
1 

Resting state networks as simultaneously measured with fMRI and PET 

 

Alexandre Savio,1,* Sarah Fünger,1,* Masoud Tahmasian,2,3,4 Srinivas Rachakonda,5 Andrei 

Manoliu,2,6 Christian Sorg,2,7,8 Timo Grimmer,8 Vince Calhoun,5,9 Alexander Drzezga,1,3 Valentin 

Riedl,1,2,7 Igor Yakushev,1,7,# 

 

* These authors contributed equally 

 

1 Dept. of Nuclear Medicine, Klinikum rechts der Isar, Technische Universität München, Munich, 

Germany 
2 Dept. of Neuroradiology, Klinikum rechts der Isar, Technische Universität München, Munich, 

Germany  
3 Dept. of Nuclear Medicine, Universität zu Köln, Cologne, Germany 
4 Institute of Medical Science and Technology at Shahid Beheshti University and School of 

Cognitive Sciences, Institute for Research in Fundamental Sciences (IPM), Tehran, Iran 
5 The Mind Research Network and LBERI, Albuquerque, NM, USA 
6 Dept. of Psychiatry, University of Zürich, Switzerland 
7 Neuroimaging Center (TUM-NIC), Klinikum rechts der Isar, Technische Universität München, 

Munich, Germany 
8 Dept. of Psychiatry and Psychotherapy, Klinikum rechts der Isar, Technische Universität 

München, Munich, Germany 
9 Dept. of Electrical and Computer Engineering, University of New Mexico, Albuquerque, NM, 

USA  

 

# Corresponding author 

Igor Yakushev, MD  

Dept. of Nuclear Medicine 

Klinikum rechts der Isar  

Technische Universität München 

Ismaninger Str. 22 

81675 Munich / Germany 

 Journal of Nuclear Medicine, published on March 2, 2017 as doi:10.2967/jnumed.116.185835



2 

Tel: +49 (0) 89 4140-6714 

Fax: +49 (0) 89 4140-4950 

Email: igor.yakushev@tum.de 

First Author  

Alexandre Savio, PhD 

Dept. of Nuclear Medicine 

Klinikum rechts der Isar  

Technische Universität München 

Ismaninger Str. 22 

81675 Munich / Germany 

Tel: +49 (0) 89 4140-6714 

Fax: +49 (0) 89 4140-4950 

Email: alex.savio@tum.de 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



3 

ABSTRACT  

 

Functional magnetic resonance imaging (fMRI) studies reported disruption of resting-state 

networks (RSNs) in a number of neuropsychiatric disorders. Positron emission tomography 

(PET) with 18F-fluorodeoxyglucose (FDG) captures neuronal activity that is in steady state at a 

longer time span and is less dependent of neuro-vascular coupling. Here, we aimed to identify 

RSNs in FDG-PET data and compare their spatial pattern with those obtained from 

simultaneously acquired resting state fMRI data in 22 middle-aged healthy subjects. Thirteen and 

17 meaningful RSNs could be identified in PET and fMRI data, respectively. Spatial overlap was 

fair to moderate for the default mode, left central executive, primary and secondary visual, 

sensorimotor, cerebellar, and auditory networks. Despite recording different aspects of neural 

activity, similar RSNs were detected by both imaging modalities. The results argue for the 

common neural substrate of RSNs and encourage testing of the clinical utility of resting state 

connectivity in PET data.  
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INTRODUCTION  
 

FMRI studies posit the presence of RSNs, coherent blood-oxygen-level dependent (BOLD) 

signal fluctuations at rest in a number of neuro-anatomical systems. These networks can be 

roughly subdivided into those supporting “higher-order” cognitive and “lower-order” sensory and 

motor functions. The former group includes the medial prefrontal-medial parietal default mode 

(DMN), fronto-parietal central executive (CEN), and cingulo-opercular salience networks. Such 

so-called neurocognitive RSNs (1) were repeatedly shown to be altered in a number of 

neuropsychiatric disorders (2). Still, these findings have found only limited applicability in 

clinical settings so far. Among the main reasons discussed are a low signal-to-noise ratio and 

reproducibility of findings at a single subject level (3). 

FDG-PET has been widely utilized in clinical routine in the field of dementing and 

movement disorders (4,5). Neurometabolic coupling, the linkage of synaptic activity with glucose 

consumption (6), is a key physiological concept of brain function and the rational basis of FDG-

PET (7). As compared to fMRI, FDG-PET captures neural activity that is in steady state at a 

longer time span (minutes to hours) and is less dependent of neuro-vascular coupling. These 

factors may contribute to overall robustness of FDG-PET findings at a single subject level.  

Although metabolic covariance patterns have been a relevant research topic since a long time 

(8-10), RSNs could be identified in FDG-PET data only recently (11,12). Yet, these studies 

focused either on a single network (12) or were limited to PET modality, while fMRI was 

performed in a different group of subjects (11). Given a dynamic character of RSNs with their 

dependence on e.g. the current cognitive state and mood of the person (13,14), fMRI and PET-

based RSNs may show a limited comparability if acquired at different time points.  

The aim of this study was to identify RSNs in FDG-PET data and to compare their spatial 

pattern with those obtained from simultaneously acquired fMRI data in the same group of healthy 

subjects. 

 
 
MATERIALS AND METHODS 
 

Details about subjects and data acquisition can be found elsewhere (15). In brief, 22 healthy, 

right handed subjects (15 males, 7 females; age 54.5±10.0 years) were included in this study. The 

participants gave written informed consent to undergo procedures approved by the ethics review 

board of the Klinikum Rechts der Isar, Technische Universität München. All subjects had no 
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history of psychiatric, neurological conditions, use of psychoactive medications, had no 

pregnancy or renal failure. 

The participants were imaged at rest in a dimmed environment on a hybrid PET/MR Siemens 

Biograph mMR scanner (Erlangen, Germany). PET data for the present analyses were acquired in 

list-mode for 10 min 30 min post-injection with the following parameters: 128 slices (gap 0.5 

mm), matrix size 192×192, voxel size 3.7×2.3×2.7 mm3. It should be noted that although the PET 

data are typically acquired half an hour post-injection, the image represents the state of cerebral 

glucose consumption at the time of and immediately after the tracer injection. Accordingly, fMRI 

data acquisition started together with a bolus injection of 175±12 MBq FDG (15). Echoplanar 

imaging (EPI) data were acquired using the following parameters: TR=2.000 ms, TE=30 ms, 

angle 90°, 35 slices (gap 0.6 mm), matrix size  64×64, voxel size 3.0×3.0×3.0 mm3. Each 

measurement consisted of 300 acquisitions in interleaved mode with a scan time of 10 min and 8 

s. 

The fMRI data have been pre-processed as in detail described elsewhere (15,16) using the 

DPARSF toolbox (17). PET images were spatially normalized to a study-specific FDG-PET 

template (in the MNI space) based on PET images of all study subjects (18). As part of the 

normalization, PET images were resampled to the voxel size of the EPI images of 3.0x3.0x3.0 

mm3. Both EPI and PET images were smoothed with a 12 mm FWHM Gaussian kernel. 

Independent component analyses (ICA) were performed using the GIFT toolbox (19). Hereby, a 

series of individual (n=22) PET images was analyzed together to identify components that 

showed common subject covariation (12,20,21). As is appropriate for fMRI data, EPI images 

were subjected to group ICA (22).  

Twenty components were extracted from both fMRI and FDG-PET data using the same brain 

mask. Since the PET dataset consisted of 22 images (subjects), the maximal number of possible 

components was 21. Spatial correlation maps were calculated and thresholded with a z-score 

value of 2.0. Rating of components as meaningful or noise was based on a visual reading. 

Meaningful were considered spatial maps with major clusters located in grey matter. The overlap 

between binarized maps was quantified using the Dice similarity coefficient. This well-

established metric (23,24) measures volume overlap between two regions divided by their mean 

volume. It is interpreted as follows <0.2 poor, 0.2-0.4 fair, 0.4-0.6 moderate, 0.6-0.8 good, and 

>0.8 excellent agreement.  
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As part of a dedicated imaging protocol (15) 11 subjects were examined with eyes open, 

another 11 with eyes closed. To examine whether this different condition influenced the results, 

ICA was in addition performed within each subgroup separately (supplementary material). 

Except for the lower number of independent components (n=10) due to the smaller subject group, 

this analysis was performed identically to the main analysis above.  

 

 
RESULTS 
 

Among 20 ICs, 13 were rated as meaningful RSNs in PET data. In fMRI data, 17 meaningful 

networks were identified. Ten similar RSNs could be found in both modalities, with the right and 

left CENs being captured as one IC by PET (Fig. 1). Spatial overlap was moderate (Dice>0.4) for 

primary visual, sensorimotor, and DMN. A fair (Dice>0.2) spatial overlap was found for 

secondary visual, cerebellar, left CEN, and auditory networks. Executive control and right CEN 

overlapped in fMRI and PET data only poorly.  

Seven RSNs were found exclusively in fMRI, while 4 in PET data (Fig. 2). The former 

networks included salience, spatial attention, (additional) primary visual, anterior DMN, anterior 

insular, temporopolar, and lateral motor networks. PET-based only networks included a network 

covering putamen, thalamus, and brain stem and a network with clusters in the ventral striatum. 

Further PET-based only RSNs were (additional) secondary visual network and a network 

covering the mesial parietal and prefrontal cortex (Fig. 2). Noise components were less common 

in fMRI (n=3) than in PET (n=7) data (Fig. 2).    

 
----------------------------------------- Figure 1 around here --------------------------------------------- 
 
----------------------------------------- Figure 2 around here --------------------------------------------- 
 

In the separate analysis of subjects with eyes open and eyes closed the spatial similarity of 

the visual networks was overall higher in the former subgroup (supplementary material). 

 
 
DISCUSSION 

 

In the present study, a number of known RSNs could be identified in FDG-PET data. Among 

them are the primary and secondary visual, sensorimotor, auditory, cerebellar, DMN, and CEN. 

Spatial similarity of these RSNs with those extracted from fMRI data in the same healthy subjects 
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appeared to be overall modest. However, given that two imaging modalities record different 

aspects of neural activity, the results do argue for the common neural substrate of RSNs.  

Overall, the RSNs as known from fMRI were less accurately identified in PET data. That is, 

most networks consisted of clusters that were smaller, worse separated from each other or 

contained additional clusters. This observation is in line with previous studies in both human (11) 

and animal (25). Further, roughly each third independent component (7 out of 20) in PET data 

appeared to be noise or could not be classified. Although in a few of these components (e.g., top 

and bottom in Fig. 2) major clusters were located in the brain, they were too discrete to enable 

assignment to a particular network. In contrast, only three noise components were found in fMRI 

data. Correspondingly, a higher number of meaningful RSNs could be extracted from fMRI than 

from PET data. As for the spatial similarity between the matched networks, it was at best 

moderate.  

The less accurate identification of RSNs in PET data as well as its modest overlap with 

fMRI-based network is not unexpected. First, FDG-PET and BOLD fMRI capture partly different 

aspects of neural activity. While FDG-PET directly measures activity-dependent glucose 

consumption, BOLD signal stems from interplay between cerebral blood flow, volume and 

cerebral metabolic rate of oxygen (26). Second, ICA on fMRI data assigns voxels to the same 

component when they share similar temporal dynamics (i.e., covariance of BOLD-signal 

fluctuations), while ICA on PET data assigns voxels to the same component when they share 

similar energy levels (i.e. normalized FDG uptake) across subjects. Hence, it is far from obvious 

that similar RSNs can be detected by both imaging modalities.  

As compared to fMRI, routinely acquired FDG-PET data represent an averaged snapshot of 

tracer uptake over a certain time frame, typically 10 to 20 minutes. This makes a within-subject 

analysis of (static) PET images as that of BOLD time series impossible. ICA on such PET data 

thus identifies sources of inter-subject covariance, making the results noisier and stronger 

dependent on the sample size. This is well in line with a previous study on a comparison between 

first- and second-level ICA on fMRI data (27). Specifically, the authors could extract the known 

RSNs from the inter-subject covariation among highly distilled features such as amplitude maps. 

The results were noisier than those from the first-level ICA, still yielding strikingly similar 

patterns of intrinsic brain connectivity. It must be noted, however, that like fMRI FDG-PET data 

can be acquired and analyzed dynamically (28). Spatial similarity of RSNs extracted from such 
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data – when starting acquisition simultaneously with injection of FDG – may be higher due to 

contribution of a blood flow signal. This interesting issue should be addressed by future studies.  

The first attempt to extract RSNs from FDG-PET data was performed by Di and Biswal (11). 

In contrast to our study, Di and Biswal quantified the networks from different groups of subjects, 

and compared them only visually. Still, they found many of the known RSNs in the PET data. 

Interestingly, Di and Biswal had troubles identifying neurocognitive networks with anterior-

posterior connectivity, e.g. the left CEN (fronto-parietal) and DMN. Our study in part supports 

this observation. That is, the CEN could be identified in our PET data as a single map, with fair 

to poor spatial overlap with the analogous fMRI-based networks. Although the DMN map 

consisted of rather small clusters, the pattern was anatomically clear, and the spatial 

correspondence with the fMRI-derived map was relatively high. The less accurate identification 

of these RSNs in (11) may well be related to the fact that the image data under their study were 

part of a multi-center project with 3 different acquisition protocols (ADNI, http://www.adni-

info.org). Besides, subjects in (11) were substantially older (mean 77.2 vs. 54.5 years in our 

study). Previously, we could readily identify the DMN in a group of young (mean 27.1 years) 

healthy subjects (12).  

Apart from the “dually” detected RSNs, some networks were identified exclusively in fMRI 

or PET data. Among 7 fMRI-only RSNs, anterior insular and temporopolar do not belong to the 

established ones. Three further RSNs, (anterior) primary visual, lateral motor and (anterior) 

default mode networks are variants of those detected in both imaging modalities (Fig. 1). Hence, 

the salience and spatial attention networks as established ones could not be detected in the present 

PET data. Of note, the salience RSN was described in (11). The discrepancy may be explained by 

a lower number of subjects/components in the present work. On the other hand, 4 RSNs were 

identified exclusively in PET data. Along with an additional (secondary) visual RSN, there were 

2 subcortical networks. These may have been missed in the fMRI data, since basal ganglia 

networks are reliably detected at a higher number of decompositions (29). While 3 of the PET-

only RSNs above have been described in the fMRI literature, we are not aware of any fMRI-RSN 

encompassing the mesial parietal and prefrontal cortex as single cluster. Interestingly, a very 

similar “mesial” component was described in (11), see Fig. 1A in (11) and (30). The latter study 

analyzed a covariance in regional grey matter density in a group of healthy subjects. Along with 

the network above, the authors described a frontal, posterior cingulate/precuneus, visual, basal 

ganglia and cerebellar networks. Thus, the number of fMRI-similar RSNs was lower as compared 
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to our study, despite a much larger cohort (n=603) in (30). These observations may indicate that 

the metabolic “level” of brain connectivity extends between structural and functional levels, 

expressing features of both. A biological significance of the “mesial” network is yet to be 

established. 

This study has several limitations. Due to the limited sample size a higher number of 

components (in PET data) could not be calculated. For the same reason, we applied a rather 

liberal Z threshold of 2.0 for visualization and quantification, bearing a risk of false-positives. 

Second, as part of the dedicated imaging protocol subjects were studied under different 

conditions with respect to visual perception, i.e. with eyes open and closed (15). The authors of 

that study found that glucose metabolism in the visual cortex was higher in the eyes open 

condition, contributing to a stronger functional connectivity between the visual and salience 

networks (15). Thus, this confound may have influenced the spatial similarity between the visual 

networks in the present study. Indeed, our additional analyses revealed a stronger metabolic 

connectivity within the visual network in the eyes open condition (with no substantial difference 

in functional connectivity). Consequently, a higher similarity between the PET- and fMRI-based 

visual networks was found in the eyes open subgroup. Finally, the Dice coefficient was utilized 

for the quantification of a spatial overlap between PET- and fMRI based RSNs. This coefficient 

is a well-established measure of binary similarity and the most used metric in evaluating 3D 

medical image segmentation (31). Still, there are other similarity coefficients in the field 

available (31), both binary and continuous, that may have produced different results. Yet, this 

methodological issue lies beyond the scope of our paper. 

Beside the neurobiological significance and a contribution to the developing field of 

cometomics (25), the present results may be of clinical value. Namely, the network information 

as obtained through ICA on PET data at the group level can be further utilized with diagnostic 

purposes at a single subject level. This has been shown in many PET studies applying principle 

component analyses (32) and recently ICA (20,21). In particular, it is possible to calculate a 

degree, to which each individual subject/image contributes to a given pattern/network. This so 

called loading coefficient, as extracted from a single RSN or a combination of networks, can be 

utilized for single subject analyses, e.g. in a differential diagnosis of neurodegenerative disorders.  
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Figure 1. Matched RSNs in fMRI and PET data with corresponding Dice coefficients 
 
A) primary visual posterior, B) default mode network, C) primary visual (posterior), D) sensorimotor, E) 
secondary visual, F) cerebellar, G) central executive right,  H) auditory, I) executive control, J) central 
executive left. As the right and left central executive networks were captured as one independent 
component in PET data, G and J for PET are the same. 
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Figure 2. Unmatched (unique to either fMRI or PET data) RSNs and noise components 
 
A) salience, B) spatial attention, C) primary visual (anterior), D) anterior insular, E) temporopolar, F) 
lateral motor, G) (anterior) default mode,  H) basal ganglia, I) nucleus accumbens, J) secondary visual, K) 
mesial parietal/prefrontal 



Supplementary material 

Analysis of 2 subgroups of subjects: with eyes open and eyes closed 

Demographic characteristics of subjects are reported in supplementary table 1. There was no difference in 
respect to age or gender between the groups. 

 
Supplementary table 1: Demographics of eyes open vs. eyes closed analysis. 

 Eyes open Eyes closed P value 
Male/female 8/3 7/4 1.00 
Age 52.2 ± 10.4 56.7 ± 9.6 0.30 

Values are indicated as mean ± standard deviation 
 

Since the number of subjects per group was n=11, the maximal possible number of independent 
components of 10, i.e. n-1, was extracted from both fMRI and FDG-PET data.  

ICA of PET data produced 2 and 1 visual component in the subgroup of subjects with eyes open and 
closed, respectively. While the secondary visual network was revealed in both conditions/subgroups, the 
primary one in the subgroup of subjects with eyes open only (figure). In ICA of fMRI data, a similar 
component covering primary and secondary visual cortices was extracted in both subgroups (figure). 
Consecutively, two visual components in the PET data of the eyes open group were merged. As expected, 
the spatial similarity of these components with the visual network from the fMRI data was higher in the 
eyes open subgroup with a dice of 0.55 vs. 0.12, respectively.  

  



Supplementary figure 1: Visual RSNs in fMRI and PET data with corresponding Dice coefficients 

 
* As compared to the fMRI map, the PET map is a merge of two components, open 1 and open 2. 

 

Parameters of the GIFT toolbox 

ICA analyses were performed using a Group ICA of fMRI toolbox (GIFT) by the MIALAB group 
(version GroupICATv4.0a (GIFTv3.0a)). The data was masked with a default brain template mask. 
Default settings of GIFT were applied, among others the Infomax algorithm and the regular stability 
analysis type. We used a serial Group ICA with GICA as type of back reconstruction. Regarding intensity 
normalization, the option “remove mean per timepoint” was utilized. It means that the mean image across 
timepoints was removed from each individual fMRI data set, while the mean group image was removed 
from each individual PET image. Finally, the maps were thresholded at a z-score of 2.0. 




