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The default mode network (DMN) supports memory functioning and may be sensitive to preclinical Alzheimer’s pathology. Little is
known, however, about the longitudinal trajectory of this network’s intrinsic functional connectivity (FC). In this study, we evaluated
longitudinal FC in 111 cognitively normal older human adults (ages 49 – 87, 46 women/65 men), 92 of whom had at least three task-free
fMRI scans (n � 353 total scans). Whole-brain FC and three DMN subnetworks were assessed: (1) within-DMN, (2) between anterior and
posterior DMN, and (3) between medial temporal lobe network and posterior DMN. Linear mixed-effects models demonstrated signifi-
cant baseline age � time interactions, indicating a nonlinear trajectory. There was a trend toward increasing FC between ages 50 – 66 and
significantly accelerating declines after age 74. A similar interaction was observed for whole-brain FC. APOE status did not predict
baseline connectivity or change in connectivity. After adjusting for network volume, changes in within-DMN connectivity were specifi-
cally associated with changes in episodic memory and processing speed but not working memory or executive functions. The relationship
with processing speed was attenuated after covarying for white matter hyperintensities (WMH) and whole-brain FC, whereas within-
DMN connectivity remained associated with memory above and beyond WMH and whole-brain FC. Whole-brain and DMN FC exhibit a
nonlinear trajectory, with more rapid declines in older age and possibly increases in connectivity early in the aging process. Within-DMN
connectivity is a marker of episodic memory performance even among cognitively healthy older adults.

Key words: aging; cognition; default mode network; episodic memory; functional MRI; neuroimaging

Introduction
The default mode network (DMN) is an important network in
aging, as it is selectively vulnerable to the earliest stages of Alzhei-
mer’s disease (AD) pathology (Greicius et al., 2004; Hedden et al.,

2009; Sheline et al., 2010b), which accumulates years before clin-
ical manifestations (Braak and Del Tredici, 2012). Although
cross-sectional task-free (resting state) functional MRI (tf-fMRI)
studies have suggested that the functional connectivity (FC) of
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Significance Statement

Default mode network and whole-brain connectivity, measured using task-free fMRI, changed nonlinearly as a function of age,
with some suggestion of early increases in connectivity. For the first time, longitudinal changes in DMN connectivity were shown
to correlate with changes in episodic memory, whereas volume changes in relevant brain regions did not. This relationship was not
accounted for by white matter hyperintensities or mean whole-brain connectivity. Functional connectivity may be an early
biomarker of changes in aging but should be used with caution given its nonmonotonic nature, which could complicate interpre-
tation. Future studies investigating longitudinal network changes should consider whole-brain changes in connectivity.
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the brain changes with age and APOE gene status and correlates
with cognition (Sala-Llonch et al., 2015), there are a paucity of
studies investigating how these relationships evolve within sub-
jects over time. Understanding the normative longitudinal trajec-
tory of network connectivity in healthy older adults is important
to both elucidate the biology associated with “normal” brain ag-
ing and to study its role as a biomarker in patient populations
(Barkhof et al., 2014).

Most cross-sectional studies suggest that older subjects have
reduced DMN FC compared with younger adults (Andrews-
Hanna et al., 2007; Damoiseaux et al., 2008; Sala-Llonch et al.,
2015). Granular investigations of the DMN subsystems, however,
indicate that some DMN components may in fact show increased
FC with age and AD pathology (Jones et al., 2011; Damoiseaux et
al., 2012; Li et al., 2016). FC between anterior and posterior por-
tions of the DMN (apDMN), as well as the connectivity between
the medial temporal lobe and cortical portions of the DMN
(MTL-pDMN), may be most affected by aging (Andrews-Hanna
et al., 2007) and AD pathology (Jones et al., 2016). Few longitu-
dinal DMN investigations exist, and most have examined only
two time points and are therefore unable to model nonlinear
effects or control for regression to the mean. Two studies found
between-subject, cross-sectional effects of age but not within-
subject changes in DMN connectivity (Persson et al., 2014; Fjell et
al., 2015). Ng et al. (2016) observed that within-DMN FC de-
clined over time .

The APOE �4 allele is a well established AD genetic risk factor
(Corder et al., 1993), which may affect FC across the lifespan. In
two of three studies, adult �4 carriers in their 20s and early 30s
exhibited increased within-DMN connectivity (Filippini et al.,
2009) and increased connectivity between the hippocampi and
cortical regions (Zheng et al., 2017), but conflicting results have
been reported (Su et al., 2017). Studies in older adults also suggest
that there is a relationship between APOE genotype and FC, al-
though the exact nature of this relationship appears complicated
with variable findings reported in the literature (Sheline et al., 2010a;
Machulda et al., 2011; Westlye et al., 2011; Jones et al., 2016).

Cross-sectional research has demonstrated that decreased
connectivity within the DMN and apDMN is associated with
poorer memory performance (Andrews-Hanna et al., 2007;
Vidal-Piñeiro et al., 2014; Sala-Llonch et al., 2015; Ward et al.,
2015). Longitudinal studies have demonstrated that memory de-
clines are linked to decreased connectivity in the DMN, particu-
larly the posterior cingulate cortex (PCC) (Persson et al., 2014;
Bernard et al., 2015). Fjell et al. (2015) showed a dissociation
between the relationship of connectivity and memory as a function
of age. Older participants (ages 63–86) showed the expected positive
correlation between memory and DMN connectivity, whereas the
younger cohort (ages 23–52) showed an inverse relationship, such
that increased connectivity correlated with poorer memory perfor-
mance. Together, DMN connectivity is associated with memory but
the relationship is nuanced and may differ across the lifespan.

We sought to characterize baseline differences and longitudi-
nal trajectories of DMN subsystems in adults ages 49 – 89. Parcel-
lating the DMN into subsystems appears to be critical for
understanding the nuanced effects of aging this network. In ad-

dition to measuring FC of the whole DMN, we analyzed apDMN,
and MTL-pDMN. We also analyzed the effect of APOE status on
baseline and longitudinal trajectory, and examined the relation-
ship between DMN and cognition.

Materials and Methods
Participants
Participants were recruited at the University of California, San Francisco’s
(UCSF) Memory and Aging Center as part of the Hillblom Healthy Aging
Study, a deeply phenotyped longitudinal cohort. Visits included neuro-
psychological testing and a neurologic examination in addition to an
MRI scan. The neurologic examination was used to confirm participants’
status as clinically normal. From this cohort, we initially included all
participants with at least three time points of tf-fMRI acquisition (371
scans). Two participants who were diagnosed with mild cognitive im-
pairment and another who developed Parkinson’s disease were excluded.
After excluding for excessive head motion as described below, the dataset
comprised 111 participants with a total of 353 scans for an average of 3.2
observations per person (range: 1–7); 108 had at least two time points, 92
had at least three time points. The average interscan interval was 2 years
(SD: 1.1) with a wide range (0.4 –7.7 years). Mean age was 69.3 (SD: 6.7)
with a range of 49 – 87. Mean education was 17.8 years (SD: 2.0) with a
range of 12–20. Forty-six participants identified as female. Mean MMSE
score was 29.4 (SD: 0.8; median: 30) with a range of 27–30. Of the 111
participants included in this study, only 8 were lost to attrition. Reasons
for withdrawal ranged from travel inconveniences to serious medical ill-
nesses. We reran the analyses without these eight participants, as a sensitivity
analysis, and the magnitude of the associations were very similar.

Cognitive measures
Composite measures were used to summarize neuropsychological per-
formance on several paper and pencil and computerized measures.
Z-scores were calculated for individual tests and then averaged across the
subtests that were included in the composite. An episodic memory com-
posite score was created using a measure of visual memory, Benson Fig-
ure Recall (Kramer et al., 2003), and the California Verbal Learning Test,
second edition (CVLT-II; Delis et al., 2000) subscores: immediate recall
total, long (20 min) delay free recall total, and recognition discriminabil-
ity (d�). We also created composites that summarized performance in the
domains of processing speed, working memory, and executive functioning
to evaluate the specificity of the relationship between DMN FC and episodic
memory. The working memory composite comprised digit span backward
(Wechsler, 1997), as well as several computerized measures of working
memory, including dot counting (Kramer et al., 2014), n-back (1- and
2-back), and running letter memory. The executive functions composite
included Stroop interference (Stroop, 1935), modified trail making test
(Kramer et al., 2003), phonemic fluency (number of D-words/min; Kramer
et al., 2003), and design fluency (DKEFS Condition 1; Delis et al., 2001).
Finally, the processing speed composite summarizes performance on six
visuospatial processing speed tasks described in detail by Kerchner et al.
(2012). The composite created here does not include the mental rotation
task, which was excluded because this test is no longer administered and
therefore would be missing at many observations.

Neuroimaging
Scanner information. Subjects were scanned at the UCSF Neuroscience
Imaging Center on a Siemens Trio 3T scanner. A T1-weighted MP-RAGE
structural scan was acquired with an acquisition time � 8 min 53 s,
sagittal orientation, a field-of-view of 160 � 240 � 256 mm with an
isotropic voxel resolution of 1 mm 3, TR � 2300 ms, TE � 2.98 ms, TI �
900 ms, flip angle � 9°. Task-free T2*-weighted echoplanar fMRI scans
were acquired with an acquisition time � 8 min 06 s, axial orientation
with interleaved ordering, field-of-view � 230 � 230 � 129 mm, matrix
size � 92 � 92, effective voxel resolution � 2.5 � 2.5 � 3.0 mm, TR �
2000 ms, TE � 27 ms, for a total of 240 volumes. During the 8 min
tf-fMRI acquisition protocol, participants were asked to close their eyes
and concentrate on their breath.

Longitudinal T1 processing. Before preprocessing, all T1-weighted im-
ages were visually inspected for quality control. Images with excessive
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motion or image artifact were excluded. T1-weighted images under-
went bias field correction using N3 algorithm, and segmentation was
performed using SPM12 (Wellcome Trust Center for Neuroimaging,
London, UK; http://www.fil.ion.ucl.ac.uk/spm; RRID:SCR_007037)
unified segmentation (Ashburner and Friston, 2005). An intrasubject
template was created by nonlinear diffeomorphic and rigid-body regis-
tration proposed by the symmetric diffeomorphic registration for longi-
tudinal MRI framework (Ashburner and Ridgway, 2012). The
intrasubject template was also segmented using SPM12’s unified seg-
mentation. A group template was generated from the within-subject av-
erage gray and white matter tissues by nonlinear and rigid-body
registration template generation using Diffeomorphic Anatomical Reg-
istration using Exponentiated Lie algebra (DARTEL; Ashburner, 2007).
Native subjects’ space gray and white matter were normalized, modu-
lated, and smoothed in the group template using intrasubject and inter-
subject transformations. The applied smoothing used a Gaussian kernel
with �4 mm full-width half-maximum. For statistical purposes, linear
and nonlinear transformations between DARTEL’s space and International
Consortium for Brain Mapping (Mazziotta et al., 2001) was applied. Each
subject’s average subject segmentations were carefully inspected to ensure no
major segmentation or normalization errors.

fMRI preprocessing. For each fMRI scan, the first five volumes were dis-
carded. SPM12 RRID:SCR_002823 software was used for subsequent fMRI
preprocessing. The remaining 235 volumes were slice-time corrected, re-
aligned to the mean functional image, and assessed for rotational and trans-
lational head motion. Volumes were next coregistered to the MP-RAGE
image, then normalized to the standard MNI-152 healthy adult brain tem-
plate using SPM segment, producing MNI-registered volumes with 2 mm3

isotropic resolution. These volumes were spatially smoothed with a 6
mm radius Gaussian kernel and temporally bandpass filtered in the
0.008 – 0.15 Hz frequency range using fslmaths. Nuisance parameters
in the preprocessed data were estimated for the CSF using a mask in
the central portion of the lateral ventricles and for the white matter
using a mask of the highest probability cortical white matter as labeled
in the FSL tissue prior mask. Additional nuisance parameters in-
cluded the three translational and three rotational motion parame-
ters, the temporal derivatives of the previous eight terms (WM/CSF/6
motion), and the squares of the previous 16 terms (Satterthwaite et
al., 2013). Subjects were included only if they met all of the following
criteria: no inter-frame head translations �3 mm, no inter-frame
head rotations �3°, and �24 motion spikes (defined as inter-frame
head displacements �1 mm), 10% of the total number of frames.

Process of excluding nodes. We excluded regions with insufficient fMRI
BOLD signal-to-noise ratio by first calculating each region’s mean BOLD
intensity across all 371 scans. For a given region, we identified all scans
where signal was within 2.5% of the minimum BOLD intensity. If three
or fewer scans met this criterion, we excluded those scans from subse-
quent analysis on the basis that they were outliers. Otherwise, we parti-
tioned the scans into two groups, those with signal less than the 2.5%
cutoff and those with signal greater than the 2.5% cutoff. We then per-
formed a two-sample t test on the BOLD intensity values for these two
groups. If that t statistic was t ��2.3, we excluded the region, based on
the rationale that this node had significantly reduced signal in a substan-
tial portion of scans. Based on this procedure, we dropped 49 scans and

45 nodes. Those nodes that were part of the
DMN or hippocampal networks were as fol-
lows: left frontal medial cortex (47), right fron-
tal pole (48), left inferior (95), and middle (81)
temporal gyri, posterior divisions, and several
left and right parahippocampal nodes (109,
110, 111, 115, 116, and 117). Numbers in pa-
rentheses correspond to the nodes in the Brain-
netome atlas (Fan et al., 2016).

Network construction. We defined the DMN
using a set of 75 age-matched healthy older
control subjects (our “HC2” group; mean
age � 65.3 	 10.0 years, 33 females/42 males,
mean education � 17.3 	 2.1 years, 68 right
handed/7 left handed) scanned and analyzed
using the same pipeline as the subjects in the

longitudinal portion of this study. Twenty-seven of 75 of the HC2 con-
trols were also included in the primary analysis. In HC2 subjects, we
determined the whole-brain functional connectome using 228 regions
from the Brainnetome atlas (Fan et al., 2016). Network connectivity was
determined by applying the 228 regional masks to a given subject’s pre-
processed tf-fMRI data to extract regional mean time series, and partially
correlating those time series in a pairwise fashion again controlling for
the 32 nuisance parameters to obtain the 228 � 228 covariate-adjusted
functional connectivity matrix. Each matrix was then r-to-z transformed.
These matrices were averaged to produce the HC2 group average func-
tional connectome. We then applied a modularity-based method for
identifying which nodes comprised each module or “intrinsic connectiv-
ity network”, including the DMN, adopting a conceptually similar strat-
egy similar to that used by Power et al. (2011). The HC2 network was
analyzed with the Brain Connectivity Toolbox (https://sites.google.com/
site/bctnet/). The modular structure of the network was determined by
calculating the Louvain modularity (gamma � 1) on the un-thresholded
group matrix 1000 times and finding the partition that balanced the
criteria of being among the most frequent solutions and maximizing the
modularity value of Q, the quality of the partitioning (Rubinov and
Sporns, 2011). We labeled the winning partition as the fixed “community
index”, which yielded four modules. We then recursively applied this
algorithm a second time within each module to yield a total of 15 sub-
modules. Visual inspection unambiguously revealed networks corre-
sponding to the DMN, containing 18 Brainnetome regions, along with
the other canonical intrinsic connectivity networks (Fig. 1). A third re-
cursive application of the modularity algorithm yielded 32 submodules
and segmented the DMN into an anterior component including the me-
dial prefrontal cortex and anterior cingulate, and a posterior component
including the precuneus, posterior cingulate, angular gyrus, and middle/
inferior lateral temporal lobe. These two DMN partitions closely corre-
spond to the anterior and posterior DMN described by Damoiseaux et al.
(2012).

The cortical DMN network included anterior regions (anterior cingu-
late gyrus, paracingulate gyrus, medial frontal cortex, and areas of the
frontal pole) and posterior regions [PCC, precuneus, angular gyrus, and
posterior regions of the middle and inferior temporal gyrus]. A separate
medial temporal lobe network was created that included hippocampal
and parahippocampal nodes, as well as connection to the retrosplenial
cortex. Both the DMN and medial temporal lobe parcellations closely
recapitulate the parcels described by Andrews-Hanna et al. (2010). We
calculated three mean functional connectivity values by taking the mean
of the edges between all nodes within or between networks: (1) the cor-
tical DMN, (2) apDMN, and (3) MTL-pDMN. We decided to use the
term “posterior DMN”, as we feel it is intuitive and includes all of the
commonly included posterior aspects of the DMN: precuneus and PCC.
Common nomenclature has not been established, with some groups us-
ing terms such as ventral to describe a DMN parcellation that overlaps
with the posterior regions describe above. Whole-brain FC was calcu-
lated by taking the mean of the edges between all nodes in the brain that
were not excluded.

The Brainnetome regions comprising the tf-fMRI networks (ante-
rior DMN, posterior DMN, and medial temporal lobe) were then

Figure 1. DMN and medial temporal lobe subsystems. Anterior (yellow), posterior (blue), and medial temporal lobe (green)
subsystems derived from a data-driven network parcellation.
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applied to the T1 scans to extract gray matter volumes. The regional
volumes for all regions comprising a given network were summed
(and divided by total intracranial volume) to obtain the network’s
gray matter volume.

White matter hyperintensity quantification. White matter hyperinten-
sities (WMH) were segmented using FLAIR and T1-weighted images. We
visually inspected the raw scans for quality control. The WMH segmen-
tation process is fully automated and based on a regression algorithm
(Dadar et al., 2017) and using an Hidden Markov Random Field with
Expectation Maximization software (Avants et al., 2011). Every segmen-
tation was visually assessed for accuracy.

APOE genotyping and demographics
Genomic DNA was extracted from peripheral blood using standard pro-
tocols (Gentra PureGene Blood Kit, Qiagen). Genotyping was performed
using either TaqMan or Sequenom genotyping. TaqMan Allelic Discrim-
ination Assay was used for APOE genotyping (rs429358 and rs7412), and
was conducted on an ABI 7900HT Fast Real-Time PCR system (Applied
Biosystems) according to the manufacturer’s instructions.

The SpectroAquire and MassARRAY Typer Software packages (Seque-
nom) were used for interpretation and Typer analyzer (v3.4.0.18) was
used to review and analyze data. 81 participants with 258 scans were
classified as non-carriers and 30 participants with 95 scans were �4 car-
riers. Mean age for the carriers was 68.0 (6.1) with a range of 55– 81.

Experimental design and statistical analysis
We assessed the longitudinal relationship between age and changes in
DMN volume by constructing linear mixed effects (LME) models with a
time (in years) by baseline age (time invariant; centered at mean) inter-
action term and main effects for time and baseline age. Time was entered
as a continuous variable. Gender was entered as a nuisance covariate. All
LME analyses were modeled with random slopes and intercepts. In those
models that failed to estimate SEs or failed to converge, random intercept
only models were run. Unstandardized regression coefficients (b) are
reported for LME models. The main effects for time in those models with
an interaction term are interpreted as the slope for participants of mean
age. All statistical analyses were performed in Stata 14.2 (StataCorp,
2015).

We next assessed the relationship between connectivity and baseline
age in all three networks of interest (within-DMN, apDMN, and MTL-
pDMN), as well as whole-brain connectivity, again using LME models
with a time by baseline age (time invariant) interaction term and main
effects for time and baseline age. Gender was again entered as a covariate.
We chose not to control for motion at the group level based on recent
work suggesting that doing so can remove true, age-related connectivity
effects (Geerligs et al., 2017). We reran all analyses covarying for total
displacement and found the same pattern of results.

Baseline differences in connectivity were assessed using linear regres-
sion with APOE status as a dummy-coded variable controlling for age
and gender. Participants were considered to be �4 carriers whether they
were homozygotes or heterozygotes. To assess for differences in rates of
DMN change, we used a LME model with a time � APOE interaction for
all three FC metrics.

Finally, LME models were used to assess the correlation between
change in FC (time-varying predictor) and change in cognition (n � 94).
In these models, baseline age, education, and gender were entered as
covariates. FC estimates were decomposed into between- and within-
person variance decomposed by calculating the mean FC for each subject
(between-person) and then subtracting each person’s mean from their
FC estimate (within-person); these were entered as independent predic-
tors. This approach clarifies whether intraindividual or interindividual
differences in FC are associated with cognition. We then added other
covariates to the model in a stepwise fashion: regional volume and mean
whole-brain FC. Because there was a smaller sample with successful
WMH segmentation, we ran those analyses separately, with whole-brain
FC in the model (n � 88).

In a post hoc analysis to provide context to our results, we assessed
longitudinal changes in the cognitive scores by fitting four mixed effects
models with cognition as the outcome, a time � age interaction, and
main effects for time and age.

Results
Cortical DMN volume
DMN volume showed a significant, negative interaction between
baseline age and change over time (b � �6.2 � 10�6, 95% CI:
�1.1 � 10�5, �1.7 � 10�6; p � 0.006), as well as a significant
main effect of time (b � �1.3 � 10�4, 95% CI: �1.5 � 10�4,
�1.1 � 10�4; p � 0.001) and age (b � �8.6 � 10�5, 95% CI:
�1.5 � 10�4, �2.1 � 10�5; p � 0.01). This indicates that DMN
volume declined over time, was lower with older age, and the
older the individual, the faster their rate of decline. Predicted
values are plotted in Figure 2-1 and suggest a sharper rate of
decline with increasing age.

Intraindividual trajectories of DMN connectivity change as a
function of age
Within-DMN connectivity
Longitudinal intraindividual change in DMN FC showed a sig-
nificant, negative interaction with baseline age (b � �9.7 �
10�4, 95% CI: �1.7 � 10�3, �1.5 � 10�4; p � 0.020); the main
effect for time at mean baseline age was not significant (b �
�3.1 � 10�3, 95% CI: �7.9 � 10�3, 1.5 � 10�3; p � 0.185).
This interaction remained significant after controlling for WMH
(b � �1.5 � 10�3, 95% CI: �2.8 � 10�3, �3.5 � 10�4; p �
0.011). The relationship between baseline age and FC was not
significant (b � 1.6 � 10�3, 95% CI: �9.8 � 10�4, 4.2 � 10�3;
p � 0.222). Change in DMN volume was positively associated
with changes in DMN FC (b � 8.3, 95% CI: 1.9, 14.7; p � 0.011).
The intercept–slope covariance was positive but nonsignificant
(2.2 � 10�4, 95% CI: �5.2 � 10�5, 5.0 � 10�4); a positive
covariance indicates that those with lower FC at baseline decline
in FC at a faster rate and vice versa.

Plotting the fitted values for the interaction model for each
individual revealed a nonlinear curve (Fig. 2-2), and plots of the
predicted slopes at different ages (Fig. 2-3) indicated that the
interaction effect was driven by increasing DMN connectivity in
younger participants, flatting of the slope at approximately age
70, and increasingly steeper declines in DMN connectivity as
participants aged beyond 70.

To further understand this effect, we divided the sample into
three age groups: (1) �66 (n � 33), (2) 66 –74 (n � 55), and
(3) �74 (n � 23). We fitted separate models for each age group
with time as the predictor of interest and FC as the outcome. The
youngest participants showed a positive, but nonsignificant slope
(b � 6.6 � 10�3, 95% CI: �2.9 � 10�3, 1.6 � 10�2; p � 0.175).
Those between the ages of 66 and 74 showed a trend toward a
negative slope (b � �5.2 � 10�3, 95% CI: �1.1 � 10�2, 9.8 �
10�4; p � 0.097), whereas those over the age of 74 showed sig-
nificant declines (b � �1.3 � 10�2, 95% CI: �2.4 � 10�2,
�1.1 � 10�3; p � 0.032). This suggests that the age � time
interaction is primarily driven by declining FC in the oldest
adults. Raw subject-specific trajectories, color coded by age
group, are displayed in Figure 3.

Anterior–posterior DMN
There was a significant age � time interaction for anterior to
posterior DMN FC (b � �1.2 � 10�3, 95% CI: �2.2 � 10�3,
�7.4 � 10�5; p � 0.036). The main effect of baseline age (b �
1.3 � 10�3, 95% CI: �2.3 � 10�3, 4.9 � 10�3; p � 0.484) and
time (b � �5.2 � 10�3, 95% CI: �1.1 � 10�2, 9.8 � 10�4; p �
0.098) were not significant. The interaction effect remained sig-
nificant when DMN volume was covaried (b � �1.1 � 10�3,
95% CI: �2.2 � 10�3, �3.0 � 10�5; p � 0.044).

2812 • J. Neurosci., March 14, 2018 • 38(11):2809 –2817 Staffaroni et al. • Longitudinal Default Mode Network Changes in Aging



Posterior DMN and medial temporal lobe coupling
Neither the baseline age � time interaction (b � �5.6 � 10�4,
95% CI: �1.6 � 10�3, 5.1 � 10�4; p � 0.306) or main effects of
baseline age (b � 9.1 � 10�4, 95% CI: �2.8 � 10�3, 4.6 � 10�3;
p � 0.635) or time (b � �3.5 � 10�3, 95% CI: �9.8 � 10�3,
2.7 � 10�3; p � 0.306) were significant.

Whole-brain connectivity
Longitudinal whole-brain FC changes were strongly associated
with longitudinal within-DMN FC (b � 0.61, 95% CI: 0.55, 0.67;
p � 0.001). Similar to within-DMN connectivity, there was a
significant age � time interaction for whole-brain FC (b �
�1.1 � 10�3, 95% CI: �2.0 � 10�3, �1.9 � 10�4; p � 0.018).
Main effects of baseline age (b � 1.7 � 10�3, 95% CI: �1.8 �
10�3, 5.1 � 10�3; p � 0.340) and time (b � �1.6 � 10�3, 95%
CI: �6.9 � 10�3, 3.7 � 10�3; p � 0.550) were not significant.
Similar to within-DMN connectivity, the interaction appears to
be driven by faster decline in the oldest adults in this sample.
When rates of change where analyzed separately in the three age
groups defined above, significant decline was observed in those
�74 (b � �1.4 � 10�2, 95% CI: �2.6 � 10�2, �1.0 � 10�3; p �
0.034). Nonsignificant decline was seen in the 66 –74 group (b �
�1.4 � 10�3, 95% CI: �8.5 � 10�3, 5.7 � 10�3; p � 0.695) and

nonsignificant increases were seen in those ages �66 (b � 5.7 �
10�3, 95% CI: �5.1 � 10�3, 1.7 � 10�2; p � 0.229).

The relationship between changes in connectivity and
APOE status
APOE �4 carriers and non-carriers did not differ significantly on
baseline FC (p � 0.455– 0.958) or rate of change in FC (p �
0.127– 0.969) for any of the three DMN metrics after controlling
for age and gender.

Intraindividual changes in DMN connectivity are specifically
associated with changes in episodic memory
Within-DMN connectivity and memory
Overall, mean FC levels were not correlated with memory perfor-
mance when we examined FC of the DMN (b � 0.71, 95% CI:
�0.7, 2.1; p � 0.316), apDMN (b � 0.45, 95% CI: �0.6, 1.5; p �
0.398), or pDMN-MTL (b � 0.78, 95% CI: �2.6, 1.8; p � 0.142).

Within-person changes in within-DMN connectivity, how-
ever, were positively associated with changes in episodic memory
(b � 0.71, 95% CI: 0.1, 1.4; p � 0.034). This relationship re-
mained significant after controlling for atrophy in the DMN (b �
0.72, 95% CI: 0.1, 1.4; p � 0.031), and when volume of the MTL

Figure 2. Baseline age � time interactions of DMN volume and FC. 2-1 and 2-2, Fitted values from linear mixed-effects models with random slope and intercepts are plotted for (2-1) DMN
volume (controlling for total intracranial volume) and (2-2) mean within-DMN FC. Age is shown on the x-axis and fitted values for the outcome of interest are displayed on the y-axis. Each line
represents an individual participant’s fitted trajectory. 2-3, The predicted slopes of within-DMN FC at three values of baseline age.
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network was added as an additional covariate (b � 0.83, 95% CI:
0.2, 1.5; p � 0.010). Notably, in these same models, neither atro-
phy in the cortical DMN (b � �32.4, 95% CI: �97.8, 33.0; p �
0.332) nor the MTL networks (b � �66.7, 95% CI: �477.5,
344.1; p � 0.750) were significantly associated with memory per-
formance above and beyond FC. The parameter was increased
slightly when whole-brain connectivity was added to the model
(b � 0.84, 95% CI: �1.4 � 10�2, 1.7; p � 0.059); whole-brain
connectivity was not associated with memory (b � �9.1 � 10�3,
95% CI: �0.8, 0.7; p � 0.981). Notably, within-DMN connectiv-
ity remained associated with episodic memory even after control-
ling for white matter hyperintensities and mean FC (b � 1.2, 95%
CI: 0.1, 2.3; p � 0.037).

There was a trend for a relationship between memory and the
apDMN FC (b � 0.43, 95% CI: �0.1, 0.9; p � 0.083), which
became significant after controlling for DMN and MTL volume
(b � 0.57, 95% CI: 0.1, 1.0; p � 0.017) and the coefficient was
only attenuated slightly with whole-brain FC in the model (b �
0.54, 95% CI: �4.5 � 10�2, 1.13; p � 0.071). The magnitude of
the relationship increased after controlling for WMH, but did not
reach significance in this smaller subsample (b � 0.71, 95% CI:
�6.5 � 10�2, 1.5; p � 0.073).

The relationship between MTL-pDMN and memory was not
significant (b � 0.22, 95% CI: �0.3, 0.7 p � 0.436), even after
controlling for network volumes (b � 0.3, 95% CI: �0.2, 0.8; p �
0.278), whole-brain FC (b � 5.3 � 10�2, 95% CI: �0.7, 0.8 p �
0.884) and WMH (b � 1.4 � 10�2, 95% CI: �0.9, 1.0; p � 0.977).

The specificity of the relationship between within-DMN FC
and memory was assessed by examining the strength of its asso-
ciation with other cognitive domains. Between-person DMN FC
was not associated with executive functioning (b � �0.6, 95%
CI: �2.0, 0.8; p � 0.398), working memory (b � �0.7, 95% CI:
�2.1, 0.6; p � 0.304), or processing speed (b � 1.0, 95% CI: �1.3,

3.4; p � 0.385). Longitudinally, intraindividual changes in DMN
connectivity were not significantly associated with executive
functioning (b � �7.6 � 10�2, 95% CI: �0.8, 0.6; p � 0.828) or
working memory (b � 0.6, 95% CI: �0.1, 1.36; p � 0.099), but
intraindividual declines in connectivity were associated with
slowing of processing speed over time (b � �1.4; p � 0.042); the
relationship with processing speed remained after controlling for
network volume (b � �1.44, 95% CI: �2.8, �0.05; p � 0.042).
Adding whole-brain FC to the model, however, reduced the associ-
ation between processing speed and within-DMN FC (b � �1.0,
95% CI: �2.7, 0.6; p � 0.223). Adding WMHs to the model further
reduced this association (b � �0.6, 95% CI: �2.6, 1.5; p � 0.585).

Neuropsychological performance
To provide context to the above results, we present behavioral
data describing longitudinal change in cognitive scores, including
an age � time interaction to assess whether rates of change in
cognition changed as a function of age.

There was a significant age � time interaction for processing
speed, such the rate of slowing increased with increasing age (b �
8.7 � 10�3, 95% CI: 1.4 � 10�3, 1.6 � 10�2; p � 0.020). The
age � time interactions for memory performance (b � �2.3 �
10�3, 95% CI: �6.4 � 10�3, 1.7 � 10�3; p � 0.261), executive
functions (b � �2.3 � 10�3, 95% CI: �6.3 � 10�3; p � 0.262),
and working memory (b � �2.7 � 10�3, 95% CI: �6.9 � 10�3,
1.5 � 10�3; p � 0.210) were negative but not significant, suggesting
that older individuals did not decline at a significantly faster rate.

As expected, processing speed slowed over time (b � 4.4 �
10�2, 95% CI: 3.2 � 10�3, 8.6 � 10�2; p � 0.038). In contrast,
there was a trend for improving memory performance over time
(b � 2.3 � 10�2, 95% CI: �3.2 � 10�4, 4.8 � 10�2; p � 0.053).
No significant longitudinal changes in executive functions
(b � 1.8 � 10�2, 95% CI: �6.3 � 10�3, 1.8 � 10�3; p � 0.281)

Figure 3. Subject-specific trajectories of raw within-DMN FC. Raw subject-specific trajectories for each participant are presented using dashed lines. Coloring is used to indicate participant’s
baseline age. Solid lines display fitted regression lines for each age cohort.
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or working memory (b � 5.2 � 10�3, 95% CI: �1.8 � 10�2,
2.8 � 10�2; p � 0.659) were observed.

Older age was associated with slower processing speed (b �
5.1 � 10�2, 95% CI: 1.4 � 10�2, 8.8 � 10�2; p � 0.007), poorer
memory (b � �3.1 � 10�2, 95% CI: �5.4 � 10�2, �7.4 � 10�3;
p � 0.010), and executive functions (b � �3.2 � 10�2, 95% CI:
�5.3 � 10�2, �1.0 � 10�2; p � 0.004). The relationship be-
tween age and working memory was in the expected direction but
did not reach significance (b � �1.6 � 10�2, 95% CI: �4.1 �
10�2, 8.8 � 10�3; p � 0.205).

Discussion
Intraindividual trajectories of DMN and whole-brain FC were
nonlinear. This interaction was non-monotic across the lifespan,
such that connectivity increased over time between ages 50 –70,
plateaued at approximately age 70, and declined as individuals
entered older adulthood. This interaction was primarily driven
by faster rates of declines in older age and was not explained by
regional atrophy or WMH. Furthermore, APOE genotype was
not associated with baseline connectivity, nor did genotype con-
fer a different rate of FC change over time. Changes in cortical
within-DMN FC correlated with changes in episodic memory
and processing speed. Notably, neither atrophy in the cortical
DMN or medial temporal network were sensitive to baseline
memory performances or changes in performances over time.
WMH burden and whole-brain FC did not weaken the relation-
ship with episodic memory, suggesting a unique relationship be-
tween the DMN and memory. In contrast, the association
between DMN FC and processing speed was accounted for by
whole-brain changes and WMHs.

This study adds to a growing body of evidence suggesting that
DMN network connectivity may demonstrate nonlinear changes
across the lifespan. Although many cross-sectional studies have
concluded that DMN connectivity decreases in older age, our
data reveal a more complex picture. Nuances in connectivity pat-
terns are evident when DMN subsystems are considered, and
when intraindividual change is modeled rather than interpolat-
ing from cross-sectional methodology. Other studies have de-
scribed nonlinear trajectories in a variety of networks (Ng et al.,
2016; Ye et al., 2017), and Ng et al. (2016) reported a similar
inflection point at approximately age 70. This observation was
not specific to the DMN, and our work suggests that whole-brain
changes in FC should be considered before making conclusions
about specific networks of the brain. Converging evidence from
aging and Alzheimer’s literature suggests that this nonlinearity
may be driven by increased connectivity that predates or occurs
concurrently with network breakdown, as well as declining con-
nectivity in older age (Jones et al., 2011, 2016).

Although historically conceptualized as a compensatory pro-
cess, several groups (O’Brien et al., 2010; Jones et al., 2016) have
begun to reinterpret age-related increases in functional connec-
tivity. These theories posit that increased synchrony of activity
may reflect the inability of neurons in the DMN to handle the
metabolic changes associated with aging and neuropathology,
causing a shift of processing burden to downstream regions, with
a short-term compensatory increase. There may be a tipping
point, however, when neuropathology and the associated meta-
bolic demands overwhelm neurons of the DMN leading to net-
work disconnection (Hillary and Grafman, 2017). Increased or
“hyperconnectivity” has been observed in a diverse range of neu-
rologic conditions including Parkinson’s disease (Stoffers et al.,
2008; Simioni et al., 2016), traumatic brain injury (Hillary et al.,
2014), amyotrophic lateral sclerosis (Menke et al., 2016), and

frontotemporal dementia (Zhou et al., 2010; Lee et al., 2014),
suggesting that increased connectivity may be a common biolog-
ical response to neuropathology. In an older adult cohort such as
ours, these network-level changes may be related to the accumu-
lation of several age-related changes, including cerebrovascular
disease, AD, �-synuclein (Markesbery et al., 2009), TAR DNA-
binding protein 43 (Nascimento et al., 2017), and argyrophilic
grain disease (Rodriguez et al., 2016). At a cellular level, this
systems-level increase in connectivity might reflect several mech-
anisms including amyloid-induced neuronal excitation, inflam-
mation, dysfunction of the neurovascular unit, or prion-like
spread of neurotoxic proteins. In this cohort, the nonlinear func-
tion of connectivity appeared to be independent of small vessel
disease (SVD) burden, as measured by WMHs. WMHs are not
sensitive or specific to all SVD. Although it is possible that this
relationship was driven by neurologic changes, other potential
contributors include changes in immune activation or cerebro-
vascular changes with normally appearing white matter. Alterna-
tively, there may be a bias in the sample, such that those who are
engaged in research have learned about healthy lifestyle behaviors
and have altered their activity in a way that increases FC.

We did not find differences between �4 carriers and non-
carriers in baseline or longitudinal trajectory of DMN FC. Al-
though the APOE �4 allele confers risk for AD pathology (Corder
et al., 1993), and some studies have shown that allele status affects
DMN FC (Filippini et al., 2009; Zheng et al., 2017), studies in
older adults have not reported a clear pattern (Sheline et al.,
2010a; Machulda et al., 2011; Westlye et al., 2011; Jones et al.,
2016). The null findings in the present study could be affected by
power, as our group of �4 carriers was limited to 24 participants.

Similar to prior studies, we found that connectivity of the
cortical DMN, including within-DMN and coupling of the ante-
rior and posterior regions of the DMN, predicted changes in
memory performance, whereas atrophy of the corresponding
gray matter and hippocampal volume did not. This relationship
remained above and beyond the effect of WMHs and whole-
brain changes in mean connectivity, suggesting a unique role for
tf-fMRI in capturing meaningful behavioral changes. It is impor-
tant to note that we observed an overall trend toward improved
memory performances across time, without a significant age �
time interaction. This finding may indicate potential learning
effects as participants perform the same memory test across test-
ing sessions, or a “practice effect” that is not dependent on age.
Nonetheless, changes in memory performance were associated
with changes in DMN (both increases and decreases), suggesting
there may be a physiological correlate to behavioral perfor-
mances regardless of directionality.

A positive relationship between DMN FC and memory has
been reported previously in cross-sectional (Vidal-Piñeiro et al.,
2014) and two time point follow-up studies (Persson et al., 2014),
but this provides the first truly longitudinal (i.e., 3 or more visits)
support that FC in the DMN tracks memory performance in
cognitively normal older adults. Although early cross-sectional
work pointed to apDMN FC as the primary driver of memory
performance (Andrews-Hanna et al., 2007; Vidal-Piñeiro et al.,
2014), we found a larger effect for the FC between cortical DMN
nodes as a whole than for apDMN connectivity. In contrast, we
did not find support that changes in functional coupling of the
hippocampus and posterior DMN predicted memory perfor-
mance. DMN FC was also associated with processing speed, a
nonspecific cognitive trait that is highly sensitive to many brain
changes, including aging (Kerchner et al., 2012). Consistent with
the nonspecificity of processing speed, the association between
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FC and speed was accounted for by whole-brain FC and white
matter pathology.

Although FC changes correlate with visit-to-visit changes in
clinical phenotype, its utility as a biomarker should be ap-
proached with caution in the context of intraindividual variabil-
ity across time and interindividual variability across age. The
nonlinear trajectory of DMN FC with aging introduces a chal-
lenge in using network FC as a biomarker, as the expected
direction of signal change may differ depending on where an
individual falls on their trajectory. This concern has been recog-
nized and labeled pseudonormalization (Sperling et al., 2010).
Additionally, visual inspection of intrasubject changes in FC was
notable for substantial fluctuations. This is not unexpected given
the myriad additional artifacts in BOLD signal compared with
structural imaging. Despite this, the significant correlation be-
tween performance on cognitive measures and FC, but not struc-
tural imaging, suggests FC is sensitive to a unique aspect of neural
functioning. The strength of the association was improved after
controlling for regional atrophy, and others have shown the im-
portance of accounting for gray matter volume (Damoiseaux et
al., 2012). Multimodal imaging analyses that combine connectiv-
ity and structural imaging other imaging modalities may be a
more powerful way to understand individual change and predict
future decline.

This study has several limitations. The trend toward increas-
ing connectivity in younger ages was driven by a small subsample
and should be interpreted with caution. Given the large number
of comparisons, our findings require validation in independent
samples. Another limitation is our fairly homogeneous sample of
highly educated, white participants who are not representative of
many older adults in this country, and the impact of cognitive
reserve in moderating the relationship between aging and tf-
fMRI deserves empirical evaluation. This study is susceptible to
common confounds associated with longitudinal designs, in-
cluding practice effects and regression to the mean. Finally, sev-
eral processing decisions we made could affect the outcomes,
including our method of defining networks and our decision not
to regress out global signal. Based on recent work suggesting
unintended removal of true neural connectivity when controlling
for motion at the group level (Geerligs et al., 2017), we did not
covary for motion beyond the nuisance covariates used at the
level of matrix calculation.

Whole-brain and DMN FC is sensitive to the aging process,
and within-DMN FC is a specific marker of changes in memory
performance. Particularly interesting is the potential FC increases
in some younger participants, which may reflect a broad range of
neural, vascular, and metabolic changes that occur with aging.
The present work also highlights the importance of gathering
longitudinal data to capture nonlinear and potentially non-
monotonic relationships between aging and the brain’s intrinsic
connectivity. Functional connectivity may serve as a biomarker
of clinical change by capturing system-level network alterations
caused by early cellular dysfunction that is not easily quantified
using standard volumetric imaging.
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