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About this lecture (what you should learn)

Contents of the talk Key terminology
* PET imaging * Dynamic PET
* |mage segmentation * TAC
 PET modelling e Compartment model
* Interpretation e Patlak plot
* Logan plot

* Parametric imaging
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Why do we need modelling?

PET images can contain millions of pixels (or voxels or data points)
* Bigdata

PET images are 3D (static) or 4D (dynamic)
* Hard to visualise

Analysis is complex
e Automation helps (a little)

Conclusions are difficult to make
* Modelling helps (a lot)

Modelling is needed to extract important information
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Static and dynamic imaging

Static PET imaging Dynamic PET imaging Image analysis
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40 minutes 40 minutes, 13 frames Segmentation, modelling

These example images were provided by Prof. Kirsi Virtanen.
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\/\/hy PET imaging? Clinical motivation

* Locate diseases, e.g. cancer

* Find malfunctions, e.g. ischemia

To understand how
organism functions

Understanding physiology

® © 06 0606 006006 0 0 00 * Neuroimaging, e.g. emotions
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* Metabolic imaging, e.g. brown fat

Research

 Drugdevelopment, e.g. distribution
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PET imaging flow

Radioactive tracer PET imaging IMEEEEREWSE
e Various different tracer for * Duration from a couple of * Segmentation
different purposes, e.g. minutes to tens of minutes : : :
_ _ e Visual inspection
radioactive water for blood e Patient lays stil
flow, glucose (FDG) for * Modelling
metabolism ° Typlcally with CT or MRl e Results

e Produced with cyclotron
and radiochemistry lab

* |njection (or inhale)
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Image segmentation

Manual segmentation
e 2D tools (e.g. paintbrush)
* Tedious & subjective (low repetitive)

e Human control

Semi-automatic segmentation
e 2Dor3Dtools (e.g. region grow algorithm)
* Less tedious & subjective

e Some human control

Automatic segmentation

e 2D, 3D or4D methods (e.g. deep learning)
* Fast & objective (repetitive)
* No human control
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PET-MRI image segmentation in neuroimaging

Automatic PET-MRI registration Automatic MRI segmentation

* Dynamic PET and MRI images are * Manually segmented MRI

registered templates
MRI brain template &
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PET-MRI image segmentation in neuroimaging

Prefrontal Cortex Pregenual

Anterior-_ A Cingulate.
Cingulate 2 ‘
Sensorimotori Striatum
M R Cortex ’
Parietal _ ~ Occipital
Cortex Cortex

PET
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Time Activity Curve (TAC)

Dynamic PET images form a 3D video over time

Biokinetics of 11C-Choline

Activity in a PET image for the same region in
different time is called Time Activity Curve (TAC)

The region can be e.g.

e Segmented tissue or organ

* Asingle voxel

Radioactivity (kBg/ml)

e TAC illustrates how the tracer behaves over time

* TACs in different regions have different behaviour

0 5 10 15 20 25 30 35 40
Time (min)

[ —+—Kidney —=—Liver +  Spleen Lung —e— Muscle

T. Tolvanen: Studies on dosimetry of positron emitting
radiopharmaceuticals. Doctoral dissertation, 2023.
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Modelling of tracer kinetics

* Tracer injection and steady state

* |njection time(s) and imaging time

* Depending on tracer, imaging can be done

: S Steady stat
several minutes after the injection eady state

Activity

* Delay: tracer reaches some tissues
earlier than others

* Tracer behaviour

* Reversible uptake

* [rreversible uptake
Injection
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ldea of PET modelling

Tissues are considered as separate compartments assuming
* Uniform concentration in each compartment
* Tracer flow from a compartment is relative to it’s concentration

* Tracer does not change physiology

Labelling the tracer molecule with a radionuclide does not alter its
properties

EEEEEREEEEEENXX (@TurkuPET

® 6 06 06 6 0606 0 60 0 0 0 0 CENTRE



Compartment models

 Compartmentis a uniform object with
measurable matter (=tracer concentration)

* Marked typically as a box (C;, C,, C5)

* Flow is a constant that determines movement
of the matter

(=
i>
* Marked typically as an arrow (f;, f, , f5) .

* |dea of compartment model is to model the
flow of the matter in time in each C,

g
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Compartment models, dynamic modelling

* Concentration in a compartment is a function of
time [denoted C(t)], and flow is constant [f]

* From a PET image we can define values C,(t) for
each measured timepoint

* We are interested in finding the flow constants f,

e E.g. change of C,(t) at time t is C,(t) f,-C4(t) f; and
change of C5(t) is C,(t) f5
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Compartment models, example

A. Blood
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Compartment models, formulas

* |In mathematical notion the example model
becomes a differential equation:

0C1 (1)

(=
4>

FTa C,()f2 — C(Dfx @
. .

= GOfi -G (Of, — GOfs

aC3(t)
ot

= C,(D)f3

* Fitting the measured C(t) values to this model
gives the flow constants f.
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Compartment models
In PET imaging

ADD FIG HERE

Typical models in PET have 2 or 3 compartments
* One compartment is blood

e Other compartments for tissues or organs

Thus 1 tissue compartment model
=2 compartment model
and 2 tissue compartment model

=3 compartment model,

Blood in compartment model is called input function.

It can be measured or estimated from image
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Patlak plot for irreversible uptake, 17TCM

Blood Tissue
Patlak plot is based on the observation that solution of f,
simple irreversible model satisfies
t
Co(t) _ Jo C1(S)ds+ 1 tissue compartment model
C1(t) C1(t)
_ ' ftC (s)ds _
In other words, plotting 210 against —L—— gives a line aC,(t)
C1(t) C1(t) ASTa. c,(Of;
dt

* Works also for 2 tissue compartment model

Turku PET
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What is f; C1 (s)ds ?

t ... :
= fo C1 is integral from O to t, which means area under the curve

* |n practice simple area

* Only rectangulars and triangles

t
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Patlak plot for irreversible uptake, 2TCM

Tissue C(t)

Time activity curves

\, J
2 tissue compartment model

acalft) =CMf2—-C(fi

9,
20 G Ofi ~ 6 Of ~ GOF:

dC3(t)
= C,(t
18E_FDG scan, brain and aorta. dt 2(1)fz
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Patlak plot for irreversible uptake, 2TCM

Tissue C(t)
Patlak plot )
; >
Cr(t)
Ci(t) =
3 ° L J
= 2 tissue compartment model
02
_;_2 aC,(t)
1 ot C,()f, — C1 (D fq
9C, ()
0 22— C(fs —C, () — Ca(t)
1000 2000 3000 4000 at 1(Of =6 Of = GO
Cumulative input/input 8C,()
3
= C,(t
18F_FDG scan, brain and aorta. ft ¢, (s)ds ot 2(1)fz
(0]
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Patlak plot for irreversible uptake,
2TCM, reference tissue

Tissue C(t)

Time activity curves Blood 1 )
-
\ y
! ! ﬁ 2 tissue compartment model

Reference
tissue

Putamen
—x— Cerebellum

1000 2000 3000
Time (s)

Cerebellum can be used as a reference
18F-FDOPA scan, putamen and cerebellum. tissue in FDG or FDOPA studies.
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Patlak plot for irreversible uptake,
2TCM, reference tissue

Tissue C(t)
Patlak plot Blood )
>
Cr(t) o
) B -
G) L )
;qC‘) 2 tissue compartment model
)
-
(V)]
n
— Reference
tissue
0 1000 2000 3000 4000
Cumulative reference/Reference
t Cerebellum can be used as a reference
18F-FDOPA scan, putamen and cerebellum. fo Cr (s)ds Secue 7 EDE G EROEE stidig

Cr(s) |
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Logan plot for reversible uptake,
1TCM

Patlak plot is based on the observation that solution of
simple irreversible model satisfies
fot Cz(s)ds fot Cl(s)ds

C2(t) C2(t)

fOtC (s)ds f(f Cl(s)ds

e against e gives a

In other words, plotting
line

* Works also for 2 tissue compartment model

1 tissue compartment model

aCy(t)
ot

=Cf-GM®f:

dC, (1)

T C,(Dfi — C(Of;




Logan plot for reversible uptake, 2TCM

Time activity curves

—e— Thalamus
- | —x— Blood

2 tissue compartment model

06,{t) =C,(t)f; — C(Dfy
ot
aC
% ;t(t) = C1(t)f1 — C, (O(f; + f3) + C3(D)f,
01 THTXE O X =X e %
0 1000 2000 3000 4000 aw) = (D f3- C3(O)f,

Time (s)

11C-carfentanil scan, thalamus and blood. ® 60606 0 0O




Logan plot for reversible uptake, 2TCM

Logan plot
L 1400+
fot Cr(s)ds 5

CT(t) |: 1200‘
% 000 2 tissue compartment model
9 8001
— aC, (t
_g 600 - alt( ) = C,(D)f2 — C1(Df1
© 4001
= dC, (1)
g 200 ot Ci(O)fi —C (2 + f3) + CG(Df,
O 0L | | | , ,

O 1000 2000 3000 4000 5000 % = G () f3- CG3(B) fa
Cumulative input / Tissue [fc (s)ds ;
0
HC-carfentanil scan, thalamus and blood. C;(t) ®© 0606 00 0O




Logan plot for reversible uptake,

2TCM, reference tissue

Time activity curves

121
g 101 ¢,
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2 6] %_ —x= Occipital cortex
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0 1000 2000 3000 4000

Time (s)
HC-carfentanil scan, thalamus and occipital cortex.

Blood

Tissue C(t)

| ELH ]

2 tissue compartment model

Reference
tissue




Logan plot for reversible uptake,

2TCM, reference tissue Tissue Cy(t)
. Blood
J, Cr(s)ds Logan plot E3>
() 350001

U
S 4000+
2 2 tissue compartment model
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Compartment models in PET

Tissue

e Step one: define your model
* Based on literature or experiments

e Step two: obtain data
 PET scan and image analysis

Activity

* Step three: modelling
e Use software to find coefficients (=131 ke20.92 kiz0.47 k.=0.27
1—L. , Kp—=U. , K3—=U. ) Kg—=U.
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How to interpret modelling results?

Blood Tissue Tissue

Interpretation depends on the tracer 2 4
» Different tracers are used to image different K, K

functions

. _ 2 tissue reversible compartment model
For example, FDG accumulates in myocardium and

is used to image glucose uptake

e FDG can be used to measure metabolism
e (Cancertissue can be located with FDG

* In many applications the most interesting parameter is K;

* |trepresents the transport of the tracer blood compartment to the first tissue
compartment

* Larger value means faster transport
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Parametric imaging

PET image
 For modelling regions, only one activity value per time point
is considered 1‘_
/
* Parametric imaging refers to modelling of individual voxels
« Compartment modelling computationally demanding ‘

* Typically Logan or Patlak methods are used TAC for region

PET image TAC for each voxel Parametric image I

Lt
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Example MATLAB project
compartment models

Pharmacokinetic Modeling

compartmental model compartmental model

S drug compartment concentration versus time rumbar of drug compartment concentration versus time
compartments L o 5.0 Or compartments e o tee 3.0
4. kyn 39 E
0.2 &y 1.4 2.5:—

drug elimination kinetics drug elimination kinetics

compartment: one two

order: pth 18t o ond

el 4

compartment: ane wo

order: gth 18t o gnd

kel 1 o

concentration

concentration

Kel2 1.7 S\ \ Hel,2 o
partment 15 compartment
drug adsarption
kg ) ks

time time

dosing scheme

plot legend O £ plot legend
number of doses 5
- compartment 1 concentratior dose interval r : compartment 1 concentratior
—— compartment 2 concentratior —— compartment 2 concentratior
toxic dose toxic dose
effective dose effective dose

https://demonstrations.wolfram.com/PharmacokineticModeling/
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What you should have learn

Contents of the talk Key terminology
* PET imaging * Dynamic PET
* |mage segmentation * TAC
 PET modelling e Compartment model
* Interpretation e Patlak plot
* Logan plot

* Parametric imaging
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Forum for Interdisciplinary Mathematics

Rifou Kién Ralnio

Modeller’s Guide to PET Imaging

ojurey - u[y

Kinetic modelling in positron emission tomography (PET) has evolved alongside
scanner development over the past 50 years. Yet, despite its central role in quantitative
a single, comprehensive resource covering both theory and applications has
been missing. Building on decades of expertise at Turku PET Centre, Modeller’s Guide
to PET Imaging brings this knowledge together in a clear, systematic textbook. Riku Klén
Designed for cliniclans, physicists, and researchers alike, this book offers a structured
introduction to the analysis of dynamic PET data. It combines theoretical foundations Oona Rai nio
with practical implementation, explaining mathematical concepts, statistical methods,
and modelling techniques through accessible text, {llustrations, and fully worked

Python examples,

The book spans the full workflow of PET analysis—from imaging physics and data

processing to advanced kinetic modelling. Core topics include compartment models,

graphical approaches such as Patlak and Logan plots, and spectral analysis, alongside

applications across major organs

e

With more than 120 exercises and extensive code examples, readers are encouraged

to apply concepts directly to real PET data, making this both a practical learning

I o

resource and a long-term reference.
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