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White matter dysfunction in Alzheimer’s
disease isassociatedwithdisease-related
transcriptomic signatures
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While anatomical white matter (WM) alterations in Alzheimer’s disease (AD) are well-established,
functional WM dysregulation remains rarely investigated. The current study examines WM functional
connectivity and network properties alterations in AD andmild cognitive impairment (MCI) and further
describes their spatially correlated genes. AD and MCI shared decreased functional connectivity,
clustering coefficient, and local efficiency within WM regions involved in impaired sensory-motor,
visual-spatial, language, or memory functions. AD-specific dysfunction (i.e., AD vs. MCI and
cognitively unimpaired participants) was predominantly located in WM, including anterior and
posterior limb of internal capsule, corona radiata, and left tapetum. This WM dysfunction spatially
correlates with specific genes, which are enriched in multiple biological processes related to synaptic
function and development, and are mostly active in neurons and astrocytes. These findings may
contribute to understanding molecular, cellular, and functional signatures associated with WM
damage in AD.

Alzheimer’s disease (AD) is the most common cause of dementia, and is
confirmed by detecting amyloid-β and tau deposits accumulation1,2. As the
spatial patterns of amyloid-β/tau overlap with anatomical3 and functional
networks4, existing models of AD neurobiology have hypothesized the
active role of brain connectomes in the spread of pathology5,6. Previously,
numerous neuroimaging studies explored the functional connectomics in
ADwithin graymatter (GM)5,7. AlthoughGMregions directly connected by
white matter (WM) fiber bundles always show high functional connectivity
(FC), the dysfunction within WM has often been ignored.

Recently, several studies have clarified that the blood-oxygen-level-
dependent signals inWMcanreflect the intrinsicneural activities in thehuman
brain8–10. Specifically, the power spectra distributions of functional signals in
WMare repeatable andhighly consistentwith the anatomical configurations11.
Using independent component analysis, symmetrical WM functional orga-
nizations have been found to overlap spatially with WM anatomical
structures12. Combining intracranial stereotactic-electroencephalography and
functionalmagnetic resonance imaging (fMRI),Huang andcolleagues showed
the electrophysiological basis underlying FC in WM9. For the macro-scale
organization, WM exhibited functional modules similar to GM13–15. At the
molecular genetic level, the common pattern of WM dysfunction in major

psychiatric disorders was correlated with synaptic function and excitatory
neurons10. Although various studies have implicated the significance of WM
degeneration, demyelination, and hyperintensities in AD pathology16,17, few
have explored the potential role of WM dysfunction in AD18. Detailed char-
acterizations of WM functional features would provide a comprehensive
understanding of the pathophysiological mechanisms of AD.

As an effectivemethod to capture the topological features of functional
brain networks, graph theoretical analysis can describe global and local
topological patterns of activity in the human brain19. Assortativity, a global
topologicalmetric,measures resilience,with a larger value indicating amore
robust network.Other nodalmetrics, such as clustering coefficient and local
efficiency, have proven to be effective in identifying AD with electro-
encephalograph functional networks20 and have described key features of
WMfunctional network disorganization in neuropsychiatric disorders such
as major depression21 and schizophrenia22.

The disrupted brain functions in AD are reflected in the macroscopic
network configuration patterns and are inextricably linked to the disease’s
molecular genetic etiology23,24. Genetic etiology affects the structural and
functional attributes of the humanbrain25,26 and is associatedwith the risk of
developing AD24. For example, APOEε4 carriers with amnestic mild
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cognitive impairment (amnestic MCI) showed decreased FC in WM
regions27. AD’s abnormal structural connectome changes were linked with
synaptic-related biological processes and neuronal cells28. Moreover, neu-
rotransmitters and gene expression profiles relating to WM dysfunction in
multiple psychiatric disorders have been reported10. Therefore, identifying
the genetic influences underlying the variation in WM functional con-
nectome is crucial for further clarifying the multiscale pathological
processes in AD.

Here, we hypothesize that themacroscopicWM functional changes in
AD align spatially with distinctive microstructural gene transcriptional
signatures in the neurotypical adult brain. We first characterized the
diagnosis-specific patterns ofWM functional changes bymeasuring the FC,
topological properties, and regional functional connectivity strength (RFCS)
among clinical AD, MCI, and cognitively unimpaired (CU) participants.
We observed that AD-specific dysfunctional connections were mainly
distributed in WM regions. Next, we identified a significant spatial rela-
tionship between gene expression and regional WM dysfunction using the
Allen Human Brain Atlas (AHBA)29 and partial least squares (PLS)
regression. The associated gene sets were submitted to the enrichment
analysis to provide preliminary transcriptional correlates of RFCS. Finally,
we found that the spatial distributions of neurons and astrocytes overlapped
with WM functional disconnection. These results shed light on the con-
nection between transcriptional and cellular information and WM
dysfunction in AD.

Results
Overall approach
The current study employed 53 individuals withmild AD, 90 individuals
withMCI, and 100matchedCU individuals as a discovery dataset shared
from the OpenAccess Series of Imaging Studies (OASIS-3, https://www.
oasis-brains.org/)30. We also included 38 individuals with AD, 65 indi-
viduals with MCI, and 72 matched CU individuals shared from the

Alzheimer’s Disease Neuroimaging Initiative (ADNI) as the validation
dataset. No significant group differences were found in age, sex, or
education (P > 0.05, Supplementary Tables S1 and S21). Age, sex, and
education were all regressed as covariates in all statistical analyses.
Results in the main text are primarily reported from the discovery
dataset unless explicitly stated as validation findings.

The data analysis procedure consisted of five main parts (Fig. 1). (a)
Preprocessing of 243 participants’ fMRI data from OASIS-3. (b) Character-
izing the diagnosis-specific FC and (c) topological properties onGM-,WM-,
and whole-brain functional networks separately. (d) Calculating the group
differences in RFCS. (e) Utilizing PLS regression to model the spatial rela-
tionshipbetween thebrain changes amongclinical groupsand transcriptional
profiles, performing functional enrichmentanalysis on thefirst componentof
PLS (PLS1) genesets, andassigning thePLS1gene sets intodifferent cell types.
All main analyses were repeated in the validation dataset.

Altered functional connectivity in the whole brain
We first obtained 45 WM regions of interest (ROIs) and 96 GM ROIs by
point-multiplying the JHU ICBM-DTI-81 WM atlas31 and the group-level
WMmask, the Harvard-Oxford cortical atlas32 and group-level GM mask,
respectively (see Methods, subsection Obtaining the group-level WM and
GMmasks). Next, we construct the FCmatrices of 141 × 141 (i.e., 45+ 96)
for the whole brain by performing Pearson correlation between time series
of ROI-pairs for each individual. For details on all ROIs, see Supplementary
Tables S3–S5.

Compared to CU, both AD and MCI showed decreased FC within
WMbetween the left anterior (ALIC) and the rightposterior limbof internal
capsule (PLIC) (all t <−2.525,PFDR < 0.020), and two increasedFCbetween
GM and WM (i.e., between the right angular gyrus and right posterior
thalamic radiation, all t > 3.104,PFDR = 0.004; between the left angular gyrus
and left tapetum, all t > 3.497, PFDR < 0.002). Moreover, we also observed
decreased FC within GM involving superior parietal lobule, postcentral

Fig. 1 | Schematic analysis procedure. aObtain fMRI data for 243 participants from
the OASIS-3 dataset. b Perform functional connectivity (FC) analysis on the GM,
WM, andwhole brain. cPerform graph theory analysis on the functional networks of
GM,WM, and whole brain separately. dAverage all the FC connected to each given
brain region to get regional FC strength (RFCS) and conduct the Kruskal–Wallis test
on RFCS of GM or WM regions among CU, MCI, and AD groups. e First, partial

least squares (PLS) regression was utilized to model the relationship between the
brain changes among clinical groups and transcriptional profile. Next, the gene sets
filtered according to the score of the first component of PLS (PLS1) (Z > |3|) were
submitted to enrichment analysis on Metascape. The enriched gene ontology bio-
logical processes were overlapped with genome-wide meta-analysis studies
(GWAS). Finally, the PLS1 gene sets were sorted into different cell types.
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gyrus, fusiform cortex, and occipital cortex (all t <−2.505, PFDR < 0.020)
(Fig. 2a, Supplementary Table S6).

ComparedwithCUandMCIgroups,AD-specificFCdecreasedwithin
WM regions involving the ALIC, PLIC, the anterior/posterior corona
radiata, the splenium of corpus callosum, the posterior thalamic radiation,
and left tapetum (all t <−2.763, PFDR < 0.011), but enhanced betweenWM
and GM (i.e., between right pre/postcentral gyrus and left ALIC, between
right inferior frontal gyrus and left superior fronto-occipital fasciculus; all
t > 2.382, PFDR < 0.028). However, no significant MCI-specific FC was
found (i.e., in any ROI-pair, for comparison of FC between MCI vs. CU or
MCI vs. AD, at least one PFDR > 0.050) (Fig. 2a, Supplementary Table S6).

As shown in Fig. 2a, we can observe three patterns: first, the regions
showing FC differences between MCI and CU were all detected in the
comparison between AD and CU; second, the extra changes in AD versus
MCI were mainly related to WM; and third, the patients’ groups (i.e., MCI
andAD) showedweakened intra-WMor intra-GMFCbut enhanced inter-
WM-GM FC. Moreover, we performed a robust modified Spearman cor-
relation between the FC and clinical score of the Mini-Mental State
Examination (MMSE).We observed that both the FCbetween the left PLIC
and the splenium of corpus callosum (Spearman’s r = 0.32, uncorrected
P = 0.043) and between the right PLIC and left posterior corona radiata
(Spearman’s r = 0.33, uncorrected P = 0.048) showed moderate positive
correlations with MMSE of the AD group (Fig. 2b).

Global topological properties
WM and GM ROIs are shown in Fig. 3a, b. The statistical results of global
topologicalmetrics were displayed in Fig. 3c. Comparedwith theCUgroup,
both MCI and AD groups showed significantly decreased clustering coef-
ficient in theGMnetwork (MCI:PFDR = 0.0347,AD:PFDR = 0.0347) and the
whole-brain network (MCI: PFDR = 0.0481, AD: PFDR = 0.0402). Addition-
ally, the AD group exhibited decreased clustering coefficient in the WM
network (PFDR = 0.0302) and reduced assortativity in the GM network
(PFDR = 0.0447) compared to the CU group. No significant difference was
observed for assortativity in theWM network (PFDR = 0.270) or the whole-
brain network (PFDR = 0.2057).

Nodal topological organization
Analysis on graph metrics of WM ROIs revealed that both nodal clustering
coefficient within 11 ROIs (allH > 8.842, PFDR < 0.0492) and nodal local effi-
ciencywithin 9ROIs (allH > 9.702,PFDR < 0.0391) exhibited significant group
effects (Fig. 3d). Post hoc analysis on nodal clustering coefficient (Fig. 3d, the
top two rows) revealed significantly lower values in both AD andMCI groups
than CU group within the left corticospinal tract, the bilateral sagittal stratum,
the left superior fronto-occipital fasciculus, and the bilateral uncinate fasciculus
(all Z <−2.369, PFDR < 0.031). Compared with CU andMCI groups, the AD-
specific clustering coefficient was reduced in the bilateral superior corona
radiata and the posterior thalamic radiation (all Z <−2.263, PFDR < 0.0390).
Moreover, in the rightALIC and left tapetum, only the clustering coefficient in
ADwas significantly lower than that in CU (allZ <−3.215, PFDR < 0.008). No
significant MCI-specific clustering coefficient was found (i.e., in any ROI, for
comparison of clustering coefficient between MCI vs. CU or MCI vs.AD, at
least one PFDR > 0.050). More details are shown in Supplementary Table S7.

Post hoc analysis on local efficiency of WMROIs (Fig. 3d, the bottom
two rows) indicated that the values in both AD and MCI groups were
significantly lower than those in the CU group within the left corticospinal
tract, the bilateral sagittal stratum, and the bilateral uncinate fasciculus (all
Z <−2.136, PFDR < 0.050). AD-specific local efficiency was smaller within
the bilateral superior corona radiata, the posterior thalamic radiation, and
the left tapetum (all Z <−2.130, PFDR < 0.050). No significantMCI-specific
local efficiencywas found (i.e., in anyROI, for comparison of local efficiency
betweenMCI vs. CUorMCI vs.AD, at least one PFDR > 0.050).More details
are shown in Supplementary Table S8.

For GM, results of nodal clustering coefficient showed significant dif-
ferences among AD, MCI, and CU (all H > 10.73, PFDR < 0.050; Fig. 3e).
Compared to CU, both AD and MCI groups had reduced clustering coeffi-
cient in the somatomotor network and visual network (all Z <−2.239,
PFDR < 0.044). Additionally, the AD group showed a reduced clustering
coefficient than CU in the dorsal attention network (all Z <−3.345,
PFDR < 0.005). Nevertheless, the differences between the nodal clustering
coefficient of theMCI andADgroup (allZ >−1.703, PFDR > 0.126) were not
significant after multiple comparison correction, nor were the differences

Fig. 2 | Functional connectivity patterns across different groups. a From left to
right: statistical values of FC, includingH values from theKruskal–Wallis test among
three groups, and t values from two-sample T-tests between the MCI and CU, AD
and CU, and AD and MCI groups. The color bars indicate the H or t values. The
upper triangle of the matrix labels the connections with statistically significant

differences by permutation test (10,000 times). FDR correctionwas used formultiple
comparisons with P < 0.05. b Visualization of FC with significant correlation to
MMSE. The P values of correlation coefficients were uncorrected. FC functional
connectivity, AD Alzheimer’s disease, MCI mild cognitive impairment, CU cogni-
tively unimpaired, MMSE Mini-Mental State Examination.
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among the nodal local efficiency of AD, MCI, and CU (all H < 12.922,
PFDR > 0.1500). More details are shown in Supplementary Table S9.

Differences in regional functional connectivity strength
Results fromWM ROIs (Fig. 4a, Supplementary Table S10) indicated that
AD and MCI exhibited significantly lower RFCS than the CU group in the
right superior corona radiata (all Z <−2.350, PFDR < 0.033). Compared to
MCI andCU,AD-specific RFCSwas significantly reduced inmany regions,

including the splenium of corpus callosum, the bilateral PLIC, the anterior
and left posterior corona radiata, the right external capsule, and left tapetum
(all Z <−2.268, PFDR < 0.039). However, no significant MCI-specific WM
RFCSwas found (i.e., in any ROI, for comparison of RFCS betweenMCI vs.
CU or MCI vs.AD, at least one PFDR > 0.050). The Spearman’s rank cor-
relation showed amoderate correlation between theWMRFCS andMMSE
in the splenium of the corpus callosum (Spearman’s r = 0.33, uncorrected
P = 0.011; Supplementary Fig. S1) in the AD group.

Fig. 3 | Results of graph theoretical analysis. a, b The ROI distribution of WM and
GM, respectively. c Group differences in the global topological properties of WM, GM,
and whole-brain functional networks. Box plots show the area under the curve (AUC)
value of the topologicalmetric for each group. Boxes denote the 25th to 75th centiles and
the median line. The whiskers extend from the 5th to the 95th centiles, and data points
beyond thewhiskers are displayed asoutliers.Anasterisk indicates significantdifferences.

The nodal topological properties differences in WM (d) and GM (e) among AD, MCI,
and CU (left column), between AD and CU (second column), between MCI and CU
(third column), and between AD and MCI (right column). Region colors indicate the
positive (red) or negative (blue) statistical value. FDR correction was used for multiple
comparisons withP < 0.05. GMgraymatter,WMwhitematter, ADAlzheimer’s disease,
MCI mild cognitive impairment, CU cognitively unimpaired.
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Findings from GM ROIs (Fig. 4b, Supplementary Table S11) revealed
that both AD and MCI showed decreased RFCS than CU within the
somatomotor, the dorsal and ventral attention, the default mode, and the
visual networks (allZ <−2.490,PFDR < 0.026). Furthermore,ADshowed an
additional reduction in RFCS than CU within the limbic network (all
Z <−3.253, PFDR < 0.005). MCI individuals showed an additional decrease
in RFCS than CU in the right cingulate gyrus (Z =−3.270, PFDR = 0.005).
Compared to CU and MCI groups, the AD-specific RFCS was found to be
decreased in the right parahippocampal gyrus and the bilateral temporal
occipital fusiform cortex, which were distributed in the limbic and visual
networks (all Z <−2.255, PFDR < 0.045). No significant MCI-specific GM
RFCSwas found (i.e., in any ROI, for comparison of RFCS betweenMCI vs.
CU or MCI vs.AD, at least one PFDR > 0.050).

Functional disconnection correlates with gene expression level
We estimated the gene expression matrices using the abagen toolbox33 on
the AHBA dataset (http://human.brain-map.org, see Supplementary
Information 2 for details). Due to the incomplete right hemispheres in the

AHBA dataset (Supplementary Table S2), we focus our analysis on 48 GM
ROIs and21WMROIs in the left hemisphere.A 48 × 15,633 transcriptional
level matrix of GM ROIs and a 21 × 15,632 transcriptional level matrix of
WM ROIs were obtained (see Supplementary Information 3 for reports on
obtaining gene expression matrices) and retained for subsequent analysis.
We conducted a PLS regression34 to characterize the relationship between
the RFCS and the gene transcriptional profiles forWM andGM separately.
The first component of PLS (PLS1) for predicting WM RFCS explained
65.72% of the variance (permutation test, 5000 times, P = 0.0022, Fig. 4c),
while for predicting GM RFCS explained 30.34% of its variance (permu-
tation test, 5000 times, P = 0.1815). Accordingly, because the percentage of
variance explained for GM RFCS did not reach a significant level, only the
PLS regression results relating to theWMRFCSwere considered for further
analysis. Comparative analysis results using both GM and WM were dis-
cussed in Supplementary Information 8.

We found a strong spatial correlation between the group difference in
WM RFCS and PLS1 score (Spearman’s r= 0.8107, P < 0.001; Fig. 4d). Par-
ticularly, in the anterior/superior/anterior corona radiata, the tapetum, and the

Fig. 4 | RFCS differences among AD, MCI, and CU. a, b The altered RFCS among
the three groups and the results of post hoc analysis within WM and GM, respec-
tively. Regional colors indicate the positive (red) or negative (blue) statistical value.
FDR correction was used for multiple comparisons with P < 0.05. c The first com-
ponent (PLS1) for predicting WM RFCS explained 65.72% of the variance

(permutation test, 10,000 times,P = 0.0022).d Strong spatial correlation between the
group difference in WM RFCS and PLS1 score (Spearman’s r = 0.8107, P < 0.001).
RFCS regional functional connectivity strength; GM graymatter;WMwhite matter;
AD Alzheimer’s disease; MCI mild cognitive impairment; CU cognitively
unimpaired.
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ALIC, both the PLS1 score and the group difference ofWMRFCSwere high.
However, in regions including the corticospinal tract, the inferior cerebellar
peduncle, the medial lemniscus, and the cingulum in the cingulate cortex, the
PLS1 score and the group difference in WM RFCS showed lower values.

Biological enrichment pathways of functional disconnection
We identified 2936 genes in the PLS1 gene set (|Z | > 3). By comparing the
PLS1 gene sets and the reported AD-related gene lists, we found six over-
lapping genes (i.e., BCHE, APOC1, CHRNA3, SORL1, PSEN2, and GSK3B)
in comparison to in situ hybridization gene fromAHBA(https://help.brain-
map.org/display/humanbrain/Documentation), and 18 overlapping genes
(i.e., ABCA1, ADAM10, ANK3, FERMT2, NTN5, APOE, PLCG2, HS3ST5,
ABCA7, BCKDK, RASGEF1C, USP6NL, TNIP1, SORL1,WNT3, MYO15A,
EPDR1, and SLC24A4) in comparison to genome-wide meta-analysis stu-
dies (GWAS)24,35. The expression matrix of these 23 genes can be found in
Supplementary Fig. S2. In addition, we observed that 20 of 23 genes sig-
nificantly correlated with the WM RFCS changes in spatial distribution.
Among these correlations, 11 were positive (ABCA1, ADAM10, ANK3,
APOC1, APOE, BCHE, CHRNA3, FERMT2, HS3ST5, NTN5, and PLCG2)
and 9 were negative (EPDR1, GSK3B, MYO15A, PSEN2, RASGEF1C,
SLC24A4, SORL1, TNIP1, andWNT3; all PFDR < 0.05; Fig. 5a and Supple-
mentary Table S12). Moreover, we identified a protein–protein interaction
(PPI) networkwith 14 edges (P < 8.07 × 10−13) for the 23 overlapping genes.
Functional enrichments in this PPI network identified several Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathways, such as “Alzhei-
mer’s disease” (Fig. 5b).More terms can be found in Supplementary Fig. S3.

We selected gene ontology (GO) biological processes and KEGG
pathways to conduct the enrichment analysis on the PLS1 gene set. After
correction for multiple comparison, significant GO biological processes
associated with the PLS1 genes were identified, such as “trans-synaptic
signaling,” “regulation of synapse structure or activity,” “modulation of

chemical synaptic transmission,” “regulation of secretion,” “neuron pro-
jection development,” “behavior” (Fig. 5c, Supplementary Table S13). The
multi-gene-list meta-analysis revealed eleven enrichment pathways over-
lapping between the PLS1 gene set and GWAS (Supplementary Fig. S4).
These terms included “regulation of secretion,” “neuron projection devel-
opment,” “regulation of synapse structure or activity,” “behavior,” “synapse
organization,” and so on.We also revealed additional AD-related pathways
that could not be obtained from genes in GWAS, including “lipid biosyn-
thetic process,” “brain development,” “intracellular protein transport,”
“trans-synaptic signaling,” and so on. These transcriptomic results
remained robust when we applied a more stringent threshold to the PLS1
gene set (|Z| > 4) (Supplementary Information 9).

Cellular signatures
For genes in the significant PLS1 list, we observed notable distribution in
excitatory neurons (293 genes), inhibitory neurons (233 genes), astrocytes
(171 genes), endothelial cells (137 genes), microglia (111 genes), oligoden-
drocytes (102 genes), and oligodendrocyte precursors (25 genes). The
number of genes in the excitatory neurons, inhibitory neurons, and astro-
cytes reached a significant level (permutation test, 10,000 times, all adjust
Pperm < 0.0261, Fig. 5d). Functional enrichment results demonstrated five
significant pathways, including the “regulation of synapse organization,”
“regulation of plasma membrane bounded cell projection organization,”
“modulation of chemical synaptic transmission,” and “neuron projection
development” (Supplementary Fig. S5). The ontology terms and cell types
information for the AD-related 23 genes from the PLS1 gene set are shown
in Supplementary Table S14.

Reproducibility analysis
We replicated the main analyses on the validation dataset to evaluate the
reproducibility of our findings (Supplementary Information 10). In the

Fig. 5 | Transcriptomic and cellular decoding of
PLS1 gene sets. a Strong positive or negative cor-
relation between specific gene expression and WM
RFCS changes (ABCA1, ADAM10, ANK3, APOC1,
APOE, BCHE, CHRNA3, EPDR1, FERMT2, GSK3B,
HS3ST5, MYO15A, NTN5, PLCG2, PSEN2, RAS-
GEF1C, SLC24A4, SORL1, TNIP1, WNT3, all
PFDR < 0.05). b PPI network of overlapping genes,
highlighting significantly enriched KEGGpathways,
with “Alzheimer’s disease” marked in yellow.
c Ontology terms for PLS1 genes. d Ontology terms
enriched based on the classified PLS1 gene sets in
different cell types (Astro, Astrocytes: number =
171, adjust Pperm = 0.0261; Endo, Endothelial:
number = 137, adjusted Pperm > 0.05; Micro,
Microglia: number = 111, adjust Pperm > 0.05;
Neuro-Ex, Excitatory neurons: number = 293,
adjust Pperm < 0.001; Neuro-In, Inhibitory neurons
number = 233, adjust Pperm < 0.001; Oligo, Oligo-
dendrocytes: number = 102, adjust Pperm > 0.05;
OPCs, Oligodendrocyte precursors: number = 25,
adjust Pperm > 0.05; permutation test, 10,000 times,
FDR corrected).
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validation dataset, the age, sex, or education wasmatched (Supplementary
Table S21) and regressed in all statistical analyses. Kruskal–Wallis test
revealed significant differences in RFCS for some regions that overlapped
with the findings from the discovery dataset (Supplementary Informa-
tion 10.5). However, no significant topological difference was detected in
the validation dataset after the false discovery rate (FDR) correction.
Several factorsmay contribute to thenon-significant results observed in the
validation cohort, including differences in sample size, variability within
the dataset, or heterogeneity of the patients. To further compare the results
from the two datasets, we utilized the Dice Similarity Coefficient to com-
pare the results from both datasetsmore effectively.We found amoderate-
to-high reproducibility in the directional agreement for all fMRI pheno-
typic differences (Supplementary Information 10.6). Then we related gene
expression toWMRFCS changes in the validation dataset. A total of 1699
genes in the PLS1 gene set (|Z| > 3) were identified and significantly
overlapped with the genes obtained from the discovery dataset (odds
ratio = 1.936, P < 0.0001). We further compared the significant GO bio-
logical processes and KEGG pathways (PFDR < 0.01) identified from two
datasets, and observed a considerable overlap (odds ratio = 39.995,
P < 0.0001) (Supplementary Information 10.8). The multi-gene-list meta-
analysis revealed a substantial number of significant terms shared between
both datasets, including “neuron projection development,” “synapse
organization,” “behavior,” and “brain development” (Fig. 6). Other
detailed information could be found in Supplementary Information 10.
These overlapping results across datasets highlight the reproducibility of
biological findings.

Discussion
Combining whole-brain resting-state FC and gene transcriptional profiles,
we characterized AD’s dysfunctional connectivity and diagnosis-related
transcriptional and cellular signatures in WM areas. Compared to CU
individuals, both AD andMCI groups exhibited decreased intra-WM/-GM
FC, increased inter-WM-GM FC, and reduced network properties (i.e.,
assortativity, global/local clustering coefficient, andnodal local efficiency) in
WM (and in GM) functional networks. AD-specific dysfunctional con-
nections were mainly distributed in WM regions, including the ALIC, the
PLIC, the corona radiata, and the left tapetum.Moreover, based on theWM
RFCS, we constructed PLS regression models and identified genes/cells
associated withADWMdamage from a data-driven perspective. Twenty of
twenty-three overlapped genes spatially correlatedwith the RFCS difference
among clinical groups. Ontology terms enriched from the PLS1 gene set
widely overlapped with terms obtained from GWAS and the validation
dataset. Finally, we classifiedPLS1 genes into seven cell types, identifying the
astrocytes and the excitatory and inhibitory cells as strong predictors of
functional WM damage in AD.

Changed functional connectivity in the whole brain
Decreased FCwithinGMregions has beenwidely reported to correlate with
AD patients’ deteriorated cognitive performance and detected in regions
exhibiting abnormal amyloid deposition7,36. Results in this study con-
sistently revealed that FCwasweakenednot onlywithinGMbut alsowithin
WM. The positive correlation between the intra-WM FC and MMSE sug-
gests that the reduced FC within WM may be partly involved in cognitive

Fig. 6 |Validation of functional enrichments. aNetwork of enriched terms colored by cluster ID,where nodes that share the same cluster ID are typically close to each other.
b Network of enriched terms represented as pie charts, where the size of a pie is proportional to the total number of hits that fall into that specific term.
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impairment, similar to the observed GM effect. In contrast, FC between the
WMandGMwas enhanced, suggesting an excessive information exchange
between these brain structures, possibly due to compensatorymechanisms37

and/or typically observed hyperactivity with AD progression38.
Furthermore, we noticed that ALIC, PLIC, the corona radiata, and the

left tapetum were involved in the most significant group differences. The
ALIC has been proposed as a target for deep brain stimulation in AD since
its full connection with all neuromodulation targets39. The PLIC was pre-
viously observed to be involved in the FC aggravated in amnestic APOEε4
carriers, the major genetic risk for developing AD27. The corona radiata
shows decreased fractional anisotropy linked to lower sphingomyelin,
which may aid in vivo AD prediction40. The tapetum presents lower frac-
tional anisotropy in individualswith a family history ofAD41. Thesefindings
align with prior research and offer additional evidence highlighting the
critical role that WM FC plays in AD development.

Abnormalities ingraymatterandwhitematter functionalnetwork
topology
For topological metrics, assortativity characterizes the resilience of a net-
work. A network with high assortativity contains multiple nodes with
similar degrees, therebyperformingbetter in copingwithnodal dysfunction.
Global clustering coefficient is an index of functional segregation, and
denotes the prevalence of connection clusters19. In the present study, we
observed reduced assortativity coefficient and global clustering coefficient
within the GM functional network in AD patients, which is highly con-
sistent with previous studies7,42. Moreover, the lower global clustering
coefficient in AD and MCI patients was observed within WM functional
networks and thewhole-brain network (i.e., includingGMandWM).These
results demonstrate the WM dysfunction in AD, supporting the vulner-
ability and disrupted specialized functioning of patients’ brain networks
across the entire GM and WM.

Nodal clustering coefficient and local efficiency are the two leading
indices of regional functional specificity. Local clustering coefficient reflects
the prevalence of clustered connectivity around each node, while the local
efficiency measures how efficiently a network exchanges information19. In
the current study, nodal clustering coefficient and local efficiency were
significantly decreased for AD or MCI groups within GM or WM regions.
Specifically, these regions are primarily engaged in four functions: sensory-
motor (i.e., postcentral gyrus43 and corticospinal tract44), visual-spatial (i.e.,
parahippocampal gyrus45, bilateral sagittal stratum46, temporal fusiform
cortex47, temporal occipital fusiform cortex, supracalcarine cortex48, occi-
pital pole, posterior thalamic radiation49, and left tapetum50), language (i.e.,
planum polare, heschls gyrus, planum temporale, and bilateral uncinate
fasciculus51), and memory-executive function (i.e., parahippocampal
gyrus45, anterior limb of internal capsule52). Noticeably, the deficits in these
functions are the clinical phenotypes of AD53. These findings support that
the two nodal metrics of WM effectively capture the pathological features
typically observed in AD. Furthermore, it had been reported that reduced
clustering coefficient and local efficiency inGMwere accompanied bymore
tau burden inAD54. However, we did not detect significantly decreased local
efficiency in GM regions. Given that our participants were classified as
having mild AD, they may still be in an earlier stage of tau pathology
development, which could account for the absence of abnormal local effi-
ciency in our findings55,56. The relationship between WM functional net-
work reconfiguration and amyloid and tau burden remains to be explored.

AD-risk genes related to the functional connectivity changes
The WM dysfunction pattern significantly co-localized with gene expres-
sion profiles. In the PLS1 gene set, we noted a strong-positive (or negative)
spatial correlation between the 20 genes expression level and the changes of
WM RFCS.

ABCA1 is linked to cholesterol transport and apolipoproteinE (APOE)
metabolism in the brain57,58. The rare, predicted damaging variants in
ABCA1, alongside variants in SORL1 and ABCA7, are significantly asso-
ciated with increased AD risk59. The APOE ε4 allele plays a role in the

toxicity of both β-amyloid and phosphorylated tau protein60 and is con-
sidered the most significant genetic risk factor for late-onset AD61. The
influence of the APOE gene on cortical FC has been widely reported62–64.
Moreover, the mutations in PSEN2 are unambiguously involved in the
metabolism of brain amyloid-β61, and transcriptomic variations in PSEN2
may contribute to the pathogenesis of sporadic AD65. Beyond their roles in
AD, these genes have also been implicated in other neurodegenerative
diseases. For instance,ABCA1 is associatedwith Parkinson’s disease58, while
APOE variants have been linked to frontotemporal dementia and vascular
dementia60. In addition, our analysis found a strong correlation between
BCHE gene expression and decreased RFCS in patients. BCHE encodes
butyrylcholinesterase (BuChE), an enzyme highly expressed in WM and
associated with amyloid protein plaque accumulation and AD
progression66. Previous inhibition of BuChE has brought potential benefits
for patients suffering from AD67. Furthermore, the SLC24A4 gene has
emerged as a promising key biomarker for AD diagnosis due to its invol-
vement in brain amyloidosis and tauopathy68. Our findings underscore a
strong spatial relationship between these AD-related genes and WM FC,
complementing the existing results. Additional direct and causal analyses
are warranted to further elucidate the underlying biological mechanisms.

Biological processes enriched with the PLS1 gene set
We identified ontology terms enriched on the PLS1 gene set, which con-
tained 11 of 13 terms enriched from genes inGWASofAD24,35. These terms
cover many biological functions, including behavior, protein, synapse, and
cellular processes. Notably, synapse-related processes such as “regulation of
synapse structure or activity,” “synapse organization,” and “modulation of
chemical synaptic transmission” were detected. Synaptic loss and damage
underlie the symptoms of neurodegenerative disease69. Trillions of synapses
in the healthy brain form the path of information flow. In AD patients, the
accumulation of amyloid-βmay induce a decrease in synaptic signaling and
damage the communication at synapses1. The processes of “neuron pro-
jection development” and “behavior” further illustrate the impact of AD on
cognitive functions. Neuron projection development is crucial for estab-
lishingproperneural circuits. Properneuronal projectionplays a critical role
in maintaining cognition and preventing neurodevelopmental disorders70.
Research involving the AD mouse model suggested that a significant pro-
portion of subcortical amyloid-βwas derived from cortico-thalamic axonal
projections71. In addition, it has beenhypothesized that taupathologywithin
specific projection neurons, particularly those characterized by vulnerable
microenvironments, can initiate sporadic AD72. These insights underscore
the importance of neuronal projections in the progression of AD, and the
changes in WM may underlie the cognitive impairment observed in AD
patients. Importantly, these processes were replicable in the validation
dataset, supporting the transcriptional signature ofWMdysfunction inAD.

We also revealed additional AD-related pathways that could not be
obtained from genes in GWAS. Abnormal “intracellular protein transport”
was the earliest defect observed in neurodegenerative disorders and con-
tributed to the pathogenesis of AD73. The “trans-synaptic signaling”
involved communication between the post- and pre-synapses andmediated
the establishment and plasticity of synapses. Disruption of trans-synaptic
signaling could lead todysfunctionandcognitive impairment74. These terms
showed a strong association with AD and further suggest the potential role
of WM FC in AD pathology.

Cellular features
Finally, we observed that a substantial portion of the genes in the PLS1 list
were significantly distributed in excitatory neurons, inhibitory neurons, and
astrocytes. The excitatory neurons exhibited a decline as AD pathology
progressed75. Among the excitatory neurons, the pyramidal cells were
thought to be responsible for the spread of pathological proteins through
their axons and, thus, the critical element in AD76. Inhibitory interneurons
regulate neuronal network oscillations essential for cognitive functions.
Disruption of inhibitory function contributed to hyperexcitability in AD,
which may serve as a predictive marker of cognitive impairment38.
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Moreover, the balance between excitatory and inhibitory neuronal activity
was essential for normal cognition. Disturbances in this balance serve as a
key factor driving neurodegeneration and network dysfunction77 and could
cause the intellectual decline in AD78. Astrocytes have been recognized for
their remarkablemorphological changesduringADprogression.These cells
are vital for nutrient supply for neurons, eliminating unnecessary synaptic
connections79 and maintaining brain homeostasis maintenance80. Properly
controlling astrocyte pathology could be a promising approach for AD
treatment80,81.

Methodological considerations and future directions
Several limitations of the current study need to be noted. First, these results
are based on a cross-sectional design, which cannot adequately delineate the
relationship between the WM functional changes and the disease course.
Second, our findings were primarily based on clinical dementia rating
(CDR) scores, which could not fully capture the heterogeneity of the
underlying conditions in the clinical groups. Third, environmental factors
such as pollutants and lifestyle were not rigorously controlled. Exposure to
environmental pollutants could induce oxidative stress, encourage the
production of amyloid-β, and finally affect the epigenetic or genetic
regulation82. Sleep disorder could lead to greater functional disconnection
and compensatory functional network organization in MCI patients83.
Future studies could benefit from exploring how various environmental
variables interact with genetic factors in AD and MCI patients. Fourth, to
minimize the nuisance effects on WM from nearby GM, we adopted a
practical anatomical WM atlas to obtain WM regions. However, the
inconsistent region sizes in the WM atlas inevitably impact the mean
functional signal. How to segment theWM tract better for functional signal
extraction couldbe an important topic for futurework. Finally, the genedata
were derived from the neurotypical templates based on postmortem tissue
fromcognitively normal individuals.Although the identified transcriptional
patterns remain relevant in capturing vulnerability to disease factors, as
proved by previous studies10, theymay not be representative enough for the
whole-brain molecular signatures of patients.

In summary, the current study characterized functional dysregulation
in WM (and in GM) of the AD/MCI brain and its spatial gene expression
and cellular correlates. AD andMCI individuals showed decreased FC and
clustering coefficients in both GM and WM regions, which are linked to
cognitive functions typically impaired in AD. Using the PLS model and
enrichment analyses, we investigated the gene transcriptional signature
associated withWM functional changes and obtained the related biological
processes and cell types in AD. The identified ontology terms shared con-
siderable overlap with terms obtained from GWAS and supported the
significance of WM functional changes in AD. These findings provide
insight into the association between the transcriptional data and WM
dysfunction and further advance our understanding of the pathophysiolo-
gical mechanisms of AD.

Methods
Participants
The current study employed the discovery dataset shared from theOASIS-3
(https://www.oasis-brains.org/)30. Evaluated by the CDR score, all partici-
pants were categorized as 53mild AD (CDR = 1), 90MCI (CDR= 0.5), and
100 age-, sex-, and education-matchedCU(CDR= 0). TheMMSEwas used
to evaluate clinical symptoms. The detailed quality control steps for images
can be found in Supplementary Information 1, lifestyle information is
available in Supplementary Information 6, and the effect of APOE ε4 on FC
is discussed in Supplementary Information 7. All participants were con-
sented into Knight ADRC-related projects following procedures approved
by the Institutional Review Board of Washington University School of
Medicine.

As an independent validation sample, we included 175 participants
with T1 and resting functional images, consisting of 38 AD, 65MCI, and 72
CU. The validation dataset was obtained from the ADNI database (adni.
loni.usc.edu). The 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 MRI, positron
emission tomography, other biological markers, and clinical and neu-
ropsychological assessment can be combined tomeasure the progression of
MCI and early AD. For up-to-date information, see www.adni-info.org.
Written informed consentwas obtained from all subjects and/or authorized
representatives and study partners. The research was conducted following
protocols approved by the institutional review board at each participating
site. All ethical regulations relevant to human research participants were
followed.

MRI acquisition
Discovery dataset. High-resolution T1-weighted images and resting-
state fMRI were acquired using a 16-channel head coil on Siemens TIM
Trio 3 T scanners. The main scanning parameters for resting-state fMRI
include: repetition time (TR) = 2200 ms, echo time (TE) = 27ms, flip
angle = 90°, number of slices = 36, slice thickness = 4 mm, and voxel
size = 4 × 4 × 4mm3. The scanning parameters for T1-weighted anato-
mical images are as follows: TR = 2400 ms, TE = 3.16 ms, flip angle = 8°,
voxel size = 1 × 1 × 1mm3, number of slices = 176, and slice
thickness = 1 mm.

Validation dataset. MRI data were obtained on 3 T scanners. The main
scanning parameters for resting-state fMRI include: TR = 3000ms, TE =
30ms, flip angle = 80°, number of slices = 48, slice thickness = 3.31 or
3.40mm, andvoxel size = 3.31 × 3.31 × 3.31 or 3.44 × 3.44 × 3.40mm3. The
scanning parameters for T1-weighted anatomical images are as follows:
TR = 6.81 or 2300ms, TE = 3.16 or 2.98ms, flip angle = 9°, and voxel
size = 1.2 × 1 × 1 or 1 × 1 × 1mm3.

Preprocessing steps of functional images
The preprocessing of neuroimaging datawas performed using the Statistical
Parametric Mapping (SPM12, https://www.fil.ion.ucl.ac.uk/spm/software/
spm12/) and Data Processing Assistant for Resting-State fMRI (DPARSF,
V4.4_180801, http://rfmri.org/dparsf). The first 10 volumes of functional
images were removed to avoid magnetization disequilibrium for each par-
ticipant. The remaining 154 volumes were realigned. All participants have
maximum motion <2mm and 2°. The T1 structural images were co-
registered and then segmented into GM, WM, and cerebrospinal fluid
(CSF). Nuisance signals (i.e., the 24 parameters and themean signal of CSF)
were regressed. A temporal scrubbing regressor was also utilized to reduce
the effect of head motion. The linear trend was removed for the signal drift
correction. The band-pass filtering (0.01–0.1 Hz) was used to reduce the
impact of low-frequency drift and high-frequency physiological noise.
Spatial smoothing was performed separately within the GM and WM
templates with a 4mm FWHM. Finally, the smoothed functional images
were normalized into theMontreal Neurological Institute (MNI) space and
resampled to 3 × 3 × 3mm3.

Obtaining the group-level white matter and gray matter masks
To avoid confusion between GM and WM signals, we created the group-
level GM andWMmask in line with the previous study13,14. Specifically, by
determining themaximumprobability of whether each voxel belongs to the
GM, WM, or CSF, we can get binarized GM and WM masks for each
participant. Then, the individual masks were compared across all partici-
pants. Voxels that account for over 60% of the total individual WM tem-
plates were classified as WM. Noticeably, a lenient threshold greater than
20% across participants was adopted for GM, and any voxels identified in
theWMmaskwere removed. In addition, the resultingGMandWMmasks
were compared to the functional images. Those voxels identified as GM or
WM but accounted for less than 80% of functional data across all partici-
pants were also excluded. Finally, the Harvard-Oxford subcortical atlas32

was used to mark and exclude the deep regions from the group-level WM
mask, including the thalamus, caudate nucleus, putamen, globus pallidus,
and nucleus accumbens.
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Constructing functional connectivity matrices in white matter
and gray matter
Before performing the network properties analysis, we conducted the point
multiplication on the group-level WM mask and the JHU ICBM-DTI-81
WM atlas31 to obtain a final WM atlas with 48 ROIs. This procedure to
obtain thefinalWMatlas has beenwidely employed inprevious studies8,10,13,
matching the anatomical architecture well12, and allowing for consistency
and comparability with existing literature. We excluded 3 ROIs with no
voxels or thenumberof voxelswasone.Eventually, 45ROIswere retainedas
the final WM mask. Additionally, the group-level GM mask was point
multiplied with the Harvard-Oxford cortical atlas32 to obtain the final GM
mask with 96 ROIs. For details on ROIs, see Supplementary
Tables S3 and S4.

The averaged time series of each WM/GM ROI was separately
extracted from the functional images for each participant. By conducting
Pearson’s correlation analysis between each pair ofWMmasks, we obtained
a 45 × 45WM correlation matrix for each participant and transformed the
correlation coefficient into Fisher’s Z score. Similarly, we obtained a 96 × 96
GMconnectionmatrix and a 141 × 141whole-brain connectivitymatrix for
each individual.

Network topological property analysis
Graph theoretical analysis was carried out using the Graph Theoretical
Network Analysis (GRETNA) Toolbox (http://www.nitrc.org/projects/
gretna/). The sparsity threshold values were identified by referring to the
previous study22. The maximal threshold was defined as the correlation
coefficient value, which ensured all connections were significant (P < 0.05).
Theminimumthresholdwas defined as follows: (1) themeandegreeover all
nodes of each network was >2 × log(N) (N expresses the number of nodes,
N = 45 inWMnetwork,N = 96 in GM network, andN = 141 in the whole-
brain network); (2) the number of nodes in the largest component was
>70% ×N. The range of sparsity thresholds was 0.23–0.46 for the WM
functional network, 0.11–0.50 for the GM functional network, and
0.09–0.47 for the whole-brain network, with a common step of 0.01.

To characterize the topological properties of brain networks, we cal-
culated two global network metrics (i.e., assortativity and global clustering
coefficient) and two nodal parameters (i.e., nodal clustering coefficient and
nodal local efficiency) on the unweighted, undirected graphs.

Assortativity quantifies the resilience of a network. The formula is as
follows:
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l�1P
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� �h i2
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2

� �
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ki, kj are the degrees of the nodes at the ends of the edge i,
with i ¼ 1 . . . l.

Clustering coefficient of node i characterizes the prevalence of clus-
tered connectivity around individual nodes, and is defined as follows:

CðiÞ ¼ 2ti
kiðki � 1Þ ð2Þ

C ¼ 1
n

X

i2N
CðiÞ ð3Þ

CðiÞ is the clustering coefficient of node i, ti is the number of edges in
the subgraphNi, andki represents thenumber of nodes connected tonode i.

Local efficiencymeasures how efficient the communication is between
the first neighbors of a node i when i is removed. The formula is as follows:

ElocðiÞ ¼
1

ki ki � 1
� �

X
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� � ð4Þ

ki is the number of nodes in the subgraph Ni that includes all neigh-
boring nodes of node i, and djhðNiÞ is the shortest path length between node
j and node h in subgraph Ni.

Statistical analyses
To investigate the differences among AD, MCI, and CU groups, we con-
ducted statistical analysis on FC, graph theoretical metrics, and RFCS
separately.We performed non-parametric permutation tests on FC (10,000
times) and conducted the Kruskal–Wallis test on RFCS and the area under
the curve (AUC) of topological metrics. In the post hoc analysis, theMann-
WhitneyU test was used for all measures. Among all the above analyses, the
effects of age, sex, and education were all regressed as covariates. Finally, a
robust Spearman’s rank correlation with a bootstrap of 1000 times was
performed to examine the association between clinical characteristics and
FC. Unless otherwise specified, all P values were adjusted for multiple
comparisons using the FDR procedure with a significant threshold of 0.05.

The trade-off in the gene dataset
Microarray dataset from the AHBA can provide a spatially refined analysis
of gene expression across brain regions and has been utilized inmany high-
quality studies investigating various neuropsychiatric disorders, including
AD23, schizophrenia84, neurodevelopmental disorders85, major depressive
disorder86, and other major psychiatric disorders10. However, this spatial
resolution comeswith trade-offs.Microarray has amore restricted dynamic
range and typically detects fewer differentially expressed genes than RNA-
Seq87. In our study, we opted to use the same AHBA microarray dataset as
earlier neuropsychiatric research, as this detailed mapping of gene expres-
sion patterns is particularly valuable for our current study. We conducted
two supplementary experiments to validate the quality of gene data (Sup-
plementary Information 11).

Microarray gene expression
Regional microarray expression data were obtained from 6 postmortem
brains (one female, ages 24.0–57.0, mean (s.d.) = 42.50 (13.38), Supple-
mentary Information 2) provided by the AHBA29 (https://human.brain-
map.org). Data were processed with the abagen toolbox (version 0.1.3;
https://github.com/rmarkello/abagen) using a 45-region volumetric atlas in
MNI space. First, microarray probes were reannotated using data provided
by the reference88, probes not matched to a valid Entrez ID were discarded.
Next, probes were filtered based on their expression intensity relative to
background noise89, yielding 31,569 probes.Whenmultiple probes indexed
the expression of the same gene, we selected and used the probe with the
most consistent pattern of regional variation across donors90 (i.e., differ-
ential stability). Gene expression values were normalized across tissue
samples using a robust sigmoid function91. Samples assigned to the same
brain region were averaged separately for each donor and across donors.
Finally, we got a 45 × 15,632 regional expression matrix for WM and a
96 × 15,632 regional expression matrix for GM. See Supplementary Infor-
mation 3 for detailed reports on estimating gene expression matrices.

Relating gene expression to functional changes in brain regions
To relate the FC of each brain region to the transcriptional values, we
calculated the RFCS. ForWM regions, RFCSwas estimated by averaging its
FC with the other 44 WM regions. Similarly, for GM regions, RFCS was
calculated by averaging its FC with the other 95 GM regions. Group dif-
ferences in RFCS were examined using the Kruskal–Wallis test (see
“Methods,” subsection “Statistical analyses”).

Because the right hemispheres in the AHBA dataset were incomplete
(i.e., two of the six right hemispheres were collected)88, gene expression
values of only 48 GM ROIs and 21 WM ROIs in the left hemisphere were
used for subsequent analyses. A PLS regression model34 was built using the
principal components of the imaging-transcription matrix as the inde-
pendent variables to predict the group differences in GM or WM RFCS,
respectively. Then, the permutation test (5000 times) was used to evaluate
the significance of the variance. After that, we performed bootstrapping to
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estimate the PLS1 weights for each gene and normalized the weight scores.
PLS1 genes were filtered using the weight score |Z| > 384.

Enrichment analysis
Tofigure out themolecular features of the thousands of genes, we submitted
the PLS1 (|Z| > 3) gene set to Metascape92 (http://metascape.org). Two core
default ontologies (i.e., GO biological processes and KEGG pathways) were
selected. The significant threshold of 0.05 was set for all terms, and FDR
correction was used for multiple comparisons. Moreover, to compare the
gene set obtained by data-driven analysis versus genes derived through
meta-analysis, we conducted the multi-gene-list meta-analysis between the
PLS1 gene set and AD risk genes from the GWAS24,35. Furthermore, a PPI
network for the overlapped genes was identified by utilizing STRING
(version 12.0, https://string-db.org/), with a high confidence value of 0.793.

Cell types
We assigned the PLS1 gene set to seven types of cells, including the astro-
cytes, endothelial cells, microglia, excitatory neurons, inhibitory neurons,
oligodendrocytes, and oligodendrocyte precursors, by overlapping the PLS1
gene set with previously reported gene sets for each cell type85. Next, a
permutation test was conducted to determine the significant number of
genes belonging to each cell type. Finally, we performed functional
enrichment analysis based on the gene setwithin each cell type to investigate
the cellular signatures associated with the abnormal WM RFCS.

Statistics and reproducibility
Statistics were performed using MATLAB and GraphPad Prism. See the
above section titled “Statistical analyses” for details. For the genetic analysis,
the comparative analysis was performed using both GM and WM (Sup-
plementary Information 8). The transcriptomic results remained robust
when we applied a more stringent threshold to the PLS1 gene set (|Z| > 4)
(Supplementary Information 9). We repeated the main analysis on the
validation dataset obtained from the ADNI database (38 AD, 65 MCI, and
72 CU). To quantify the reproducibility of WM dysfunction in AD, we
calculated theDice Similarity Coefficient based on t value signs (e.g., AD vs.
CU) between the discovery and validation datasets. To validate the tran-
scriptomic findings, we performed a multi-gene-list meta-analysis on the
PLS1 gene sets from both datasets, utilizing the odds ratio to measure the
degree of overlap. Details are shown in Supplementary Information 10.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
Imaging data supporting this study are publicly available from the OASIS-3
dataset (https://central.xnat.org) and the ADNI dataset (https://adni.loni.usc.
edu/) upon registration and compliance with the data usage agreement.
Human gene expression data in this study are available from the Allen Brain
Atlas (“Complete normalizedmicroarray datasets,”https://human.brain-map.
org/static/download).Cell-specific gene set list canbeobtainedathttps://static-
content.springer.com/esm/art%3A10.1038%2Fs41467-020-17051-5/Media
Objects/41467_2020_17051_MOESM8_ESM.xlsx.Thegenesetsderived from
PLS1 and GWAS can be found in Supplementary Data 1 and 2, respectively.

Code availability
All analytical procedures in the current study are based on publicly available
software.Theneuroimagingpreprocessing, functional connectivity, andgraph
theoretical analysis are performed using SPM12, DPARSF (V4.4_180801,
http://rfmri.org/dparsf), andGRETNA (v2.0.0, http://www.nitrc.org/projects/
gretna/), respectively. Transcriptional level matrices were obtained using the
abagen toolbox (v.0.1.4, https://github.com/rmarkello/abagen) on the AHBA
dataset (http://human.brain-map.org). Codes for PLS can be found at https://
github.com/SarahMorgan/Morphometric_Similarity_SZ84. The adapted

codes are available on Zenodo (https://doi.org/10.5281/zenodo.15294200)94.
Gene enrichmentswere performed at https://metascape.org/gp/#/main/step1.
The brainmapswere visualizedwith the BrainNet Viewer (v1.7, https://www.
nitrc.org/projects/bnv/).
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