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1 Foreword 

 

This manuscript is divided in two parts. In the first, the candidate evaluate three methods of 

positron emission tomography (PET) data using simulations. These simulations are based on a 

reported plasma input function, made publicly available by the Turku PET centre on their 

respective website (REF). The second part applies these techniques to a dataset obtained during 

the PhD project of the candidate. This PhD is still ongoing, and parts of these data have not 

been published. Reproduction of these data therefore, is only approved after written consent of 

both the candidate and his promoter. 

 

This work would not have been possible without the contribution of the people involved. Firstly, 

I would like to thank my promoter prof. dr. Yves Rosseel for being so positive and open, when 

I came to him with the idea for this thesis. Your enthusiasm easily conquered the unfamiliarity 

with this type of data and remained a guidance throughout the process. I am also grateful to the 

promoter of my PhD project, prof. dr. Koen Van Laere at the University of Leuven, for allowing 

me to use the data gathered under his supervision in this thesis. Your positive attitude towards 

constant education and improvement have always been an inspiration. Finally, my girlfriend 

and esteemed colleague Sofie Denies, should be mentioned for tirelessly letting me bounce 

ideas off of her and preventing me from getting lost in dead-end details. 

 

  



 

 

2 Table of Contents 

 

1 Foreword ............................................................................................................................. .  

2 Table of Contents .................................................................................................................  

3 Abstract .............................................................................................................................. 1 

4 Introduction ........................................................................................................................ 3 

4.1 Principles of PET imaging....................................................................................................... 3 

4.2 Principles of Kinetic Modelling .............................................................................................. 5 

4.3 Analysis of PET data ............................................................................................................... 9 

Summary statistics .......................................................................................................................... 9 

Second-level analysis.................................................................................................................... 11 

Linear mixed models .................................................................................................................... 13 

General estimating equations ........................................................................................................ 13 

5 Materials & Methods ........................................................................................................ 15 

5.1 Data ..................................................................................................................................................... 15 

Simulated data .............................................................................................................................. 15 

Experimental Data ........................................................................................................................ 17 

5.2 Logan Reference model ......................................................................................................... 17 

5.3 Analysis ................................................................................................................................. 18 

6 Hypotheses ....................................................................................................................... 20 

7 Results .............................................................................................................................. 21 

7.1 Simulations 1: normally distributed k3 and k4, skewed BP .................................................. 21 

7.2 Simulations 2: normally distributed k3 and BP ..................................................................... 25 

7.3 Experimental data .................................................................................................................. 29 

8 Discussion ........................................................................................................................ 32 

9 References ........................................................................................................................ 36 

10 Appendices ....................................................................................................................... 38 

10.1 Appendix A ........................................................................................................................... 38 

10.2 Appendix B............................................................................................................................ 42 



1 

 

3 Abstract 

 

Introduction: Positron Emission Tomography imaging with reversible radiotracers typically 

results in time-activity curves, which describe the concentration of radioactivity in tissue over 

time. These longitudinal data are typically mathematically modelled to obtain specific kinetic 

parameters, than can be surrogate markers for the variable of interest. These parameters 

however, are summary statistics that do not pass on all available information to the consecutive 

analysis. Therefore, we report here a comparison between different analysis approaches either 

based on the summary statistics, i.e. t-test and Mann-Whitney U test, summary statistics and 

their variance, i.e. second-level analysis, or analyses using all points of these longitudinal data, 

i.e. mixed models and general estimating equations. 

Material & Methods: We simulated data based on a two-tissue-compartment model with 

Gaussian variance on either k3 and k4, or k3 alone. The former resulted in a skewed distribution 

with increased between-subject variance. Different methods were applied to detect increasing 

differences in binding potential between two groups, as a result from increasing k3 difference. 

Both groups were equal of size, but group size was varied between 5, 10, 20 or 50. Additionally, 

between-subject variance is evaluated at 2.5, 5, 10, and 20% levels. Differences between groups 

were evaluated with a two-sample t-test and the non-parametric Mann-Whitney U test on the 

respective binding potentials calculated using the Logan reference method. A second-level 

analysis was performed on the same summary statistic, but also taking into account the variance 

of this estimate and allowing a random effect per subject. Finally, a population mean binding 

potential was estimated with mixed models, allowing for random intercept and slope, and a 

general estimating equation, which used an unstructured correlation structure, and an identity 

link-function for Gaussian data. Finally, the same methods were applied to experimental data 

obtained from a preclinical 18F-FPEB study on 24 adult Wistar rats either exposed to cocaine 

or not. 

Results & Discussion: The t-test and Mann-Whitney U test show to provide stable and robust 

estimates in most situations, although the latter was conservative in smaller samples. An 

important gain in power was achieved with mixed models and second-level analysis. All these 

four methods resulted in a small bias, which increased in the skewed distribution simulations 

when between-subject variance was high. Interestingly, at 2.5% variance levels, mixed models 

showed an inflated bias when compared to higher levels of variance. Finally, General estimating 
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equations are shown to be less suited in these smaller datasets and should generally be avoided 

unless group sizes larger than 20 are achieved. This is based on the high false positive rate, but 

also the increasingly large bias with higher levels of between-subject variance. In conclusion, 

the second-level analysis method is of interest due to its ease of implementation and low risk 

of model misspecification.  
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4 Introduction 

 

 

4.1 Principles of PET imaging 

 

Positron Emission Tomography (PET) is an imaging modality, which can be used to visualize 

concentrations of radioactive isotopes called β ray emitters. These unstable isotopes, often 

containing one proton more than the stable natural species can decay by emitting a positron, the 

anti-particle of an electron. An example is the decay of 18F: 

 

𝐹9
18  →  𝑂8

18 +  𝑒+ +  𝑣𝑒  

 

where the decay results in oxygen, a positron and a neutrino. However, fluorine-18 is not the 

only beta-emitter that is used for PET imaging, others include 11C, 15O, and 124I. These different 

isotopes each have their own characteristics, such as decay rate and branching ratios. Suitable 

radiotracers for PET imaging would need a short half-time, i.e. the time in which half of the 

isotopes decay, and high branching ratio, i.e. high probability of decaying through the beta-

decay process rather than other forms of decay.  

 

The positron, upon emission, travels a short distance before annihilating with an electron of the 

surrounding matter. The length of this distance travelled depends on the one hand on the kinetic 

energy of the positron, and on the other hand on the abundance of electrons in the surrounding 

matter. After this annihilation, a short-lived positronium comes into existence, but this also 

rapidly annihilates into two or more photons.  

 

 

 

 

 

 

 

Figure 1. Schematic diagram of an 18F radiotracer positron emission and annihilation 

(Livieratos, 2012). 
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These photons, with an energy of 511 keV, are almost exactly antiparallel, and can thus be 

detected simultaneously by the detector ring surrounding the radiactive source, i.e. the PET 

scanner, as a ‘coincidence’ (Figure 2). Based on these characteristics, a simultaneously detected 

pair of photons can be used to construct a line of response between the two detecting crystals. 

However, without additional information, it is not possible to identify where along this line the 

annihilation took place. Therefore, uniform probability is given to each possible point along the 

line of response. If this is done for a sufficient number of coincidences it becomes possible to 

reconstruct the distribution of radioactivity within the field of view of the scanner (Kearfott & 

Votaw, 1995). 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Annihilation photons detected by opposing detectors in coincidence (Livieratos, 

2012). 

 

The distribution of this radioactivity is determined by the radiotracer that is used. Radiotracers 

typically consist of two parts; a molecule with a certain biological behaviour, and a radioactive 

isotope. The first part is designed in function of the target that is to be visualized. Examples are 

glucose metabolism, brain receptors or cell-reporters specifically implemented for this purpose. 

The second part, the radioactive isotope, is determined by several factors, including the 

chemical properties of the molecule of interest, and the purpose of the radiotracer, e.g. 

commercially sold products benefit from longer half-times allowing storage and transportation 

(Kearfott & Votaw, 1995). 
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4.2 Principles of Kinetic Modelling 

 

If PET data is recorded statically over the entire scan time inference can only be made about 

the spatial distribution of the radiotracer, which answers question like ‘where is glucose 

metabolism happening?’ for the glucose derivative 18F-deoxy-glucose (18FDG) or ‘what is the 

distribution of this receptor in the brain?’. However, when dynamic data are provided more 

quantitative measures can be obtained, such as the number of receptors being expressed in the 

brain. This information cannot be readily extracted since the resolution of a PET image does 

not allow the distinction between the different locations a radiotracer might be located in. For 

example, we can image that the radiotracer bound to a receptor is surrounded by other 

radiotracer molecules not specifically bound to the target receptor, but rather floating through 

the extracellular spaces, and circulating in the blood. These different locations, also called 

compartments, can however, be separated by mathematical approximations. These 

compartmental models describe the flow between different compartments classically starting 

from the first compartment; arterial blood (Figure 3). Indeed, radioactive tracer distribution 

over other compartments strongly depends on the concentration, which is made available to the 

tissue over time, which practically means the arterial concentrations of radiotracer. From here, 

the radiotracer can experience an influx to the tissue compartment, or sub-compartments within 

this tissue compartment, for example the specific and non-specific tracer compartment, and the 

metabolite compartment (Morris et al., 2004).  

 

 

 

 

 

 

 

 

 

 

Figure 3. A range of compartment models used for the quantification of PET radiotracers. These 

include models for tracers that exhibit reversible and non-reversible behaviour and use either 

plasma or reference input functions (Gunn, Gunn, Turkheimer, Aston, & Cunningham, 2002). 



6 

 

Depending on the quality of the data and the biological behaviour of the radiotracer more or 

less complex compartmental models can be fitted by setting the differential equations in the 

model to constants reflective of the kinetic properties of that specific radiotracer. Then by 

comparing the output of such a model with the experimentally obtained PET data, these kinetic 

parameters can be assessed. An assumption on the obtained data parameters however, is that 

they are time-invariant, at least over the time of the study. This means that a PET scan provides 

a snapshot of the relation between the biological system and the tracer at that specific time. It 

can be expected therefore, that scans between similar subjects, or even on the same subject, can 

result in slightly different estimations, as biological systems typically display a complex and 

dynamic behaviour which is influenced by a vast number of factors. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Example of a preclinical PET scan visualizing mGluR5 availability in both wild type 

and mGluR5 knockout rat brains. Notice the absence of binding in the cerebellum (Crbl), i.e. 

no difference between both strains of rats, which can therefore be used as a reference region for 

this radiotracer (Muller-Herde, 2014). Ctx = Cortex, CPu = caudate putamen, Hpc = 

hippocampus (Muller Herde et al., 2015). 
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Measuring the arterial radiotracer concentration is a cumbersome process as it requires an 

arterial catheter to repeatedly obtain blood samples. For human subjects, this process can be 

experienced as painful, whereas in the preclinical research setting the placement of an arterial 

catheter is a terminal procedure, thus prohibiting longitudinal study setups. Additionally, 

practical issues, like time-lags between blood sample collection and image acquisition can 

complicate quantification. Therefore, alternatives have been extensively investigated, with 

several potential surrogates for invasive blood sampling. For example, if large volumes of blood 

are placed within the field of view of the camera, the signal originating from these regions, e.g. 

the left ventricle or aorta, can be used as surrogates to calculate the arterial input function. The 

most popular approach however is to use a reference tissue model for quantification. The 

reference region is defined according to the radiotracer and research question; for example, for 

brain receptor studies a region is chosen that is virtually void of the target receptors (Cerebellum 

in Figure 4). Based on the compartmental models described above we can expect that the signal 

originating from this region contains two major contributors of the radioactive signal, namely 

the blood and non-specific binding, but not a third: the specifically bound radiotracer (Figure 

5). However, several assumptions are made using such a reference tissue quantification method. 

Firstly, the ratio of the kinetic parameters K1 and k2, describing the respective influx and efflux 

between blood and non-specific compartment respectively, is assumed equal for all regions. By 

constraining not the individual parameters, but KR
1 / kR

2  = K1 / k2, this model allows for 

differences in blood flow between regions. Due to the homogenous separation between blood 

and brain, by the blood brain barrier, this assumption has been repeatedly established to be 

sufficiently correct. A second assumption is the absence of the radiotracer target in the reference 

tissue, if not, variation in this target concentration between states or individuals would bias the 

obtained quantification results for regions of interest. Additional modifications to the model 

can be made to account for small amount of specific binding in the reference region, but are not 

discussed here (Watabe, 2017). 
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Figure 5. Example of time-activity curves for 11C-raclopride in the striatum, and the reference 

region, cerebellum for either a bolus (a) or bolus and infusion (b) protocol (Morris et al., 

2004).  

A specific reference tissue model, the Logan non-invasive analysis model, calculates the 

“distribution volume ratio” (DVR = BP + 1) at each pixel using the functional equation (Logan, 

2001): 

 

∫ 𝐶𝑅𝑂𝐼(𝑡)𝑑𝑡
𝑇

0

𝐶𝑅𝑂𝐼(𝑇)
=  

𝑉𝑇

𝑉𝑇
𝑟𝑒𝑓  ×  

∫ 𝐶𝑟𝑒𝑓(𝑡)𝑑𝑡
𝑇

0 +(𝐶𝑟𝑒𝑓(𝑇)/𝑘′2̅̅ ̅̅̅

𝐶𝑅𝑂𝐼(𝑇)
+ 𝐼𝑛𝑡  

 

where CROI(t) is the PET-measured concentration of the radioligand in the tissue, Cref(t) the PET 

concentration in the reference region, 𝑘′2
̅̅ ̅̅  the regional average of k2, and Int a constant of 

integration. For reversible ligands, this formula will become linear after a certain time.  

 

 

 

 

 

 

 

 

 

 

Figure 6. Example time-activity curves obtained from four different brain regions in Rhesus 

monkeys (Left), linearized with the Logan non-invasive model (Right). Adapted from Hillmer 

et al. (2011) (Hillmer et al., 2011). 
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The slope of this linear part represents the ratio of distribution volumes of the target to reference 

region DVR - 1. For the three-compartment model the DVR can then be calculated as: 

 

 

Under the above mentioned assumption of equal free and non-specific distribution volumes 

across regions, the DVR simplifies to: 

 

This simplification is a popular and very commonly used method, since it calculates the desired 

outcome in a robust manner. Although this method works reliably well for most tracers, 

drawbacks are possible in certain situations. For example, the linear part of the curve varies 

between scans and subjects, and needs therefore to be well determined. Additionally, when the 

equilibrium between different compartments is not rapidly established, this might introduce 

bias. Bias can also be introduced in the presence of statistical noise, which is a results of the 

non-independence of the observations used in the Logan method. This correlation originates 

from the fact that the integral quantities of the radioactivity present in the evaluated regions are 

plotted on both axes. This bias however, can be minimized using smoothing functions.  

 

 

4.3 Analysis of PET data 

 

Summary statistics 

 

A relatively easy way of dealing with correlated data is to reduce all clustered data, here all 

measurements from one subject over time, into one summary statistic. This approach is applied 

in the majority of neuroimaging studies, because of one large benefit: The resulting data points 

are then all from different subjects and can thus be considered independent. Therefore, standard 

methods for independent observations can be used. We describe below the two most popular 

test, namely the t-test and its non-parametric counterpart the Mann-Whitney U test. 
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There are several versions of the t-test, adapted to different null hypotheses, such as differences 

with zero, differences between paired observations, or differences between independent 

samples. The test statistic for a comparison between two groups, which is the focus in this work, 

is described by: 

 

𝑡 =  
�̅�1 − �̅�2

𝑠𝑝
√𝑠𝑋1

2 + 𝑠𝑋2

2

2

 

 

Since the t-test for independent samples can be considered a special case of the linear regression 

model, we can rewrite the test statistic as 

 

𝐵𝑃 = 𝛽0 + 𝛽1 ∗ 𝑔𝑟𝑜𝑢𝑝 

 

In which 𝛽0 estimates the average binding potential, BP, for one group and, 𝛽0 + 𝛽1 ∗ 𝑔𝑟𝑜𝑢𝑝 

provides the estimate for the other group, with 𝛽1 ∗ 𝑔𝑟𝑜𝑢𝑝 the difference between both. 

 

Since smaller samples are common in biomedical research, we also investigate the use of a non-

parametric counterpart of the t-test, namely the Mann-Whitney U test. This test also assumes 

independence between groups, as well as that the nature of the responses is at least ordinal. The 

test-statistic U can be calculated as: 

 

𝑈1 =  𝑅1 −  
𝑛1(𝑛1 + 1)

2
 

 

In which R1 is the sum of ranks in sample 1. This is calculated by combining the observations 

from both groups ordered from small to large value. The ranks of all observation from group 1 

are then summed to obtain R1. In doing so, the actual values of observations are not taken into 

account. This makes not only for good ordinal value testing, but also makes this test more robust 

against outliers than the t-test. When the observations originate from an underlying normal 

distribution the Mann-Whitney U test will be 3/π ≈ 0.95 times less powerful. However, with 

increasing departures from normality a threefold gain in power can be achieved (Blair & 

Higgins, 1980; Fay & Proschan, 2010). 
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Second-level analysis 

 

The response of a subject can be expected to vary from trial to trial, due to several factors 

contributing to this intra-subject, or between-scan variation. These variance inducing factors 

are often categorized in three main categories. Firstly, biological or real variation, which 

originates from the fluctuations found in most biological system. The term ‘real variation’ refers 

to the fact that this is variance in the actual parameter of interest, contrary to the other two 

categories, technical and methodological variance. Technical variance refers to the variation in 

the used equipment, for example the sensitivity and tuning of the detectors in the PET system 

can vary intrinsically or due to external influences such as the temperature of the room. Finally, 

variance can be introduced by subtle differences, apparent or non-apparent, in methodology 

when experiments are conducted, for example the injection speed of the radiotracer (apparent) 

or not following diet requirements by the subject (non-apparent). This categorization of 

variances however, is of a rather theoretical nature as the obtained data do not allow 

retrospective distinction between the different factors.  

 

In the first step of this approach the BP for the i-th individual, in the j-th group can be written 

as: 

 

𝐵𝑃𝑖𝑗 =  𝑤𝑖 +  𝑒𝑖𝑗 

with variance:  

 

𝑉𝑎𝑟[𝑤𝑖] =  𝜎𝑒
2 

 

The group average, for N subjects, is then estimated as: 

 

�̂�𝑔𝑟𝑜𝑢𝑝 =  
1

𝑁
∑ 𝑤𝑖

𝑁

𝑖=1

 

with variance: 

 

𝑉𝑎𝑟[�̂�𝑔𝑟𝑜𝑢𝑝] =  𝑉𝑎𝑟 [∑
1

𝑁
𝑤𝑖

𝑁

𝑖=1

] 
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=  
𝜎𝑤

2

𝑁
  

 

Since the variance of the group estimate here only contains contributions from within-subject 

variance, it is not sensitive to between-subject variance. Inter-subject variation however, needs 

to be taken into account when making inference about the population, and this is the theorectical 

basis for applying second-level analysis. At the second-level, we consider the variation of the 

true subject means about the group mean, where: 

 

𝑉𝑎𝑟[𝐵𝑃𝑗] =  𝜎𝑏
2 

 

with 𝜎𝑏
2 the between subject variance. Since we have 𝐸[𝑒𝑖] = 𝐸[𝑧𝑗] = 0, and we assume that 

𝐶𝑜𝑣(𝑒𝑖, 𝑧𝑗) = 0, it can be written that for the i-th individual from the j-th group: 

 

�̂�𝑖 =  𝑤𝑔𝑟𝑜𝑢𝑝 +  𝑧𝑗 +  𝑒𝑖 

 

The variance of the population mean can then be estimated as: 

 

𝑉𝑎𝑟[�̂�𝑝𝑜𝑝] =  𝑉𝑎𝑟 [∑
1

𝑁
𝑤𝑖

𝑁

𝑖=1

] 

= 𝑉𝑎𝑟 [∑
1

𝑁
𝑧𝑖

𝑁

𝑖=1

] +  𝑉𝑎𝑟 [∑
1

𝑁
𝑒𝑖

𝑁

𝑖=1

] 

=  
𝜎𝑏

2

𝑁
+  

𝜎𝑤
2

𝑁
 

 

Therefore, the variance estimate of the population contains both the within- and between-

subject contribution. Concretely, the individual estimates and their within-subject variance 

obtained with the Logan non-invasive model are used to estimate the between-subject, i.e. the 

within-group, variance. The validity of this approach lies in the sample mean being used in the 

second-level, where it is adapted according to the between-subject variability can provide the 

right balance between within- and between-subject variance. The attraction of this method in 

neuroimaging analysis lies in the fact that this approach is less computationally expensive and 

easier to formulate for the extensive datasets in these studies (Friston, 2006). 
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Linear mixed models 

 

Random effect analysis relies on a similar likelihood model as second-level analysis. In effect, 

the model can still be described in a hierarchical formulation, with the individual and population 

estimate respectively equal to: 

𝑦𝑖𝑗 =  𝑤𝑖 +  𝑒𝑖𝑗 

�̂�𝑖 =  𝑤𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 +  𝑧𝑗 

 

 

A practical difference with the second-level analysis described above is the simultaneous 

estimation of the individuals BP, here yij, and the difference between groups, contrary to the 

clear distinct steps in second-level analysis. However, both methods will result in the same 

analysis as a mixed model can also be written as: 

 

�̂�𝑖 =  𝑤𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 +  𝑧𝑖 +  𝑒𝑖 

 

An interesting difference between approaches is that in mixed models we can explicitly 

formulate random intercepts and slopes. In our case of linearized PET data, both could have a 

positive influence on the fit of the model to the data, and therefore provide an advantage of the 

full mixed model approach. In effect, this explicit specification of types of random effect cannot 

be performed with second-level analysis. However, since the second-level model relies on the 

fixed effect regression or on its ‘first-level’, estimating a random effect based on the outcome, 

BP, could be considered to encompass both possible random effects, albeit non distinguishable. 

 

General estimating equations 

 

Generalized estimating equation (GEE) approaches are typically used for population average 

or marginal models. Like mixed models they can be used for correlated data, without violating 

the assumption typical of standard linear regression. This is done by not only estimating the 

changes in the population mean given certain changes in covariates, but by also accounting for 

non-independence within observations from individual subjects when estimating the variability 

of these coefficients. A general advantage of the GEE over random effect analysis is that only 

a few aspects of the observed data-generating distribution need to be correctly specified. 
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However, both models can practically be equal under certain specifications. For example, a 

GEE with an exchangeable working correlation model can provide the same estimators for the 

parameters as a random intercept mixed model. However, both approaches provide different 

inference for parameter estimates of covariates (Hubbard et al., 2010). 

 

To model the expected value of the marginal response for the population µi = E(yi) as a linear 

combination of the covariates a link function has to be specified. Several link functions are 

possible for continuous, normally distributed data, such as the power or reciprocal link, but the 

most common is the identity link function, which involves no transformation before the 

construction of the β matrix. Misspecification of the link function can have important 

consequences and erratic statistical inference. Finally, the form of the correlation between 

responses within subjects needs to be specified to account for this non-independence between 

observations. Several options are available within the GEE framework, such as autoregressive 

or unstructured. This structure can initially be chosen based on theoretical knowledge about the 

relation among observations, but should also be formally compared to other possible covariance 

structures. A useful tool for this is Pan’s quasi-likelihood under the independence model 

information criterion (QIC) (Pan, 2001). Estimates of variance obtained with GEE’s can be 

heavily biased when the number of subjects is rather small (Prentice, 1988). Although this 

depends on the amount of variance in the data, it has been recommended that more than 20 

subjects per group are required to obtain reliable estimates (Horton et al., 1999). 

 

Although the sample evaluated in this work are rather small, we apply GEE to the data to 

investigate the more robust standard errors that can be obtained with these models. As the data 

are assumed to be normally distributed, the identity link function will be applied, which 

provides estimates equal to those obtained with a marginal linear mixed model. This 

combination therefore provides marginal estimates that can be used for population inference. 
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5 Materials & Methods 

In this work we will apply the different analysis approaches described above. This will be done 

on simulated data to study in detail the different strengths and weaknesses of each method, and 

to evaluate their performance with different sample sizes and noise levels. Consecutively, 

experimental data will be analyzed to evaluate the practical importance of the findings on the 

simulated data set. All applied models are described below, and the actual model specification 

can also be found in both appendices. 

 

5.1 Data 

 

Simulated data 

 

 Data generating mechanism 

Simulated data was generated with a two-tissue-compartment model (Figure 7), in which the 

rate constants between the different compartments were set to values typically observed for 

reversible PET tracers, i.e. K1 = 0.4, k2 = 0.8, and k4 = 0.8. Additionally, the volume-percent 

blood in tissue was set to VB = 0.1. As input to this model we used a measured input function 

courtesy of the Turku PET center. Biological variation was introduced as random Gaussian 

noise on all rate constants. Furthermore, for k3 and k4, the amount of variance was adjusted to 

the magnitude of this parameter, thus introducing variance between subjects for the outcome 

BP = k3/k4. Additionally, a smaller and stable amount of variation is used for k3 and k4 of the 

cerebellum. 

 

 

 

 

Figure 7. Schematic drawing of a two-tissue-compartment model (Watabe, 2017), in which A(t) 

represents a function describing the arterial radioactivity concentration over time, which 

distributes into (K1) and from (k2) the free fraction of the radiotracer in the tissue. This amount 

of free tracer in the tissue over time is described by F(t), as is the bound fraction of the 

radiotracer B(t). The kinetic rate constants between these two compartments is described by k3 

and k4. 
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The resulting BP distribution however was right-skewed as it resulted from this ratio between 

normally distributed variables. Since there is little evidence to support that this distribution can 

also be expected in observed data, simulation were also performed where the same amount of 

noise was only added to k3. This resulted in lower between-subject variance and normally 

distributed BPs. Finally, Technical noise was added to the simulated time-activity curve as 

random Gaussian noise with variance proportional to CPET * eʎt / dt (Alpert, Badgaiyan, Livni, 

& Fischman, 2003). 

 

The measured arterial input function, used as input for the simulated PET curve, contained a 

higher number of data-points than those typically found in PET scans of one hour. Indeed, PET 

scans are reconstructed with increasing frame-lengths: Shorter frames provide, by definition, 

more data-points per time unit. However, shorter frames also contain less data, because of a 

lower number of coincidences and thus suffer from a lower signal-to-noise ratio. Therefore, 

frame duration is a compromise between the temporal resolution that is needed and the certainty 

of the measurement in that time span. For reversible tracers this results in practice, in shorter 

frames in the beginning of the scan when the time-activity curve is expected to undergo large 

changes, and progressively longer frames when the time-activity curve reaches a near linear 

phase and the radiotracer is decayed more extensively. Therefore, TAC time-points were binned 

too match the increasing frame duration used in dynamic PET scan reconstruction, i.e. 4 x 15s, 

4 x 60s, 5 x 180s, and 8 x 300s. One thousand simulations were performed for an increasing 

difference between both groups. The effect of the number of subjects per group was evaluated 

for n = 5, 10, 20, and 50. Only balanced designs were evaluated. Finally, the amount of 

biological noise was studied by adding random Gaussian noise with zero mean, and a standard 

deviation of 0, 2.5, 5 and 10% of the initial rate constant value. Between both groups the K1 

and k2 constant are assumed to remain stable. The R-code used for these simulations can be 

found in appendix A, and a summary of the chosen parameters below (Table 1). 
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Variable (Code) Value Explanation 

Group size (n) [5, 10, 20, 50] Size of each group 

Number of simulations (nsim) 1000 Number for each condition 

Standard deviation noise (pct_var) [0.025, 0.05 0.1, 0.2] Expressed as % of k3* 

K1 (K1) 0.4 Rate from plasma to tissue 

k2 (k2) 0.8 Rate from tissue to plasma 

k3** (k3) [0.80, 0.82, 0.84, 0.86, 0.88] Rate from free to bound 

k4** (k4) 0.15 Rate from bound to free 

Blood volume (Vb) 0.1 Average ratio blood / tissue 

 

Table 1. Simulation parameters. * = for the skewed binding potential simulations, k4 was varied 

according to the same proportion. ** = for group 1, k3 was set to 0.80, whereas group 2 looped 

over each value. Additionally, k3 and k4 were set to zero for the reference region. All rate 

constants and Vb has random Gaussian noise with zero mean, except for k3 & k4 in the 

reference region, where noise was constrained to be above zero to avoid negative values that 

are conceptually impossible. 

 

Experimental Data 

Experimental data were obtained from 24 adult Wistar rats, which were scanned on a FOCUS 

220 for 60 min upon injection of 17.4 ± 2.3 MBq 18F-FPEB into the tail vein. Rats were scanned 

per three, and attenuation correction was performed by means of a 57Co point source.  List mode 

data were reconstructed using the Maximing a priori information algorithm (MAP) with 12 

iterations. After registration of each scan to an in-house brain template, time-activity curves 

were extracted for the cerebellum, cortex, hippocampus, striatum, nucleus accumbens, and 

thalamus using the PMOD 3.6 software package (PMOD, Zurich, Switzerland). The R-code 

used for the analysis of these data can be found in appendix B. 

 

5.2 Logan Reference model 

As described above, reference models are commonly used because of their practical advantages. 

Several equivalent models are available, with only minor changes in their mathematical 

framework, to obtain the specific binding (k3/k4) of a radiotracer using a reference region input 

as a measure of the nonspecific binding (K1/k2). Here we use the popular Logan reference 
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model, because of the relatively simple operational formulas, allowing a clear specification of 

relevant random effects, as can be seen from its operational formula: 

 

∫ 𝐶𝑅𝑂𝐼(𝑡)𝑑𝑡
𝑇

0

𝐶𝑅𝑂𝐼(𝑇)
=  

𝑉𝑇

𝑉𝑇
𝑟𝑒𝑓

 ×  
∫ 𝐶𝑟𝑒𝑓(𝑡)𝑑𝑡

𝑇

0
+ (𝐶𝑟𝑒𝑓(𝑇)/𝑘′2

̅̅ ̅̅

𝐶𝑅𝑂𝐼(𝑇)
+ 𝐼𝑛𝑡 

 

In which VT / VT
ref can be considered as the distribution volume ratio - 1, a surrogate measure 

of binding potential. Here, the radiotracer binding region, CROI, is taken as one compartment 

comprising both the specific and non-specific binding. However, specific binding is based on 

chemical equilibria, which can slow down the influx of the tracer into the tissue. Since this 

delay only occurs in the specific compartment the linearization will not become linear in the 

first frames. Since the outcome is of this model is the slope of the linear part, we select only the 

time-points within this linear section of the curve. This was determined empirically and found 

to be after the initial 8 min, which were therefore excluded. 

 

5.3 Analysis 

 Summary statistic 

A linear model was used to determine BP, i.e. the slope of the linearization, for every subject 

using lm() from the stats package (Lehrer et al., 2010) in R (R foundation for statistical 

computing, Vienna, Austria). Differences between both groups in BP were determined by the 

application of a t-test (t.test()) or Mann-Whitney U test (wilcox.test()) from the same package. 

For each simulation the obtained p-value was stored and the proportion of p-values < 0.05 was 

taken as the proportion of significant tests. 

 

 Second-level 

The BP values obtained with the linear method described above were, together with their 

standard errors, fed into the “meta-analysis model” with the subject respective membership as 

covariate. This was performed using the rma.uni() function from the metafor package 

(Viechtbauer, 2010) with group membership as moderator. Based on this information an 

estimation was obtained, inversely weighted to the variance of the estimate, of the between-

subject variation observed in each group. Taking this variation into account it was tested if both 

groups differed significantly with respect to their BP values. 
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 Mixed model 

Mixed model performance was evaluated using the lmer() function from the lme4 package 

(Bates, Maechler, Bolker, & Walker, 2015). Model selection showed that the optimal model in 

general could be written as: 

 

∫ 𝐶𝑅𝑂𝐼(𝑡)𝑑𝑡
𝑇

0

𝐶𝑅𝑂𝐼(𝑇)
=   𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 + 𝐺𝑟𝑜𝑢𝑝 +  𝐵𝑃 ×  

∫ 𝐶𝑟𝑒𝑓(𝑡)𝑑𝑡
𝑇

0
+ (𝐶𝑟𝑒𝑓(𝑇)/𝑘′2

̅̅ ̅̅

𝐶𝑅𝑂𝐼(𝑇)
+ 𝐵𝑃 

× 𝐺𝑟𝑜𝑢𝑝 ×  
∫ 𝐶𝑟𝑒𝑓(𝑡)𝑑𝑡

𝑇

0
+ (𝐶𝑟𝑒𝑓(𝑇)/𝑘′2

̅̅ ̅̅

𝐶𝑅𝑂𝐼(𝑇)
  

 

In addition, a random effect was included for both intercept and slope per individual subject. In 

outlying cases this model would not converge (<2%). In this case obtained estimates and p-

values would be excluded from further analysis. 

 

 General Estimating Equations 

For GEE fitting we made use of the geeglm() function in the geepack R-package (Højsgaard, 

Halekoh, & Yan, 2006),with which a model identical the one described above for mixed model 

analysis was fitted. However, instead of random effects, the covariance matrix was modeled 

using an unstructured correlation structure, as this resulted in the lowest QIC. Additionally, due 

to the data’s distribution being close to normal a link identity link function was chosen for 

Gaussian family data. 
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6 Hypotheses 

Based on the existing literature, and the above described theoretical differences we hypothesize 

that (Galbraith, Daniel, & Vissel, 2010): 

 

- The parametric versus non-parametric summary statistic approach will behave similarly 

with two exceptions. Firstly, data that are simulated to be non-normal are expected to 

introduce a bias in the parametric approach, whereas the Mann-Whitney U test will not 

be influenced. The latter however, will suffer from the low sample sizes and therefore 

be underpowered in most evaluated settings. 

- Although the summary statistic approach eliminates the correlated nature of the data, 

the introduction of a random effect in the second-level analysis to estimate the 

population average will influence the standard errors of the covariate estimates, thus 

resulting in an increased power. 

- Compared to second-level analysis, linear mixed models allow for more explicit 

modelling and can thus be optimally formatted to fit the data. We hypothesize that this 

will result in lower bias and higher power compared to the second level analysis. 

- The size of the groups in these data are expected to be too low to fully exploit to the 

benefits of GEE. Therefore, we would expect that, although the mean estimate remains 

intact, a loss of power will be observed in the lower sample size simulations. 
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7 Results 

In this section, a comparison is made between the results with the above described methods for 

specific group-differences under different circumstances, such as sample size, quantity of 

biological variation and plasma input function shape. 

 

7.1 Simulations 1: normally distributed k3 and k4, skewed BP 

 

Time-activity curves were simulated using the data generating mechanism described above for 

each subject of both groups at every pre-specified difference levels (Figure 8). Sample size of 

5, 10, 20, and 50 subjects per group were evaluated. These represent commonly found group 

sizes in both clinical and preclinical experiments. Every analysis method was applied to these 

generated data and their results were stored. This was repeated a 1000 times for each parameter 

level. Data were transformed using the above described Logan linearization, after which the 

first time-point, i.e. the non-linear part of the linearization, was excluded to obtain a minimally 

biased slope estimate (Figure 8). 

 

 

 

 

 

 

 

 

Figure 8. Left) A typical time-activity curve simulated for a receptor-rich and receptor-free 

reference region. Right) Time-activity curves after Logan linearization for one simulation. The 

left panel show the linearization for the entire data sets, including the early time-points that 

results in a non-linear curve. The right panel shows data as used for the modelling steps below, 

with the exclusion of the first 8 min of the time-activity curve. 

 

Bias introduced by the fixed and random effect analysis was evaluated as the difference between 

the obtained estimate minus the input k3/k4 (Figure 9). Several important observations can be 

made from this data visualized in Figure 8. Firstly, bias introduced by GEE is considerably 



22 

 

larger than that of other methods, and seems to increase exponentially with increasing BS 

variance. For example, with 20% BS variance, a bias of 0.65 is found, amounting to more than 

10% of the estimated BP. An interesting pattern, common for GEE and mixed model, is that 

the variance of the obtained bias reaches a minimum at 5%. The increase of bias variance for 

mixed models at 2.5% BS variance is shown to be the only occasion where it differs 

significantly from those obtained with the summary statistic or second-level approach. The 

latter and mixed models perform almost identical, but do show a negative trend with increasing 

BS variance, contrasting the exponential increase in bias obtained with GEE. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9. Bias obtained with the different models in function of between-subject variation. Note 

that the GEE, which resulted in the largest bias, is plotted against the right Y-axis. 

 

Next, Type I error rate was assessed as the number of significant outcomes when no difference 

in k3 was present (Figure 10). On average, the t-test applied to summary statistic provided a 

stable 5% false positives. Mann-Whitney is shown to perform similarly, and is only more 

conservative, as can be expected, in the smallest evaluated group size of n = 5. Both second-

level and mixed model analysis are too liberal particularly in smaller samples, with negligible 

overestimations of 2 – 3% at n=10, and virtually no differences at n = 20 or 50.  
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Figure 10. False positive rate for Mann-Whitney (purple), t-test (green), second-level (red), 

mixed model (orange), and GEE (blue) with different levels of between-subject variance. A 

horizontal reference line is drawn at 0.05 to aid in interpretation. 

Finally, we varied the amount of between-subject variance, 2,5, 5, 10 and 20% of k3 and k4, to 

evaluate its influence on each analysis approach. As can be concluded from Figure 11, the 

Mann-Whitney U test remains most conservative and least powerful in all evaluated situations, 

with a similar but less conservative pattern resulting from the t-test evaluation of the summary 

statistics. Power differences between the second-level and mixed model approach are small 

independent of group, effect of variance amplitude. The GEE finally is the most powerful test 

on every occasion, as was also reflected on the false positive rate. Remarkable is the effect of 

increasing variance on the GEE model in smaller samples: where performance is somewhat 

equal at 2.5% variance, there is a large increase in power for the 5 and 10% variance 
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simulations. However, at 20% variance the GEE model performs badly, with no increase in 

power despite increasing differences between both groups, something that is only recovered at 

a group size of 50. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 11. Percentage of p-values smaller than 0.05 plotted against an increasing difference in 

k3 between two simulated groups. Mann-Whitney ( - • -), t-test (- - -), second-level (•••), mixed 

model (- •• -) and gee (---) are evaluated for group sizes of 5 (green), 10 (blue), 20 (red), and 

50 (purple). Additionally, the influence of increasing between-subject variance is shown for 

2.5% (top left), 5% (top right), 10% (bottom left) and 20% (bottom right). 
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For clarity, Figure 12 shows the same results, but here only in function of group-size or 

between-subject variance. 

 

 

 

 

 

 

 

 

 

 

 

Figure 12. Percentage of p-values smaller than 0.05 plotted against an increasing difference in 

k3 between two simulated groups for Mann-Whitney ( - • -), t-test (- - -), second-level (•••), 

mixed model (- •• -) and gee (---). Left) Averaging the results obtained for all sample sizes, 

thus only evaluating the effect of between-subject variance of 2.5 (red), 5 (purple), 10 (blue) or 

20% (green). Right) Averaging the results obtained for all between-subject variance levels, 

thus only evaluating different sample sizes of 5 (green), 10 (blue), 20 (red), and 50 (purple), a 

decreasing difference between analysis methods can be observed. 

 

 

 

7.2 Simulations 2: normally distributed k3 and BP 

 

Although binding potentials observed in experimental settings do no results in significant 

departures from normality, it can be expected that their distribution would be skewed as k3 and 

k4, both biological parameters, are themselves normally distributed as simulated above. 

Therefore, we apply here the same analysis methods to normally distributed binding potentials. 

Apart from the discussion which of both simulations approximates the actual real-world 

situation, we believe that this comparison can also offer insight into which method would be 

most robust from data with slight departures from normality. 
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When evaluating the bias for each method in these simulations, several observation can be made 

from Figure 13. Similar to results obtained above, a minimum of variance is obtained with 5% 

BS variance for the mixed model and GEE approach. The latter again shows an important 

increase in bias, albeit of smaller absolute amplitude (0.4 vs 0.65). Except for the inflated 

variance at 2.5%, mixed models perform similar to the summary statistic and second-level 

approach, which are practically identical to each other. An important difference with the skewed 

binding potential simulations is that the absolute bias for all methods, except GEE, do not show 

a trend anymore for increasing BS variance. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 13. Bias obtained with the different models in function of between-subject variation. 

Note that the GEE, which resulted in the largest bias, is plotted against the right Y-axis. 

 

The false positive rates were similar to the results obtained above. A small difference is the 

increased accuracy of the second-level analysis, which performs well at all levels of BS 

variance (Figure 14). 
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Figure 14. False positive rate for Mann-Whitney (purple), t-test (green), second-level (red), 

mixed model (orange), and GEE (blue) with different levels of between-subject variance. A 

horizontal reference line is drawn at 0.05 to aid in interpretation. 

 

As above sample size of 5, 10, 20, and 50 subjects per group were evaluated with between-

subject variance, 2,5, 5, 10 and 20% of k3, to evaluate its influence on each analysis approach 

(Figure 15). Compared to the skewed-BP simulations above a general increase in power is 

observed for all methods. However, again the Mann-Whitney U and t-test show similar patterns, 

i.e. more conservative than the second-level and mixed model approach. The GEE remains in 

general more powerful than the other methods, except at 2.5% BS variance where second-level 

and mixed model approaches perform identically. Additionally, in contrast with the previous 

simulations, GEE is shown to be more conservative than all other methods for n = 50 with 20% 

BS variance. 
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Figure 15. Percentage of p-values smaller than 0.05 plotted against an increasing difference in 

k3 between two simulated groups. Mann-Whitney ( - • -), t-test (- - -), second-level (•••), mixed 

model (- •• -) and gee (---) are evaluated for group sizes of 5 (blue), 10 (red), 20 (green), and 

50 (purple). Additionally, the influence of increasing between-subject variance is shown for 

2.5% (top left), 5% (top right), 10% (bottom left) and 20% (bottom right). 

When averaged over group-sizes or BS variance levels, no differences with the non-normal BP 

simulation remain, except for the slight increase in power (Figure 16).   
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Figure 16. Percentage of p-values smaller than 0.05 plotted against an increasing difference in 

k3 between two simulated groups for mann-Whitney ( - • -), t-test (- - -), second-level (•••), 

mixed model (- •• -) and gee (---). Left) Averaging the results obtained for all sample sizes, 

thus only evaluating the effect of between-subject variance of 2.5 (blue), 5 (red), 10 (green) or 

20% (purple). Right) Averaging the results obtained for all between-subject variance levels, 

thus only evaluating different sample sizes of 5 (blue), 10 (red), 20 (green), and 50 (purple), a 

decreasing difference between analysis methods can be observed. 

 

7.3 Experimental data 

Experimental data obtained from two groups, both consisting of 12 subjects, that underwent a 

60 min 18F-FPEB scan were analyzed according to the method described above. In brief, the 

obtained time-activity curves from the cerebellum, cortex, hippocampus, nucleus accumbens, 

striatum, and thalamus were linearized according to Logan’s reference method (Figure 17). 

 

 

 

 

 

 

 

 

Figure 17. Left) A time-activity curve from the experimental data for the striatum (receptor-

rich) and receptor-free reference region. Right) Time-activity curves after Logan linearization 

for all subject colored by group membership. 
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Analysis of the experimental data with each method provided highly similar estimates for each 

region (Table 2). An interesting difference however, is that the variance of the estimates is 

almost identical in both groups for the second-level and mixed model analysis, whereas this is 

not the case for the summary statistic or GEE approach. 

 

Group 1 Summary Statistic Second-level Mixed Model GEE  
Mean SE Mean SE Mean SE Mean SE 

Cerebellum 0,95 0,02 0,95 0,02 0,95 0,02 0,88 0,02 

Cortex 4,33 0,20 4,33 0,18 4,32 0,17 3,86 4,62 

Hippocampus 7,88 0,27 7,89 0,24 7,88 0,23 6,57 0,31 

NAC 5,09 0,32 5,08 0,25 5,08 0,24 4,16 0,28 

Striatum 8,72 0,35 8,72 0,32 8,71 0,30 6,66 0,40 

Thalamus 4,45 0,15 4,45 0,13 4,44 0,13 4,40 0,19 

Group 2 
        

Cerebellum 0,99 0,02 0,99 0,02 0,99 0,02 0,93 0,02 

Cortex 3,98 0,16 3,98 0,18 3,98 0,17 3,57 0,35 

Hippocampus 6,82 0,21 6,82 0,24 6,82 0,23 5,90 0,20 

NAC 4,59 0,15 4,59 0,25 4,59 0,24 3,92 0,12 

Striatum 7,80 0,27 7,79 0,31 7,79 0,30 5,89 0,41 

Thalamus 3,94 0,11 3,94 0,13 3,94 0,13 3,51 0,13 

 

Table 2. Estimates and their standard error as obtained with fixed effect, second-level or 

random-effect analysis.  

P-values obtained with the different methods are in line with the simulations above (Figure 18). 

Mann-Whitney and the t-test are slightly more conservative than the second-level and mixed 

model approach for all regions. An interesting exception is the NAC, for which the Mann-

Whitney U test find a lower p-value than all other methods, a situation not procured in the 

simulations. A remarkable level of variation is seen with the GEE model, which provides the 

lowest p-values for the cerebellum and thalamus, but by far the highest for the cortex, NAC, 

and striatum. 
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Figure 18. P-values obtained with fixed effect, second-level, and random effect analysis for the 

six evaluated regions.  
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8 Discussion 

 

In this work, we report differences in performance of summary statistic analysis, second-level, 

random effect analysis and GEE in the analysis of both simulated and experimental PET data. 

Using simulated time-activity curves, based on the two-tissue-compartment model, we show 

that a gain in power can be achieved by accounting for random effects either with a second-

level or mixed model analysis. This gain in power however diminishes when sample sizes 

become larger, e.g. n = 50 in our examples. Furthermore, we report that the false positive rate 

is higher for both second-level and random effect analysis, although this effect also becomes 

negligible for larger group sizes. Summary statistic analysis on the other hand was shown to be 

slightly conservative in smaller samples, when evaluated with the non-parametric Mann-

Whitney U test.  

 

Generalized Estimating Equations (GEEs), also taking into account the clustered nature of our 

data, performed poorly. Not only did this method introduce large biases, particularly for high 

levels of between-subject variance, but it was also shown to be problematically liberal in small 

sample sizes. Application of these analysis methods to our experimental data showed similar 

results as obtained by simulation: for both second-level and random effect analysis provided 

slightly more power than the summary statistic analysis. However, GEE’s instability in these 

smaller samples was reflect by being either the most liberal or most conservative approach per 

region. Finally, it is shown that estimated variances are equal for both groups in the second-

level and random effect analysis, as opposed to the fixed effect and GEE analyses. 

 

The reduction of clustered data into a singular summary statistic overcomes the nested nature 

of the original data, thus validating simple analysis methods, such as the t-test between groups. 

This approach is however not suitable for all settings, for example observations from both 

groups within one cluster cannot be simply averaged. Secondly, an unequal number of 

observations per cluster between groups is not taken into account when calculating a summary 

without confidence intervals. A higher number of observations would indeed contribute more 

information, and should therefore be given more weight in the analysis. Additionally, all 

information is lost about the individual measurements, which can be of interest (Galbraith et 

al., 2010). For example, when investigating the reduction of skin inflammation after topical 

treatment application by multiple biopsies of the same subject, it would be interesting to know 
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whether there is a general down-regulation or rather a more heterogeneous, focal decrease. Both 

these concerns however, do not apply to PET data with our hypotheses: data originate from 

individuals who belong exclusively to one group and consist only of entire scans, which are 

reconstructed with a fixed number of frames independent from group membership. Intriguingly, 

the summary statistic is here calculated based on a regression performed on correlated data, 

which might intuitively seem as a violation of the regression assumption. However, since the 

estimate can only be based on the observation from one subject, a random effect, i.e. a deviation 

from the mean accounted for by between-subject variation, would be zero and thus provide the 

same results. Moreover, this has no impact on the point estimate itself, but only on its standard 

error. 

 

Here we show that the parametric t-test to compare binding potential between two groups 

performs well, especially when taking the simplicity of this approach into account. Its false 

positive rate remains stably around the desired 5% for all simulated situations. The simulations 

however, only violate the assumption in normality when performed for the non-normally 

distributed binding potential. In specific situations, it could be expected that the variance 

between both groups would show larger differences, thus violating another assumption and 

undermining the validity of the t-test. The non-parametric Mann-Whitney U test shows the same 

robustness increases in between-subject variance, but its conservativeness makes it the least 

powerful method evaluated here, particularly in lower sample sizes. This is inherent to its non-

parametric nature, which cannot fall back to a pre-defined distribution. Naturally, this also has 

its strengths, namely its robustness against high level of inter-individual variance, which did 

not inflate the false positive rate. The other test applied to the summary statistics, the t-test, did 

not suffer from less power in these smaller sample-sizes, thus creating a larger difference with 

the Mann-Whitney test. However, this difference became smaller when 10 or 20% between-

subject variance was simulated. This can be explained by the increase in skewness of the 

simulated BP, which led in turn to a decrease in power of the t-test relying on this normality 

(Figure 19).  The Mann-Whitney false positive rate does not differ between the normally and 

skewed binding potential simulations, however an important increase in power is observed in 

the former. This increase in power is however due to the due to the decreased between-subject 

variance, as noise was only added to one parameter, i.e. k3, for these simulations. 
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Figure 19. Histogram and QQ-plot for simulated BP with 20 subjects per group for Left) 2.5% 

and Right) 20% between subject variance for both k3 and k4. 

 

Second-level analysis, which bases itself on the summary statistics and their variances, and 

allows a random effect per subject has been reported to perform similarly to mixed model 

approaches (Friston, 2006). Our findings corroborate this conclusion as almost all evaluated 

parameters showed very similar outcomes for both approaches. Moreover, two advantages of 

second-level analysis can be identified in the simulation results. Firstly, the sporadic inflation, 

by a minority of large outliers, in bias observed with mixed models at 2.5% between-subject 

variance is not found with second-level analysis. Secondly, in the smaller samples of n = 5, 

second-level analysis consistently has a lower false positive rate than the specified mixed 

model. Finally, from a practical point of view, the most important advantage is that the second-

level analysis approach consists of one additional simple step, which can be performed with a 

minimum of extra information, i.e. the variance of the summary statistic. The random effect per 

subject used on this summary statistic combines in a way the random slope and random 

intercept, which were incorporated in the mixed model. Additionally, by using the inverted 

variance weighting, subjects with particularly noisy linearization would obtain less influence 

on the predicted population mean of that group (Marín-Martínez & Sánchez-Meca, 2010). 

Mixed models on the other side require a more extensive statistical knowledge to build the 

appropriate model, not only the fixed effects, but also the random effect specification. For the 

data evaluated here, we feel that this required knowledge, and the inherently higher risk of 

model misspecification, should guide researchers in the PET field towards second-level 

analysis of their data, instead of the more sophisticated mixed models. 
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General estimating equations are considered as robust alternatives to (generalized) linear 

models, as they can overcome misspecification of the correlation matrix, and departures from 

normality (Hubbard et al., 2010). However, this robustness comes at a price, as these models 

typically require a large number of observations to result in reliable estimates. In both the 

simulated and observed data-sets it can be observed that GEEs indeed provide a maximal 

power, particularly in the case of the skewed binding potential simulations. This power 

however, is also reflected in the highest false positive rate, particularly in smaller samples and 

higher levels of between-subject variance. Due to these reasons GEEs seem less convenient for 

the sample sizes typically encountered in PET studies. 

 

We have simulated time-activity curves originating from a two-tissue-compartment model in 

which random noise was added either to k3 alone, or to k3 and k4 both. Which of both 

simulations is a better representation of the true distribution of binding potentials is unclear. In 

theory, both k3 and k4 are biological parameters that can be expected to follow a normal 

distribution, thus resulting in a BP, which is equal to k3/k4, following a right skewed normal 

distribution (Atchley, Gaskins, & Anderson, 1976). Literature on the actual distribution of BP 

seems non-existent, although several researchers report that a Kolmogorov-Smirnov test is 

found to be not significant (Lehrer et al., 2010). However, no p-values or any other information 

related to the departure from normality are given, making it hard to estimate the likelihood of a 

normal distribution. Apart from this issue, we believe that an evaluation of both the normally 

distributed and skewed situation have an additional value, as they provide an opportunity to 

observe the performance of the evaluated methods under increasing departures from normality.   

 

In conclusion, we show that the naïve summary statistic approach is defendable in most 

situations, although non-parametric comparison between groups is overly conservative. An 

increase in power can be achieved with both second-level analysis and mixed models. However, 

due to some minor disadvantageous performance issues, and the more complex nature of mixed 

models a preference should be given to second-level analysis. Finally, GEEs are evaluated for 

their use in this application, but samples smaller than 20 subjects per group, common to most 

PET studies are not sufficient to profit from the advantages this family of models has to offer. 
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10 Appendices 

10.1 Appendix A 

R-code used to create and analyze simulated data. 

 

library(reshape2) 

library(msm) 

library(lme4) 

library(lmerTest) 

library(car) 

library(ggplot2) 

library(boot) 

library(pbkrtest) 

library(MASS) 

library(metafor) 

library(geepack) 

#library(MESS) #QIC for GEE selection 

 

### Read in plasma input curve 

ata <- read.table("example pif.txt") 

p_t <- ata[,1] 

p_act <- ata[,2] 

p_t2 <- c(0, ((p_t[2:98] - p_t[1:97]) /2)) 

p_int_temp <- c(0, 0.5*((p_t[2:98] - p_t[1:97])*(p_act[1:97] + 

p_act[2:98]))) 

p_int <- c(0, cumsum(p_int_temp[1:97]) + p_int_temp[2:98]) 

 

### Defining model parameters: k3, percent bs-variance, group-size & number 

of simulations. 

param_of_interest <- c(0.80, 0.82, 0.84, 0.86, 0.88) 

pct_var <- 0.05 

n <- 20 

nsim <- 1000 

 

num_params <- length(param_of_interest) 

fp_seclev = fp_mm = fp_gee = fp_tt = fp_wilcox = bias_lm_1 = bias_lm_2 = 

bias_mm_1 = bias_mm_2 = bias_sl_1 = bias_sl_2 = bias_ge_1 = bias_ge_2 <- 

numeric(num_params) 

non_convergence = 0 

 

 

for (q in 1:num_params){ #loop over different k3 values 

  long <- rep(0,7) 

  mixed = t.test <- rep(0,n) 

  true_BP = tru_BP = results <- numeric(2*n) 

 

  for (x in 1:nsim){ #perform these steps for each simulation 

    # Parameters to generate TAC for 2 groups of n + 2*n reference TACs (+ 

biological noise (pct_var)) 

    # Noise for the reference region is smaller and absolute to avoid 

negative k3 or k4 values 

    K1 <- 0.4 + rnorm(1,0,0.01) 

    k2 <- 0.8 + rnorm(1,0,0.01) 

    k3 <- c(rep(0.8,n), rep(param_of_interest[q],n), rep(0,n), rep(0,n)) + 

c(rnorm((2*n),0,(0.8 * pct_var)), abs(rnorm((2*n),0,0.0001))) 

    k4 <- c(rep(0.15,n), rep(0.15,n), rep(0,n), rep(0,n)) 

    Vb <- 0.1 + rnorm(1,0,0.001)   
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    #Calculation of BP based on entered parameters, used for bias 

assessment     

    true_BP_1 <- 0.8 / 0.15 

    true_BP_2 <- param_of_interest[q] / 0.15 

    outcome_int = outcome = int_Cpet = nd_int = cs_int = C_nd = C_s <- 

rep(0, 98) 

     

    for (j in 1:(4*n)){ 

       

      for (i in 2:98){ # calculate TAC for the 98 timepoints in the blood 

curve) 

         

        C_nd[i] <- (K1*p_int[i]-(k2+k3[j]/(1+k4[j]*p_t2[i]))*(nd_int[i-

1]+C_nd[i-1]*p_t2[i]) 

                    +(k4[j]/(1+k4[j]*p_t2[i]))*(cs_int[i-1]+C_s[i-

1]*p_t2[i]))/(1+(k2+k3[j]/(1+k4[j]*p_t2[i]))*p_t2[i]) 

        nd_int[i] <- nd_int[i-1] + 0.5 * (C_nd[i] + C_nd[i-1]) * (p_t[i] - 

p_t[i-1]) 

        C_s[i] <- (k3[j] * nd_int[i] - k4[j] * (cs_int[i-1] + C_s[i-1] * 

p_t2[i]))/(1+k4[j]*p_t2[i]) 

        cs_int[i] <- cs_int[i-1] + 0.5 * (C_s[i] + C_s[i-1]) * (p_t[i] - 

p_t[i-1])       

      } 

       

    Ct <- C_s + C_nd 

    Cb <- Vb * p_act          

    Cpet <- (Cb + (1-Vb)*Ct) 

      for (k in 2:length(Cpet)){ 

        int_Cpet[k] <- int_Cpet[k-1]+ 0.5 * (Cpet[k] + Cpet[k-1]) * (p_t[k] 

- p_t[k-1]) 

      } 

    outcome <- rbind(outcome, Cpet) 

    outcome_int <- rbind(outcome_int, int_Cpet) 

    } 

  outcome <- outcome[-1,] 

  outcome_int <- outcome_int[-1,] 

 

     

  #down-sampling PET curves to realistic frame durations 

  # these are typically increasing, here 4*15s,4*60s,5*180s,8*300s = 60 min 

total 

  ID <- cumsum(c(rep(15,4),rep(60,4),rep(180,5),rep(300,8))) / 60 

  binned = binned2 <- rep(0,(4*n)) 

  for (i in 1:(length(ID)-1)){ 

    bin <- which(p_t > ID[i] & p_t < ID[i+1]) 

    tp <- apply(outcome[,bin, drop=F],1,mean)  

    tp_int <- apply(outcome_int[,bin, drop=F],1,mean) 

    binned <- cbind(binned, tp) 

    binned2 <- cbind(binned2,tp_int) 

  } 

  #reshaping data to correct format 

  test <- cbind(t(binned[,-1]), t(binned2[,-1])) 

  test2 <- cbind(melt(test[,1:(4*n)]), melt(test[,(4*n+1):(8*n)]))[,c(3,6)] 

  l <- length(test2[,1]) 

  lang <- cbind(rep(x,l), c(rep(1,(n*20)),rep(2,(n*20))),rep(ID[-

1],l/length(ID[-1])),test2) 

  ling <- cbind(lang[1:(20*2*n),],lang[(20*2*n+1):(2*20*2*n),c(4,5)], 

rep(1:(2*n),each = 20)) 

  long <- rbind(long,ling) 

} 
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#For the generated data the start of the linear portion is after 8 min, so 

here exclusion of  

#observations before that time 

exclude <- which(long$Time < 8) 

long[exclude,] <- NA 

long <- long[-1,] 

colnames(long) <- c("Sim","Group","Time","Cpet","Int","Cref","Int2","ID") 

 

### Technical noise ### 

# depends on frame duration, and is function of decay coefficient 18F 

laterT <- which(long[,3] >= 9)  

long[laterT,4] <- long[laterT,4] + rnorm(length(laterT), 0, (long[laterT,4] 

* (exp(0.0001052232*long[laterT,3]) / ((long[laterT,3] - long[(laterT-

1),3]) *60)))) 

long$Y <- long$Int / long$Cpet 

long$X <- (long$Int2 + (long$Cref / 1.25))/long$Cpet 

   

###################### END OF SIMULATION / START OF MODELLING 

############################ 

 

###running lm for each TAC and comparing groups with t-test & Mann-Whitney 

t.test = wilcox <- rep(0,nsim) 

results = var_BP = intercepts = slopes <- rep(0,(2*n)) 

for (i in 1:nsim){ 

  BP = V_BP = intercept = slope <- rep(0,(2*n)) 

  for (z in 1:(2*n)){ 

    ind <- ((z-1)*20+1):(20*z) + ((i-1) * (2*20*n))   

    x <- long$X[ind] 

    y <- long$Y[ind] 

    lm <- lm(y ~ x) 

    BP[z] <- summary(lm)$coefficients[2,1] 

    V_BP[z] <- summary(lm)$coefficients[2,2] 

  } 

t.test[i] <- t.test(BP[1:n],BP[(n+1):(2*n)])$p.value 

wilcox[i] <- wilcox.test(BP[1:n],BP[(n+1):(2*n)])$p.value 

results <- rbind(results, BP) 

var_BP <- rbind(var_BP, V_BP) 

} 

results <- results[-1,] 

var_BP <- var_BP[-1,] 

   

### Second level analysis ### 

m.results <- as.matrix(as.numeric(as.character(as.list(results)))) 

m.var_BP <- as.matrix(as.numeric(as.character(as.list(var_BP)))) 

parameter <- rep(param_of_interest[q], length(m.results)) 

group <- c(rep(1,(n*nsim)),rep(2,n*nsim)) 

sim <- c(rep(1:nsim, each=n), rep(1:nsim, each=n)) 

sec <- cbind(m.results, m.var_BP, group,sim) 

seclevp = BP_sl_1 = BP_sl_2 <- rep(0,nsim) 

for (m in 1:nsim){ 

  co <- which(sec[,4] == m) 

  seclev <- sec[co,] 

  a <- rma.uni(yi = seclev[,1], sei= seclev[,2], mods = ~ seclev[,3]) 

  seclevp[m] <- a$pval[2] 

  BP_sl_1[m] <- fitted.rma(a)[1] 

  BP_sl_2[m] <- fitted.rma(a)[1+n] 

} 

   

# Mixed model & GEE  

long[,c(1,2,8)] <- lapply(long[,c(1,2,8)],factor) 

BP_mm_1 = BP_mm_2 = BP_ge_1 = BP_ge_2 = p = p2 = realT <- rep(0, nsim) 
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for (i in 1:nsim){ 

  ind2 <- (20*2*n*(i-1)+1):(20*2*n*i)  

  x <- long$X[ind2] 

  y <- long$Y[ind2] 

  lmer_full <- lmer(y ~ x + Group + Group:x + (x|ID), data=long[ind2,], 

REML = F) 

  gee <- geeglm(y ~ x + Group + Group:x, data = long[ind2,], id = ID, 

corstr = "unstructured", family = gaussian(link="identity")) 

  #QIC(gee) 

   

  #checking issues with non-convergence for the mixed model 

  if (any( grepl("failed to converge", 

lmer_full@optinfo$conv$lme4$messages))){ 

      non_convergence <- non_convergence + 1 

  } else { 

       

      p[i] <- coef(summary(gee))[4,4] 

      p2[i] <- coef(summary(lmer_full))[4,5] 

      BP_mm_1[i] <- fixef(lmer_full)[2] 

      BP_mm_2[i] <- fixef(lmer_full)[2] + fixef(lmer_full)[4] 

      BP_ge_1[i] <- coef(summary(gee))[2,1] 

      BP_ge_2[i] <- coef(summary(gee))[2,1] + coef(summary(gee))[4,1] 

  } 

} 

 

# Percentage significant results of all results 

fp_gee[q] <- length(which(p < 0.05))/length(p) 

fp_mm[q] <- length(which(p2 < 0.05))/length(p2) 

fp_tt[q] <- length(which(t.test < 0.05))/length(t.test) 

fp_wilcox[q] <- length(which(wilcox < 0.05))/length(wilcox) 

fp_seclev[q] <- length(which(seclevp < 0.05))/length(seclevp) 

   

# Bias evaluation 

bias_lm_1[q] <- true_BP_1 - mean(results[,1:n]) 

bias_lm_2[q] <- true_BP_2 - mean(results[,(n+1):(2*n)]) 

bias_mm_1[q] <- true_BP_1 - mean(BP_mm_1) 

bias_mm_2[q] <- true_BP_2 - mean(BP_mm_2) 

bias_sl_1[q] <- true_BP_1 - mean(BP_sl_1) 

bias_sl_2[q] <- true_BP_2 - mean(BP_sl_2) 

bias_ge_1[q] <- true_BP_1 - mean(BP_ge_1) 

bias_ge_2[q] <- true_BP_2 - mean(BP_ge_2) 

 

} 
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10.2 Appendix B 

R-code to import and analyze experimental data. 

 

library(readxl) 

library(xlsx) 

library(MASS) 

library(tidyr) 

library(lme4) 

library(lmerTest) 

library(metafor) 

library(nlme) 

library(geepack) 

std <- function(x) sd(x)/sqrt(length(x)) #function for calculating standard 

error 

 

### Read in .voistat files (raw format TAC curves) 

CC  <- list.files(path=".", pattern="*.voistat", full.names=T, 

recursive=FALSE) 

n_groups <- 2 

 

#Extract useful information from voistat files 

for (g in 1:n_groups){ 

  data <- matrix(NA, ncol = 4) 

  colnames(data) <- c("Region","Time","Averaged","ID") 

  for (i in 1:length(CC)){ 

    a <- as.matrix(read.table(CC[i], skip = 1, sep = "\t", header = T)) 

    b <- as.data.frame(a[-1,c(3,4,7)]) 

    b[,2] <- as.numeric(as.character(b[,2])) 

    b[,3] <- as.numeric(as.character(b[,3])) 

    c <- cbind(b, rep(i, length(b[,1]))) 

    colnames(c) <- c("Region","Time","Averaged","ID") 

    data <- rbind(data, c) 

  } 

  data <- data[-1,] 

  newdata <- spread(data, Region, Averaged) 

  newdata <- newdata[order(newdata$ID, newdata$Time),] 

  newdata <- newdata[, c(1,2,7,3,4,5,6,8,9)] 

  int_names <- c("I_ref", 

"I_cereb","I_cortex","I_hippo","I_NAC","I_stria","I_thala", "Group") 

  l <- as.data.frame(matrix(NA, nrow = length(newdata[,1]), ncol = 8)) 

  colnames(l) <- int_names 

  newdata <- cbind(newdata, l) 

  newdata[17] <- 

c(rep(1,(length(newdata[,1])/2)),rep(2,(length(newdata[,1])/2))) 

} 

 

### Data parameters 

n_subjects <- 24 

n_regions <- 7 

n_frames <- 22 

 

### Inserting a theoretical zero value at time zero ### 

wh <- unique(newdata$ID) 

gr <- c(rep(1,(length(wh)/2)), rep(2,(length(wh)/2))) 

t <- rep(0,length(wh)) 

t2 <- as.data.frame(matrix(0,nrow=length(wh), ncol = (2 * n_regions))) 

tdata <- cbind(t,wh,t2,gr) 

name <- colnames(newdata) 

colnames(tdata) <- name 
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newdata <- rbind(newdata, tdata) 

i <- order(newdata$ID, newdata$Time) 

newdata <- newdata[i,] 

 

 

### Calculating integrals for every regional TAC ### 

int_Cpet <- numeric(n_frames) 

int_Cpet <- rep(0,n_frames) 

for (i in 1:n_subjects){ 

  use <- which(newdata$ID == i) 

  tempdata <- newdata[use,] 

  for (j in 1:n_regions){ 

    p_t <- tempdata[,1] 

    Cpet <- tempdata[,(j+2)] 

    for (k in 2:n_frames){ 

      int_Cpet[k] <- int_Cpet[k-1]+ 0.5 * (Cpet[k] + Cpet[k-1]) * (p_t[k] - 

p_t[k-1])    

    } 

    tempdata[,(j+9)] <- int_Cpet 

  }   

  newdata[use,] <- tempdata 

} 

newdata <- newdata[,c(2,17,1,3,10,4:9,11:16)] 

newdata$Group <- as.factor(newdata$Group) 

 

## Excluding first ten time-points for linearity 

a <- which(newdata$Time < 400) 

newdata <- newdata[-a,] 

 

###running lm for each TAC and comparing groups with t-test & Mann-Whitney 

results = var_BP <- rep(0,n_subjects) 

test = seclevp = wilcox = BP_sl_1 = BP_sl_2 = SE_sl_1 = SE_sl_2 <- rep(0, 

(n_regions-1)) 

for (i in 1:(n_regions-1)){ 

  BP = V_BP <- rep(0,n_subjects) 

  newdata$y <- newdata[,(i+11)] / newdata[,(i+5)] 

  newdata$X <- (newdata[,5] + (newdata[,4] / 1.25))/newdata[,(i+5)] 

    for (z in 1:n_subjects){ 

    temp <- which(newdata[,1] == z) 

    temp <- newdata[temp,] 

    x <- temp$X 

    y <- temp$y 

    x[which(x == Inf)] = NA 

    y[which(y == Inf)] = NA 

    lm <- lm(y ~ x, na.action=na.exclude) 

    BP[z] <- summary(lm)$coefficients[2,1] 

    V_BP[z] <- summary(lm)$coefficients[2,2] 

  } 

  test[i] <- t.test(BP[1:(n_subjects/2)],BP[(n_subjects /2 

+1):n_subjects])$p.value 

  wilcox[i] <- wilcox.test(BP[1:(n_subjects/2)],BP[(n_subjects /2 

+1):n_subjects])$p.value 

  results <- rbind(results, BP) 

  var_BP <- rbind(var_BP, V_BP) 

} 

results <- results[-1,] 

var_BP <- var_BP[-1,] 

BP_lm_1 <- rowMeans(results[,1:(n_subjects /2)]) 

BP_lm_2 <- rowMeans(results[,(n_subjects /2 + 1):n_subjects]) 

SE_lm_1 <- apply(results[,1:(n_subjects /2)], 1, std) 

SE_lm_2 <- apply(results[,(n_subjects /2 + 1):n_subjects], 1, std) 



44 

 

 

### Second level analysis ### 

m.results <- as.matrix(as.numeric(as.character(as.list(results)))) 

m.var_BP <- as.matrix(as.numeric(as.character(as.list(var_BP)))) 

names <- colnames(newdata[6:11]) 

region <- rep(names, n_subjects) 

group <- c(rep(1,((n_regions -1) * n_subjects / 2)),rep(2,((n_regions -1) * 

n_subjects / 2))) 

sec <- cbind(m.results, m.var_BP, group, region) 

for (m in 1:(n_regions-1)){ 

  co <- which(sec[,4] == names[m]) 

  seclev <- sec[co,] 

  a <- rma.uni(yi = as.numeric(seclev[,1]), sei= as.numeric(seclev[,2]), 

mods = ~ seclev[,3]) 

  seclevp[m] <- a$pval[2] 

  BP_sl_1[m] <- fitted.rma(a)[1] 

  BP_sl_2[m] <- fitted.rma(a)[n_subjects] 

  SE_sl_1[m] <- a$se[1] 

  SE_sl_2[m] <- sqrt(abs(a$se[1]^2 - a$se[2]^2)) 

} 

 

### Fitting mixed model & GEE ### 

BP_mm_1 = BP_mm_2 = BP_ge_1 = BP_ge_2 = p = p2 = SE_mm_1 = SE_mm_2 = 

SE_ge_1 = SE_ge_2 <- rep(0, (n_regions-1)) 

for (j in 1:(n_regions-1)){ 

  y2 <- newdata[,(j+11)] / newdata[,(j+5)] 

  x2 <- (newdata[,5] + (newdata[,4] / 1.25))/newdata[,(j+5)] 

  x2 <- x2 / 100 

  lmer_full <- lmer(y2 ~ x2 + Group + Group:x2 + (x2|ID), data=newdata, 

REML = F) 

  gee <- geeglm(y2 ~ x2 + Group + Group:x2, data = newdata, id = ID, corstr 

= "unstructured", family = gaussian(link="identity")) 

   

  p[j] <- coef(summary(gee))[4,4] 

  p2[j] <- coef(summary(lmer_full))[4,5] 

   

  BP_mm_1[j] <- fixef(lmer_full)[2] /100  

  BP_mm_2[j] <- fixef(lmer_full)[2] / 100 + fixef(lmer_full)[4] / 100 

  SE_mm_1[j] <- coef(summary(lmer_full))[2,2]/100 

  SE_mm_2[j] <- sqrt(abs(coef(summary(lmer_full))[2,2]^2 - 

coef(summary(lmer_full))[4,2]^2)) / 100 

  BP_ge_1[j] <- coef(summary(gee))[2,1] / 100 

  BP_ge_2[j] <- coef(summary(gee))[2,1] / 100 + coef(summary(gee))[4,1] / 

100 

  SE_ge_1[j] <- coef(summary(gee))[2,2]/100 

  SE_ge_2[j] <- sqrt(abs(coef(summary(gee))[2,2]^2 - 

coef(summary(gee))[4,2]^2)) / 100 

} 
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