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Neurofilament light chain, a putative measure of neuronal damage, is measurable in blood and CSF and is predictive 
of cognitive function in individuals with Alzheimer’s disease. There has been limited prior work linking neurofila-
ment light and functional connectivity, and no prior work has investigated neurofilament light associations with 
functional connectivity in autosomal dominant Alzheimer’s disease. Here, we assessed relationships between blood 
neurofilament light, cognition, and functional connectivity in a cross-sectional sample of 106 autosomal dominant 
Alzheimer’s disease mutation carriers and 76 non-carriers. We employed an innovative network-level enrichment 
analysis approach to assess connectome-wide associations with neurofilament light. 
Neurofilament light was positively correlated with deterioration of functional connectivity within the default mode net-
work and negatively correlated with connectivity between default mode network and executive control networks, includ-
ing the cingulo-opercular, salience, and dorsal attention networks. Further, reduced connectivity within the default 
mode network and between the default mode network and executive control networks was associated with reduced cog-
nitive function. Hierarchical regression analysis revealed that neurofilament levels and functional connectivity within 
the default mode network and between the default mode network and the dorsal attention network explained significant 
variance in cognitive composite scores when controlling for age, sex, and education. A mediation analysis demonstrated 
that functional connectivity within the default mode network and between the default mode network and dorsal atten-
tion network partially mediated the relationship between blood neurofilament light levels and cognitive function. 
Our novel results indicate that blood estimates of neurofilament levels correspond to direct measurements of brain dys-
function, shedding new light on the underlying biological processes of Alzheimer’s disease. Further, we demonstrate how 
variation within key brain systems can partially mediate the negative effects of heightened total serum neurofilament 
levels, suggesting potential regions for targeted interventions. Finally, our results lend further evidence that low-cost 
and minimally invasive blood measurements of neurofilament may be a useful marker of brain functional connectivity 
and cognitive decline in Alzheimer’s disease.  
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Introduction 
In Alzheimer’s disease (AD), a cascading progression of events, includ-
ing the spatially distributed accrual of amyloid-β (Aβ) plaques and 
neurofibrillary tau tangles, cortical thinning, hypometabolism, and dis-
ruptions in brain connectivity lead to characteristic and profound defi-
cits in cognitive functioning.1–4 Recent studies have shown that 
blood-based assays of neurofilaments—structural proteins of neuron 
cytoskeletons that provide support and stability to axons—and neuro-
filament light chain (NfL) in particular, may provide an easy to index 
biomarker of neurodegeneration and disease progression in AD 
(Fig. 1).5 Given that concentrations of neurofilament proteins both in 
CSF and in blood increase in the setting of axonal damage,5–7 elevated 
NfL concentrations in the setting of AD may provide an indicator of dis-
ruption in neural communication within the brain. Further, 
AD-associated cognitive decline and the onset of dementia have been 
linked to the progressive decoupling of brain functional networks.8 

Herein, we aim to investigate the direct relationship between blood- 
based NfL biomarkers of AD and brain functional network integrity. 

A powerful assay of brain health is functional connectivity (FC), 
which can be assessed using data from non-invasive resting state 
functional MRI (fMRI),9 a technique that calculates the temporal cor-
relation of spontaneous fluctuations of the blood oxygen-level de-

pendent (BOLD) signal between brain regions.10 Studies using these 
methods have largely focused on the default mode network 
(DMN),11 demonstrating that regions of early Aβ deposition overlap 
with reduced FC within brain networks.12–16 However, a growing lit-
erature has also demonstrated decline in FC within executive control 
networks17–21 as well as between the DMN and executive control net-
works such as the frontoparietal15 and dorsal attention net-

works17,18,22 with increasing disease severity. While prior research 
suggests reduced FC is predictive of disease onset,23 the temporal or-
der of loss of connectivity within and between these networks is only 
partially understood.18,19,23–25 Though many studies have examined 
the relationship between FC and Aβ as indexed with CSF Aβ42 or de-
posits indexed with PET, only recently has research investigated pos-
sible disruptions in FC associated with CSF NfL in cognitively normal 

adults26 and individuals with mild cognitive impairment and 

dementia.27 Further, only one study to date has assessed blood plas-

ma NfL associations with FC and found associations with FC between 

regions of the DMN and regions within frontal and parietal cortex in 

individuals with mild cognitive impairment and sporadic AD.28 

Importantly, no extant research has assessed connectome-wide as-

sociations with blood-serum markers of NfL in either cognitively nor-

mal individuals or those with autosomal dominant AD. 
Herein, we sought to examine the relationships between the 

progressive loss of brain connectivity characteristic of AD with cog-

nition and a blood-based biomarker of neuronal integrity. To inves-

tigate the connections between blood-based NfL biomarker status, 

brain functional network health, and cognitive function, we use 

data from the Dominantly Inherited Alzheimer Network (DIAN), a 

unique international collaboration that has collected data from 

families with pathogenic mutations in the presenilin 1 (PSEN1), pre-

senilin 2 (PSEN2), or amyloid precursor protein (APP) genes.29 

Crucially, the relatively consistent age at symptom onset within 

families and mutation types allows participants to be staged rela-

tive to their estimated years before symptom onset (EYO). This fea-

ture of autosomal-dominant AD (ADAD) provides a unique 

opportunity to study how the temporal emergence of biomarkers 

covaries with the spatial progression of the disease within the 

brain. Indeed, prior research in ADAD has demonstrated that ele-

vated blood NfL is associated with reduced white matter integrity30 

and cortical thickness.31 Given that blood serum NfL is a direct 

measure of putative neuronal injury and given its prior associations 

with white and grey matter, we hypothesized that blood serum NfL 

levels would be associated with reduced neural circuit integrity, as 

indexed by a reduction in within- and between-network FC. To test 

this hypothesis, we assessed brain network FC as a function of dis-

ease stage in ADAD mutation carriers (MC) as compared to muta-

tion non-carriers (NC). We then assessed connectome-wide brain 

network associations with serum NfL levels using an innovative 

network-level enrichment analysis. Specifically, we hypothesized 

that increasing NfL levels would be associated with increasing dis-

ruption of DMN within- and between-network connectivity, and 

that this loss of network integrity would be associated with poorer  
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Figure 1 Disruptions at the molecular level drive network level disruptions in the connectome. (A) Neurofilaments, surrounding an inner layer of mi-
crotubules and tau proteins, provide a structural framework to axons. (B) Axonal injury and neuronal death lead to the release of neurofilaments into 
the extracellular fluid. (C) Amyloid PET and (D) tau PET spatial localization converted to a regional SUVR for an individual with ADAD. (E) Regional neu-
rodegeneration results in reduced communication among brain regions and resulting network dysfunction. (F) Network Level Analysis can be used to 
assess connectome-wide disruptions in FC and associations with biomarkers and clinical outcomes. BOLD time series were extracted from 246 spher-
ical ROI. The non-parametric correlation between NfL and whole brain connectome was examined separately for each group. Significance was estab-
lished by randomly permuting the NfL values 10 000 times and measuring the permuted connectome-NfL relationship. AUD = auditory; BG = basal 
ganglia; CO = cingulo-opercular; DAN, dorsal attention network; DMN, default mode network; FPN = frontoparietal network; LATM = lateral motor; 
MEM = memory; MOT = motor; SN = salience network; THAL = thalamus; VAN = ventral attention network; VIS = visual.   
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cognition among participants with ADAD. However, by employing a 
connectome-wide association approach we were able to probe all 
possible systems which may be impacted by neuronal cell death while 
controlling the family-wise error (FWE) rate with network-level ana-
lysis. Finally, we assessed the unique statistical contribution of NfL, 
FC, and PET Aβ deposits in explaining cognitive function in ADAD. 

Materials and methods 
Participants 

Dominantly Inherited Alzheimer Network participants whose clin-
ical, cognitive, neuroimaging, genetic, and blood draw assessment 
data passed quality control as a part of the 11th DIAN data release 
were considered for participation in this study. The institutional re-
view board at Washington University in St. Louis provided super-
visory review and human studies approval for secondary data 
analysis. Inclusion in this study was further restricted to partici-
pants with at least one serum NfL measurement and one resting 
state fMRI scan within one year of this serum NfL measurement. 
The average number of days between serum NfL and cognitive 
measurements and fMRI scan for each participant was [mean ± 
standard error (SE)] 4.49 ± 1.01 days. The final cohort consisted of 
106 MC [81 (76.4%) PSEN1; 10 (9.4%) PSEN2; 15 (14.2%) APP] and 76 
family member NC assessed cross-sectionally. 

Cognitive assessment 

Several clinical and cognitive assessments were collected in order 
to measure cognitive and functional status in DIAN participants. 
The Clinical Dementia Rating® (CDR®) Instrument32 is a five-point 
scale that characterizes six domains (memory, orientation, judge-
ment and problem solving, community affairs, home and hobbies, 
and personal care). CDR = 0 indicates ‘cognitively normal’, and 
CDR > 0 indicates symptomatic AD (encompassing mild cognitive 
impairment due to AD and AD dementia). The Mini-Mental State 
Examination33 is an 11-item measure that tests five areas of cogni-
tive function (orientation, registration, attention and calculation, 
recall, and language). A score of 23 or lower indicates cognitive im-
pairment. Further, the Wechsler Adult Intelligence Scale 
(WAIS-R)34 was administered to measure intelligence and cognitive 
ability. 

Cognitive Composite Score 

We calculated a Cognitive Composite Score (CCS) to measure cogni-
tive function for each individual using previously described meth-
ods.35–37 The cognitive composite score is a holistic summary of 
cognitive functions including episodic memory, executive func-
tioning, processing speed, and mental status. The composite score 
consists of results from four tests: Mini-Mental State Exam,33 logic-
al memory delay recall,38 the Digit Symbol Substitution test,34 and 
delayed recall of a 16-item word list (designed for the DIAN study 
by David A. Balota). A cognitive composite score is calculated by 
averaging each test’s normalized scores by an equal weight. The 
normalized test scores are obtained from standardizing each raw 
test score to the mean and standard deviation (SD) of previously re-
ported values.37 Because of the ceiling effects of the Mini-Mental 
State Exam, the SD is small for the healthy population compared 
to other tests and hence an adjusted SD from a smoothing spline 
model was used for normalization. 

Estimated years before symptom onset 

To establish the EYO for all MC and NC participants, at each clinical 
evaluation, the participant’s current age was compared to the fam-
ily mutation-specific expected age of onset of cognitive symptoms 
or, if onset for that specific mutation was unknown, to their paren-
tal age of first progressive cognitive decline. 

Magnetic resonance imaging 

All study sites used 3 T Siemens TIM Trio or Verio scanners which 
were required to pass regular quality control assessment. Resting 
state fMRI data were acquired using echo planar imaging (EPI). 
During resting state fMRI scans, participants were instructed to 
maintain visual fixation on a crosshair. T1-weighted 
magnetization-prepared rapid acquisition with gradient echo 
(MP-RAGE) images were acquired for all participants. Scan para-
meters can be found in Supplementary Table 8. T1 data were pro-
cessed using FreeSurfer 5.34, and the Desikan atlas was used to 
produce regional estimates of grey matter for use in PET processing. 

Positron emission tomography 

Amyloid-β PET imaging with Pittsburgh Compound B was per-
formed using a bolus injection of [11C] Pittsburgh Compound 
B. PET data were acquired using either a 70-min scan beginning at 
the start of the injection or a 30-min scan starting 40 min after 
the injection Data were converted to regional standardized uptake 
value ratios (SUVRs) relative to the cerebellar grey matter using re-
gions of interest (ROI) generated in FreeSurfer39 and using a region-
al spread function with partial volume correction.40–42 A global 
measure of mean cortical uptake of Aβ burden was derived from 
cortical regions that have been shown to have elevated signal 
in AD.39 

Neurofilament light 

Detailed methods for collection and analysis of NfL in the DIAN co-
hort have previously been described.31 Briefly, fluids were collected 
in the morning under fasting conditions, and after collection, the 
tubes were left at room temperature for 30 min to allow clotting. 
The tubes were then centrifuged for 15 min, and the serum was 
placed into a single transfer tube, frozen, and shipped overnight 
on dry ice to the DIAN core laboratory at Washington University. 
Serum blood samples were then shipped to the University of 
Tübingen where they were assayed in duplicate for NfL using a 
Single Molecule Array (SIMOA HD-1) assay, the capture monoclonal 
antibody (mAB) 47:3, and the biotinylated detector antibody mAB 
2:1 (Quanterix, Uman Diagnostics). 

Functional connectivity methods 

Preprocessing 

Pre-processing generally followed previously described meth-
ods43,44 implemented in the 4dfp suite of tools (http://4dfp. 
readthedocs.io). Odd versus even slice intensity differences attrib-
utable to interleaved acquisition were corrected.45 Head motion 
was corrected within and across runs. Intensity inhomogeneity 
was corrected using the FAST module in FMRIB Software Library 
(FSL; 5.0.9)46 followed by intensity normalization to obtain a whole 
brain mode value of 1000. EPI distortion due to magnetization in-
homogeneity was corrected using the mean field map method de-
scribed by Gholipour et al.47 Atlas transformation was computed  
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by registering the functional data to an atlas-representative tem-
plate via the MP-RAGE (EPI_mean → MP-RAGE → template). The 
template was generated from a separate cohort of 12 cognitively nor-
mal healthy individuals. Volumetric time series were resampled in 
(3 mm)3 atlas space in a single step combining head motion correc-
tion, distortion correction, and atlas transformation. Frames cor-
rupted by excessive head motion were identified on the basis of 
both DVARS (frame-to-frame signal change over the entire brain) 
and frame displacement (FD) measures.48 The DVARS censoring cri-
terion was individually set to accommodate baseline shifts and the 
FD censoring criterion was 0.4 mm. Frames were censored if either 
criterion was exceeded. The time series were band-pass filtered to 
retain frequencies between 0.005 and 0.1 Hz. Censored frames 
were approximated by linear interpolation for purposes of band- 
pass filtering but excluded from all subsequent steps. 

Denoising 

Denoising was accomplished using a CompCor-like strategy.49 As 
previously described,50 nuisance regressors were derived from 
three compartments (white matter, ventricles, and extra-axial 
space) and were then dimensionality-reduced to create a metric 
for singular value decomposition (SVD). White matter and ventricu-
lar masks were segmented in each participant using FreeSurfer 
(5.3)51 and spatially resampled in register with FC data. All segmen-
tations were visually inspected and manual intervention was ap-
plied when necessary by experienced trained technicians prior to 
inclusion in the processing stream. The final set of nuisance regres-
sors also included the six parameters derived from rigid body head- 
motion correction, the global signal averaged over the 
(FreeSurfer-segmented) brain, and the global signal temporal de-
rivative. As a final preprocessing step, the volumetric time series 
were non-linearly warped to Montreal Neurological Institute 
(MNI) 152 space (3 mm3 voxels) using FNIRT.52,53 

Functional connectome 

Regions of interest were selected from a subset of canonical 300 
ROI54 to provide dense coverage of the entire cortical surface and 
subcortical structures (Fig. 1F). ROI in areas of fMRI signal drop 
out55 were excluded and the cerebellum was additionally excluded 
owing to inadequate coverage of this structure in some DIAN parti-
cipants. Thus, FC was estimated using zero-lag Pearson correla-
tions calculated between 246 ROI throughout the cortex and 
subcortical areas and organized into 12 canonical FC networks.54 

Statistical analysis 

Sample characteristics 

Associations between sample characteristics were quantified using 
SPSS Statistics 27. We estimated normality for demographic and 
biological variables using the Kolmogorov–Smirnov test. Tests of 
normality indicated that serum NfL values were not normally dis-
tributed; thus, log values were calculated and used for further ana-
lyses.31 Given that log NfL values were still non-normal in the NC 
group, Spearman rank correlations were used for the Network 
Level Analysis with FC. Education, amyloid, and age were not nor-
mally distributed (Kolmogorov–Smirnov P < 0.05), while EYO and 
CCS were normal. Thus, for consistency, differences between MC 
and NC were characterized using Mann–Whitney U-tests, and asso-
ciations among demographic and biological variables were quanti-
fied using Spearman rank correlation. Amyloid data were missing 

for 5 NC and 12 MC, while CCS were missing for 7 MC. Analyses 
with missing data were subject to pairwise exclusion. 

Functional connectome associations with estimated years 
before symptom onset 

MATLAB 2015a was used to quantify functional connectome differ-
ences as a function of mutation status and EYO. In order to increase 
reliability of FC estimates, connectome data were grouped accord-
ing to mutation status and three EYO bins (EYO < −10; EYO ≥ −10 
and ≤ 0; EYO > 0). In order to characterize the changing network top-
ology over EYO, spring embedded plots were generated based on 
previously published methods.56 Differences in average within 
and between-network FC across mutation group and EYO was 
quantified using a one-way analysis of variance (ANOVA) with 
nested random effects for families. Bonferroni correction was 
used to control for multiple comparisons and significant effects 
were plotted based on mutation status and EYO using RStudio. 
Post hoc tests were conducted using Tukey’s Honest Significant 
Difference test was used to control for multiple comparisons. 

Network Level Analysis 

We examined associations between FC and NfL using a previously 
described Network Level Analysis approach in MATLAB 
(Fig. 1F).57–59 Given the strong association between NfL and age in 
both the MC and NC groups, age was regressed out of NfL and FC 
data prior to further analysis. Next, we calculated the partial 
Spearman rank correlation for each ROI pair against the NfL meas-
urement across all participants within each group. Correlations 
with NfL were nominally thresholded (P < 0.05) and binarized for 
each group within and between network pairs. For each group, net-
works were tested for enrichment of NfL association using both a 
1-degree-of-freedom χ2 test and hypergeometric tests. The χ2 test 
compares the observed number of strong associations within a 
functional network pair to that which would be expected if the 
overall number of strong associations was uniformly distributed 
across all possible network pairs. The statistic is large when the 
number of strong associations within a network pair is much less 
than (depletion) or much greater than (enrichment) expected. The 
hypergeometric statistic, as in Fisher’s exact test, assesses the like-
lihood of observing a given number of strong associations in a net-
work pair, given (i) the total number of strong associations observed 
overall; and (ii) the total number of possible strong associations for 
that network pair (i.e. the total number of ROI pairs within a given 
network pair). Both the χ2 test and the hypergeometric tests had to 
pass the significance threshold for a given network pair’s enrich-
ment to be considered significant. For both tests, the number of 
ROI-pairs within a network block passing a primary significance 
threshold were compared to the overall number of ROI-pairs pas-
sing the primary threshold across the entire connectome. 
Networks enriched for NfL in the MC group were compared to net-
work enrichment in the NC group using the McNemar χ2 test. 
Within- and between-group network differences were determined 
by comparing measured NfL-FC network enrichment to a null dis-
tribution of network enrichment generated by randomization of 
NfL values (10 000 permutations). Network level false positive rate 
was controlled at P < 0.05 corrected for multiple comparisons. 

Hierarchical regression analysis 

We used hierarchical linear regression to test the unique variance 
explained in the CCS by network average FC, NfL, and Aβ PET in  
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the MC group (SPSS Statistics 27). Demographic variables including 
age, sex, and education were included as covariates in all models. 
Variables were mean-centered and missing data were excluded 
listwise. Standardized β coefficients are reported. 

Exploratory mediation analysis 

To further understand the unique contribution of FC to variance in 
cognitive function, we ran a mediation analysis using the PROCESS 
macro for SPSS.60 Demographic variables including age, sex, and 
education were included as covariates in all models. Variables 
were mean-centred and missing data were excluded listwise. 
Standardized β coefficients are reported. 

Code and data availability 

Network Level Analysis methods can be found at https://github. 
com/WheelockLab/NetworkLevelAnalysisBeta. Data that support 
the findings of this study are available from DIAN at https://dian. 
wustl.edu/our-research/observational-study/dian-observational- 
study-investigator-resources/. 

Results 
Sample characteristics 

As expected, MC had greater serum NfL measurements than NC 
(P < 0.001) (Table 1). MC and NC did not differ by age, education, 
or sex. However, serum NfL was positively correlated with age in 
both groups (P < 0.001) (Fig. 2 and Table 2). Similarly, MC demon-
strated higher CDR and lower (worse) CCS than NC (P < 0.001;  
Table 1). The EYO positively correlated with age and NfL in both 
MC and NC groups (P < 0.001; Table 2) while Aβ SUVR was correlated 
with CCS and NfL in MC (Fig. 2 and Table 2) but not NC. 

Functional connectome associations with estimated 
years before symptom onset 

To assess connectome-wide changes associated with increasing 
disease burden, group average connectomes were calculated for 
NC and MC grouped into three different EYO bins (EYO < −10; EYO 
≥ −10 and ≤ 0; EYO > 0) (Fig. 3A). Given that EYO and age are corre-
lated in MC and NC, comparing FC networks between MC and NC 
within the same EYO time bin controls for age-related changes in 
FC. Spring embedded plots56 qualitatively illustrate FC differences 
between MC and NC and, more specifically, FC differences in MC 
across EYO, with a later stage EYO being associated with less dis-
tinct spatial topology (Fig. 3B). Spring embedded plots did not 
change across EYO in the NC (Supplementary Fig. 1). Further, one- 
way ANOVA with a nested random factor for families revealed 
five network pairs that differed as a function of group and EYO, in-
cluding: DMN within network FC; cingulo-opercular (CO) within 
network FC; DMN-CO between-network FC; DMN and dorsal atten-
tion network (DAN) between-network FC; and DAN within network 
FC (Supplementary Table 1 and Fig. 3C). Post hoc tests with Tukey’s 
Honest Significant Difference revealed that FC was reduced 
post-EYO 0 in the MC group compared to NC (Fig. 3D) though these 
differences did not pass multiple comparisons (Supplementary 
Fig. 2 and Supplementary Table 2). Further, FC was reduced across 
all five network pairs when comparing pre- to post-EYO 0 within the 
MC group (P < 0.05 FWE corrected; Fig. 3D and Supplementary 
Table 3). 

Connectome-wide associations with NfL 

We next examined associations between FC and NfL using Network 
Level Analysis. We first calculated the partial Spearman rank correl-
ation (regressing out age from FC and NfL) between FC of each ROI 
pair and the NfL measurement across all participants within each 
group (Fig. 4A). Connectivity among five networks were significantly 
correlated with NfL in MC including DMN and auditory network 
within-network connectivity, and between network connectivity of 
DMN with the CO network, salience network (SN), and DAN. Four 
of these network pairs were significantly associated with NfL above 
baseline levels of NfL-FC correlations in NC, namely the DMN within- 
network connectivity, and DMN connectivity with CO, SN, and DAN 
(Fig. 4B and Supplementary Table 4). Further examination of connec-
tome correlations with NfL in the MC group revealed a negative cor-
relation between NfL and DMN within-network connectivity. 
Specifically, individuals with the greatest levels of NfL had the lowest 
levels of DMN connectivity (Fig. 4C, Supplementary Fig. 3 and  
Supplementary Table 5), while a positive correlation was observed 
between NfL and DMN connectivity with CO, SN, and DAN networks 
(Fig. 4C and Supplementary Table 5). Individuals with the highest le-
vels of NfL demonstrated reduced connectivity between DMN and 
executive control networks (CO, SN, and DAN). Given the correlation 
between blood NfL and Aβ standardized uptake value ratios in the 
brain, we further regressed out the effects of age and Aβ from corre-
lations between NfL and FC. NfL was significantly associated with 
DMN-DAN connectivity above and beyond the effects of age and Aβ 
in the brain and relative to associations with NfL in NC 
(Supplementary Fig. 4 and Supplementary Table 6). 

Functional connectivity associations with cognitive 
function 

Cognitive Composite Score associations with FC were examined in 
the network pairs identified from the NfL analysis in the MC group. 
CCS in the NC group had extremely restricted range and ceiling ef-
fects, so associations with FC were not examined in the NC group. 
The same networks that showed significant associations between 
FC and NfL in MC also showed significant FC associations with 
CCS. Specifically, DMN within-network FC was positively correlated 
with CCS (r = 0.42, P < 0.001) such that individuals with reduced 
DMN within-network FC had the poorest scores on the CCS. 
Similarly, FC between the DMN and executive control networks 
was negatively correlated with CCS [CO (r = −0.72, P < 0001), SN 
(r = −0.54, P < 0.001), and DAN (r = −0.71, P < 0.001)] such that indivi-
duals with between network FC closest to zero had the poorest CCS 
(Fig. 5 and Supplementary Table 7). 

Biomarker prediction of cognitive function 

Four hierarchical linear regressions were run to test for the predict-
ive value of network average FC from the four networks identified 
with NfL association (DMN-DMN, DMN-SN, DMN-CO, DMN-DAN) 
in the MC group (Table 3) on CCS outcomes. To make sure that 
our assumptions for linear regressions are valid, we checked the 
normality of regression model residuals (Kolmogorov–Smirnov 
P > 0.05), and also visually inspected for violation of randomness 
and homoscedasticity with residual plots. In addition, we checked 
that the collinearity of variables with the variable inflation factors 
(VIF) and found that the VIF in all models ranged from 1.0–2.6, 
well below the problematic threshold for collinearity (VIF > 5).61 

As an initial comparison, the first model included age, education, 
sex, and FC in the model. The second model included the Model 1  
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predictors + serum NfL. The third model included Model 2 predic-
tors + PET amyloid. The explained variance was significantly im-
proved in Model 2 (F change P < 0.001) but was not significantly 
improved in Model 3 with the addition of amyloid (F change 
P > 0.05 and AIC and adjusted R2 are similar for models with and 
without PET amyloid). In Model 2, education (β range 0.27–0.29) 
and serum NfL (β range 0.43–0.47) were consistently predictive of 
CCS. However, FC was also predictive of CCS across models, 
DMN–DMN (β = 0.24, P < 0.001), DMN-DAN (β = −0.26, P < 0.001), 
DMN-SN (β = −0.16, P = 0.023), and DMN-CO (β = −0.17, P = 0.015). 

Exploratory role of functional connectivity in 
mediating cognitive function 

Given the joint contribution of NfL and FC in several network pairs 
in explaining variance in CCSs, we ran an exploratory mediation 
analysis to assess whether FC mediated the relationship between 
serum NfL levels and cognitive function. Because DMN within net-
work FC was positively correlated with CCSs while DMN between 
network FC was negatively correlated, we chose to include within 
and between network FC in two separate models so that negative 
and positive effects would not cancel each other out in a multiple 
mediation model. We observed that DMN within network FC par-
tially mediated the role of NfL levels on CCSs (Supplementary 
Fig. 5A). The DMN between network FC model also partially 
mediated the role of NfL levels on CCSs and this was driven by vari-
ance in DMN-DAN FC (Supplementary Fig. 5A). 

Discussion 
Assessing the functional connectivity within and between the 
brain’s resting state networks provides a method for localizing 
the functional ramifications of neurodegenerative diseases. The 
goal of this study was to investigate whether blood serum concen-
trations of NfL, a non-specific biomarker of axonal injury and neur-
onal death, corresponded with deterioration of FC networks, 
specifically in individuals with ADAD. Prior work suggests that 
NfL is a biomarker associated with neurodegeneration in 
ADAD,30,31,62–64 and that FC disruption is marginally predictive of 
CSF NfL measurements in cognitively normal adults.26 To investi-
gate this association between NfL and FC in ADAD further, this 
study assessed patterns of FC degeneration and NfL blood levels 

in individuals carrying mutations for ADAD. Here, NfL measure-
ments were negatively correlated with connectivity within the 
DMN and positively correlated with connectivity between DMN 
and executive control networks, including the CO, SN, and DAN. 
Further, DMN within and between network FC explained unique 
variance in CCS above and beyond the variance explained by NfL 
and demographic variables implicating the importance of FC net-
works in cognitive decline in ADAD. 

Studies in sporadic AD have ubiquitously observed reduced FC 
within the DMN.9,17–21,24,65 Researchers have speculated that degen-
eration follows a spatio-temporal progression beginning in the pos-
terior cingulate cortex, and then spreading forward to the anterior 
cingulate and prefrontal cortex.66 This pathological spreading 
through the DMN is thought to be a hallmark of the disease and mir-
rors metabolic disruption, amyloid deposition, and cortical atro-
phy.12–16,40 While a preponderance of prior AD research has 
focused on the DMN,11 a growing number of studies have also exam-
ined connectivity within DAN, SN, and FPN,18,23,26 and how the FC be-
tween networks impacts disease progression.19,21,22 The patterns 
that we observe here in ADAD with the DIAN cohort are consistent 
with this involvement of the DMN and pathology of the connections 
between the DMN and top-down cognitive control regions within the 
executive control networks reported in sporadic AD. 

Within ADAD, previous work has reported a biphasic associ-
ation between EYO and global FC using nonlinear modeling in the 
DIAN cohort. Specifically, the authors report that a decrease in 
whole brain FC as a function of EYO is observed both at EYO < 
−16.7 and then again EYO > 0.5 years, implicating a two-stage pro-
cess in the decline of FC as a function of EYO.23 The present study 
builds on this prior work by additionally modeling EYO associations 
with between-network FC. In the present study, FC within the DMN, 
CO, and DAN and between the DMN-CO and DMN-DAN were appar-
ent as a function of EYO, specifically when comparing pre-EYO 0 MC 
to post-EYO 0 MC. Consistent with prior work,18 these data suggest 
that degeneration of FC networks occurs relatively late in the dis-
ease course relative to changes in other biomarkers such as amyl-
oid PET and CSF Aβ42, which are observable up to 20 years prior to 
EYO 0.40 It is notable that this degeneration in FC seems to demon-
strate temporal correlation with atrophy and tau deposition, which 
occur near the onset of cognitive impairment,1,40 and spatial colo-
calization with peak levels of Aβ deposition most prominently with-
in posterior portions of the DMN.12,15,65,67–69 

Table 1 Sample characteristics 

Measure Mutation carriers 
(n = 106) 

Non-carriers 
(n = 76) 

Test statistic df P-value 
χ2  

Sex, female % 49.1% 61.8% 2.92 1 0.088 
CDR 0 n(%) 58 (54.7%) 76 (100%) 46.74 2 <0.001 
CDR 0.5 30 (28.3%) 0 (0%) 
CDR ≥1 18 (17.0%) 0 (0%)  

– Median Median Mann–Whitney U-test z –  

Age, years 40.19 37.47 3906.5 −0.35 0.729 
Education, years 14 15 3345.5 −1.97 0.049 
EYO −6.07 −9.52 3564.0 −1.32 0.186 
NfL, pg/ml 28.35 19.25 2873.5 −3.29 <0.001 
PET Aβa 2.01 1.05 614.0 −8.96 <0.001 
CCSb −0.84 0.09 1706.5 −6.19 <0.001 

Bold values indicate significance after Bonferroni correction for eight tests. df = degrees of freedom; PET Aβ = PET with Pittsburgh Compound B amyloid regional SUVRs. 
aMissing data for five NC (n = 71) and 12 MC participants (n = 94). 
bMissing data for seven MC participants (n = 99).   
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In addition to disease-related variance in FC, we further investi-
gated the association between FC and serum NfL. In AD, NfL levels 
are elevated with progressive cognitive impairment,31,70,71 altered 
brain metabolism,31 and atrophy.62–64,71 Additionally, NfL has 
been found to be positively correlated with age and with PET mea-
surements of Aβ patterns in healthy adults72 and symptomatic in-
dividuals with AD.31,73 In the present study, on average, NfL levels 
were greater in ADAD MC than NC. However, in both groups, NfL 
was positively correlated with age, which is consistent with prior 

work demonstrating a positive correlation between age and in-
creasing serum and CSF NfL levels in healthy adults.5,74 Given the 
relationship between age and NfL, we included age as a covariate 
in our models and used the mutation NC as an EYO matched com-
parison group and as a de facto control condition to compare the 
relative effects of NfL-FC associations in the MC group. 

When regressing out variance due to age, we observed a nega-
tive correlation between NfL and DMN connectivity, such that high-
er NfL levels were associated with reduced within-network DMN FC 

Figure 2 Demographic characteristics and blood estimates of neurofilament light. (A) Mutation carriers had greater levels of serum NfL than NC 
(P < 0.05). (B) MC and NC did not differ in age. However, age positively correlated with serum NfL in both NC (C) and MC (D). (E–F) NfL was positively 
correlated with Aβ Pittsburgh Compound B SUVRs and CCS in MC but not NC.  

Table 2 Spearman correlations among sample characteristics 

Non-carriers n = 76 Education CCS EYO Age log NfL  

Education – – – – – 
CCS  0.40 (<0.001) – – – – 
EYO  −0.25 (0.029)  −0.25 (0.028) – – – 
Age  −0.21 (0.073)  −0.25 (0.029)  0.85 (<0.001) – – 
log NfL  0.02 (0.855)  0.01 (0.910)  0.59 (<0.001)  0.69 (<0.001) – 
PET Aβa  0.24 (0.041)  0.31 (0.008)  −0.03 (0.819)  0.06 (0.627)  0.17 (0.156)   

Mutation carriers n = 106 Education CCS EYO Age log NfL  

Education – – – – – 
CCSb  0.45 (<0.001) – – – – 
EYO  −0.26 (0.007) −0.75 (<0.001) – – – 
Age  −0.15 (0.136) −0.66 (<0.001)  0.82 (<0.001) – – 
log NfL  −0.19 (0.049) −0.69 (<0.001)  0.78 (<0.001)  0.74 (<0.001) – 
PET Aβc  −0.295 (0.004) −0.59 (<0.001)  0.66 (<0.001)  0.53 (<0.001)  0.67 (<0.001) 

Bold values indicate significance after Bonferroni correction for 30 tests. PET Aβ = PET with Pittsburgh Compound B amyloid regional SUVRs. 
aMissing five participants. 
bMissing seven participants. 
cMissing 12 participants.   
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for the ADAD MC group. Further, MC individuals with the highest 
levels of NfL demonstrated reduced magnitude of FC between 
DMN and executive control networks, including the CO, SN, and 
DAN. Even after controlling for Aβ, DMN-DAN between-network 
connectivity was significantly associated with NfL. Prior work has 
reported conflicting findings regarding the relationship between 
NfL and FC. Specifically, prior work in individuals ranging from 

cognitively normal to mild cognitive parament and dementia re-
ported no association between CSF NfL and regions of the DMN27 

while other work demonstrated correlations between blood plasma 
NfL and FC between regions of the DMN and frontal and parietal 
cortex.28 The present study lends further evidence that blood plas-
ma NfL levels are associated with DMN and DMN-executive net-
work FC in individuals with ADAD who range from cognitively 

Figure 3 Connectome changes as a function of EYO and carrier group. (A) Group average connectomes for NC compared to MC categorized into three 
EYO bins. MC demonstrated decreased FC compared to NC when approaching and upon surpassing their EYO. (B) Spring embedded plots for NC and MC 
with an EYO < −10 demonstrate a similar FC pattern, while plots for MC with an EYO > −10 exhibit reduced/less extensive network topology. (C) 
One-way ANOVA revealed five significant network pairs (FWE P < 0.001). (D) Post hoc tests revealed reduced FC in the MC group from pre- to 
post-EYO. MC had reduced FC compared to NC post-EYO (see Supplementary Tables 1–3). AUD = auditory; BG = basal ganglia; CO = cingulo-opercular; 
DAN, dorsal attention network; DMN, default mode network; FPN = frontoparietal network; LATM = lateral motor; MEM = memory; MOT = motor; SN = 
salience network; THAL = thalamus; VAN = ventral attention network; VIS = visual. *P < 0.05 FWE.   

Brain network decoupling with increased serum neurofilament                                                         BRAIN 2023: 00; 1–16 | 9 

D
ow

nloaded from
 https://academ

ic.oup.com
/brain/advance-article/doi/10.1093/brain/aw

ac498/6982721 by W
ashington U

niversity, Law
 School Library user on 10 April 2023

http://academic.oup.com/brainj/article-lookup/doi/10.1093/brain/awac498#supplementary-data


normal to cognitively impaired. Similar to the present findings, 
prior research in the DIAN cohort has demonstrated that metrics 
of white matter integrity are reduced within posterior corpus callo-
sum and superior longitudinal fasciculus, tracts connecting poster-
ior DMN and executive control regions, in individuals with the 
highest levels of serum NfL.30 Taken together with these white mat-
ter integrity findings, the present results indicate that blood mea-
surements of NfL track with increasing disruption of DMN 

within-network and DMN FC with executive control networks as in-
dividuals near and exceed their EYO year 0. 

Executive control networks are necessary for top-down cogni-
tive control and executive functions including inhibition, working 
memory, and cognitive flexibility.75,76 In the present study, CCS de-
monstrated a negative correlation with NfL in the MC and not the 
NC group, such that, for ADAD MC, higher levels of NfL were corre-
lated with lower CCS, supporting prior work reporting these 

Figure 4 Functional networks associated with NfL. (A) Partial correlations between NfL and FC (regressing out effects of age) in MC and NC groups. (B) 
MC demonstrated stronger associations with NfL than NC in four network pairs (P < 0.025). (C) For MC and (D) NC, pink and green lines indicate negative 
and positive correlations between NfL and FC, respectively, wherein individuals with the highest NfL have the lowest DMN FC along with reduced 
anti-correlation between DMN and SN, DAN, and CO networks. Scatter plots demonstrate correlation between NfL with average FC from within 
DMN and between DMN and SN, DAN, and CO networks.   
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associations in sporadic AD and ADAD.31,62,64,77 Further, networks 
which were associated with NfL were also associated with CCS, 
such that CCS was positively correlated with DMN within-network 
connectivity and negatively correlated with DMN between-network 
connectivity. This is consistent with previous work in individuals 
with sporadic AD demonstrating a positive correlation between 
MMSE scores and DMN within-network FC,24,78 a negative correl-
ation between MMSE scores and DMN and middle and inferior 
frontal gyrus between-network connectivity,79 and reduced FC 
anti-correlation between DMN-DAN with worsening CDR.17,18,22 

Interestingly, previous studies have observed individuals with 
higher FC in executive control networks have a delay in cognitive 
decline.19 Prior research has often characterized the importance 
of DMN suppression for effective completion of executive and cog-
nitive tasks and the loss of anti-correlation between the DMN and 
executive networks like the CO, SN, and DAN can lead to cognitive 
deficits observed in disease.80 Given that the DMN and executive 
control networks tend to be slightly anti-correlated on average, re-
duced FC magnitude between networks may be responsible for the 
decline in cognitive function exhibited in individuals with AD. 

Further, we examined the relative contributions of demographics, 
serum NfL, functional connectivity, and PET amyloid in predicting 
concurrent cognitive function. The regression model adding PET 
amyloid did not significantly improve the variance explained in cog-
nitive performance. In all four regression models, NfL and FC were 
predictive of CCSs with DMN within network and DMN-DAN having 
the largest standardized beta values of the FC network blocks. These 
results implicate the role of FC in these regions in cognitive decline 
associated with ADAD. The present findings suggest that, in addition 
to the significant roles of Aβ and tau in disease pathology, FC within 
the DMN and between the DMN and DAN also explains unique vari-
ance in worsening cognitive abilities in ADAD. 

Finally, we examined the mediating role of within and between 
network FC on cognitive function. We observed that DMN within net-
work FC and DMN between network FC partially mediated the asso-
ciation between NfL levels and cognitive function. Specifically, 
higher DMN within network FC and lower levels of DMN-DAN 

between network FC were associated with increased CCSs while 
higher blood levels of NfL were associated with reduced cognitive 
function. NfL is a cytoskeletal support protein and increased total 
blood levels are employed to be an indicator of cytoskeletal disrup-
tion and increased cell death. The mediation analysis suggests that 
cell death which occurs in specific FC network blocks (within the 
DMN and between DMN and DAN) likely plays an important role in 
disease progression and prognosis. Prior research suggests that there 
are subtypes of AD with distinct functional and structural patterns of 
degeneration81,82 and individual variability of DMN and DMN-DAN 
FC may play an important role in cognitive decline. The present study 
is consistent with prior work which observed that functional con-
nectivity between DMN and regions of frontal cortex mediated the re-
lationship between plasma NfL and measures of cognition in 
cognitively normal and symptomatic individuals with AD.28 

Further, cognitive exercises or interventions (e.g. transcranial mag-
netic stimulation) which target these networks or regions within 
these networks such as the precuneus83 may have the potential to 
delay the onset or progression of dementia. Critically, while blood 
NfL correlates with cognitive function, the present study sheds light 
on the underlying systems biology elucidating the mechanism by 
which reduced neuronal integrity within functional brain systems 
is causing reduced cognitive function. 

The present study employed global signal regression (GSR). The 
use of GSR has been the topic of much research and controversy. 
Global signal contains variance from cardiac, respiration, scanner, 
and head motion-related artifacts and GSR has been demonstrated 
to effectively mitigate head motion and improve quality control 
metrics.84–86 Here we have chosen to employ GSR to effectively con-
trol for head motion. However, GSR can impact the distribution of 
regional signal correlations and the changes in negative correla-
tions between networks and associations with NfL and cognition 
in the present analysis should be considered in the context of 
GSR. Further, several researchers have raised concerns that GSR 
may remove potential signal of interest.86 Specifically, global signal 
changes with arousal, vigilance, and sleep, with higher arousal le-
vels associated with lower global signal while states such as sleep 

Figure 5 Network FC associated with NfL is correlated with cognitive function in MC. Orange-red lines indicate a positive correlation between DMN 
within network FC and CCS, wherein individuals with the lowest CCS have the lowest DMN FC. Blue lines indicate a negative correlation between 
DMN FC with control networks and CCS, wherein individuals with the worse cognitive function have reduced anti-correlation between DMN and 
SN, DAN, and CO networks.   
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are associated with increased global signal within sensorimotor re-
gions including visual, auditory, and motor cortex.84,86 Further, in-
creasing sleep depth is associated with increasing global signal due 
to decreased oxygen extraction, and removal of global signal during 
sleep reduces the BOLD estimates in regions such as the anterior 
and posterior cingulate (i.e. the DMN).87 While this poses a 

particular problem for fMRI studies collected during natural sleep 
(e.g. Developing Human Connectome Project, Baby Connectome 
Project, etc.), this may also pose challenges in Alzheimer’s disease 
research, where individuals with increasing levels of amyloid path-
ology have reduced sleep quality at night and increased daytime 
napping88 potentially leading participants with increasing severity 

Table 3 Hierarchical regression analysis predicting CCS 

Variable Model 1 Model 2 Model 3 

β P β P β P  

Age −0.48 <0.001*** −0.20 0.021 −0.20 0.019 
Education 0.35 <0.001*** 0.28 <0.001*** 0.25 <0.001*** 
Sex (M) −0.10 0.169 −0.12 0.065 −0.12 0.052 
DMN-DMN 0.31 <0.001*** 0.24 <0.001*** 0.22 0.001** 
log NfL – – −0.46 <0.001*** −0.38 <0.001*** 
Amyloid – – – – −0.15 0.069 
R2 adjusted 0.57 – 0.67 – 0.68 – 
F 29.93 <0.001 36.58 <0.001 31.95 <0.001 
AIC −40.80 – −63.24 – −64.86 – 
F change – – 26.28 <0.001 3.39 0.069   

Variable Model 1 Model 2 Model 3 

β P β P β P  

Age −0.49 <0.001*** −0.21 0.022 −0.21 0.019 
Education 0.38 <0.001*** 0.29 <0.001*** 0.26 <0.001*** 
Sex (M) −0.12 0.109 −0.13 0.050 −0.14 0.036 
DMN-SN −0.26 0.001*** −0.16 0.023 −0.16 0.020 
log NfL – – −0.47 <0.001*** −0.37 <0.001*** 
Amyloid – – – – −0.18 0.027 
R2 adjusted 0.54 – 0.65 – 0.66 – 
F 26.23 <0.001 32.25 <0.001 29.08 <0.001 
AIC −34.17 – −55.79 – −59.16 – 
F change – – 25.27 <0.001 5.09 0.027   

Variable Model 1 Model 2 Model 3 

β P β P β P  

Age −0.47 <0.001*** −0.19 0.035 −0.19 0.031 
Education 0.36 <0.001*** 0.28 <0.001*** 0.25 <0.001*** 
Sex (M) −0.09 0.220 −0.11 0.087 −0.12 0.069 
DMN-CO −0.26 <0.001*** −0.17 0.015 −0.16 0.026 
log NfL – – −0.47 <0.001*** −0.39 <0.001*** 
Amyloid – – – – −0.16 0.053 
R2 adjusted 0.54 – 0.65 – 0.66 – 
F 26.38 <0.001 32.71 <0.001 28.87 <0.001 
AIC −34.44 – −56.61 – −58.72 – 
F change – – 25.94 <0.001 3.87 0.053   

Variable Model 1 Model 2 Model 3 

β P β P β P  

Age −0.45 <0.001*** −0.20 0.021 −0.20 0.019 
Education 0.34 <0.001*** 0.27 <0.001*** 0.25 <0.001*** 
Sex (M) −0.16 0.023 −0.16 0.011 −0.16 0.009 
DMN-DAN −0.36 <0.001*** −0.26 <0.001*** −0.25 <0.001*** 
log NfL – – −0.43 <0.001*** −0.35 <0.001*** 
Amyloid – – – – −0.15 0.063 
R2 adjusted 0.59 – 0.68 – 0.69 – 
F 32.52 <0.001 37.77 <0.001 33.06 <0.001 
AIC −45.15 – −65.18 – −66.96 – 
F change – – 23.35 <0.001 3.55 0.063 

After pairwise exclusion, Models 1 and 2 have n = 99 MCs, Model 3 has n = 87 MCs. Standardized β coefficients are reported, **P < 0.005, ***P < 0.001. AIC = Akaike information 

criterion.   
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of pathology to be more likely to fall asleep during MRI scans. The 
contribution of global signal to the pathophysiology of dementia 
has received limited research and is an important consideration 
for Alzheimer’s disease research.89 However, prior analysis of 
DIAN data with and without GSR has previously found minimal to 
no impact on reported findings.90 

There are several limitations of this study to be considered. 
First, due to low signal to noise and magnetic susceptibility artifact 
within regions of entorhinal cortex, deep temporal lobe structures 
such as the hippocampus and amygdala are challenging to reliably 
sample with resting state fMRI. Given that these regions have been 
implicated in the spread of AD-related pathology, particularly tau 
pathology, future FC work targeting hippocampus and amygdala 
may shed further light on functional brain associations with NfL 
and cognitive outcomes. Second, although the focus on select re-
gions and networks was guided by priori publications, we acknow-
ledge that pre-registration is increasingly recognized in the 
neuroscience field as highly beneficial in raising confidence in re-
sults. Third, the cross-sectional analyses in the present study 
may not fully capture the spatiotemporal progression of FC net-
work degeneration in ADAD. Our future work will assess within- 
subjects functional connectivity to characterize the spatiotemporal 
timing of FC network degeneration. Finally, it is possible that CSF 
measures of NfL may provide stronger associations, however CSF 
measurements were limited in number in this study thus preclud-
ing comparison. However, CSF measurements are more invasive 
and less accessible in low resource settings than blood-based bio-
markers. The present findings indicate that blood assessments of 
NfL are associated with functional connectivity degeneration sug-
gesting this low-cost and accessible fluid biomarker is a promising 
option for tracking neurodegeneration. 

In conclusion, the present study demonstrates that FC within 
the DMN as well as between the DMN and executive control net-
works decline in individuals with ADAD mutations as they ap-
proach their estimated age of onset (EYO = 0). Further, DMN-DAN 
between-network FC disruption is associated with NfL blood esti-
mates above and beyond the effects of normal aging and Aβ accu-
mulation. Additionally, DMN within-network FC was predictive of 
CCS even when accounting for Aβ. In demonstrating that NfL, a 
marker of neural atrophy, correlates with reduced FC in ADAD, 
the present study provides further evidence for the accumulation 
of NfL as a possible neurodegenerative biomarker of AD and impli-
cates this biomarker in the mechanisms of the degeneration of con-
nectivity within the DMN and between the DMN and DAN. 
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