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A B S T R A C T   

There exists a group of older individuals who appear to be resistant to age-related memory 
decline. These “SuperAgers” have been shown to demonstrate preservation of cortical thickness 
and functional connectivity strength across the cortex which positively correlates with memory 
performance. Over the last decade, roughly 30 articles have been published regarding Super
Agers; however, to our knowledge, no replications of these studies have been published. The 
current study sought to conceptually replicate Zhang and colleagues’ (2020) findings that 
SuperAgers demonstrate stronger intrinsic functional connectivity within the default mode 
(DMN) and salience networks (SN), and that connectivity strength within these networks corre
lates with memory performance. We identified 20 SuperAgers and 20 matched Normal Agers in 
the control cohort of the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database. We 
compared the functional connectivity strength of the DMN and SN between these groups, and 
used the Rey Auditory Verbal Learning Test (RAVLT) to evaluate correlations between functional 
connectivity and memory performance. Our results did not replicate Zhang and colleagues’ 

Abbreviations: DMN, default mode network; SN, salience network; FC, functional connectivity; ADNI, Alzheimer’s Disease Neuroimaging 
Initiative; ROI, region-of-interest; MRI, magnetic resonance imaging; PET, positron emission tomography; MCI, mild cognitive impairment; AD, 
Alzheimer’s disease; CVLT, California Verbal Learning Test; RAVLT, Rey Auditory Verbal Learning Test; TMT-B, Trail Making Test part B; MPRAGE, 
magnetization-prepared rapid gradient echo; EPI, echo-planar imaging; FSL, FMRIB Software Library; BET, Brain Extraction Tool; CSF, cerebrospinal 
fluid; FDR, false discovery rate; MNI, Montreal Neurological Institute; QUADAS-2, Quality Assessment of Diagnostic Accuracy Studies-2; PCC, 
posterior cingulate cortex; mPFC, medial prefrontal cortex; IPL, inferior parietal lobule; HF, hippocampal formation; AI, anterior insula; ACC, 
anterior cingulate cortex; MCC, midcingulate cortex; SFG, superior frontal gyrus; aMTG, anterior middle temporal gyrus; vlPFC, ventrolateral 
prefrontal cortex; pgACC, pregenual anterior cingulate cortex; sgACC, subgenual anterior cingulate cortex; AG, angular gyrus; dmPFC, dorsomedial 
prefrontal cortex; rmPFC, rostromedial prefrontal cortex; SMG, supramarginal gyrus; aMCC, anterior midcingulate cortex; FOV, field of view; TE, 
echo time; TR, repetition time; TI, inversion time. 

* Corresponding author at: Department of Psychology, St. Francis Xavier University, Antigonish, NS B2G 2W5, Canada. 
E-mail address: emazerol@stfx.ca (E.L. Mazerolle).   

1 Data used in preparation of this article were obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database (https://adni.loni. 
usc.edu). As such, the investigators within the ADNI contributed to the design and implementation of ADNI and/or provided data but did not 
participate in analysis or writing of this report. A complete listing of ADNI investigators can be found at: http://adni.loni.usc.edu/wp-content/ 
uploads/how_to_apply/ADNI_Acknowledgement_List.pdf. 

Contents lists available at ScienceDirect 

Aging Brain 

journal homepage: www.elsevier.com/locate/nbas 

https://doi.org/10.1016/j.nbas.2024.100114 
Received 8 September 2023; Received in revised form 12 January 2024; Accepted 11 March 2024   

mailto:emazerol@stfx.ca
www.sciencedirect.com/science/journal/25899589
https://www.elsevier.com/locate/nbas
https://doi.org/10.1016/j.nbas.2024.100114
https://doi.org/10.1016/j.nbas.2024.100114
https://doi.org/10.1016/j.nbas.2024.100114
http://creativecommons.org/licenses/by-nc/4.0/


Neurobiology of Aging Science 5 (2024) 100114

2

(2020) results, as we found negligible differences between SuperAgers and Normal Agers in the 
DMN and SN, and no significant correlations between functional connectivity and memory per
formance after accounting for multiple comparisons. More replications are needed to confirm 
existing work. In addition, more research with larger SuperAger samples and more consistent 
definitions of SuperAging is needed, so that we can better understand this remarkable group of 
older adults.   

Introduction 

Normal aging typically involves a decline in memory performance across multiple domains [23]. Recent research has identified a 
group of older individuals who appear to be resistant to age-related episodic memory decline. Research into these “SuperAgers” has 
reported youthful episodic memory performance and anatomical and functional differences in the brain compared to their cognitively 
average, “Normal Aging”, peers. 

SuperAgers can be loosely defined as older individuals (ages 60–80 + ) who perform in the range of young or middle-aged adults on 
measures of episodic memory, and are otherwise cognitively normal (see discussion for more information on SuperAging definitions). 
SuperAging research is attempting to identify genetic, physiological, and lifestyle differences between these individuals and Normal 
Agers to determine what mechanisms are responsible for SuperAgers’ resistance to cognitive decline [12]. Harrison and colleagues 
(2012) were the first to note that SuperAgers do not show typical age-related atrophy in the brain. In addition to demonstrating 
comparable cortical thickness to middle-aged controls across numerous brain regions, SuperAgers also demonstrated greater cortical 
thickness in the anterior cingulate cortex [25]. Subsequent studies have supported the finding that SuperAgers demonstrate greater 
cortical thickness than typical older adults in the anterior and middle cingulate cortex [9,24,53] and that the cingulate cortex of 
SuperAgers is thicker than or indistinguishable from younger control groups [19]. There is also longitudinal evidence that left 
hemisphere regions of greater cortical thickness in SuperAgers also thins at a slower rate compared to typical older adults, suggesting 
preservation of cortical thickness in SuperAgers [9,24]. 

Several of the cortical regions that show less atrophy in SuperAgers lie within two functional brain networks [12]. The default mode 
network (DMN) is characterized by activation during periods of rest and wakeful reflection, and deactivation during task performance 
[22,35,41,48]. The DMN includes the posterior cingulate cortex (PCC)/precuneus, medial prefrontal cortex (mPFC), inferior parietal 
lobule (IPL), hippocampal formation (HF), and several more regions [8,22,41,48]. Aging has a detrimental effect on default mode 
functioning. Many studies have found age-related declines in within-network DMN functional connectivity (FC) strength 
[1,6,10,15,33,38,62] (but see [57]). The exact function of the DMN is not known, but it has been speculated to monitor the external 
environment and mediate internal thought [8]. Pertaining to memory, studies have linked default mode activity to both memory 
encoding (regions: IPL, precuneus, PCC, ventromedial PFC, superior and middle frontal gyrus, and superior temporal gyrus) [26,27] 
and retrieval (regions: angular gyrus, PCC, IPL, precuneus, anterior PFC) [46,47], and strength of DMN FC has been found to positively 
predict memory performance [51,58,59]. 

The salience network (SN) monitors internal and external environments for salient information, then coordinates the activation/ 
deactivation of other brain networks for subsequent processing and response [36,44,45]. When the SN detects stimuli that need 
attention, it signals to switch off the DMN and for control networks to take over [21,50]. Its hubs are in the anterior insula (AI) and the 
anterior cingulate cortex (ACC), and it includes cortical nodes in the midcingulate cortex (MCC) and temporal pole, as well as several 
subcortical nodes [36,44,45,54]. Similar to the DMN, SN FC strength has also been shown to weaken with age [33,38,39] (but see [57]) 
and FC strength within this network has been found to be positively correlated with memory performance [61]. 

Zhang and colleagues (2020) investigated the strength of SuperAgers’ intrinsic FC within the DMN and SN, and the correlation 
between FC strength and memory performance. After identifying a sample of 17 SuperAgers, 23 Normal Agers, and 41 young-adult 
controls, the researchers performed seed-based voxelwise and region-of-interest (ROI) FC analyses of the DMN and SN to identify 
regions where SuperAgers showed stronger FC compared to Normal Agers. They found that SuperAgers demonstrated stronger FC 
within the DMN and SN compared to Normal Agers, and statistically indistinguishable FC strength from young adults, at the voxel level 
(DMN: from the seed region in the right PCC to the right HF, left superior frontal gyrus (SFG), right anterior middle temporal gyrus 
(aMTG), right ventrolateral prefrontal cortex (vlPFC), right pregenual anterior cingulate cortex (pgACC), right subgenual anterior 
cingulate cortex (sgACC), and bilateral angular gyrus (AG), dorsomedial prefrontal cortex (dmPFC), and rostromedial prefrontal cortex 
(rmPFC); SN: from the right dorsal anterior insula (dAI) seed to the right supramarginal gyrus (SMG) and bilateral anterior mid
cingulate cortex (aMCC)). Lastly, they found that FC strength in all seed-target pairs within these networks positively predicted 
memory performance. 

The current study is a conceptual replication of Zhang and colleagues (2020), which found that SuperAgers have stronger FC within 
the DMN and SN compared to Normal Agers, and that stronger FC in these networks is correlated with superior memory performance. 
We hypothesized that our sample, derived from the ADNI database, would show similar group differences in connectivity strength as 
those reported in Zhang and colleagues (2020) and FC strength would positively predict memory performance. 
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Methods 

Alzheimer’s Disease Neuroimaging Initiative 

Data used in this article were obtained from the ADNI database (adni.loni.usc.edu). ADNI was launched in 2003 as a public–private 
partnership, led by Principal Investigator Michael W. Weiner, MD. The primary goal of ADNI has been to test whether serial magnetic 
resonance imaging (MRI), positron emission tomography (PET), other biological markers, and clinical and neuropsychological 
assessment can be combined to measure the progression of mild cognitive impairment (MCI) and early Alzheimer’s disease (AD). For 
up-to-date information, see https://www.adni-info.org. 

Participant Selection 

All ADNI participants provided informed written consent approved by each sites’ Institutional Review Board. Secondary data use 
for the current study was approved by the Human Research Ethics Board at the University of Victoria, in British Columbia, Canada. 
Selection criteria was restricted to ADNI participants aged 60 and over within the control cohort who had resting-state functional MRI 
(rs-fMRI) scans and T1-weighted anatomical scans. According to ADNI screening procedures, controls were free of memory complaints, 
showed an absence of significant impairment in cognitive functioning and everyday living, and memory function was normal (assessed 
using the Logical Memory II Subscale from the Wechsler Memory Scale, Mini-State Mental Exam, and Clinical Dementia Rating). For 
more information on ADNI screening procedures and group classification, see ADNI’s procedures manuals [2–3]. For inclusion in the 
current study, participants’ cognitive test scores were required to meet criteria for SuperAging or Normal Aging (detailed below). For 
participants who had multiple scans available, their first scan was used for analysis. The cognitive test scores closest to a participant’s 
first fMRI scan date were used to determine group membership. 

SuperAging and Normal Aging Definitions 

The SuperAging and Normal Aging definitions for this study were adapted from Zhang et al. [61]. With regards to age range, Zhang 
and colleagues (2020) included participants between the ages of 60 and 80. The cognitive tests used to classify SuperAgers and Normal 
Agers were based on previous studies of SuperAging [20,19,18,17,25,42]. Zhang et al. [61] used the California Verbal Learning Test 
(CVLT) [13] as their measure of semantic memory; however, we used the Rey Auditory Verbal Learning Test (RAVLT) [43], as it is 
included in the ADNI database and is also used in several SuperAging studies. The Trail Making Test part B (TMT-B) [56] was used to 
measure non-memory cognitive performance, as per Zhang et al. [61] and other SuperAging studies. Zhang et al. used the long-delay 
free recall memory score from the CVLT in their SuperAging definition; however, no delayed recall score is available on ADNI. Instead, 
ADNI includes an immediate score (the sum of words recalled after the five learning trials) and a forgetting score (the number of words 
recalled after the last learning trial minus the words recalled after the 30-minute delay). Normative data for the RAVLT from Strauss 
et al. [52] includes norms for the words recalled after each learning trial, words recalled after the delay, and the sum of words recalled 

Table 1 
Participant Demographic Information and Cognitive Test Data.   

SuperAgers (n = 20) Normal Agers (n = 20) p-value 

Sex    
Female, n (%) 15 (75) 15 (75)  
Male, n (%) 5 (25) 5 (25)  

Ethnicity    
Non Hispanic/Latino White, n (%) 16 (80) 19 (95)  
Hispanic/Latino, n (%) 1 (5) 0 (0)  
Indian/Alaskan, n (%) 1 (5) 0 (0)  
Asian, n (%) 2 (10) 0 (0)  
Black, n (%) 0 (0) 1 (5)  

Scanner Manufacturer    
Philips, n (%) 3 (15) 3 (15)  
Siemens, n (%) 13 (65) 13 (65)  
GE, n (%) 4 (20) 4 (20)  

Age, M (SD) range 72.1 (6.8) 64.9–87.8 72.1 (7.0) 62.1–86.4  0.971 
Education, M (SD) range 17.6 (1.6) 14–20 16.9 (2.0) 14–20  0.229 
Days between fMRI and cognitive testing 15.4 (23.1) 0–96 40.3 (35.5) 3–135  0.013 
RAVLT-I, M (SD) range 61.7 (4.5) 57–74 41.3 (5.7) 32.50  0.000* 
RAVLT-F, M (SD) range 0.2 (0.8) − 2–1 2.8 (1.9) 0–6  0.000* 
TMT-B, M (SD) range 56.7 (15.3) 37–87 72.4 (21.3) 49–125  0.000* 

Note. Scanner types included Philips Medical Systems, Siemens, or GE Medical Systems. Age and education are given in years. RAVLT immediate score 
(RAVLT-I) is the sum of words recalled on all learning trials. RAVLT forgetting score (RAVLT-F) is the number of words recalled on trial five minus 
words recalled after a 30-minute delay. Trail Making Test part B (TMT-B) is the number of seconds it took to complete the task. Two-sample t-test p- 
value (2-tailed). 
*p < 0.05. 
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during the learning trials. Therefore, the immediate score was compared to the norms for the words recalled during the learning trials, 
but the forgetting score could not be directly compared to these norms. Instead, the forgetting score was compared to the difference 
between the means for the delayed trial normative data and trial five normative data [52], Table 10–61). This difference represents the 
number of words forgotten by the participants in the normative database. As such, we essentially examined delayed recall in 
SuperAgers relative to norms of young adults. 

SuperAgers were defined as individuals ages 60 and over who met the following three criteria: First, an ADNI RAVLT immediate 
score at or above the normative mean for young adults (ages 20–29 years old; Table 10-61 in [52]). Second, an ADNI RAVLT forgetting 
score no higher than one standard deviation of the difference between the normative means for the delayed trial and trial five for young 
adults (Table 10-61 in [52]). Third, an ADNI TMT-B score within one standard deviation of, or lower than, the normative mean for their 
age group and years of education (Table 2 in [56]). The TMT-B measures processing speed and the score reflects the number of seconds 
it took the participant to complete the task. 

Normal Agers were defined as individuals aged 60 and above who obtained an ADNI RAVLT immediate score within one standard 
deviation of the normative score for their age group [52], Table 10–61), an ADNI RAVLT forgetting score within one standard de
viation of the difference between the means for the delayed trial and trial five for their age group [52], Table 10–61), and an ADNI 
TMT-B score within one standard deviation or lower than the mean for their age group and years of education (Table 2 in [56]). 

Case Matching 

A total of 35 SuperAgers (28 female, mean age 71.9) and 94 Normal Agers (41 female, mean age 76.0) were identified according to 
the criteria. Normal Agers were case matched to SuperAgers based on age (±five years), sex, years of education (±two years), scan date 
(±five years), and MRI manufacturer. Twenty-five SuperAging and Normal Aging pairs were successfully matched. Ten SuperAgers did 
not have a Normal Aging pair that fell within the matching criteria. Five further pairs were excluded due to artifacts or missing data in 
the images of at least one member of the pairs (four SuperAgers were excluded for poor image quality, the fifth SuperAger’s pair was 
excluded and there were no other Normal Agers that met matching criteria for this SuperAger). Our final sample included 20 
SuperAgers (15 female, mean age 72.1) and 20 Normal Agers (15 female, mean age 72.1). Demographic information and cognitive test 
data are shown in Table 1. The mean age of our SuperAgers sample was similar to Zhang and colleagues (2020) who report a mean age 
of 67.8 ± 6.0 years. 

Image Acquisition 

Whole brain T1-weighted magnetization-prepared rapid gradient echo (MPRAGE) anatomical scans were acquired sagittally (echo 
time (TE) = min full echo; repetition time (TR) = 2300 ms; inversion time (TI) = 900 ms; FOV = 208 x 240 x 256 mm; slice thickness 

Table 2 
MNI Coordinates for DMN and SN Seeds and Targets Identified Using the Harvard-Oxford Atlases.  

Region MNI coordinates  
x y z 

Default Mode Network    
PCC seed 1 − 35 33 
L AG − 47 − 55 49 
L SFG − 21 27 53 
L dmPFC − 7 43 45 
L rmPFC − 11 67 7 
R AG 55 − 51 39 
R aMTG 57 − 1 − 29 
R vlPFC 49 41 5 
R dmPFC 7 45 45 
R pgACC 3 35 15 
R sgACC 3 35 − 3 
R rmPFC 9 67 5 
R HF 29 − 17 − 17 

Salience Network    
dAI seed 35 17 1 
Bil MCC 0 3 37 
R SMG 59 − 31 37 

Note. Montreal Neurological Institute (MNI) coordinates for the default mode network (DMN) and salience network 
(SN) seeds and targets created by selecting voxels for Zhang et al.’s [61] regions of interest (ROIs) within the corre
sponding areas defined in the Harvard-Oxford Atlases [14]. DMN and SN regions are as follows: DMN: posterior 
cingulate cortex (seed) (PCC), left and right angular gyrus (AG), dorsomedial prefrontal cortex (dmPFC), and ros
tromedial prefrontal cortex (rmPFC), left superior frontal gyrus (SFG), and right anterior middle temporal gyrus 
(aMTG), ventrolateral prefrontal cortex (vlPFC), pregenual and subgenual anterior cingulate cortex (pgACC/sgACC), 
and hippocampal formation (HF); SN: dorsal anterior insula (seed) (dAI) bilateral midcingulate cortex (MCC) and right 
supramarginal gyrus (SMG). 
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1.0 for Philips and Siemens scanners and 1.2 for GE scanners). Rs-fMRI scans were completed using an echo-planar imaging (EPI) 
sequence (eyes open, TR = 3000 ms, TE = 30 ms, flip angle 90◦; FOV = 220 x 220 x 163 mm; slice thickness = 3.4 for Philips and GE 
scanners and 3.3 for Siemens scanners; 140 volumes; number of axial slices = 48; matrix = 64 x 64). For more information on ADNI’s 
acquisition protocol, see the ADNI3 MRI Analysis User Document [4]. 

Image Preprocessing 

Participant scans were downloaded from the ADNI database in DICOM format and converted to NIFTI for analysis [30]). Pre
processing and analysis were performed using FMRIB Software Library (FSL) [29]. Non-brain tissue was removed from each partic
ipant’s anatomical image using the Brain Extraction Tool (BET) [49], with parameters selected for each individual based on a visual 
inspection of the results. Whereas most functional images had 197 volumes, those with 200 volumes were clipped to 197 volumes using 
the command fslroi. One image had 140 total volumes, so its pair was clipped to 140 volumes to match. Given the low sample size, we 
decided to include the rsfMRI with 140 volumes and compensated for the lower SNR by clipping its matched pair from the other group 
to 140 volumes as well. In FEAT [60], the first four volumes were removed, high pass filter was turned off, a slice timing correction was 
applied, spatial smoothing was performed using a 6 mm FWHM kernel, and motion correction was performed with MCFLIRT [28]. 
Nuisance regression included three regressors of no interest: the average global signal, the cerebrospinal fluid (CSF) signal in the lateral 
ventricles, and the white matter signal [61]. There have been valid criticisms of the use of the global signal as a nuisance regressor (e.g., 
[31]; however, it was included in this analysis in the interest of closely replicating Zhang et al. [61]. Functional images were linearly 
registered to standard space with FLIRT using the Montreal Neurological Institute (MNI) 152 2-mm brain standard image [29], as per 
Zhang and colleagues. However, in addition to linear registration, non-linear registration was performed using FNIRT [5]. We report 
FC results for both linearly and non-linearly registered images. 

Voxelwise Functional Connectivity Analysis 

Voxelwise analyses were conducted on both the linear and non-linear registered images in FEAT. Using FEAT was a different 
approach than Zhang and colleagues (2020), in which Pearson’s correlations were calculated between the seed timecourse and each 
voxel’s timecourse. By performing the analysis within FEAT, we were able to take advantage of its functionality (e.g., implementation 
of best practice for fMRI multiple comparison correction). We wanted to avoid replicating aspects of previous work that are not 
consistent with current best practice; however, we recognize that these deviations may make replication more difficult. A priori DMN 
and SN seed ROIs were created using coordinates identified by Zhang and colleagues (2020) (henceforth referred to as Zhang’s ROIs). 
Spherical ROIs (4-mm radius) were created using fslmaths. These seeds were centered on the left PCC (DMN seed; MNI coordinates 1 
mm, − 55 mm, 17 mm) and right dAI (SN seed; MNI coordinates 36 mm, 21 mm, 1 mm). White matter and lateral ventricles were 
identified using the Harvard-Oxford Subcortical Atlas [14] and thresholded to 75 % probability. Global signal masks were created with 
BET in FEAT. The seed ROIs and the ROIs used to generate regressors of no interest were binarized using fslmaths and registered to 
each participant’s anatomical image using applywarp. Timecourses were extracted using fslmeants. FEAT was used to generate a z-map 
displaying the voxels where FC strength was significantly different between groups (cluster-based thresholding; z > 3.1, p < 0.05). 

Seed-Target ROI Functional Connectivity Analysis 

Zhang and colleagues (2020) used the gray matter clusters in the masked contrast maps to identify DMN and SN targets for a seed- 
target ROI analysis. However, the voxelwise analysis in the current study revealed only one cluster that showed a significant difference 
in SuperAger-Normal Ager FC strength (Normal Agers showed greater FC strength in the white matter of precentral gyrus (PrG) in the 
SN analysis). Therefore, we continued with Zhang’s methods by creating a 4-mm spherical ROI around the cluster identified in the 
voxelwise analysis (PrG z-peak region, MNI coordinates − 41, 1, 23 mm) for a seed-target ROI analysis. For each participant, fslstats 
was used to extract the average parameter estimate within the PrG ROI for the SN analysis. Statistical analyses were conducted 
following Zhang’s methods using the software jamovi [55]. An independent samples t-test (p < 0.05, 2-tailed) was performed to 
compare group connectivity strength between the dAI and PrG ROI, and Pearson’s r (p < 0.05, 1-tailed) was calculated to evaluate the 
correlation between dAI-PrG FC strength and memory performance (positive correlations for immediate score and negative correla
tions for the forgetting score on the RAVLT). As per Zhang et al. [61], a false discovery rate (FDR) q of 0.05 was used to correct for 
multiple comparisons [7]. 

Since the voxelwise analysis in the current study revealed only one region with significant group differences in FC strength, we 
decided to conduct a second seed-target ROI analysis using the DMN and SN target ROI coordinates from Zhang et al.’s [61] ROI 
analysis to see if the more sensitive ROI analysis would yield significant differences in group FC strength. Spherical ROIs (4-mm radius) 
were created around 12 DMN targets and three SN targets (see [61]. For each participant, average parameter estimates were extracted 
for each target ROI. Independent samples t-tests were conducted to compare FC strength between groups and Pearson’s r was 
calculated to compare correlations between FC strength and memory performance (p < 0.05). 

While performing the seed-target ROI analysis using the target coordinates from Zhang and colleagues (2020), we noted that, when 
viewed on the MNI 152 template in FSL, two of the ROIs used in this analysis (left angular gyrus and right anterior middle temporal 
gyrus) appeared partially outside of the brain and/or outside of the regions for which they were named according to the Harvard- 
Oxford Cortical Atlas (see Supplementary Fig. 1). This may relate to small differences between the FSL template and the SPM2 MNI 
152 template used by Zhang and colleagues (2020). Therefore, a third set of analyses were performed. The DMN and SN seed ROIs were 
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recreated by selecting a centrally-located voxel within the PCC and dAI areas defined in the Harvard-Oxford Cortical Atlas [14] and 
building 4-mm spherical ROIs around those voxels which were then binarized and registered to each participant. A new voxelwise 
analysis was performed using these PCC and dAI ROIs. However, no significant group differences in within network FC were identified 
(cluster-based thresholding; z > 3.1, p < 0.05). We continued the analysis using the same method to create new target ROIs for a third 
seed-target ROI analysis (selecting centrally-located voxels for Zhang’s DMN and SN targets located within the corresponding regions 
from the Harvard-Oxford Atlases [14], Table 2). Once again, independent samples t-tests were performed to compare FC strength 
between groups, and Pearson’s r was calculated to compare correlations between FC strength and memory performance (p < 0.05, 
corrected for multiple comparisons) were performed. 

We also completed a voxelwise analysis at a less stringent threshold (z > 2.3, p < 0.05) which was more comparable to the statistical 
approach in Zhang and colleagues (2020). Because the goal of this analysis was to better match with Zhang and colleagues’ (2020) 
analysis, we considered the less stringent threshold only for the linearly-registered data and Zhang and colleagues’ (2020) ROI 
coordinates. 

Results 

SuperAgers and Normal Agers Demonstrate Similar DMN and SN FC Strength 

We ran voxelwise analyses using both linear and non-linear registration to standard space. For both these registrations, we used 
both Zhang and colleagues (2020) seed regions and seed regions derived from the Harvard-Oxford Atlas, for a total of eight voxelwise 
analyses. The group average FC maps were similar across all eight analyses. Supplementary Fig. 2 depicts the DMN for both groups and 
Supplementary Fig. 3 depicts the SN for both groups, for the analysis using linear registration and Zhang and colleagues’ (2020) seed 
region. Contrary to the findings of Zhang and colleagues (2020), of the eight voxelwise analyses we ran, only one analysis showed 
significantly different connectivity strength between groups, and the difference was restricted to one region (Fig. 1). A region over
lapping the white matter of the left precentral gyrus (Fig. 1) showed stronger Normal Ager FC with the SN seed (p < 0.05). This finding 
was restricted to the linear registered images; no between-group FC differences were observed for the non-linear registered images. A 
seed-target analysis of dAI-PrG connectivity revealed a significant group difference in connectivity strength (t(36.3) = 3.23, p =
0.003). 

The results of the analysis using a less stringent statistical threshold can be found in Supplementary Fig. 4. 
The results of the second and third seed-target ROI analyses are shown in Figs. 2 and 3. Zhang’s ROIs (Table 1) resulted in only one 

significant group difference where Normal Agers showed stronger connectivity between the SN seed and the right midcingulate cortex 
(MCC) (t(33.42) = 2.11, p = 0.042); however, this difference did not survive multiple comparisons (FDR, q = 0.05 [7]). The new ROIs 
defined based on the Harvard-Oxford Atlas (Table 2) resulted in two significant group differences in DMN connectivity strength where 
Normal Agers showed stronger connectivity between the PCC and the left rostromedial prefrontal cortex (rmPFC) (t(34.7) = 2.72, p =
0.010) and right rmPFC (t(28.0) = 2.68, p = 0.012; again however, these differences did not survive multiple comparisons (q > 0.05). 

Correlations between within network connectivity strength and memory performance 

Table 3 shows the correlations between DMN and SN FC strength and memory performance on the RAVLT. In two of Zhang’s DMN 
regions and one SN region, there were significant correlations between FC strength and the RAVLT immediate score (uncorrected p- 
value significance); however, these correlations did not survive multiple comparisons (FDR, q = 0.05 [7]). FC strength in all remaining 
regions did not significantly correlate with either RAVLT memory score. The three regions from Zhang’s ROIs that correlated with 

Fig. 1. Voxels Showing Stronger Connectivity Strength with Salience Network Seed in Normal Agers. Note. Voxels in which Normal Agers showed 
significantly stronger functional connectivity with the dorsal anterior insula (dAI) (salience network seed) (3.1 < z < 5, p < 0.05). This region, 
revealed in the voxelwise analysis of participants’ linear registered images, was localized to the white matter of the precentral gyrus (PrG) (left). 
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Fig. 2. Intrinsic Functional Connectivity Strength in Default Mode and Salience Networks for Regions of Interest created Using Coordinates Re
ported by Zhang et al. (2020). Note. Bars demonstrate the differences in average SuperAger and Normal Ager intrinsic functional connectivity 
strength within the default mode (DMN) and salience (SN) networks. Error bars represent the standard error of the mean. Regions of interest were 
created using coordinates given by Zhang et al. (2020). Regions are as follows: DMN: angular gyrus (AG), superior frontal gyrus (SFG), dorsomedial 
prefrontal cortex (dmPFC), rostromedial prefrontal cortex (rmPFC), anterior middle temporal gyrus (aMTG), ventrolateral prefrontal cortex (vlPFC), 
pregenual and subgenual anterior cingulate cortex (pgACC/sgACC), and hippocampal formation (HF); SN: midcingulate cortex (MCC) and supra
marginal gyrus (SMG). 

Fig. 3. Intrinsic Functional Connectivity Strength in Default Mode and Salience Networks for Regions of Interest Created Using the Harvard-Oxford 
Atlases. Note. Bars demonstrate the differences in average SuperAger and Normal Ager intrinsic functional connectivity strength within the default 
mode (DMN) and salience (SN) networks. Error bars represent the standard error of the mean. Regions of interest were created using network 
regions defined by the Harvard Oxford Atlases. Regions are as follows: DMN: angular gyrus (AG), superior frontal gyrus (SFG), dorsomedial pre
frontal cortex (dmPFC), rostromedial prefrontal cortex (rmPFC), anterior middle temporal gyrus (aMTG), ventrolateral prefrontal cortex (vlPFC), 
pregenual and subgenual anterior cingulate cortex (pgACC/sgACC), and hippocampal formation (HF); SN: midcingulate cortex (MCC) and supra
marginal gyrus (SMG). 
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memory performance were R aMTG: r = 0.35, p = 0.028; R HF: r = 0.42, p = 0.007; R MCC: r = 0.34, p = 0.031; all uncorrected p- 
values. 

Discussion 

We were unable to replicate the findings of Zhang et al. [61], that SuperAgers show stronger functional connectivity within default 
mode and salience networks, and that functional connectivity strength in these networks positively correlates with memory perfor
mance, from a sample of SuperAgers and Normal Agers identified within the ADNI database. Our results indicated that SuperAgers 
generally do not demonstrate significantly stronger FC within the DMN or SN, and that FC strength within these networks does not 
correlate with memory performance. The only significant difference in group FC strength identified in the current study showed that 
Normal Agers had stronger FC between the SN seed region and a region localized in the white matter of the PrG, and SN FC strength in 
this region was negatively correlated with memory performance. It is possible that this white matter region is involved in connections 
to brain regions more commonly associated with memory. However, we note that the higher SN FC connectivity in the white matter of 
the PrG was only observed when linear image registration was used, and that no FC differences were observed between groups when 
non-linear registration was used. It is thus possible that the finding in the white matter of the PrG was related to registration errors. 

The replication crisis in psychology has been a major topic of discussion over the last decade. Large numbers of psychological 
studies have failed to replicate. Maxwell et al. [34] suggest that many unsuccessful replications can be credited to low statistical power 
and small sample sizes. As the current study included a sample size of 40 participants and the original study by Zhang et al. [61] also 

Table 3 
Associations Between Functional Connectivity Strength and Memory Performance.  

Target Region RAVLT Immediate Score RAVLT Forgetting Score  
r p  r p  

SN - cluster identified in voxelwise analysis       
PrG  -0.43  0.005 *  0.12  0.451  

DMN - Zhang ROIs       
L AG  0.26  0.099   -0.16  0.337  
L SFG  0.04  0.823   0.03  0.841  
L dmPFC  -0.01  0.952   0.08  0.613  
L rmPFC  -0.06  0.734   0.12  0.461  
R AG  0.24  0.130   -0.09  0.575  
R aMTG  0.35  0.028 *  -0.15  0.359  
R vlPFC  0.22  0.168   -0.02  0.905  
R dmPFC  0.03  0.867   0.05  0.737  
R pgACC  0.08  0.630   -0.06  0.713  
R sgACC  0.25  0.122   -0.22  0.165  
R rmPFC  0.01  0.961   -0.06  0.693  
R HF  0.42  0.007 *  -0.10  0.555  

SN - Zhang ROIs       
L MCC  -0.30  0.058   0.24  0.134  
R MCC  -0.34  0.031 *  0.24  0.139  
R SMG  -0.07  0.676   -0.06  0.721  

DMN - Harvard-Oxford ROIs       
L AG  -0.11  0.752   0.10  0.728  
L SFG  -0.06  0.634   0.20  0.893  
L dmPFC  -0.09  0.711   0.21  0.902  
L rmPFC  -0.27  0.952   0.30  0.969  
R AG  0.04  0.404   0.00  0.503  
R aMTG  -0.14  0.804   0.21  0.900  
R vlPFC  -0.10  0.739   0.09  0.714  
R dmPFC  -0.11  0.755   0.21  0.909  
R pgACC  -0.31  0.976   0.27  0.955  
R sgACC  -0.02  0.539   -0.13  0.218  
R rmPFC  -0.28  0.962   0.26  0.947  
R HF  0.25  0.062   -0.01  0.477  

SN - Harvard-Oxford ROIs       
Bil MCC  -0.18  0.870   0.15  0.821  
R SMG  0.25  0.057   -0.17  0.152  

Note. Associations between within network functional connectivity strength in the default mode network (DMN) and salience network (SN) and 
memory performance on the Rey Auditory Verbal Learning Test (RAVLT). r = Pearson’s correlation coefficient. p = 1-tailed significance (positive 
correlations) for RAVLT immediate (sum of words recalled after five learning trials; p = 1-tailed significance (negative correlations) for RAVLT 
forgetting (words recalled on trial five minus words recalled after a delay). Regions of interest (ROIs) are as follows: precentral gyrus (PrG), angular 
gyrus (AG), superior frontal gyrus (SFG), dorsomedial prefrontal cortex (dmPFC), rostromedial prefrontal cortex (rmPFC), anterior middle temporal 
gyrus (aMTG), ventrolateral prefrontal cortex (vlPFC), pregenual and subgenual anterior cingulate cortex (pgACC/sgACC), and hippocampal for
mation (HF); SN: midcingulate cortex (MCC) and supramarginal gyrus (SMG). ROIs created using coordinates from Zhang et al. [61] and the Harvard- 
Oxford Atlases [14]. 
* p < 0.05. 
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included 40 older adults, it is possible that our failure to replicate could be attributed to low statistical power and small sample size in 
both our study and the original study. See Maxwell et al. [34] and Nosek et al. [37] for further reading on the challenges of replication. 

Methodological differences between the current study and Zhang and colleagues 

Group definitions. Zhang et al. [61] used the CVLT to measure episodic memory performance, the current study was restricted to 
using the RAVLT as this measure is available in the ADNI database. Furthermore, where Zhang and colleagues (2020) used the delayed 
recall score in their definition of SuperAging, ADNI does not provide an RAVLT delayed recall score. Thus, the current study used a 
forgetting score which is the number of words recalled on the last learning trial minus the words recalled after the delay. Given that 
many studies of SuperAgers use RAVLT scores or composite scores including RAVLT and report significant differences [12], we do not 
think use of the RAVLT limited our ability to detect differences. We note that our groups differed significantly in their RAVLT 
performance. 

MRI data and analysis. Zhang’s study included a sample of younger individuals to directly compare older individuals’ cognitive 
performance and FC strength. The ADNI database only includes individuals aged 55+, thus we did not have MRI data from a young 
adult group. Data analysis differences included using FEAT instead of Pearson’s correlation and correcting for multiple comparisons. 
We opted to make changes in the data analysis pipeline in order to conform with current best practices, but we recognize that these 
decisions likely contributed to the discrepancies we observed between our results and Zhang and colleagues (2020) results. 

An additional limitation relates to potential heterogeneity associated with scanner manufacturer and site. The case matching we 
performed ensured that SuperAgers were matched with a Normal Ager whose data was collected using a scanner from the same 
manufacturer. However, due to the large number of sites included (23), which was required to ensure an adequate sample size of 
SuperAgers, it was not practical to account for scanner site in the analysis. This is an expected limitation of using large, freely available 
databases. Future work using larger sample sizes and/or data collected for the purpose of studying SuperAgers will help mitigate 
heterogeneity associated with scanner manufacturer and site. 

Similarities to Previous Results 

Overall, we clearly did not replicate the results of Zhang et al. [61] in that we did not find widespread regions of increased 
functional connectivity in SuperAgers relative to Normal Agers, nor did we find numerous regions with FC that were correlated with 
memory test performance. However, we did observe some similarities between our results and the previous study. Specifically, we 
observed several marginal effects that resembled Zhang and colleagues (2020) results. For example, the correlation between the right 
HF FC within the DMN and the RAVLT immediate score approached significance in our study; Zhang and colleagues (2020) reported a 
similar correlation (bivariate Pearson Correlation, 1-tailed, FDR-corrected, q < 0.05) between the right HF FC and CVLT verbal recall r 
= 0.34, p = 0.02) as significant. We posit that our study provides some indication that some of Zhang and colleagues (2020) findings 
might be observed in future studies, perhaps with a larger sample (see below for more discussion on sample size). Beyond evaluating 
our results relative to Zhang and colleagues (2020), our findings were unusual in that most fMRI studies comparing SuperAgers with 
Normal Agers report activation or FC differences [12] or are able to distinguish between SuperAgers and Normal Agers on the basis of 
FC using machine learning [40]. 

Limitations and future directions 

Variability in SuperAger Definitions and Terminology 

A lack of consensus on SuperAger definition currently limits the field’s ability to integrate results across studies. There is 
considerable variation in the age range used to define SuperAgers (ranging from ages 80+ [9,20,19,18,17,25,42], 70+ [24], 60+ [11], 
and between the ages of 68–74 [32] and 60–80 [53,61]. The current study used an age range of 60+, whereas Zhang and colleagues 
used an age range of 60–80. We had only three participants in each group over age 80, and no participant over age 87. Further, the 
mean age of our SuperAger sample (72.1 ± 6.8 years) was similar to that of Zhang and colleagues’ (2020) of 67.8 ± 6.0 years, so we do 
not expect the differences in age to impact the replication substantially. In general, age-related changes in functional connectivity will 
be impacted by choice of SuperAger age criteria. For example, Staffaroni and colleagues (2018) found a trend toward increased within- 
network DMN FC between the ages of 50–66 followed by a significantly accelerating decline after the age of 74. Therefore, differences 
in FC between SuperAgers and Normal Agers may be greater after the age of 74. Furthermore, the ages of the younger comparison 
groups and/or normative in SuperAging studies vary drastically (from ages 18–32, to ages 30–44, as far as individuals in their 50s to 
60s). Thus, “SuperAgers” in one study may not qualify for SuperAging in another study due to their age and/or memory performance, 
yet they use the same term. 

Small Sample Sizes and Volunteer Bias in SuperAging Research 

Small sample sizes are a limitation in SuperAging studies. Most SuperAging studies include a sample of older individuals (combined 
SuperAgers and Normal Agers) of < 100. Larger sample sizes are likely needed to adequately power studies. However, it may be 
difficult to study large samples of SuperAgers due to low prevalence rates. Although many SuperAging studies have apparently high 
prevalence rates (e.g., 30.9 % in Dang et al. [11], 38.6 % in Zhang et al. [61], these studies are not designed specifically to estimate 
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prevalence. In contrast, a study which did report SuperAging prevalence estimated 6.9 % of Australian older adults are SuperAgers 
[32]. We estimate that 9.0 % of the cognitively healthy controls in the ADNI database are SuperAgers (35 SuperAgers out of 391 ADNI 
participants with fMRI, RAVLT, and TMT-B data available). Furthermore, some SuperAging studies, including Zhang et al. [61], do not 
adequately describe their recruitment methods and have a high risk of bias in patient selection according to the Quality Assessment of 
Diagnostic Accuracy Studies-2 (QUADAS-2) [12]. Research into aging is complicated with volunteer bias as studies have difficulty 
recruiting and retaining older individuals due to factors such as transportation problems, disability/impaired mobility, illness, and 
death [16]. Thus, healthier and more physically able participants are more likely to volunteer for and complete studies. The title of the 
study and/or research topic might also attract different types of participants (e.g., individuals with a family history of AD may be more 
interested in volunteering for ADNI, whereas individuals with a family history of longevity may be more interested in volunteering for 
a study explicitly on SuperAgers). It is likely that considerable sampling and/or volunteer bias is contributing to the high SuperAging 
prevalence rates that are reported in some studies. More work needs to be done to estimate prevalence accurately. Furthermore, the 
SuperAging definition used can affect the number of SuperAgers identified. 

Conclusions 

The degree to which FC of the DMN and SN differ between SuperAgers and Normal Agers remains an open question. Larger studies 
are needed to understand the demographics and backgrounds of SuperAgers, as well as to increase statistical power for biomarker 
investigations. In addition, longitudinal studies will be key to understanding the mechanisms of SuperAging. Longitudinal data will 
allow us to evaluate whether SuperAgers have unusually good episodic memory and functional connectivity throughout life, versus 
preserving normal midlife levels of episodic memory and functional connectivity. Consensus on SuperAger definition among research 
groups is critical for meaningful comparisons of future studies. Ultimately, research into the mechanisms of SuperAging has significant 
potential for identifying interventions that may improve quality of life throughout aging. 
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