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Abstract

Background. A murine breast cancer xenograft model was employed to evaluate inter- and intra-variability of various 
parameters derived from dynamic positron emission tomography with [18F]-fluorodeoxyglucose as tracer (FDG-PET).
Material and methods. Seventeen female athymic nude foxn1/nu mice with bilaterally implanted triple-negative 
basal-like ductal carcinoma (MAS98.12) breast cancer xenografts underwent a dynamic PET scan over an hour after 
injection of approximately 10 MBq FDG. Inter-animal data were obtained from the entire animal cohort, while intra-
animal data were from four mice receiving an additional scan after one or two days. Standardised uptake values (SUVmax, 
SUVmean and SUVmedian) were estimated for all tumours at different time points. Tumour uptake was analysed with a 
kinetic two-compartment model for estimation of pharmacokinetic parameters. The coefficient of variation (CV) was 
calculated for all PET-derived metrics.
Results. The CVs for SUVmean and SUVmedian were typically 10–20% for the tumours, depending on the time 
post-injection and group (intra vs. inter). The CV for SUVmax was mostly higher. The variability in the pharmacokinetic 
parameters ranged from 23 to almost 150%. 
Conclusions. SUVmean and SUVmedian show less variability than SUVmax. The pharmacokinetic tumour metrics again 
display much greater variability than the SUV-based metrics. However, it is generally not known which of these metrics 
that best represents cancer aggressiveness and their use may still depend on the research questions addressed.

Positron emission tomography (PET) using 2-deoxy-
2-[18F]-fluoro-D-glucose (FDG) as tracer may serve 
several purposes in oncology. First, it provides a 
means for detection of malignant lesions within the 
body, and may aid disease staging and subsequent 
treatment selection [1]. Second, FDG-PET images 
allow for tumour delineation in radiotherapy [2]. 
Third, FDG-PET may be used to monitor and eval-
uate treatment efficacy during and after therapy [3]. 
Thus, FDG-PET may serve as a ‘compass for safe 
navigation’ in the era of personalised medicine [4]. 
However, when using quantitative measures in the 
evaluation of treatment efficacy pre- and post-therapy, 
the measured change reflects a combination of the 
actual (biological) change and the inherent variabil-
ity of the measurement. Therefore, a careful evalua-
tion of FDG-PET as a test monitor is needed for 
both clinical and pre-clinical applications.

The tissue accumulation of the glucose analogue 
FDG reflects a combination of perfusion, transporter 
receptor (GLUT1-4) density and hexokinase activity 
[5]. As many solid tumours employ glycolysis as their 
main energy source (Warburg effect), they are distin-
guishable from the background in conventional PET 
scans performed typically one hour after FDG injec-
tion. FDG uptake can be quantified in terms of the 
standardised uptake value (SUV), which is the 
amount of tracer accumulated in a region of interest 
relative to the injected specific activity per body 
weight [6]. However, the SUV represents both the 
free (non-metabolised) and bound (metabolised) 
FDG, where only the latter reflects the Warburg 
effect. Furthermore, tissue accumulation is a con-
tinuous process, and conventional PET only provides 
a snapshot of this accumulation. Using dynamic 
PET, tissue accumulation can be monitored in both 
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time and space, allowing for not only estimation of 
SUVs at specific time points post-injection, but also 
full pharmacokinetic modelling [7]. The derived 
model parameters have been shown to reflect the 
underlying tissue processes leading to FDG uptake.

PET may be used for experimental testing of new 
therapies and assessment of treatment response 
[7–9]. We have used dynamic FDG-PET and phar-
macokinetic analysis for assessing response to irra-
diation in prostate cancer xenografts [10], to imatinib 
therapy of gastrointestinal stromal xenografts [11] 
and to anti-angiogenic therapy of breast cancer xeno-
grafts [12]. In conjunction with such studies, it is 
timely to address the reproducibility of the parame-
ters derived from dynamic PET used to assess ther-
apy response. Of particular interest in this respect are 
the pharmacokinetic parameters, which derive from 
a statistical model analysis requiring an arterial input 
function [7]. In the current work, we investigate the 
reproducibility of parameters derived from dynamic 
PET of breast cancer xenografts and discuss the 
implications for experimental response monitoring.

Material and methods

Xenograft tumour model

Seventeen female athymic nude Foxn1nu mice with 
triple-negative basal-like ductal carcinoma (MAS98. 
12) breast cancer xenografts [13] form the basis for 
this study. All experimental protocols were approved 
by the National Animal Research Authority and con-
ducted in accordance with the guidelines of the 
Federation of European Laboratory Animal Science 
Association (FELASA).

Xenograft fragments of approximately 1 mm3 
obtained from previous passage were implanted 
bilaterally in the mammary fat pads of 7–8-week-old 
mice (weight 23–25 g). Before implantation of xeno-
grafts or PET imaging, animals were anaesthetised 
by subcutaneous injection at dosage 75 ml/10 g body 
weight with a combination of 3.8 mg/ml xylazine 
(Narcoxyl Vet, Roche, Basel, Switzerland), 2.4 mg/ml 
tiletamine and 2.4 mg/ml zolazepam (Zoletil Vet, 
Virbac Laboratories, Carros, France), and 0.1 mg/ml 
butorphanol (Torbugesic, Fort Dodge Laboratories, 
IA, USA), diluted 1:5 in sterile water.

Dynamic FDG-PET imaging

PET imaging commenced once tumours reached a 
diameter of 8–10 mm in the longest axis, approxi-
mately five weeks after implantation. Following over-
night fasting, animals were anaesthetised and 
catheterised in the tail vein, and groups of three mice 
were placed with tumours centred in the gantry of a 
Siemens microPET Focus 120 (Erlangen, Germany) 

pre-clinical scanner. Ten min transmission scans 
using a 68Ge point source were conducted for scatter 
and attenuation correction. Sixty min PET acquisi-
tions were then started in list mode prior to intrave-
nous (i.v.) injection of approximately 10 MBq of 
FDG (GE Healthcare AS, Oslo, Norway) diluted in 
0.9% NaCl. During scanning, animals were covered 
with an insulating material and kept warm by a heat-
ing lamp. Body temperature was maintained at about 
35°C as measured by rectal probe in a representative 
mouse. After completed imaging, anaesthetised ani-
mals were sacrificed by cervical dislocation.

Images were reconstructed using OSEM3D-
MAP (two OSEM iterations, 18 MAP iterations, 
b  0.5, matrix size  128  128  95) [14] with 
resulting voxel size of 0.87  0.87  0.80 mm3. 
Reconstructed time frames ranged from 10 s for early 
time points to 10 min for late time points.

All 17 animals each received one scan. Addition-
ally, four animals underwent a repeat scan one or two 
days after the first and form the basis for the intra-
reproducibility study. Mice were untreated and no 
major tumour progression or physiological changes 
were assumed to occur during the experiment.

Image analysis

Images were analysed with bespoke software in IDL 
8.3 (ITT Visual Information Solutions, Boulder, CO, 
USA). Tumours were manually delineated in final 
frame images.

For normalisation of dPET-data, full-body VOIs 
were segmented and the total injected activity deter-
mined for all animals. This method was chosen as the 
extracted activity was thought to more accurately 
represent the actual injected activity than the nomi-
nal injected activity of 10 MBq, as all three mice were 
consecutively injected with a single syringe of FDG, 
making measurement of residual activity uninforma-
tive for individual injected activities. We did indeed 
find less variability in the data using this approach 
(data not shown). Pseudo-SUVs (hereafter SUVs) 
were calculated as the tissue activity concentration in 
MBq/ml divided by the integrated injected activity 
(MBq) normalised to full-body volume (ml). 
Maximum, mean and median SUVs over all con-
tained voxels were determined for all tumours, and 
three corresponding SUV time activity curves (TACs) 
were generated for each individual VOI.

Individual arterial input functions (AIFs) were 
obtained by contouring of the maximal voxels of the 
aorta in the initial frame of injection for each animal 
(9–13 voxels). For a given animal, the time at which 
the AIF reached a maximum was determined and 
used to shift corresponding tumour TACs along the 
time axis to a common origin. Animals with AIFs 
which peaked in the first frame were excluded from 
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or a bound (metabolised) state or compartment. The 
four rate constants K1, k2, k3 and k4 describe the 
exchange of FDG between the two compartments; 
K1 gives a measure of capillary permeability and per-
fusion rate, k2 describes the efflux of FDG to the 
blood stream, k3 gives a measure of metabolic phos-
phorylation of available FDG, whilst k4 represents 
dephosphorylation of metabolised tracer. In our 
analysis, FDG is assumed to be irreversibly metabo-
lised and k4 was set to zero.

Variability was examined for K1, k2 and k3, as well 
as two additional kinetic parameters; vB and MRFDG. 
vB estimates the fraction of vascular volume in tissues, 
whilst MRFDG gives a measure of the metabolic rate 
of FDG, given by MRFDG  (K1k3)/(k2  k3).

Patlak analysis was performed using SUVmedian 
AIFs for all tumour TACs by linear regression on data 
in the equilibrium region from 7.5 min to the end of 
acquisition. The slope of the regression line, K, gives 
another measure of metabolic rate of FDG whilst the 
intercept V0 reflects volume of distribution.

the analysis. As one set of animals was scanned for 
45 min only, all TACs were interpolated to a uniform 
time axis with a temporal resolution of 10 s and range 
0–45 min.

A total of 38 tumours could be identified in the 
image material using the final frame of the dynamic 
acquisition. Two animals were excluded from the 
analysis due to inadequate AIFs, and one borderline 
occult tumour was removed. This gave a data set of 
34 tumours. Intra-animal reproducibility was evalu-
ated over test-retest scans for a set of seven.

The injected activity estimated from full-body 
segmentations ranged from 6.5 to 14.6 MBq (mean, 
10.8 MBq).

Kinetic modelling

Tumour TACs (max, mean and median) were fitted 
to a two-tissue compartment model using individual 
AIFs, as described by Røe et al. [10,15]. In brief, the 
model assumes that tracer taken up from the blood 
pool may be present in cells in a free (non-metabolised) 

Figure 1. Coronal test (upper) and retest (lower) dynamic FDG-PET images for an individual representative animal implanted with 
MAS98.12 breast cancer xenografts at acquisition times 2 min, 5 min and 45 min. Tumours segmented in final frame images of test and 
retest scans are shown throughout.
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Statistics

The variability of SUVs and pharmacokinetic param-
eters was examined in terms of the coefficient of 
variation (CV) expressed as a percentage, given by 
the standard deviation (SD) divided by the mean. 
The CV for intra-animal repeatability was calculated 

as d
2n

2

∑  divided by the grand mean of test and 

retest values, where d is the difference between test 
and retest values, and n is the number of mice in the 
intra group. Goodness of fit for the tracer kinetic 
curves resulting from kinetic modelling was evalu-
ated with the squared Pearson’s correlation coefficient 
(r2) between the original and the fitted data.

Results

Figure 1 shows coronal slices of dPET images 
obtained for an individual representative animal on 

Day 1 and 2 at three acquisition times; 2 min, 5 min 
and 45 min. The tumours, as delineated in the final 
PET frame, are also shown. As seen, the tumour 
uptake patterns appear quite similar, both temporally 
and spatially. At 2 min p.i., little uptake is present in 
either image, while at 45 min p.i. an active tumour 
rim is apparent in both tumours at Day 1 and 2.

Figure 2 shows TACs for all the tumours, 
extracted for the maximum, mean and median uptake 
in the tissue. An initially rapid uptake is succeeded 
by a slower accumulation of FDG after about  
5–10 minutes. All tumours displayed overall a rela-
tively modest FDG uptake, with a population-based 
mean SUVmax of 1.9 at 45 min p.i. (Table I). Fur-
thermore, the corresponding SUVmean and SUVmedian 
in the tumours were similar to each other but almost 
60% lower than SUVmax. The uptake curves in  
Figure 2 reflect rather similar uptake patterns from 
animal to animal, although SUVmax for the tumours 
shows greater variability at late time points.

Figure 2. The left column shows individual max (top), mean (middle) and median (bottom) TACs for all tumours, demonstrating inter-
animal variability of dynamic FDG-uptake in 34 tumours bilaterally implanted in 19 animals (four animals had only one tumour). In the 
right column, inter- (solid) and intra-animal (dotted) variability expressed in terms of CVs of tracer uptake as a function of time after 
injection for max, mean and median TACs are shown (ninter  34, nintra  7).
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From the individual SUVmax, SUVmean and 
SUVmedian data displayed in Figure 2, CVs were 
generated for the inter- and intra-animal groups. The 
tumours were treated as independent. We also per-
formed the analysis treating tumours from the same 
animal as a single lesion, but this yielded virtually no 
change in the numbers ( 1%). The right column 
of Figure 2 shows CVs plotted against time p.i. For 
SUVmean and SUVmedian intra-animal variability is 
relatively stable 10–45 min p.i. at a level of about 9%. 
However, SUVmax displays increasing variability after 
10 min. The inter-animal CV is mostly greater than 
the CV for the intra-animal group, especially at late 
time points. These findings are summarised in Table 
I for selected time points.

Shown in Figure 3A are the individual AIFs 
(SUVmedian) obtained for all animals. Panel B shows 
the range of measured arterial activity over the first 
2 min post-injection (p.i.). CVs were calculated for 
the inter and intra groups, and are shown plotted 
against time p.i. in Panels C and D of Figure 3. The 
inter-animal variability is high with CVs of approxi-
mately 35% immediately after injection. Test-retest 
variability is somewhat higher at 50%. After the ini-
tial peak, the intra- and inter-animal CVs drop to 
10–25%, with intra-animal variability slightly lower 
than inter-animal variability.

The tumour TACs were fitted to the two- 
compartment model using individual AIFs, and esti-
mates for pharmacokinetic parameters K1, k2, k3, 

Table I. Overview of PET-data from tumours with average values, standard deviations (SD) and inter and 
intra coefficients of variation (CV). Pharmacokinetic parameters (non-SUVs) are given as   102.

Tumour 
Metric

Average SD, 
Inter(n  34)

Average SD, 
Intra (n  7) CV, Inter (%) CV, Intra (%)

SUV (2 min)
max 1.7  0.3 1.7  0.4 17 26
mean 0.81  0.15 0.80  0.16 18 20
median 0.80  0.16 0.80  0.17 20 21

SUV (5 min)
max 1.6  0.2 1.7  0.2 13 14
mean 1.0  0.1 1.1  0.1 12 11
median 1.1  0.1 1.1  0.1 13 11

SUV (45 min)
max 1.9  0.4 2.2  0.4 22 16
Mean 1.2  0.2 1.3  0.1 14 9
median 1.2  0.2 1.3  0.1 13 9

K1
max 20  8 19  6 40 33
mean 10  2 10  2 24 25
median 10  3 10  3 26 27

k2
max 40  17 37  17 43 46
mean 20  5 20  6 25 28
median 19  5 19  6 29 31

k3
max 3.5  1.9 4.0  21 56 53
mean 2.1  1.2 2.1  1.1 59 50
median 1.8  1.0 1.8  0.9 55 48

MRFDG
max 1.5  0.7 1.8  0.6 46 36
mean 0.87  0.37 0.94  0.34 43 36
median 0.80  0.35 0.85  0.31 43 36

vB
max 11  7 12  6 68 53
mean 1.8  2.2 1.5  1.6 121 111
median 1.4  2.0 1.1  1.5 143 137

K
max 0.24  0.12 0.28  0.10 49 36
mean 0.15  0.06 0.16  0.05 43 31
median 0.14  0.06 0.15  0.05 43 31

V0
max 58  13 59  14 22 24
mean 45  9 44  9 20 21
median 46  9 47  8 19 18
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MRFDG and vB were obtained. A high agreement 
between experimental and fitted uptake values was 
found for SUVmean and SUVmedian (r2  0.97), but 
was lower for SUVmax (r

2  0.66). Population-based 
mean values and inter- and intra-animal variability 
for kinetic parameters derived from SUVmax, SUVmean 
and SUVmedian are given in Table I. As seen, the rel-
ative variability for the pharmacokinetic parameters 
was much higher than for SUV-derived metrics. 
While CVs for SUV were mostly limited to the range 
9–22%, CVs for the pharmacokinetic parameters 
ranged from 24% to as high as 143%.

Patlak plots (not shown) were constructed for all 
tumour TACs. Agreement between experimental 
data and values fitted in the linear region (7.5–45 min) 
was high (r2  0.98). Estimates for the parameters K 
and V0 were extracted and evaluated for inter- and 
intra-variability, see Table 1. The variability in K is 
very similar to that found for MRFDG, with CV 
approximately 35% for the intra group and CV 
approximately 45% for the inter group. V0 displayed 
somewhat lower variability with CV approximately 
20% for all metrics.

Discussion

In this study, we evaluated the variability of SUV-
derived metrics and of parameters from pharmacoki-
netic analysis of dynamic 18F-FDG-PET of breast 
cancer xenografts in athymic mice. It was found that: 
1) SUVmax shows greater variability compared to 

SUVmean and SUVmedian; 2) intra-animal variability 
was lower than inter-animal variability; 3) variability 
is dependent on the time post-injection; and 4) phar-
macokinetic parameters show much greater variabil-
ity compared with SUV-based metrics.

SUVs obtained late in the acquisition phase 
(45 min p.i.) were found to have test-retest CVs of 
9% for SUVmean/median and 16% for SUVmax. This 
level of variability is comparable with previous pre-
clinical work on a murine melanoma xenograft model 
in which SUVmean and SUVmax of test-retest scans 
acquired 6 h apart yielded CVs of around 15% and 
18%, respectively [16]. Furthermore, the large dif-
ference in variability found between SUVmax and 
SUVmean/median is in line with previous clinical find-
ings [17]. Nahmias and Wahl studied variability in 
SUV-based metrics (max and mean) for various can-
cers in patients [17]. For breast cancer lesions, the 
variability of test-retest SUVmean ranged from 2% to 
4% for the hottest lesions through 10% for interme-
diate lesions and up to almost 18% for the occult 
lesions. Considering the rather low uptake and small 
lesion sizes of the xenografts included in our study, 
the reproducibility is rather good as compared with 
clinical data. This is likely due to the superior resolu-
tion of animal scanners relative to clinical scanners, 
reducing partial volume effects. Furthermore, the 
intra- and inter-animal variability was rather similar 
in the current work. This is not unexpected, given 
the highly standardised conditions implemented in 
the animal model, anticipating a between subject 

Figure 3. The top panels show median AIFs obtained for individual animals for all times p.i. (A) and for the first 2 min of the acquisition 
(B). In the bottom panels, the inter- (solid) and intra-animal (dotted) variability in median AIFs are shown as a function of time p.i., for 
the entire dynamic range (C) and over the first 2 min p.i. (D).
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variability which is greater than, but close to the level 
of within subject variability.

It is not known which SUV-metric is most repre-
sentative of tumour aggressiveness or best predicts 
prognosis. Several studies show that a higher FDG 
uptake as measured by SUVmax typically 1 hr p.i. is 
associated with a poorer prognosis [18]. Some stud-
ies have also compared the prognostic power of dif-
ferent metrics; Borst et al. found that SUVmax better 
predicted treatment response in inoperable NSCLC 
patients than SUVmean [19]. Higgins et al., however, 
found better prognostic value for disease-free sur-
vival in SUVmean than SUVmax for head and neck 
cancer patients [20]. However, tumour hot spots, 
which may influence prognosis, will not be detected 
by SUVmean. Furthermore, none of the aforemen-
tioned metrics will reflect intra-tumour heterogene-
ity. The recently published PERCIST guidelines 
suggest the use of SUVmax or SUVpeak for evaluation 
of treatment response in solid cancers. In that work, 
a 30% relative decrease (and 0.8 units absolute 
decrease) in SUVmax/peak is taken to indicate a sig-
nificant treatment effect (partial response) [8]. For 
our data (late acquisition phase; 45 min p.i.), this 
level of confidence is reached with a relative change 
of 17% in SUVmean/median and 28% in SUVmax (95% 
relative test-retest variability). However, in the meta-
analysis on test-retest variability in SUV-derived 
metrics, de Langen et al. [21] found less variability 
in SUVmean than SUVmax, suggesting that treatment 
response may be quantified in terms of a 20% relative 
reduction combined with 1.2 units absolute reduc-
tion in SUVmean.

We found that the tumour TACs overall follow 
similar patterns, with relatively low FDG-uptake 
which stabilises quite quickly, typically after 5–10 min. 
The variability of the SUV-based metrics, as mea-
sured by the CV, varies over time post-injection. The 
high variability in the initial phase is in part due to 
inherent variability and noise in the early uptake of 
individual tumours, but also a result of the CV being 
a mean normalised quantity. There is a slight increas-
ing trend in variability with time between tumours, 
which is likely a reflection of the varying metabolic 
activity of the different lesions.

The SUV obtained at a given time point p.i. rep-
resents the amount of FDG accumulated in the tis-
sue in question up to that point. It is as such a time 
dependent measure, an aspect which gives rise to 
variability, and standardisation of time point is thus 
of importance when comparing SUVs between stud-
ies. Through pharmacokinetic modelling, the 
observed FDG accumulation is explained in terms 
of vascular perfusion and permeability, GLUT recep-
tor density and glycolytic activity of the tissue. The 
resulting rate constants are time-invariant, providing 

physiological descriptors which could be readily 
comparable between studies. We have, however, 
found that these pharmacokinetic parameters are 
highly variable, with poorer reproducibility than 
SUV-based metrics.

The late SUV (45 min p.i.) is commonly used as 
a surrogate for metabolic activity. Yet, pharmacoki-
netic parameters such as MRFDG and k3 are expected 
to more closely relate to the true metabolism, and 
are as such attractive as prognostic markers. For 
instance, Okazumi et  al. [22] found a significant 
decrease in k3 of liver tumours after chemotherapy, 
and suggest the use of this parameter as a quantita-
tive index for tumour viability. Also, Wahl et al. [23] 
found a significant correlation between outcome of 
therapy and early decrease in k3 in breast cancer 
patients. However, Minn et al. [24] found substantial 
variability in pharmacokinetic rate constants in lung 
cancers, with levels of variability slightly lower than 
in our study, and advocate caution for their use in 
monitoring of individual patients. One might expect 
MRFDG to be a more robust metabolic parameter 
than k3, as large relative noise in k3 propagated from 
poor signal into the free compartment (low K1) is 
partially compensated for in MRFDG. Indeed, a sub-
stantially lower variability in MRFDG compared to k3 
was found in the current work. However, the vari-
ability in MRFDG is still roughly three times higher 
than SUV at 45 min p.i. Both the full pharmacoki-
netic analysis and the Patlak approach yielded roughly 
the same level of variability in the metabolic param-
eters MRFDG and K. As the Patlak approach employs 
linear regression with only two parameters, whilst the 
full pharmacokinetic analysis uses non-linear regres-
sion with five parameters, it could be expected that 
Patlak analysis is more robust than pharmacokinetic 
modelling. This was however not reflected in our 
findings.

The potential of dynamic PET for evaluating 
tumour vasculature [12,25] and the associated pre-
dictive significance has not been commonly addressed. 
PET parameters of relevance are in this case K1, V0 
and SUV at 2 and 5 min p.i., all reflecting the early 
tissue distribution phase. Partridge et al. used longi-
tudinal FDG-PET/CT, and found a correlation 
between reduction in K1 and pathologic response 
status for patients with breast cancer undergoing 
neoadjuvant chemotherapy [26]. For complete 
pathologic responders (pCR), a median reduction of 
83% in K1 was found, against a median reduction of 
38% for patients not classified as pCR. Previously, 
we studied the effects of anti-angiogenic therapy in 
breast cancer xenografts, and could show that K1 was 
significantly altered 24 h after therapy [12]. Thus, K1 
may play a role in response assessment following che-
motherapy. Comparing K1 with SUV at 2 min p.i. 
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and V0, the present work indicates that the variability 
in these metrics is comparable at around 20%. The 
only exception was K1 obtained for maximum tumour 
uptake, for which the variability was roughly twice as 
high. Furthermore, there was a 25–30% reduction in 
all K1 metrics and a 30–35% reduction in k2 metrics 
between our test-retest data. As no major tumour 
progression is assumed to occur in the interim 
between scans, this is most likely due to the small 
population size sampled, and may be ascribed to ran-
domness.

The use of an image-derived input function 
(IDIF) offers an elegant, non-invasive alternative to 
more laborious blood sampling procedures, particu-
larly in small animal imaging where blood supply is 
limited. There are however drawbacks to the method, 
including sensitivity to partial volume effects, move-
ment of the animal during the acquisition and lim-
ited temporal resolution. Imprecise representation of 
the AIF is potentially a great source of error for the 
estimated parameters. The AIFs obtained across ani-
mals in the current work were similar in shape, but, 
e.g. the SUV in the peak region ranged from 11 to 
36. The AIF is thus expected to be a major con-
tributor to the variability observed in pharmacoki-
netic parameters in this study. A pooled AIF (average 
of all individual AIFs) was therefore tested in the 
pharmacokinetic modelling for individual tumours, 
but this did not reduce variability (data not shown). 
It may well be that the temporal resolution of the 
initial frames of PET acquisition was slightly low, 
giving both smearing and erroneous sampling of the 
AIF peak. Smearing will lead to a reduction in the 
AIF peak and thus to overestimation of K1. Further-
more, erroneous sampling will for some miss the 
peak altogether, again leading to an overestimation 
of K1. These errors will be further magnified for esti-
mation of parameters associated with the bound 
compartment (k3, MRFDG), since these depends on 
input from the free compartment. One could improve 
accuracy by reconstructing shorter time frames for 
the first minute of acquisition, but this comes at a 
cost of decreased signal relative to noise. Our method 
of IDIF extraction should however be validated 
against blood sampling. De Geus-Oei et al. found a 
high correlation (r  0.98) between IDIFs obtained 
from the ascending aorta in FDG-PET images and 
arterial blood samples for a cohort of 76 cancer 
patients [27]. The temporal sampling rate was 30 s 
and 15 s for PET and blood sampling, respectively. 
The plasma peak was underestimated in the IDIFs 
as compared with the blood samples, which was 
likely due to the relatively few initial frames acquired, 
giving rise to an increased averaging effect. Validation 
of IDIF by arterial sampling in mice is however more 
challenging because of the small volume which may 

be withdrawn. Alf et al. suggested the use of an arte-
riovenous shunt for time-resolved validation [28]. 
They found a trend towards overestimation of the 
pharmacokinetic parameters K1 – k3 and MRFDG 
and greater variability in these when using an IDIF 
as compared with the shunt input function. In par-
ticular, K1 and k2 could be estimated with higher 
precision using the shunt IF due to the improved 
temporal resolution in the interval immediately fol-
lowing injection. The authors do recognise the limita-
tions of the shunt IF for high throughput and 
longitudinal studies and deem the IDIF a satisfac-
tory alternative for such experiments.

To conclude, whether the level of variability in a 
potential predictive parameter is acceptable depends 
on the magnitude of the treatment effect. If there is 
a very small effect of the treatment relative to the 
variability of the parameter, increasing sample size is 
not a fruitful way to identify changes in the tumour. 
It is not certain how much variability is inherently 
present in the tumour physiology, and as such it may 
be preferable to use SUVs over pharmacokinetic 
parameters if the treatment effect is small. Even 
though SUVs may not provide any major insight into 
tumour physiology, such parameters display less vari-
ability than kinetic parameters.
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