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ARTICLE INFO ABSTRACT

Keywords: Neural network changes during aging may contribute to vulnerability and resilience to brain lesions in age-
Aging related neurological disorders, such as stroke. However, the relationship between age-related neural network
Diffusion MRI features and stroke outcome is unknown. Therefore, we assessed structural and functional network status in
Functional MRI young adult and aged rat brain, and measured the effects of simulated stroke lesions.

Gra.p h d_leory . Eleven rats underwent diffusion-weighted MRI and resting-state functional MRI at young adult age (post-natal
Lesion simulation A A

Network analysis day 88) and old age (between post-natal day 760 and 880). Structural and functional brain network features
Rat brain were calculated from graph-based network analysis. We performed three lesion simulations based on the brain
Stroke injury pattern in frequently applied rodent stroke models, i.e. a small cortical lesion, a subcortical lesion, or a

large cortical plus subcortical lesion, for which we computationally removed the involved network regions.

Global network characteristics, i.e. integration and segregation, were not significantly different between the
two age groups. However, we detected local differences in structural and functional networks between young
adult and old rats, mainly reflected by shifts of hub regions. Stroke lesion simulations induced significant global
and local network changes, characterized by lower efficiency and shifts of hub regions in structural and func-
tional networks, which was most evident after a large cortical plus subcortical lesion. Functional and structural
hub region shifts after lesion simulations differed between young adult and aged rats.

Our lesion simulation study demonstrates that age-dependent brain network status affects structural and
functional network reorganization after stroke, particularly involving hub shifts, which may influence functional
outcome. Computational lesion studies offer a cheap and simple alternative to empirical studies and can com-
plement or guide more complicated experimental studies in animal models and patients.

1. Introduction (Biernaskie and Corbett, 2001; Jones et al., 1996; Stroemer et al., 1995)

and from peri- to contralesional sites (Cai et al., 2016; Crofts et al.,

Stroke - i.e. a sudden loss of blood flow to the brain - is one of the
main causes of long-term disability in adults, and affects almost 17
million people worldwide per year (Feigin et al., 2014). Despite the
significant functional consequences, many patients show (partial) re-
covery of sensorimotor and cognitive functions during the weeks and
months following stroke, which may be related to reorganization of
surviving networks in the brain (Cramer, 2008; Grefkes and Fink, 2011;
Jiang et al., 2013; Jones, 2017; Murphy and Corbett, 2009). Post-stroke
brain remodeling occurs at different levels and locations, i.e. from
micro- (e.g. synaptic plasticity) to macro-scale (e.g. cortical remapping)

2011; Dacosta-Aguayo et al., 2014; Granziera et al., 2012; Gratton
et al., 2012; Johansen-Berg et al., 2010; Schaechter et al., 2009), re-
spectively. These insights have led to the notion that assessment of
neural networks at whole-brain level is critical for optimal under-
standing of the functional consequences of stroke (Carter et al., 2012;
Grefkes and Fink, 2011; Rehme and Grefkes, 2013).

Brain networks consist of spatially distributed regions that are
connected and interacting with each other at micro-, meso- and macro-
scales (Bassett and Sporns, 2017; Bullmore and Sporns, 2009). Modern
network science describes the brain as a collection of nodes (e.g.
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individual neurons, neuronal clusters or functional brain regions) and
edges or ties (e.g. structural or functional connections between nodes).
A healthy brain's network topology is described by an optimal balance
between integration (i.e. global efficiency) and segregation (i.e. local
specialization) of neural signaling, characterized by small-world orga-
nization, modularity and a ‘rich club’ of highly connected hub regions
(Bassett and Bullmore, 2009; Bassett and Sporns, 2017; Bullmore and
Sporns, 2009; Sporns, 2010). These topological characteristics have
been found across species (van den Heuvel et al., 2016a, 2016b, 2015)
and deviation from optimal organization has been observed in relation
to aging, brain dysfunction and cerebral injury, including stroke
(Bassett and Bullmore, 2009; Bullmore and Sporns, 2009; Sporns, 2010;
Stam, 2014; van Meer et al., 2012). Moreover, network changes during
aging may contribute to vulnerability and resilience to brain lesions in
age-related neurological disorders, such as stroke. However, the re-
lationship between age-related neural network features and stroke is
largely unknown. Systematic studies on this relationship in stroke pa-
tients are complicated and may be more straightforwardly conducted in
laboratory rodents that age relatively fast and can be scanned serially in
a fairly short time-frame.

Experimental animal stroke studies are generally performed in
young adult rodents, even though the risk and prevalence of human
stroke is higher at older age. Recently, this age discrepancy between
animal stroke models and human stroke patients has been put forward
as one of the causes of poor bench-to-bedside translation (Dirnagl,
2016). The age at which stroke is induced is known to influence stroke
outcome and response to therapies in experimental models (Liang et al.,
2016; Herson and Traystman, 2014; Liu et al., 2009). In the current
study, we aimed to identify differences in brain networks of young adult
and aged rats as well as their susceptibility and resilience to stroke
lesions. We used data from rats that were longitudinally scanned with
MRI from early adulthood to old age. The imaging protocol included
resting-state functional MRI (resting-state fMRI) and diffusion MRI,
which allowed assessment of large-scale functional and structural
neural network status under healthy conditions. We simulated lesions
in brain areas that are typically affected in different rodent stroke
models, i.e. cortical photothrombosis (Watson et al., 1985), short
transient middle cerebral artery occlusion (MCAO), and permanent or
long transient MCAO (Garcia et al., 1995; Li et al., 1995). In addition,
we simulated lesions in a single hub region and in a single non-hub
region to measure their effect on the global network characteristics. We
chose regions that are normally not affected in the abovementioned
stroke models. We hypothesized that local and global network char-
acteristics alter in relation to lesion extent, and that this relationship
differs between young adult and aged rats.

2. Materials and methods
2.1. Animals

Twenty healthy male Wistar rats (Harlan, Horst, The Netherlands)
were housed in groups of four rats per cage. The rats had ad libitum
access to food and water, were housed with a light/dark cycle of 12h
(lights on at 7:00 AM), and temperature was controlled between 22 and
24°C. All experiments were approved by the committee for Animal
Experiments of the University Medical Center Utrecht, The Netherlands
(protocol number 2010.1.10.228), and were performed in accordance
with the guidelines of the European Communities council directive.

MRI was done at multiple time-points during the lifespan of the rats,
until their natural death. We analyzed data from eleven animals that
were scanned during early adulthood (postnatal day 88), i.e. compar-
able to the age of rats in most preclinical stroke studies, as well as at old
age (postnatal day 760 or 880), i.e. representative of the age during
which clinical stroke is prevalent. Scans from animals that died before
this age were not included in the analyses.
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2.2. MRI acquisition

MRI experiments were conducted on a 4.7 T horizontal bore MR
system. We used a homebuilt Helmholtz volume coil (90 mm diameter)
and an inductively coupled surface coil (25 mm diameter) for signal
excitation and detection, respectively. Rats were anesthetized with 4%
isoflurane and endotracheally intubated for mechanical ventilation
(TOPO, Kent Scientific, Torrington, CT, USA) with 1-2% isoflurane in a
mixture of air with 30% O, (55 breaths per minute). Rats were subse-
quently immobilized in a specially designed MR-compatible stereo-
tactic holder, including earplugs and a tooth holder. During MRI, end-
tidal CO, as well as blood oxygen saturation and heart rate were con-
tinuously monitored with a capnograph (Multinex 4200, Datascope
Corporation, Paramus, NJ, USA) and pulse oximeter (8600 V, Nonin
Medical, Plymouth, MN, USA), respectively. Body temperature was
maintained at 37.0 = 0.5°C.

For resting-state fMRI, T,*-weighted blood oxygenation level-de-
pendent (BOLD) images were acquired under 1.0% isoflurane an-
esthesia, with a ventilation-triggered single-shot 3D gradient-echo echo
planar imaging (EPI) sequence (repetition time (TR)/echo time
(TE) = 32/19ms (effective TR = 1.0245); 12° pulse angle; field-of-
view (FOV) = 32 x 24 x 12mm?; 64 x 48 x 32 acquisition matrix;
0.5 x 0.5 x 0.5 mm>voxels; 600 BOLD images in approximately
10 min). Diffusion MRI was executed under 1.5-2.0% isoflurane with a
2D 5-shot EPI sequence (TR/TE = 1750/28.52 ms; 4 by images, 4 b-
values (650, 1285, 1919 and 2518 s/mm?); 8/A = 5/10ms; 30 direc-
tions per b-value, three averages; 128 X 128 acquisition matrix;
0.195 x 0.195 mm? voxels; 19 1.0-mm slices). In addition, anatomical
images were acquired with a 3D gradient-echo sequence (TR/TE = 6/
2.25ms; 40° flip angle; 4 averages; FOV = 40 x 25 X 20 mm?;
160 x 100 x 80 matrix; 0.25 X 0.25 x 0.25 mm? voxels).

2.3. Image processing

2.3.1. Resting-state functional connectivity

Resting-state functional MR images were processed with FSL 5.0
(Jenkinson et al., 2012), unless otherwise stated. Preprocessing steps of
the resting-state fMRI scans included removal of the first 10 images to
reach a steady state, motion-correction with MCFLIRT (Jenkinson et al.,
2002) and brain-extraction with BET (Smith, 2002). Motion-correction
parameters were used as regressors for the resting-state signal (no linear
detrending and global mean regression were performed). Low-fre-
quency BOLD fluctuations were obtained by applying temporal filtering
between 0.01 and 0.1 Hz in AFNI (Cox, 1996). We calculated Fisher's Z-
transformed correlation coefficients to measure inter- and intrahemi-
spheric functional connectivity between regions-of-interest (ROIs) (see
below). Individual functional connectivity matrices were divided by
their own mean to correct for individual differences in mean functional
connectivity strength. This procedure is based on a normalization step
in the analysis of structural networks described by van den Heuvel et al.
(2010). They reported normalization by dividing all network edge va-
lues by the maximum network edge value. However, since many
functional connectivity networks in our study were skewed towards
lower correlation values with high value outliers (see Supplementary
Fig. 1), we normalized functional network values with the mean rather
than the maximum value. For comparison, we performed a sensitivity
analysis with the maximum value as normalization factor and data are
presented in Supplementary Figs. 2-5. Results were highly similar be-
tween mean and maximum normalization procedures.

2.3.2. Diffusion-based structural connectivity

Diffusion-weighted images were preprocessed with FSL 5.0
(Jenkinson et al., 2012) and MRtrix3 (Tournier et al., 2012). Motion
and eddy current corrections were done with dwipreproc (MRtrix3),
which uses FSL tools (Andersson and Sotiropoulos, 2016). Calculation
of diffusion parameters, i.e. fractional anisotropy (FA), mean diffusivity
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(MD), axial diffusivity (AD) and radial diffusivity (RD), was done with
dtifit in FSL.

Further processing, tractography and connectome reconstruction
were done in MRtrix3. We first determined multi-shell response func-
tions for white matter (WM), grey matter (GM) and cerebral spinal fluid
(CSF) using dwi2response and custom-made WM, GM and CSF masks.
Multi-shell multi-tissue constrained spherical deconvolution (CSD)
(Jeurissen et al., 2014) was performed to generate WM, GM and CSF
volume fraction maps, and to obtain fiber orientation distribution
(FOD) maps for WM, GM and CSF separately, of which the WM FOD
map was used for tractography.

We performed CSD tractography using the iFOD2 algorithm
(Tournier et al., 2010), with dynamic seeding over the WM FOD map, a
step-size of 0.1 mm, an angle threshold of 45° and an FOD amplitude
threshold of 0.2, thereby generating 1 million tracts over the entire
brain. After whole-brain tractography we used Spherical deconvolution
Informed Filtering of Tractograms (SIFT) to improve the accuracy of the
reconstructed whole-brain connectome by fitting and optimizing tracts
at whole-brain level to the underlying diffusion-weighted images, and
by removing (i.e. filtering) inappropriate tracts from the connectome
(Smith et al., 2015, 2013).

Whole-brain structural networks were constructed by matching the
filtered tracts with ROIs in subject space. Two regions were considered
connected if one or more tracts traversed — or had their endpoints in —
both regions. The streamline count after SIFT was used as measure of
structural connectivity strength.

2.3.3. Regions-of-interest

After preprocessing, resting-state fMRI and diffusion MRI images
were linearly and non-linearly registered to a reference rat brain using
FLIRT and FNIRT (Andersson et al., 2007; Jenkinson and Smith, 2001),
respectively. The reference rat brain was aligned with a custom-built 3D
reconstruction of the Paxinos and Watson rat brain atlas (Majka et al.,
2012; Paxinos and Watson, 2005). We included 88 cortical and sub-
cortical regions from the atlas, covering most of the rat brain, with
sufficient assurance of spatial alignment (i.e. inclusion of at least 8
voxels per ROI in the resting-state scans)(See Table 1). Subsequently, all
ROIs were back-projected in subject space, where further analyses were
performed.

2.4. Graph-based network analysis

To determine the effects of lesion simulations on global and local
network characteristics of structural and functional brain networks, we
used graph analyses (Bullmore and Sporns, 2009). These graph analyses
were performed on individual weighted networks, for resting-state fMRI
and diffusion MRI networks separately. A weighted graph G = (V,W)
was constructed with V as the collection of all included regions N, and
W as the collection of all edge weights w. Self-connections were ex-
cluded, and negative edge weights in the functional weighted graphs
were set to 0. The Fisher's Z-transformed correlation coefficient was
used as functional edge weight, while the SIFT-corrected streamline
count was used as structural edge weight. To characterize brain net-
works, we calculated global as well as local network parameters sepa-
rately.

2.4.1. Global parameters

To characterize the network topology we measured several global
network parameters: the weighted-undirected clustering coefficient (C)
(Fagiolo, 2007) as a measure of segregation, the weighted shortest path
length (L) (Stam et al., 2009), as a measure of global efficiency or in-
tegration, and the small-worldness (Humphries and Gurney, 2008). All
global parameters were calculated for structural and resting-state
functional networks.

® Clustering coefficient (C): The weighted clustering coefficient
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provides a measure of the degree to which the nearest neighbors of
each node are directly connected to each other. It sums the weights
of the connections that exist between the nearest neighbors, divided
by the potential maximum number of connections in triplets of
nodes. We first calculated the weighted C for each node i in the
entire graph:

1 1 1
C = Db Zneai Wil Wi Wi
=
di(di - 1)

In which d; is the number of connections of node i. This equation
considers weights of all edges in a triplet and excludes weights that
are not participating in a triplet. Subsequently, the weighted C was
determined by taking the mean of the local clustering coefficients
over all the nodes in the network:

N
C=N'Y¢
i=1

Weighted shortest path length (L): The weighted shortest path
length provides a measure of the average minimal distance between
a node and all the other nodes in the network. This is measured as
the inverse of the weights of the connections that have to be crossed
to go from one node to another. We first calculated the weighted
path length (Ii}) for each pair of nodes (i and j) in the entire graph
using Dijkstra's algorithm for weighted graphs (Dijkstra, 1959), by
taking the minimum sum of the inverse weights (d;;) to travel be-
tween node i and j:

Iy

j = mini;(sum(dy))and dj = 1/wy

To handle disconnected edges, characterized by an infinite path
length, we used the harmonic mean (1/ < — 0). The harmonic mean
takes the reciprocal of the mean of the reciprocals (Newman, 2003):

1= NN - 1)/ZN 1

i=1,j#i T}”

For each functional and structural network, C and L were normal-
ized based on 10 randomly rewired surrogate networks (Maslov and
Sneppen, 2002). The normalized weighted clustering (y) and path
length (A) were defined as:

C L

Crandom Lrandom

Small-worldness was calculated as a measure of the optimal bal-
ance between segregation (clustering) and integration (path length),
by vy/A, according to Humphries and Gurney (2008).

2.4.2. Local parameters

To investigate local (i.e. nodal) characteristics of the network, we
identified most important nodes, i.e. the hubs, in the network, by
quantifying the strength (weighted version of degree) (Barrat et al.,
2004) and betweenness centrality (Brandes, 2001; Freeman, 1977) for
each node separately.

e Strength (S): The connection strength of a node is the sum of all the
edge weights connected to that node. This provides a measure of the

total nodal connectivity (strength). We calculated the strength of
each node in the entire graph:

N
Si = Z Wij
j=1

e Betweenness centrality (Cg): The weighted betweenness centrality
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of a node provides a measure of the importance of the node in
network connectivity. It measures the degree to which a node lies on
the shortest path between two other nodes. We calculated the be-
tweenness centrality for each node in the entire graph:

Goy= Y &

SEVELEV Ost

In this formula, oy(v) is the number of shortest paths from s to t in
which node v is partaking.

e Hub nodes, or hub regions, are regions in the brain with a central
position, which play a crucial role in network communication. Hub
regions can be defined by different metrics. They generally have a
low clustering coefficient and shortest path length, and a high
average strength and betweenness centrality (Bullmore and Sporns,
2009; Sporns et al., 2007). Therefore, we determined the hubs based
on these four characteristics, as previously described (van den
Heuvel et al., 2010). First, we averaged these four characteristics for
each region over all individual rats at each time-point separately.
Subsequently, we determined which regions belonged to the top
20% for each of the four characteristics separately (the regions with
the 20% lowest clustering coefficients or path lengths, and/or the
20% highest strengths or betweenness centralities). When the node
belonged to the top 20% for a category, the hub score for that ca-
tegory was one. Regions could get a hub score between 0 and 4, and
hub regions were identified as regions with a hub score of 2 or
higher.

2.5. Lesion simulations

To quantify effects of lesion simulations in young adult and aged
rats, we simulated three different stroke lesion types that are typically
observed in frequently applied rat stroke models (Fluri et al., 2015):
small cortical lesions, subcortical lesions and large cortical plus sub-
cortical lesions (see Fig. 1). Lesions were simulated by elimination of
edges from the nodes that were selected as part of the lesion (i.e.
structural and functional connections were set to 0). Subsequently,
network parameters were calculated as described above, for each type
of simulated stroke lesion in young adult and aged rats.

2.5.1. Small cortical lesion

A focal cortical lesion is a hallmark of the photothrombotic stroke
model, which involves systemic injection of a photosensitive dye (Rose-
Bengal) followed by focal illumination of the cortex through the intact
skull (Watson et al., 1985). In the rat photothrombotic stroke model,
lesion induction is often targeted to the forelimb area of the somato-
sensory cortex (S1FL). Therefore we modeled photothrombotic stroke
by eliminating S1FL nodes in our functional and structural networks.

2.5.2. Subcortical lesion

Probably the most frequently applied rat stroke model involves
unilateral occlusion of the middle cerebral artery (MCA) with an in-
traluminal filament (Longa et al., 1989). Short temporary (30-60 min)
MCA occlusion usually results in subcortical damage in the caudate
putamen (CPu), modeled in our study by eliminating the CPu node in
functional and structural networks.

2.5.3. Large cortical plus subcortical lesion

Longer (60-120min) or permanent MCA occlusion induces ex-
tensive cortical and subcortical damage. We simulated these large le-
sions by eliminating the CPu node and nodes representing all sub-re-
gions of the primary somatosensory cortex (S1) (i.e. the forelimb region
(S1FL) and hindlimb region (S1HL), jaw region (S1J), upperlip region
(S1ULp), barrel field region (S1BF), trunk region (S1Tr) and the dys-
granular zone of S1 (S1DZ)), the secondary somatosensory cortex (S2),
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Fig. 1. Lesion simulations. Regions overlaid on a sagittal (left), coronal
(middle) and transversal (right) rat brain slice indicate typical lesion areas after
cortical photothrombotic stroke (A (red)), and short (B (green)) or long (C
(blue)) middle cerebral artery occlusion. Simulated lesion areas involved mul-
tiple slices throughout the brain, but are here displayed on a single slice in each
plane for illustration purposes. (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)

and the insular cortex (i.e. AID, AIP, AIV, DI and GI).

2.5.4. Lesions in a single hub or non-hub region

We simulated lesions in two additional areas: (1) the right hippo-
campus, a hub region in both structural and functional networks in
young adult and aged rats, and (2) the right medial parietal association
cortex, a non-hub region in all networks.

2.6. Statistical analyses

To statistically determine whether global and local network char-
acteristics differed between healthy young adult and aged rats, we
performed paired t-testing for each global and nodal parameter.
Because local characteristics were determined for 88 regions-of-in-
terest, we corrected the nodal analyses for multiple testing using a false-
discovery rate (FDR) correction (Benjamini and Hochberg, 1995).
Comparisons with p-values lower than 0.05 after FDR correction were
considered statistically significantly different. To test for homotopic
symmetrical hubs, i.e. whether homotopic regions in the left and right
hemispheres both belonged to the hub regions, we calculated the Dice
index (Yin and Yasuda, 2006) for homotopic hub regions in young adult
and aged rats separately.

To assess the effect of simulated stroke lesions, we calculated the
difference value for each global or nodal characteristic between the
healthy condition and lesion simulation: value, = valu€lesioned net-
work — ValU€healthy network- TO measure the effect of a lesion on network
characteristics, we first tested whether the network parameters changed
significantly compared to the healthy condition with a one sample t-test
for each simulated lesion type at each age separately. In addition, we
compared the effects of different stroke lesion simulations on the
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Table 1
Included regions-of-interest for resting-state fMRI and diffusion MRI analyses.

Names (abbreviations) of Paxinos & Watson atlas regions

Left and Right Agranular insular cortex dorsal part (AID)

Left and Right Agranular insular cortex posterior part (AIP)

Left and Right Agranular insular cortex ventral part (AIV)

Left and Right Primary auditory cortex (Aul)

Left and Right Secondary auditory cortex dorsal area (AuD)

Left and Right Secondary auditory cortex ventral area (AuV)

Left and Right Cingulate cortex area 1 (Cgl)

Left and Right Cingulate cortex area 2 (Cg2)

Left and Right Dysgranular insular cortex (DI)

Left and Right Dorsolateral entorhinal cortex (DLEnt)

Left and Right Ectorhinal cortex (Ect)

Left and Right Frontal cortex area 3 (Fr3)

Left and Right Frontal association cortex (FrA)

Left and Right Granular insular cortex (GI)

Left and Right Lateral orbital cortex (LO)

Left and Right Lateral parietal association cortex (LptA)

Left and Right Primary motor cortex (M1)

Left and Right Secondary motor cortex (M2)

Left and Right Medial parietal association cortex (MptA)

Left and Right Perirhinal cortex (Prh)

Left and Right Retrospenial dorsal (RSD)

Left and Right Retrosplenial granular cortex a region (RSGa)

Left and Right Retrosplenial granular cortex b region (RSGb)

Left and Right Primary somatosensory cortex barrel field (S1BF)
Left and Right Primary somatosensory cortex dysgranular region (S1DZ)
Left and Right Primary somatosensory cortex forelimb region (S1FL)
Left and Right Primary somatosensory cortex hindlimb region (S1HL)
Left and Right Primary somatosensory cortex jaw region (S1J)
Left and Right Primary somatosensory cortex trunk region (S1Tr)
Left and Right Primary somatosensory cortex upper lib region (S1ULp)
Left and Right Secondary somatosensory cortex (S2)

Left and Right Temporal association cortex 1 (TeA)

Left and Right Primary visual cortex (V1)

Left and Right Primary visual cortex binocular area (V1B)

Left and Right Primary visual cortex monocular area (V1M)

Left and Right Secondary visual cortex lateral area (V2L)

Left and Right Secondary visual cortex mediolateral area (V2ML)
Left and Right Secondary visual cortex mediomedial area (V2MM)
Left and Right Ventral orbital cortex (VO)

Left and Right Thalamus (T)

Left and Right Globus Pallidum (GP)

Left and Right Caudate putamen (CPu)

Left and Right Accumbens nucleus (Acc)

Left and Right Hippocampus (Hipp)

network parameters with an ANOVA for each age separately. Secondly,
we evaluated for each simulated lesion type, whether the lesion-in-
duced change in network parameters differed between young adult and
aged rats using a paired t-test. In addition, we calculated the Dice index
for the hub regions in structural and functional networks before
(healthy condition) and after each type of simulated lesion for young
adult and aged rats separately.

We constructed 95% confidence intervals for the Dice indices by
means of bootstrapping. This involves repeated calculation of the Dice
indices on 10.000 resampled sets, with replacement (Bland and Altman,
2015). Subsequently, we used bootstrapping to construct 95% con-
fidence interval of delta Dice indices. To test whether the homotopic
organization of hubs, as well as hub shifts after the simulated lesions,
were significantly different between young and old rats we determined
p-values from the 95% confidence intervals (Altman and Bland, 2011).

3. Results

3.1. Aging effects

3.1.1. Stable global structural and functional network features between
young adulthood and old age

Fig. 2 shows quantitative results from the graph-based whole-brain
network analyses of functional connectivity and structural tractography
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Fig. 2. Global network parameters for whole-brain structural and resting-state
functional networks in young adult and aged rats. Path length, clustering
coefficient and small-worldness in (A) diffusion MRI-based whole-brain struc-
tural networks and (B) resting-state fMRI-based whole-brain functional net-
works in young adult (dark blue) and aged rats (light blue). Individual values
are shown as diamonds with horizontal jitter for visualization purposes.
Boxplots show median and inter-quartile range (IQR), whiskers representing 1.5
times the IQR, and dots representing outliers. Outliers are defined as values
exceeding 1.5 times the IQR above the upper and below the lower quartile.
Clustering = Clustering coefficient. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this
article.)

data from young adult and aged rats. For structural (Fig. 2A) as well as
resting-state functional networks (Fig. 2B), we found no significant
differences in global network measures, i.e. clustering coefficient, path
length and small-worldness, between young adult and aged rats.

3.1.2. Higher nodal strength in structural network of aged rats

To investigate local network features in the rat brain, we calculated
the nodal strength and betweenness centrality for each region-of-in-
terest in the structural and resting-state functional networks. We found
statistically significant differences in node strength between young
adult rats and aged rats for several regions in the structural network,
which are listed Table 2. In all these regions node strength — and be-
tweenness centrality for the right frontal area 3, left cingulum area 2
and left lateral orbital cortex — was increased at old age, except for the
left dysgranular insular cortex, which showed decreased betweenness
centrality.
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Table 2
Regions with significantly altered nodal network measures in aged rats com-
pared to young adult rats.

Region of interest Nodal network feature A Percentage FDR corrected P-value

Left Acc Strength 80 < 0.01
Right Acc Strength 100 < 0.01
Left AID Strength 111 < 0.01
Right AID Strength 111 < 0.01
Right AIP Strength 88 0.02
Left ATV Strength 167 < 0.001
Right AIV Strength 184 < 0.001
Right Auv Strength 75 0.04
Left Cgl Strength 119 < 0.001
Right Cgl Strength 85 < 0.01
Left Cg2 Betweenness 237 0.04
Left Cg2 Strength 65 < 0.01
Right Cg2 Strength 58 < 0.01
Left CPu Strength 45 < 0.01
Right CPu Strength 55 < 0.01
Left DI Betweenness -33 0.04
Right DI Strength 88 < 0.01
Left Fr3 Strength 147 < 0.001
Right Fr3 Betweenness 84 0.02
Left FrA Strength 1088 < 0.01
Left GP Strength 43 0.02
Right GP Strength 74 < 0.01
Left LO Betweenness 172 0.03
Left LO Strength 293 < 0.001
Right LO Strength 193 < 0.001
Left M1 Strength 65 < 0.01
Right M1 Strength 105 < 0.001
Left M2 Strength 89 <0.01
Right M2 Strength 125 < 0.01
Right MptA Strength 82 0.02
Right Prh Strength 50 0.02
Right RSGb Strength 44 0.03
Right S1BFa Strength 35 < 0.01
Right S1J Strength 60 0.04
Left T Strength 55 < 0.01
Right T Strength 78 < 0.01
Left V1 Strength 60 0.02
Left V2ML Strength 142 0.04
Right V2MM Strength 102 0.04
Left VO Strength 181 < 0.001
Right VO Strength 170 < 0.001

In contrast, there were no statistically significant differences in
strength or betweenness centrality of the functional network nodes
between young adult and aged rats.

3.1.3. Network hub nodes shift between young adulthood and old age
Hub nodes, i.e. the nodes with the highest degree of connectivity
within the network, characterized by a low clustering coefficient and
short path length, and a high strength and betweenness centrality, were
found throughout the rat brain. The distribution of hub nodes in the
structural brain network is shown in Fig. 3A for young adult and aged
rats. Consistent hub nodes in young adult and aged rats were, for ex-
ample, the left and right caudate putamen and hippocampi. From young
adulthood to old age, several regions (e.g. in the left somatosensory
cortex) appeared to lose their hub status, whereas other regions (e.g.
the left and right primary and secondary motor cortices) acquired a hub
status. In aged rats, hubs tended to be more symmetrically distributed
in bilateral homotopic areas (e.g., the left and right primary and sec-
ondary motor cortices, caudate putamen, and dorsolateral entorhinal
cortices), and were located more medially as compared to young adult
rats. The overlap in hub nodes in the young adult and aged structural
network, expressed by the Dice coefficient was 0.29 (95%
CI = 0.14-0.44). The Dice coefficient reflecting the overlap between
hub regions in the left and right hemispheres was 0.61 (95%
CI = 0.31-0.85) for aged rats, compared to 0.32 (95% CI = 0.11-0.53)
for young adult rats (ADice = 0.30, 95% CI = —0.03-0.62, p = .13).
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The distribution of hub nodes in the resting-state functional network
(Fig. 3B) was different from that in the structural network. Never-
theless, consistent with the findings in the structural network, the left
and right caudate putamen and hippocampi were also hub nodes in the
functional networks of young adult and aged rats. There was a rela-
tively higher density of functional network hub nodes in posterior and
temporal regions (such as the temporal association area and perirhinal
cortex) in aged rats as compared to young adult rats. The overlap in hub
nodes in the young adult and aged functional network never reached 1
(mean Dice: 0.53; 95% CI = 0.37-0.68). Regions that lost their hub
status in the resting-state functional network in aged rats included the
right insular cortex, while other regions, such as the bilateral thalamus,
acquired hub status. In line with the structural network hubs, functional
network hub nodes in old rats tended to be more symmetrically dis-
tributed in homotopic areas in the left and right hemispheres. The Dice
coefficient (reflecting the overlap between hub regions in the left and
right hemisphere) was 0.61 (95% CI = 0.39-0.83) for old rats, com-
pared to 0.53 (95% CI = 0.32-0.74) for young adult rats
(ADice = 0.08, 95% CI = —0.14 - 0.32, p = .44).

3.2. Lesion simulations

To determine the effect of stroke lesions on network parameters in
young adult and old rats, we simulated the extent of network damage
for different frequently applied stroke models (cortical photo-
thrombosis, transient MCAO with only subcortical damage, and tran-
sient/permanent MCAO with cortical and subcortical damage). We
calculated a delta-score for each network parameter as the change in
the network parameter after lesion simulation as compared to the
parameter for the healthy network.

3.2.1. Unilateral stroke lesion simulations affect global structural and
functional network features at a whole-brain level

The effect of stroke lesion simulations on global structural network
characteristics are shown in Fig. 4A. Subtle, but statistically significant
changes were measured after cortical (i.e. increased -clustering
(p < .01)) and subcortical stroke simulations (i.e. increased path
length and decreased small-worldness (p < .01)), which were com-
parable between young adult and old aged rats. Subcortical plus cor-
tical damage resulted in considerable increases in path length and
clustering in both age groups (p < .01).

For whole-brain functional networks, stroke lesion simulations re-
sulted in significant changes for all measured global network char-
acteristics, i.e. increased path length, higher clustering and lower small-
worldness (p < .01; Fig. 4B). These changes were relatively small for
the cortical and subcortical stroke simulations, and substantial for the
large stroke lesions involving cortical plus subcortical regions. There
were no significant differences in these global functional network
changes between young adult and aged animals.

Additional analyses of lesion simulations in the right hippocampus
(hub region) or right medial parietal association cortex (non-hub re-
gion) revealed subtle but significant effects on structural and functional
networks, which were highly comparable with the effects of cortical
stroke and sub-cortical stroke (Suppl. Fig. 6).

3.2.2. Hub regions shift after stroke simulations

In addition to changes in global network features, stroke lesion si-
mulations resulted in shifts of hub nodes in young adult and aged rats'
structural and functional networks (Figs. 5 and 6). These shifts were
most apparent after simulation of a large cortical plus subcortical le-
sion. In structural networks, some regions acquired a hub status,
whereas other regions lost their hub status after lesion simulations
(Fig. 5). In functional networks, regions mainly acquired a hub status
after lesion simulations (Fig. 6). The number of regions with shifted hub
status was higher in structural networks than in functional networks,
which was indicated by a lower Dice coefficient for the overlap in hub
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Fig. 3. Hub regions in structural and functional whole-brain networks in young adult and aged rats. Hub regions in (A) structural networks and (B) resting-state
functional networks, overlaid on an axial structural MR image of a rat brain slice, are displayed in the 3D network as large blue nodes, whereas the other (non-hub)
regions are presented as small white nodes. Networks are shown for young adult (left) and aged rats (right). Hub regions are listed right from the maps. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

regions before and after stroke simulation (Table 3).

As can be observed in Figs. 5 and 6, there were several local dif-
ferences between young adult and old rats in the pattern of shifts in hub
regions in structural and functional networks after stroke simulations.
For example, in aged rats we found that the left, contralesional forelimb
region of the primary somatosensory cortex acquired a functional net-
work hub status after a unilateral lesion in subcortical or cortical plus
subcortical tissue, which was not observed in young adult rats.

4. Discussion

In this study, we investigated whether the effects of simulated le-
sions — representing topographical profiles of different rodent stroke
models - on structural and functional network organization in rat brain
differed between young adulthood and old age. Overall, global network
features were largely comparable, however, local differences in struc-
tural and functional networks were observed between young adult and
aged rats, particularly expressed by shifts in hub regions in the brain.
Unilateral stroke simulations induced global changes in whole-brain
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structural and functional network organization, which was most sig-
nificant for the large stroke simulation, involving cortical and sub-
cortical lesioning. Global network changes after stroke simulations
were comparable between young adult and aged rats. On the other
hand, lesion-induced regional changes in hub status, which were more
pronounced in the structural than in the functional brain network,
differed between young adult and aged rats.

4.1. Whole-brain structural and functional networks — effects of aging

The measured similarity of global network characteristics between
healthy young adult and aged rats, as measured from the path length,
clustering and small-worldness in the structural and functional net-
works, is in line with human data. Small-world topology has been de-
monstrated in structural brain networks of young and aged adult hu-
mans (Gong et al., 2009; Zhu et al., 2012), and no aging effect was
found for global network efficiency (Gong et al., 2009). However, other
studies reported lower global efficiency in younger individuals (Wu
etal., 2012; Zhu et al., 2012). This discrepancy may be explained by the
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Fig. 4. Effects of different stroke lesion simulations on global network measures
in young adult and old rats. Changes in path length, clustering and small-
worldness after stroke lesion simulation, calculated as metric delta values be-
tween the healthy control network and the network after stroke simulation, for
(A) diffusion-based structural networks and (B) resting-state fMRI-based func-
tional networks. Delta-scores were determined for different stroke lesion si-
mulations, i.e. cort: cortical (photothrombosis), subcort: subcortical (short
transient MCAO) and cort + subcort: cortical plus subcortical (long transient or
permanent MCAO), for young adult rats (dark blue) and aged rats (light blue).
Individual values are given as diamonds with horizontal jitter for visualization
purposes. Boxplots show median and inter-quartile range (IQR), whiskers re-
presenting 1.5 times the IQR, and dots representing outliers. Outliers are de-
fined as values exceeding 1.5 times the IQR above the upper and below the
lower quartile. (For interpretation of the references to colour in this figure le-
gend, the reader is referred to the web version of this article.)
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use of different age categories across studies. It has been demonstrated
that global efficiency follows an inverted u-curve pattern between
young and old age (Wu et al., 2012). Because the age groups in our
study were at the extremities of this curve, we may have missed pos-
sible changes in global network characteristics that develop between
the two time-points.

In functional networks, human resting-state fMRI studies have
shown an increased minimum path length and clustering coefficient in
older adults (Sala-Llonch et al., 2014). In addition, task-fMRI studies
during memory encoding and recognition in healthy individuals de-
monstrated a similar increase in path length with aging (Wang et al.,
2010). Although we did not find statistically significant aging effects on
global networks, we did see a trend towards a higher path length and
lower small-worldness in the functional network of old rats, resembling
the described effects of aging in humans.

While global network features were largely the same, we identified
local differences in structural and functional brain networks between
young adult and aged rats. Node strength increased for many regions,
such as the bilateral primary and secondary motor cortices and caudate
putamen, within the whole-brain structural network, which seems in
contrast to reductions in structural connectivity during aging as ob-
served in humans (Gong et al., 2009). Loss of structural connectivity
may be reflective of white matter degeneration in aging brains (Meier-
Ruge et al., 1992; Salat et al., 2005). However, white matter degen-
eration may not be similarly prominent in aging rats. In fact, diffusion
tensor imaging studies have revealed ongoing brain maturation in rats
during adulthood (Mengler et al., 2014) with increasing fractional an-
isotropy in rodent white matter structures up to old age (Blockx et al.,
2011). Furthermore, the mean diameter and volume density of myeli-
nated fibers in the cortex are higher while the length density is lower,
which may be explained by specific loss of thinner myelinated fibers, in
aged as compared to younger adult rats (Zhang et al., 2009). These
white matter differences can affect the diffusion-based tractography
pattern and explain changes in node strengths that we observed be-
tween young adults and aged rats.

In addition to node strength differences in structural networks, we
found shifts in hub regions from young adulthood to old age in struc-
tural and functional networks. Increased homotopical symmetry of hub
regions in aged rats may be reflective of altered lateralization, which
has also been reported for aged humans (Agcaoglu et al., 2015). Also,
increasing homotopic connectivity with age, particularly between sen-
sorimotor regions, has been found in a human resting-state fMRI study
(Zuo et al., 2010). Moreover, similar to studies in human subjects, we
observed a posterior shift in hub regions in the functional network,
exemplified by hub status for the bilateral temporal association areas
and perirhinal cortex in aged rats, although in humans this has been
explained by lost hub status of frontal brain regions due to decreasing
local network efficiency (Achard and Bullmore, 2007; Meunier et al.,
2009).

4.2. Whole-brain structural and functional networks — effects of stroke
lesion simulations

Computational lesion studies, as recently reviewed by Aerts et al.
(2016), may substitute, complement or guide empirical studies in hu-
mans or animal models. Lesion simulation studies can be applied to
already existing data, and provide a simple, cheap and non-invasive
alternative to complicated longitudinal in vivo lesion studies, thereby
contributing to replacement, reduction and refinement of animal re-
search (Balls et al., 1995).

In the current study we simulated unilateral stroke lesions, based on
lesion topographies of three popular rat stroke models. Additionally, we
simulated focal lesions in a single hub (i.e. right hippocampus) or non-
hub region (i.e. right medial parietal association cortex) region.
Significant changes in global network features were measured in whole-
brain structural and functional networks. Results from our in silico
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Fig. 5. Hub shifts in structural whole-brain networks after
unilateral stroke lesion simulations in young adult and aged
rat brain. Hub shifts are displayed after unilateral (right-
sided) stroke lesion simulation in (A) a small cortical area, (B)
a subcortical area, and (C) a large cortical and subcortical
area. Hub nodes, overlaid on an axial structural MR image of a
rat brain slice, are displayed in the 3D network as large nodes,
whereas other (non-hub) regions are represented as small
(white) nodes. Regions with maintained hub station after
stroke lesion simulation are shown as large blue nodes,
whereas regions that acquired a hub status are presented as
large green nodes. Regions that lost hub status are presented
as small red nodes. Lesioned nodes are presented in dark-grey
colour. Networks are shown for young adult (left) and aged
rats (right). Hub regions are listed right from the maps.
Regions with acquired hub status are shown in green, and
regions with lost hub status are crossed-out in red or black
(lesioned nodes). (For interpretation of the references to
colour in this figure legend, the reader is referred to the web
version of this article.)
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Fig. 6. Hub shifts in functional whole-brain networks after
unilateral stroke lesion simulations in young adult and aged
rat brain. Hub shifts are displayed after unilateral (right-
sided) stroke lesion simulation in (A) a small cortical area, (B)
a subcortical area and (C) a large cortical and subcortical
area. Hub nodes, overlaid on an axial structural MR image of a
rat brain slice, are displayed in the 3D network as large nodes,
whereas other (non-hub) regions are represented as small
(white) nodes. Regions with maintained hub status after
stroke lesion simulation are shown as large blue nodes,
whereas regions that acquired a hub status are presented as
large green nodes. Regions that lost hub status are presented
as small red nodes. Lesioned nodes are presented in dark-grey
colour. Networks are shown for young adult (left) and aged
rats (right). Hub regions are listed right from the maps.
Regions with acquired hub status are shown in green, and
regions with lost hub status are crossed-out in red or black
(lesioned nodes). (For interpretation of the references to
colour in this figure legend, the reader is referred to the web
version of this article.)



M. Straathof et al.

Table 3

Dice coefficients (95% CI) for the overlap in hub regions before and after stroke
simulations, in structural and functional brain networks of young adult and old
rats.

Structural network Functional network

Young adult Aged Young adult Aged
Cortical stroke 0.78 0.86 0.90 0.93
(0.61-0.93) (0.70-1.00) (0.78-1.00) (0.83-1.00)
Subcortical 0.71 0.61 0.84 0.90
stroke (0.54-0.88) (0.42-0.79) (0.70-0.96) (0.79-1.00)
Cortical plus 0.47 0.44 0.55 0.71
subcortical (0.30-0.64) (0.26-0.62) (0.39-0.71) (0.55-0.85)
stroke

lesion simulation study are largely in agreement with our previous in
vivo resting-state fMRI study, in which we measured changes in the
bilateral sensorimotor network after transient MCAO in young adult
rats (van Meer et al., 2012). In both studies we found a longer path
length and higher clustering coefficient in functional networks in re-
sponse to stroke lesions in subcortical, or cortical plus subcortical
tissue. The effects were considerably smaller when lesions were con-
fined to only subcortical or cortical tissue, regardless whether this was a
hub (i.e. hippocampus or CPu) or a non-hub region (i.e. medial parietal
association cortex), which reflects robustness of the functional and
structural networks against relatively small focal injury. Apparently,
this was not affected by age, because the results were similar in young
adult and aged rats.

Our stroke lesion simulations also resulted in clear shifts of hub
regions in the structural and functional networks. Network hub regions
are believed to be key players in the outcome of brain disorders
(Crossley et al., 2014; Stam, 2014). Hub damage may have severe
consequences for network function, while hub shifts may contribute to
network remodeling. In our study, the number of hub shifts was higher
in structural than in functional networks, which we observed in young
adult as well as old rats. We speculate that this relates to the de-
pendency of functional connectivity on direct as well as indirect
structural connections (Adachi et al., 2012; Honey et al., 2009), which
may facilitate network resilience. Since we only removed nodes and
their direct connections in our lesion simulations, diffusion-based
structural networks, which in essence only contain direct connections,
would be more severely affected.

The lesion-induced hub shifts were different between young adult
and aged rats. In aged rats contralesional somatosensory areas acquired
hub status after subcortical or cortical plus subcortical stroke lesion
simulations, which was not observed in young adult rats. This may
relate to enhanced neural activity or functional connectivity in the
contralesional hemisphere, which has been measured in stroke patients
and animal models (Grefkes and Fink, 2014; van Meer et al., 2010a,
2010b). Why increased involvement of contralesional sensorimotor
areas after unilateral stroke appeared more specifically in aged brain in
our simulation study, and whether it may lead to worsening of func-
tional outcome or contribute to functional recovery, remains to be
elucidated. The local differences in structural and functional brain
networks, including hub regions, between healthy young adult and
aged rats, may have contributed to the different effects of lesion si-
mulations between the two age groups. This underlines the critical role
of age in the outcome of preclinical stroke studies in animal models,
which often only involve young adult rodents, thereby limiting bench-
to-bedside translation (Dirnagl, 2016).

It is important to realize that our computational simulation study
only assessed direct effects of lesions on network status by elimination
of nodes. Dynamic network responses, such as subsequent degeneration
or regeneration, which can strongly depend on age (Betzel et al., 2014;
Damoiseaux, 2017; Wang et al., 2015; Burke and Barnes, 2006; Niccoli
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and Partridge, 2012), were not accounted for. Another limitation is the
use of anesthesia during resting-state fMRI, which is known to affect
functional connectivity measurements (Paasonen et al., 2018). How-
ever, it might be argued that functional connectivity in anesthetized
animals better reflects ‘resting state’ (i.e. baseline) connectivity than
functional connectivity under awake conditions, which may be sig-
nificantly affected by stress and motion. We used the same anesthesia
protocol for all developmental stages, which enabled us to compare age
effects under the same conditions. Nevertheless, future studies should
look into (differences in) effects of anesthesia on network parameters
across the lifespan and after stroke.

A limitation of diffusion-based tractography for structural con-
nectivity measurement, is that white matter tracts are reconstructed
from the underlying diffusion profiles, with limited power to resolve
complex fiber configurations (e.g. crossing, bending and fanning fi-
bers). This can result in considerable amounts of false positive and false
negative connections (Calabrese et al., 2015; Jeurissen et al., 2017;
Sinke et al., 2018; Thomas et al., 2014). Nevertheless, diffusion-based
tractography is currently the only method to map whole-brain struc-
tural connections in vivo at the macro-scale. For our study we used a
state-of-the-art approach, combining CSD-based tractography — which
partially accounts for crossing fibers — with whole-brain filtering of
tracts, which has been shown to yield biologically accurate con-
nectomes (Smith et al., 2015, 2013).

Future research involving longitudinal in vivo imaging studies and
improved structural and functional connectivity reconstruction algo-
rithms combined with advanced network analysis strategies may pro-
vide further insights in the causes and consequences of age-related
differences in susceptibility and resilience to stroke injury. In the end,
knowledge of the structural and functional network status of a stroke
patient's brain, could guide selection of appropriate recovery-enhancing
treatment strategies targeted at optimal engagement of a patient's intact
neural circuitry.

In conclusion, our study showed that global structural and func-
tional network features are largely similar in young adult and old aged
rat brains, and respond comparably to different types of stroke simu-
lations. On the other hand, local network differences, particularly re-
flected by shifts in hub nodes, were identified between the brains of
young adult and aged rats, before and after simulated stroke. These age-
dependent neural network changes may play a critical role in the vul-
nerability and resilience to (stroke-induced) brain injury.
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