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ARTICLE INFO ABSTRACT

Keywords: Alzheimer’s disease (AD) pathology disrupts functional brain connectivity long before symptoms emerge. African
Alzheimer’s disease Americans face elevated AD risk, yet underlying mechanisms remain unclear. Genetic risk differs by ancestry:
ABCA7

APOE-¢4 strongly predicts late-onset AD in European ancestry, whereas ABCA7 rs115550680 confers substantial
risk in African ancestry. Yet, how these variants influence neural function in African Americans is unclear. The
Network flexibility medial temporal lobe (MTL) is an early target of AD pathology and resting-state functional Magnetic Resonance
Dynamic functional connectivity Imaging (rs-fMRI) measures of dynamic network connectivity (hereafter “flexibility”), the brain’s capacity to
African Americans dynamically reconfigure connectivity, provide a sensitive metric of network adaptability, potentially preceding
structural decline. However, comparative influence of APOE-¢4 and ABCA7 rs115550680 on MTL flexibility and
subregional volumes in this population is unknown. 146 older African Americans (Meanag=69.71 Meansp=6.29)
were genotyped for APOE-¢4 and ABCA7 rs115550680 via saliva samples. Rs-fMRI was used to calculate MTL
flexibility and T1-weighted MRI quantified MTL subregional volumes. ANCOVAs controlled for age, sex, and
education, and APOE-¢4 when ABCA7 rs115550680 was the predictor. ABCA7 rs115550680 risk allele carriers
exhibited lower MTL flexibility than non-carriers (p = .042) and APOE-¢4 allele carriers (p = .030). They also
showed hypertrophy in left anterior hippocampus (p = .049), bilateral entorhinal cortex (ERC) (right p = .048;
left p = .020) compared to non-carriers, and greater left ERC volume than APOE-¢4 allele carriers (p = .027).
APOE-¢4 or interaction effects were not significant (p > .05). These findings provide preliminary evidence that
ABCA7 rs115550680 risk allele, but not APOE-¢4 allele, is linked to reduced MTL flexibility and subregional
hypertrophy in older African Americans, suggesting ancestry-specific mechanisms of early AD risk.

APOE-e4
Medial temporal lobe

1. Background Alzheimer’s disease (AD) compared to other racial and ethnic groups in
the United States (Barnes, 2022). The prevalence of AD is almost twice
Older African Americans experience disproportionately high rates of as high in this population, yet the neural and genetic mechanisms
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underlying early vulnerability remain understudied (Mayeda et al.,
2016).

The medial temporal lobe (MTL), comprising memory-critical
structures such as the hippocampus, entorhinal cortex, and perirhinal
cortex, is among the earliest affected regions in AD (Berron et al., 2020).
Although resting-state functional Magnetic Resonance Imaging
(rs-fMRI) has provided key insights into large-scale brain network al-
terations in AD, static connectivity approaches overlook the brain’s
capacity for dynamic reconfiguration over short time periods (Hutchison
et al., 2013). Dynamic functional connectivity, the brain’s capacity to
dynamically reconfigure connectivity (hereafter “flexibility”), quantifies
transient shifts in connectivity states and is emerging as a sensitive
marker of early neural dysfunction (McLaren et al., 2014). In the MTL,
subtle disruptions in dynamic flexibility may reflect synaptic in-
efficiencies and early compensatory breakdowns that occur before
structural atrophy (Dickerson and Sperling, 2008). Regional hyperac-
tivity, inter-network hypo-connectivity, and instability in the MTL, have
also been linked to impaired neuroplasticity and cognitive function
(Dickerson et al., 2009; Dickerson and Sperling, 2008).

Genetic factors are a major contributor to AD, accounting for an
estimated 58-79 % of disease risk at the population level (Mayeux,
2006). In African ancestry, two key genetic contributors to the late-onset
AD are apolipoprotein E (APOE) and ATP-binding cassette subfamily A
member 7 (ABCA7) (Stepler et al., 2022). While APOE-¢4 allele is
prevalent in this population, its associated risk is attenuated compared
to European or Asian ancestry (Rajabli et al., 2018). The APOE-¢4 allele
is also associated with hippocampal hyperactivation in older African
Americans (Sinha et al., 2018). On the other hand, ABCA7 rs115550680
contributes to AD through the suppression of microglial Ap clearance
and is associated with AD development in African Americans (Aikawa
et al., 2018; Stepler et al., 2022). The mechanistic underpinnings of
ABCA7-related AD vulnerability still remain unclear, but prior evidence
implicates its role in lipid metabolism, amyloid processing, and micro-
glial function, all of which contribute to AD pathophysiology (Miao
etal., 2023). Our prior work showed that ABCA7 rs115550680 risk allele
carriers had a functionally segregated entorhinal cortex and impaired
learning, pointing to MTL network dysfunction as a potential early
biomarker among older African Americans (Sinha et al., 2019).

The ABCA7 rs115550680 risk allele exerts a stronger association
with AD risk than the APOE-¢4 allele in African Americans (De Roeck
et al., 2019; Reitz et al., 2013; Stepler et al., 2022). We hypothesized
that “Cognitively unimpaired older African Americans carrying the ABCA7
rs115550680 risk alleles will exhibit reduced MTL flexibility and subregional
hypertrophy compared to both non-carriers as well as to APOE-¢4 allele
carriers, reflecting early neural dysfunction associated with preclinical AD”.
The present study investigated the impact of APOE-¢4 allele and ABCA7
rs115550680 risk allele on flexibility and volume within the MTL region
among cognitively unimpaired older African Americans. These findings
aim to provide insights into ancestry-specific AD vulnerabilities which
may inform future personalized-medicine targeted early intervention
strategies.

2. Methods
2.1. Participants

Participants were recruited from an ongoing longitudinal study at
Rutgers University-Newark of aging and AD risk in African Americans.
Recruitment utilized the Aging & Brain Health Alliance, a university-
community partnership engaging local senior centers, public and sub-
sidized housing associations, religious institutions, health and wellness
organizations, and other entities focused on the well-being of greater
Newark residents. Recruitment through community-based outreach may
preferentially attract individuals who are more health-engaged or who
have personal or family concerns about cognitive aging, which may
influence sample composition. All participants were distinct, unrelated
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individuals, and no relatives were included in the study.

Participants aged 60 years or older with a Mini-Mental State Exam-
ination (MMSE) score of 24 or above were eligible for inclusion for the
current study. African American race/ethnicity was determined by
participant self-report at enrollment. Exclusion criteria included any
diagnosis of neurodegenerative disease, use of medications typically
prescribed for dementia, history of learning disabilities, self-reported
alcohol and/or drug abuse, general anesthesia within the past three
months, MRI contraindications, and/or refusal to provide a saliva and/
or blood sample. The study was approved by the Rutgers University
Institutional Review Board, adhering to ethical guidelines and regula-
tions of the Declaration of Helsinki.

2.2. Procedure

Potential participants received a telephone screening to assess initial
eligibility. Those who met the criteria proceeded to provide informed
consent. Subsequently, participants underwent a comprehensive labo-
ratory visit including cognitive assessments, saliva collection, and MRI
scans. All imaging and clinical data, including MRI and MMSE, were
collected during the same study visit, and participant age in years re-
flects age at that visit.

2.3. Measures

2.3.1. Genetic procedures

Saliva samples for DNA extraction and genotyping were collected
using DNA Genotek® Oragene (ORG-600) kits. These saliva sample
tubes were securely stored in the laboratory before being processed for
data analyses. Biosafety-trained research staff transported the samples
to an off-site biotechnology facility for genotyping. The genotyping
process involved quantitative PCR on Eppendorf Master cyclers using
the TagMan custom genotyping assay. Following genotyping, partici-
pants were classified as either APOE-¢4 allele carriers or non-carriers,
regardless of hetero- or homozygosity(Foster et al., 2017). All
APOQE-¢4 allele heterozygotes were included in the study, even those
with £2/e4 genotype, as the presence of the €4 allele alone confers an
increased risk for AD(Liu et al., 2013). ABCA7 rs115550680 genotyping
was performed using a quantitative polymerase chain reaction, identi-
fying "G" allele carriers as ABCA7 rs115550680 risk allele carriers(De
Roeck et al., 2019). Genotyping was limited to selected candidate loci
using TagMan assays; genome-wide genotype data were not available.

2.3.2. MRI data acquisition

Participants underwent MRI at the Rutgers University Brain Imaging
Center (RUBIC) located at the Rutgers University-Newark campus. MRI
acquisitions were conducted through 3 T Siemens TRIO scanner equip-
ped with a 32-channel multiband parallel encoding coil. Structural scans
were performed with high-resolution 3D magnetization-prepared rapid
gradient echo (MP-RAGE) in the sagittal plane (TR=1900ms,
TE=2.52ms, 1.0 x 1.0 x 1.2 mm voxels). The scanning parameters for
the high-resolution multiband echo-planar functional imaging (rs-fMRI)
were as follows: TR= 664ms, 1.8 mm isotropic voxels, 812 time points,
multiband factor= 5. Total acquisition time was ~14 min.

2.3.3. Resting state fMRI data analysis

2.3.3.1. Preprocessing. All neuroimaging data were processed and
analyzed using AFNI (Linux) with standard afni_proc.py pipeline (Cox,
1996). Rs-fMRI data underwent despiking (3dDespike), slice timing
correction (3dtshift), and alignment to skull-stripped MP-RAGE images
(align_epi_anat.py). Motion was corrected (3dvolreg), and data were
smoothed to 2 mm FWHM (3dmerge). A brain mask (3dautomask)
excluded non-brain voxels. A custom script was implemented to ensure
data integrity by excluding trials exhibiting motion exceeding 0.3 mm
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from the time series, enhancing the reliability of the analyses. To reduce
noise, ANATICOR was applied (Power et al., 2014). Nuisance regressors
(six motion parameters and linear drift) were modeled with 3dDe-
convolve. Structural scans were normalized via Advanced Normaliza-
tion Tools (ANTs) employed a diffeomorphic nonlinear registration
algorithm (SyN) to a custom 0.65 mm isotropic in-house template
(Avants et al., 2008; Klein et al., 2009); aligned functional data were
transformed to this template for group-level analysis.

2.3.3.2. Dynamic network construction. Dynamic functional connectiv-
ity within the MTL was investigated, focusing on cortical and hippo-
campal sub-regions (subiculum, Cornu Ammonis 1 (CAl), and Dentate
Gyrus (DG)/CA3) as well as Perirhinal Cortex (PRC), Parahippocampal
Cortex (PHC), Posteromedial Entorhinal Cortex (pMEC), and Antero-
lateral Entorhinal Cortex (aLEC). The PRC and PHC provide input
respectively to the lateral and medial EC, which in turn project into the
hippocampus. In this study, pMEC and aLEC were considered as separate
ROIs within the MTL network. For each ROI (3dmaskave), an average
time series encompassing 812 time points was extracted, excluding the
initial six and last six time points. These time series were subsequently
divided into sub-blocks of 50-time points (33 s) to evaluate the dynamic
connectivity between ROIs across 16 time-windows. The duration of the
time window was set to be long enough to allow for an accurate
assessment of correlations throughout frequencies located in the wavelet
band of interest (0.06-0.12 Hz), but short enough to allow for a fine-
grained measurement of temporal evolution over the whole session
(Telesford et al., 2016). For each of the 16 non-overlapping sub-blocks,
connectivity was then determined as the magnitude squared spectral
coherence between each pair of ROIs to quantify modularity across time
frames (Bassett et al., 2013a, 2013b, 2011). Subject-specific 7 x 7 x 16
connectivity matrices were constructed, representing coherence values
ranging from 0 to 1 across 7 ROIs and 16 time-windows. Coherence, a
measure of frequency-specific linear correlations between time series,
was employed due to its efficacy in capturing functional relationships
within the fMRI data (Sun et al., 2004). A multilayer network technique
was employed, where each layer consists of a network derived from a
single time window and subsequent layers correspond to subsequent
time windows. This approach enabled the investigation of changes in
functional brain network architecture over time. Each participant's
multilayer networks were constructed by connecting nodes in the con-
nectivity matrix to the equivalent node in the connectivity matrix of
consecutive time windows. Networks were interconnected across time
as a result of the multilayer network linking each network node to itself
in previous and subsequent time slices. As a result of this representation,
a time-dependent network was constructed that allows each network
layer to be divided into densely interconnected sub-groups, called
communities or modules, whose identities are reliably recorded over
time frames (Bassett et al., 2013b; Mucha et al., 2010a).

2.3.3.3. Dynamic community detection. A Louvain-like locally greedy
community detection algorithm for optimizing multilayer modularity
was utilized to partition each multilayer network into temporally con-
nected modules (Mucha et al., 2010b). A community assignment rep-
resenting the module connectedness for each node and time frame was
constructed by optimizing multilayer modularity. The flexibility of each
node was defined as the extent to which it altered its module allegiance
over the set of time frames represented by the multilayer network to
enable it to measure alterations in the composition of communities
through time (Bassett et al., 2013a, 2013b, 2011). Therefore, flexibility
was calculated for each of our 7 ROIs (PRC, PHC, pMEC, aLEC, sub-
iculum, CA1, DG/CA3) as the number of times a node indicated a change
in community assignment, normalized by the total number of possible
changes. The mean flexibility over all nodes was then computed to
determine MTL dynamic network flexibility as the primary outcome.
Overview of the rs-fMRI data preprocessing and dynamic network
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connectivity (“flexibility”) analysis process was shown in Fig. la.

2.3.4. MTL subregional and anterior/posterior hippocampus segmentation
and volume normalization

MTL subregions and anterior/posterior hippocampus were
segmented using the Automatic Segmentation of Hippocampal Subfields
(ASHS) toolbox (Xie et al., 2016), which uses high-resolution T1
-weighted structural MRI with multi-atlas label fusion to delineate
distinct MTL structures. Segmented regions included the anterior and
posterior hippocampus, ERC, Brodmann areas 35 and 36 (BA 35 and BA
36), and the PHC, bilaterally. To adjust for individual differences in head
size, regional volumes were normalized to estimated total intracranial
volume (eTIV) derived from FreeSurfer7.3.2 (Buckner et al., 2004;
Fischl, 2012), using each participant’s T1-weighted image. A represen-
tative example of the ASHS segmentation outputs is shown in Fig. 1b,
illustrating the 3D reconstructions and coronal/sagittal overlays of the
hippocampal and surrounding MTL subregions.

2.4. Statistical analysis

Jamovi version 2.6.24.0 was used for statistical analysis. Summary
statistics and histograms were generated to evaluate data distributions,
and outliers were checked. Statistical approaches that allow inclusion of
cases with missing data were applied to maximize available information.
No data were imputed; missing values were handled using model-wise
exclusion such that participants were included in all analyses for
which complete data were available. A series of general linear models
(ANCOVAs) was conducted to examine group differences in the MTL
flexibility and subregion volumes for

1) ABCA7 rs115550680 risk allele carriers and non-carriers;

2) APOE-¢4 allele carriers and non-carriers; and

3) Direct comparison of ABCA7 rs115550680 risk allele-only carriers
and APOE-¢4 allele-only carriers (excluding dual carriers).

All models included age, sex, and education as covariates; when
ABCA7 rs115550680 was the predictor, APOE-¢4 status was additionally
included as a covariate (and vice versa). APOE genotype was coded
dichotomously as €4 carrier versus non-carriers, with individuals car-
rying at least one €4 allele (¢2/¢4, €3/¢4, or e4/¢4) classified as APOE-¢4
allele carriers and all other genotypes classified as non-carriers. Criti-
cally, we also run two-way ANCOVA with factors ABCA7 rs115550680
(risk allele carriers vs non-carriers) x APOE-¢4 (allele carriers vs non-
carriers) to test interaction effects on each outcome (covariates: age,
sex, and education). MMSE was not included as a covariate because all
participants were cognitively unimpaired, MMSE scores showed limited
variability, and MMSE did not differ across genetic groups. Volumes
were normalized to eTIV; therefore, eTIV was not added as a covariate.
Results are reported as F, p, and partial n* (7,?) with o = .05 (two-tailed).
The significance value was accepted as p < .05.

3. Results

Demographics of the 146 participants (110 women) are shown in
Table 1. Participants were between 60 and 90 years of age and on
average had completed an associate degree or some college coursework.
All participants were cognitively unimpaired. While 15.8 % of the par-
ticipants were ABCA7 rs115550680 risk allele carriers, 43.8 % of them
were APOE-¢4 allele carriers. Of 23 ABCA7 rs115550680 risk allele
carriers, 9 (39 %) were also APOE-¢4 allele carriers; among ABCA7
rs115550680 non-carriers (n = 123), 55 were APOE-¢4 allele carriers
and 68 were non-carriers. The joint distribution of ABCA7 rs115550680
and APOE-¢4 carrier status is shown in Supplementary Table 1. De-
mographic and clinical characteristics, including age, sex, education,
and MMSE, did not differ significantly across genetic groups
(Supplementary Table 1).
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Fig. 1. a) Overview of rs-fMRI Preprocessing and Dynamic Network Analysis Pipeline. This diagram illustrates the fMRI preprocessing steps and dynamic functional
connectivity analysis workflow. Steps include anatomical registration, motion correction, signal regression, and transformation to template space using ANTs.
Dynamic connectivity was estimated across 16-time windows using coherence and multilayer modularity. Flexibility was computed from changes in community
structure over time across seven medial temporal lobe (MTL) regions of interest. Abbreviations: ANTs = Advanced Normalization Tools; MTL = medial temporal
lobe. b) Segmentation of Hippocampal Subfields and Medial Temporal Lobe Subregions. Example segmentation of MTL subregions using ASHS. Coronal and sagittal
views show bilateral delineation of the entorhinal cortex, parahippocampal cortex, and hippocampal subfields (including anterior and posterior hippocampus,
Brodmann areas 35 and 36). The bottom left panel displays a 3D rendering of the segmented MTL structures. Abbreviations: ASHS = Automatic Segmentation of

Hippocampal Subfields; MTL = medial temporal lobe.

Table 1
Distribution of demographic data and volumes.
Demographics Mean + SD
Age (years of age) (Mean + SD) 69.71 + 6.29
Sex (N (%)) Woman 110 (75.4)
Man 36 (24.7)
Education (years) (Mean + SD) 14.71 +5.52
MMSE (Mean + SD) 27.80 +1.90
ABCA7 15115550680 (N (%)) High-Risk Allele 23 (15.8)
Carriers
Non-Risk Allele 123 (84.2)
Carriers
APOE-¢4 (N (%)) High-Risk Allele 64 (43.8)
Carriers
Non-Risk Allele 82 (56.2)
Carriers
€2¢e2 Allele Carriers 2(1.49)
€2e3 Allele Carriers 13(8.9)
APOE Genotype (N (%)) €3e3 Allele Carriers 67 (45.9)
e2e4 Allele Carriers 10 (6.8)
€3e4 Allele Carriers 51 (34.9)
e4e4 Allele Carriers 3(2.1)
Volumes Mean + SD
Estimated Total Intracranial Volume 1,361,030 + 148,006
Anterior Hippocampus* Right Hemisphere 1.12+0.16
Left Hemisphere 1.03+0.13
Posterior Hippocampus* Right Hemisphere 1.14 £ 0.16
Left Hemisphere 1.18 + 0.14
ERC* Right Hemisphere 0.35 £+ 0.05
Left Hemisphere 0.36 + 0.05
BA35* Right Hemisphere ~ 0.39 £+ 0.10
Left Hemisphere 0.38 + 0.06
BA36* Right Hemisphere 1.15+0.19
Left Hemisphere 1.25 +£0.19
PHC* Right Hemisphere  0.65 + 0.11
Left Hemisphere 0.65 + 0.11

Note. MMSE = Mini-Mental State Examination; SD = standard deviation;
N = number; % = percentage; MTL = medial temporal lobe; ERC = entorhinal
cortex; BA = Brodmann area; PHC = parahippocampal cortex. Volumes were
normalized to estimated total intracranial volume.

3.1. Main and interaction effects of ABCA7 rs115550680 and APOE-¢4
genotype

ABCA7 rs115550680 risk allele carriers exhibited significantly lower
MTL flexibility compared to non-carriers (Fi140)= 4.200, np*=.029,
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p =.042) with an observed power of 0.530 (Fig. 2a). There was no
statistically significant impact of APOE-¢4 allele on MTL flexibility
(F(1141)= 2.043,5jp*= .014,p = .155) with an observed power of 0.295.
ABCA7 rs115550680 risk allele carriers demonstrated significant hy-
pertrophy in left anterior hippocampus (F11409)= 3.934,np*=.027,
p =.049), left ERC (F(17409)= 5.500,np*= .037,p = .020), right ERC
(F1140)= 3.981,np*= .026,p = .048), and marginal difference in right
anterior hippocampus (F(11409)= 3.808,1p*= .026,p = .053) compared to
non-carriers (Table 2). There was no difference in the MTL subregional
volumes between APOE-¢4 allele carriers and non-carriers (p > .05).
Across outcomes, the ABCA7 rs115550680 x APOE-¢4 interaction was
not significant for MTL flexibility or MTL subregional volumes (all
p > .05). (Supplementary Table 3).

3.2. Difference between ABCA7 rs115550680 risk allele-only and APOE-
€4 allele-only carriers

Of 23 ABCA7 rs115550680 risk allele carriers, 9 (39 %) also carried
APOE-¢4 allele and were excluded from the direct comparisons. Among
ABCA7 rs115550680 non-carriers (n = 123), 55 were APOE-¢4 allele
carriers and 68 were non-carriers. Direct comparisons therefore focused
on ABCA7 rs115550680 risk allele-only carriers versus APOE-¢4 allele-
—only carriers, excluding individuals carrying both risk alleles.

ABCA7 rs115550680 risk allele-only carriers demonstrated signifi-
cantly lower MTL flexibility (F(1,64y= 4.924, np*=.069, p = .030) with
an observed power of 0.590 than APOE-¢4 allele-only carriers (Fig. 2b).
ABCA?7 rs115550680 risk allele-only carriers showed significant hyper-
trophy in left ERC compared to APOE-e4 allele-only carriers (F(1,64)
=5.137, 2 = .072, p = .027) (Table 3).

4. Discussion

In this study, ABCA7 rs115550680 risk allele carriers exhibited
significantly reduced MTL flexibility compared to both non-carriers and
APOE-¢4 allele carriers. They also showed hypertrophy in the left
anterior hippocampus and bilateral ERC. Taken together, these findings
suggest preliminary evidence that ABCA7 rs115550680 risk allele may
uniquely capture early MTL network dysfunction in older African
Americans. The observed subregional volumes could reflect transient,
possibly compensatory or inflammatory, remodeling in MTL subregions
rather than stable structural change. Overall, these findings support that
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Fig. 2. a) Reduced Medial Temporal Lobe Flexibility in ABCA7 rs115550680 Risk Allele Carriers. Violin plots show the distribution of MTL dynamic network
flexibility values for ABCA7 rs115550680 risk allele carriers (AG, GG) and non-carriers (AA). Each plot illustrates the full range, kernel density estimate, and median
(horizontal line) within each group. Group comparisons were adjusted for age, sex, and education. Abbreviation: MTL = medial temporal lobe. b) ABCA7
rs115550680 Risk Allele Carriers Show Lower MTL Flexibility than APOE-e4 Allele Carriers. Violin plots compare MTL dynamic network flexibility between in-
dividuals with only the ABCA7 rs115550680 risk allele-only (N = 14) and those carrying APOE-¢4 allele-only (N = 55). Each plot shows the distribution, kernel
density, and median flexibility values. Statistical models were adjusted for age, sex, and education. Abbreviations: MTL = medial temporal lobe; APOE

= apolipoprotein E.

Table 2
Main effect of ABCA7 rs115550680 and APOE-¢4 genotype.

Non-Carriers(N = 123) Statistics

Mean + SD

ABCA7 rs115550680 Risk Allele Carriers(N = 23)
Mean + SD

Estimated Total Intracranial Volume 1357,654 + 160,974
Anterior Hippocampus* Right Hemisphere 1.11+0.18

Left Hemisphere 1.03 £0.14
Posterior Hippocampus* Right Hemisphere 1.14 £0.19

Left Hemisphere 1.19+0.16
ERC* Right Hemisphere 0.35 + 0.05

Left Hemisphere 0.35 + 0.05
BA35* Right Hemisphere 0.40 +0.13

Left Hemisphere 0.37 + 0.06
BA36* Right Hemisphere 1.13+0.21

Left Hemisphere 1.21 +£0.17
PHC* Right Hemisphere 0.65 + 0.11

Left Hemisphere 0.66 + 0.12
APOE-¢4 €4 Allele Carriers(N = 64)

Mean + SD

Estimated Total Intracranial Volume 1349,124 + 163,112
Anterior Hippocampus* Right Hemisphere 1.12 £ 0.17

Left Hemisphere 1.03 +0.13
Posterior Hippocampus* Right Hemisphere 1.14 £ 0.16

Left Hemisphere 1.18 £0.15
ERC* Right Hemisphere 0.35 + 0.04

Left Hemisphere 0.36 + 0.05
BA35* Right Hemisphere 0.38 + 0.06

Left Hemisphere 0.37 + 0.06
BA36* Right Hemisphere 1.14£0.18

Left Hemisphere 1.25+0.18
PHC* Right Hemisphere 0.65 + 0.12

Left Hemisphere 0.66 +0.11

1363,665 + 379,989 F1140) = 106, > = .001, p = .745

1.12 +0.15 F(1140) = 3.808, 1,> = .026, p = .053
1.03 £0.13 F(1140) = 3.934, n,* = .027, p = .049
1.14 £ 0.12 F(1140) = 185, > = .001, p = .668
1.18 £ 0.12 F(1140) = .264, 1j,° = .002, p = .608
0.36 + 0.05 F(1140) = 3.981, n,> = .027, p = .048
0.36 + 0.05 F(11409) = 5.500, 11, = .037, p = .020
0.38 + 0.06 F(1140) = 575, 11,° = .004, p = .449
0.38 + 0.06 F(1140) = .003, 15,° = .000, p = .953
1.16 £ 0.16 F(1140) = .668, 1> = .005, p = .415
1.27 +£0.19 F(1140) = 157, > = .001, p = .692
0.65 + 0.11 F(1140) = 478, 1,° = .003, p = .491
0.65 + 0.11 F(1140) = 315, 1j,° = .002, p = .576
Non-Carriers(N = 82) Statistics
Mean + SD
1366,422 + 138,872 F(1141) = .046, 15,° = .000, p = .830
1.12 +0.15 F141) = 191, n,* = .001, p = .663
1.03 + 0.14 F(1141) = .039, 15,° = .000, p = .844
1.14 £ 0.12 F(1141) = .000, 13,° = .000, p = .990
1.18 +£0.11 Fa141) = .091, n,” = .001, p = .764
0.35 + 0.05 Fe1141) = 1.129, n,> = .008, p = .290
0.36 £+ 0.05 F1141) = 2.601, ,> = .018, p = .109
0.38 + 0.06 F1141) = .802, > = .006, p = .372
0.38 + 0.06 F141) = 947, ny* = .007, p = .332
1.16 £ 0.17 Fr1141) = 1.144, n,> = .008, p = .287
1.27 £ 0.20 F1141) = 3.774, n,* = .026, p = .054
0.65 +0.11 F(1141) = .034, ,” = .000, p = .854
0.65 +0.11 F(1141) = .029, 1,° = .000, p = .866

Note. SD = standard deviation; MTL = medial temporal lobe; ERC = entorhinal cortex; BA = Brodmann area; PHC = parahippocampal cortex. Volumes were normalized

to estimated total intracranial volume.

MTL flexibility may reflect early neural alterations associated with AD
risk among older African Americans.

Neuroimaging plays a pivotal role in detecting early AD-related brain
changes. The MTL, including the hippocampus and ERC, is among the
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earliest regions affected, often before cognitive symptoms emerge.
Functional connectivity disruptions, particularly hyperconnectivity in
MTL, has been reported in early AD (Nakamura et al., 2017) and may
precede structural atrophy (Das et al., 2013; Duchateau et al., 2024).
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Table 3
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Comparison between ABCA7 rs115550680 risk allele-only carriers and APOE-¢4 allele-only carriers.

ABCA7 rs115550680-Risk Allele-Only Carriers

APOE-¢4 Allele-Only Carriers Statistics

(N=14) (N =55)
Mean + SD Mean + SD
Estimated Total Intracranial Volume 1363,664 + 135,006 1354,861 + 158,740 Fe1,67) = .035, 15, = .001, p = .852
Anterior Hippocampus*  Right 1.14 + 0.20 1.09 +0.17 Fa,67) = .796, n,> = .012, p = .376
Hemisphere
Left Hemisphere 1.06 +0.14 1.01 +£0.14 Fe1,67) = 1.196, 11, = .018,
p=.278
Posterior Right 1.17 £ 0.13 1.15+0.21 Fa,67) = 165, r]PZ =.002,p = .686
Hippocampus* Hemisphere
Left Hemisphere 1.23 +£0.17 1.20 £ 0.16 Fe,67) = .382, n,> = .006, p = .539
ERC* Right 0.36 + 0.06 0.34 + 0.05 Fo,67) = 1.687, 1j,° = .025,
Hemisphere p=.199
Left Hemisphere 0.38 + 0.06 0.34 + 0.05 Fe,67) = 5.137, n,> = .072, p
=.027
BA35* Right 0.36 + 0.08 0.40 £ 0.14 Fa,67) =.774, typz =.012,p =.382
Hemisphere
Left Hemisphere 0.38 + 0.07 0.37 + 0.07 Fu,67) = -280, 11,° = .004, p = .599
BA36* Right 1.15+0.17 1.14 £ 0.22 Fu,67) = .017, 1,° = .000, p = .897
Hemisphere
Left Hemisphere 1.30 + 0.24 1.21 +£0.18 Fe,67) = 2.106, n,* = .031,
p=.151
PHC* Right 0.66 + 0.12 0.64 + 0.12 F1,67) = .195, )]pz =.003,p = .660
Hemisphere
Left Hemisphere 0.69 + 0.15 0.66 + 0.12 Fg1,67) = 465, 11,° = .007, p = .498

Note. SD = standard deviation; MTL = medial temporal lobe; ERC = entorhinal cortex; BA = Brodmann area; PHC = parahippocampal cortex. Volumes were normalized

to estimated total intracranial volume.

Our study builds on this by leveraging dynamic flexibility, a more sen-
sitive measure of neural dysfunction compared to static approaches
(Hutchison et al., 2013). Altered MTL flexibility may reflect synaptic
inefficiencies and early network breakdowns (Sperling et al., 2010).

Our results show that carriers of the ABCA7 rs115550680 risk allele
exhibited significantly reduced dynamic network flexibility within the
MTL region compared with non-carriers. This finding is particularly
relevant given that ABCA7 is involved in lipid metabolism, amyloid
processing, and microglial function, all of which are implicated in AD
pathophysiology (Aikawa et al., 2018; Dib et al., 2021; Duchateau et al.,
2024). The ABCA7 rs115550680 risk allele, which is associated with
impaired Af clearance and defective microglial response, may lead to
early disruptions in MTL network dynamics, thereby compromising the
brain’s ability to engage in efficient communication across networks.
These findings highlight the utility of dynamic network flexibility as a
sensitive biomarker capable of detecting subtle genetic effects on MTL
function.

Notably, we also observed subregional hypertrophy—an increase in
tissue volume due to enlargement of cellular components—in ABCA7
rs115550680 risk allele carriers, including the left anterior hippocampus
and bilateral ERC, compared to non-carriers. Such hypertrophy may
represent a transient, possibly compensatory or inflammatory response,
consistent with prior reports linking astrocytic reactivity to early volu-
metric expansion before subsequent atrophy. These results are consis-
tent with earlier studies that suggest ABCA7 plays a more significant role
in AD risk among individuals of African ancestry although not in those of
primarily European ancestry (Berg et al., 2019; Reitz et al., 2013; Sinha
et al., 2019; Stepler et al., 2022). Given that the ABCA7 rs115550680
risk allele has been linked in our own prior studies to a functionally
segregated ERC, this dysfunction may manifest as deficits in prior
learning, as we observed in our cohort (Berg et al., 2019; De Roeck et al.,
2019; Sinha et al., 2019; Stepler et al., 2022). Although our structural
analyses were limited to anterior/posterior hippocampal divisions, the
expression of ABCA7 in the CA1l region raises the possibility that
subfield-specific vulnerability may underlie some of the observed
network alteration (Rosenthal and Kamboh, 2014). Understanding
whether these structural alterations represent compensatory resilience
or a precursor to decline will be critical for developing
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ancestry-informed biomarkers of AD risk.

Functional alterations in MTL flexibility may reflect early neural
alterations associated with AD risk among older African Americans,
possibly preceding detectable atrophy in some regions while co-
occurring with compensatory-driven expansion in others. In contrast,
the APOE-¢4 allele did not demonstrate a significant effect on MTL dy-
namic network flexibility in our study. Although APOE-¢4 allele remains
one of the most robust genetic risk factors for AD in individuals of Eu-
ropean descent, its role in AD pathology among individuals of African
ancestry has been less well characterized. While previous research has
linked APOE-¢4 allele to hippocampal hyperactivation and prior
learning deficits in this population (Barnes and Bennett, 2014; Murrell
et al., 2006; Saeed et al., 2018; Sinha et al., 2018), our findings suggest
that influence of APOE-¢4 allele on MTL network dynamics may be
weaker or more subtle than previously assumed. Future studies inte-
grating multimodal imaging and ancestry-informative genetic markers
will be important to disentangle the nuanced effects of APOE-¢4 on
neural network organization in this population.

When comparing the effects of “ABCA7 rs115550680 risk allele-
only” and “APOE-¢4 allele-only” and “ABCA7 rs115550680 x APOE-¢4”
interaction model, our results reveal that ABCA7 rs115550680 risk allele-
only carriers exhibit significantly lower MTL dynamic network flexibility
than APOE-¢4 allele-only carriers and no effect on interaction model.
Additionally, ABCA7 rs115550680 risk allele-only carriers demonstrated
significant hypertrophy in the left ERC compared to APOE-¢4 allele-only
carriers, suggesting the possibility of subregional structural remodeling,
potentially driven by early compensatory functions. These findings
highlight the potentially stronger influence of ABCA7 rs115550680 risk
allele on early neural dysfunction in African ancestry, underscoring its
significance as a genetic risk factor for AD in this population. Taken
together, these results highlight that ABCA7 rs115550680 risk allele
may exert a comparatively stronger influence on MTL flexibility than
APOQE-¢4 allele in African Americans, though replication in independent
cohorts is required.

Previous studies have demonstrated that the risk conferred by APOE-
£4 allele varies across populations and is influenced by local ancestry at
the APOE locus. Recent evidence also suggests that an African-origin
haplotype within the APOE region may confer protection against AD
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among APOE-¢4 allele carriers (Nasciben et al., 2025). Together, these
findings emphasize that the impact of genetic risk factors such as
APOE-¢4 and ABCA7 rs115550680 can differ depending on ancestry
background, highlighting the importance of considering local ancestry
in genetic studies of AD. Our findings are consistent with previous re-
ports that suggest ABCA7 rs115550680 risk allele may exert a stronger
influence than APOE-¢4 allele in individuals of African ancestry (Reitz
et al., 2013). By demonstrating the greater impact of ABCA7
rs115550680 risk allele on MTL dynamic network flexibility, along with
structural distinctions, our study emphasizes the need for a nuanced
understanding of population-specific genetic vulnerabilities to AD.

Several limitations should be considered when interpreting these
findings. First, the cross-sectional design limits causal inference and
longitudinal studies are necessary to track changes in MTL network
dynamics over time and examine how early disruptions in network
flexibility may serve as predictive markers for the onset of cognitive
decline and clinical AD. Second, the neuroimaging analysis focused
solely on the MTL region, leaving open whether other brain regions
show similar genetic effects. Future research to include broader brain
networks could offer valuable insights into regional differences in the
impact of genetic risk factors on neural network flexibility. In addition,
our structural data were derived from T1-weighted imaging only, which
limits the resolution needed to detect fine-grained subfield atrophy.
Incorporating high-resolution T2-weighted imaging may improve
sensitivity to early changes. Third, a relatively small sample size may
have constrained the statistical power to detect subtle effects. Moreover,
while we focused on genetic variants in APOE-¢4 and ABCA7
rs115550680, other established genetic risk factors for AD were not
considered. Future studies should aim to replicate these findings in
larger, ancestrally diverse cohorts and explore polygenic influences on
MTL network function across both structural and functional domains.
Fourth, genetic analyses were restricted to a targeted panel of candidate
variants. In particular, the functional 44-base-pair ABCA7 frameshift
deletion (rs142076058), which has been implicated in AD risk among
African ancestry populations, was not directly genotyped. Instead, the
present study focused on ABCA7 rs115550680, a well-established
variant that is in strong linkage disequilibrium with rs142076058 in
African ancestry individuals and is widely used as a tagging marker in
prior studies (Berg et al., 2019; De Roeck et al., 2019; Del-Aguila et al.,
2015; Dib et al., 2021; Duchateau et al., 2024; Li et al., 2015; Reitz et al.,
2013). Future studies incorporating sequencing-based approaches or
direct genotyping of structural ABCA7 variants will be important for
clarifying underlying biological mechanisms. Fifth, because
genome-wide genotype data were not available, population stratifica-
tion could not be formally controlled using ancestry principal compo-
nents. Although analyses were restricted to self-identified African
American participants, residual within-group ancestry heterogeneity
cannot be excluded and should be considered when interpreting the
results. Sixth, participants were recruited through a community-engaged
volunteer cohort, which may introduce self-selection bias, as individuals
with heightened interest in brain health or a family history of dementia
may be more likely to participate. In addition, the majority of partici-
pants were women, reflecting enrollment patterns commonly observed
in community-based aging studies, which may limit generalizability to
older African American men. Finally, given the exploratory and
hypothesis-generating nature of this study, formal correction for mul-
tiple comparisons was not applied. Primary analyses were guided by a
priori hypotheses focused on MTL network flexibility and selected MTL
subregions based on prior literature (Brown et al., 2024; Chauveau et al.,
2021; Das et al., 2013; Dickerson et al., 2009; Dickerson and Sperling,
2008; Hrybouski et al., 2023; Kang et al., 2024; Krasuski et al., 1998;
Kukolja et al., 2010; Pasquini et al., 2016; Prieto et al., 2020; Sheldon
and Levine, 2018; Soldan et al., 2015; Wolk et al., 2017). Accordingly,
findings are interpreted cautiously as preliminary evidence, and repli-
cation in independent and longitudinal cohorts will be essential to
confirm these associations.
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In conclusion, our findings provide preliminary evidence that the
ABCA7 rs115550680 risk allele, but not APOE-¢4 allele, is associated
with reduced MTL flexibility and subregional hypertrophy in cognitively
unimpaired older African Americans. These results suggest that ABCA7
rs115550680 risk allele may exert a comparatively stronger influence on
early neural dysfunction than APOE-¢4 allele in this population. While
the mechanisms remain to be clarified, the observed alterations could
reflect transient, possibly compensatory or inflammatory remodeling
processes. Importantly, our study underscores the need to consider
ancestry-specific genetic risk factors when investigating early bio-
markers of AD. Dynamic connectivity measures may offer a sensitive
tool for detecting subtle genetic influences on brain function, but
replication in larger, longitudinal, and ancestrally diverse cohorts will
be critical to validate these observations and to inform strategies for
early detection and precision-prevention in high-risk populations.
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