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Abstract. Positron Emission Tomography (PET) with pharmacokinetic
(PK) modelling is a quantitative molecular imaging technique, however
the long data acquisition time is prohibitive in clinical practice. An ap-
proach has been proposed to incorporate blood flow information from
Arterial Spin Labelling (ASL) Magnetic Resonance Imaging (MRI) into
PET PK modelling to reduce the acquisition time. This requires the con-
version of cerebral blood flow (CBF) maps, measured by ASL, into the
relative tracer delivery parameter (R1) used in the PET PK model. This
was performed regionally using linear regression between population R1

and ASL values. In this paper we propose a novel technique to synthesise
R1 maps from ASL data using a database with both R1 and CBF maps.
The local similarity between the candidate ASL image and those in the
database is used to weight the propagation of R1 values to obtain the
optimal patient specific R1 map. Structural MRI data is also included
to provide information within common regions of artefact in ASL data.
This methodology is compared to the linear regression technique using
leave one out analysis on 32 subjects. The proposed method significantly
improves regional R1 estimation (p < 0.001), reducing the error in the
pharmacokinetic modelling. Furthermore, it allows this technique to be
extended to a voxel level, increasing the clinical utility of the images.

1 Introduction

Positron Emission Tomography (PET) is a powerful molecular imaging technique
which can be used to quantify the density of a target of interest in vivo, using a
targeted radiotracer. However, full quantification requires a long, dynamic image
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acquisition to cover the delivery, binding and washout of the tracer, to facilitate
PK modelling and the extraction of parameters of interest. Since an acquisition
time of 60 minutes or more is not clinically feasible, instead a single static 10
minute acquisition is performed and the standardised uptake value ratio (SUVR)
is calculated to estimate the relative uptake of the tracer. However, since this
estimate is derived from a single time point, variations in blood flow, which
influence the delivery and washout of the tracer, cannot be accounted for. Con-
sequently SUVR measures become biased, confounding results in longitudinal
studies where, in conditions such as Alzheimer’s Disease (AD), there will be
both changes in blood flow and the abundance of the biological target [1].

A framework to perform PK modelling on 30 minutes of PET data by incor-
porating blood flow information from simultaneously acquired MRI was proposed
in [2]. This approach halves the acquisition time by assuming that the relation-
ship between cerebral blood flow (CBF) measured using arterial spin labelling
(ASL) MRI and the PET tracer delivery parameter R1 can be approximated
using a global linear regression derived from regional average values. However,
image artefacts, limitations in image acquisition and assumptions in the ASL
model used to calculate CBF mean that the errors within the CBF estimates
vary across the brain. This will alter the relationship between ASL-CBF and
PET tracer delivery [3]. Furthermore, due to low SNR and the resulting noise in
the CBF estimates, performing linear regression for each region is non-trivial.

In this paper we propose to synthesise PET tracer delivery R1 maps from
ASL-CBF maps and structural T1 data using information propagation from a
database of subjects with ASL-CBF, T1 and PET-R1 data. Local similarity be-
tween the unseen candidate data and the database is used to propagate database
PET-R1 information into the candidate subject space. The use of a local simi-
larity metric ensures that small-scale variation can be accounted for, whilst the
use of a multi-modal database ensures that the method is robust to artefacts and
uncertainties in the CBF estimation. This allows the technique to be extended to
voxel-wise analysis which is required to detect local changes which differentiate
between forms of disease and allow early diagnosis.

The methodology was evaluated in 32 subjects participating in a study of age-
ing/preclinical AD where the tracer target was amyloid-�, as quantified by the
binding potential (BPND). Our approach gives a significantly improved estima-
tion of R1 on both regional and voxel-wise scales compared to [2]. This translates
into significantly lower errors in BPND estimates, such that amyloid burden can
be accurately quantified using a single 30 minute PET/MRI acquisition.

2 Methods

2.1 MRI-PET database construction and R1 synthesis

For each of the N subjects forming the database, the MRI data (including struc-
tural T1 and ASL-CBF) are affinely registered into PET-R1 space. The input
database thus consists of ASL-CBF and T1 data, and the output database con-
tains the corresponding subject PET-R1 maps, as shown in Fig. 1. For R1-map
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synthesis, the multi-contrast approach from [4] is used. The ASL-T1 pairs in the
input database are registered to the candidate data using an affine registration to
initialise the non-rigid registration [5]. The convolution based local normalised
cross correlation (LNCC) is then calculated between each registered ASL-T1
pair in the database and the candidate ASL-T1 pair. This local similarity metric
is then summed across the 2 channels, and is used to weight the contribution of
each propagated R1-map from the output database to the synthetic R1-map [6].
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Fig. 1: a) Multi-channel registration transforms input database images into the
candidate subject space. The local similarity between the images is calculated,
b) and is used to weight the propagation of R1 information from the output
database into candidate space. c) The synthesised R1 map is combined with
dynamic PET data and PK modelling is used to derive the target density map.

2.2 PET quanti�cation using the SRTM

The simplified reference tissue model (SRTM) [7] is used to quantify the PET
data, using the linearised formulation as in (1), where a set of basis functions
for CR(t)
e�θt are pre-calculated over a physiologically plausible range of � [8].
The tracer-target interaction is modelled using one tissue compartment where
the tracer concentration in the reference region CR(t) is the input function,
and the target tissue concentration is CT (t). The model contains 3 parameters,
R1 (the rate of delivery in the target tissue relative to reference tissue), k2 (the
transfer rate constant from target tissue to blood), and the parameter of interest
BPND (the binding potential which is related to target density and consequently
amyloid-� burden). The parameters are estimated using curve fitting to CR(t)
and CT (t) measured from t = 0 at tracer injection over a sufficient duration.

CT (t) = R1CR(t) + �CR(t)
 e�θt

where � = k2 �R1k2=(1 +BPND); � = k2=(1 +BPND)
(1)


