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Abstract

Background Quantifying biological parameters of interest through dynamic positron emission tomography (PET)
requires an arterial input function (AIF) conventionally obtained from arterial blood samples. The AlF can also be
non-invasively estimated from blood pools in PET images, often identified using co-registered MRl images. Deploying
methods without blood sampling or the use of MRI generally requires total body PET systems with a long axial field-
of-view (LAFOV) that includes a large cardiovascular blood pool. However, the number of such systems in clinical use
is currently much smaller than that of short axial field-of-view (SAFOV) scanners. We propose a data-driven approach
for AIF estimation for SAFOV PET scanners, which is non-invasive and does not require MRI or blood sampling using
brain PET scans. The proposed method was validated using dynamic "8F-fluorodeoxyglucose ['®FIFDG total body PET
data from 10 subjects. A variational inference-based machine learning approach was employed to correct for peak
activity. The prior was estimated using a probabilistic vascular MRI atlas, registered to each subject’s PET image to
identify cerebral arteries in the brain.

Results The estimated AlF using brain PET images (IDIF-Brain) was compared to that obtained using data from the
descending aorta of the heart (IDIF-DA). Kinetic rate constants (K}, k,, k;) and net radiotracer influx (K)) for both cases
were computed and compared. Qualitatively, the shape of IDIF-Brain matched that of IDIF-DA, capturing information
on both the peak and tail of the AIF. The area under the curve (AUC) of IDIF-Brain and IDIF-DA were similar, with an
average relative error of 9%. The mean Pearson correlations between kinetic parameters (K;, k,, k;) estimated with
IDIF-DA and IDIF-Brain for each voxel were between 0.92 and 0.99 in all subjects, and for K;, it was above 0.97.

Conclusion This study introduces a new approach for AIF estimation in dynamic PET using brain PET images, a
probabilistic vascular atlas, and machine learning techniques. The findings demonstrate the feasibility of non-invasive
and subject-specific AIF estimation for SAFOV scanners.
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Introduction

Dynamic PET images capture the time course of radio-
pharmaceutical uptake within specific organs or tissues.
Kinetic modelling maps these images to images of kinetic
parameters, which reflect physiological and biochemical
processes within tissue or regions of interest analysis [1,
2]. Parametric imaging is increasingly used in research
with a growing interest in its applications in clinical diag-
nosis, therapy monitoring and treatment planning [3], as
disease states may perturb tissue kinetic parameters [4—
7]. For instance, the kinetic analysis of '®F-fluorodeoxy-
glucose (["*F]FDG) uptake can differentiate lung cancer
patients into those with either short or long survivals [8].
In contrast, the kinetic constants K; and K; for *F-fluo-
rocholine can distinguish between malignant and healthy
prostate tissue [9]. Analysis of radiotracer kinetics can
also increase diagnostic accuracy in oncological applica-
tions [3, 10].

Estimation of kinetic parameters requires knowledge
of the arterial input function (AIF) [11]. An ideal input
function estimation method should be non-invasive,
accurate, specific to the individual and amenable to wide
implementation. Traditionally, the input function has
been measured using arterial blood sampling, which is
invasive and labor-intensive [12]. A non-invasive alterna-
tive is to use an image-derived input function, estimated
from blood pools in large vascular structures within the
PET image. Imaging of such vascular structures is eas-
ily achieved with long axial field-of-view (LAFOV) total
body PET systems (with axial length greater than 70 cm),
in which the heart and proximal aorta are present in the
field-of-view (FOV). For brain scans performed with
short axial field-of-view (SAFOV) scanners, the largest
vessels imaged, the carotid arteries, are of smaller diam-
eter (~5 mm) in comparison to the aorta, and additional
co-registered magnetic resonance scans are often utilised
for their segmentation [12-14]. Another consequence
of the small diameter of the carotid arteries is that the
estimated image derived input function is affected by
radiotracer spill-over and spill-in due to partial volume
effects. Following a bolus injection of radiotracer, the
input function radiotracer concentration rises rapidly
to a peak which precedes a tail in which activity gradu-
ally decreases over time. Counts originating from intra-
arterial radiotracer that spill over into adjacent voxels
lower the estimated input function peak, while counts
from adjacent voxels that spill into arterial voxels elevate
the tail of the input function. Deconvolution to correct
for these partial volume effects requires knowledge of
the scanner point spread function and of patient-specific
arterial anatomy [14-16].

A different approach is to use a population-based input
function, generally scaled using at least one blood sample
from the subject [17]. Here, inaccuracies, particularly in
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microparameter estimates, can result when the shape
of the actual input function differs from the population
average, for example, when radiotracer injection proto-
cols differ. Simultaneous estimation of the input function
and kinetic parameters has also been performed using
methods incorporating a mathematical model for the
input function, additionally requiring at least one venous
blood sample [18].

Machine learning (ML) methods have also been
applied to non-invasive AIF estimation in the individual
subject without blood sampling. Varnyu et al. employed
a deep neural network implementation to estimate arte-
rial input function (AIF) utilizing sinogram data [19].
Kuttner et al. showcased that long short-term memory
(LSTM) recurrent neural network models yield reduced
error rates compared to Gaussian process regression in
estimating the input function from tissue time activity
curves. However, most methods are supervised learn-
ing methods requiring paired training data [20, 21]. This
is a major drawback because the amount of paired data
available for training is generally small, resulting in poor
generalization. This motivated us to develop a machine
learning method that does not require arterial blood
sampling data for training.

We propose a novel method for non-invasive AIF esti-
mation in individual subjects from head images that can
be used with SAFOV scanners. The method incorporates
information from a probabilistic vascular atlas [22], and
applies variational inference, a probabilistic machine
learning technique. This approach enables the estimation
of peak activity corrected input function from limited
data. The prior for Bayesian variational inference is the
mean input function calculated from the subject specific
brain PET images using vascular atlas. To our knowledge,
this is the first non-invasive method for input function
estimation using a machine learning approach that does
not require training with previous example data.

Materials and methods

Human data and acquisition protocol

Total body PET data were acquired using a Biograph
Vision Quadra in list mode started 15 s prior to the intra-
venous injection of ['®F]JFDG (mean activity: 235+51
MBg; i.e., approximately 3 MBq/kg). Emission data were
acquired for 65 min. The data were binned into 62 frames
using the following frame durations: 2x10 s, 30x2 s,
4%x10s,8x%x30s, 4x60 s, 5x120 s, and 9x300 s. Fram-
ing windows are fixed as this work is based on the use of
retrospective data. Images were reconstructed using the
Siemens PSF + TOF algorithm with conventional attenu-
ation, scatter and random count correction strategies
[23]. Of the 24 datasets from oncological patients, 10
were selected randomly to test the developed method.
The Sample size of 10 detects a large (Cohen’s d=0.8)
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iv) IDIFs from the brain
slices with different partial
volume effects (PVE)

vi) IDIF-Brain using
variational inference

v) IDIF-Mean from Brain

Validation

vii) Input function
estimated from the heart
(IDIF-DA)

Fig. 1 The pipeline for estimating the input function using brain images is illustrated. The first five steps (i-v) involve the estimation of the IDIF-Mean from
dynamic brain PET images using a probabilistic atlas. Step vi) involves correction for peak activity effects using variational inference (IDIF-Brain). Step vii)
involves obtaining a reference AIF from the heart (IDIF-DA). Step viii) involves validating the estimated input function using kinetic modelling

difference in image-defined input function between the
proposed method (IDIF-Brain) and a currently used
(IDIF-DA) method with a power of 80% and o=0.05
(paired t-test), when calculated using G*Power software
package [24].

Benchmark AIF

Image derived input functions were obtained from cir-
cular regions of interest (ROI), 10 mm in diameter, over
the descending aorta (IDIF-DA). This input function was
used as the reference standard because it exhibited less
rhythmic motion than input functions derived from car-
diac images. In addition, as the mean delay observed in
peaks from the carotid arteries (mean delay: 3.2+1.7 s),
and descending aorta (mean delay: 3.8 + 1.8 s) were found
to be negligible [23]. It is due to this reason we have not
considered the delay correction. Previous studies have
validated the equivalence of IDIF-DA to image-derived

input functions via blood sampling [25], and in kinetic
parameters have been estimated accurately using aorta
derived input functions [26].

Identification in brain arteries

Voxels in the brain image with a high probability of
containing an artery were identified using a previously-
described arterial occurrence probability atlas that was
created from 603 high-resolution T1-weighted MRI and
time-of-flight magnetic resonance angiography (MRA)
images in healthy subjects (refer to Supplementary
Fig. 1s) [22]. The atlas is a spatially resolved probability
map of arterial locations in the brain.

For each subject, the MRA atlas was registered to the
weighted average brain PET images using FSL (version
6.0.5.1). Here, brain PET images used for registration
were extracted manually from the total body PET data-
set. To select larger arteries (mean radius above ~2 mm)
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Fig.2 Comparison between the estimated input function from the brain and the reference input function from the descending aorta (DA) for Subject 1
(S1). a. input functions from different brain slices. b. Comparison of AlF estimated from descending aorta (IDIF-DA, blue), mean atlas-based AIF estimate
(IDIF-Mean, red), input function estimate corrected using variational inference (IDIF-Brain, yellow), and gray matter tissue time activity curve (TAC-GM,
purple). The dashed boxes compare the tail of input function with log scale on the both axes

in the brain PET images, only voxels with a probabil-
ity >80% were selected. Reducing the probability thresh-
old below 80% resulted in a lower estimated peak, most
likely because of the peak effect in smaller arteries. Note,
at a threshold of >70% contribution arises mostly from
the internal carotid artery and basilar artery segments
outside the brain, which are large structures, reducing
the likelihood of post-registration misalignment at the
80% threshold level. A minimum of 5 and a maximum of
10 axial slices were used for input function estimation in
each subject with the choice of axial slices for input func-
tion extraction reflecting the correspondence between
individual anatomy and the probabilistic atlas.

To extract input function curves from the brain PET
images, highest voxel intensity in the selected vascu-
lar voxels in each axial slice was used at each time step
to minimise the influence of peak activity, as depicted in
Fig. 1A. The input function in each subject was obtained
by averaging the curves across all slices, as illustrated in
Fig. 2B (IDIF-Mean). Figure 2A illustrates in an example
subject that IDIF-Mean is still influenced by spill over
and spill in that vary between slices, necessitating correc-
tion using variational inference.

Variational inference for correcting IDIF-Mean

Variational inference is used in Bayesian analysis to
approximate the posterior distributions for the latent
variables [27]. We used this approach to correct for peak
activity effects in the IDIF-Mean by formulating a proba-
bilistic graphical model linking the IDIF-Mean (known
as the prior or latent variable or z) and the average tis-
sue time activity curve (TAC, observation or x) from the
gray matter of the brain (see, Fig. 1-vi). The proposed

graphical model aimed to correct the IDIF-Mean by
learning the relationship between observed tissue time
activity curve and the IDIF-Mean based on z. The prob-
lem of posterior estimation is formulated as the condi-
tional probability density of z given x [28], denoted as
P(z=IDIF-Mean | x=TAC):

P (z, x)

PZIX) =

(1)

where P (z, x) is the joint probability density, and
P (x), known as evidence, contains the marginal density
of the observations such that P(x) = [ P(z|x) * P(z) dz. A
closed form solution for P(x) does not exist, hence a sur-
rogate posterior, q, is used as an approximation for the
true posterior. The value of q is typically chosen from a
simpler family of variational distributions (each distribu-
tion has its own set of variational parameters) and opti-
mised to closely match the target posterior.

The true distribution of arterial input function is a
complex problem to capture mathematically, but it is
valid to assume it follows a sum of exponential distribu-
tions [29]. Hence, the surrogate posterior was formulated
such that the latent variables (z) followed an exponential
distribution with a mean ( 1/ z) and the observed vari-
ables (x) followed a Gaussian distribution with a mean
and standard deviation (u, 0 ;) at each time step. The
values of A z, 1 2,0 zWere obtained from the IDIF-Mean
(mean of the distribution) and the tissue time activity
curve of gray matter (mean and deviation of the distribu-
tion) in the brain PET images, respectively. The surrogate
posterior was then calculated using the evidence lower
bound:



Vashistha et al. EJINMMI Research (2025) 15:58

ELBO, = E {logp (x| 2)} — KL(q(2)|Ip(2)), (2)

where E {logp (x|z)}, is the expected log-likelihood of
the observed TAC of gray matter and Kullback-Leibler
divergence KL (q(z)||p(z)), measures the closeness
between the true (p(z)) and surrogate (g (z)) poste-
rior distributions. The objective is to identify parameter
values (Az, p, 0 ;) that maximise the evidence lower
bound (or minimize the Kullback-Leibler divergence,
measuring the difference in information represented by
two distributions) and result in an accurate approxima-
tion of the target posterior distribution. The TensorFlow
probability package (Version 2.4) was used. In the sup-
plementary material, we have explained the variational
inference process in detail. The code has been provided
in the supplementary material.

AIF validation

To evaluate the accuracy of IDIF-Brain, we compared
their area under the curves (AUC) for whole curve,
obtained using trapezoidal integration, with those of the
reference input functions, IDIF-DA. In addition, we sepa-
rately compared the AUC to the first peak of the curves
(AUC,) and the tail region of the curves (AUC}). Here,
peak and tail regions are based on the early 30x2 s and
later 9 x 300 s frames, respectively.

Statistical analysis

The statistical significance of differences in mean AUC
was evaluated using the paired ¢-test with p<0.05 (two-
tailed test) being used as the threshold for statistical sig-
nificance. Normality assumptions were confirmed using
the Shapiro-Wilks test [30] using a significance level of
p<0.05.

The reliability of IDIF-Brain for parameter estimation
was assessed by calculating the Pearson correlation coef-
ficient (r) between kinetic parameters (K}, k,, k3 K) esti-
mated using IDIF-DA and IDIF-Brain [31]. Further, the
statistical significance of the correlation was tested using
Fisher’s z-transformation to test the null hypothesis r=1.
Welch’s unequal variance t-test was used to compare
the estimated kinetic parameters with those previously
reported in literature [23]. Single-factor ANOVA was
performed to compare the kinetic parameters estimated
using IDIF-DA, IDIF-Brain and IDIF-Mean. Homosce-
dasticity assumptions were confirmed using the Breusch-
Pagan Test [32]. In addition, to assess the reliability and
consistency intraclass correlation coefficient (ICC) are
computed between K; values.

Kinetic modelling and parameter Estimation
Kinetic parameters were estimated using the irreversible
two tissue compartment model described by [33]. The
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rate constant representing the dephosphorylation of met-
abolically trapped FDG was assumed to be zero:

—(1— Kiks _rovsn . Kiks '
Cra )= (1= ). | (e s o) EXLA1C] I

+ b (f) Vi,

Cry, (t) is the tissue time activity curve obtained by
convolving arterial input function, C’;(¢), and tis-
sue impulse response function at time t and V} is the
vascular blood volume. The micro kinetic parameters,
K (ml/cm>/min), k, (1/min) and k; (1/min), are the rate
constants for the unidirectional exchange of radiotracer
between compartments (see Eq. 3). We used blood activ-
ity directly since K, k, and k; were compared across
the two IDIFs. Non-linear least squares (NLS) fitting of
Eq. (3) to the tissue time activity curve for each pixel was
used to estimate K, k,, and k;. Using the built-in func-
tion Isqcurvefit available in MATLAB 2019b, optimiza-
tion was performed employing the Levenberg-Marquardt
(LM) algorithm. Initial values for fitting the parameters
were set to 0.01/min. Lower bounds for all parameters
(K}, ky, ks and Vp)) were set to zero, while upper bounds
were set to 1/min. Net radiotracer influx, K; (ml/cm?/
min), was calculated according to Ki =K ks/ (k,+k;). The
Patlak graphical method [34] was also used to estimate K;
for the purpose of validation.

Simulation

We performed a simulation study to validate the appli-
cation of variational inference. In Fig. 3A the simulation
setup is shown, which we used to distinguish between
voxels corresponding to an arterial region and those cor-
responding to a blood-free tissue region. An overlapping
pixel region was introduced to simulate varying degrees
of spill-in and spill-out (by the amount of pixel overlap)
between the artery and tissue at their interfaces. The
input function for the arterial region was modelled to
represent the true AIF at time points that are kept similar
to the acquired data.

Results

Simulation study

In Fig. 3B, the simulated True AIF was compared against
four different scenarios: (i) the IDIF Mean, calculated fol-
lowing the procedures outlined in method Sect. 2.3; (ii)
the tissue time activity curve (TAC GM), derived using
the reference kinetic parameters and Eq. 3; (iii) the IDIF-
brain, calculated using the IDIF-Mean and IDIF-Brain;
and (iv) spill in and out due to the overlapping region at
early and late timepoints. In Fig. 3¢, the area under the
curve comparison demonstrates that the IDIF estimated
from the brain (AUC =555) closely matches the true AIF
(AUC=570), In Fig. 3D, the resulting kinetic param-
eters K; k, and k; were compared between the applied
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Fig.3 a) simulation was conducted to differentiate voxels in arterial and blood-free tissue regions. An overlapping region simulating spill-in and spill-out
between artery and tissue. b) compares the True AIF with the IDIF Mean, tissue time activity curve, IDIF brain (using variational inference). ) area under
the curve estimates. d) shows a comparison of kinetic parameters between the True values (T) and those obtained from the IDIF Mean (M) and IDIF-Brain

(b) for the simulations

simulation values (T) and those derived from the IDIF
Mean (M) and IDIF Brain (B) for the simulated scenarios.
The proposed method’s effectiveness is highlighted by the
medium to high correlation observed between kinetic
parameters estimated using input function estimated
from the brain and the simulated true input function.

AUC analysis

Figure 2 represents the qualitative comparison of the
input function curves extracted from the brain regions
and DA. In plot A, input functions from different axial
brain slices are shown for Subject 1. Plot B compares
IDIF-DA and IDIF-Brain and illustrates the concordance
between the peaks of the two AlIFs and the good corre-
spondence between AIF tails.

Table 1 presents a quantitative comparison of the
AUC values (in kBq.min.ml™?!) for descending aorta and
brain AIF whole curves based on 10 subjects (refer to
Supplementary Fig. 2s to compare input function for 10
subjects). The mean whole curve AUC for IDIF-Brain
(721 +105; mean * standard deviation, #n=10) was simi-
lar to that for IDIF-DA (741 + 114; p=0.46, paired t-test).
Our proposed method resulted in an overestimation of
the AUC in four subjects (underlined in Table 1) and an
underestimation in six. The underestimation and overes-
timation are mainly due to differences in the peak values.
This observation was validated by comparing the mean
AUC,, for the IDIF-Brain (370+180), which was lower
than for IDIF-DA (4224190, p=0.16). However, when
analysing the mean AUC,, the IDIF-Brain (49 £11) was
comparable to IDIF-DA (46+8, p=0.11). Subject 8 had
the lowest absolute difference between IDIF-DA and
IDIF-Brain (2 in kBq.min.ml™'; 0.2%), while Subject 3

had the highest absolute difference (148 in kBq.min.ml™;
22.2%). The mean AUC percentage error between IDIF-
Brain and IDIF-DA for the whole curve was 9%.

In contrast, the mean whole curve AUC for IDIF-Mean
(643 +110) was lower than that for IDIF-DA (741 +114:
p=0.02) with an error percentage of 16%. However, no
statistically significant difference was found between
IDIE-Brain and IDIF-DA (p =0.46).

Comparison based on kinetic modelling

Mean kinetic parameters in gray matter and white mat-
ter voxels estimated using NLS and Patlak methods for
IDIF-DA, IDIF-Brain and IDIF-Mean are summarised
in Table 2. For each AIF, the estimated kinetic param-
eters are in agreement with previously reported values
with statistically insignificant differences (p >0.1, Welch’s
t-test) [23, 35]. In addition, no statistically significant
difference in estimated K; values computed with kinetic
parameters (K}, k,, k;) using IDIF-DA, IDIF-Brain and
IDIF-Mean was found on ANOVA (F [2, 27]=0.14,
p=0.86).

In gray matter, when compared against the reference
(IDIF-DA), the mean percentage errors for K; obtained
using NLS and Patlak methods with IDIF-Mean, were
higher (by 8% and 7%, respectively) than estimates using
IDIF-Brain (p=0.17). Similarly, for white matter, the use
of IDIF-Mean resulted in larger mean error percentages
(by 3% and 10%) than the use of IDIF-Brain (p=0.14).
In addition, the mean Pearson correlation coefficient
between IDIF-DA and IDIF-Brain for K; was signifi-
cantly higher (r=0.97) than that between IDIF-DA and
IDIF-Mean (r=0.89, p<0.0001). However, mean K; val-
ues estimated using IDIF-DA did not differ significantly
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Table 2 Mean and standard deviation of the kinetic parameter, K, (ml/em®/min), k, (1/min) and k; (1/min), estimates for Gray matter
(top) and white matter (bottom) were obtained using IDIF-DA (used as reference value, REF), IDIF-Brain and IDIF-Mean. The mean
percentage absolute errors between reference and IDIF-Brain/Mean for Ki (ml/cm?/min) obtained using NLS and Patlak are shown

Gray matter K; k, ks Ki-NLS Ki_Patlak % Error, Ki B
Method NLS Patlak
IDIF-DA 0.160+£0.075 0.147+0.147 0.066+0.056 0.052+0.020 0.067+0.026 REF
IDIF-Brain 0.160+£0.071 0.108+0.107 0.038+0.050 0.047+£0.022 0.062+0.014 10 8
IDIF-Mean 0.170+£0.059 0.062+0.072 0.035+0.049 0.062+0.023 0.078+0.021 18 15
White matter K, k, ks Ki-NLS Ki_Patlak % Error, Ki
Method NLS Patlak
IDIF-DA 0.064+£0.030 0.105+0.113 0.025+0.031 0.012+0.006 0.016+0.009 REF
IDIF-Brain 0.072+0.033 0.093+0.085 0.017+£0.028 0.012+0.008 0.015+0.004 6 6
IDIF-Mean 0.079+0.034 0.073+£0.066 0.013+£0.023 0.012+0.008 0.018+£0.011 3 16
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Fig. 4 Voxel-wise comparison between the kinetic parameters calculated using IDIF-Brain and IDIF-DA in the region of interest of cortical region of Gray
matter in Subject 3. Linear regression indicates a strong linear relationship

model utilising IDIF-Brain and IDIF-DA, and found
them to be highly correlated.

The proposed method can be used with SAFOV PET-
CT scanners to estimate the input function from small
(~5 mm diameter) brain vessels. Other methods require

the individual’s MRI scan to be co-registered with brain
PET images to localise arterial voxels. In addition to
requiring another set of images, registration errors arise
when PET and MRI images are acquired during separate
sessions [13]. The use of variational inference for peak
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Table 3 Correlation coefficient (r) for individual kinetic parameters (K, k,, k5, and K)) calculated using IDIF-Brain and IDIF-DA for the 10

subjects
Subject S1 S2 S3 S4 S5 S6 S7 S8 S9 S10
K; 0.85 0.96 0.88 0.98 0.98 0.91 0.93 0.93 0.96 0.79
k, 0.82 0.97 0.86 0.99 0.97 0.92 0.86 0.94 0.97 0.76
ks 0.88 0.95 0.89 0.98 0.99 0.89 0.93 0.96 0.98 0.89
Ki-NLS 0.95 0.99 0.97 0.99 0.99 0.93 0.98 091 0.97 0.97
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Fig.5 Ina, the IDIF-Mean was calculated using two different voxel probability thresholds for MRA and compared to the IDIF-DA. b and € compares kinetic
parameters derived from the IDIF-Mean at 70% and 80% voxel probabilities against the IDIF-DA for five distinct regions of interest in the brain. R* values
for the kinetic parameters were also evaluated for both conditions. In d, the input function after applying variational inference on the IDIF-DA at 70% and
80% voxel probabilities is compared with the IDIF-DA. e compares individual kinetic parameters after applying variational inference (V1) to the IDIF-DA
at 70% and 80%. Lastly, f illustrate the comparison of kinetic parameters between the corrected IDIF and the IDIF based on ground truth from the heart

activity correction is advantageous compared to existing
methods. It uses input function estimated from different
brain slices as mean, and the tissue time activity of the
gray matter as a prior. Previous studies have relied on the
use of the point spread function, but did not consider its
variation across the FOV [12]. Another method which
does not use the point spread function involves the man-
ual selection of regions of interest along the periphery of
arterial brain vessels [13]. The method did not consider
partial volume effects at the centre of the vessel, leading
to underestimated input functions, mainly around the
peak [13].

We have utilised a Bayesian deep learning approach
incorporating information from the subject’s PET
images alone. AUC difference in Table 1 shows the nota-
ble improvement in peak activity correction achieved
through variational inference. Specifically, the IDIF-
Mean (without correction) exhibits a higher mean

absolute percentage error (by 98 kBq.min.ml-1) com-
pared to IDIF-Brain (with correction, by 20 kBq.min.
ml™!), primarily due to underestimation of peak values.
Furthermore, the estimated kinetic parameters demon-
strate a higher percentage error with IDIF-Mean relative
to IDIF-DA, as detailed in Table 2. In addition, the use of
gradient-based variational inference offers faster conver-
gence compared to traditional Bayesian methods, such
as the Markov Chain Monte Carlo technique. Another
advantage compared to existing supervised learning tech-
niques for input function estimation is that it does not
require paired training data. It is widely acknowledged
that supervised machine learning methods generally
perform optimally within the distribution of data they
are trained on, but when tested with data from different
distributions, their performance deteriorates due to the
lack of generalisation [20, 21]. Nevertheless, variational
inference requires assumptions, including factorising the
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variables to simplify computation and selecting a family
of distributions which can be restrictive, potentially fail-
ing to capture the true complexity of the posterior and
resulting in biased inferences. The limitation of the fac-
torization assumption was addressed using the Tensor-
Flow Probability package by using joint distributions to
capture variable dependencies [37]. The second assump-
tion was mitigated by employing informative priors
incorporating domain knowledge, such as those derived
from the MRA vascular atlas.

Nonetheless, variational inference is a probabilistic
method whose accuracy in correcting for partial volume
effects depends on the estimation of the posterior and
prior. Unlike deterministic AI-based methods pre-trained
on large datasets to handle varying amounts of partial
volume effect, our approach is subject-specific and inher-
ently influenced by the choice of prior and the evidence
or posterior (TAC-GM). Although the proposed method
has the potential to estimate the input function using the
MRA atlas and corrects for the peak activity, it has limi-
tations around correcting the partial volume effect at the
tail. For instance, at late time points in Fig. 5 and in Sup-
plementary Fig. 2s, subjects 4, 5, 7, and 9 exhibited IDIF
Brain values slightly higher than IDIF-DA, indicating an
incomplete correction for spill-in effects. We understand
this variability to arise from subject-specific differences
in TAC-GM. Additionally, selecting priors with lower
voxel probabilities on the MRA atlas leads to inferior area
under the curve and kinetic parameter estimates com-
pared to the true AIF. This is likely due to priors with low
probability failing to adequately capture the peak of the
input function, as illustrated in Fig. 5, and by comparing
the 70% and 80% thresholds for a subject.

In our method, the MRA angiogram atlas was regis-
tered to late PET frames. Precise registration is a chal-
lenging task as the patient positioning can differ across
the dynamic PET scans, affecting the localisation of arte-
rial voxels. By estimating IDIF-Mean from different brain
slices with a high probability of containing arterial vas-
culature, the method tries to effectively reduce mis-regis-
tration errors, if not completely eliminate them, and also
address the shortcomings of previous studies that heavily
relied on identifying the carotid arteries [38]. However,
artefacts such as scatter, motion and noise in early time
frames can still introduce misalignment. Subsequently,
this can affect the accuracy of input function peak esti-
mation. We observed an overestimation of the AUC for
four subjects (underlined in Table 1) and an underestima-
tion for others due to differences between the peak values
of IDIF-DA and IDIF-Brain. We attribute these varia-
tions to the inherently low number of counts in the short
acquisition time frames (30 x 2 s) at early time points.

In variational inference, surrogate posterior estima-
tion is employed because a closed-form solution is not
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available for calculating the true posterior (refer to Eq. 1).
Estimating the surrogate posterior relies on the selec-
tion of specific parameters that capture the character-
istics of the true posterior distribution (refer to Eq. 2).
At each time point, the values of these parameters ( \ z,
t 5, and o ;) were dependent on the selected window
frame. A shorter framing window is typically employed
to achieve higher precision in AIF estimation [12]. How-
ever, sudden and erratic increases in frame activity have
been reported for low net true counts in the previous
study based on Siemens mMR scanner (for shorter time
windows less than 9x5's, 3x 10 s) [13]. A phantom study
performed subsequently attributed these increases to
inaccurate scatter correction [39]. It will be interesting
to investigate if in the Vision Quadra total body scanner
scatter-based increases in shorter frames can be found.
An alternative approach may also be to use the sinogram
or listmode data [1, 2]. Nonetheless, kinetic modelling
ideally uses metabolite-corrected arterial plasma from
whole blood activity. The whole blood-to-plasma ratio in
FDG studies follows a mono-exponential function due to
the lack of blood-borne metabolites and quick exchange
between plasma and red-blood cells [40]. Hence, an
arterial-plasma correction was not applied in our study.
IDIE-Brain and IDIF-DA were measured in whole blood,
which makes them directly comparable, whereas kinetic
parameters based on whole blood activity can be cor-
rected by a small factor to account for plasma AUC being
about 3% higher than whole blood AUC [41].

The frame architecture used in this study was 30x2 s.
Longer frames, typically 5 to 10 s, which are more com-
monly used in dynamic studies performed using SAFOV
scanners with less sensitivity, would be expected to
reduce the impact of noise on input function estima-
tion, particularly around peak values. While the pro-
posed methodology demonstrates promising outcomes,
it requires further validation on SAFOV scanners when
the carotid arteries are typically located near the edge
of the FOV (or beyond). Additionally, in this work, we
only had access to reconstructed total body PET there-
fore modifications of frame length were not feasible.
Lastly the work could be extended by implementing auto-
mated registration techniques to enhance the accuracy
and efficiency of PET data registration to the MRA atlas.
An important advantage of using the MRA atlas in our
method is that an additional MRI scan does not have to
be acquired for the AIF estimation. Future studies may
consider the individual specific MRA scan for IDIF-Brain
estimation where available. Additionally, exploring the
applicability of this approach to a broader range of PET
radiotracers beyond FDG and validating against arterial
blood sampling could broaden its utility and impact in
clinical practice. Another limitation of our study is the
absence of frame-by-frame motion correction algorithm.
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However, to mitigate this we carefully examined dynamic
PET data for each subject, focusing on the last 10 min to
exclude data affected by significant movement. Future
research should evaluate the impact of motion correction
on kinetic parameter estimation using MRA to improve
accuracy and robustness of results.

Conclusion

We outline a novel machine learning approach for input
function estimation from dynamic brain PET images.
The results highlight the feasibility of non-invasively
estimating a subject-specific input function, providing a
alternative to invasive blood sampling, or additional MRI
acquisition. This approach can simplify parametric PET
mapping and be adopted in available clinical installations,
particularly with SAFOV PET scanners.

Abbreviations

SAFOV Short axial field-of-view
LAFOV Long axial field-of-view

AlF Arterial input function

AUC Area under the Curve

FOV Field-of-view

PET Positron emission tomography
DA Descending Aorta

NLS Non-linear least squares
['|FIFDG  '®F-fluorodeoxyglucose
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