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A B S T R A C T

Introduction: We propose a novel approach for the non-invasive quantification of dynamic PET imaging data,
focusing on the arterial input function (AIF) without the need for invasive arterial cannulation.
Methods: Our method utilizes a combination of three-dimensional depth-wise separable convolutional layers
and a physically informed deep neural network to incorporatea priori knowledge about the AIF’s functional
form and shape, enabling precise predictions of the concentrations of [11𝐶]PBR28 in whole blood and the free
tracer in metabolite-corrected plasma.
Results: We found a robust linear correlation between our model’s predicted AIF curves and those obtained
through traditional, invasive measurements. We achieved an average cross-validated Pearson correlation of
0.86 for whole blood and 0.89 for parent plasma curves. Moreover, our method’s ability to estimate the volumes
of distribution across several key brain regions – without significant differences between the use of predicted
versus actual AIFs in a two-tissue compartmental model – successfully captures the intrinsic variability related
to sex, the binding affinity of the translocator protein (18 kDa), and age.
Conclusions: These results not only validate our method’s accuracy and reliability but also establish a
foundation for a streamlined, non-invasive approach to dynamic PET data quantification. By offering a precise
and less invasive alternative to traditional quantification methods, our technique holds significant promise for
expanding the applicability of PET imaging across a wider range of tracers, thereby enhancing its utility in
both clinical research and diagnostic settings.
1. Introduction

Positron emission tomography (PET) is a nuclear medicine imag-
ing technique that generates three-dimensional images of functional
processes within the body [1]. A PET image is acquired following the
injection of a labeled radiotracer, commonly e.g. [11C] or [18F], into
the bloodstream. In clinical practice, PET data are typically acquired
using a static acquisition protocol, resulting in a 3D image depicting
the spatial distribution of the radiotracer at a single time-point in
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arbitrary or normalized units. In contrast, dynamic PET involves con-
tinuous data capture from the time of tracer injection hence providing
information on tracer distribution over time [2–4]. Dynamic PET allows
quantitative imaging via kinetic modeling, allowing the evaluation
of parameters of interest, such as vascular transport, metabolic rate,
and receptor density (depending on the specific tracer used) [5]. This
analysis requires not only information about the tracer concentration in
the tissue under investigation but also, critically, the estimation of the
arterial input function (AIF), i.e., the concentration of the free tracer
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in the plasma over time, also called parent plasma curve, together
with the quantification of the radiotracer concentration in the blood
(called whole blood curve). Both whole blood and parent plasma curves
are essential for characterizing the delivery and availability of the
tracer to the tissue of interest, and are obtained through the invasive
procedure of arterial cannulation [4] followed by numerous blood
samples drawn during PET acquisitions. The invasive nature of AIF
measurement presents challenges, including increased clinical staffing
needs, patient discomfort, and the risk of adverse events, as well as
the need for additional laboratory procedures. As a result, there is
significant interest in developing non-invasive methods to estimate the
AIF directly from dynamic PET images [3,6,7], potentially opening up
the use of quantitative PET imaging to a much wider corpus of clinical
centers.

Current image-derived input function (IDIF) approaches involve ex-
tracting tracer activity from arterial blood pools within the PET images.
However, in brain PET studies, only small vessels, such as the carotid
arteries, are available in the field of view, with a caliber of 4 to 5 mm,
which is comparable to the spatial resolution of most clinical PET
scanners (∼5 mm) [6,8]. This introduces two related partial volume
ffect issues: the spill-out and spill-in effects, which not only impact
he amplitude of the carotid signal but also its shape [3,6,8]. Impor-
antly, IDIF estimation requires the quantification of radiometabolites
n the plasma, which contribute to the total radioactivity measured
n the blood [9]. Again, this latter correction necessitates for arterial
annulation and invasive blood samples for in vitro analysis [10].

This study introduces a physics-informed convolutional neural net-
ork designed to non-invasively generate both whole blood and, im-
ortantly, metabolite-corrected parent plasma curves from dynamic
ET images. Since it is known that blood curves can consistently
e described by a specific functional form resulting from the physi-
al phenomena of fast uptake and slow washout, as outlined by the
arker model, this understanding has been embedded into the neural
etwork to enhance its predictive accuracy. As validation, we em-
loy [11C]PBR28 PET images, i.e. a tracer where the estimation of
he metabolite-corrected AIF is crucial for correct quantification. Our
echnique is then used for quantifying kinetic parameters associated
ith the expression of the translocator protein 18kDa (TSPO). TSPO,
hich is expressed in activated microglia, and also in astrocytes and
ndothelial cells, is known to be upregulated in neuro-immune re-
ponses, is generally assumed to be a biomarker for neuroinflammatory
rocesses [11–15]. This makes TSPO the primary target for PET studies
imed at imaging neuroinflammation in vivo. The quantification of
SPO density with PET is challenging for multiple reasons. Firstly,
here is a single nucleotide polymorphism in the TSPO gene which
ffects the binding affinity of second-generation TSPO PET tracers [16–
9], generating the need for genetic screening in all patients in or-
er to take this confound into account. Moreover, TSPO radioligands
ave affinity for plasma proteins whose concentration may vary in
athological conditions. While in principle measuring the plasma free
raction (FP) would account for this, in practice this measure is ex-
remely challenging due to the very low FP values [20]. Recently,
eural networks demonstrated promise in AIF estimation, integrating
he differentiability of kinetic models and specific constraints into their
etwork architecture and training process [6]. In our approach, we
ncorporate an a priori understanding of the AIF’s functional form [21]
nto the network’s architecture, proposing a physics-informed neural
etwork (PINNs) suitable for robust learning from few noisy data.
dditionally, we employ depthwise separable convolutional layers to
fficiently learn spatiotemporal features from raw dynamic PET images.
his methodology not only reduces the volume of data required by
xploiting dynamic similarities across subjects, but also decreases the
umber of parameters necessary for training the model.

.1. Related work

Recent advancements have led to the development of non-invasive

ethodologies for estimating AIF directly from imaging data [6,22,23]

2 
through either model-based or data-driven strategies. Model-based
techniques [24] employ mathematical representations to simulate
tracer kinetics within tissue and blood, thereby facilitating the AIF
estimation from imaging data. Notable examples of this approach
include Patlak graphical analysis [25], the bi-compartmental, and the
tri-compartmental models. While effective, these methods necessitate
predefined knowledge of tracer kinetics and tissue-specific physio-
logical parameters, potentially limiting their broader applicability.
Conversely, data-driven methodologies, such as those outlined in [26],
leverage machine learning algorithms to estimate the AIF without
the prerequisite of prior tracer kinetics or physiological parameter
knowledge. However, these techniques often require extensive training
data and may exhibit high sensitivity to the choice of training dataset.

In this study, we introduce a novel methodology that synergizes
the strengths of both model-based and data-driven approaches. Our
proposed method utilizes PINNs to estimate the AIF from PET imaging
data. This technique innovatively combines deep learning algorithms
with an embedded knowledge of the tracer dynamics in the blood.
The network architecture is specifically designed to perform optimiza-
tion within a solution space constrained by plausible values provided
by a functional form which approximates the AIF with high accu-
racy [27], thereby enhancing the estimation and applicability of the
AIF in dynamic PET imaging without arterial cannulation.

2. Material and methods

2.0.1. Patient population
The data used in this work were collected as part of several ex-

perimental medicine studies in neuroinflammation and made available
by King’s College London [28–30]. A total of 72 healthy volunteers
(age (mean ± standard deviation) = 32 ± 13 years; sex: 50 male
and 22 female) were included. Each participant underwent a 90 min
[11C]PBR28 PET, together with arterial blood sampling, and structural
MRI acquisition in two separate visits. All studies were approved by
local ethics committees and institutional review boards, and all par-
ticipants provided written informed consent prior to enrollment. The
inclusion criteria for study participants were aged above 18 years
and capacity to give written informed consent. The exclusion criteria
included any current or past significant medical condition, in particular
any associated with inflammation, history and/or family history in
first-degree relatives of any psychiatric disorder, as determined by the
Structured Clinical Interview for DSM-IV Axis 1 Disorders, Clinician
Version (SCID-CV), history of substance abuse/dependence or head
injury; exposure to anti-inflammatory or benzodiazepine medications
in the last month; significant prior exposure to radiation, pregnancy or
breastfeeding. Full details on can be found in original Refs. [28–30]. All
data were gathered from the KCL historical database. All studies were
approved by local research ethics committees, including the Queen
Square London Ethical committee, ref. 16/LO/1520, prior to study
start, and all participants provided their informed consent to participate
after reading a full description of the study.

2.0.2. Data acquisition
All PET scans were performed using a Siemens Biograph™ True-

Point™ PET CT scanner (Siemens Medical Systems, Germany), and
included an initial low-dose CT scan, acquired for attenuation and
scatter correction, followed by a continuous dynamic PET acquisition
from 0 to 90 min after a bolus injection of [11C]PBR28, with an
injected dose of 330.60 ± 26.7 MBq (mean ± standard deviation).
Radio-pharmaceutical preparation acquisition protocol was consistent
for all the studies. Dynamic PET data were binned into 26 frames of
duration 8 × 15 s, 3 × 1 min, 5 × 2 min, 5 × 5 min, 5 × 10 min. Data
were reconstructed using filtered back projection with a 5 mm isotropic
Gaussian smoothing, and corrected for random noise, attenuation, and
scatter effects. Given the genetic rs6971 polymorphism of the TSPO

gene, which determines a different affinity of the TSPO radioligands,
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Fig. 1. Illustrative overview of our deep learning architecture for AIF estimation in dynamic PET imaging. This schematic delineates the data flow within the proposed architecture,
beginning with input layers and progressing through various computational stages all the way to whole blood and parent plasma curves estimation. Each block in the diagram
symbolizes a distinct computational unit or layer, designed to extract pertinent spatio-temporal features from the 4D PET datasets. These features are then integrated into the
Physically-Informed Neural Network (PINN) module, which applies domain-specific constraints and curve shape considerations.
Fig. 2. Comprehensive diagrammatic representation of the proposed methodology
and its constituent elements. (A) Depicts the systematic flow of information within
the proposed methodology, illustrating the sequential steps and interactive processes
integral to data processing and analysis. (B) Elucidates the compartmental model
implemented for kinetic parameter estimation, delineating various compartments and
elucidating their interdependencies. (C) Exhibits the implementation of the temporal
depthwise convolution technique, a critical element of the methodology that facili-
tates effective and refined extraction of spatio-temporal features, thereby enhancing
analytical precision.

all participants were genotyped before scanning and classified as high
affinity binder (HAB), mixed affinity binder (MAB), or low affinity
binder (LAB) [31]. Only HABs and MABs were retained for further
analysis (50 HABs and 22 MABs). For all participants, arterial blood
data were sampled during PET acquisition using the combination of
an automatic continuous sampling system of the whole blood activity
for the first 15 min of each scan and a series of discrete manual blood
samples at 5, 10, 15, 20, 25, 30, 40, 50, 60, 70, 80, and 90 min. All
manual samples were centrifuged and used to determine the plasma
over blood activity ratio (POB); samples taken at 5, 10, 20, 30, 50, 70,
and 90 min were also analyzed using radio-high performance liquid
chromatography (HPLC) to calculate the fraction of parent tracer in ar-
terial plasma, namely the parent plasma curve. Structural T1-weighted
(T1w) MR images were acquired for each participant in separate visits
using a Siemens 3-T MR scanner, using either a Siemens Tim Trio
or Siemens MAGNETOM Verio model. Details on data acquisition are
provided in original Refs. [28–30].

2.0.3. PET data pre-processing
All data were pre-processed with the same imaging pipeline us-

ing MIAKAT neuroimaging analysis toolbox (MIAKAT™, http://Invicro.
org). The pipeline includes: (1) a step of motion correction of the
dynamic PET data; (2) the computation of integral PET images; (3) the
3 
derivation of brain and grey matter masks from structural MR images
and their registration to the subject’s native PET space; (4) the coreg-
istration of a neuroanatomical atlas (CIC atlas, version 2.046, included
in MIAKAT) to the subject’s PET native space and the definition of
125 regions of interest (ROIs); (5) the computation of mean regional
Time Activity Curves (TACs), to minimize partial volume effects. TACs
for representative ROIs, both cortical and subcortical (hippocampus,
thalamus, caudate, putamen, parietal lobe, occipital and frontal lobes),
were considered in this paper.

2.1. Physics-informed neural networks

Physics-Informed Neural Networks are a machine learning tech-
nique used to solve Partial Differential Equations (PDEs). They train
a neural network to minimize a loss function, including initial and
boundary conditions along the space–time domain’s boundary and the
PDE residual at selected points. They are unsupervised taking into
account only the underlying PDE, i.e. the physics of the problem,
rather than attempting to deduce the solution based solely on data,
i.e. by fitting a neural network to a set of state-value pairs. This type
of network proves particularly advantageous in scenarios with lim-
ited data availability and/or when strict adherence to known physical
laws is critical, such as in fluid dynamics and material science [21].
Our method innovatively applies this concept to the quantification of
dynamic [11C]PBR28 PET data. It constrains the depthwise separable
convolution-based spatiotemporal encoding within the confines of the
Parker model (PM), which describes the AIF as a combination of two
Gaussians and an exponential modulated by a sigmoid function [27]:

𝐴𝐼𝐹 (𝑡) =
2
∑

𝑛=1

𝐴𝑛

𝜎𝑛
√

2𝜋
𝑒
− (𝑡−𝑇𝑛 )2

2𝜎2𝑛 + 𝛼
𝑒𝑥𝑝(−𝛽𝑡)

1 + 𝑒𝑥𝑝(−𝑠(𝑡 − 𝜏))
(1)

Here, 𝐴𝑛, 𝑇𝑛, and 𝜎𝑛 are the scaling constants, centers, and widths of
the 𝑛th Gaussian, respectively, while 𝛼 and 𝛽 represent the amplitude
and decay constant of the exponential. The parameters 𝑠 and 𝜏 define
the width and center of the sigmoid, respectively.

Consequently, the extracted spatiotemporal features become pivotal
in estimating the parameters of the PM. The incorporation of the PM
into the PINN framework ensures that the predicted curves (both whole
blood and parent plasma) adhere to the characteristic functional shape
of the AIF. Notably, our proposed architecture is fully differentiable and
therefore, during training, the mean squared error (MSE) loss is calcu-
lated between the actual and the network-predicted curves, facilitating
end-to-end gradient back-propagation through both the deep learning
components and the embedded physics-informed constraints.

http://Invicro.org
http://Invicro.org
http://Invicro.org
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To clarify, our Physics Informed Neural Network (PINN) framework
can be mathematically framed as follows. Our input data consists of 4D
pre-processed PET images, denoted as x, and we aim to predict an AIF
curve, y. Our objective is to train a neural network 𝑦̂ = 𝑓 (𝑥) such that
‖𝑦 − 𝑦̂‖2 is minimized for all 𝑥. To achieve this goal, even in a low-
data regime, our approach constrains the network to operate within
the solution space defined by the family of functions described by the
Parker model. Let us denote the Parker model as pm, which is a scalar
function depending on certain parameters 𝜃(i.e., 𝜃 = 𝐴𝑛, 𝑇𝑛, 𝜎𝑛) and
time. Given this formulation, the problem now reduces to estimating 𝜃.
This simplifies our task to 𝑓 (𝑥) = 𝑝𝑚(𝑔(𝑥)), where 𝑔 is a neural network
that estimates 𝜃 from the PET images, i.e., 𝜃 = 𝑔(𝑥). With this problem
decomposition, the neural network we are training is 𝑔, and we use a
mean squared error loss to effectively minimize the error.

 = 1
𝑁

𝑁
∑

𝑖
|𝑦 − 𝑝𝑚(𝑔(𝑥))|2

2.2. Neural network architecture

The architecture (Fig. 1) comprises six depthwise separable 3D
strided convolution layers, a key advancement in convolutional neu-
ral networks, efficiently reduce computational load and parameter
count [32]. Differing from standard convolutional layers, which apply
filters across all input channels, these layers perform the convolution
in two stages. The first, depthwise convolution, uses distinct filters
for each input channel (e.g., a 3 × 3 × 3 filter per depth slice in a
3D image). The second stage, pointwise convolution, combines these
results, optionally increasing channel count. This architecture’s main
benefit is its reduced parameter count. For a 3D image with 𝑁 input
hannels and 𝑀 output channels, while traditional 3D convolutions
ith a 3 × 3 × 3 kernel require 𝑁 × 𝑀 × 𝐾3 parameters, depthwise

eparable convolutions need just 𝑁 × 𝐾3 for the depthwise stage and
𝑁 ×𝑀 for the pointwise stage.

In the specific domain of 4D dynamic PET imaging, which encom-
passes both spatial and temporal dimensions, conventional 4D convo-
lutions can be prohibitively computationally intensive and susceptible
to overfitting due to an excessive parameter count. By implement-
ing 3D depthwise separable convolutions, temporal evolution within
these images is encoded along the channel dimension. This approach
facilitates the identification of spatial patterns within each temporal
frame, followed by their integration across varying time points. For
example, standard 4D convolutions initiating from 𝑁 channels to 𝑀
output channels demand 𝑁𝑀𝐾4 parameters. In contrast, our proposed
methodology necessitates merely (𝑁𝐾3 + 𝑁𝑀) parameters. Illustra-
tively, for an initial layer with 25 input channels (representing dynamic
PET time points) and 128 output channels as a latent representation,
and using a (3,3,3) kernel, a 4D convolution would require 25 × 128 ×
(3)4 = 259200 parameters. Our approach, aiming for an efficacious rep-
resentation, employs only 25×33 +25×128 = 3875 parameters, thereby
achieving a parameter reduction by nearly two orders of magnitude.
This not only renders computation more feasible but also significantly
diminishes the risk of overfitting due to overparametrization.

Following the convolution layers is an average pooling layer with a
kernel size of 2. The extracted features are then flattened and fed into
two separate heads that estimate the parameters of the PM for both the
whole blood and parent plasma curves. Each head is a three-layer multi-
layer perceptron with hyperbolic tangent activation functions, mapping
the features to the 10 parameters of the PM. The PM is integrated into
the computational graph, enabling the generation of AIF estimates over
500 evenly sampled time points, which are compared to the original
curves during training using MSE loss in a 5-fold cross-validation. This
rotation of the validation set across folds ensures that each data point
is predicted once, thereby enabling a thorough evaluation across the
entire dataset. The model was trained on an NVIDIA A100 GPU (80 GB
RAM; batch size: 20, 2500 epochs for each fold (5 folds, 420 min per
4 
fold), Adam optimizer, learning rate: 1e−4; reduced by 10% every 500
epochs). During inference, the network inputs the 4D pre-processed PET
image, estimates the PM parameters, and employs them to predict the
estimated curves.

2.3. Compartmental modeling framework

Post-training, the estimated curves from the neural network are em-
ployed to model [11C]PBR28 kinetics using a two-tissue compartmental
model (2TCM) (Fig. 2) [16]. The 2TCM, utilized outside the network,
is defined by a set of differential equations describing the radiotracer
exchange between different tissue compartments:
𝑑𝐶𝑛𝑑 (𝑡)

𝑑𝑡
= 𝐾1𝐶𝑝(𝑡) − (𝑘2 + 𝑘3)𝐶𝑛𝑑 (𝑡) + 𝑘4𝐶𝑠(𝑡) (2)

𝑑𝐶𝑠(𝑡)
𝑑𝑡

= 𝑘3𝐶𝑛𝑑 (𝑡) − 𝑘4𝐶𝑠(𝑡) (3)

𝑛𝑑 (0) = 0, 𝐶𝑠(0) = 0 (4)

𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 (𝑡) = (1 − 𝑉𝑏)[𝐶𝑛𝑑 (𝑡) + 𝐶𝑠(𝑡)] + 𝑉𝑏𝐶𝑏(𝑡) (5)

Here, 𝐶𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 (𝑡) is the dynamic PET signal, with 𝐶𝑛𝑑 (𝑡) and 𝐶𝑠(𝑡)
representing the non-displaceable and specific tracer concentrations in
tissue compartments, respectively. 𝐶𝑏(𝑡) and 𝐶𝑝(𝑡) denote tracer con-
entrations in whole blood and parent plasma (metabolite-corrected),
stimated by our model. The rate constants 𝑘1, 𝑘2, 𝑘3, and 𝑘4 (expressed
n units of mL∕cm3 per minute or 1/min) quantify tracer transport
etween plasma and tissue, and within tissue compartments. These con-
tants allow the calculation of the volume of distribution 𝑣𝑇 (mL∕cm3)

as follows:

𝑣𝑇 =
𝐾1
𝑘2

(

1 +
𝑘3
𝑘4

)

(6)

With the 2TCM, the volume of distribution is calculated fitting
the cortical and subcortical TACs using the measured (‘‘true’’) and
predicted (‘‘pred’’) whole blood and parent plasma curves. For a final
comparison, it was also estimated using population averaged whole
blood and plasma curves obtained from our cohort fitted with the PM
(‘‘parker’’).

2.4. Evaluation methodology

The validation of our model encompasses three critical aspects:

(1) Accuracy Assessment of Predicted Curves. The congruence
between predicted and true curves is quantified using a number
of statistical measures, including Mean Squared Error (MSE),
Mean Absolute Error (MAE), Pearson Correlation Coefficient, the
area under the plasma/blood curves (AIF_AUC) Difference, and
R-Squared for a comprehensive view of the model’s accuracy.

(2) Replication of associations between kinetic modeling pa-
rameters and genetic or phenotypic traits. Since a single
nucleotide polymorphism in the TSPO gene impacts the bind-
ing affinity of the PET tracer affecting the measurement of its
volume of distribution, we focused on examining variations in
𝑣𝑇 associated with binding ‘Affinity’, i.e., in HAB and MAB.
Also, since TSPO availability is also potentially conditioned by
sex [33], we explored whether this effect could be observed us-
ing the measured curves and, if yes, observed using the predicted
curves as well. In addition, in order to investigate the putative
differences between quantitative PET parameters extracted from
compartmental modeling (i.e., 𝑣𝑇 , 𝑘1, 𝑘2, 𝑘3, 𝑘4 and 𝑣𝐵) using the
measured, predicted and population averaged whole blood and
parent plasma curves while also taking into account the effects
of age, sex and genotype, we employed a linear mixed model.
This model included both ‘‘between’’ effects (sex: 2 levels, i.e., M
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Fig. 3. Boxplots of 𝑣𝑇 values obtained in sample ROIs when fitting the two-tissue compartmental model (2TCM) with both the measured (‘‘true’’), predicted (‘‘pred’’) and
population-averaged whole blood and parent plasma curves fitted with PM (‘‘parker’’). No statistical differences related to curve estimation methods were found.
and F; binding affinity: 2 levels, i.e., HAB and MAB; and age:
continuous) and a ‘‘within’’ effect Curve_Type: 3 levels, i.e., true,
predicted, and population-averaged. Additional model terms are
explained in the next section.

(3) Interaction Effects The linear mixed model also incorporated
interactions of all ‘‘between’’ effects with the ‘‘within’’ effect
(i.e. curve type). This is an important target since the inter-
actions test whether the estimation method influenced the re-
lationships between the quantitative PET biomarkers extracted
from the 2TCM and biological variables (sex, binding affinity,
and age). The analysis was conducted using Restricted Maximum
Likelihood (REML) estimation, with criteria including the Sat-
terthwaite method for degrees of freedom and a 95% confidence
interval.

3. Results

The evaluation of our model’s performance in estimating whole
blood and parent plasma curves, in comparison to the measured ones,
is presented in Table 2 (see Fig. 4).

Fig. 5 shows a comparison between the 𝑣𝑇 obtained fitting the
2TCM using the actual (true) and predicted (pred) whole blood and
parent plasma curves. Specifically, the scatterplot indicates a 𝑅2 of
0.65 between true and predicted 𝑣𝑇 . The Bland-Altman plot shows the
average difference between true and predicted 𝑣𝑇 centered close to 0
and grouped (with the exception of 5 values) in the 95th percentile.
The boxplots in Fig. 3 show the 𝑣𝑇 of [11C]PBR28 in the hippocampus,
thalamus, caudate, putamen, parietal, occipital and frontal lobes.

Further, the 𝑣𝑇 obtained by fitting the 2TCM using population-
averaged whole blood and parent plasma curves as modeled by the PM
(Parker) did not demonstrate a statistically significant main effect of the
curve type. This supports our result: the quantitative outcome of PET
parameter estimation is not affected by the type of input curve, whether
it is the measured one, the predicted one, or the population-averaged
one. Crucially, we have demonstrated that these results can now be
achieved without the need for invasive measurements of the radiotracer
concentration in the blood. This advancement is significant as it vali-
dates the feasibility of using different curve types interchangeably in
compartmental modeling. This finding is significant, as it suggests the
feasibility of using different curve types interchangeably in compart-
mental modeling without compromising the integrity and accuracy of
the results. This flexibility in curve choice can be particularly beneficial
in scenarios where actual curve data is challenging to obtain, allowing
5 
Fig. 4. Quantitative assessment of prediction accuracy: The left panels represent the
relative error between measured and predicted curves across the full time scale, while
the right panels provide a detailed view of the critical peak and fall-off regions.
The solid line indicates the mean relative (percentage) error, and the shaded areas
correspond to the standard deviations, illustrating the precision of the predictions over
time. To guide the interpretation, the dotted red line is the average whole blood and
parent plasma curve. That helps to visually match errors with peak, decay and tail,
normalized to have the maximum at one for ease of visualization.

for alternative methods to be employed without a significant loss in
data quality or reliability. The influence of binding affinity, is pivotal
in the context of radiotracer uptake, reflecting a nuanced interplay
between the tracer’s characteristics and the biological makeup of the
subject, while the impact of sex on 𝑣𝑇 has been observed, albeit incon-
sistently. In this respect, our analysis consistently revealed a significant
effect of binding affinity and sex on the quantitative PET parameters,
but no interaction with the factor which encodes the type of curve.
The first finding aligns with existing literature, underscoring the critical
role these biological factors play in influencing PET imaging outcomes.
Importantly, the second finding indicates that these effects are correctly
reproduced using our estimated curves. Similarly, we reproduced the
impact of sex on these parameters which we observed on our data using
the true curves, but found no interaction of the sex factor with the curve
type factor, indicating again that these effects are correctly reproduced
using our estimated curves. A graphical representation of these results
can be found in Fig. 6
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Fig. 5. Left: Scatterplot between predicted and true 𝑣𝑇 values. Right: Bland Altman plot of the same data.
Fig. 6. Sex Effect on 𝑣𝑇 evidenced using 𝑣𝑇 computed from measured (‘‘true’’) and predicted (‘‘pred’’) curves. No statistical differences related to the curve reconstruction method
were found.
In the supplementary materials, we show the result of the full
compartmental analysis with the calculation of the rate constants
𝐾1, 𝑘2, 𝑘3, 𝑘4 and 𝑣𝑏, using the 2TCM fitted to the predicted curves
and, for comparative analysis, to the measured and, finally, to the
population-averaged whole blood and parent plasma curves fitted
with the PM. Supplementary Tables present the outcomes of the lin-
ear mixed model on those parameters. Generally, the rate constants
derived from our predicted curves did not show statistically signifi-
cant differences compared to those obtained from the measured and
population-averaged curves (Parker) (p > 0.05), and interaction effects
(see above) where seldom observed.
6 
4. Discussion

Compartmental modeling in dynamic PET imaging offers significant
advantages over the Standardized Uptake Value (SUV) method by
providing a more detailed and accurate quantitative analysis of tracer
kinetics. Unlike the semi-quantitative SUV, which can be influenced by
external factors and provides only a static snapshot of tracer uptake,
compartmental modeling accounts for the dynamic movement of trac-
ers across physiological compartments, offering enhanced accuracy and
specificity. This approach yields deeper insights into physiological and
pathological processes, aiding in disease characterization and treatment
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Table 1
Region-wise result of statistical analysis of 𝑣𝑇 values using a mixed model which
includes interactions. We analyze the effects on 𝑣𝑇 obtained by fitting the two-tissue
compartmental model with the measured, population-averaged fitted with the PM, and
predicted whole blood and parent plasma curves, as well as the effects of sex, binding
affinity, age, and relative interactions.

Region Source Statistic (𝐹 ) p-value

Frontal lobe

Sex 39.110771 0.0*
Affinity 32.15778 0.0*
Curve_Type 0.047779 0.953361
Age 6.161004 0.013913*
Sex * Curve_Type 1.850778 0.161259
Affinity * Curve_Type 0.048326 0.952841
Curve_Type * age 0.55812 0.573659

Hippocampus

Sex 19.473315 0.000017*
Affinity 21.330053 0.000007*
Curve_Type 1.000768 0.370253
Age 6.637887 0.010718*
Sex * Curve_Type 1.029932 0.359763
Affinity * Curve_Type 0.0732 0.929451
Curve_Type * age 3.259171 0.041402*

Occipital lobe

Sex 24.735298 0.000001*
Affinity 15.941296 0.000093*
Curve_Type 0.471981 0.624793
Age 1.807532 0.18038
Sex * Curve_Type 1.937423 0.148068
Affinity * Curve_Type 0.873729 0.419744
Curve_Type * age 0.488652 0.614536

Parietal lobe

Sex 29.152722 0.0*
Affinity 23.510766 0.000003*
Curve_Type 0.124759 0.882826
Age 5.762825 0.017406*
Sex * Curve_Type 2.413949 0.093884
Affinity * Curve_Type 0.100272 0.904669
Curve_Type * age 1.64521 0.197383

Putamen

Sex 25.560794 0.000001*
Affinity 16.596922 0.000069*
Curve_Type 0.844635 0.431718
Age 17.265875 0.00005*
Sex * Curve_Type 2.528895 0.083094
Affinity * Curve_Type 0.000458 0.999542
Curve_Type * age 3.522516 0.031955*

Temporal lobe

Sex 26.950623 0.000001*
Affinity 16.620629 0.000066*
Curve_Type 0.009846 0.990203
Age 6.757094 0.01003*
Sex * Curve_Type 3.248023 0.041712*
Affinity * Curve_Type 0.864578 0.423401
Curve_Type * age 0.824277 0.440608

Thalamus

Sex 28.710838 0.0*
Affinity 25.16891 0.000001*
Curve_Type 1.350943 0.262756
Age 1.620444 0.204552
Sex * Curve_Type 1.587303 0.208575
Affinity * Curve_Type 0.213824 0.807786
Curve_Type * age 2.993246 0.053735

* A statistical significant difference (p-value < 0.05).

planning. Its ability to factor in individual variations makes it particu-
larly valuable in personalized medicine, offering a more comprehensive
understanding of complex biological functions than the simpler SUV
measurement. The arterial input function – the temporal concentration
profile of parent tracer in plasma – is essential for quantifying dynamic
PET data to extract kinetic parameters. These parameters describe the
radiotracer interaction within the target tissue (e.g., vascular transport
and cellular metabolism) and are often used, together semi-quantitative
parameters (e.g., SUV), for therapeutic response monitoring, prognosis
evaluation, and cancer diagnosis or staging [34–38]. Conventionally,
AIF measurement requires arterial cannulation during dynamic PET
acquisition, a process that limits the technique’s use in clinical re-
search due to its invasiveness [4]. Existing non invasive alternative still
present major limitations: population averaged approaches generally
7 
Table 2
Comparative evaluation of model performance metrics for whole blood and parent
plasma curve predictions. Each metric is presented as a mean value with its corre-
sponding standard deviation, encapsulating the model’s accuracy and consistency. This
table highlights the AUC_AIF, correlation, and overall fit, offering a comprehensive view
of the model’s performance in predicting both whole blood and parent plasma curves,
as compared to the measured ones.

Metric Whole blood
(Mean ± Std)

Parent plasma
(Mean ± Std)

AIF_AUC difference 275.35 ± 832.07 93.66 ± 248.59
AIF_AUC % difference −1.9 ± 28 −2.8 ± 14
Time to peak Diff % 0.4 ±1 0.4 ±1
MAE 2.15 ± 0.86 1.17 ± 0.30
MSE 18.35 ± 10.31 20.25 ± 7.58
Pearson Correlation 0.86 ± 0.02 0.89 ± 0.01
𝑅2 0.74 ± 0.03 0.80 ± 0.03

suffer from misestimation of the peak and metabolite fraction; IDIF
approaches on the other hand suffer fron PV effects and the need
for in vitro analysis of blood samples for, in case of specific tracers
like [11C]PBR28, the correction for the presence of radiometabolites
in the plasma [3,9,39]. In fact, PET radiotracers undergo various bio-
transformations, resulting in different chemical entities and a decrease
in the parent radiotracer’s concentration. The PET scanner measures
total radioactivity in tissue but cannot distinguish the chemical na-
ture of the accumulated radiotracers. Quantifying the fraction of the
parent radiotracer in tissue, derived from its plasma concentration,
is crucial for fitting pharmacokinetic models and determining rate
constants [40]. Our model addresses this challenge by predicting both
the concentration of the parent tracer in plasma and whole blood,
incorporating prior knowledge about the AIF’s functional form. A sig-
nificant innovation in this study is employing PINNs to predict blood
and plasma curves, enhancing prediction accuracy by considering the
input function’s functional form. Our results, particularly the Pear-
son Correlation and 𝑅2 values presented in Table 2, demonstrate the
model’s ability to accurately replicate the dynamics of whole blood and
parent plasma curves. Specifically, an average cross-validated Pearson
correlation (measured vs. predicted) of 0.86 and 0.89 for whole blood
and parent plasma curves, respectively, was found demonstrating the
model’s effectiveness in capturing the tracer dynamics in the blood,
including metabolic effects.

Another challenge was managing the small dataset of
high-dimensional data (4D dynamic PET data). We addressed this
by encoding time evolution in the channel dimension of 3D con-
volutional filters and using depthwise separable convolutions. This
approach efficiently captures relevant dynamics from PET time se-
ries in a parameter-efficient manner. Additionally, we relied on a
preprocessing pipeline that improved image quality to enhance the
accuracy and reliability of the PET analysis, ensuring meaningful and
precise quantification results. The impact of motion correction [41],
the registration to the MNI space [42] and the computation of average
regional TACs [43] on the quantification of kinetic parameters has been
widely demonstrated.

The robustness of our method is further evidenced by pharmacoki-
netic assessments showing, notwithstanding a percentage difference
between the time to the predicted and true blood/plasma curves’ peaks
of 0.4 ± 1% indicating a very good match between predicted and real
time of peak occurrence and no statistical difference in the volumes
of distribution obtained with the 2TCM using both true and predicted
blood and plasma curves. In some cases, the model underestimated the
distribution volume (𝑣𝑇 ), as shown in Fig. 5. Given the known impact
of arterial input function (AIF) peak heights on the quantification of
dynamic PET data [44], we investigated the relationship between the
shapes of the whole blood and plasma curves and the estimated 𝑣𝑇 in
a simulation study. In this study, the peaks of the parent plasma and
whole blood curves were varied 100 times, ranging from −20% to 100%

of their initial values. The scatterplots in Supplementary Figure V reveal



M. Ferrante et al. Computer Methods and Programs in Biomedicine 256 (2024) 108375 
a strong negative correlation between the variation in (calculated as
the difference between the predicted and true 𝑣𝑇 for a representative
patient) and the variation in the peaks of the parent plasma and whole
blood curves (R2 = 0.94 and R2 = 0.93, respectively). This suggests
that the underestimation of the distribution volume seen in Fig. 5
likely occurred when the model overestimated the AIF peaks, which
happened in 25% of cases. This was further confirmed by the negative
trend of the linear fits in Supplementary Figure V, where the difference
between predicted and true 𝑣𝑇 values for our cohort was plotted against
the variation in the parent plasma and whole blood peaks (comparing
the true values to those estimated by the model). Future work could
address this issue by incorporating additional terms in the loss function
to account for these factors more explicitly.

The effect of using measured/population-averaged and whole-blood
and parent plasma curves fitted with the PM on Vt estimation, as
well as on sex, binding affinity, and age, was analyzed with a linear
mixed-effects model, and the results are summarized in Table 1. The
binding affinity consistently shows high statistical significance across
all regions, as well as interactions between factors such as sex, the type
of curve, and age. This result indicates the complexity of these rela-
tionships and their impact on the quantification of PET data. Despite
this, no significant differences in the outcomes of kinetic modeling were
observed when comparing measured data with our model’s estimations.
Volumes of distribution obtained with our predicted blood and plasma
curves are affected by TSPO binding affinity and sex in the same
way as the real ones, demonstrating the same sensitivity to the inner
variability of our cohort. Of note, the model was able to capture the
single-subject variability of our PET scans, outperforming the mea-
surements obtained using the population-averaged blood and plasma
curves. Furthermore, the volumes of distribution obtained using our
predicted curves successfully reproduced its inner variability given by
the sex and the presence, in our cohort, of high and mild TSPO affinity
binders [16–18], as compared to quantification using the measured
curves. This outcome holds promise for broader acceptance within the
nuclear medicine community, particularly for studies involving TSPO
density in neuroinflammation [45].

Our study has limitations. The dataset’s modest size raises concerns
about potential systematic biases and makes it difficult to generalize
the patients of other sites, especially in estimating critical parameters
like the AIF peak/tail. Furthermore, the model has not been tested
on healthy controls or in a cohort where blood tracer distribution
and radiometabolites concentration is altered by clinical conditions
or PET studies with pharmacological challenges. This latter research
would be part of a separate study focused on the generalizability of
our technique to situations where tracer metabolism and kinetics are
altered by physiopathology. Finally, it is worth noting that, since this
study was conducted on pre-existing data, the time resolution was not
optimized for the specific objective of defining an image-derived input
function. Instead, this framing has been optimized for brain kinetic
modeling over the years and with hundreds of scans.

5. Conclusions

This study demonstrates the significant potential of integrating prior
knowledge into neural networks for the modeling of complex biomed-
ical phenomena, particularly the arterial input function, in the context
of limited data availability. Our methodology, which employs depth-
wise separable convolutions along with physics-informed constraints,
has shown notable effectiveness in the accurate approximation of the
concentration of [11C]PBR28 in the whole blood as well as in the
parent plasma, indirectly demonstrating that information about tracer
metabolism can be retrieved from PET imaging alone. Of note, our
model was able to capture, solely from the image, the distribution of
the tracer in the various blood compartments, which include the plasma
and total blood but, more importantly, the radiometabolites partition.

The results of this study are promising, as they indicate no signifi-

cant differences in the outcomes of kinetic modeling when comparing
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measured data with our model’s estimations. Volumes of distribution
obtained with our predicted blood and plasma curves are affected
by TSPO binding affinity and sex, in the same way as the real ones
are, demonstrating the same sensitivity to the inner variability of our
cohort.

Our findings mark a significant step forward in the development
of more patient-friendly and non-invasive PET techniques. By reducing
the reliance on invasive procedures for quantitative analysis, this study
contributes to the broader goal of making quantitative PET a more
accessible and standard tool in clinical diagnostics. Such advancements
hold the promise of transforming PET imaging into a more universally
applicable and patient-centric diagnostic modality in healthcare.
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