
BRAIN COMMUNICATIONS
https://doi.org/10.1093/braincomms/fcae357 BRAIN COMMUNICATIONS 2024: fcae357 | 1

Axonal damage and inflammation response 
are biological correlates of decline 
in small-world values: a cohort study 
in autosomal dominant Alzheimer’s disease
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The grey matter of the brain develops and declines in coordinated patterns during the lifespan. Such covariation patterns of grey mat
ter structure can be quantified as grey matter networks, which can be measured with magnetic resonance imaging. In Alzheimer’s dis
ease, the global organization of grey matter networks becomes more random, which is captured by a decline in the small-world 
coefficient. Such decline in the small-world value has been robustly associated with cognitive decline across clinical stages of 
Alzheimer’s disease. The biological mechanisms causing this decline in small-world values remain unknown. Cerebrospinal fluid 
(CSF) protein biomarkers are available for studying diverse pathological mechanisms in humans and can provide insight into decline. 
We investigated the relationships between 10 CSF proteins and small-world coefficient in mutation carriers (N = 219) and non- 
carriers (N = 136) of the Dominantly Inherited Alzheimer Network Observational study. Abnormalities in Amyloid beta, Tau, 
synaptic (Synaptosome associated protein-25, Neurogranin) and neuronal calcium-sensor protein (Visinin-like protein-1) preceded 
loss of small-world coefficient by several years, while increased levels in CSF markers for inflammation (Chitinase-3-like protein 1) 
and axonal injury (Neurofilament light) co-occurred with decreasing small-world values. This suggests that axonal loss and inflam
mation play a role in structural grey matter network changes.
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Introduction
Brain areas implicated in similar functions show covariation in 
cortical morphology on magnetic resonance imaging (MRI), 
and these covariation patterns can be precisely quantified 
with a network approach.1-3 In neurodegenerative diseases, 
such as Alzheimer’s disease, grey matter networks become 
disrupted.3-9 With increasing disease severity in Alzheimer’s 
disease, grey matter networks become more randomly orga
nized, as indicated by a lower small-world coefficient.9-11

More specific, the small-world coefficient is a summary meas
ure that reflects the balance of local information processing, as 
indicated by the clustering coefficient, over information inte
gration between clusters, as indicated by the path length.12

In Alzheimer’s disease, the small-world coefficient decreases 
in value with worse cognitive impairment, and in predementia 
stages, lower values are predictive for steeper cognitive decline 
over time.10,13-17 Similar alterations have been observed in 
sporadic and autosomal dominant Alzheimer’s disease 
(ADAD).11 Loss of small-world values can already be detected 
in cognitively normal individuals with amyloid-β (Aβ) aggre
gation.10,18,19 Still, the biological mechanisms that explain 
the deterioration of network organization remain unclear. 
Changes in grey matter networks could result from multiple 
pathophysiological processes such as synaptic dysfunction 
and loss, axonal degeneration, neuronal loss, and local swel
ling in response to infiltration of inflammatory cells. A better 
understanding of network disruptions over the course of 
Alzheimer’s disease may inform new hypotheses regarding 
what biological process maintain brain connectivity and pre
serve cognitive function.

In cerebrospinal fluid (CSF), proteins can be measured that 
reflect ongoing biological processes in the brain. CSF biomar
kers are used for the biological definition of Alzheimer’s 
disease based on abnormal concentrations of Aβ (Aβ42/40 
ratio), hyperphosphorylation of tau (181-phosphorylated frac
tion [pTau]) and neuronal injury (total tau [tTau]).20 In add
ition to these core Alzheimer’s disease measures, other 
biomarkers have robustly been related to Alzheimer’s disease, 
and provide information on additional pathological brain 
alterations occurring in the disease:21 Increased levels of 
synaptosomal-associated protein-25 (SNAP-25) and neurogra
nin (Ng) levels are markers of pre-synaptic and post-synaptic 
dysfunction, respectively; visinin-like protein 1 (VILIP-1) a 
calcium-sensor protein increased with neuronal injury; and 
neurofilament light chain (NfL) of neuroaxonal damage.22-27

In addition, chitinase-3-like protein 1 (YKL-40), an inflamma
tion marker, and soluble TREM2 (sTREM2)23,24,27-30 a mark
er of microglia, are also elevated in Alzheimer’s disease and 
provide insight into inflammatory processes. These markers 
have been associated with Alzheimer’s disease, but it remains 
unknown if they may influence grey matter networks.

We investigated this question in carriers of ADAD genetic 
mutations. This allows for investigation of the disease pro
cesses before onset of symptoms due to relatively conserved 
dementia onset age and few age-related co-pathologies.31 We 
assessed the associations between both the core and 

emerging CSF biomarkers for Alzheimer’s disease and the in
dividual grey matter network summary statistic, the ‘small- 
world coefficient’ as this metric has been robustly associated 
with cognitive decline in Alzheimer’s disease across multiple 
studies.8,11,16,17,32 We also tested within the mutation car
riers whether the relationships observed were dependent on 
disease stage. For this step, the mutation carriers were divided 
into four disease severity groups: (1) normal CSF ratio of 
pTau/Aβ42 (indicating absence of underlying brain amyloid); 
(2) abnormal CSF ratio and clinical dementia rating (CDR) 0 
(no impairment); (3) abnormal CSF ratio and CDR 0.5 (very 
mild Alzheimer’s disease dementia); (4) abnormal CSF ratio 
and CDR 1–3 (mild to severe Alzheimer’s disease dementia).

Materials and methods
Participants and design
Data were obtained from the Dominantly Inherited Alzheimer 
Network Observational Study (DIAN-Obs).33 For the DIAN 
study, ADAD mutation carriers (MC) in the presenilin 1 
[PSEN1], presenilin 2 [PSEN2] and amyloid precursor protein 
genes and their non-carrier (NC) family members undergo lon
gitudinal clinical and cognitive examinations, neuroimaging 
and biospecimen donations. We evaluated data that passed 
quality control and was included in data freeze 12. Families 
with Flemish and Dutch mutations were excluded from ana
lyses because these mutations result in a different phenotype, 
with primarily cerebral amyloid angiopathy. The study was 
approved by the ethical review board at Washington 
University, St. Louis, Missouri, USA and local IRBs. The esti
mated years to symptom onset (EYO) for each individual was 
defined as the mutation-specific mean age at onset subtracted 
from the individuals’ visit age (e.g. for the PSEN1 G206A mu
tation, the mean age at onset is 53).31 Where the mutation age 
of onset was unknown, the family-specific parental age of dis
ease onset was used instead. For example, if the mean age at 
symptom onset is 53 years for a specific family mutation, 
then a 43-year-old individual, regardless of mutation status, 
would have an EYO of −10. This indicates an individual 
with the mutation is expected to show clinical symptoms of 
Alzheimer’s disease 10 years later and allows comparison of 
biomarkers with the NCs on the same timeline, as well as be
tween MCs and NCs from different families and mutations. 
For the biomarker comparisons, we selected the first visit at 
which individuals had both CSF and MRI data available.

Group definitions
Participants were stratified in two ways. The first set of analyses 
focused on comparing all MCs to their familial NC controls. In 
the second set of analyses, MCs were split into four disease 
stage groups based upon their biomarker status and clinical de
mentia rating (CDR).34 Group 1 had a normal CSF ratio of 
pTau/Aβ42 (<0.01935) (indicating absence of underlying brain 
amyloid). Groups 2–4 had abnormal ratios (indicating 

The biology of brain networks in ADAD                                                                                BRAIN COMMUNICATIONS 2024, fcae357 | 3

D
ow

nloaded from
 https://academ

ic.oup.com
/braincom

m
s/article/6/5/fcae357/7816273 by D

eutsches Zentrum
 fur N

eurodegenerative Erkrankungen D
ZN

E user on 23 O
ctober 2024



presence of amyloid) and increasing CDRs of: Group 2: CDR  
= 0, no impairment; Group 3: CDR = 0.5, very mild dementia; 
Group 4: CDR ≥ 1 mild to severe dementia.

MR preprocessing
MR scans were collected and preprocessed according to the 
protocols of the Alzheimer’s Disease Neuroimaging Initiative 
(1.1 by 1.1 by 1.2 mm3 voxels, repetition time = 2300, echo 
time = 2.95, flip angle 9°), described in detail in.36-38 For the 
network extractions, T1-weighted scans were first segmented 
into grey matter, white matter and CSF in native space with 
Statistical Parametric Mapping 12 (SPM12; Wellcome Trust 
Centre for Neuroimaging, UCL Institute of Neurology, 
London, UK). The segmentations were checked and resliced 
into 2 mm by 2 mm by 2 mm voxels, and this was the input 
for the grey matter network extraction.

Calculation of grey matter network 
metrics
Single-subject grey matter network metrics were extracted 
from preprocessed grey matter segmentations according 
to previously published procedures (https://github.com/ 
bettytijms/Single_Subject_Grey_Matter_Networks, see also 
ref. 2), in brief: Grey matter segmentations were parcellated 
into cubes of 3 by 3 by 3 voxels, which formed the nodes of 
the network. The Pearson’s correlation coefficient was then 
calculated for grey matter intensities across the voxels for 
each pair of cubes. Next, the correlation matrices were binar
ized by retaining only correlations that remained significant, 
using a person specific threshold that corrected P-values for 
multiple comparisons by permutation.2 Briefly, for each indi
vidual we removed spatial information from the MRI scan, 
while leaving intact the statistical distributions of grey mat
ter intensity values, and recomputed the correlations be
tween network nodes, providing a null distribution in 
which the correlations reflect chance level associations. The 
level for significance was determined by determining the level 
of correlations of which only 5% of values from the distribu
tion exceeded.39 This approach ensures that individuals do 
not differ in the amount of spurious correlations included 
in the network, which can influence subsequent network 
metric values.40 Finally, we calculated the small-world met
ric for each network with the brain connectivity toolbox 
(https://sites.google.com/site/bctnet/41) modified for large 
sized networks. The small-world coefficient is a whole-brain 
network summary statistic that reflects the balance of loca
lized information processing within specialized modules, as 
quantified by the clustering coefficient, together with infor
mation exchange between clusters along long range connec
tions, as quantified by a short path length. In networks that 
have a ‘small-world’ property, the network has a more clus
tered structure than a random network, while the path length 
is similar to that of a random network.12,42 This is quantified 
by normalizing the normalized clustering coefficient by the 
clustering coefficient of a random network, and to divide 

this metric by path length that is normalized by the path 
length of a random network. In this study, we repeated ran
domization of person specific networks 5 times. Small-world 
values larger than 1 indicate more structure than a random 
network organization.42,43

Cerebrospinal fluid markers
Participants underwent lumbar puncture after overnight fast
ing. Samples were collected via gravity drip in polypropylene 
tubes and sent on dry ice to the DIAN biomarker laboratory 
at Washington University. The samples were then thawed 
and aliquoted (0.5 mL) in polypropylene tubes, stored 
at −84°C before measurements of SNAP-25, Ng, VILIP-1 
and YKL-40. Additional aliquots of each sample were shipped 
on dry ice for the measurements of Aβ40, Aβ42, pTau and tTau 
by the Shaw laboratory at the University of Pennsylvania,44 of 
NfL by the Kuhle laboratory in Basel,45 and of sTREM2 by the 
Haass laboratory in Mϋnich.28,30 For details on the protocols, 
see.25,26,28,46 Briefly, Aβ40, Aβ42, pTau and tTau levels were de
termined using the automated Elecsys assay, and values of Aβ40 

and Aβ42 outside the measurement ranges were extrapolated 
on the calibration curve.46 SNAP-25, Ng and VILIP-1 were 
measured with antibodies developed in the laboratory of Dr. 
Jack Ladenson at Washington University in St. Louis, as part 
of micro-particle-based immunoassays using the Singulex 
(now part of EMD Millipore; Alameda, CA, USA) Erenna sys
tem.25 YKL-40 was measured with plate-based enzyme-linked 
immunoassay (MicroVue ELISA; Quidel, San Diego, CA, 
USA).25 NfL was measured on a single-molecule array using 
the capture monoclonal antibody 47:3 and biotinylated detec
tion antibody 2:1 (UmanDiagnostics AB, Sweden).26 Soluble 
TREM2 (sTREM2) was measured using the Meso Scale 
Discovery platform with an in-house developed ELISA based 
on commercially available antibodies.28,47 The sTREM2 con
centrations are reported relative to an internal standard sample 
that was loaded onto each assay plate as a way to account for 
inter-plate variation. Missingness of biomarker levels in part 
of the individuals, due to not all samples being measured as 
part of each of the biomarker projects, was regarded as missing 
at random, meaning that the statistical analyses were con
ducted with the available data.

Statistical analysis
In all linear models tTau, pTau, SNAP-25, Ng, VILIP-1, 
YKL-40, NfL and sTREM2 were log-transformed to approach 
normality. There was one outlier for SNAP-25, but it did not 
influence the effect sizes nor significance, so we did not exclude 
any samples from the analyses. To aid comparability of slope 
estimates, the variables were Z-transformed according to 
the entire cohort. We tested the associations between 
the CSF biomarkers as predictors and the small-world coeffi
cient as the outcome with three linear regression models. 
Model 1 was adjusted for sex (R code: small-world index 
∼ log_CSF_biomarker + sex, data = data); Model 2 also in
cluded a fixed term for mutation status and its interaction 
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with the predictor (R code: small-world index ∼ log_ 
CSF_biomarker * mutation + sex, data = data); Model 3 had 
additional adjustment for age effects as main effect (R code: 
small-world index ∼ log_CSF_biomarker * mutation + sex +  
age, data = data). The age adjustment model was not the pri
mary model, because the association between age and disease 
progression within the mutation carriers means that correction 
for age in a DIAD group lead to a correction for disease. At the 
same time, we were inclined to deeper investigate if possible 
age associations and which part of the effects, in the NC in 
particular, might be explained by ageing processes. We also 
tested the Spearman correlations between the biomarkers 
(Supplementary Fig. 1). We further performed a subgroup ana
lysis within MCs only so to investigate disease stage effects: 
these models included the CSF biomarkers as predictor, a fixed 
term for the interaction between the severity groups and their 
predictor. In cases of significant interactions terms, we ran post 
hoc pairwise comparisons using the Tukey HSD procedure. 
The same approach was applied to detect possible differences 
between the mutation types in DIAN (PSEN1, PSEN2 and 
APP). Lastly, we estimated trajectories for all markers studied 
by EYO, using a previously developed Bayesian inference lin
ear mixed effect model37,48 to obtain insight into the relative 
ordering of biomarker trajectories. The statistical model to 
fit biomarker trajectories by EYO accounted for non-linear ef
fects by using a restricted cubic spline to model EYO, with 
knots on the 0.1, 0.5 and 0.9 of the distribution. The models 
had fixed terms for EYO, mutation status, their interaction 
and a random effect for family cluster. Models were adjusted 
for sex and for the small-world coefficient additionally for 
total grey matter volume. For the trajectories, we used the 
biomarker data of the first available visit (Supplementary 
Table 1). Model parameters were estimated with 
Hamiltonian Markov chain Monte Carlo sampling of the pos
terior distribution, with cauchy prior, 10 000 iterations in 8 
chains, and thinning of 10 in the STAN and rstanarm package 
for R (R code: model_fit <- stan_glmer(standardized_biomar
ker_value ∼ (1 | family_id) + eyo_1 + eyo_2 + mutation_status 
+ eyo_term_1*mutation_status + eyo_term_2*mutation_status 
+ covariates, data = data, family = gaussian(), prior = cauchy(), 
prior_intercept = cauchy(), chains = 8, cores = 1, iter = 10000, 
thin = 10)). The EYO point of divergence is when the 99% cred
ible intervals of the difference distribution between MCs and 
NCs did not overlap 0. We also provide the 95% and 99.5% 
of the credible intervals. Before fitting this model, the CSF and 
MRI biomarkers were Z-scored to young NCs (<40 years old, 
n = 81, Table 1). All statistical analyses were conducted in R 
(version 3.5.3) using the emmeans. car, lmer, rstan and 
rstanarm-packages.49

Results
The presented analyses included 219 MCs and 136 NCs (age 
mean ± SD 39 ± 11; EYO mean ± SD −9 ± 11). In the 
MC group, 84 (39%) individuals had normal CSF ratio 
pTau/Aβ42. Among MCs with an abnormal CSF pTau/Aβ42 

ratio, 63 (29%) individuals had CDR 0, 43 (20%) CDR 0.5 
and 26 (12%) CDR 1–3. The group characteristics are shown 
in Table 1.

Associations between CSF biomarkers 
and the small-world coefficient
Across the whole group, we found that all Alzheimer’s disease 
markers were related to alterations in grey matter networks 
(Table 2). Higher levels of NfL were most strongly related to 
lower small-world values (β = −0.72 [95% CI −0.83, −0.61]; 
P < 0.001), followed by YKL-40 (β = −0.53 [95% 
CI −0.63, −0.44]; P < 0.001), and pTau (β = −0.53 [95% 
CI −0.61, −0.44]; P < 0.001, Table 2). Repeating analyses in
cluding an interaction term for mutation type with the CSF 
markers on small-world values indicated that relationships 
did not differ between mutation types (APP, PSEN1 
or PSEN2, all P-values interactions >0.05; Supplementary 
Fig. 2). Post hoc, we tested for the strongest correlated marker, 
NfL, we then studied if including YKL-40 or pTau-181, in the 
model explained more variance in grey matter networks. We 
found that no extra variance was explained and only the effect 
of NfL on lower small-world integrity remained. Models taking 
into account interaction terms for mutation status and CSF pre
dictor were significant for SNAP-25, Ng, pTau, tTau, NfL, 
VILIP-1 and YKL-40 (P < 0.05, Fig. 1). Post hoc comparisons 
showed that higher levels of SNAP-25 (−0.37 [95% 
CI −0.50, −0.24]) and Ng (−0.35 [95% CI −0.48, −0.21]), 
pTau (−0.58 [95% CI −0.69, −0.48]), tTau (−0.55 [95% 
CI −0.67, −0.44]) and VILIP-1 (−0.29 [95% CI −0.42, 
−0.16]) were related to lower small-world values specifically 
in MCs. The association of higher NfL and YKL-40 and lower 
small-world values was observed in both MCs and NCs, and 
this was stronger in MCs for YKL-40 (NfL: MC = −0.76 
[95% CI −0.89, −0.64] and NC = −0.44 [95% CI −0.77, 
−0.17]; YKL-40: MC = −0.61 [95% CI −0.72, −0.49] and 
NC = −0.32 [95% CI −0.48, −0.17]). When repeating models 
correcting for age, interaction effects for mutation status 
changed by 0.14–0.39 and remained significant for SNAP-25, 
Ng, pTau, tTau, NfL and YKL-40 (P < 0.05), but evidence 
for VILIP-1 is weaker (P = 0.08). Next, we studied in MCs 
whether the observed associations were specific to disease stage 
(Supplementary Table 2, Fig. 2). No significant interaction 
terms with disease stage were observed, suggesting that associa
tions of biomarkers and small-world values were not specific to 
a certain stage. Supplementary Figs 3–12 provide visual presen
tations the associations of all CSF markers with other network 
metrics (average degree, normalized clustering and normalized 
path length), as well as traditional structural MR measures.

Small-world coefficient and CSF 
biomarker trajectory by EYO
Finally, we estimated trajectories for all CSF and structural 
MRI markers according to EYO for the MCs, NCs and the 
difference between MCs and NCs (Supplementary Fig. 3; 
Supplementary Tables 3 and 4). Biomarker trajectories of 
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the Aβ42/40 ratio, pTau, tTau, SNAP-25, Ng and VILIP-1 le
vels were different in MCs as compared to NCs before differ
ences were observed in grey matter networks. NfL and 
YKL-40 trajectories were abnormal around the same time 
as small-world values, and sTREM2 and Aβ40 showed ab
normal levels in MCs compared to NCs later than small- 
world values.

Discussion
The main finding of our study is that CSF pathologic biomar
kers showed associations with alterations in grey matter net
works, and that axonal damage as measured with NfL 
showed the strongest relationship with worse grey matter 
network disruptions. Increased concentrations of the CSF 
markers for hyperphosphorylation of tau (pTau), neuronal 
injury and death (tTau and VILIP-1) and specific synaptic in
jury (SNAP-25 and Ng) were related to worse grey matter 
network organization in the MCs only. The observed asso
ciations were not dependent on staging based on a combin
ation of the pTau/Aβ42 ratio and the global CDR, 
suggesting that they were similar across disease develop
ment. Most CSF biomarkers showed abnormal levels before 

grey matter network abnormality in the MCs compared to 
the NCs, and for NfL and YKL-40 the timing was closest 
aligned to grey matter network alterations.

To date, only the role of Aβ aggregation and tau had been 
studied in relation to decline in small-world values in indivi
duals with Alzheimer’s disease.18,19,32 Those findings sug
gested that grey matter networks are sensitive to brain 
structural changes related to amyloid and tau aggregation in 
sporadic Alzheimer’s disease. Here, we found also that lower 
Aβ42/40 ratios were associated with grey matter network dis
ruptions. We further detected relationships between markers 
of other pathological processes in ADAD and grey matter net
work disruptions. The most pronounced association was ob
served for NfL, which suggests that loss of axonal integrity 
plays a critical role in the loss of grey matter network organiza
tion. The link between axonal tract damage and deterioration 
of grey matter covariance in Alzheimer’s disease supports the 
idea that grey matter covariance networks reflect, at least in 
part, axonal connectivity.

We also observed that higher levels of the synaptic markers 
(SNAP-25 and Ng), pTau and neuronal damage (tTau and 
VILIP-1) were associated with grey matter network disrup
tion, and this was specific for MCs. Synaptic maturation and 
co-activation are associated with grey matter covariance 

B  pTau181 C Total Tau D SNAP−25 E Neurogranin

F Neurofilament light G VILIP−1 H YKL−40 I Soluble TREM2

A  Ratio AB42/40

Figure 1 Associations between CSF biomarkers and grey matter networks for mutation carriers and non-carriers. Linear models 
predicting the small-world coefficient with the respective CSF biomarkers, adjusted for sex. All biomarkers were significantly associated to the 
small-world coefficient (P < 0.05). We tested the interaction with mutation status. All of the interactions, except for the AB42/40 ratio and 
sTREM2, were significant (P < 0.05), meaning that the strength of the relationship between the CSF biomarker and the grey matter network value 
dependent on mutation status. See for the test details in Table 2. The graphs show the predicted values with 95% confidence intervals. Each panel 
(A–I) represents a biomarker. Aβ, Amyloid beta; pTau, phosphorylated Tau; tTau, total Tau; SNAP-25, Synaptosomal-Associated Protein 25 kDa; 
Ng, Neurogranin; NfL, Neurofilament Light; VILIP-1, visinin-like protein 1; YKL40, Chitinase 3-like 1; sTREM2, soluble TREM2 relative to a 
reference sample.
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during development, promoting brain connectivity.3 In 
Alzheimer’s disease, synaptic damage in neurodegeneration 
could possibly influence brain connectivity in the opposite 
way. A study by Pereira et al.50 showed that synaptic markers 
like SNAP-25 and Ng were associated with worse functional 
connectivity in the default mode network and worse memory 
which supports this hypothesis. The biomarker trajectories 
suggest that synaptic damage and neuronal loss precedes the 
changes we observe with MRI, which could be a downstream 
effect. Recent analyses had already demonstrated that CSF 
pTau and tTau increase very early in the course of ADAD, in 
a more parallel fashion with amyloid aggregation than accord
ing to hypothetical models.35,51 Our findings suggest that loss 
of connectivity structures at the microscale (in neurons), could 
lead to disrupted whole-brain connectivity as measured on 
MRI. Longitudinal studies are needed to further examine the 
temporal relationship of these processes in more detail.

The associations between increased NfL and YKL-40, and 
network disruptions were also observed in NCs which suggests 
an effect of aging or another non-Alzheimer’s disease process. 
Age-specific reference intervals for NfL indicate that NfL starts 
to increase from 18 years of age with ±4% per year.52,53 For 
YKL-40 an ageing effect from adulthood is more speculative, 
because there are no reference intervals. Previous studies 
have shown that during aging NfL and YKL-40 levels increase 

and grey matter network measures decline, additive to eleva
tions in predementia Alzheimer’s disease.26,27,54-57 Our find
ing suggests that also in non-Alzheimer’s disease related 
aging, loss of axonal integrity and inflammation may affect 
grey matter network integrity. Our results indicated a high cor
relation between NfL and YKL-40 in this sample and the ef
fects of YKL-40 negated when tested in a model including 
NfL. Therefore, the next step would be to investigate to 
what extent these changes in axonal integrity and inflamma
tion contribute to the vulnerability of the brain to neurodegen
eration and how it reflects cognitive decline in normal and 
non-Alzheimer’s disease related aging of the brain. Future 
studies with longitudinal measurements of imaging and CSF 
could delineate the precise ordering of events and how the bio
logical processes are intertwined. sTREM2, released by micro
glia, fluctuates over the course of Alzheimer’s disease, with an 
increase close to symptom onset.28,29,58 In the current study, 
the association between sTREM2 levels and grey matter net
works disappeared in mutation carriers when analyses were 
corrected for age. We did not find compelling evidence that in
flammatory processes due to microglial activity, as reflected by 
sTREM2 increases, may not be linearly related to grey matter 
morphological change.

A strength of the present study is that we evaluated the 
pathophysiology over the full course of Alzheimer’s disease. 

A  Ratio AB42/AB40 B  pTau−181 C tTau D SNAP−25 E Neurogranin

F Neurofilament light G VILIP−1 H YKL−40 I Soluble TREM2

Figure 2 Associations between CSF biomarkers and grey matter networks within mutation carriers by disease stage. Linear 
model predicting the small-world coefficient with the respective CSF biomarkers, adjusted for sex. We tested the interaction with disease severity 
within the mutation carriers. None of the interactions with mutation type are significant (<0.05). The graphs show the predicted values with 95% 
confidence intervals. See Supplementary Table 2 for test statistics. Each panel (A–I) represents a biomarker. Aβ, Amyloid beta; pTau, 
phosphorylated Tau; tTau, total Tau; SNAP-25, Synaptosomal-Associated Protein 25 kDa; Ng, Neurogranin; NfL, Neurofilament Light; VILIP-1, 
visinin-like protein 1; YKL40, Chitinase 3-like 1; sTREM2, soluble TREM2 relative to a reference sample.
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Investigating MCs from the DIAN study, along with NCs, is 
a powerful approach to investigate multiple disease pro
cesses that may contribute to grey matter network disrup
tion. Due to the causative genes in dominantly inherited 
Alzheimer’s disease, the cross-sectional trajectory can inform 
longitudinal changes. Still, the reality is more complex,59

meaning further study in a longitudinal design is needed to 
understand the drivers and downstream effects in disease 
progression. A shortcoming of fitting Alzheimer’s disease 
biomarker trajectories over the estimated years to symptom 
onset is that results in part depend on sample sizes and model 
assumptions. All EYOs of divergence were similar to previ
ous studies, except for Ng and YKL-40, which is an indica
tion of the level of robustness across modelling methods.27

sTREM2 was estimated to change later compared to a recent 
large study but consistent with an older study with the same 
data.28,30 Of note regarding generalization of biomarker tra
jectories, estimated with cross-sectional data often diverse 
earlier compared to the estimates based on longitudinal 
data as there is a strong bias towards earlier years from cross- 
sectional data.59 For the interpretation and validity, this 
means that the EYO estimates have a value on a group level 
and inform on the sequence of changes, but do not often 
translate to the individual level. In addition, the exact mean
ing of biomarker levels is not fully understood, as we were 
unable to investigate brain tissue as part of this study. 
Another limitation is that the log transformation of the 
CSF markers improved the distributions, but not all markers 
(pTau181, tTau, Neurogranin and NfL) passed formal nor
mality testing. This means that when we assessed linear rela
tionships between CSF and grey matter network values, it 
may underestimate existing relationships. Still, most correla
tions look in the scatterplots linear, and we also conducted 
subgroup analyses to evaluate whether patterns depended 
on disease severity, which could give rise to non-linear pat
terns. Still, some of those disease stage groups were of small 
size, and larger samples are required to further investigate 
these relationships in detail. Lastly, in this study, we studied 
a primary summary measure of network organization in or
der to reduce the number of comparisons and increase the in
terpretability of the data. The findings warrant follow-up 
research to evaluate whether associations are specific for spe
cific brain areas or network measures and their generaliza
tion to sporadic (late onset) Alzheimer’s disease.

To summarize, loss of synaptic integrity and, in particu
lar, axonal integrity, as evidenced by increased NfL in CSF, 
appears to be related to disrupted grey matter network or
ganization in ADAD. These findings suggest that normal
ization of neuronal injury or synaptic processes might 
lead to stabilization or improvement of grey matter net
work integrity.

Supplementary material
Supplementary material is available at Brain Communications 
online.
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