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Abstract

Positron emission tomography (PET) imaging enables quantitative assessment of tissue 

physiology. Dynamic pharmacokinetic analysis of PET images requires accurate estimation 

of the radiotracer plasma input function to derive meaningful parameter estimates, and small 

discrepancies in parameter estimation can mimic subtle physiologic tissue variation. This study 

evaluates the impact of input function interpolation method on the accuracy of Patlak kinetic 

parameter estimation through simulations modeling the pharmacokinetic properties of [68Ga]-

PSMA-11. This study evaluated both trained and untrained methods. Although the mean kinetic 

parameter accuracy was similar across all interpolation models, the trained node weighting 

interpolation model estimated accurate kinetic parameters with reduced overall variability relative 

to standard linear interpolation. Trained node weighting interpolation reduced kinetic parameter 

estimation variance by a magnitude approximating the underlying physiologic differences between 

normal and diseased prostatic tissue. Overall, this analysis suggests that trained node weighting 

improves the reliability of Patlak kinetic parameter estimation for [68Ga]-PSMA-11 PET.
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I. INTRODUCTION

Positron emission tomography (PET) is an imaging technique that enables the quantification 

of physiological processes with molecular specificity using biologically-relevant molecules 

labeled with positron-emitting radionuclides (radiotracers). PET studies can be performed 

as single (static) images in time or as temporal (dynamic) sequences that measure the 

pharmacokinetic characteristics of the radiotracer. A single (static) PET image provides 

information about the average spatial distribution of tracer throughout the image acquisition 

window. A dynamic PET acquisition enables the estimation of key pharmacokinetic 

processes, such as the tissue tracer influx, trapping, and washout rates [1].

Physiologic information can be derived from dynamic PET data using mathematical models 

which describe the movement of tracer between distinct, well-mixed compartments using 

linear rate constants. In practice, the kinetic model parameters may be estimated using 

a number of methods, including graphical analysis, spectral analysis, and compartmental 

modeling [1]. All three of these methodologies require the estimation of an arterial 

input function (AIF), which represents the concentration of free tracer in the patient’s 

plasma, delivered to tissue capillary beds as a function of time. Since capillary radiotracer 

concentrations cannot be measured in routine PET studies, large artery concentrations are 

used as a surrogate.

The gold standard method of measuring the AIF requires continuous arterial sampling, 

which often leads to patient discomfort, risk of thrombosis, and increased personnel 

exposure to radiation. Alternatively, population-based or image-derived AIF estimation 

methods are routinely employed as non-invasive measures of the AIF [2]–[9]. The AIF 

may be derived from a large blood pool region, preferably the cardiac left ventricle or 

the aorta. For smaller vessels in limited field-of-view studies, numerous methods of partial-

volume correction have been investigated [10]–[12]. However, few studies have investigated 

the relationship between kinetic model parameters and the method of AIF interpolation. 

Population-based AIF estimation methods may incorrectly approximate an individual 

subject’s variation in time-activity curves [13]. Additionally, noise in the AIF significantly 

impacts the variability of kinetic parameter estimates [14], [15]. A small number of 

parametrized models of the AIF which account for PET image reconstruction errors have 

been proposed, but their accuracies have not been compared against non-parametric models 

[16], [17].

This study’s purpose is to simulate a diverse dataset of AIF data and evaluate various novel 

and previously reported AIF interpolation methods (both parametric and non-parametric). 

Each method is assessed by its ability to accurately estimate kinetic parameters through 

graphical (Patlak) analysis using data simulating [68Ga]-PSMA-11 kinetics in prostate 

cancer [18]. Prostate cancer imaging with [68Ga]-PSMA-11 was selected due to its 

demonstrated clinical utility in the detection, staging, and treatment selection for prostate 

cancer patients [19]–[25]. The Patlak model kinetic parameters include Ki, the net first-

order tracer influx rate, and Vd, the distribution volume, of a region. Simulations were 

performed using tracer pharmacokinetics which mimic results from a previously published 

study in prostate cancer patients [26]. Kinetic parameters inform tissue characterization and 
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therapeutic decisions for prostate cancer patients, so accurate AIF estimation and subsequent 

kinetic parameter estimation are of clinical significance [27], [28].

II. Methods

To evaluate the effects of AIF interpolation method on Patlak kinetic parameter estimates, 

specifically in the context of a three parameter, two tissue compartment model, a 

parametrized input function simulation model was developed that mimics the shape and 

scale of AIFs routinely observed in PET studies.

A. Input Function Model Derivation

A list of parameters, their definitions, and constraints on their simulated values may be 

found in Table I. The input function is modeled as a single, uniform bolus injection, I t , 

with parameters describing the injected dose (D), injection time delay Tdelay , and dose 

duration T inject  in (1). Two response functions (RFV P t  and RFLV t ) represent the mixing 

effects of tracer in the ventriculopulmonary (2) and left ventricular (3) systems en route to 

the arterial system. The bolus arterial input function (4) is therefore a convolution of the 

injection with each response function.

I t =
D

T inject
Tdelay ≤ t ≤ Tdelay + T inject

0 t < Tdelay, t > Tdelay + T inject

(1)

RFV P t = V e−V t

(2)

RFLV t = He−Ht

(3)

Cbolus t = I t ⊗ RFLV t ⊗ RFV P t

(4)

A recirculation function (5) is also introduced as a component of the overall plasma function 

to account for incomplete first-pass extraction and regional tissue washout of the radiotracer 

(6). Additionally, the input function model allows for single first-order interchange of 

tracer between the plasma and red blood cell (RBC) compartments in (7). When weighted 

by hematocrit, the plasma and RBC function combine to represent the simulated arterial 

input function (8). For the simulated data, input function curves were assumed to be 

free of imaging-system resolution distortions. Additionally, radionuclide decay was not 

parametrized because the model assumes that all data are decay-corrected.
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Crecirculated t + RTdelay = RFe−RR*t ⊗ Cbolus t

(5)

Cplasma t = Cbolus t + Crecirculated t

(6)

CRBC t = R1Cplasma t ⊗ e−R2t

(7)

Cblood t = Hct*CRBC t + 1 − Hct *Cplasma t

(8)

B. Tissue Pharmacokinetic Model

Tissue curves were derived using a two tissue compartment, three rate constant K1, k2, k3

concentration model (9) [34]. A full derivation of this model is available in the 

supplementary materials. The central values and distributions of the three rate constants 

were derived from the midpoint of prostate and lesion median values observed in an 

experimental study by Ringheim et al [26]. Parameter variances were likewise estimated to 

encompass the first and third quartiles observed in the Ringheim et al. study, which modeled 

a three parameter, two tissue compartment model for [68Ga]-PSMA-11. AIF and TAC curves 

were generated at 1-second resolution through random sampling from individual parameter 

distribution functions. The distributions which describe these parameter simulations can be 

found in Table I. Combining the simulated tissue and blood curves, weighted by tissue 

and blood volume fractions (10), produced a volume-of-interest (VOI) tracer concentration 

time-activity curve. Finally, the VOI curve was temporally integrated over a simulated PET 

acquisition sequence to represent “image-derived” data. The simulated PET acquisition 

sequence included twelve ten-second frames, six thirty-second frames, five one-minute 

frames, and ten five-minute frames for a simulated acquisition of one hour (3600 seconds). 

A comparison of 10 human image-derived AIFs (clinical trial NCT04936334) with 

simulated datasets is shown in Fig. 1.

Ctissue(t) = K1k2
k2 + k3

e− k2 + k3 t ⊗ Cplasma(t) +
K1k3

k2 + k3
∫

o

t
Cplasma(τ)dτ

(9)

CV OI t = 1 − FBV Ctissue t + FBV Cblood t
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(10)

CV OI t ∣ t1 ≤ t < t2 = 1
t2 − t1

∫
t1

t2
1 − FBV Ctissue(τ) +

FBV Cblood(τ)dτ

(11)

C. AIF Interpolation Methods

Mathematical models for the estimation of kinetic rate constants require that the AIF is 

generated on a fine temporal scale (typically 1 second bins) or can be parameterized 

mathematically. The traditional approach is to interpolate the image-derived time-activity 

curves (TACs) onto a 1-second grid.

Several interpolation methods described below were evaluated in this study. All simulations 

were constructed in Python v3.7. Using the described blood and VOI TAC models, 

independent training (N=20,000) and testing (N=5,000) datasets were created for the blood, 

plasma, and VOI TAC models. Model parameters were randomly initialized according to 

Table I for each data series. Additional training and testing datasets were created by adding 

Poisson-distributed noise characteristics to the original datasets with a random SNR between 

4 and 10. Noise was applied to the TACs before scanner window integration into temporal 

image frames.

Trained input function interpolation models were optimized on the training dataset to 

minimize the errors between the blood TAC-derived plasma function and the ground-truth 

plasma function.

1) Linear—Linear interpolation is a common method for extracting a TAC from an 

image-derived AIF. Linear interpolation requires no additional training or parameterization, 

and thus is easy to implement in analysis workflows. Linear interpolation was performed 

using the midpoint time of each scanner acquisition window.

2) Linear with Curve Area Preservation—This method is a variant of linear 

interpolation, but it is designed to preserve the area under the curve of the original TAC. 

To accomplish area preservation, adjacent scanner acquisition windows of different temporal 

lengths are interpolated symmetrically according to the midpoint of the smaller acquisition 

window. Constant-value interpolation connects the missing segment to the larger acquisition 

window’s midpoint.

3) Piecewise Fit—This method locates the peak of the arterial input function, and 

performs a linear fit to the peak of the curve, followed by a biexponential fit to the tail.

4) Trained Node Weighting—This method uses a training dataset to fit an independent 

multivariate linear predictor of the noiseless signal for each frame sequence timepoint, as 

a function of the measured noisy signal at every frame in the acquisition. Once trained, 
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the models produce estimates of the tracer concentration at each frame sequence timepoint, 

which are interpolated with a cubic basis function.

5) Fully-Connected Neural Network—The fully-connected (dense) network is a 

trained neural network which inputs a vector of noisy frame sequence data and outputs 

a timeseries interpolation matching the length of the study (3600s). The fully-connected 

network was created in PyTorch, and applied as a sequence of two linear layers with a leaky 

rectified linear unit activation function [35].

6) Residual Neural Network (ResNET)—The residual neural network is a single-

dimensional implementation of the deep residual neural network proposed by He et al. 

for image recognition [36]. This network is constructed with building blocks composed 

of single-dimension convolutional layers and an identity connection. The overall residual 

network is then composed of 10 building block layers. Batch normalization and dropout 

(p=50%) is performed within each layer, and the leaky rectified linear unit is used as the 

activation function. Finally, the output is passed to a single dense layer, which reports a 

timeseries interpolation matching the length of the study (3600s).

D. Simulation Design and Testing

Testing was performed on all interpolation models, and the models were evaluated by their 

AIF interpolation accuracy, as well as their Patlak parameter estimate reliability. The Patlak 

Ki and V d were estimated for each data series using the linearized formulation of the Patlak 

tissue equation in (12) and (13). Patlak parameters were modeled without a delay term, as 

input functions were assumed to be derived from nearby vessels (i.e. iliac artery). When 

equilibrium is achieved between the compartments, a linear fit to the final six acquisition 

frames enables the estimation of Ki and V d. For each testing data series, Patlak parameters 

were estimated for each interpolation model with and without noise added in the plasma and 

tissue TACs. Additionally, a control analysis using the known plasma function was used to 

validate the Patlak estimation method.

F(t) = Ki ⋅ G(t) + V d, where:

F(t) = ctissue(t)
Cplasma(t) , G(t) =

∫0
tcplasma(τ)dτ
cplasma(t)

(12)

Ki = K1k3
k2 + k3

(13)

AIF interpolation performance was assessed by the mean residual and residual standard 

deviation (RMSE) band comparison. Additionally, differences in area under the AIF curve 

were assessed by repeated measure ANOVA and Dunnett’s multiple comparison test, 

since Patlak parameter estimation depends on accurate discrete-time tracer concentration 

and total accumulated tracer time-activity. Assumptions of normality and sphericity were 
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validated. The AIF interpolation was then processed according to the Patlak equation, and 

the mean residual and residual standard deviation of each curve ratio was computed. Ki

and Vd estimation accuracy were assessed by their residual mean and standard deviation. 

Additionally, the variance of parameter estimation by each method was assessed relative to 

linear interpolation using a one-sided F-test.

III. Results

Fig. 2 provides a visual demonstration of the parametrized plasma function, Cplasma(t), and 

the modeled image-derived AIF. Fig. 3 demonstrates the variety of AIF shapes which 

were simulated by the model. Because the image-derived AIF is a sparse sampling of the 

underlying blood function, Cblood(t), interpolative estimation enables the estimation of the 

underlying plasma function. The interpolation can be divided into two phases, including an 

early bolus or peak phase and a tail phase. The bolus phase (first 150 seconds) is frequently 

sampled because the signal is rapidly variant and noisy. The tail phase follows the bolus 

phase, and the tail phase is characterized by a slowly varying, temporally averaged signal.

Performance of each interpolation method over the bolus phase is demonstrated in Fig. 4. 

The linear interpolation methods and piecewise methods displayed an undulating positive 

and negative bias pattern, with the maximum mean bias occurring at t=10 seconds and the 

minimum mean bias occurring at t=21 seconds. The mean bias shifted from positive to 

negative between t=15 and t=16 seconds, corresponding to a shift in concavity in the mean 

plasma function at the same time. The bias led to average AIF peak estimation inaccuracies 

of 15.7 ± 0.5%, 15.7 ± 0.5%, and 11.7 ± 0.5% for the linear, area-preserving linear, and 

piecewise fit models, respectively.

The trained node weighting, fully-connected neural network, and residual neural network 

models did not exhibit the same behavior, as their average AIF peak prediction errors 

were 1.4 ± 0.6%, 0.7 ± 0.3%, and 4.2 ± 0.3%, respectively. Irrespective of bias, all six 

methods demonstrated high variability in AIF peak estimation, with peak residual standard 

deviation greater than 300 Bq/mL in each model – approximately 10% of the average peak 

concentration.

Bias and variance in the AIF tail region (Fig. 5) were less pronounced. On average, all 

interpolation methods estimated the signal to within a standard deviation of 10 Bq/mL 

(±7%) of the target, except for the 30-to-60 and 60-to-300 second frame sequence transitions 

in the area-preserving linear model. However, small but consistent overestimations in the 

AIF tail propagated as larger biases in the total area under the AIF curve (Table II). Only 

the trained node weighting and fully-connected neural network models preserved unbiased 

estimates of the total AIF area under the curve.

When propagated to Patlak model components (F(t) and G(t) of (12)), the linear, linear 

area preservation, and trained node weighting interpolation methods estimated the plasma-

integral-to-plasma ratio (G(t)) within a 0.12%, 0.33%, and 0.05% error margin, respectively, 

compared to 4.25% for piecewise fit, 2.71% for fully-connected neural network, and 5.99% 

for residual neural network interpolation strategies. The trained node weighting strategy 
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similarly estimated the tissue- to-plasma ratio within a 0.07% error margin, whereas both 

linear interpolation methods maintained a 1.4% error margin. Tissue-to-plasma ratios (F(t)) 

were estimated within error margins of 5.6%, 3.4%, and 4.1% for the piecewise fit, fully-

connected neural network, and residual neural network interpolation methods.

Variance in AIF estimation and Patlak model components propagated to the estimation 

of kinetic parameters, Ki and V d. All six methods accurately estimated Ki and V d within 

standard deviation bounds on average, regardless of noise level (Figures 6 and 7). However, 

the trained node weighting and residual neural network interpolation approaches enabled 

accurate Ki estimation while statistically improving the precision of Ki estimates, relative to 

the linear interpolation standard (Fig. 6).

The median relative biases and standard deviations in Ki estimates were −0.08 ± 5.52% 

and 1.50 ± 5.66% for the trained node weighting and residual neural network, respectively, 

compared to −1.43 ± 6.74%, −1.02 ± 6.76%, −1.80 ± 6.95%, and 0.81 ± 6.94% for the 

linear, area-preserving linear, piecewise, and fully-connected neural network interpolation 

models. No interpolation method significantly improved the precision of V d estimates from 

noisy data relative to linear interpolation (Fig. 7), as simulated noise led to V d standard 

deviations of over 40%, regardless of the interpolation method.

The testing dataset was further stratified into simulated tissue types by Ki value, according 

to the reference ranges provided by [26]. Fig. 8 demonstrates the differences in Ki estimation 

variability and bias for lesion and normal prostate. Significant underestimation of Ki was 

observed in the simulated normal prostate relative to the simulated lesions was noted for 

all methods, except the trained node weighting method. Mean bias was −2.2% for linear 

interpolation in the normal prostate, compared to only −0.03% for trained node weighting.

IV. Discussion

The purpose of this study was to investigate the effects of AIF interpolation techniques on 

the accuracy and reliability of kinetic parameter estimates obtained through Patlak analysis 

for [68Ga]-PSMA-11 studies in prostate cancer. Ideally, an AIF interpolant possesses the 

ability to approximate the nonlinear plasma function while resisting the variant effects of 

noise. As demonstrated with the control analyses (Figs. 6 and 7), Patlak analysis accurately 

estimates Ki and V d when supported by an accurate AIF interpolation. However, inaccuracies 

in the late-scan interpolation and area under the AIF curve estimation propagate to reduced 

reliability in kinetic parameter estimates.

Linear interpolant models are easy to implement and they closely adhere to the measured 

data from a scanner frame sequence. However, they are unable to capture underlying 

variations in the concavity of the AIF. As demonstrated in Fig. 4 and Table II, this manifests 

through bias in the estimation of the AIF peak, leading to eventual inaccuracies in the 

cumulative area under the curve and high Ki parameter estimation uncertainty.

In contrast to linear interpolants, model-based interpolants possess the ability to synthesize 

information across multiple timepoints and estimate the AIF with greater accuracy. 
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However, they are limited by the requirement for training datasets which must be externally 

validated. The trained node weighting interpolant leveraged accurate AIF peak and tail 

estimation to produce kinetic parameter estimates with statistically reduced variability. In 

contrast, although the fully-connected neural network plasma curve interpolant preserved 

area under the curve, it failed to converge fully in the tail region. This lack of convergence, 

when applied to Patlak analysis, broadened the variability of kinetic parameter estimates 

using the fully-connected neural network interpolant. An accurate Patlak assessment 

depends upon a strong tail convergence and accurate estimation of the area under the plasma 

curve.

The net influx rate, Ki, is estimated using a linear regression to the Patlak model 

formulation (12). This regression estimates the slope Ki  through six late-timepoint frames, 

averaging the noise characteristics. Fig. 6 suggests that variation in the net influx rate 

is largely systematic, not noise-dependent. Therefore, variance in Ki estimates can be 

reduced by choosing accurate interpolation methods. In contrast, Fig. 7 indicates that the 

distribution volume V d  variance is highly noise-dependent, and the V d estimation reliability 

improvement attributable to interpolation is only apparent when noise is removed.

In this analysis, the trained node weighting interpolant was the only method which preserved 

the area under the AIF plasma curve, supported accurate kinetic parameter estimates, and 

enabled reduced parameter estimate variability relative to standard linear interpolation. 

Overall, the trained node weighting method improved the accuracy of parameter estimates 

by 1.37%, relative to standard linear interpolation. Additionally, trained node weighting 

interpolation reduced the Ki estimate interquartile range by 1.45%. The residual standard 

deviation was also reduced 19% using the trained node weighting method.

Ringheim et al. provided the initial estimates of Ki and V d for [68Ga]-PSMA-11 which 

enabled this study. In their analysis, the lower confidence band for lesion net influx 

(Ki = 0.024) and the upper confidence band for normal prostate Ki = 0.022  are only 

separated by a 0.002 mLblood/ mLtissue × min  difference (9.1% relative difference) [26].

When using tracer uptake rate constants such as Ki as a metric for tissue characterization, 

systematic biases can lead to unnecessary false positive or negative results. Fig. 8 

demonstrated significant uptake underestimation by linear interpolants in normal prostate 

tissue. A potential mechanism for this underestimation may involve AIF overestimation 

and an extension of normalized Patlak time. The Ki estimation differences seen in normal 

prostate and lesion are significant because the 2% bias seen in estimation with linear 

interpolation is of a scale which could reasonably reclassify a tissue from normal prostate to 

indeterminate, or indeterminate to lesion. Additionally, the tendency of linear interpolation 

to underestimate Ki at low values presents concern for the potential of false negative 

evaluations.

The reported AIF estimation methods can be applied to region-of-interest based analysis 

and parametric tissue modeling. Improvements in AIF estimation bias and variance become 

cumulatively more impactful as additional input function curves are estimated. In the context 

of tissue differentiation, kinetic parameters must be estimated accurately and reliably from 
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the most robust system available. Systematic AIF bias and variance, even if small in 

comparison to image noise characteristics, is a reducible error source which impacts the 

clinical utility of 68Ga-PSMA-11 PET imaging. In this study, the trained node weighting 

interpolant provided the best method to estimate these kinetic parameters.

The current study only evaluated the impact of AIF interpolation on kinetic parameter 

estimates for Patlak analysis of [68Ga]-PSMA-11 studies in prostate cancer. Nonetheless, the 

observed reduction in AIF peak and tail curve variability using the trained node weighting 

method demonstrates that proper AIF estimation enables improved downstream accuracy of 

kinetic parameter modeling. Although not specifically evaluated in the present study, it can 

be reasonably assumed that other graphical methods like Logan plot analysis and kinetic 

modeling would also benefit from enhanced AIF estimation. Trained methods such as 

node weighting may similarly enhance the performance of parametric modeling in broader 

dynamic PET applications. The relative advantage of the trained node weighting method will 

be dependent upon individual PET tracer pharmacokinetics and imaging study design. As 

such, one feasibility constraint of trained methods is the requirement for re-training when 

altering the image acquisition sequence or tracer. The reported AIF model parameterizes 

tracer differences in recirculation, RBC trapping, and RBC release, enabling the translation 

to other tracers with an upfront cost of validating the generated curves against pilot human 

data.

This study presents simulation data, and therefore the interpretation of the findings must 

be tempered by an understanding of the accompanying limitations. Foremost, all plasma 

function data was created from a parametric model which is not validated against image-

derived AIFs or continuous arterial sampling data. Additionally, the models used for Patlak 

analysis did not account for image distortions or tracer decay corrections. Only a single 

scanner frame sequence was employed in this analysis, and although it was intended to 

represent a standard clinical PET study, any model-based interpolant methods would require 

retraining before application to new studies.

V. Conclusion

Input function interpolation method significantly impacts the accuracy and variability 

of kinetic rate parameters obtained through Patlak analysis. Model-based interpolation 

techniques surpass simple interpolation techniques in this simulated study of tracer kinetics. 

The results of this study indicate that the trained node weighting method provides a novel 

approach for AIF interpolation used for quantitative pharmacokinetic modeling in dynamic 

PET studies.
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Figure 1: 
Overlay of the mean and standard deviation of 10 human (grey) and 2 simulated image-

derived PSMA-11 AIFs. Human-derived datasets were acquired as part of an ongoing 

clinical research trial NCT04936334.
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Figure 2: 
A sample simulated AIF, displayed with an inset graph of the first 300 seconds of the 

simulated TAC. The red curve represents the simulated plasma function Cplasma(t), which is 

binned into an image-derived blood TAC, Cblood(t). The green curve is a linear interpolation of 

Cblood(t) intended to approximate Cplasma(t).
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Figure 3: 
Demonstration of the distribution of modeled plasma input function curves. Shown are the 

first 600 seconds of four simulated input function curves drawn from the study simulation. 

Light blue and light green show an input function within the bottom 5% of simulated 

injected doses and with a minimum or maximum injection time, respectively. Red and purple 

show an input function within the top 5% of simulated injected doses and with a minimum 

or maximum injection time, respectively. Curves are displayed without noise.
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Figure 4: 
Interpolation method performance during the bolus phase (first 150 seconds) of the AIF 

TAC. Each plot displays the mean temporal bias (black) and residual standard deviation 

(root mean squared error, denoted by color bands) relative to a zero-residual target line (red 

dashed line). The linear and linear area preservation methods are nearly identical, except for 

slight differences at the frame duration transition that occurs at t=120 seconds.
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Figure 5: 
Interpolation method performance after the bolus phase (final 3450 seconds) of the AIF 

TAC. Each plot displays the mean temporal bias (black) and residual standard deviation 

(root mean squared error, denoted by color bands) relative to a zero-residual target line (red 

dashed line). The spikes in the linear area preservation method bias occur at frame sequence 

transition timepoints at t=300 and t=600 seconds.
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Figure 6: 
Mean estimation error and standard deviation for the net tracer influx rate, Ki, for each 

interpolation method. Results are shown with and without noise within a random, uniform 

SNR range of 4–10. The noiseless comparisons demonstrate the Ki estimation errors and 

variability which are attributable to systematic (non-noise) causes. Significance indicates 

a reduction in Ki estimation variability relative to linear interpolation, using a one-sided 

F-test for variance, corrected for multiple comparisons using the Bonferroni method. (****) 

indicates p<0.0001.

Smith et al. Page 19

IEEE Trans Med Imaging. Author manuscript; available in PMC 2025 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 7: 
Mean estimation error and standard deviation for the tracer distribution volume, V d, for each 

interpolation method. Results are shown with and without noise within a random, uniform 

SNR range of 4–10. The noiseless comparisons demonstrate the V d estimation errors and 

variability which are attributable to systematic (non-noise) causes. Significance indicates 

a reduction in V d estimation variability relative to linear interpolation, using a one-sided 

F-test for variance, corrected for multiple comparisons using the Bonferroni method. (****) 

indicates p<0.0001
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Figure 8: 
Mean estimation error and standard deviation for the net tracer influx rate, 

Ki, for each interpolation method. Results are grouped by lesion (defined 

as reference Ki > 0.024min−1, N = 1350) or normal prostate (defined as reference 

Ki < 0.022min−1, N = 3276). Significance indicates a difference in pooled bias between 

normal prostate and lesion Ki estimates. Significance levels are * p<0.05, ** p<0.01, *** 

p<0.001, **** p<0.0001
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