PET-imaging and how the information can be

used in the medical field. To start the imaging process a radio tracer is given to the

patient. The tracers used are selected so that they annihilate almost immediately

when they collide with electrons in the body [10]. What tracers are commonly used

and what kind of features they have, will be discussed in more detail in later sections.

A positron is the antiparticle of an electron, meaning it has the same mass but

opposite charge, an electron having a negative charge and positron positive charge.

When a positron collides with an electron a positronium is created. This is a short-

lived particle that will be annihilated. This annihilation releases a standard amount

of energy of 511 keV and two photons that are emitted on opposite sides from

each other. This is called the line of response (LOR). This simultaneous emission

is used in detecting and localizing where the emission has taken place and it is

called a true coincidence. When simultaneous detection happens also small change

of 4-12 ns is accepted for the coincidence to be considered simultaneous. This is a
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simplified version of what happens, in reality multiple similar events happen around

the area of imaging. So, localizing the correct pairs of emission is its own challenge.

To add to this there can also be false detections, randoms. This happens when

simultaneously with photon detection another photon is detected but not on the

opposing side, but rather off from the LOR. This is an important part of detecting

what detections are from the same locations as these need to be filtered away to have

better image quality. Also scattering can happen. Here the annihilated photons are

scattered from the original LOR and reach the detector off from the LOR. [11] [12]

To detect all these photons the PET scanner is designed so that a ring of detectors

are aligned next to each other. In each detector are scintillation crystals that are

aligned in an array having little to no space between each crystal. This is done to

ensure good contrast for the images. Then these detector rings are stacked next

to each other to ensure a wider area to collect photons and ensure wider coverage.

These crystals are critical, as they absorb these emitted photons, which create a

flash from the energy, and this flash is then absorbed by photo sensors. These are

behind the crystal, and turn the detections into an electronic signal. As mentioned

earlier with the real detections, randoms and scatters, there are ways of fixing these,

but they do cost the image resolution. In the modern 3D and 4D time of flight

(TOF) PET-imaging a high sensitivity image with good resolution can be achieved,

meaning the signal-to-noise-ratio (SNR) is better. The version of 4D-PET includes

the three spatial dimensions (3D), width, depth and height plus the dimension of

time. In TOF the measurement from the annihilation to the detector is measured.

It also uses probabilities that detect the most probable possible location for where

the annihilation has happened. Older methods used non-TOF which has the same

probability all around the LOR and is not as accurate as finding the origin of the

annihilation event. [13] [14] [12] [10] [15]
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1.2.1 Image and data acquiring

Now that the basics of how the actual physics behind the detection is covered, it is

possible to focus on how the collected data is processed to acquire static or dynamic

images (during a longer time period where many images are taken, producing a

video also known as 4D). From dynamic imaging more parameters can be detected

such as blood flow that in our case will be one of the parameters of interest. To be

able to create images, the raw data must be processed and eventually reconstructed.

There are two types used to create the parametric images. First one uses sinograms

or list mode data. The list mode data is fitted to time frames. From these sinogram

is extracted. It is also possible to record the data straight as sinograms. Sinogram

is connected to LOR as when multiple LOR lines are connected one sinogram is

created. For one sinogram the parallel LORs are presented. Sinogram is half of a

sine wave that is presented sideways. The more there is LOR lines the more there is

sine waves that are in the same sinogram. The advantage of the sinograms is that

it takes less space when the data is stored this way. Sinograms can also be done for

2D and 3D images. To reduce even more space, michelogram can be used, which

merges multiple sinograms together. In the images it is quite common to have a

high noise that is caused by the limited counting statistics. The sensitivity on the

other hand has been increasing in the newer machines. [14] [11]

1.2.2 Time activity curves and Region of interests

This subsection provides a more detailed explanation of how images and data are

processed following acquisition in order to enable their subsequent use. Time activity

curves (TAC) and Region of Interests (ROI’s) are an important part of the actual

study part of this thesis. So, understanding the way they work and what kind of

information they can give is needed. TAC’s are commonly measured for specific

ROI, commonly left ventricle (LV) or left atrium. To get TAC’s this curve can be



10

obtained from dynamic PET-imaging. As explained earlier, noise and statistical

changes can affect the curve when having real patient data. It is also possible

that the curve can get affected by spillover, which means the radioactivity leaks to

another ROI affecting the overall radioactivity level detected in that specific ROI.

From the TAC’s it is possible to create dynamic compartment models. Also, arterial

input function (AIF) is used to measure the activity in blood. This is done during

imaging. The subject of compartment models is explained in more detail in section

3.1.1. TAC’s can be used to extract information from the measures. Commonly

different parameters can be extracted like blood flow, tissue fraction and arterial

blood volume, that can give indication on whether the patient might need medical

help to prevent severe diseases that can lead to severe consequences. [16][17] [18]

1.2.3 Tracers

In PET-imaging a radio tracer is used in studying a specific disease. For this com-

mon way is to use radioactive radionuclides that interact with matter. These tracers

are called radiopharmaceuticals. The radionuclides used are produced by using a

cyclotron system. Cyclotron bombards targets using charged particles where the nu-

clei will be neutron deficient. Common subjects for using radionuclides are cancers,

myocardial ischemia and CAD. [19] [2] The most widely used tracers for perfusion

studies are [2-18F]FDG (18F-flurpiridaz), H2
15O (radiowater), 15O ( carbon monox-

ide), 13N-ammonia and 82Rb (Rubidium-82). [12] In this study radiowater is the

tracer of interest as it is used in the models in PET-centre. There are many other

tracers in addition to these tracers. Many new tracers are constantly being tested

and produced, so the field is constantly developing also in the radiopharmaceuticals

side as well as the other equipment’s. Next taking a closer look at radiowater how

it behaves and why it is a good tracer. [19]



11

1.2.4 The radioactive water H2
15O as a tracer

To better understand why the radiowater is the tracer of interest, some of the features

of it outshines the other tracers. In myocardial tissue radiowater has the extraction

fraction of 1. This makes it possible to measure the perfusion directly. But when it

comes to the Rubidium-82 and 13N-ammonia they are also dependable on their own

metabolism as well as perfusion, and they have more limited extraction fraction then

what radiowater has. Different tracers have different half-life as well as maximum

positron energies. They can also differ with the ways they are produced as well

as how they are absorbed in the body. In example 13N-ammonia and radiowater

H2
15O are produced using a cyclotron whereas 82Rb is produced using a generator.

[20] [19] Radiowater is a tracer commonly used in non-invasive PET-imaging studies

and clinically. Its half life is 2.2 minutes which is relatively short as only Rb-82

has a lower half life with 1.25 minutes. The average positron energy of a O-15

radionuclide is 0.72 MeV; maximum energy is 1.74 MeV and the maximum range in

tissue is 8.4mm. O-15 radionuclide has one of the highest average positron energies

released. [12] [19]

To be able to study diseases like CAD and myocardial ischemia commonly my-

ocardial perfusion imaging is used. With high contrast it can be possible to detect

the disease earlier and therefore, to treat the problems before it gets irreversible. If

the functioning of LV is disturbed it can affect the other functions radically as LV

is responsible for moving the oxidised blood everywhere in the body. [21]
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1.3 Cardiovascular system, diseases and diagnosis via PET

imaging

The highest mortality causes in modern times are linked to the diseases of the my-

ocardium and the coronary artery. When small problematic changes build up, they

can have devastating effects all around the body. Myocardium and the vascular

system create the oxygen cycling system. The blood vascular system is a closed

system, which creates a certain range of pressure in a rest state. But when the body

needs more oxygen, i.e. in a stress state, heart rate gets elevated and pressure in

the vascular system increases. In a healthy individual, this pressure shift is normal

phenomena, but with a patient that has a blockage in the arteries, the pressure is

inevitably higher and can lead to dangerously high pressures that can have devastat-

ing outcomes. [22] [23] The following sections will go over the critical information to

understand the basics of the myocardial functions, blood flow and their importance

for heart health. Also, the disease explanation of CAD and myocardial ischemia are

explained, as these are the most common causes for problems in circulatory systems

in the myocardium.

1.3.1 Cardiovascular systems functions

Oxygen is essential for normal physiological function. In its absence, the brain and

other vital organs sustain damage, and prolonged oxygen deprivation ultimately

results in death. Our heart has an important job, for delivering oxygen rich blood

to all around our body, so that our muscles and cells can function. Oxygen demands

change in time depending on what the body currently needs. The myocardial muscle

is more easily prone to damage then the other parts of the body, as it contains very

limited glycogen stocks and its metabolism is mostly aerobic. Meaning that the

energy function needs to be constantly on going to ensure there is no damage caused

to the heart. [23] [24]
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1.3.2 Myocardial blood flow (MBF)

PET is the leading imaging method used in myocardial blood flow measuring. My-

ocardial perfusion imaging (MPI) using PET has outstanding accuracy in diagnostics

compared to other methods. Myocardial segments with myocardial blood flow of ≈

2.3 mL/min/g or less during stress measurements can indicate abnormal flow values.

Myocardial blood flow is an important measurement on defining certain diseases like

CAD and myocardial ischemia. Disturbances in the blood flow can mean there is a

problem in the coronary artery. If there is an abnormal blockage in the coronary ar-

teries, this will cause narrowing, which causes the blood flow to be disturbed causing

higher pressures and stress for the arteries. Aortic pressure is also known as parietal

stress (PS), and according to Laplace, it is directly proportional to the pressure (P)

in the cavitaries and the radius (r) and inversely related to parietal thickness (2h).

This can be reviewed from Eq. 7.

PS =
P · r
2h

. (7)

From this one can see how the change in the radius caused by plaque build up can

increase the pressure and obstruct the blood flow. [23] [24] [25]

To study the myocardial blood flow, it is common to use imaging for rest and

stress perfusion. Depending on the tracer, different methods are used. In the case

of radiowater and its short decay time, a pharmacological stress test is used, where

a substance is used to increase the blood flow. A common substance to increase the

heart rate that causes increase in the blood flow is adenosine triphosphate (ATP).

This is done as it can be hard to detect the reduction of blood flow only measuring

the rest state as the range of what is considered normal can vary greatly depending

on the patient’s sex and age. A key aspect is that estrogen has been found having

protective effects on the micro vascular system in the coronary arteries. This also

influences the stress perfusion values. When the stress is chemically induced it is

easier for the physicians to notice whether the myocardium has a reduced blood flow
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or not. Commonly in the stress state a value under 2.3 [ml/min/g] is considered

reduced blood flow. To sufficiently deliver oxygen in a stress state the blood flow

should be higher. Reduced blood flow value shows there is an obstruction in the

vessels. [26] [27] [28]

1.4 Heart failure and its most common causes

The most common causes for HF are CAD and myocardial ischemia. HF causes most

of the hospitalizations worldwide, while it is daily also affecting approximately 30

million people. HF happens when there are structural and/or functional abnormali-

ties in the myocardium. These abnormalities can lead to defects of the myocardium

which can further cause problems in the filling and ejection of the myocardium cham-

bers. One of the most common causes of HF is the reduced ventricular myocardium

function, which causes insufficient blood supply. There can be different kinds of HF

types, i.e. HF with preserved and reduced ejection fractions. Changes in pathogenic

mechanisms associated with HF can be caused by increased hemodynamic overload,

meaning there is a high possibility of acute HF and injury in the myocardial muscle.

If the disease has developed to acute HF it is severely life-threatening. HF can be

caused also by more severe causes like myocardial ischemia because it can lead to

necrosis in the myocytes. This will lead to lower coronary perfusion which can result

in severe global ischemic myocardial injury. [29] [30] [24]

Over half of the cases of the hospitalized patients with HF are diagnosed with

underlying CAD and in North America and Europe finding of myocardial ischemia

has the same diagnosing frequency. If the case of CAD has developed to myocardial

ischemia and if the ischemia hasn’t caused any necrosis, it might be possible to treat

it to avoid occurrence of the HF or necrosis to develop. [24] [31]
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1.4.1 Atherosclerosis

Atherosclerosis will be next explained, as it provides essential background for under-

standing CAD and myocardial ischemia. Atherosclerotic disease causes most of the

strokes and myocardial infarctions in developed countries. As a disease atheroscle-

rosis is not a new one, it has been met over 4000 years ago. Some of the youngest

patients noticed to have lesions are infants, making it partly related to genetics. It

is not quite sure whether these lesions from a young age mean they will be affecting

the individual in adulthood. But the number of cases has increased that do affect

patients. Whereas these are mainly a result of living habits of a modern human and

developed countries where habits have gotten more sedentary, following a worsened

diet, having higher rates of type two diabetes as well as higher rates of smoking and

drinking combined with high stress environments.

Arteriolosclerosis is a type of atherosclerosis where the walls of small arteries

stiffen and get narrowed. This can happen in the elastic arteries, specifically in the

aorta and in coronary arteries. It is quite common that when the disease appears in

the patient’s arteries, it is not spread out evenly. Rather it affects certain areas that

are more prone to stress and other factors. It is also quite common to find lesions

that are in different stages. In a case where the blockage is chronic or worsening,

when the myocardium is contracting the blood flow is increasingly reduced.[28] [32]

1.4.2 Coronary artery disease (CAD)

CAD is caused by the atherosclerosis that has caused narrowing in the coronary

arteries [33]. There are two types of CAD, obstructive and non-obstructive. The

differences with these two are that non-obstructive is mainly caused by different

chronic syndromes affecting the blood flow or myocardium and not obstruction from

lipids and inflammation. Non-obstructive CAD won’t lead to fatalities with the same

rates as obstructive CAD. Here we are focusing more on the latter. [34]
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CAD is one of the leading causes for stenosis in the arteries. If CAD goes

unnoticed, it can cause problems in the oxygen extraction. And as mentioned earlier

in the worst-case scenario it can cause myocardial ischemia which can cause necrosis

from the lack of oxygen. It is especially deadly for patients over 35. CAD is also

associated with chronic inflammation and if CAD is not treated it is highly possible

the problems in the micro vascular system will get worse as well as the atherosclerosis

will become more advanced, leading to increasingly decreasing MBF values. [28] [26]

[27]

1.4.3 Myocardial ischemia

As mentioned earlier the myocardium is highly dependable from high oxygen deliv-

ery through blood flow. If the oxygen delivery is unbalanced, it can lead to severe

complications like necrosis of the muscle. The problem with ischemia is that most

of the time the disease has advanced so far that the damage is irreversible as dys-

function in cardiac functions has occurred. [30] [35]

The narrowed arteries cause the increase in the LV filling pressure as explained

in the earlier sections. Also, when the walls of LV are thickened there is an even

higher chance of ischemia and is commonly combined with increased pressure. This

increased pressure causes myocytes to stretch which will cause even more problems

in the arteries. Eventually when this will result in an ischemic heart, troponin will

be released. When the muscular layer is exposed to the higher level of myocardial

pressure, the possibility of necrosis caused by ischemia is even more elevated. In

the case of HF, which will lead to ischemic injury, the pressure in the ventricular

has risen so high that myocardium’s capability to keep the cardiac output normal

is compromised resulting in a reduced output. [24] The problem with myocardial

ischemia is that it is a self-propagating process, making the prognosis poor. Also, if

myocardial ischemia is found there is a possibility of finding necrosis. [24] [31]
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Figure 1. Polar map made with CARIMAS software used in PET-imaging studies
and diagnosing methods. This polar map is divided using 3-segments. [39]

1.4.4 How Ischemia and CAD are diagnosed using PET

It is common to use PET-imaging combined with radiowater H15
2 O to diagnose

ischemia and CAD. It is a non-invasive way of assessing the myocardial blood flow

values. Like discussed earlier other tracers can be used, but radiowater has some

advantages. In the PET imaging of myocardium, the flow is measured in the whole

coronary artery network, meaning the larger and smaller vessels are both included.

To diagnose CAD 17-segment polar maps can be analysed scoring each segment

from 0-4. Where 0 means normal perfusion and 4 absent perfusion. Then the sum

of all the segments is used to see whether results are normal or severely abnormal.

In normal cases the sum stays under 4 and the other abnormal ranges are 4-8,9-13

and lastly the severely abnormal where the sum is higher than 13. [36] [37] [38]

PET imaging can quantify the MBF and myocardial flow reserve. As these values

can be retrieved separately it can help diagnosing CAD with higher accuracy. As

the cut off values are not strict it is important to follow the MBF values during
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rest and stress and see how they are changing. Pharmacological enhanced stress has

similar sensitivity and specificity as exercise tests. When the images are analysed, a

17-segment model of the LV is created. From this image myocardial ischemia can be

detected by comparing the rest and stress images, in the different segments. Polar

map shows using different colors what is the perfusion value in a specific area. If the

value is lower than it should, this can indicate myocardial ischemia finding. Ischemia

is defined by perfusion of at least 2 adjacent myocardial segments with blood flow

of 2.3 [ml/min/g] or less. This cutoff is not strict, and signs of ischemia can appear

in higher MBF levels as well. In Figure 1 we can see a polar map divided into

3-segments. [39] The detection of CAD is primarily related to the measured values

of blood flow. Values for MBF without significant CAD in rest are 1.00 ± 0.25

[ml/min/g] and for stress 3.26 ±1.04 [ml/min/g], these values are from radiowater

PET [40]. In ischemia the stress value is under 2.3 [ml/min/g]. [25] [26] [28] [41]
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1.5 Use of models as tools for analysis of PET studies

Using models is a common practice to study and test hypotheses before possible

implementations. In medical fields it is common to model different scenarios, as not

every patient’s data can be used in studies, not enough data is available or other

parameters need to be extracted that otherwise would not be possible. Being able to

retrieve more information using just a small amount of data or to generate more of

it can be beneficial to better understand different scenarios. In the coming sections

dynamic modelling is explained. For compartment modelling commonly a dynamic

model is used. To optimize parameters with the models different methods can be

used. [42] [43] In the following sections a quick look on the basics behind different

modeling methods and where they are derived from is explained, as some of these

methods are used in the study.

1.5.1 Modelling of the MBF

Kinetic models are used to determine rate constants which describe the biological

function of the measured PET signal from the TACs. The radioactivity in the tissue

depends on the tissues metabolism as well as from AIF which is the concentration

of radioactivity in the arterial blood over time. The model tries to explain the

functionality of the tissue determined by the parameters. The model’s purpose is

to describe the kinetics. To define the model parameters, a simulated TAC can be

fitted to the actual data and the parameters predicted. When creating a model

it needs to be validated in some ways as well as defining when the model is good

enough and when it is in need of further development. Making a model having

perfect accuracy is not something that is necessary and commonly using a simpler

model will do just fine. [44]
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1.5.2 Compartmental modeling

For every compartment model the prediction of the rate constants (kn) is one of

the main goals. There are different sizes of compartment models. They normally

are notated as (C1,C2,...,Cn). The model works by following the change in the

movements of the tracer molecules. For PET the larger compartment models are

not needed. Depending on the size of the compartment model a different amount of

rate constants are produced. For the smaller ones commonly one to six constants

are used and they are marked as K1,k2,...,k6. Once the rate constant is determined,

it can be used to determine physiological parameters. Obtaining these parameters

is usually the goal of modelling methods using tissue radioactivity measurements.

I.e. The constant of blood flow is the one depicting the transfer from arterial blood

to the tissue compartment. [44]

1.6 Model fitting methods

In modelling different models are used, depending on what kind of problem is in

question. Simpler models can be used for simple problems as more complex models

could over fit. It is good to note that using a complex model for a simple task

might work well for the given data but causes problems when trying to generalize to

different data. Some of these models that are used belong to the type of regression

models. There are multiple different kinds of regression models, such as linear,

exponential, logistic, polynomial, ridge and lasso regressions. [42] Linear regression

is an example of a simple regression model. There are also different ways to execute

it. The simplest example of linear regression model is such where the function of the

model includes a single regressor x and this has a relation to a y creating a straight

line. This straight line is the result from the linearity of the function. This simple

linear regression can be more easily understood from the Eq. 8.

µ = β0 + β1x+ ϵ. (8)
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Where the β0 is intercept and β1 slope and they are unknown constants that are

commonly called as regression coefficients. There can be multiple slope constants in

the function. Whereas the ϵ is a random error component. There are also other linear

regression models like multiple linear regression models as well as weighted linear

regression models. In the weighted model prior weights are used wi. Commonly

matrix presentation is used to simplify the math. Due this the X in Eq. 9, becomes

model matrix X = [x0,x1,...,xn] including the other regressor.

µ = βX. (9)

And the µ= E[y] leading to Eq. 10:

var[y] = W−1σ2. (10)

Where the W−1 is prior weights that are represented as the n x n identity matrix In

where the n represents the size of the matrix. The linearity of the model comes from

when the quantitative explanatory is linear. [43] [45] Next closer look is taken in the

non-linear regression model where polynomial, logistic and exponential regression

belong. A closer look of the exponential regression model is taken as that is the

type used in the study itself.

1.6.1 Non-linear Regression models

The solutions used in compartmental modelling are commonly non-linear as the

number of parameters is larger and the connections between the system are defined

by non-linear functions. The regression model tries to find the most optimal pa-

rameters that minimizes the loss function and will help to achieve more accurate

modelling. Non-linear regression models are also considered as a machine learning

algorithm. This is due to the fact they are made to make predictions from complex

relationships that the variables represent, and these predictions are depending non-

linearly from the unknown parameters. Common non-linear regression functions
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are exponential decay, growth function and the rational function. The exponential

function is represented in Eq. 11.

f(x,θ) = θ1exp(−θ2x). (11)

Here θ is the parameter vector and x is the predicted variable. This function

should also satisfy the first order differential equation. It can also be that the

exponential function is a higher-order function when the differential equation as

well will be in higher-order.[44] [46] [47]

1.6.2 Optimizers used for parameter optimization

During the parameter optimization the goal is to find the best fit. This is done by

minimizing the optimization function that is used. For the optimization function

to work initial guesses, input values are needed, and these can affect how well the

model works. These guesses are used and furthermore modified during each step.

This modification makes the algorithm iterative, and in each epoch the parame-

ters are updated. While this goes on the optimizer function gets a smaller value.

Eventually the optimization will converge, resulting in the changes being minimal

to non-existing. When the loss function is small enough the optimized parameters

are then furthermore saved as output values and returned to be used. The loss func-

tion basically compares the created function between the original and reports the

difference between the original data and generated data. So, the optimizers point

is trying to minimize the loss function to find the optimal parameters, by finding

the global minimum. Different optimizers and different loss functions can be used

in different problems. The optimization of loss functions is one of the key concepts

in machine learning.

For the sake of the study a quick look is taken on the optimizing algorithm

adaptive moment estimation also known as ADAM. ADAM is from 2015 and was

created by D. Kingma and J. Ba and it uses adaptive learning rates for each pa-
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rameter. This is different from the standard stochastic gradient descent (SGD) that

only uses one learning rate for all samples. In the stochastic gradient descent, the

weights are updated by each sample instead of the whole data which the standard

gradient descent does.[44] [46]

1.7 Simulations and models in diagnosing CAD and ischemia

In PET studies it is common to use compartmental modelling to fit tissue curves as

well as to analyse dynamic PET data. For this the input function in plasma is used.

The simplest compartment model used in PET studies is the 1 tissue compartment

model. In this model there are two rate constants K1 and k2. The tissue TAC is used

to model tracer concentration (CT (t)) as a function in time. Also, the function for

the arterial blood (a(t)) or commonly known as AIF, is needed. It can be measured

from the image or by blood sampling. Here in Eq. 12 is the tracer concentration.

CT (t) = K1a(t)⊗ exp(−k2t). (12)

and that can be further more used for the TAC and ROI modeling using Eq. 13.

R(t) = CT (t) + Vaa(t). (13)

or with the tissue fraction α in the Eq. 14.

R(t) = αCT (t) + Vaa(t). (14)

Here the K1 represents the estimate for blood flow whereas sometimes the k2 can

be multiplied using the water partition coefficient (p) to estimate the blood flow.

When it comes to diagnosing a disease, these parameters can provide important

information. [48] [18]



24

2 Materials and methods

In this part of the thesis the study and its phases are explained. The study focuses

on developing and comparing different models.

2.1 The goal of the study

We aimed to compare the results from fit_h2o and fitmbf, that are part of TPClib,

to new models. These models are the NAIST model and NASTα model, which was

developed from the base of NAIST. Simulations from b2t_h2o, were used to create

simulated time-radioactivity concentration TAC curves. These were used as a base

to run all the other models and to be able to compare the TAC functions with a true

value. A wide range of simulated data was selected because the robustness of the

models wanted to be tested. Making the models data handling dynamic was one of

the key details. Also a small real patient data set was used to compare the models

and how they worked with real data. The main goal was to develop the NAIST

model further and make another model that has some differences for the NAIST.

Lastly, the models are evaluated and the performances compared.

2.1.1 Pipeline

The pipeline of the study is visualized in the Figure 2. This chart represents the core

structure of the overall process. While smaller parts are also critical, they are omit-

ted from the figure for simplicity. These steps included code fixing and debugging

errors. TPClib software was downloaded using MINGW64, which is a BASH shell

environment made for Windows-based operating systems for downloading systems

that are meant to be downloaded using Linux operating system.

When the TPClib worked the debugging started to identify why the NAIST

model failed. These phases are explained in the later subsection of compiling a

working jupyter notebook. When the notebook was fixed, it was developed further
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Figure 2. Flow chart of the study. The first phase is where the data is simulated
using b2t_h2o. Next this data is used for all the models and from this all the box-
plots and functions are done. Each model had either weighted sum of squares or R2

and Akaike Information Criterion (AIC) used as a measure of goodness of fit.
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by adding other key details like data organization, dynamic running, and parameter

saving. To have a wide range of simulated TAC data, different parameters were

used in the TPClib’s b2t_h2o. This simulation was combined with another TPClib

model fit_h2o.

After fixing the NAIST model the development of NASTα started. Both NAIST

and NASTα models are run using the simulated TAC-data from the TPClib’s

b2t_h2o simulation. Both of these models employ an optimizer to estimate the

global values of the parameters used for the optimization and use these to model its

own TAC’s and ROIS’s. For the NAIST model one starting guess is used while for

the NASTα model, multiple starting guesses depending on the sum of the b2t_h2o

simulation TACs. Later, fitmbf was run using the same b2t_h2o data. When all the

models were finished the results were then visualized and evaluated. The amount of

data generated and modeled was large so making the visualizations of the parame-

ters as well as the models dynamic was important. For the visualizations box plots

were used as a trend for the parameters created could be noticed from these. While

parameters as a function of perfusions were made to see how the models work, and

whether there are some points that the code malfunctions. These methods were

compared with the Akaike information criteria (AIC) measure as well as the R2. In

the end the Pearson correlation coefficient between the models is performed from

NAIST with fit_h2o and fitmbf and NASTα with fit_h2o and fitmbf.

2.2 TPCLIB

TPClib is command-line based software that is used for processing and analysing

data mainly created by Vesa Oikkonen and a group of other contributors after cre-

ation. It is coded using C and C# coding languages, and it is operated using BASH

code. The software includes different functions. In this case interest is focused

towards b2t_h2o, fitmbf and fit_h2o models, as these are crucial for creating the
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Table I.
Variables used in the math explanation as well as the parameters used in the TPClib
code [49]

Variable Explanation Unit

Ci(t) Myocardial tissue radioactivity concentration at time t [kBq ml−1]

a(t) True input function [kBq ml−1]

ROI(t) TAC of radioactivity of ROI in LV myocardial region [kBqml−1]

LV (t) TAC of radioactivity of ROI in the area of LV cavity [kBqml−1]

f Blood flow of pefusable tissue [ml min−1ml−1]

p Partition coefficient of water [ml ml−1]

α Tissue fraction volume of perfusable tissue in ROI [ml ml−1]

Va Arterial blood volume [ml ml−1]

β Recovery coeffisient of left-ventricular ROI [-]

K1/k2= vd partition coefficient [-]

K1 Rate constants [ g
ml

]

k2 Rate constants [ 1
min

]

simulated data and running these two models on that simulated data to have results

that the NAIST and NASTα models can be compared to. In the last case also a

small patch of patient data is run through these models.

In Table I are represented the variables used in the upcoming mathematical

explanation, mathematical functions of the models. Some of these same variables

are also presented in the model parameters that are either needed to feed to the

modeling function or are the parameters the model will give out, i.e., the Va, K1

and k2. These same parameters will also be used in the NAIST and NASTα models

which are explained in later sections. In the fit_h2o model the perfusion that is

talked about is tissue perfusion. In fitmbf perfusion is myocardial perfusion where
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the blood flows through the heart muscle.

The fitmbf model from TPClib is explained in a report [49]. "The model esti-

mates the parameters f, α and Va. In this method those parameters together with

larger ROI and LV cavity the arterial blood curve is calculated, and this is then

used to estimate the parameters for the smaller ROIs." All the functions in this

subsection come from the report. [49]

The equations that are used in these models are more complex then in the

following NAIST application. The perfusion is calculated based on these three main

equations Eq. 15, 16 and 17.

Ci(T ) = f

∫︂ T

0

a(t)dt− f

p

∫︂ T

0

Ci(t)dt, (15)

ROI(T ) = αCi(T ) + Vaa(T ), (16)

LV (T ) = βa(T ) + (1− β)Ci(T ). (17)

To be able to calculate the Ci(T) Eq. 15 and the ROI(T) Eq. 16 for the whole

myocardial, the a(T) is first calculated from LV(T) Eq. 17 followed by adding that

to the ROI(T) Eq. 16 and calculating the Ci(T) Eq. 15 from there. This calculation

can be seen in the appendix A as this was solved more from an understanding point.

Eventually the Eq. 18 is in the shape that it is used in the TPClib models.

ROI(T ) = K1

∫︂ T

0

LV (T )dt− k2

∫︂ T

0

ROI(T )dt+ VfitLV (T ). (18)

For the smaller ROI’s the Ci(T) Eq. 19 is defined from the ROI(T) Eq. 16, and

that equation and its integral is then placed to the Ci(T ) Eq. 15. This solving is

kept here as the α was also used in the NASTα version and this solving actually

helped to understand the function in the code creation.

Ci(T ) =
ROI(T )− Vaa(T )

α
(19)
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And to be able to place it to the Eq. 15, the integral is taken.∫︂ T

0

Ci(t) =

∫︁ T

0
ROI(T )− Va

∫︁ T

0
a(T )

α
. (20)

And when Eq. 19 and 20 are added to Eq. 15, we get Eq. 21.

ROI(T )− Vaa(T )

α
= f

∫︂ T

0

a(t)dt− f

pα
(

∫︂ T

0

ROI(T )− Va

∫︂ T

0

a(T )). (21)

From where the values are grouped to get an end result seen in Eq. 22.

ROI(T )− Vaa(T )

α
= f(1 +

Va

pα
)

∫︂ T

0

a(t)dt− f

pα

∫︂ T

0

ROI(T )dt|| · α. (22)

To which Vaa(T ) is added in Eq. 23.

ROI(T )− Vaa(T ) = f(α +
Va

p
)

∫︂ T

0

a(t)dt− f

p

∫︂ T

0

ROI(T )dt||+ Vaa(T ). (23)

ROI(T ) = f(α +
Va

p
)

∫︂ T

0

a(t)dt− f

p

∫︂ T

0

ROI(T )dt+ Vaa(T ). (24)

Now the model uses coefficients Eq. 25 and the Eq. 24 is in the two compartmental

model shape. ⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩
Vfit = Va,

K1 = f(α+ Va

p
),

k2 = f
p
.

(25)

After substituting the parameters with coefficients from Eq. 25, the result eventually

is Eq. 26.

ROI(T ) = K1

∫︂ T

0

a(t)dt− k2

∫︂ T

0

ROI(T )dt+ Vfita(T ). (26)

2.2.1 BASH code for the TPClib’s simulation and models

The BASH script is used to simulate the data and for the modeling. The parame-

ters the data used for the data simulation with b2t_h2o were perfusion (f), vascular

volume(Vb) and arterial fraction (fA). The BASH script was run on a remote com-

puter using the Linux system. The time to run the first model that was combined
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with the fit_h2o model, was approximately nine days and for the fitmbf around

two days. The reason for the shorter running time was that the fitmbf used the

already simulated data that was produced in the same BASH loop with the fit_h2o

model. The amount of data simulated was 13860 function files with the noises. This

simulated data was used for all the models used in this study. The first simulation

BASH code for the fit_h2o can be viewed in appendix B and the fitmbf in appendix

C.

The fitmbf produces the following parameters: myocardial blood flow in perfus-

able tissue (f), perfusable tissue fraction (PTF), arterial blood volume and spillover

(Va). Whereas the fit_h2o is a one-tissue compartmental water model and produces

the parameters of blood flow from tissue perfusion (f), partition coefficient (K1/k2),

arterial blood volume (Va) and time delay (∆T ). TAC-data from b2t_h2o was used

as input data. A separate python code in jupyter-notebook was made to be able to

analyse the parameters.

2.2.2 Parameters used in the TPCLIB-codes

In the b2t_h2o simulation the parameters that were used are in Table II. The

amount of noise added was from 0 to 0.42 [kBq/ml] in steps of 0.042, so with 10

different noise amounts. For cv the range goes from zero to ten [0,...,10] in steps of

two (,2). Vb had three values and perfusion went from 50 to 100 and from there to

1000 with steps of 100.

Range for the perfusion was selected to test the models robustness. Selecting

values in the range 0.5 to 4 [ml/min/g] (or 50-400 [ml min-1 ml-1]), would have

been sufficient, but for testing how the models perform in higher perfusion the

resulting range 5-10 [ml/min/g] was added to the selection. Sometimes high values

are reached in real life but rarely over 6 [ml/min/g]. Using radiowater the values of

around 6 [ml/min/g] are sometimes received [50]. Arterial fraction percentage is not
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Table II. Parameters used in TPClib simualtion b2t_h2o for generating the data
to be used in the fitmbf, fit_h2o, NAIST and NASTα models.

Parameters Explanation Range

cv Percentage of noise ([0,...,10],2)

j Different noise value ([0001,...,0010],0001)

value Perfusion ([50,100,...,1000],100)

Vb Vascular volume [10,12,14]

fA Arterial fraction in percentages ([0,...,30],5)

represented for the heart but for the whole body it is 20-30% and in cerebral blood

volume it is approximately 30%. Therefore a wide range was chosen to be used here

as there is no proper recorded range [51]. For Vb the range of 10-14 was chosen as

for CAD patient 12.9% was recorded and a value of 14% for total Vb [52] [53].

2.3 NAIST - Non-linear model for modeling MBF

The model didn’t perform as intended, as there was a class and a function with the

same name. When the function was invoked, execution never reached the intended

target function; instead, it consistently resolved to the first matching function en-

countered, namely the one defined within the class. The original code only had the

TAC-modelling, code was changed to be able to simulate ROI’s as well. It was made

to be dynamic to work for large amounts of data as well as saving all the parameters,

functions and values in the same folder while named consistently.

2.3.1 Compiling a working jupyter notebook

To be able to tune the model jupyter notebook was used. It was compiled by

collecting all the functions in the model and calling the needed imports. The code

had some key points that needed to be tuned, so the parameters it would generate



32

Figure 3. Example image to show how the radioactivity value was modeled and fit-
ted. Result produces the TAC and ROI functions. In the images the noise amount is
shown as a box-plots. For each simulated function a AIC and R2 value is calculated
to see how good the fit is. This image has the functions that are produced using
the AIF-information using perfusion value of 400 [ml min-1 ml-1] as input. The
simulated b2t_h2o functions (mtac,roi1-roi3) and the NASTα modeled functions
(stac,simroi1-simroi3) are both plotted in the image. In this one, the modeled func-
tions are approximately the same. Which can also be seen from the R2 and AIC
values, as well from the fact the functions have almost identical functions.

wouldn’t produce unrealistic values. ROI simulations were added to the model. The

model creates the TACs and ROIs using the AIF-input function. The notebook

was made dynamic and organized combined with data saving methods that avoid

overwriting. In this NAIST model the beginning guesses for the parameters can

be seen in the Table III. They were based on selecting values that would be near

literature values, mentioned earlier. For end result perfusion was calculated using the

optimized parameters. For NAIST Eq. 27 was used. Here the calculated perfusion

uses the optimized Va and K1 values. This is the same perfusion that is used in the

fit_h2o model.

F = (1− V a) ·K1 (27)

The NAIST model took around five days to run.
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Parameter name Value

K1 3.3

k2 4.03

Va 0.3

k_min 0

k_max 5.0

k_initial_max 0.5

learn_rate 2e-2

iter_single_component 750

Table III. Parameters used for the non-linear regression models starting guesses for
the optimizing in the NAIST model.

2.4 NASTα model build from the base of NAIST

When developing the NASTα model the parameter α was added. Multiple ap-

proaches in the model development were investigated, but the original function

proved to work with this model as well. The modification needed the adding of

the α in the get_tac_from_aif function. This function ended up being the one

presented in Eq. 16. Working with the NASTα model took a lot of debugging to

get it to work properly.

In NASTα model difference came from having multiple different guesses in the

beginning. For each perfusion from 0.5 to 4 [ml/min/g] unique guesses were used and

for the rest 5-10 [ml/min/g] same guesses. To define how to select what parameter

guesses need to be used, the sum of original TAC data was used. This worked well

when using the simulated data, but in the patient data, it ended up not working.

This is probably due to the real data being noisier than the slightly noisy data used

for the model development. For the NASTα model, the parameters changing during

guesses can be viewed in the table IV and the parameters that stay the same can

be viewed in table V. Additionally the perfusion was calculated from the optimized
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Perfusion [ml min-1 ml-1] 50 100 200 300 400 500-1000

Parameters Values

K1 0.6 0.9 1.9 3.2 3.7 4.7

k2 1.2 1.6 2.3 3.5 4.4 5.0

Va 0.8 0.6 0.4 0.3 0.2 0.25

α 0.7 0.7 0.6 0.5 0.3 0.25

Table IV. The parameter guesses used in the NASTα model to optimize the non-
linear regression models parameter optimization in larger range of perfusions.

parameters The NASTα model used the k2 parameter to calculate the perfusion

using a partition coefficient value of p=0.9464 that was used also in [49]. This

model did take around ten days to run.

2.5 Evaluation methods used for NAIST and NASTα

The NAIST and NASTα models and data simulated using the b2t_h2o are com-

pared using the goodness of fit parameters of R2 and AIC. The R2 and AIC value are

saved and presented i.e. Figure 3. To see how much the noise affects the modeled

functions a box plots are plotted in the images that gives the range of how much

noise is generated.

The values for R2 are calculated using skicit from python that are defined in

Eq. 28. Also using the Eq. 29 and 30. Using only R2 is not sufficient, and that’s

why Akaike Information Criterion (AIC) is also used Eq. 31. In the AICc Eq. 32 n is

the amount of data points, the number of times the measurement is taken, meaning

the time data. In the data the used n is 20. Whereas k is the approximated number

of parameters of current model+2. In the NAIST model the k is 5 and NASTα k is

6. Because the amount of time data points is under 40 the Eq. 32 must be used in

the calculations of the change in AIC. To calculate the change Eq. 33 is used where

AICA is the minimum AIC that the others are compared and AICB is the current
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Parameters Values

k_min 0

k_max 6

k_initial_max 0.5

learn_rate 2e-3

iter_single_component 1500

Table V. The parameter guesses used in the NASTα model that staid the same with
different perfusion values to optimize the non-linear regression models parameter
search.

AIC. The smaller the AIC value the better the fit is. [54] The delta AIC values are

represented in the box plots of the NAIST-and NASTα-models that are shown later

in the results.

R2(y,ŷ) = 1−
∑︁n

i=1(yi − ŷi)
2∑︁n

i=1(yi − y)2
, (28)

y =
1

n

n∑︂
i=1

yi, (29)

n∑︂
i=1

(yi − ŷi)
2 =

n∑︂
i=1

ϵ2i , (30)

AIC = n · ln(SS
n

) + 2 · k = n · ln(SS)− n · ln(n) + 2 · k, (31)

AICc = AIC +
2 · k · (k + 1)

n− k − 1
, (32)

∆AIC = AICB − AICA = n · ln(SSB

SSA

) + 2 · (kB − kA). (33)

2.6 Pseudocode

In this section the phases of creating the actual code are presented. To avoid leaking

to any Large Language Models (LLM) the code is done as a pseudocode. Therefore
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Table VI. Explanation for the math variables used in the code.

Parameters Explanation

c0 current AIF-point

c1 next AIF-point

t0 current time

t1 future time

all the NAIST and NASTα codes debugging, and code creation is done without the

usage of LLM’s. The finalized pseudocodes that are used to run over the models

can be seen in D appendix for NAIST and F appendix for NASTα.

Both models use the same exponential Eq. 34 in the code that calculates the

desired modeled TAC and ROI functions from the input. In the NASTα model

the Eq. 16 was used in the class to optimize the parameters as well as in the

get_roi_from_aif function to get the actual TAC’s. In the original NAIST model

a Eq. 39 was used. In the table VI the parameters used to get the variables a,b,d

and T from the Eq. 35, 36, 37 and 38 are explained. These are derived from the

AIF-function. It iterates over the time finding the correct points for the functions.

ccc = k1 · a

k2 · T + d
+ (ccc− k1 · d)⊗ exp−k2 · T , (34)

a =
c1 − c0
t1 − t0

, (35)

b = c0, (36)

d =
b

k2
− a

k2
2

, (37)

T = t1 − t0, (38)

ROI(T ) = Ci(T ) + Vaa(T ). (39)
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2.7 Usage of patient’s data

Lastly the models were tested using small set of patient data. This included data

from 10 patient. They only had TAC and AIF data recorded. For running the

patient data in the TPClib modified BASH-code was used shown here:

#! /usr/bin/bash

export PATH=/directory/where/the/software/is:$PATH

path_to_save_data="/path/where/the/data/is/saved/"

for dir in /home/data/directory/name/here/

do

echo "dir=$dir"

for file in $dir/*

do

if [ -f $file ]; then

echo "file= $file"

file=${file##*/}

fit_h2o -ml -fpt -k2 -Delay=0

-fit="${path_to_save_data}1__All.dft"

"${path_to_save_data}2__All.dft" "${dir}/${file}"

360 "${path_to_save_data}/${file%*.dft}_h2o.res"

fi

done

done

And the same code was used for the fitmbf with the exception of changing fit_h2o

line to:

fitmbf -beta=0.95 "${path_to_save_data}manual_TACs.dft" "2" "1"

"${path_to_save_data}/${file%*.dft}_mbf.res"
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Figure 4. In this figure are represented all the optimized parameters that were
produced using the fit_h2o model. The perfusion peaks at 6 [ml/min/g] , where the
input used to optimize the values went all the way till 10 [ml/min/g]. The ranges
here are wide, as the amount of different perfusions and the corresponding other
parameters are represented. Delay T is zero, as there was no delay added to the
original data. In the x-axis are plotted 0=TAC and the 1-3 are the ROIS 1-3.

For running the code using NAIST and NASTα some changes were made, but

those mainly included data formatting and data reading whereas the base of the

models stayed untouched. The Figure for a flow chart for the patient data running

is represented in K appendix in Figure K.1.
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3 Results

In this section the overall results are explained. Starting from comparison with the

generated parameters that ended up being approximately 1.2 billion not including

the TACs modeled. The decision for the large dataset was due to the tuning need

of the models but also due to the robustness testing. The results were plotted

for each perfusion for each model and for each model one with all the produced

parameters from all different perfusions. Only some of the figures are shown but

all the other perfusion parameters and functions are in the appendix section. The

appendix sections are specified in the place the results are given.

One modeling result was shown as an example from the generated figures where

the simulated TAC and ROIs are shown in Figure 3. There were 1360 of these figure.

Also the AIC and R2 values for each function was plotted in the image. For the

different models an example from all the perfusion values where the parameters are

in one box plot and parameters with perfusion value of 2 [ml/min/g] are shown.

Some examples of the parameters as a function of perfusion are shown. In the end

a correlation test performed using Pearson’s r-value test is shown.

3.1 Comparisons between TPClib and NAIST-models.

Values for patients with prior history of myocardial infarction the mean values col-

lected in rest are for perfusion 1.16 [ml/min/g], for α 0.79 [g/ml] and for Va 0.18

[ml/ml]. And the ranges for over all normal rest ranges are shown in the table VII

[55].

3.1.1 fit_h2o

In Figure 4 are all the values generated with fit_h2o model. Flow is blood flow

perfusion tissue, pWater is K1/k2 (vd) and the WSS weighted sum of squares. The

model will not produce perfusion values larger than 6 [ml/min/g]. In the Figure 5
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Table VII. Mean parameter values measured in rest from healthy individuals.[55]

Parameter Ranges

Perfusion LAT 0.85±0.13 [ml/min/g]

Perfusion ANT 0.79 ±0.14 [ml/min/g]

α LAT 0.71±0.05 [g/ml]

α ANT 0.72±0.09 [g/ml]

Va LAT 0.22±0.10 [ml/ml]

Va ANT 0.23±0.10 [ml/ml]

is an example from the perfusion value of 2 [ml/min/g]. The flow is near to 2, the

WSS is relatively small, and the Va is near of the reference values. In the x axis in

both figures 0=TAC and 1-3 are the different ROIs. The rest of the perfusions can

be seen in the F.1 appendix for the box plots and F.2 for the functions and mean

values with standard deviation in F.3. The parameter data per perfusion values of

0.5,1,3-6 [ml/min/g] are in figures F.1, F.2, F.3, F.4, F.5, F.6 respectively from the

fit_h2o model. In the function plots are all the parameters plotted as a function of

perfusion for perfusion in Figure F.7, k2 in Figure F.8 ,pWater (vd) in Figure F.9

and for va in F.10. The mean with standard deviation values can be viewed in F.11.

3.1.2 fitmbf

In the Figure 6 are shown all the generated values from the fitmbf model. The

difference here compared to the other models can be seen in the perfusion box plot,

it goes till 10 [ml/min/g]. Correctly modeled parameters peaked at perfusion of 5

[ml/min/g], where the WSS got significantly higher. The fitmbf model produces

parameters perfusion, Va, WSS, PTF (α) and rMBF (mean myocardial blood flow).

In the Figure 7 are shown the results from perfusion value of 2 [ml/min/g] for the

fitmbf. Here the optimized flow was 2 [ml/min/g], α is in range as is the Va. The
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Figure 5. Optimized parameters from the fit_h2o model. In this figure are pre-
sented the values that were obtained using the simulated data of perfusion value of
2 [ml/min/g]. Here can be seen how the values are more limited compared to the
plot whit all the values. These have a better fit as can be seen from the WSS boxes.
Delay T is zero, as there was no delay added to the original data. In the x-axis are
plotted 0=TAC and the 1-3 are the ROIS 1-3.
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Figure 6. In this figure are represented all the optimized parameter values from
all different perfusions from the fitmbf model. The perfusion goes all the way to
10 [ml/min/g], like the input data. So this model doesn’t peak the same way as
the fit_h2o. The Optimized parameters seem to be limited still as they won’t look
too far from the reference values. The ranges here are wide for the rMBF (mean
myocardial blood flow), perfusion and WSS (weighted sum of squares) as it includes
all of the values.

function against which the model was compared yielded small WSS values for all

the functions. Rest of the perfusion plots can be seen in the G.1 appendix for the

boxplots and G.2 for the functions and G.3 for mean values from the parameter

values with standard deviation in Figure G.10. The parameter data as box-plots

per perfusion values of 0.5,1,3-5 [ml/min/g] are in figures G.1, G.2, G.3, G.4 and

G.5 respectively from the fitmbf model. In the function plots are all the parameters

plotted as a function of perfusion for perfusion in Figure G.6, α in Figure G.7, rMBF

in Figure G.8 and for va in G.9.

3.1.3 NAIST

In the Figure 8 are all the parameter values from all the perfusion values generated

using the NAIST model. Here the k2 has also reached its peak approximately around

perfusion of 5-6 [ml/min/g]. Values for Va are high as it includes all the data. The
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Figure 7. Optimized parameters from the fitmbf model. In this figure are presented
the values that were produced using the simulated data of perfusion value of 2
[ml/min/g]. The values have small amount of fluctuating, and the values correspond
well with the reference values mentioned earlier.

function comparison has produced small ∆AIC values for all the TACs. In the

Figure 9 represent the values generated using perfusion of 2 [ml/min/g]. Here the

k2 is in range. For the Va the values are almost identical with the other models.

Values for Vd are under one like they should and ∆AIC have produced small values.

Rest of the results for the NAIST model can be viewed in the H.1 appendix for the

box plots, H.2 the function plots and H.3 for all the mean values with the standard

deviations in Figure H.15. The parameter data per perfusion values of 0.5,1,3-10

[ml/min/g] are in Figures H.1, H.2, H.3, H.4, H.5, H.6, H.7, H.8, H.9 and H.10

respectively from the NAIST model. In the function plots are all the parameters

plotted as a function of perfusion for K1 in Figure H.11, k2 in Figure H.12 , Va in

Figure H.13 and for vd in H.14.
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3.1.4 NASTα

In the Figure 10 are all the parameters represented that were retrieved from the

NASTα model. As this one is slightly more complex model and the parameter

guessing significantly affects the end results, it can be seen that some of the values

are too high, Vd is over 1, when it should stay under and the α is much higher

then approximately 0.7 [g/ml], which is a common value for α. In the Figure 11 are

separate perfusion parameters represented for the perfusion value of 2 [ml/min/g].

Here we can also see that the model works better in the small perfusions when using

the simulated data. The Va is almost identical with the other models, and the α is

near what fitmbf had. Here again small ∆AIC values are received. The rest of the

other perfusion values can be viewed in the appendix I.1 for the box plots, I.2 for the

functions and I.3 for all the mean data with standard deviation from the parameters

in Figure I.15. The perfusion value was not generated but it was calculated using

the k2 and p and it is included in the comparison but not in the box plots. The

parameter data per perfusion values of 0.5,1,3-10 [ml/min/g] are in Figures I.1, I.2,

I.3, I.4, I.5, I.6, I.7, I.8, I.9 and I.10 respectively from the NASTα model. In the

function plots are all the optimized parameters plotted as a function of perfusion

for k2 in Figure I.11, flow in Figure I.12, va in Figure I.13 and for vd in I.14. For

easier comparison between parameters mean and standard deviation values all the

values were also plotted to a table. This can be viewed in the J appendix J.1.

3.1.5 Behavior during modeling

To understand how the model works, plots as a function of perfusions are explained.

In the Figures 12 and 13 outliers are a result from the NASTα models parameter

guessing failing. Resulting the use of a wrong set of guesses in the beginning. In the

Figure 12 the function keeps on going down around the perfusion of 5 [ml/min/g].

This indicates that the model will not work in the high perfusion values. In the
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Figure 8. In this figure are represented all the optimized parameter values from
all different perfusions from the NAIST model. Here we can see the k2 peaking at
5. This indicates that the model fails to operate reliably under conditions of high
perfusion values. Due to this, high Va values for TAC is measured. Regardless the
∆AIC value stays relatively small. And Vd under 1.
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Figure 9. Optimized parameters from the NAIST’s model. In this figure are pre-
sented the values that were obtained using the simulated data of perfusion value of 2
[ml/min/g]. Here the Va is around what it should be and the other values also stay
under the limits. Here the measures ∆AIC value have been really small meaning a
near identical fit for the TAC functions.

Figure 13 around perfusion of 5 [ml/min/g] is a point where the model has produced

near similar value for the rest of the data which indicates it has peaked.

In the Figures 14 and 15 the perfusion they are plotted against is generated to

understand what happens after reaching the point where the NAIST model peaked.

This model also peaked in the perfusion of 5 [ml/min/g] that can be seen from the

box plot 8 for the k2 value that is approximately the same as perfusion. From the

Figures 14 and 15 it is also easy to see how the parameter generation changes de-

pending on the used simulated b2t_h2o TAC’s, causing zigzag to form in the plots.

More of these functions are in the appendixes mentioned earlier. When comparing

the models through the Figures 13 and 14 we can see that a similar outlier situation

doesn’t happen in the NAIST model that happened with the NASTα. In the func-

tions all the values are grouped and no clear outliers appear. When comparing the
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Figure 10. In this figure are represented all the optimized parameter values from all
different perfusions from the NASTα model. Here again a perfusion peak can be
seen, in around 5 [ml/min/g]. In α and Vd outliers can be seen. These differences
are most likely attributable to the manner in which the parameter settings were
selected. Is those cases the set of parameters used for the beginning guess was
determined wrong and the outcome is correlating the model failing to be successful
with those parameters.

box plot values all the models have similar results in the small perfusions. Except

that the NAIST model failed to produce positive Va value for the TAC in small

perfusions. NASTα model on the other hand performed well on all perfusions from

0.5 till 5 [ml/min/g].

3.1.6 Model correlations

Lastly, comparison between the NAIST with fitmbf and fit_h2o and NASTα with

fitmbf and fit_h2o was done. For this the Pearson correlation coefficient r was

calculated for TACs and ROI1s. In Figure 17 are first the r values between fit_h2o

and NAIST. Here the correlation for Va with all perfusion is over 0.9 except for Va
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Figure 11. Optimized parameters from the NASTα model. In this figure are pre-
sented the values that were obtained using the simulated data of perfusion value of
2 [ml/min/g]. Here the values again are located in a ranges that could be expected
from similar real values.

from perfusion 1 [ml/min/g] where it is 0.73. Value for k2 is not correlated whereas

vd is near 0.9 for all perfusion. The perfusion correlation for ROIs flow is high 0.90

or near, in low perfusion and lowering after perfusion 4 [ml/min/g]. In the low 0.5

and 1 [ml/min/g] perfusion the TAC flow is not correlating. But in the flow values

after this till 4 [ml/min/g] have from high to moderate correlation ranging from

0.629-0.889. The statistical test for p_value was mainly 0. In Figure 18 Va and flow

are compared. The values are near to 1 or 1 for Va till perfusion of 5 [ml/min/g]

and after not correlated. This also shows how the models peaked. For the flow there

is no correlation with fitmbf. Which is understandable as the flow calculation was

similar to fit_h2o.

Values for NASTα model compared with fit_h2o are in Figure 19. The flow

values compared to fit_h2o have low correlation. This is acceptable as they are

calculated differently. For the middle perfusion 2-4 [ml/min/g] there is small cor-
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Figure 12. Results for α from the NASTα model as a function of perfusion. Dif-
ferent subplots have the results from tac, roi1,roi2 and roi3. These functions where
plotted to get an idea of weather the model have worked in optimizing the param-
eters and to get an idea of the overall trend. This meaning what can also be seen
in this figure, the first slow decline and really similar values in each perfusion and
then after 4 [ml/min/g] having more fluctuation and all the rest perfusion being
put in between 4-5 [ml/min/g]. In the perfusion 3 [ml/min/g] and 4 [ml/min/g] we
can see outliers which have failed properly in the optimizing, making them be way
off from the other values. These most likely where the results of parameter decision
failing.

Figure 13. Results for k1 from the NASTα model as a function of perfusion.
Different subplots have the results from tac, roi1,roi2 and roi3. Here we can see
similar outliers and similar other similar behavior, seen in 12. The results that
succeeded well seem as a dot in the graph where as the once showing problems
have outliers and other noise presented mainly in the 4-5 [ml/min/g] are and some
small problems in 3 [ml/min/g].
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relation. Here the Va is 1 or 0.998 till perfusion of 300. After it stays high, over

0.85 for all the perfusions. So similar results with NAIST comparing the Va pa-

rameter. NASTα has negative k2 values for r in small perfusions (0.5 [ml/min/g])

and in higher than 4 [ml/min/g]. NAIST also has only four negative r values for

k2, but they are more random occurring in 0.5, 1 and 6 [ml/min/g] for TAC and

5 [ml/min/g] for ROI1. For NASTα vd has correlation over 0.8 till perfusion of 3

[ml/min/g] and again in perfusion 6 [ml/min/g]. In the last Figure 20 the values for

flow, Va and α are show for the NASTα models correlation with fitmbf. The flow has

low correlation in perfusion of 0.5 [ml/min/g], and from perfusion 4 [ml/min/g] on

wards. But 1-3 [ml/min/g] high to moderate correlation ranging with 0.979-0.589.

As the k2 had low correlation in the earlier model and the perfusion is calculated

using it. The correlation is high for Va and α parameters except for perfusion 3

[ml/min/g] TAC for α. The peaking of the model can be seen here as well, as after

perfusion of 6 [ml/min/g] there is nonexistent to low correlation.

3.2 Patient results

Next going over the results that were obtained using the real patient data for all

the models. These results are visualized in Figure 16. In the figure are reported the

perfusion, k2, K1, Va, vd and α plotted against perfusion. The fit_h2o is big circle

"O", fitmbf small circle "·", NAIST "x" and NASTα is the diamond shape.

In the first sub figure all the values are fitted to the same line. On the sub

figure for k2, some patients parameter results received using the different models fit

near each other, especially the fit_h2o and NAIST models. Basically the optimal

result would be that the same patient’s data from fitmbf, NAIST and NASTα would

scatter together.

The NASTα version has some patients with similar results as the other models

but most of the patients do not align. In the sub figure for k1 with fit_h2o and
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Figure 14. Results for k1 from the NAIST model as a function of perfusion. Dif-
ferent subplots have the results from tac, roi1,roi2 and roi3. Here to be able to
see better what actually happen, the perfusions were generated to go from 0.5-10
[ml/min/g]. Here we can see the model working in the smaller perfusions under
5 [ml/min/g] and after that starting to decline and again having more fluctuation
compared to the smaller perfusions.

Figure 15. Results for V a from the NAIST model as a function of perfusion.
Different subplots have the results from tac, roi1,roi2 and roi3. Here again can see
the similar trend as in the 14, model failing after perfusion 5 [ml/min/g]. In this
plot the wanted result would have been that the mean of the values would in the
ROIs should by f(x)= 0.2 [ml/ml]. But here the values till 5 [ml/min/g] are what
to expect and after that the values start to get larger increasing linearly.
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NAIST we can see that small perfusion valued patients being near to each others,

but in this point the k_max parameter value of 5.0 might be a cause for that the

NAIST is limited with the max perfusion of ≈ 4.2 and the high perfusion values

can’t be matched. What comes to the NASTα model, we can see there is something

going on with the model as it shouldn’t have the same value of five for all but rather

a linear function like with the fit_h2o. This is most likely due to the beginning

guessing failing. On the sub figure for Va, it is possible to see when the perfusion

value is small, the other model’s group up excluding the NASTα model. At higher

perfusion levels, all models demonstrate greater separation of the data points within

the same patients. With the second last sub figure vd the fit_h2o and NAIST

model demonstrated generally satisfactory level of performance, however there is

still room for further improvement. The wanted value is to stay under one, whereas

the NASTα model result won’t be surprising as it has shown already that there are

some problems with the beginning guess. In the last figure are only two models

that used the α parameter. The wanted value is to stay between 0.6-0.9 so it is also

possible to see the problems with the NASTα model.

The fit_h2o model measures different perfusion than the other models as men-

tioned in the earlier sections. Here in these results the hoped end results would have

been that the models work with the parameters that fit_h2o model does not work

and where the fitmbf does not work.
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Figure 16. In this figure are represented all the results received from each different
model. The data contained a test set of ten patient data that was anonymized. As
noted earlier not all models have all the same output parameters. In the legend the
shape and color of each model is represented to know what model have produced
and which result. The optimal result would have been that the same patients results
in different models clamp together, meaning the models would produce similar re-
sults, with similar perfusion values. This can be seen with some patients in smaller
perfusions, like the number 9, 10, 5 and 2. But here not every model worked for
them and not with every parameter. Nastα model especially has problems but these
are mainly caused by the decision of what parameters to use for the model running.
Here we can see the difference in Fit_h2o model as it models the dynamics of ra-
diowater. In Va when comparing the other models it can be seen that the results
are not that far off. For the other parameter results, there is more fluctuation with
the results, and for K1, Vd and (α) larger changes in the results can be seen.
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Figure 17. Correlation calculations between the fit_h2o and NAIST model. In the
parameter column are all the parameters and on the corresponding row is the used
region (TAC/ROI1), perfusion, Pearson value (r) and p_value.
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Figure 18. Correlation calculations from between the fitmbf and NAIST model. In
the parameter column are all the parameters and on the corresponding row is the
used region (TAC/ROI1), perfusion, Pearson value (r) and p_value.
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Figure 19. Correlation calculations from between the fit_h2o and NASTα model.
In the parameter column are all the parameters and on the corresponding row is the
used region (TAC/ROI1), perfusion, Pearson value (r) and p_value.
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Figure 20. Correlation calculations from between the fitmbf and NASTα model. In
the parameter column are all the parameters and on the corresponding row is the
used region (TAC/ROI1), perfusion, Pearson value (r) and p_value.
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4 Discussion

This thesis was combined to have a wide literacy overview, code creation and result

evaluation. To be able to understand how PET-imaging data is acquired, the expla-

nation in section one of radioactivity and its interaction with matter is explained.

This is done to understand how the TAC data is gathered. Followed by an overview

of the common diseases that cause the need for blood flow measuring and might be

a reason for patient hospitalization has been explained. One of the leading reasons

are CAD and myocardial ischemia. To be able to study these diseases, models can

be used to understand the diseases while creating possible cures and solutions. For

this reason, the compartmental models and other modeling methods are covered in

the end of section one.

The materials and methods is reviewed in section two included multiple models,

BASH code usage, parameter findings as well as python code debugging combined

with new code creation, data evaluation and visualization, their comparison became

an important part to be able to see how well they worked compared to each other.

This was mainly done visually, using box-plots and functions, as the amount of data

was significant. Also the Pearson correlation coefficient was calculated between

NAIST with fit_h2o and fitmbf and for NASTα with fit_h2o and fitmbf. The

methods for the study were mainly quantitative. And in the section three the results

are reviewed.

As predicted the fit_h2o and fitmbf models gave parameters that fit with the

ranges found in literature. The difference with these models where that fit_h2o was

limited by perfusion at 500 [ml min-1 ml-1] (or 5 [ml/min/g]) where as the fitmbf

went all the way to 1000 [ml min-1 ml-1] (or 10 [ml/min/g]). The fitmbf model

eventually peaked at the same value of 500 [ml/min/g] when comparing the opti-

mized parameters. The model of fit_h2o measures the blood flow tissue perfusion

and fitmbf myocardial blood flow, so the values of these two models have differences
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automatically.

The NAIST code worked when compared to the two models. Also the Pearsons r-

value showed high correlation for most of the parameters in normal perfusion ranges.

Same was with the NASTα model. It was slightly more robust when it comes to

the high perfusion when comparing the correlation. Overall both models had high

correlation values for normal perfusion ranges except for parameter vd. Both models

had some low correlation for k2 parameters. This caused some problems in the

perfusion values for NASTα as it is defined by k2. Some initial beginning guess

optimization for the values for over 3 [ml/min/g] is needed. But over all for most of

the perfusion the correlation here was also high. Both of the models worked well in

perfusion values under 5 [ml/min/g] when using the simulated TAC data.

Mentioned earlier, real-life data is more complex, and NAIST and NASTα models

had problems optimizing the values. Some of the results clustered together as hoped.

But there was a clear problem in the parameter guessing of the NASTα model. It

was not robust enough to handle the real data. Overall, certain parameters produced

closely aligned results, suggesting potential for future refinement to enhance model

robustness in these challenging datasets.

Some differences that are to be noted from the models. The NASTα model was

built with similar perfusion and functions as in fitmbf. NAIST perfusion is similar

to the fit_h2o model that measures the perfusable tissue perfusion.

To enhance the NASTα models’ accuracy even more, having different and more

robust methods for the parameter guessing could be beneficial. The method now

is not robust for noisy data. In the case of tuning how to choose what parameter

to use, using higher noise levels in the simulated data could be helpful. This would

help the NASTα model better in the optimization of the k2 parameter, that the flow

depends from. Now it has low correlation, and enhancing this would give better end

results. Changing the clamping in the code could also prove to be beneficial. Now
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the clamp might prevent the model from working in higher perfusions, but it should

be taken in consideration if this is actually a need from the model.

More methods to evaluate the models could be integrated into them. In this

thesis most of the evaluation happened using box plots and other functions as they

were useful for tuning the models. For measuring the goodness of the fits AIC

and R2 were used. In the end a r-values were calculated for the correlation and

means and standard deviations from the parameter values. Other methods could

prove beneficial. Also p_values were calculated, but it is not the chosen evaluation

method, even though it was left in the Figures.

The main phases of the thesis and the study question were met. NAIST code

was fixed, made compatible with large amounts of data and included processing and

evaluation methods. NASTα model was developed. To compare the models TPClib

data was simulated. The verified fit_h2o and fitmbf models were used with this same

simulated data. The robustness of all the models was tested simulating a really wide

range of test data. And a small patient data was used in the end to test whether

the new models would perform as well as the verified models. The models worked

with the simulated data to perfusion of 5 [ml/min/g] but with the real patient data

more tuning for the parameter guesses is still needed for the NAIST and NASTα

model to perform well. With further refinement of the parameter estimation and

selection produced, the models may have increased potential to extract more detailed

information from the TAC’s than is currently achievable with a single model.
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Use of AI in thesis
ChatGPT was used in fall 2025, to generate a base for oveleaf’s flowchart code Flow
chart was then edited by the author. Overleafs AI tool was used, for some parts of
the english checking. All scientific content and analysis are work of the author. The
Finnish version of the abstract was translated using google translator, and the text
was from that modified. Office 365 Copilot was utilized to fix colloquial phrasing
in some sentences. The few phrases that were selected to be changed were chosen
by the author manually from the original text. Copilot was used to make the mean
and standard deviation tables as well as the Pearson and p_value tables.
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A Appendix The mathematical solution for further
understanding the TPClib

In this TPClib code the β coefficient is included. So the equations are different from
the ones mentioned in the section 4.2 TPClib. But the same solving method is used.

In the first Eq. A.1 the β coefficient is present.

a(T ) =
LV (T )− (1− β)Ci(T )

β
(A.1)

This Eq. A.1 is places to the Eq. 16 and the Eq. A.2 is acquired.

ROI(T ) = αCi(T ) + Va(
LV (T )− (1− β)Ci(T )

β
) (A.2)

From here the goal is to solve the Ci(T ) shown in Eq. A.6.

ROI(T ) = αCi(T ) +
VaLV (T )

β
− Va(1− β)Ci(T )

β
(A.3)

ROI(T ) = Ci(T )(α− Va(1− β)Ci(T )

β
) +

VaLV (T )

β
(A.4)

ROI(T )− VaLV (T )

β
= Ci(T )(α− Va(1− β)Ci(T )

β
) (A.5)

Ci(T ) =
ROI(T )− Va

β
LV (T )

(α− Va(1−β)
β

)
(A.6)

To get all the needed values we need also the integral of a(T), as can be seen
from Eq. 20. The integral is in Eq. A.7.∫︂ T

0

a(T ) =
1

β

∫︂ T

0

LV (T )− (1− β)

β

∫︂ T

0

Ci(T ) (A.7)

With β the function for
∫︁
Ci(T ) is shown in Eq. A.8∫︂ T

0

Ci(T ) =

∫︁ T

0
ROI(T )− Va

β

∫︁ T

0
LV (T )

(α− Va(1−β)
β

)
(A.8)

Now when these equations are placed to the Eq. 15 we can solve the ROI(t):

Ci(T ) = f(
1

β

∫︂ T

0

LV (T )dt−(1− β)

β

∫︂ T

0

Ci(T )dt)−
f

p
(

∫︁ T

0
ROI(T )dt− Va

β

∫︁ T

0
LV (T )dt

(α− Va(1−β)
β

)
)

(A.9)
To make the equation more easily readable, lets mark the A as in Eq. A.10.

A = α− Va(1− β)

β
(A.10)
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When the Eq. A.10 is placed to Eq. A.9 more simple Eq. A.11 is achieved.

Ci(T ) = f(
1

β

∫︂ T

0

LV (T )dt−(1− β)

β

∫︂ T

0

Ci(T )dt)−
f

p
(

∫︁ T

0
ROI(T )dt

A
−

Va

β

∫︁ T

0
LV (T )dt

A
)

(A.11)
Next different steps are shown in Eq. A.12- A.17 to get the final Eq. A.18 where

the different variables from Eq. A.19 can be placed.

ROI(T )− Va

β
LV (T )

A
=

f(
1

β

∫︂ T

0

LV (T )dt− (1− β)

β
(

∫︁ T

0
ROI(T )− Va

β

∫︁ T

0
LV (T )

A
)

− f

p
(

∫︁ T

0
ROI(T )dt

A
−

Va

β

∫︁ T

0
LV (T )dt

A
)

(A.12)

ROI(T )− Va

β
LV (T )

A
=

f

β

∫︂ T

0

LV (T )dt− (f − β)

β

∫︁ T

0
ROI(T )

A
+

(f − β)

β

(Va

β

∫︁ T

0
LV (T )

A
)

− f

p

∫︁ T

0
ROI(T )dt

A
+

f

p

Va

β

∫︁ T

0
LV (T )dt

A

(A.13)

ROI(T )− Va

β
LV (T )

A
= (

f

β
+

(f − β)

β

Va

β

A
+

f

p

Va

β

A
)

∫︂ T

0

LV (T )dt

− (
f

p

1

A
− (f − β)

β

1

A
)

∫︂ T

0

ROI(T )dt|| · A
(A.14)

ROI(T )− Va

β
LV (T ) = (

f

β
· A+

(f − β)

β

Va

β
+

f

p

Va

β
)

∫︂ T

0

LV (T )dt

− (
f

p
− (f − β)

β
)

∫︂ T

0

ROI(T )dt||+ VaLV (T )

(A.15)

ROI(T ) = (
f

β
· A+

(f − β)

β

Va

β
+

f

p

Va

β
)

∫︂ T

0

LV (T )dt

− (
f

p
+

(f − β)

β
)

∫︂ T

0

ROI(T )dt+
Va

β
LV (T )

(A.16)

ROI(T ) = (
f

β
(α− Va(1− β)

β
+ (1− β)

Va

β
+

Va

p
)

∫︂ T

0

LV (T )dt

− (
f

p
+

(f − β)

β
)

∫︂ T

0

ROI(T )dt+
Va

β
LV (T )

(A.17)
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ROI(T ) =
f

β
(α +

Va

p
)

∫︂ T

0

LV (T )dt− f(
1

p
+

(1− β)

β
)

∫︂ T

0

ROI(T )dt+
Va

β
LV (T )

(A.18)⎧⎪⎨⎪⎩
Vfit = Va

β

K1 = f
β
(α + Va

p
)

k2 = f(1
p
+ (1−β)

β
).

(A.19)
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B Appendix Code used for the fit_h2o model
#! /usr/bin/bash

export PATH=/home/path/of_simulation/bin:$PATH
# making a library to save the data
mkdir simulation_data-fit_h2o_noise_and_no_noise_FIXED_CV-"
$( date +"%d-%m-%Y")"

path_to_data="simulation_data-fit_h2o_noise_and_no_noise_FIXED_CV-$(
date +"%d-%m-%Y")"/""

####

# Create noise-free simulated TACs for blood and muscle with high
sampling rate

fit2dat -c=0,600,1 radiowater.fit "${path_to_data}radiowater.dat"
tactime -nogap "${path_to_data}radiowater.dat" 30 "${path_to_data}btac.tac"
# noise:

c=($(seq 0 2 10))
minSD=($(seq 0 0.042 0.42))
# simulating the noise:
for j in $(seq 0 1 10 ); do
if [ $j -lt 10 ]; then n="_000$j" ;else n="_00$j" ;fi
#the amount of noise simulated

for i in $(seq 0 2 10); do
echo "i=$i"
svar4tac -minsd=${minSD[i]} -x=10 -separate

"${path_to_data}btac.tac" ${i} "${path_to_data}btacCV${i}.tac"
##Value is the value of perfusion

for value in 50 $(seq 100 100 1000); do
echo "value=$value"
## Vb is the vascular volume

for Vb in $(seq 10 2 14); do
echo "Vb=$Vb"
## fA is the arterial fraction of vascular volume in percentages

for fA in $(seq 0 5 30); do
echo "fA= $fA"
b2t_h2o -nosub -fpt
"${path_to_data}btacCV${i}$n.tac"
$value 0.91 1 $Vb $fA "${path_to_data}ttacCV${i}$n.tac"
tacadd -ovr "${path_to_data}temp.tac"
"${path_to_data}ttacCV${i}$n.tac"
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tacadd "${path_to_data}temp.tac"
"${path_to_data}btacCV${i}$n.tac"
###
# Simulate a dynamic PET phantom image
###
# Do framing for the simulation
simframe -sec "${path_to_data}temp.tac" frames.dat
"${path_to_data}mbfsimCV${i}$n.tac"
# Savig the mbfsim.tac in folder.
# Simulate a 3D phantom image
simimyoc -fwhm=0 -diameter=50 -thickness=10
-diamin=1 -dim=100 -pxlsize=1
"${path_to_data}mbfsimCV${i}$n.tac"
"${path_to_data}mbfsim1CV${i}$n.v"

simimyoc -fwhm=0 -diameter=50 -thickness=10
-diamin=0.6 -dim=100 -pxlsize=1
"${path_to_data}mbfsimCV${i}$n.tac"
"${path_to_data}mbfsim2CV${i}$n.v"

simimyoc -3D -fwhm=10 -diameter=50
-thickness=10 -diamin=0.6 -dim=100 -pxlsize=1
"${path_to_data}mbfsimCV${i}$n.tac"
"${path_to_data}mbfsim3CV${i}$n.v"

###
# Extract TACs automatically and rename the
generic "Mask"
###
# LV
img2dft "${path_to_data}mbfsim3CV${i}$n.v" lvcav.v
"${path_to_data}lvcav.dft"
tacren "${path_to_data}lvcav.dft" Mask lvcav
# Myocardium
img2dft "${path_to_data}mbfsim3CV${i}$n.v"
whole-muscle.v "${path_to_data}whole-muscle.dft"
tacren "${path_to_data}whole-muscle.dft" Mask whole
# ROI 1
img2dft "${path_to_data}mbfsim3CV${i}$n.v" roi1.v
"${path_to_data}roi1.dft"
tacren "${path_to_data}roi1.dft" Mask roi1
# ROI 2
img2dft "${path_to_data}mbfsim3CV${i}$n.v" roi2.v
"${path_to_data}roi2.dft"
tacren "${path_to_data}roi2.dft" Mask roi2
# ROI 3
img2dft "${path_to_data}mbfsim3CV${i}$n.v" roi3.v
"${path_to_data}roi3.dft"
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tacren "${path_to_data}roi3.dft" Mask roi3

# Catenate all TAC into one file
tacadd "${path_to_data}catenated_${value}_${Vb}_${fA}
_CV${i}$n.dft" "${path_to_data}lvcav.dft"
"${path_to_data}whole-muscle.dft"
"${path_to_data}roi1.dft" "${path_to_data}roi2.dft"
"${path_to_data}roi3.dft"

# Using the wanted modeling algorithm:
fit_h2o -ml -fpt -k2 -Delay=0
-fit="${path_to_data}fit_data"
"${path_to_data}lvcav.dft"
"${path_to_data}catenated_${value}_${Vb}_${fA}_CV${i}$
n.dft" 360
"${path_to_data}sim_results_${value}_${Vb}_${fA}_CV${i
}$n.res"

done
done

done
done

done
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C Appendix Code used for the fitmbf model
#! /usr/bin/bash

export PATH=/home/path/of_simulation/bin:$PATH
# making a library to save the data
mkdir simulation_data-fit_h2o_noise_and_no_noise_FIXED_CV-"
$( date +"%d-%m-%Y")"

path_to_data="simulation_data-fit_h2o_noise_and_no_noise_FIXED_CV-$(
date +"%d-%m-%Y")"/""

####

# Create noise-free simulated TACs for blood and muscle with high
sampling rate

fit2dat -c=0,600,1 radiowater.fit "${path_to_data}radiowater.dat"
tactime -nogap "${path_to_data}radiowater.dat" 30 "${path_to_data}btac.tac"
# noise:

c=($(seq 0 2 10))
minSD=($(seq 0 0.042 0.42))
# simulating the noise:
for j in $(seq 0 1 10 ); do
if [ $j -lt 10 ]; then n="_000$j" ;else n="_00$j" ;fi
#the amount of noise simulated

for i in $(seq 0 2 10); do
echo "i=$i"
svar4tac -minsd=${minSD[i]} -x=10 -separate

"${path_to_data}btac.tac" ${i} "${path_to_data}btacCV${i}.tac"
##Value is the value of perfusion

for value in 50 $(seq 100 100 1000); do
echo "value=$value"
## Vb is the vascular volume

for Vb in $(seq 10 2 14); do
echo "Vb=$Vb"
## fA is the arterial fraction of vascular volume in percentages

for fA in $(seq 0 5 30); do
echo "fA= $fA"

# Using the wanted modeling algorithm:
fitmbf -beta=0.95
"${path_to_data}catenated_${value}_${Vb}_${fA}_CV${i}$
n.dft" lvcav whole
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"${path_to_data}mbfsim_results_${value}_${Vb}_${fA}_CV
${i}$n.res"

done
done

done
done

done
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D Appendix Pseudocode for NAIST model
def read_files(path):

df=read in the file using path skipping the n first rows
as they don’t include usable data.
Next tag each column to a correct information
The file inclueds time data and five functions data points,
where one is used as the function fed to the simulation
return(time_start,time_end,aif,tac,roi1,roi2,roi3)

class model_single_component(nn.Module):
def __init__(self,parameters):

define the parameters using self
self.parameter1
self.parameter2
etc.

def convolution_in_segment(self,smaller_set_of_parameters):
Here is the function calculating the new points using the
optimized parameters
for value in range(lenght_of_time-1):

The parameters in this section are taken form the
correct place of the used parameter in question
and fed to the function which will be fed to be
the next point in the function.

return(the_function_out)
def forward(self, time,function_used_to_calculate_other_functions):

(futcof=function_used_to_calculate_other_functions)
Here parameters are clamped using torch
pakage so that each parameter value
wouldn’t get values that are impossible
for them in real sitsuations.
c_out=self.convolution_in_segment(time,futcof,parameters)
function_out=c_out+parameter1*futcof
return(function_out)

def fit_single_component(time_change,futcof,wanted_function,parameters):
Extracting the parameters from the parameters parameter.
Calling the class object to find optimal
parameters and adding them to
device
optimising the model parameters using Adam optimizer,
and set out learning rate.

Changing the lists to float tensors using
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torch and adding them to device.
looping over from starting time to the times
the iterations amount is set
Calculating loss and optimizing the parameters

Saving the parameters
taking the optimized parameters from the model
return(optimized parameters)

def convolution_calculation(time_seq,futcof,parameters):
using the change of futcof, change in time and the
optimiced parameters to calculate each new
function point so the new calculated functions
can be compared to the originals, and see how
well the optimization has gone.

for point in range of all points-1:
The actula convoluton calculation function
and saving the calculated points as numpy list.

return(timepoints, new_function)

def get_function_from_aif(time_change,futcof,optimized_parameters):
_, ca= convolution_calculation(time_change,futcof,parameters)
calculated_function=ca+va*futcof
return(calculated_function)

Next different metrics to measure how the functions fit
compared to the original functions:

def rsquared(original,simulated):
r**2
rsqured=metrics.r2_Score(originla,simulated)
return rsqured

def mean_squere_error(original,simulated):
mse=metrics.mean_squere_error(original,simulated)
return mse

def sum_squere_error(original,simulated):
sse=np.sum(original-simulated)**2)
return sse

def AIC(n,sse,k):
This calculated the AIC value using sse
aic=(n*np.log(sse/n)+2*k)+((2*k*(k+1))/(n-k-1))
return aic
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next we have the visualisation function:

def plot_aif_tac(time, all original
and simulated functions, noise value, and values for aic calculation):

all the functions are plotted in same image
as well as the generated noise
also the r squared values and AIC calculations
for the certaine noise set is plotted in the
image to compare how much they do change.

In the dynamic part, the functions are called and the optimized
parameters are used in the convolutional function. All the simulated
AIF’s and ROI’s from tpclib are run in order and all the parameters, are
saved as well as the images where the original functions and the new
simulated functions are plotted.
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E Appendix pseudocode for changes to make NASTα

model

class model_single_component(nn.Module):
def __init__(self,parameters):

define the parameters using self
self.parameter1
self.parameter2
etc.

def convolution_in_segment(self,smaller_set_of_parameters):
Here is the function calculating the new points using the
optimized parameters
for value in range(lenght_of_time-1):

The parameters in this section are taken form the
correct place of the used parameter in question
and fed to the function which will be fed to be
the next point in the function.

return(the_function_out)
def forward(self, time,function_used_to_calculate_other_functions):

(futcof=function_used_to_calculate_other_functions)
parameters are not clamped here anymore.
c_out=self.convolution_in_segment(time,futcof,parameters)
function_out=c_out+parameter1*futcof
return(function_out)

def fit_single_component(time_change,futcof,wanted_function,parameters):
Extracting the parameters from the parameters parameter.
Calling the class object to find optimal
parameters and adding them to
device
optimising the model parameters using Adam optimizer,
and set out learning rate.

Changing the lists to float tensors using
torch and adding them to device.
looping over from starting time to the times
the iterations amount is set
Calculating loss and optimizing the parameters
Saving the parameters
Clamping them for the next loop
taking the optimized parameters from the model
return(optimized parameters)
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def get_function_from_aif(time_change,futcof,optimized_parameters):
_, ca= convolution_calculation(time_change,futcof,parameters)
calculated_function=ca*alpha+va*futcof
return(calculated_function)

In the alpha model there is multiple loops that use the sum of the
original tacs to define which parameter guesses are used in the
simulating.
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F Appendix Results from fit_h2o model

F.1 Box-plots
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F.1.1 Appendix Results for boxplots of perfusion value 50 [ml min-1
ml-1] and 100 [ml min-1 ml-1] from fit_h2o model

Figure F.1. In this figure are the box plots from all the
parameters from the fit_h2o model for TAC and ROI’s
from perfusion value of 50 [ml min-1 ml-1]. The model
performs well, us suspected, in low perfusions, having near
to the simulated flow, having a Va value that is normal
and pWater =vd, stays under 1 as should..The ranges were
discussed in the results.

Figure F.2. In this figure are the box plots from all the
parameters from the fit_h2o for TAC and ROI’s from per-
fusion value of 100 [ml min-1 ml-1]. Here again values for
flow are near to the values used in the b2t_h2o simulation
data. Va is also staying in expected values and pWater
=vd, stays under 1 as should.
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F.1.2 Appendix Results for boxplots of perfusion value 300 [ml min-1
ml-1] and 400 [ml min-1 ml-1] from fit_h2o model

Figure F.3. In this figure are the box plots from all the
parameters from the fit_h2o for TAC and ROI’s from per-
fusion value of 300 [ml min-1 ml-1]. Here again values for
flow are near to the values used in the b2t_h2o simula-
tion data. Va is also staying in expected values, in slightly
lower end, and pWater =vd, stays under 1 as should. WSS
starting to get higher here.

Figure F.4. In this figure are the box plots from all the
parameters from the fit_h2o for TAC and ROI’s from per-
fusion value of 400 [ml min-1 ml-1]. Here again values for
flow are near to the values used in the b2t_h2o simulation
data. Va is starting to be low, and pWater =vd, stays un-
der 1 as should. WSS keeps on rising.
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F.1.3 Appendix Results for boxplots of perfusion value 500 [ml min-1
ml-1] and 600 [ml min-1 ml-1] from fit_h2o model

Figure F.5. In this figure are the box plots from all the
parameters from the fit_h2o for TAC and ROI’s from
perfusion value of 500 [ml min-1 ml-1]. Here again val-
ues for flow are near to the values used in the b2t_h2o
simulation data. Va is starting to be too low and pWa-
ter =vd, stays under 1 as should. WSS relativly similar
compared to the earlier one.

Figure F.6. In this figure are the box plots from all the
parameters from the fit_h2o for TAC and ROI’s from
perfusion value of 600 [ml min-1 ml-1]. Here we can see
that the flow has peaked, while in Va TAC is showing
abnormal values. The ROIs are also peaked at 0.25.
And here the WSS has spiked really high, indicating
what we can also see, which is that the model doesn’t
work in these high perfusion.
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F.2 Parameters as a function of perfusion.

F.2.1 Appendix Results for flow and k2 from fit_h2o model

Figure F.7. In this figure the flow is plotted as a function of perfusion for the
fit_h2o for TAC and ROI’s. The model worked well with the perfusion prediction,
till perfusion of 5, were we wan see a bigger cluster of points. These points are the
result from the peak we saw in the last box plot.

Figure F.8. In this figure the k2 is plotted as a function of perfusion for the fit_h2o
for TAC and ROI’s. As k2 is connected to perfusion it is showing similar pattern in
the modelling. A difference is the peak of k2 values modeled in high perfusion, and
it goes till 8, and most of the way the increase is linear.
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F.2.2 Appendix Results for pWater and Va from fit_h2o model

Figure F.9. In this figure the pWater (vd) is plotted as a function of perfusion for the
fit_h2o for TAC and ROI’s. Here the different values used to generate the original
data and the noise are easier to see. The zigzag pattern has formed when differently
generated perfusion were used.

Figure F.10. In this figure the va is plotted as a function of perfusion for the fit_h2o
for TAC and ROI’s. For Va a optimal result would be to stay near the range of 0.24-
0.20. On the other hand the point was to test different scenarios, so it might be
that some of the values around 0.18 are still valid. Here again a larger cluster near
the perfusion 5 can be seen, where the model had peaked. The zigzag pattern has
formed when differently generated perfusion were used.
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F.3 Results from fit_h2o model as mean ± standard devia-
tion

Figure F.11. The mean values with standard deviation from each parameter for
perfusion till 600 [ml min-1 ml-1]. Only TAC (whole in the fit_h2o model) and
ROI1 are shown as the other ROIs had almost identical results with ROI1.
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G Appendix Results from fitmbf model

G.1 Box-plots
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G.1.1 Appendix Results for boxplots of perfusion value 50 [ml min-1
ml-1] and 100 [ml min-1 ml-1] from fitmbf model

Figure G.1. In this figure are the box plots from all the
parameters from the fitmb for TAC and ROI’s from perfu-
sion value of 50 [ml min-1 ml-1]. Here we can see the flow,
perfusion, is near the simulated data, α is what is should
be and Va is in range as well. WSS value in this is really
small, meaning the function had a good fit to the simulated
b2t_h2o TACs’ and ROIs’.

Figure G.2. In this figure are the box plots from all the
parameters from the fitmbf for TAC and ROI’s from per-
fusion value of 100 [ml min-1 ml-1]. Here we can see the
flow, perfusion, is near the simulated data, α is what is
should be and Va is in range as well. WSS value in this
is really small, meaning the function had a good fit to the
simulated b2t_h2o TACs’ and ROIs’.
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G.1.2 Appendix Results for boxplots of perfusion value 300 [ml min-1
ml-1] and 400 [ml min-1 ml-1] from fitmbf model

Figure G.3. In this figure are the box plots from all the
parameters from the fitmbf for TAC and ROI’s from per-
fusion value of 300 [ml min-1 ml-1]. Here we can see the
flow, perfusion, is near the simulated data, α is what is
should be and Va is in range as well. WSS value starts
to get larger, meaning the function had a good fit to the
simulated b2t_h2o TACs’ and ROIs’.

Figure G.4. In this figure are the box plots from all the
parameters from the fitmbf for TAC and ROI’s from per-
fusion value of 400 [ml min-1 ml-1]. Here we can see the
flow, perfusion, is near the simulated data, α is what is
should be and Va is in range as well. WSS value starts
to get larger, meaning the function had a good fit to the
simulated b2t_h2o TACs’ and ROIs’.
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G.1.3 Appendix Results for boxplots of perfusion value 500 [ml min-1
ml-1] from fitmbf model

Figure G.5. In this figure are the box plots from all the
parameters from the fitmbf for TAC and ROI’s from per-
fusion value of 500 [ml min-1 ml-1]. Here we can see the
flow, perfusion, is near the simulated data, α is what is
should be and Va is in range as well. WSS value starts
to get larger, meaning the function had a good fit to the
simulated b2t_h2o TACs’ and ROIs’.
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G.2 Parameters as a function of perfusion.

G.2.1 Appendix Results for perfusion and ptf (α) from fitmbf model

Figure G.6. In this figure the perfusion is plotted as a function of perfusion for the
fitmbf for TAC and ROI’s. Here we can see that the fitmbf model goes all the way
till the 10. So this model doesn’t have as strict peak as the others. The clusters of
the used data can be seen starting to be sett in larger area in the line, while the
perfusion gets higher

Figure G.7. In this figure the α (PTF) is plotted as a function of perfusion for the
fitmbf for TAC and ROI’s. Here we can see how in this model the α parameter has
strict range from 0.72-0.79. The values in the higher perfusion over 0.76 start to get
quit high over all, but the model have been quite consistent with the modeling.
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G.3 Parameters as a function of perfusion.

G.3.1 Appendix Results for rMBF and Va from fitmbf model

Figure G.8. In this figure the The mean blood flow in myocardial region (rMBF) is
plotted as a function of perfusion for the fitmbf for TAC and ROI’s. In this figure
the cluster for the different data from same perfusions start to get more variations
in the modeling after perfusion of 6.

Figure G.9. In this figure the Va is plotted as a function of perfusion for the fitmbf
for TAC and ROI’s. Here the zigzag from the simulated data can be seen again.
But again fitmbf stays in line with 0.22-0.14. Optimal value here would probably be
something near constant, but the model performs surprisingly well with this wide
range data.
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G.4 Results from fitmbf model as mean ± standard deviation

Figure G.10. The mean values with standard deviation from each parameter for
perfusion till 1000 [ml min-1 ml-1]. Only TAC (whole in the fitmbf model) and
ROI1 are shown as the other ROIs had almost identical results with ROI1.
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H Appendix Results from NAIST model

H.1 Box-plots

H.1.1 Appendix Results for boxplots of perfusion value 50 [ml min-1
ml-1] and 100 [ml min-1 ml-1] from NAIST model

Figure H.1. In this figure are the box plots from all the parameters from the NAIST
for TAC and ROI’s from perfusion value of 50 [ml min-1 ml-1]. Here we can see that
the ROIs perform quite well. TAC has problems with this small perfusion. It breaks
in almost everything, k2 is high, K1 is high and Va is negative (not possible). Also
the ∆AIC value for the model is noticeable higher.
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Figure H.2. In this figure are the box plots from all the parameters from the NAIST
for TAC and ROI’s from perfusion value of 100 [ml min-1 ml-1]. Here again we can
see that the ROIs perform quite well. TAC has problems with this small perfusion.
It breaks in almost everything, as k2 is high, K1 is high and Va is negative (not
possible). Also the ∆AIC value for the model is noticeable higher.
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H.1.2 Appendix Results for boxplots of perfusion value 300 [ml min-1
ml-1] and 400 [ml min-1 ml-1] from NAIST model

Figure H.3. In this figure are the box plots from all the parameters from the NAIST
for TAC and ROI’s from perfusion value of 300 [ml min-1 ml-1]. But here the model
starts to perform better, as it did in the 200 perfusions that is shown in results.
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Figure H.4. In this figure are the box plots from all the parameters from the NAIST
for TAC and ROI’s from perfusion value of 400 [ml min-1 ml-1]. Here the values are
around what they should. ∆AIC is small.
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H.1.3 Appendix Results for boxplots of perfusion value 500 [ml min-1
ml-1] and 600 [ml min-1 ml-1] from NAIST model

Figure H.5. In this figure are the box plots from all the parameters from the NAIST
for TAC and ROI’s from perfusion value of 500 [ml min-1 ml-1]. Here the Va starts
to get higher, but nothing too out of ordinary yet.
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Figure H.6. In this figure are the box plots from all the parameters from the NAIST
for TAC and ROI’s from perfusion value of 600 [ml min-1 ml-1]. But here Va is
clearly too high. Also the |∆AIC| is decreasing meaning the fit is not as good as it
was.
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H.1.4 Appendix Results for boxplots of perfusion value 700 [ml min-1
ml-1] and 800 [ml min-1 ml-1] from NAIST model

Figure H.7. In this figure is the box plots from all the parameters from the NAIST
for TAC and ROI’s from perfusion value of 700 [ml min-1 ml-1]. Regardless of the
low |∆AIC| the model has fully peaked now. K1 should be higher and the Va is too
high.
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Figure H.8. In this figure is the box plots from all the parameters from the NAIST
for TAC and ROI’s from perfusion value of 800 [ml min-1 ml-1]. Here we can further
see the model starting to mall function, as the Va keeps going up the K1 decreases.
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H.1.5 Appendix Results for boxplots of perfusion value 900 [ml min-1
ml-1] and 1000 [ml min-1 ml-1] from NAIST model

Figure H.9. In this figure is the box plots from all the parameters from the NAIST
for TAC and ROI’s from perfusion value of 900 [ml min-1 ml-1]. These values Are
just out of the scope. The k2 hasn’t risen sense 5 while Va is in 0.44. This model
could benefit from having tighter range the model is allowed to predict the values.
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Figure H.10. In this figure is the box plots from all the parameters from the NAIST
for TAC and ROI’s from perfusion value of 1000 [ml min-1 ml-1]. Regardless of
the bad parameters, the function fitted still well. Which has no use, when the
parameters are this much of. But it is normal that the model has some limits. This
one as is is limited till perfusion of 5.
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H.2 Parameters as a function of perfusion.

H.2.1 Appendix Results for k1 and k2 from NAIST model

Figure H.11. In this figure the k1 is plotted as a function of perfusion for the NAIST
for TAC and ROI’s. From these figures the peak of perfusion 5, is even more clearer.

Figure H.12. In this figure the k2 is plotted as a function of perfusion for the NAIST
for TAC and ROI’s. The value of k2 was limited till 5, which can be seen here.
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H.2.2 Appendix Results for va and vd from NAIST model

Figure H.13. In this figure the va is plotted as a function of perfusion for the NAIST
no α for TAC and ROI’s. The parameter Va worked well tile perfusion of 4 or 5.
After that the values are just too high.

Figure H.14. In this figure the vd is plotted as a function of perfusion for the NAIST
no α for TAC and ROI’s. Here again the decline can be seen already after perfusion
of 4 [ml/min/g]. Before the values are ≈ 0.72.
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H.3 Results from NAIST model as mean ± standard devia-
tion

Figure H.15. The mean values with standard deviation from each parameter for
perfusion till 1000 [ml min-1 ml-1]. Only TAC and ROI1 are shown as the other
ROIs had almost identical results with ROI1.
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I Appendix Results from NASTα model

I.1 Box-plots

I.1.1 Appendix Results for boxplots of perfusion value 50 [ml min-1
ml-1] and 100 [ml min-1 ml-1] from NASTα model

Figure I.1. In this figure is the box plots from all the parameters from the NASTα
for TAC and ROI’s from perfusion value of 50 [ml min-1 ml-1]. Here we can see the
model works for all the TAC and ROIs quite well. The only value that is off is the
α value that is lower than commonly recorded.
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Figure I.2. In this figure is the box plots from all the parameters from the NASTα
for TAC and ROI’s from perfusion value of 100 [ml min-1 ml-1]. Here againt he
values are good and the α fits more the recorded values. As seen the function fit
from ∆AIC is low.
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I.1.2 Appendix Results for boxplots of perfusion value 300 [ml min-1
ml-1] and 400 [ml min-1 ml-1] from NASTα model

Figure I.3. In this figure is the box plots from all the parameters from the NASTα
for TAC and ROI’s from perfusion value of 300 [ml min-1 ml-1]. Here most of the
parameters have been optimized well. The outliers in the plots are results from
using wrong guesses for the parameters in the beginning. Regardless the values that
have used the correct set have worked. Vd is near one, but it is still under. As seen
the function fit from ∆AIC is low.
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Figure I.4. In this figure is the box plots from all the parameters from the NASTα
for TAC and ROI’s from perfusion value of 400 [ml min-1 ml-1]. Here also some
outliers can be seen. These are again result from using the wrong parameter guesses
in the beginning. Over all the other parameter results look good, except the Vd
for the TAC, that goes bit over 1, excluding the outliers. In future the starting
parameters for perfusion 400 [ml min-1 ml-1] should be more tuned. As seen the
function fit from ∆AIC is low.



I-5

I.1.3 Appendix Results for boxplots of perfusion value 500 [ml min-1
ml-1] and 600 [ml min-1 ml-1] from NASTα model

Figure I.5. In this figure is the box plots from all the parameters from the NASTα
for TAC and ROI’s from perfusion value of 500 [ml min-1 ml-1]. Here some problems
with the parameters start to be seen. But this could be due to the clamp used that
might limit other parameters from getting higher values. Over all this model seems
to break in this perfusion. As seen the function fit from ∆AIC is low.
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Figure I.6. In this figure is the box plots from all the parameters from the NASTα
for TAC and ROI’s from perfusion value of 600 [ml min-1 ml-1]. From here on the
parameters start to be more off. Values for α are too low, Va starts to get higher
values. Interesting thing is that the Vd is near 1. So even the values are bit off,
tuning the beginning guesses more could actually result in better results. As seen
the function fit from ∆AIC is low.
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I.1.4 Appendix Results for boxplots of perfusion value 700 [ml min-1
ml-1] and 800 [ml min-1 ml-1] from NASTα model

Figure I.7. In this figure is the box plots from all the parameters from the NASTα
for TAC and ROI’s from perfusion value of 70 0[ml min-1 ml-1]. Here the values
are already in the limits. For Va the values are too high and for α the values are
too low. The Vd is under one, so this could actually benefit from testing different
beginning guesses, as they are slightly off. As seen the function fit from ∆AIC is
low.
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Figure I.8. In this figure is the box plots from all the parameters from the NASTα
for TAC and ROI’s from perfusion value of 800 [ml min-1 ml-1]. As mentioned
earlier the values are now off, but again the Vd is under one. As the values are
not too much of the model could benefit from tuning the beginning guesses to find
optimal values for this high perfusion set from 500-1000 [ml min-1 ml-1]. As seen
the function fit from ∆AIC is low.
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I.1.5 Appendix Results for boxplots of perfusion value 900 [ml min-1
ml-1] and 1000 [ml min-1 ml-1] from NASTα model

Figure I.9. In this figure is the box plots from all the parameters from the NASTα
for TAC and ROI’s from perfusion value of 900 [ml min-1 ml-1]. Even that the 800
[ml min-1 ml-1] and 900 [ml min-1 ml-1] are identical this is not a mistake but the
model did perform this way for these two. As seen the function fit from ∆AIC is
low.
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Figure I.10. In this figure is the box plots from all the parameters from the NASTα
for TAC and ROI’s from perfusion value of 1000 [ml min-1 ml-1]. The value for Va
keeps increasing and for α decreasing. These values are too high and low for now.
Here also Vd is under 1. As seen the function fit from ∆AIC is low.
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I.2 Parameters as a function of perfusion.

I.2.1 Appendix Results for k2 and perfusion from NASTα model

Figure I.11. In this figure the k2 is plotted as a function of perfusion for the NASTα
for TAC and ROI’s. The value increases linearly.

Figure I.12. In this figure the perfusion is plotted as a function of perfusion for the
NASTα for TAC and ROI’s. Here also the perfusion increases linearly.
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I.2.2 Appendix Results for Va and vd from NASTα model

Figure I.13. In this figure the Va is plotted as a function of perfusion for the NASTα
for TAC and ROI’s. Here we can see the models parameter guessing failing between
the 4 and 5. All the points should cluster like in perfusion 2 and 3 in a same perfusion
line, but they are based out to this wider range.

Figure I.14. In this figure the vd is plotted as a function of perfusion for the NASTα
for TAC and ROI’s. Here the outliers are easier to see. The clear lines away from
the clusters are straight indicators from the model failing. Either clusters or clear
zigzag should be forming.
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I.3 Results from NASTα model as mean ± standard devia-
tion

Figure I.15. The mean values with standard deviation from each parameter for
perfusion till 1000 [ml min-1 ml-1]. Only TAC and ROI1 are shown as the other
ROIs had almost identical results with ROI1.
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J Appendix All models mean ± standard deviation



J-2

Figure J.1. The mean values with standard deviation from each parameter from all
the models



K-1

K Appendix Flow chart for the study with patient
data

Figure K.1. Flow chart for patient data run. Patient data is used for all the models
and from this all the box-plots and functions are done. Each model had either
weighted sum of squares or R2 and Akaike Information Criterion (AIC) used as a
measure of goodness of fit. To analyze the results more, scatted plots were made.
For the thesis only the scatter plot is shown.
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