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Highlights

o Across all estimates stronger connections exhibit highest test-retest reproducibility
e Structural connectivity is the most reproducible estimate of brain connectivity
¢ Intersubject covariance of regional 18F-fluorodeoxyglucose uptake tops proxy estimates

e Thresholding boosts connection reproducibility
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Abstract

While structural connectivity (SC) reflects actual neural connections, proxy estimates of brain
connectivity such as functional connectivity (FC) from functional MR, intersubject covariance of
regional gray matter volume (GMV.y) from structural MRI, and intersubject covariance of regional
18F-fluorodeoxyglucose uptake (FDGeo) from PET are derived from statistical dependencies
between regional measurements. Understanding reproducibility of these estimates is crucial for
capturing physiological and pathological changes in brain connectivity.

Here, we compared test-retest reproducibility of group-level SC, FC, GMVc¢o, and FDGcoy in the
same 55 healthy subjects at rest using a simultaneous PET/MRI acquisition protocol. Sparsity-based
thresholding resulted in coefficients of variation of 2.7%, 3.1%, 3.6%, and 5.1% for SC, FDGcov,
GMVc, and FC, respectively. Strength-based thresholding resulted in relative proportion of
repeatedly (test-retest) present connections (PRPC) of 77%, 56%, and 54% for GMV oy, FDGcov, and
FC, respectively. Absolute PRPC were 2.50%, 0.64%, and 0.25% for FDGco, FC, and GMVcoy,
respectively.

Overall, stronger connections exhibited higher reproducibility, arguing in favour of thresholding
as a necessary analytical step. SC was most reproducible. Among the proxy estimates, the highest
absolute PRPC was found for FDGcov. FDGcoy €nables to study brain connectivity in a reproducible
manner over the largest part of the brain.

Key words: positron emission tomography, FDG PET, molecular connectivity, networks, functional

connectivity
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1. Introduction

Connectomics studies complex interactions between different elements of the brain. This branch
of neuroscience has expanded incredibly in the last decades, increasing our knowledge on the role
of brain networks in normal and pathological cognition. Herewith, magnetic resonance imaging (MRI)
techniques have made the major contribution (Jbabdi et al., 2015). Structural connectivity (SC) refers
to anatomical white matter pathways connecting gray matter regions. It is commonly estimated
through 3D virtual reconstructions of white matter (WM) tracts from MRI diffusion weighted imaging
(DWI) data (Smith et al., 2022). Functional connectivity (FC) refers to functional interactions between
brain regions and is an indirect proxy of neural activity (Drew, 2019). It is estimated as statistical
dependence of regional blood oxygen level dependent (BOLD) signal from functional MRI (fMRI)
data. Moreover, connectivity approaches have been successfully applied to imaging modalities,
where typically only one image per subject is available. In a relatively homogenous sample, these
applications allow to derive measures of a shared covariance that can be considered as population-
invariant part of the connectome (Sala et al., 2022, 2023; Sporns, 2010). Thus, MRI T1-weighted
images have been widely used to derive a shared covariance of morphologic features across
subjects as index of brain connectivity (Seghier and Price, 2018; Wang and He, 2024). It was
interpreted in terms of shared trophic influences mediated by anatomical connections and neural
plasticity (Romero-Garcia et al.,, 2018). Similarly, regional glucose consumption from 18F-
fluorodeoxyglucose (FDG) positron emission tomography (PET) data, a direct proxy of neural activity
(Stoessl, 2017), has been analyzed in the context of brain connectivity, also known as “metabolic
connectivity” (Yakushev et al., 2017). It is commonly interpreted as functional interactions between
brain regions (Horwitz et al., 1984). In the last years, intersubject estimation of brain connectivity
from FDG-PET data has arisen as a valuable approach (Sala et al., 2023), helping to understand
mechanisms of healthy aging (Mertens et al., 2022), neuropsychiatric diseases (Nicastro et al., 2021)
and to improve diagnostic accuracy (Perovnik et al., 2023). While SC reflects actual anatomical
connectivity and is derived at a single subject level, proxy estimates of (non-anatomical) brain
connectivity such as FC, intersubject covariance of regional GM volume (GMVo) and of regional
FDG uptake (FDGcov) are derived from statistical dependencies between regional measurements,
typically at the group level (Lizarraga et al., 2023).

Assessment of test-retest reproducibility of a measure is essential to design properly powered
studies and assign a degree of confidence to the inference derived from it (Zuo et al., 2019).
Importantly, reproducibility error sets a limit to the minimal amount of change in a measured signal
that can be associated with the true effect of a certain task or disease and is not caused by spurious
variability due to technical or biological noise (Zuo et al., 2019). Previous studies found SC to be
more reproducible than FC (Osmanlioglu et al., 2020; Welton et al., 2015). Whereas rare studies

4



Journal Pre-proof

have assessed reproducibility of GMV¢o, (Carmon et al., 2020; Geerligs et al., 2016), it has not been
compared with reproducibility of SC and FC so far. Moreover, no data exist on reproducibility of
FDGcov, despite its increasing popularity.

This study for the first time compared reproducibility of SC, FC, FDGcov, and GMVcey in the same
subjects and using the same experimental set-up. To this end, MRl and FDG-PET data were

acquired simultaneously in a large group of healthy individuals on a hybrid PET/MR scanner twice.

2. Methods and materials

2.1 Subjects

The study was approved by the Federal Office for Radiation Protection and the Ethics Committee
of the TUM University Hospital (project number 399/13). Written, informed consent was obtained
from all participants. The healthy subjects were scanned in a 3T PET/MR Siemens Biograph mMR
scanner twice, with a time interval of eight weeks. Because no differences between two identical
acquisitions were found (Ripp et al., 2022), we treated these data as test-retest. The subjects were
free of cognitive deficits, neuropsychiatric diseases, and contraindications for MRI. The data of 55
participants (24 females, age 57+4 years) were available for the present study; they have been used
in other studies previously (Lizarraga et al., 2023; Ripp et al., 2022).

2.2 Data acquisition

All data for the present study were acquired under resting conditions. After injecting of
approximately 100 MBg FDG intravenously the participants relaxed in a quiet room, while PET/MR
scanning began 30 min later. T1-weighted images of 1.0x1.0x1.0 mm?® were acquired with a
magnetization-prepared rapid gradient-echo (MP-RAGE) sequence. DWI of 2.0x2.0x2.0 mm?® was
performed using a single-shot echo-planar imaging (ss-EPI) sequence with 30 diffusion directions
with a b value of 800 s/mm2 and one volume with b=0 s/mm2. For the rs-fMRI acquisition participants
were instructed to close their eyes and think of nothing in particular. 212 volumes were acquired
using a Prospective Acquisition Correction EPI (PACE) sequence with 3.0x3.0x3.0 mm3. Finally, an
ultra-short echo time (UTE) yu-map sequence was acquired for attenuation correction, and a dual
echo gradient echo sequence (GRE) was included to estimate the field map and correct the images
for susceptibility induced distortions. For a more detailed description of the imaging protocol see
supplementary material of our previous study (Ripp et al., 2022).

2.3 Grey matter parcellation
We parcelled the GM of each subject into 106 regions. To this end, Automated Anatomical

Labeling 2 (AAL2) atlas (Rolls et al., 2015), which includes cortex, subcortex and cerebellum, was
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non-linearly transformed from the MNI152 T1 space to each individual T1 space using Advanced
Normalization Tools (ANTs) (Avants et al.,, 2011). Additionally, T1 images were segmented into
different tissues classes using Statistical Parametric Mapping (SPM) segmentation tool. After that,
GM probability maps were thresholded at 0.5, binarized, and segmented into the regions (Yakushev
et al., 2022). Certain regions of the original parcellation were combined or removed in order to
minimize partial volume effect in PET images; for details on this step, as well as the definitive list of

regions, see supplementary material in Lizarraga et al. (2023).

2.4 SC

We obtained SC networks from DWI data using tools from FMRIB Software Library (FSL). After
a visual inspection of the images with FSLeyes, we corrected for susceptibility induced distortions,
eddy currents, inter-volume movement and signal dropout using eddy (Andersson and Sotiropoulos,
2016). Then, we extracted the brain tissue with BET (Smith, 2002) and fit the Ball and Sticks diffusion
model with N=2 using BedpostX (Behrens et al., 2007, 2003). After that, we performed whole brain
probabilistic tractography using a WM seeding approach with ProbtrackX. For that, 0.5 thresholded
masks of GM, WM, and CSF were used as target, seed and exclusion masks, respectively. Although
the tractography ran in the DWI space, we obtained the outputs in the T1 space. As a measure of
SC we used the number of streamlines connecting two GM regions and normalized them by the
surface area of those regions in the WM-GM interface to compensate for surface-driven effects on
streamline counts (Bonilha et al., 2015; van den Heuvel and Sporns, 2011). In order to construct a
group SC network, we calculated an average across subjects.

25 FC
The diagnostic tool tsdiffana was utilized in MATLAB software (MATLAB - MathWorks - MATLAB
& Simulink) to detect potential problems in rs-fMRI datasets. After removal of the first three volumes

of the BOLD series, the images were corrected for slice timing and realigned to the volume acquired
temporally in the middle using SPM12 (https://www.fil.ion.ucl.ac.uk/spm/software/spm12/) tools. We

created WM and CSF masks applying a threshold of 0.99 to the probability maps generated before.
Those masks, as well as the GM parcellation, were linearly transformed from the T1 space to the
BOLD space using the FSL registration tool FLIRT with a nearest neighbor interpolation (Jenkinson
et al., 2002). After that, we regressed the GM and CSF signal components using fsl_gim and applied
a temporal band-pass filter (0.009-0.08 Hz) with MATLAB. Next, we extracted the signal from each
region and calculated the Pearson correlation between each pair of regions for each subject. We
chose the Pearson correlation as a popular metric in the field of brain connectivity (Mahadevan et
al., 2021; Sala et al., 2023) and for a direct comparison with GMV¢ov and FDGcov (See below). In order
to build a group FC network, we applied a Fisher z-transformation to the correlation coefficients,
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averaged them across subjects and transformed them back to Pearson correlation coefficients (Di
et al., 2017; Lizarraga et al., 2023).

2.6 GMVcov

A GMV¢o network was constructed from T1-weighted images. We decided to extract volume
rather than thickness a) to keep cerebellum and subcortical structures in the analyses (Lizarraga et
al., 2023) and b) due to higher reproducibility of volume-based as compared to thickness-based
networks (Carmon et al., 2020). After GM parcellation of T1-weighted images as described above,
regional GMV was calculated for each region as a sum of GM probabilities multiplied by the voxel
size. After that, we regressed out the total GMV of each subject (Wu et al., 2012). Finally, Pearson

correlation of the residuals between pairs of regions was calculated across subjects.

2.7 FDGcov

Using Siemens e7 Tools (Siemens Molecular Imaging, Knoxville, USA), we performed an offline
reconstruction of a single FDG-PET summation image from the first 30 min of acquisition (30 to 60
min post injection) for each subject; for technical details see (Ripp et al., 2021). After a linear
coregistration of PET images to the individual T1 space with SPM, FDG uptake was extracted from
each region and normalized by the total GM uptake. Finally, FDG¢\ was calculated as Pearson

correlations across subjects.

2.8 Test-retest reproducibility

Selection of metrics for comparison of test-retest reproducibility of connectivity estimates from
four neuroimaging techniques is challenging. First, we computed the rank Spearman correlation
coefficient (SCC) between test and retest connections with all possible connections in the
unthresholded matrix with their original signs. This common reproducibility metric (Geerligs et al.,
2016; Osmanlioglu et al., 2020) measures how well the correspondence between test and retest
network edges can be described using a monotonic function. SCC has an easy interpretation and is
less sensitive to outliers and changes in the spread of data than the Pearson’s correlation coefficient.

Because reproducibility can vary significantly across connections within a network (Tsai, 2018;
Zhao et al., 2015), we in addition utilized the coefficient of variation (CV) between test and retest
connections with all possible connections in the unthresholded matrix with their original signs
(matrices can be found in Figure 1 in Lizarraga et al., 2023). CV is a statistical measure of the
dispersion of data points around the mean that has also been extensively used in reproducibility
studies (Chou et al., 2012; Tsai, 2018; Yuan et al., 2019). CV standardizes variability by expressing
it as a percentage of the mean. The lower the value of CV, the more precise the estimate. CV of
each connection strength in the group adjacency matrices was calculated according to the formula
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std (test, retest)

CV =100%
mean (test, retest)

Because the sign of CV is not meaningful in the reproducibility analyses, the absolute value of CV
(abs(CV)) is reported (Biswal et al., 2010).

As reproducibility depends on the connection strength (Geerligs et al., 2016; Shehzad et al.,
2009), we in addition compared reproducibility of 8% strongest connections for each estimate after
applying a 92% sparsity threshold to all four networks. This threshold was selected after inspecting
the percentage of significant connections for proxy estimates (8% for FC, 14% for GMV ¢ and 45%
for FDGcov) and to include only significant connections (p<0.05) for all of them. Thus, we computed
median abs(CV) in the range 92-100%. Of note, to calculate CV correctly, a connection has to be
present in both thresholded networks, so the sparsity used to report the results is not the one used
to threshold the networks, but the sparsity calculated when including the commonly present
connections after thresholding.

Finally, we compared reproducibility after applying an absolute threshold for connectivity
strength, a frequent practice in connectomics (Osmanlioglu et al., 2020; Tozzi et al., 2020). Since
structural connections have a different nature and range, SC was not included in this analysis. To
quantify reproducibility of resultant binary networks, we calculated the proportion of repeatedly
present connections (PRPC) as those connections that remained in test and retest sessions after
thresholding. Afterwards, we applied a threshold of r=0.5, keeping only connections with absolute
value greater than 0.5 (Mukaka, 2012). The absolute proportion of repeatedly present connections
(aPRPC) was defined as percentage of repeatedly present connections (Nrec) to the total number of
potential connections in a network.

NRPC

aPRPC = 100%
° Ngois % (éVROIS -1

To account for the different number of present connections among the techniques, we computed
the percentage of Nrec in relation to the union, i.e., connections in test or retest sessions, hereafter
called relative proportion of repeatedly present connections (rPRPC). It is equivalent to a Dice

Coefficient between test and retest binary networks.

N
rPRPC = 100% ——2€

test U retest

aPRPC and rPRPC provide complementary information. While aPRPC indicates the extent to which
the connectome can be reproducibly derived at a given threshold, rPRPC shows the spatial overlap
between the test and retest connectomes. In addition to the 0.5 cut-off above, we conducted

sensitivity analyses using thresholds for absolute connection values above 0.5, evenly spaced
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between 0.50 to 0.99, as well as across the entire range from 0 to 1. A representative value was

calculated for each connectivity estimate as AUC normalized by the corresponding range of
thresholds.

3. Results

SCC between the test and retest connection strengths in the unthresholded group networks are
shown in Figure S1. All SCC were strong and statistically significant (p<0.05, Bonferroni corrected):
0.98 for SC, followed by 0.96 for FC, 0.95 for FDGcov, and 0.93 for GMVco. Across all 4 estimates,
weaker connections showed a higher variability between test and retest.

CV was calculated for each potential connection in the group unthresholded adjacency matrices
(Figure S2). Considering all potential connections, no significant (p>0.05) differences were found
between median CVs of the estimates: 23+20 for SC, 20£15 for FC, 22+16 for FDGcov, and 24+17
for GMVco (Figure S3). However, when thresholding the adjacency matrices to keep only the
strongest connections, significant differences between the estimates emerge (Figure 1): SC showed
the lowest CV (2.7% on average), followed by FDGcov (3.1%), GMVco (3.6%), and FC (5.1%).

Figure 1. Reproducibility as function of sparsity

FC5.1%
7L FDGcov 3.1%
GMVcov 3.6%
SC2.7%

Median ICVI (%)

0 1 I 1 1 } 1 1 |

92 93 94 95 96 97 98 99 100
Sparsity (%)

Median absolute value of CVs for each estimate as function of effective sparsity. The box indicates average values
over the sparsity range.
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For proxy estimates, the percentages of connections in each group, from negligible to very high
(Mukaka, 2012), are presented in Table 1. The maximum amount of very high connections was found
for FDGcov, the minimum for FC. GMV, presented the highest, while FDGcov the lowest number of

negligible connections.

Table 1. Categorization of proxy estimates of brain connectivity according to strength (Pearson’s correlation

coefficients)

FC, % FDGcov, % GMVcov, %
test retest test retest test retest
Very high (0.9 - 1.0) 0.00 0.04 0.36 0.31 0.04 0.02
High (0.7 - 0.9) 0.66 0.83 2.93 1.64 0.25 0.23
Moderate (0.5 — 0.7) 2.01 3.23 14.90 10.93 0.81 0.86
Low (0.3 —-0.5) 11.27 13.48 26.74 25.10 8.21 8.19
Negligible (0.0 - 0.3) 86.06 82.43 55.08 62.03 90.69 90.69

aPCRP at the absolute threshold of r=0.5 are presented in Table 2 and Figure 2. Herewith,
connections in the categories negligible and low were (Table 1) treated as “absent”, whereas the
remaining categories were treated as “present” connections. FDG¢w showed the highest aPRPC,
followed by FC and GMVo. Figure 3 shows aPRPC and rPRPC calculated for the thresholds above
0.5. Overall, FDG¢o exhibited the highest aPRPC (2.5%), followed by FC (0.64%), and GMV oy
(0.25%). GMV.o, presented the highest rPRPC (77%), followed by FDGc. (56%), and FC (54%).
Similar results were obtained for the full range of absolute values of connection strengths (0-1)
(Figure S4).

Table 2. Snapshot of retained connections after 0.5 absolute thresholding

FC, % FDGcov, % GMVeov, %
Repeatedly present (aPCRP) 2.6 115 0.9
Repeatedly absent 95.8 80.4 98.7
Present in test 2.7 18.2 11
Present in retest 4.1 12.9 11
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Figure 2. Snapshot of repeatedly present connections after 0.5 absolute thresholding

FC FDGcov GMVcov

Figure 3. aPRPC and rPRPC as a function of the absolute threshold
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4. Discussion

In this study we compared test-retest reproducibility of SC, FC, FDGcov and GMV,y in the same
healthy subjects and using the same experimental set-up. Across all estimates stronger connections
exhibited higher reproducibility. Overall, SC was most reproducible. Among the proxy estimates of
brain connectivity, the lowest CV was found for FDG¢o. While the relative proportion of reproducible,
strong connections was similar for FDG¢w and FC, the highest absolute proportion of reproducible,
strong connections was found for FDGco. Thus, FDGcov enables to explore brain connectivity in a
reproducible manner over a substantially larger part of the brain than FC and GMVcoy.

Across all estimates (SC, FC, FDG¢v and GMV,) stronger connections throughout the brain
exhibited higher reproducibility. That is, when connections approach the extremes of their
distributions, the scatter plots become narrower, resembling the identity function (Figure S1).
Furthermore, all estimates exhibited a monotonically decreasing CV in parallel with increasing
sparsity levels, with a more pronounced negative slope for SC. Thus, stronger connections have a
lower CV, that is higher reproducibility. Similar observations have been previously reported for SC
(Tsai, 2018) and FC (Geerligs et al., 2016), whereas no data on FDG¢w and GMV.,, have existed so
far. Overall, our findings indicate that removing weaker connections through thresholding increases
reproducibility of all studied estimates of brain connectivity.

Interestingly, stronger connections (mainly intralobe and homotopic interhemispheric) are also
those that show a higher similarity across these four connectivity estimates (Lizarraga et al., 2023),
indirectly arguing in favor of their true rather than false-positive nature. When no thresholding was
applied, SCC, a common index of reproducibility, was found to be high (>0.9) for all estimates.
However, further analyses revealed that the absolute majority of the data points (82 to 99%) reflected
connections of low to negligible strength, i.e., likely noise. Thus, SCC has a limited applicability in
the setting of non-thresholded matrices.

SC was previously found to have good reproducibility (Bonilha et al., 2015; Messaritaki et al.,
2019; Tsai, 2018). Moreover, structural connectomes are more reproducible than functional ones
(Chamberland et al., 2017; Lin et al., 2015; Osmanlhoglu et al., 2020; Welton et al., 2015). These
results have been explained by the dynamic nature of FC (Liégeois et al., 2019). Our study confirms
these previous findings. Moreover, we found SC to be also more reproducible than FDG¢, and
GMVcov.

Only two studies have assessed reproducibility of covariance networks derived from
morphological features (Carmon et al., 2020; Geerligs et al.,, 2016). Carmon et al. (2020) found
cortical thickness to be associated with lower reproducibility than volume and surface area.
Unfortunately, their results cannot be compared to ours, as they used a different measure to assess
reproducibility. Similarly, Geerligs et al. (2016) found that GMV¢. hetworks exhibited the highest
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reproducibility when using the AAL atlas, which has the lowest resolution among the tested
parcellations. They reported a SCC above 0.8, which is slightly lower than our results. These two
prior studies support the methodological choices in our study, i.e., GM volume as morphological
feature and the AAL2 atlas as parcellation.

Among the proxy estimates of brain connectivity, FDGco exhibited the highest aPRPC across
any absolute threshold, followed by FC and GMV... These findings suggest that FDG.,, enables a
reproducible exploration of brain connectivity across a substantially larger portion of the brain than
other proxy estimates of brain connectivity. Specifically, FDGc. “catches” roughly 4 times more
reproducible connections than FC does. The lower reproducibility of FC can be well explained by the
very dynamic character of the BOLD signal and a higher contribution of non-neural sources to the
signal (Korponay et al., 2024). Of note, GMV., demonstrated higher rPRPC than both FC and
FDGcov. This means that GMV¢o network has, on average, the largest spatial overlap between test
and retest sessions. This can be explained by a higher reproducibility of GMV compared to FDG
uptake and BOLD signal, because GMV is a (static) feature of brain structure rather than a (dynamic)
feature of brain function. Consequently, strong GMV.. connections are highly reproducible.
However, the proportion of these connections is very small, below 1% of all potential connections.
Thus, GMV..y allows for (reproducible) exploration of only a small fraction of the brain connectome.

Whereas our results clearly argue for necessity of thesholding of the connectivity estimates,
there is no one right level of the threshold. It would primarily depend on the objective of a given study.
Specifically, if the study focuses on a connectivity pattern at the whole brain level, a more liberal
Pearson’s correlation threshold of 0.5 can be acceptable. However, if the focus is on the
anatomical/spatial precision, e.g., which connections a specific region or a network have, at least 0.8
spatial overlap (rPRPC) should apply. In this situation, a Pearson’s correlation coefficient of 0.8 and
0.7 should be used as threshold for FDGcv and GMV.o, respectively, while FC marginally does not
reach this value (figure 3).

Whether the current findings apply to connectomes of clinical populations remains to be
determined. To the best of our knowledge, some previous clinical studies have assessed test-retest
reproducibility of single estimates of brain connectivity (Camp et al., 2024; Cole et al., 2014; Ma et
al., 2007; Somandepalli et al., 2015), with similar results for healthy subjects and clinical populations
being found for FDG¢o (Ma et al., 2007) and GMVo (Cole et al., 2014), but mixed findings for FC
(Camp et al., 2024; Somandepalli et al., 2015). Furthermore, test-retest reproducibility is likely to
vary with e.g., subject age, acquisition and processing parameters, an important topic for future
studies. Of note, apart from these general factors some estimates may be susceptible to specific

influences such as depletion and activation of microglia for FDGc. (Gndrich et al., 2023).
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In conclusion, this study found that irrespective of the brain connectivity estimate, stronger
connections exhibited higher reproducibility. Overall, SC was most reproducible. Among the proxy
estimates of brain connectivity, FDG¢ exhibited the highest reproducibility in terms of CV and
aPRPC. Thus, FDG¢w enables to explore brain connectivity in a reproducible manner over a
substantially larger part of the brain than FC and GMV.. Ultimately, apart from reproducibility the
choice of the most appropriate connectivity estimate for a study should be made under consideration

of study goals, hypothesis, available data, and methodological expertise.
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