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Abstract

Background: Sleep is a complex physiological process, crucial for cognitive functioning,
emotional regulation, and overall health. Recent advances in genomics and neuroimag-
ing have illuminated the intricate relationship between genetics, sleep architecture, and
brain changes. This study investigated the association between sleep duration genetics,
through a Sleep Duration Polygenic Index (Sleep PGI), and brain changes (total cortical
thickness, white matter volume, gray matter volume, white matter hyperintensities vol-
ume) in cognitively healthy adults aged 20-80 years old. Methods: Using longitudinal data
from the Reference Ability Neural Network (RANN) and Cognitive Reserve (CR) studies,
we examined the impact of Sleep PGI on brain measures (total cortical thickness, gray
matter volume, white matter volume, WMH volume) over time. Generalized Estimated
Equations were used for the statistical analysis. Analysis was performed in the total sample
(n = 94) and in three age-groups (young, middle, old). Results: Across age, higher Sleep
PGI was associated with higher temporal WMH volumes over time. In models considering
an interaction of age between Sleep PGI and time in study, age emerged as a significant
moderator for outcomes of hippocampal volume, cortical white matter volume, and WMH
volume (total, parietal) as outcomes. Conclusions: Sleep duration polygenic score was
associated with changes in the brain in cognitively healthy adults. Genetic predisposition
for longer sleep duration was associated with more favorable longitudinal trajectories
against brain decline, a result mostly driven by younger adults. These findings underscore
the importance of maintaining optimal sleep duration and the potential for personalized
interventions to improve sleep and brain health.

Keywords: sleep; polygenic index; brain morphometry

1. Introduction

Sleep is a complex physiological process that is critical for cognitive functioning, emo-
tional regulation, and overall health [1]. Recent advances in genomics and neuroimaging
have begun to elucidate the relationship between genetics, sleep architecture, and brain
changes [2].

Emerging research has consistently highlighted a significant association between sleep
duration and brain changes [3], underscoring the vital role that sleep plays in neural health
and cognitive function. Studies employing neuroimaging techniques, such as magnetic
resonance imaging (MRI), have shown that both short and excessively long sleep duration
is linked to adverse brain outcomes, including reductions in grey matter volume in areas
critical for cognitive processing, emotional regulation, and memory consolidation [4-7].
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Specifically, insufficient sleep has been correlated with atrophy in the frontal cortex and hip-
pocampus, regions that are implicated in executive function and memory, respectively [8,9].
Conversely, prolonged sleep duration has been associated with similar neuroanatomical
changes, suggesting that an optimal sleep window is crucial for maintaining brain struc-
ture integrity [3,10]. These findings are pivotal, as they suggest that sleep duration can
directly influence brain health, potentially via mechanisms involving synaptic pruning,
neurogenesis, and the clearance of neurotoxic waste, which are critical for neural plasticity
and overall brain function [11,12]. Thus, maintaining optimal sleep duration emerges as a
key factor in preserving cognitive abilities and preventing neurodegenerative changes.

Genome-wide association studies (GWAS) have identified multiple loci associated
with various sleep characteristics, including sleep duration, efficiency, latency, and archi-
tecture, highlighting the heritable nature of sleep [13,14]. Specific genes, such as those
involved in the regulation of circadian rhythms (e.g., CLOCK, PER2) and sleep homeostasis
(e.g., DEC2, ABCC9), have been linked to distinct sleep phenotypes [15], suggesting that
genetic predispositions can influence sleep quality and quantity [16,17]. The association
between sleep genetics and brain changes is a dynamic field that offers insights into the
biological underpinnings of sleep and its critical role in mental health and brain aging.
While most previous research has relied on self-reported or actigraphy-based measures of
sleep duration, recent genomic approaches provide an opportunity to explore the heritable
basis of sleep traits. In this context, the Sleep Duration Polygenic Index (Sleep PGI) serves
as a genetic proxy for individual differences in habitual sleep duration. The Sleep PGI
is derived from GWAS that aggregates the effects of multiple common genetic variants
associated with self-reported sleep duration. Although it does not capture actual sleep
behavior or duration per se, it reflects inherited predispositions toward shorter or longer
habitual sleep, offering a stable and lifelong marker without measurement noise or daily
fluctuations. As such, while indirect, the Sleep PGI provides a useful tool for investigating
genetically influenced sleep traits in relation to long-term brain health.

Further, neuroimaging studies have revealed that variations in sleep architecture,
influenced by genetic factors, are associated with differences in brain morphology and
activity [18]. For example, sleep spindles, which are regulated by genetic factors, have
been correlated with increased grey matter density in brain regions involved in learning
and memory, such as the hippocampus and frontal cortex [19-21]. Additionally, genetic
predispositions to shorter sleep duration have been linked to alterations in brain structures
associated with cognitive and emotional processes, indicating a potential genetic basis for
the association between sleep and neuropsychiatric disorders [22].

The association between sleep genetics and brain changes is a dynamic field that offers
insights into the biological underpinnings of sleep and its critical role in mental health and
brain aging. In the current study we investigated the association between sleep duration
genetics, through a Sleep PGI, and brain changes over time, in cognitively healthy adults
across the adult age-range. We hypothesized that a higher genetic propensity for longer
sleep duration—as indexed by the Sleep PGI—will be associated with more favorable
longitudinal brain trajectories, reflected in slower rates of age-related brain structural
changes over time, especially driven by younger adults.

2. Methods

Participants: Study participants were recruited for the Reference Ability Neural Net-
work (RANN) and the Cognitive Reserve (CR) study. The RANN study was designed to
identify networks of brain activity uniquely associated with performance across adulthood
for each of the four following cognitive abilities: memory, fluid reasoning, speed of process-
ing, and language [23]. The CR study was designed to elucidate the neural underpinnings
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of cognitive reserve and the concept of brain reserve [24]. All participants were native
English speakers, right-handed, with at least a fourth-grade reading level. In order to be
included in the study, participants had to be also free of any major neurological or psychi-
atric conditions that could affect their cognition. Careful screening excluded participants
with Mild Cognitive Impairment (MCI) or Alzheimer’s disease Dementia (AD). Additional
inclusion criteria for participants required (1) a score equal or greater than 130 on the Mattis
Dementia Rating Scale [25], in order to guarantee a cognitively normal status; (2) minimal
or no functional capacity complaints [26]; and (3) complete data on imputed genome-wide
genotyped (GWAS), sleep, cognitive performance in all domains, and socio-demographic
variables (sex, age, and education). Both RANN and CR studies have been approved by
the Institutional Review Board of Columbia University. More detailed information about
the two studies can be found in previous publications [23,27,28].

Genome-wide single nucleotide polymorphism genotype data (GWAS): Each partici-
pant had venous blood drawn during their visit at Columbia University. DNA samples
were obtained through whole blood extraction. Genotyping was performed using Omni 1M
chips, according to Illumina procedures. Genotype calling was performed using GenomeS-
tudio v.1.0. Quality control was applied to both DNA samples and SNPs. Specifically,
samples were removed from further analysis if they had call rates below 95%, sex discrep-
ancies, and relatedness.

GWAS imputation: GWAS data for all study participants was imputed using the
Haplotype Reference Consortium (HRC v1.1) panel through the Michigan Imputation
online server [29]. The HRC is a reference panel of 64,976 human haplotypes at 39,235,157
SNPs constructed using whole genome sequence data from 20 studies of predominantly
European ancestry [30].

Polygenic Index (PGI): Using the summary data of the GWAS of sleep duration
reported by Dashti et al. [13], we derived a Polygenic Index (PGI) based on 78 SNPs in
our sample. SNPs reaching genome-wide significance in the discovery GWAS and passing
standard quality control procedures were selected. Of these, 78 SNPs were available and
well-imputed in the present dataset and were therefore included in the final PGI. PRSice
software v2 [31] was used to construct the PGI and to graphically display the PS-phenotype
association results. Further details can be found in previous publication of our group [32].

Principal Components: Principal Components (PCs) of genetic variance were calcu-
lated using plink version 1.9 and were added in the models as covariates to control for
potential population substructure [33], cryptic relatedness [34], and batch effects [35]. PCs
might be related to the outcome but are independent of the PGI.

Imaging data: All scans were acquired on the same 3.0 Tesla Philips Achieva MRI
scanner. Out of the brain measures used based on previous publications and on the theo-
retical importance on aging, we incorporated the following measurements: total cortical
thickness, gray matter volume, white matter volume, and white matter hyperintensities. A
T1-weighted Magnetization Prepared Rapid Acquisition Gradient Echo (MPRAGE) scan
was acquired with an Echo Time/Repetition Time (TE/TR) of 3/6.5 ms and flip angle of
8°, in-plane resolution of 256 x 256, field of view of 25.6 x 25.6 cm?, and 165-180 slices
in the axial direction with a slice thickness/gap of 1/0 mm. FreeSurfer (v5.1.0) soft-
ware for human brain imaging analysis (http://surfernmr.mgh.harvard.edu/ accessed on
15 June 2024) was used for the reconstruction of the T1 scans [36,37]. WMH: FLAIR
images for visualization of WMH were used with the following parameters: Repetition
Time/Inversion Time (TR/TI) (ms) 11,000/2800 TE (ms): 125, in-plane resolution 256-189,
FOV 23.0-17.96 cm, and 30 slices with slice thickness/gap of 4/0.5 mm. For the extraction
of the WMH we used the Lesion Segmentation Tool, which is a toolbox for Statistical Para-
metric Mapping, able to segment T2 hyperintense lesions in FLAIR images. Lesions were
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segmented by the lesion growth algorithm [38] as implemented in the Lesion Segmentation
Tool version 2.0.15 (https:/ /www.applied-statistics.de/Ist.html accessed on 15 June 2024)
for Statistical Parametric Mapping.

Statistical Analysis

Statistical analysis was performed using SPSS v29 (SPSS, Chicago, IL, USA) [39].
To examine the association between Sleep PGI and brain changes over time, we used
generalized estimating equations (GEE) with Gaussian distribution. GEE takes into account
correlated datapoints due to repeated measurements over time. The repeated measures
for each subject are treated as a cluster [40]. A total of eight GEE models included the
brain measures as the dependent variable, with time (years), Sleep PGI, and an interaction
term between time and Sleep PGI as predictors. Models were adjusted for age group
(young, middle, and old), sex, education, and the first four PCs of the SNP data and
intracranial volume (ICV) as independent variables. A significant interaction term indicates
a differential brain change over time as a function of the Sleep PGL In a second set of
models, we further included the three-way interactions of time, PGI, and age group (young:
20-44 y.o., middle: 45-64 y.o., old: 65-80 y.0.) to examine the moderating role of age on PGI
sleep and changes in brain integrity over a 5-year follow-up. When the time x PGI x age
group interactions were significant, we performed post hoc contrast analysis to quantify
the effect of PGI on the change in outcomes by age group. To ensure robustness of the
findings, we performed sensitivity analyses using GEE with log-normal distribution for the
WMH measures.

3. Results

In total, 94 participants were included in the study. The parent study had a total of
471 individuals enrolled with available brain measures at baseline. Out of these, a total
of 169 individuals had Sleep PGI and PCs scores processed, only 96 identified as white
and had a follow-up visit, and 2 individuals were missing neuroimaging data, which
determined our final sample size. Baseline demographic characteristics as well as sleep
genetics and time in study are reported in Table 1 for total sample and age groups. There
were no significant differences observed in main demographics, time in study, or Sleep
PGI score other than the expected age difference groups (see Table 1). Brain imaging data
available by interval is reported in Supplementary Table S1 by total sample and age group.

Table 1. Baseline characteristics of our sample, in total and by age group.

Total Young Middle o1d Omnibus Test p-Value
Age, years, Mean (SD) 58.2(15.3) 30.7(5.9) 58.3 (5.6) 70.1(3.8) <0.001
Sex, women, 1 (%) 45 (47.9%) 8 (44.4%) 16 (44.4%) 19 (45.2%) 0.921
Education, years, Mean (SD) 16.5(2.3) 16.4(2.5) 16.2 (2.0) 16.7 (2.4) 0.687
Time in study (years) 4.4 4.5 43 44 0.469
PGI sleep 0.5 0.5 0.5 0.5 0.195
Total, n 94 18 36 42

Initial analysis including the total sample covering the whole adult age range showed
that higher Sleep PGI was associated with higher Temporal WMH volumes over time (see
Figure 1, Table 2). This result remained significant after transforming temporal white matter
hyperintensity volumes into a log normal distribution. None of the other associations
between Sleep PGI and the rest of the brain measures were significant across age.
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Figure 1. Individual-level change score in temporal white matter hyperintensity (WMH) volume over
time plotted against Sleep Duration Polygenic Index (Sleep PGI). For visualization purposes, change
score reflects unadjusted change in WMH from interval 1 to 2. Change therefore reflects WMH at
time 2 subtracted from WMH at time 1. Positive values therefore reflect increases in WMHs.

Table 2. Parameter coefficients of the interaction between Time and Sleep PGI in the GEE models
adjusted for age, sex, education, ICV, 4 PCs.

Brain Measure Parameters B 95% CI P
Total Cortical Thickness Time x PGI whole group —0.005 —0.056, 0.046 0.847
. . —22,694.334,
Cortical Grey matter volume Time x PGI whole group 3025.972 28.748.2478 0.818
Subcortical grey matter volume Time x PGI whole group —6587.740 —17,186.406, 4010.927 0.223
Cortical White matter volume Time x PGI whole group 2204.305 72283(,)?5%15155i& 0.867
Hippocampal * volume Time x PGI whole group —646.262 —1675.046, 382.522 0.218
Total White Matter Time x PGI whole group 791.435 —1296.572,2879.443 0.458
Hyperintensities
1 *
Temg’ml White * Matter Time x PGI whole group 102.903 19.219,186.588 0.016
yperintensities
Parietal White Matter Time x PGI whole group 407.006 —105.848,919.860 0.120
Hyperintensities

* Significant age group *Sleep PGI* years in study interaction. Bolded: Significant parameters.

In models considering an interaction of age between Sleep PGI and time in study,
age emerged as a significant moderator for the outcomes of hippocampal volume, cortical
white matter volume, and WMH volume (total, parietal) (See Table 3). As depicted in
Figures 2-5, younger individuals experienced a lower differentia rate of change in brain
metrics of cortical white matter, hippocampal volume, and reduced parietal WMH relative
to older adults. In cortical white matter differences were also observed between young
and middle-aged adults, with younger adults exhibiting a lower differential rate of change
(see also Table 4 for contrast estimates of each age group). While the scatterplots depict
raw unadjusted differences for visualization, the reported statistical significance is derived
strictly from GEE models that mathematically account for the variable time intervals.
Supplementary analyses for WMH metrics transformed for a log normal distribution
showed that only the results of WMH in the parietal lobe remained significant. Please see
Supplementary Table S2.
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Table 3. Parameter coefficients of interaction time*Sleep PGI*age group in the GEE models adjusted
for age, sex, education, ICV, 4 PCs, time x age, time x sleep time x 4 PCs.

Brain Measure Parameters B 95% CI 4
. . Time x PGI x Age group old 0.003 —0.007,0.013 0.523
Total Cortical Thickness Time x PGI x Age group middle 0.004 —0.009,0.017 0.588
Cortical Grev matter volume Time x PGI x Age group old —2002.530  —8004.423,3999.363 0.513
y Time x PGI x Age group middle 3.499 —6886.253, 6893.250 0.999
Subcortical grey matter volume Time x PGI x Age group old —1621.207 —3732.397,489.983 0.132
srey Time x PGI x Age group middle —652.740 —2804.819, 1499.338 0.552

. —10,766.856,

White matter volume * Time X PGI X Age group old —6697.461 _2628.066 0.001
Time X PGI X Age group middle ~ —5281.885 73:1’;:72331’ 0.033
Hippocampal * volume Time X PGI X Age group old —234.183 —395.567, —72.799 0.004
ppocamp Time x PGI x Age group middle —84.353 —245.640,76.934 0.305
Total White Matter Time X PGI X Age group old 166.149 28.897, 303.400 0.018
Hyperintensities * " Time x PGI x Age group middle 111.977 —101.620, 325.573 0.304
Temporal White Matter Time x PGI x Age group old 4.069 —3.491,11.629 0.291
Hyperintensities Time x PGI x Age group middle 4.637 —4.112,13.386 0.299
Parietal White Matter Time X PGI X Age group old 53.218 8.311, 98.125 0.020
Hyperintensities * Time x PGI x Age group middle 25.311 —32.633, 83.255 0.392

* Significant age group*PGI sleep* years in study interaction. Bolded: Significant parameters. Age group reference
is young adults (mean aged 30 years old). " Results were not significant in sensitivity analyses where the same
GEE model was run with a log normal transformation of total white matter hyperintensities (see Supplementary

Table S2 for estimates).
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Figure 2. Individual-level change score in cortical white matter volume over time plotted against

Sleep Duration Polygenic Index (Sleep PGI). Change Scores are reflective of unadjusted change

between intervals 2 and 1 as described in the statistical analyses section.
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Figure 3. Individual-level change score in hippocampal volume over time plotted against Sleep
Duration Polygenic Index (Sleep PGI). Change Scores are reflective of unadjusted change between
intervals 2 and 1 as described in the statistical analyses section.
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Figure 4. Individual-level change score in total white matter hyperintensity (WMH) volume over

time plotted against Sleep Duration Polygenic Index (Sleep PGI).

Change Score of Parietal WMHs

1,500

1,000

500

Scatter Plot of PGl Sleep on Change of Parietal WMHs by Age Group

<]

Age group
e~ Young
- Middle
-e- o

045 0.50 055 0.60
PGl Sleep

Figure 5. Individual-level change score in parietal White matter hyperintensities volume over time
plotted against Sleep Duration Polygenic Index (Sleep PGI).

Table 4. Contrast estimates of significant findings.

Brain Measure Age Group Parameter Contrast B 95% CI
Age group old —6178.094 —32,796.006-20,438.8181
White matter volume Age group middle —4762.517 —29,616.365-20,091.331
Age group young 519.367 —25,783.083-36,821.690
Age group old —983.998 —2046.841-78.845
Hippocampal volume Age group middle —834.169 —1897.512-229.175
Age group young —749.815 1800.688-301.038
Age group old 597.551 —1500.780-2695.882
TS;;ZZE:EHI\SASE? Age group middle 543.379 —1715.037-2801.795
Age group young 431.403 —1607.062-2538.867
Age group old 361.430 —184.397-907.258
Pag;t;lﬁ}:éfsﬁzger Age group middle 333.524 —239.834-906.852
Age group young 308.213 —238.463-854.889

4. Discussion

The initial analysis of the full sample (ages 20-80) revealed a significant association

between Sleep PGI and longitudinal changes in white matter hyperintensities volume
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in the temporal lobe. Specifically, individuals with higher Sleep PGI exhibited lower
differential rate of change in regional WMH volume over time. This finding aligns with the
existing literature linking sleep disturbances—such as obstructive sleep apnea—to WMH,
suggesting that improving sleep quality may help preserve white matter integrity [41].
Importantly, this association reflects average differences in longitudinal slopes, rather
than uniform change across individuals. White matter plays a crucial role in facilitating
communication between brain regions [42]. Interestingly, our results build upon previous
findings that objectively measured long sleep duration is associated with lower fractional
anisotropy and higher radial diffusivity in white matter tracts [10,43]. However, most prior
studies have focused on narrow age ranges, limiting their generalizability. In contrast, our
findings extend across the adult lifespan.

In the age-specific analysis, results revealed a significant association between the Sleep
PGI and specific brain volumes, including the hippocampus and white matter, as well as
regional white matter hyperintensities, particularly total and parietal WMH volume. These
findings may indicate that younger individuals with a genetic predisposition for longer
sleep duration tend to show more favorable brain outcomes in certain regions. The stronger
associations observed in younger adults may reflect a period of relative neurobiological
stability during which genetic influences on brain structure are more readily detectable,
rather than protection against aging-related decline [44].

In early to mid-adulthood, brain structure is largely maintained and less affected
by heterogeneous vascular or neurodegenerative processes, allowing genetically driven
inter-individual differences to be more visible [45,46]. With increasing age, accumulating
pathology and environmental influences may reduce the relative contribution of genetic
factors to observed brain changes [47,48]. Genetic influences on sleep-related traits may be
more pronounced earlier in adulthood and attenuate with advancing age as environmental
exposures and aging-related processes increasingly shape brain structure. As individuals
age, the brain undergoes a range of structural and functional changes [46]. Environmental
exposures, lifestyle factors, and age-related neurodegenerative processes become increas-
ingly influential [49]. Large-scale developmental neuroimaging work indicates that indices
such as cortical thickness, surface area, and related structural features show nonlinear
trajectories across adolescence into early adulthood, and that “apparent stability” over
short follow-up intervals can mask meaningful developmental heterogeneity that depends
on where an individual falls along these trajectories [50]. These accumulating external and
internal influences may attenuate or overshadow the impact of sleep-related genetic factors
on brain morphology in older adults. These findings do not imply the existence of a critical
or sensitive period but rather highlight age as a potential moderator of genetic associations
with brain integrity [51].

Rather than implying structural protection, the observed associations may reflect brain
characteristics that support functional maintenance through adaptive or compensatory
mechanisms. Contemporary models of brain reserve emphasize that preserved cognitive
function often arises from dynamic network reorganization, including interhemispheric
interactions, rather than from static preservation of brain structure alone [52]. Recent work
highlighting compensatory interhemispheric connectivity in aging and injury contexts
supports this framework and provides a biologically plausible context for the present
findings [46,47,53-55].

There are some limitations to consider. The main limitation of the study is the rel-
atively small sample size, representative of only non-Hispanic white race and ethnicity,
which may reduce the generalizability of the results and limit the statistical power [56].
The sample size may limit sensitivity to detect small genetic effects and complex interac-
tions, and that replication in larger, independent longitudinal cohorts will be essential to
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confirm the robustness and generalizability of the present findings. Analyses were limited
to individuals of European genetic ancestry, consistent with the ancestry of the GWAS
discovery samples used to construct the Sleep PGI. This constraint reflects limitations in
polygenic index transferability across ancestries rather than race or ethnicity per se and
may limit generalizability to other populations. Polygenic indices often show reduced
predictive accuracy across ancestries, underscoring the need for future studies in more
diverse cohorts to validate the generalizability of sleep—brain genetic associations. A further
limitation is that visual inspection of individual-level change scores may not fully reflect
the population-level associations estimated by longitudinal models. Given the cognitively
healthy nature of the sample and the relatively short follow-up interval, absolute changes in
brain measures were small for many participants [57]. Further, younger and middle-aged
adults, who are more likely to be employed or responsible for caregiving, may experience
chronic societal sleep restriction that limits their ability to express genetically influenced
sleep tendencies. As actual sleep duration was not directly assessed in the present study,
we cannot determine the extent to which sleep behavior aligned with genetic predisposition
across age groups [58]. Lastly, sleep disorders were not formally assessed in this cohort,
and therefore the potential influence of undiagnosed or subclinical sleep conditions cannot
be excluded [59]. Despite these limitations, the study has several notable strengths. Most
importantly, it employs a longitudinal design, allowing for the observation of changes
over time [60]. It also includes comprehensive MRI data, covering multiple brain volumes.
Finally, the sample spans a wide adult age range, rather than being limited to a specific
age group.

The findings underscore the importance of considering age when examining the
impact of genetic factors on brain health. There may be an age-related pattern in how
sleep-related genetic predispositions associate with brain structure, particularly during
middle age, though further research is needed.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/medscil4010088/s1, Table S1: ANOVA of the time x PGl interaction
terms. All models were adjusted for age group, sex, education, PC1-PC4, time x Age group, and
time x PC1-PC4. Table S2: Regression coefficients of the Time x PGI x Age group interactions by
cognitive domains. All analyses were controlled for covariates. Table S3: Host-hoc contrast analysis
of the effect of PGI on changes in cognition by age groups.

Author Contributions: Conceptualization: T.A.; Methodology: T.A., C.S. and G.Y.; Software: C.S.,
H.C. and L.S.; Formal analysis: C.S. and L.S.; Writing: T.A., C.S. and H.C.; Supervision: S.Y. All
authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by: by The National Institute of Health (NIH)/National
Institute of Aging (NIA) [Grant numbers: k99 AGO071930 (Angeliki Tsapanou), R01 AG026158
and RF1 AG038465].

Institutional Review Board Statement: The study was conducted in accordance with the Dec-
laration of Helsinki, and approved by the Institutional Review Board (or Ethics Committee) of
Columbia University (protocol code RANN: AAAI2752 and CR: AAAQ8249, date of approval on
30 September 2025).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.
Data Availability Statement: Data available upon request to the authors.

Conflicts of Interest: The authors declare no conflict of interest.

https://doi.org/10.3390 /medsci14010088


https://www.mdpi.com/article/10.3390/medsci14010088/s1
https://www.mdpi.com/article/10.3390/medsci14010088/s1
https://doi.org/10.3390/medsci14010088

Med. Sci. 2026, 14, 88 10 of 12

References

1. Dahat, P; Toriola, S.; Satnarine, T.; Zohara, Z.; Adelekun, A.; Seffah, K.D.; Dardari, L.; Salib, K.; Taha, M.; Khan, S. Correlation of
Various Sleep Patterns on Different Types of Memory Retention: A Systematic Review. Cureus 2023, 15, e42294. [CrossRef]

2. West, R; Wong, RT.C,; Park, ] .-E.; Lee, S.W.; Mudiyanselage, D.E.; Liu, Z.; Ma, D. Sleep duration, chronotype, health and lifestyle
factors affect cognition: A UK Biobank cross-sectional study. BM] Public Health 2024, 2, €001000. [CrossRef]

3.  Tai, X.Y.;; Chen, C.; Manohar, S.; Husain, M. Impact of sleep duration on executive function and brain structure. Commun. Biol.
2022, 5, 201. [CrossRef] [PubMed]

4. Tsapanou, A.; Gu, Y.; O’Shea, D.M.; Yannakoulia, M.; Kosmidis, M.; Dardiotis, E.; Hadjigeorgiou, G.; Sakka, P.; Stern, Y.; Scarmeas,
N. Sleep quality and duration in relation to memory in the elderly: Initial results from the Hellenic Longitudinal Investigation of
Aging and Diet. Neurobiol. Learn. Mem. 2017, 141, 217-225. [CrossRef]

5. Tsapanou, A.; Mourtzi, N.; Charisis, S.; Hatzimanolis, A.; Ntanasi, E.; Kosmidis, M.H.; Yannakoulia, M.; Hadjigeorgiou, G.;
Dardiotis, E.; Sakka, P; et al. Sleep Polygenic Risk Score Is Associated with Cognitive Changes over Time. Genes 2021, 13, 63.
[CrossRef] [PubMed]

6. Gonzilez, K.A,; Tarraf, W,; Stickel, A.M.; Kaur, S.; Agudelo, C.; Redline, S.; Gallo, L.C.; Isasi, C.R.; Cai, J.; Daviglus, M.L.; et al.
Sleep duration and brain MRI measures: Results from the SOL-INCA MRI study. Alzheimer’s Dement. 2024, 20, 641-651. [CrossRef]

7. Lo, J.C; Loh, KK, Zheng, H.; Sim, S.K.; Chee, M.W. Sleep duration and age-related changes in brain structure and cognitive
performance. Sleep 2014, 37, 1171-1178. [CrossRef] [PubMed]

8. Sexton, C.E; Storsve, A.B.; Walhovd, K.B.; Johansen-Berg, H.; Fjell, A.M. Poor sleep quality is associated with increased cortical
atrophy in community-dwelling adults. Neurology 2014, 83, 967-973. [CrossRef]

9. Kreutzmann, J.C.; Havekes, R.; Abel, T.; Meerlo, P. Sleep deprivation and hippocampal vulnerability: Changes in neuronal
plasticity, neurogenesis and cognitive function. Neuroscience 2015, 309, 173-190. [CrossRef]

10. Tsiknia, A.A.; Parada, H., Jr.; Banks, S.J.; Reas, E.T. Sleep quality and sleep duration predict brain microstructure among
community-dwelling older adults. Neurobiol. Aging 2023, 125, 90-97. [CrossRef]

11.  Ibrahim, A.; Hogl, B.; Stefani, A. Sleep as the Foundation of Brain Health. Semin. Neurol. 2025, 45, 305-316. [CrossRef] [PubMed]
[PubMed Central]

12.  Kaur, J.; Fahmy, L.M.; Davoodi-Bojd, E.; Zhang, L.; Ding, G.; Hu, J.; Zhang, Z.; Chopp, M.; Jiang, Q. Waste Clearance in the Brain.
Front. Neuroanat. 2021, 15, 665803. [CrossRef] [PubMed] [PubMed Central]

13. Dashti, H.S.; Jones, S.E.; Wood, A.R.; Lane, ].M.; van Hees, V.T.; Wang, H.; Rhodes, ].A.; Song, Y.; Patel, K.; Anderson, S.G.; et al.
Genome-wide association study identifies genetic loci for self-reported habitual sleep duration supported by accelerometer-
derived estimates. Nat. Commun. 2019, 10, 1100. [CrossRef] [PubMed]

14. Dashti, H.S.; Redline, S.; Saxena, R. Polygenic risk score identifies associations between sleep duration and diseases determined
from an electronic medical record biobank. Sleep 2019, 42, zsy247. [CrossRef]

15. Cox, K.-H.; Takahashi, J.S. Circadian clock genes and the transcriptional architecture of the clock mechanism. J. Mol. Endocrinol.
2019, 63, R93-R102. [CrossRef] [PubMed] [PubMed Central]

16. Ashbrook, L.H.; Krystal, A.D.; Fu, Y.H.; Ptacek, L.J. Genetics of the human circadian clock and sleep homeostat. Neuropsychophar-
macology 2020, 45, 45-54. [CrossRef]

17.  Jones, C.R.; Huang, A L.; Pta¢ek, L.J.; Fu, Y.H. Genetic basis of human circadian rhythm disorders. Exp. Neurol. 2013, 243, 28-33.
[CrossRef] [PubMed]

18. Sehgal, A.; Mignot, E. Genetics of sleep and sleep disorders. Cell 2011, 146, 194-207. [CrossRef]

19. Gruber, R.; Wise, M.S. Sleep Spindle Characteristics in Children with Neurodevelopmental Disorders and Their Relation to
Cognition. Neural Plast. 2016, 2016, 4724792. [CrossRef] [PubMed]

20. Fernandez, L.M.]; Liithi, A. Sleep Spindles: Mechanisms and Functions. Physiol. Rev. 2020, 100, 805-868. [CrossRef]

21. Toor, B.; van den Berg, N.; Ray, L.B.; Fogel, S.M. Sleep spindles and slow waves are physiological markers for age-related changes
in gray matter in brain regions supporting problem-solving skills. Learn. Mem. 2023, 30, 12-24. [CrossRef]

22.  Veatch, O.].; Keenan, B.T.; Gehrman, PR.; Malow, B.A_; Pack, A.I. Pleiotropic genetic effects influencing sleep and neurological
disorders. Lancet Neurol. 2017, 16, 158-170. [CrossRef]

23. Habeck, C.; Gazes, Y.; Razlighi, Q.; Steffener, ].; Brickman, A.; Barulli, D.; Salthouse, T.; Stern, Y. The Reference Ability Neural
Network Study: Life-time stability of reference-ability neural networks derived from task maps of young adults. Neuroimage 2016,
125, 693-704. [CrossRef] [PubMed]

24. Stern, Y. Cognitive reserve in ageing and Alzheimer’s disease. Lancet Neurol. 2012, 11, 1006-1012. [CrossRef] [PubMed]

25.  Mattis, S. Dementia Rating Scale: Professional Manual; Psychological Assessment Resources, Incorporated: Odessa, FL, USA, 1988.

26. Blessed, G.; Tomlinson, B.E.; Roth, M. The association between quantitative measures of dementia and of senile change in the
cerebral grey matter of elderly subjects. Br. |. Psychiatry 1968, 114, 797-811. [CrossRef]

27. Stern, Y. Cognitive reserve. Neuropsychologia 2009, 47, 2015-2028. [CrossRef]

https://doi.org/10.3390 /medsci14010088


https://doi.org/10.7759/cureus.42294
https://doi.org/10.1136/bmjph-2024-001000
https://doi.org/10.1038/s42003-022-03123-3
https://www.ncbi.nlm.nih.gov/pubmed/35241774
https://doi.org/10.1016/j.nlm.2017.04.011
https://doi.org/10.3390/genes13010063
https://www.ncbi.nlm.nih.gov/pubmed/35052403
https://doi.org/10.1002/alz.13451
https://doi.org/10.5665/sleep.3832
https://www.ncbi.nlm.nih.gov/pubmed/25061245
https://doi.org/10.1212/WNL.0000000000000774
https://doi.org/10.1016/j.neuroscience.2015.04.053
https://doi.org/10.1016/j.neurobiolaging.2023.02.001
https://doi.org/10.1055/a-2566-4073
https://www.ncbi.nlm.nih.gov/pubmed/40139214
https://pmc.ncbi.nlm.nih.gov/articles/PMC12202054
https://doi.org/10.3389/fnana.2021.665803
https://www.ncbi.nlm.nih.gov/pubmed/34305538
https://pmc.ncbi.nlm.nih.gov/articles/PMC8292771
https://doi.org/10.1038/s41467-019-08917-4
https://www.ncbi.nlm.nih.gov/pubmed/30846698
https://doi.org/10.1093/sleep/zsy247
https://doi.org/10.1530/JME-19-0153
https://www.ncbi.nlm.nih.gov/pubmed/31557726
https://pmc.ncbi.nlm.nih.gov/articles/PMC6872945
https://doi.org/10.1038/s41386-019-0476-7
https://doi.org/10.1016/j.expneurol.2012.07.012
https://www.ncbi.nlm.nih.gov/pubmed/22849821
https://doi.org/10.1016/j.cell.2011.07.004
https://doi.org/10.1155/2016/4724792
https://www.ncbi.nlm.nih.gov/pubmed/27478646
https://doi.org/10.1152/physrev.00042.2018
https://doi.org/10.1101/lm.053649.122
https://doi.org/10.1016/S1474-4422(16)30339-8
https://doi.org/10.1016/j.neuroimage.2015.10.077
https://www.ncbi.nlm.nih.gov/pubmed/26522424
https://doi.org/10.1016/S1474-4422(12)70191-6
https://www.ncbi.nlm.nih.gov/pubmed/23079557
https://doi.org/10.1192/bjp.114.512.797
https://doi.org/10.1016/j.neuropsychologia.2009.03.004
https://doi.org/10.3390/medsci14010088

Med. Sci. 2026, 14, 88 11 of 12

28.

29.

30.

31.
32.

33.

34.

35.

36.
37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

Stern, Y.; Habeck, C.; Steffener, J.; Barulli, D.; Gazes, Y.; Razlighi, Q.; Shaked, D.; Salthouse, T. The Reference Ability Neural
Network Study: Motivation, design, and initial feasibility analyses. Neuroimage 2014, 103, 139-151. [CrossRef] [PubMed]

Das, S.; Forer, L.; Schonherr, S.; Sidore, C.; Locke, A.E.; Kwong, A.; Vrieze, S.I.; Chew, E.Y.; Levy, S.; McGue, M.; et al. Next-
generation genotype imputation service and methods. Nat. Genet. 2016, 48, 1284-1287. [CrossRef]

McCarthy, S.; Das, S.; Kretzschmar, W.; Delaneau, O.; Wood, A.R.; Teumer, A.; Kang, H.M.; Fuchsberger, C.; Danecek, P.; Sharp, K,;
et al. A reference panel of 64,976 haplotypes for genotype imputation. Nat. Genet. 2016, 48, 1279-1283. [CrossRef]

Euesden, J.; Lewis, C.M.; O'Reilly, PF. PRSice: Polygenic Risk Score software. Bioinformatics 2015, 31, 1466-1468. [CrossRef]
Tsapanou, A.; Gao, Y.; Stern, Y.; Barral, S. Polygenic score for sleep duration. Association with cognition. Sleep Med. 2020, 74,
262-266. [CrossRef]

Price, A.L.; Patterson, N.J.; Plenge, R.M.; Weinblatt, M.E.; Shadick, N.A.; Reich, D. Principal components analysis corrects for
stratification in genome-wide association studies. Nat. Genet. 2006, 38, 904-909. [CrossRef] [PubMed]

Zhang, Y.; Pan, W. Adjusting for population stratification and relatedness with sequencing data. BMC Proc. 2014, 8, S42. [CrossRef]
Reese, S.E.; Archer, K.J.; Therneau, T.M.; Atkinson, E.J.; Vachon, C.M.; De Andrade, M.; Kocher, J.-P.A.; Eckel-Passow, J.E. A
new statistic for identifying batch effects in high-throughput genomic data that uses guided principal component analysis.
Bioinformatics 2013, 29, 2877-2883. [CrossRef]

Fischl, B. FreeSurfer. Neuroimage 2012, 62, 774-781. [CrossRef]

Fischl, B.; Salat, D.H.; Busa, E.; Albert, M.; Dieterich, M.; Haselgrove, C.; van der Kouwe, A; Killiany, R.; Kennedy, D.; Klaveness,
S.; et al. Whole brain segmentation: Automated labeling of neuroanatomical structures in the human brain. Neuron 2002, 33,
341-355. [CrossRef]

Schmidt, P; Gaser, C.; Arsic, M.; Buck, D.; Forschler, A.; Berthele, A.; Hoshi, M,; Ilg, R.; Schmid, V.J.; Zimmer, C.; et al. An
automated tool for detection of FLAIR-hyperintense white-matter lesions in multiple sclerosis. Neurolmage 2012, 59, 3774-3783.
[CrossRef] [PubMed]

IBM Corp. IBM SPSS Statistics for Windows, Version 27.0; Computer Software; IBM Corp.: Armonk, NY, USA, 2020.

Scarmeas, N.; Stern, Y.; Tang, M.X.; Mayeux, R.; Luchsinger, J.A. Mediterranean diet and risk for Alzheimer’s disease. Ann.
Neurol. 2006, 59, 912-921. [CrossRef]

Abbasi, A.; Gupta, S.S.; Sabharwal, N.; Meghrajani, V.; Sharma, S.; Kamholz, S.; Kupfer, Y. A comprehensive review of obstructive
sleep apnea. Sleep Sci. 2021, 14, 142-154. [CrossRef] [PubMed]

Fjell, AM.; Serensen, &.; Amlien, L.K,; Bartrés-Faz, D.; Brandmaier, A.M.; Buchmann, N.; Demuth, I.; Drevon, C.A.; Diizel, S.;
Ebmeier, K.P; et al. Poor Self-Reported Sleep is Related to Regional Cortical Thinning in Aging but not Memory Decline-Results
from the Lifebrain Consortium. Cereb. Cortex 2021, 31, 1953-1969. [CrossRef]

Fields, R.D. Neuroscience. Change in the brain’s white matter. Science 2010, 330, 768-769. [CrossRef]

Terribilli, D.; Schaufelberger, M.S.; Duran, F.L.; Zanetti, M.V,; Curiati, PK.; Menezes, P.R.; Scazufca, M.; Amaro, E.; Leite, C.C,;
Busatto, G.F. Age-related gray matter volume changes in the brain during non-elderly adulthood. Neurobiol. Aging 2011, 32,
354-368. [CrossRef]

Seaman, K.L.; Christensen, A.P; Senn, K.D.; Cooper, ]J.A.; Cassidy, B.S. Age-related differences in the social associative learning of
trust information. Neurobiol. Aging 2023, 125, 32-40. [CrossRef]

Houston, S.M.; Herting, M.M.; Sowell, E.R. The neurobiology of childhood structural brain development: Conception through
adulthood. Curr. Top. Behav. Neurosci. 2014, 16, 3-17. [CrossRef] [PubMed] [PubMed Central]

Paus, T. Development and Maturation of the Human Brain, from Infancy to Adolescence. Curr. Top. Behav. Neurosci. 2024, 68,
327-348. [CrossRef] [PubMed]

Reyes, S.; Rimkus, C.M.; Lozoff, B.; Algarin, C.; Peirano, P. Nighttime Sleep Characteristics and White Matter Integrity in Young
Adults. Nat. Sci. Sleep 2022, 14, 1363-1373. [CrossRef] [PubMed]

Peters, R. Ageing and the brain. Postgrad. Med. ]. 2006, 82, 84-88. [CrossRef]

Liu, Y,;; Peng, S.; Wu, X,; Liu, Z,; Lian, Z.; Fan, H.; Kuang, N.; Gu, X,; Yang, S.; Hu, Y.; et al. Neural, cognitive and psychopatholog-
ical signatures of a prosocial or delinquent peer environment during early adolescence. Dev. Cogn. Neurosci. 2025, 73, 101566.
[CrossRef]

Genderson, M.R,; Rana, B.K.; Panizzon, M.S.; Grant, M.D.; Toomey, R.; Jacobson, K.C.; Xian, H.; Cronin-Golomb, A_; Franz, C.E,;
Kremen, W.S,; et al. Genetic and environmental influences on sleep quality in middle-aged men: A twin study. . Sleep Res. 2013,
22,519-526. [CrossRef] [PubMed]

Li, C; Tang, J.; Cui, J.; Long, N.; Cen, W.; Wu, Q.; Yang, M.; Chu, L.; Zhou, X. Genetic influence of the brain on epigenetic age
acceleration: Evidence of a large-scale genetic correlation study. Biogerontology 2025, 26, 174. [CrossRef]

Pettigrew, C.; Soldan, A. Defining Cognitive Reserve and Implications for Cognitive Aging. Curr. Neurol. Neurosci. Rep. 2019, 19,
1. [CrossRef] [PubMed] [PubMed Central]

https://doi.org/10.3390 /medsci14010088


https://doi.org/10.1016/j.neuroimage.2014.09.029
https://www.ncbi.nlm.nih.gov/pubmed/25245813
https://doi.org/10.1038/ng.3656
https://doi.org/10.1038/ng.3643
https://doi.org/10.1093/bioinformatics/btu848
https://doi.org/10.1016/j.sleep.2020.07.001
https://doi.org/10.1038/ng1847
https://www.ncbi.nlm.nih.gov/pubmed/16862161
https://doi.org/10.1186/1753-6561-8-S1-S42
https://doi.org/10.1093/bioinformatics/btt480
https://doi.org/10.1016/j.neuroimage.2012.01.021
https://doi.org/10.1016/S0896-6273(02)00569-X
https://doi.org/10.1016/j.neuroimage.2011.11.032
https://www.ncbi.nlm.nih.gov/pubmed/22119648
https://doi.org/10.1002/ana.20854
https://doi.org/10.5935/1984-0063.20200056
https://www.ncbi.nlm.nih.gov/pubmed/34381578
https://doi.org/10.1093/cercor/bhaa332
https://doi.org/10.1126/science.1199139
https://doi.org/10.1016/j.neurobiolaging.2009.02.008
https://doi.org/10.1016/j.neurobiolaging.2023.01.011
https://doi.org/10.1007/7854_2013_265
https://www.ncbi.nlm.nih.gov/pubmed/24357437
https://pmc.ncbi.nlm.nih.gov/articles/PMC4114219
https://doi.org/10.1007/7854_2024_514
https://www.ncbi.nlm.nih.gov/pubmed/39138744
https://doi.org/10.2147/NSS.S360311
https://www.ncbi.nlm.nih.gov/pubmed/35965887
https://doi.org/10.1136/pgmj.2005.036665
https://doi.org/10.1016/j.dcn.2025.101566
https://doi.org/10.1111/jsr.12048
https://www.ncbi.nlm.nih.gov/pubmed/23509903
https://doi.org/10.1007/s10522-025-10314-y
https://doi.org/10.1007/s11910-019-0917-z
https://www.ncbi.nlm.nih.gov/pubmed/30627880
https://pmc.ncbi.nlm.nih.gov/articles/PMC7812665
https://doi.org/10.3390/medsci14010088

Med. Sci. 2026, 14, 88 12 of 12

54.

55.

56.

57.

58.

59.

60.

Fan, H.; Wang, H.; Lian, Z.; Yu, Q.; Wu, X; Kuang, N.; Becker, B.; Feng, J.; Fan, M.; Song, L.; et al. Dynamic Interactions Between
Hemispheres Reveal a Compensatory Pathway for Motor Recovery in Moderate-to-Severe Subcortical Stroke. J. Stroke 2026, 28,
97-114. [CrossRef]

Fei, Y.; Wu, Q.; Zhao, S.; Song, K.; Han, J.; Liu, C. Diverse and asymmetric patterns of single-neuron projectome in regulating
interhemispheric connectivity. Nat. Commun. 2024, 15, 3403. [CrossRef]

Khan, A.T.; Gogarten, S.M.; McHugh, C.P; Stilp, A.M.; Sofer, T.; Bowers, M.L.; Wong, Q.; Cupples, L.A.; Hidalgo, B.; Johnson,
A.D.; et al. Recommendations on the use and reporting of race, ethnicity, and ancestry in genetic research: Experiences from the
NHLBI TOPMed program. Cell Genom. 2022, 2, 100155. [CrossRef]

Beca, ].M.; Chan, KK.W.; Naimark, D.M.].; Pechlivanoglou, P. Impact of limited sample size and follow-up on single event
survival extrapolation for health technology assessment: A simulation study. BMC Med. Res. Methodol. 2021, 21, 282. [CrossRef]
Windmill, H.; Dyer, A.; Smith, A.D.; Roser, M.E.; Dhanda, A.; Hall, S.D. Characterising the inconsistency between perceived and
actual sleep and its impact upon cognition and mood. Sci. Rep. 2024, 14, 29342. [CrossRef] [PubMed]

Palagini, L.; Miniati, M.; Caruso, V.; Alfi, G.; Geoffroy, P.A.; Domschke, K.; Riemann, D.; Gemignani, A.; Pini, S. Insomnia, anxiety
and related disorders: A systematic review on clinical and therapeutic perspective with potential mechanisms underlying their
complex link. Neurosci. Appl. 2024, 3, 103936. [CrossRef] [PubMed]

Caruana, E.J.; Roman, M.; Hernandez-Sanchez, J.; Solli, P. Longitudinal studies. J. Thorac. Dis. Nov. 2015, 7, E537-E540. [CrossRef]
[PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390 /medsci14010088


https://doi.org/10.5853/jos.2025.01725
https://doi.org/10.1038/s41467-024-47762-y
https://doi.org/10.1016/j.xgen.2022.100155
https://doi.org/10.1186/s12874-021-01468-7
https://doi.org/10.1038/s41598-024-80683-w
https://www.ncbi.nlm.nih.gov/pubmed/39592657
https://doi.org/10.1016/j.nsa.2024.103936
https://www.ncbi.nlm.nih.gov/pubmed/40656083
https://doi.org/10.3978/j.issn.2072-1439.2015.10.63
https://www.ncbi.nlm.nih.gov/pubmed/26716051
https://doi.org/10.3390/medsci14010088

	Introduction 
	Methods 
	Results 
	Discussion 
	References

