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Targeting the hypothalamus for modeling
age-relatedDNAmethylation anddeveloping
OXT-GnRH combinational therapy against
Alzheimer’s disease-like pathologies in male
mouse model

Salman Sadullah Usmani1,2, Hyun-Gug Jung1,2, Qichao Zhang1, Min Woo Kim1,
Yuna Choi1, Ahmet Burak Caglayan1 & Dongsheng Cai 1

The hypothalamus plays an important role in aging, but it remains unclear
regarding the underlying epigenetics and whether this hypothalamic basis can
help address aging-related diseases. Here, by comparingmouse hypothalamus
with two other limbic system components, we show that the hypothalamus is
characterized by distinctively high-level DNA methylation during young age
and by the distinct dynamics of DNA methylation and demethylation when
approaching middle age. On the other hand, age-related DNA methylation in
these limbic system components commonly and sensitively applies to genes in
hypothalamic regulatory pathways, notably oxytocin (OXT) and
gonadotropin-releasing hormone (GnRH) pathways. Middle age is associated
with transcriptional declines of genes which encode OXT, GnRH and signaling
components, which similarly occur in an Alzheimer’s disease (AD)-like model.
Therapeutically, OXT-GnRH combination is substantially more effective than
individual peptides in treating AD-like disorders in male 5×FAD model. In
conclusion, the hypothalamus is important for modeling age-related DNA
methylation and developing hypothalamic strategies to combat AD.

Aging-related neurodegenerative diseases such as AD have become
major health problemsamong the elderly, but clinical solutions are still
missing partly due to the incomplete knowledge of this disease.
Interestingly, recent research has suggested that the functioning of
neurogenic brain regions in early life could have long-term effects on
aging-related neuronal degeneration and loss1–4. As is known, there are
three major types of neurogenic brain regions, including the hippo-
campal dentate gyrus5,6, the subventricular zone7–10, and the medio-
basal hypothalamus11–13, which are responsible for adult neurogenesis
related to the limbic system functions of the hippocampus, olfactory

bulb (OB), and hypothalamus, respectively. Recently, our research has
led to an understanding that the hypothalamus plays a regulatory role
in systemic aging and systemic physiology11–15, while the underlying
basis involves the actions from hypothalamic neuropeptides such as
GnRH and OXT15–18. However, to date there is still a lack of research
comparing the hypothalamus and other limbic system components in
the context of addressing aging or aging-related diseases. To fill this
gap, we designed this research project to comparatively study the
hypothalamus versus the hippocampus andOB in the context of aging.
For our approach,we resorted toDNAmethylation epigenetic analysis,
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given the close relationships between aging and DNA methylation
established in research19–33. Wewere inspired to employ this approach,
also becausewe aimed to explore if age-relatedDNAmethylation in the
hypothalamus could be informative for developing hypothalamic
peptide and/or endocrine approaches to address aging-related dis-
eases such as AD. Hence, we carried out this project and obtained
multifaceted data supporting the hypothesis that the hypothalamus is
important for modeling age-related DNA methylation epigenetics and
developing a related hypothalamic strategy based on the OXT-GnRH
combinational therapy to combat AD.

Results
Age-related DNA methylation in the hypothalamus vs.
hippocampus and OB
To profile age-related hypothalamic DNA methylation in standard
C57BL/6 mice, we studied the hypothalamus which was compared to
two other limbic system components: the hippocampus and OB. We
employed bisulfite oligonucleotide-captured sequencing (BOCS), a
technique established for profiling CG-rich genomic regions. This
approach covers all annotated promoters, CG islands, CG shore
regions (±2 kb from each CG island), and CG shelf regions (±2 kb from
each shore and ±4 kb from each CG island)34,35. The hypothalamus,
hippocampus, andOBwere isolated from standardmale C57BL/6mice
at the age of 2 months vs. 12 months, representing young and middle
age, respectively. Studying the transition from young age to middle
age can help identify early changes that could be more causally sig-
nificant for subsequent aging-related diseases. All data from this BOCS
method were confirmed to meet the standard through quality check
(Suppl. Figure 1 ̶ 3). Then, we computed the averagemethylation levels
of CG and CH sites (H stands for A, T, or C) for each tissue. As shown in
Fig. 1A andB, it immediately gained our attention that compared to the
hippocampus and OB, DNA methylation levels were distinctly highest
in the hypothalamus of young mice, but the difference tended to be
less distinct inmiddle-agedmice. These overall relationships were also
seen in many individual chromosomes, as demonstrated in
chromosome-wise analysis of these brain regions of young mice
(Fig. 1C, D) and middle-aged mice (Fig. 1E, F). Taken together, appar-
ently due to different dynamics of CG methylation and CH demethy-
lation, the pattern of DNA methylation in the hypothalamus distinctly
differs from the patterns in the other two brain regions at young age,
but this difference declines when approaching middle age.

Region-related DNA differential methylation at young age and
the changes by middle age
We then computed age-related differentially methylated cytosines
(DMCs) in each brain region between young andmiddle age but found
only a small number of sites with statistical significance. We also
examined how differential methylation between brain regions could
change during the transition to middle age. We found that DMCs
between the hypothalamus and the other two brain regions weremore
heavily attributed to hypermethylation than to hypomethylation; in
contrast, DMCs between the hippocampus and OB were similarly
attributed to hypermethylation and hypomethylation. These findings
are summarized in the Volcano plot (Fig. 2) and detailed with
chromosome-wide analysis in the Manhattan plot (Suppl. Figure 4,
Suppl. Dataset 1). By comparing the two age groups, we found that
DMCs between the hypothalamus and either of the other two brain
regions were more than 60% lost by middle age; in contrast, DMCs
between the hippocampus andOB in youngmice were only about 40%
lost by middle age. Certainly, cellular heterogeneity among different
brain regions can importantly account for DMCs between regions, but
we expect that composition of major cell types in a given tissue
remains stable by middle age. Thus, we adopted a deconvolution
method to test this point, as this approach has been established in the
literature to computationally analyze cell compositions in tissue

samples36–40. Our deconvolution analysis led to the projection of 7
major cell types in each brain region (Suppl. Fig. 5); the potential
identities of these major cell types are only suggested, based on pre-
vious single-cell analysis of thesebrain regions in the literature41–43. Our
analysis supports the point that middle age does not significantly
change the composition of these major cell types. Hence, while we do
not exclude a contribution from smaller populations or subtypes,
major cell types do not seem to be a driving factor for changes in
region-related differential methylation among these brain tissues as
animals approach middle age.

Age-related differential methylated regions in the hypothala-
mus, hippocampus and OB
Apart from DMC analysis, we also carried out differential methylation
regions (DMRs) analysis, which span lengths of DNA sequences and
thus can reveal DNA methylation information more globally than
locally. We analyzed age-dependent DMRs according to DNA length
ranging from 300 to 1000 base pairs (bps). While the analysis yielded
variable numbers of DMRs due to changes in DNA lengths, three brain
regions consistently exhibited similar patterns, as reflected by an
analysis with DNA length of 500 bps (Fig. 3A, Suppl. Dataset 2).
Remarkably, age-dependent DMRs in the hypothalamus exhibited a
more balanced distribution between hypermethylation and hypo-
methylation, in sharp contrast to the unbalanced patterns in the other
two brain regions, where hypermethylation was stronger than hypo-
methylation (Fig. 3A). Also, as shown in Fig. 3B, chromosome-wide
analysis further confirmed a balanced number of hypothalamic DMRs
between hypermethylation and hypomethylation; in contrast, DMRs in
the hippocampus and OB were attributed to more hypermethylation
than hypomethylation. Subsequently, we explored the genes involved
in age-related DMRs in these brain regions. We identified a pool of
genes impacted across the hypothalamus, hippocampus, and OB,
constituting approximately 12%, 9%, and 7% of the total affected genes
in these brain regions, respectively. Overall, we identified 173 genes
mapped onto DMRs due to aging across all three brain regions
(Fig. 3C). Among these 173 genes, 94, 60, and 34 genes showed more
hypomethylation than hypermethylation in the hypothalamus, hip-
pocampus, and OB, respectively, indicating a bias towards hypo-
methylation in the hypothalamus compared to the other two brain
regions. Subsequently, we conducted pathway analysis based on these
173 shared genes. As demonstrated in Fig. 3D, many of these genes
were associated with hypothalamic functions, such as circadian
rhythm, reproductive function, endocrine gland hormones, feeding,
metabolism, cardiovascular function, and immunity, suggesting that
DNA methylation changes related to hypothalamic function could be
shared with other brain regions.

Pathway analysis per age-related DMRs in the hypothalamus,
OB, and hippocampus
We performed further analysis focusing on individual brain regions to
explore the specific molecular pathways affected by age-related
changes in DNA methylation. Our investigation involved subsequent
mapping of the genes associated with DMRs to a manually curated
database of mouse cell signaling and metabolic pathways. Our find-
ings, illustrated in Fig. 4A–C and Suppl. Dataset 3, highlighted the
pathways influenced by age-related differential DNA methylation,
characterized by the number of genes and their collective significance.
Specifically, the pathways identified for the hypothalamus included
many components that regulate circadian rhythms and the hypotha-
lamic reproductive peptides OXT and GnRH network (Fig. 4A). Of
interest, the pathways identified for the hippocampus and OB were
also found to be significantly related to hypothalamic regulatory
functions, for example, the circadian entrainment pathway, repro-
ductive OXT pathway, cortisol synthesis and secretion pathway,
Cushing syndrome pathway, and aldosterone synthesis and secretion
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pathway for the hippocampus (Fig. 4B) and the circadian entrainment
pathway, OXT signaling pathway, and GnRH secretion pathway for OB
(Fig. 4C). Most notably, based on two different computational
approaches inFigs. 3 and4, reproductive neuropeptideOXTandGnRH
pathways repeatedly emergednot only in the hypothalamus but also in
the hippocampus and OB. In this context, we analyzed how OXT

signaling could be related to GnRH signaling using a protein-protein
interaction program, showing a good number of co-components in
OXT and GnRH signaling pathways (Suppl. Figure 6). Utilizing BOCS
metadata, we investigated how aging affects the methylation statuses
of genes encoding OXT signaling and GnRH signaling components. As
laid out in Fig. 4D, by middle age, many components in OXT signaling

Fig. 1 | Brain regional analysis on DNA methylation and the changes by
middle age. DNA samples were generated from the hypothalamus (HT), hippo-
campus (HC), and OB of 2-month-old versus 12-month-old male C57BL/6 and were
profiled for cytosine methylation of CG-enriched genomic regions via BOCS and
analyzed for average levels of CG and CH sites methylation. A, B Average percen-
tage levels of CG site methylation (A) and CH site methylation (B). C–F Average
percentage levels of CG site methylation (C, E) and CH site methylation (D, F) in
individual chromosomes. TheY chromosomewasnot includeddue to its short size.

Data are presented as mean values ± SEM. Statistics: Exact p-values are labeled as
text for comparisons between two groups (A, B) and across chromosomes (C–F).
Significance is indicated by *p <0.05 and **p <0.01, with comparisons conducted at
the individual chromosome level among three groups (C–F). n = 3 mice per group
(A–F), two-way ANOVA with tissue and age as factors, and post-hoc Tukey test (A,
B), and Kruskal-Wallis and post-hoc Dunn test (C–F). Source data are provided as a
Source Data file.
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and GnRH signaling pathways show age-dependent changes in DNA
methylation status in the hypothalamus, hippocampus, and OB.
Interestingly, in each brain region, a specific set of OXT and GnRH
signaling components was differentially methylated when comparing
young andmiddle-age samples.Hence, aging is associatedwith diverse
DNA methylation changes in the genes encoding molecular compo-
nents of OXT and GnRH signaling, with these variations being brain
region-specific.

DNA methylation and transcription of OXT and GnRH genes in
aging or AD-like model
Our earlierwork separately relatedGnRHandOXTto systemic agingor
physiology15–18, altogether suggesting that these peptidesmight have a
close relationship in influencing brain health in conditions such as
aging, an idea which is validated through the DMR analysis presented
above. Hence,wedecided todirectly examine themethylation statuses
of Oxt and Gnrh1 genes between young and middle-aged mice. Since
the hypothalamus exclusively produces both peptides during adult-
hood, we focused on analyzing DNA methylation data from the

hypothalamic samples. We found that a list of cytosines in gene body
and promoter region of Oxt became hypomethylated, while a smaller
list of cytosines became hypermethylated in the hypothalamus by
middle age (Fig. 5A, Suppl. Figure 7A). Therewas also a list of cytosines
in Gnrh1 gene body and promoter, which underwent hypomethylation
or hypermethylation by middle age (Fig. 5B, Suppl. Figure 7B). Sub-
sequently, we examined the mRNA levels of Oxt and Gnrh1 in the
hypothalamus of mice at young age (2 months) compared to middle
age (15months). ThroughqRT-PCRmethod,weobtained data showing
that mRNA levels of Oxt and Gnrh1 both dramatically dropped in the
hypothalamus during the transition from young to middle age
(Fig. 5C). Given our interest in aging-related disease, we employed
5xFADmice, anAD-likemodel associatedwith aging, to assess if similar
changesmight occur in the hypothalamus prior to the onset of AD-like
phenotype. Indeed, the transcription levels ofOxt andGnrh1were also
evidently downregulated in the hypothalamus of 5xFAD mice com-
pared to wildtype controls (Fig. 5D). These results lend support to our
prediction that declines in OXT and GnRHpathways are co-involved in
AD-like conditions which are associated with aging.
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Fig. 2 | Brain regional DNA methylation difference per DMCs and changes by
middle age. Differentially methylated cytosines (DMCs) were analyzed pairwise
among the hypothalamus (HT), hippocampus (HC), and olfactory bulb (OB) of 2-
and 12-month-oldmice, based on q <0.05 andmethylation changes of at least 25%.
A–FDMCs betweenHTandHC (A,B), HT andOB (C,D), andHCandOB (E, F) using
Volcano plots (A, C, E) and Venn diagrams (B, D, F). In the Volcano plots, hyper-
methylation and hypomethylation are shown as green and red dots, respectively.
Venn diagrams show the numbers of DMCs, with green arrows pointing upward to

indicate hypermethylation and red arrows pointing downward to indicate hypo-
methylation. The bar graphs display the percentage of tissue-related DMCs that
were lost, retained, or gained by middle age, calculated over the total DMCs
observed in young mice (B, D, F). All analyses were performed on n = 3 mice per
group, statistically via logistic regression using the MethylKit package. Statistical
tests were two-sided, with p-values adjusted to q-values using the SLIM method to
control formultiple comparisons, with all data (B,D, F)meeting q <0.05. DMCs are
listed as Supplementary Dataset 1. Source data are provided as a Source Data file.
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DNA methylation and transcription of Adcy family members in
aging or AD-like model
In addition to Oxt and Gnrh1, we noted that our age-related DMR
analysis across the hypothalamus, hippocampus, and OB shown in
Fig. 4 contained several adenylate cyclases (Adcy), a family of proteins
that co-mediate OXT and GnRH signaling (Suppl. Fig. 6). By modulat-
ing cAMP levels, Adcy members link OXT and GnRH stimulation to
downstreamprotein kinases that regulate various events ranging from
gene expression and neurotransmitter release to synaptic plasticity.

Abnormal Adcy expression is associated with many neurological dis-
orders, including AD and depressive disorders44,45. For instance, loss of
Adcy5 results in Parkinson’s disease-like disorders46, andAdcy7 is linked
to familial major depression in both mice and humans47,48. Hence, our
methylation analysis further narrowed down to the promoter regions
of Adcy members, given the important role of promoters in gene
expression, focusing on the hippocampus because of its critical role in
cognitive regulation. We found that total methylation levels in the
promoter regions of several Adcy genes were significantly lower in
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Fig. 3 | Age-related DMRs in brain regions and molecular pathway analysis.
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on CG sites in the sequences. A, B The total number of DMRs in each brain tissue
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chromosomes (B).CVennDiagramof thenumbers of the underlying genesper age-
relatedDMRs that are either commonorunique amongHT,HC, andOB.DA total of
173 common genes per age-related DMRs among HT, HC, and OB were processed

with KEGG pathway analysis and grouped according to functions. The left Y axis
and bar graphs indicate the numbers of genes, and the right Y axis and red dots
represent −log10(p-values). All analyses were based on n = 3 mice per group, sta-
tistically via logistic regression using MethylKit package (two-sided test) with
p-values adjusted to q-values using the SLIM method to control for multiple com-
parisons, with all datameeting FDR values of less than0.05 (A–C) and Fisher’s Exact
test (two-sided) (D). DMRs and genes for Fig. 3A, C are listed in Supplementary
Dataset 2. Source data are provided as a Source Data file.
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logistic regression usingMethylKit package (two-sided test) with p-values adjusted
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middle-aged mice compared to young mice, while Adcy genes often
underwent hypomethylation in the proximal promoter regions by
middle age (Fig. 6A). In this context, we examined hippocampalmRNA
levels and found that middle age was associated with significant
downregulation across many Adcy genes (Fig. 6B). Also, we examined
the hippocampus of 5xFAD model and observed that hippocampal
mRNA levels of several Adcymemberswere lower in this AD-likemodel
compared to littermate controls (Fig. 6C). Taken together, transcrip-
tion of Oxt and Gnrh1 in the hypothalamus, as well as transcription of
Adcy members in the hippocampus, are commonly defective in both
the aging and the 5xFAD model.

Therapeutic significance of OXT-GnRH combinational treat-
ment in AD mouse model
While this work began with DNA methylation analysis based on aging
model, our analysis led to identification of OXT and GnRH pathways,
whichwe confirmed at the gene transcriptional level to be significantly
altered in an AD-like model which is associated with aging. In the lit-
erature, a few studies recently suggested an effect of OXT in attenu-
ating amyloid β (Aβ) deposition or cognitive impairment in ddY or
APP/PS1 mice or Sprague Dawley rats49–54. Since these studies were
based on experimental conditions with relatively mild cognitive dis-
orders, the effects of OXT in treating AD still remain to be defined.
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panels C and D are presented as mean values ± SEM. au arbitrary unit. Statistical
significance was assessed using two-tailed unpaired t-test, with p-values reported,
and n = 5 mice per group. Source data are provided as a Source Data file.
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Regarding GnRH, researchers have studied its potential in treating
diseases such as cancers, and recently, itwas shown tohave an effect in
improving cognition in Down syndrome and dementia55–57, but the
effect of GnRH on AD is unclear and it remains completely unknown if
OXT and GnRH might be used in combination to synergistically and
effectively combat against AD.

Hence,we studied a9-month-old 5xFADmousemodelwith strong
manifestation of AD-like phenotypes, focusing to compare OXT-GnRH
combinational treatment vs. individual peptide treatment. We
employednasal administration, amethodwhichhas oftenbeenused in
research to deliver peptides into the brain for treating neurological
diseases58–64. Tohelp discern the effects of combinational vs. individual
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Fig. 6 | Adcy family gene methylation and transcriptional in middle age or
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subregion between middle-aged (12 months) and young (2 months) mice. The
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treatment, OXT and GnRH were administered nasally at relatively low
doses (50 ng and 5 ng, respectively) for a relatively short treatment
duration (2 months). After the completion of therapy, animals were
assessed with a battery of non-invasive neurobehavioral assays,
including an open field, grip strength, y-maze, novel object recogni-
tion, social interaction, and Morris Water Maze for various aspects of
physical and cognitive functions. As demonstrated in Fig. 7, OXT-GnRH
combinational treatment led to very robust and strong effects against

various neurological disorders in this AD-like model, while the effects
from single peptide treatment were modest or non-significant. At the
end, we assessed howOXT-GnRH therapy could affect Aβ levels in this
model. Indeed, 5×FAD model had a very large amount of Aβ plaques
throughout various brain regions, represented by hippocampal CA1,
CA3 and dentate gyrus (DG), entorhinal cortex, and mediobasal
hypothalamus. In agreeing with the physiological effects, OXT-GnRH
combinational treatment led to a nearly complete reversal of Aβ
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Fig. 7 | The effects of OXT-GnRH treatment on physiological disorders in
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daily nasal administration and were subsequently examined for a battery of neu-
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sisted of 5-day training session followed by probe test while swimming speed in the
probe trial was provided as a technical control. Data are presented as mean± SEM.
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deposition (Fig. 8). Compared to the combinational treatment, single
peptide treatments were much less effective, except that GnRH
treatment was also sufficient to reduce Aβ plaques in the mediobasal
hypothalamus, while Aβ plaques in fornix bundle in this region were
not amended by any treatment. Taken together, compared to single

peptide treatment, OXT-GnRH combinational therapy increased the
sensitivity and effectiveness in treating neurological disorders and
reducing Aβ plaques in male 5×FAD model.

Finally, given the observed transcriptional changes of Adcy
members in 5xFAD model (Fig. 6), we additionally assessed how OXT-
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GnRH treatment, compared to individual peptide treatment, might
affect promotermethylation of these Adcy genes. Thus, we utilized the
Next-Generation Sequencing-based Bisulfite Sequencing PCR (NGS-
BSP) method to sequence the promoter subregions of candidate Adcy
genes, focusing on subregions between CG island and encoding
sequence. We performed target sequencing on hippocampal tissues
obtained from the 5xFAD mice following combinational versus indi-
vidual treatment with OXT and GnRH, as described in Fig. 7. Although
either treatment did not cause significant changes in average methy-
lation levels of the promoter subregions which we sequenced, our
DMC analysis did lead to identification of several short sequences in
which cytosine methylation levels were altered differently by OXT-
GnRH treatment compared to single peptide treatment (Suppl. Fig. 8).
Admittedly, this research is still limited, but it might point to a future
direction for studying loci effects of OXT-GnRH treatment on gene
promoter activity and if it could significantly affect the transcription of
key genes in contributing to the combinational therapy against AD-like
pathologies.

Discussion
In this project, we computationally analyzed age-related DNA methy-
lation in the hypothalamus compared to two other limbic system
components in a standard mouse model. This analysis led to the dis-
covery that the hypothalamus is characterized by distinctively high-
level DNAmethylation at young age and the distinct dynamics of DNA
methylation and demethylation when approaching middle age. Thus,
compared to the other two limbic system regions, the hypothalamus
contains more DNA methylation information during young age, con-
tributing to its unique pattern of DNAmethylation prior tomiddle age.
During the course of approaching middle age, this distinction of DNA
methylation between the hypothalamus and the other limbic system
regions becomes to be declined. Thus, while aligning with the ‘hypo-
thalamic control of aging’ paradigm which we previously
proposed12,14,15, we further speculate that hypothalamic regulation of
mammalian aging could be causally related to loss of epigenetic
information from DNA methylation in the genomes of the hypothala-
mus. In this context, more brain regions should be compared to the
hypothalamus in light of age-related DNA methylation. We also sur-
prisingly found that not only the hypothalamus but also other limbic
system regions commonly involve age-related DNA methylation of
genes related to various hypothalamic endocrine pathways and nota-
bly OXT and GnRH pathways. This finding suggests the importance of
the hypothalamus in age-related brain regional DNA methylation,
warranting future research. Furthermore, the identificationofOXTand
GnRH pathways in this computational analysis lends support for
investigating whether these neuropeptides could be designed to tar-
get aging-related diseases.

Hence, using an AD-like condition as an important example of
aging-related diseases, we focused intensively on hypothalamic neu-
ropeptide OXT and GnRH pathways for the potential therapeutic
development. Following the observation that multiple components in
OXT and GnRH pathways become declined in relevant brain regions at
the gene transcriptional level in an AD-like mouse model, we were
inspired to evaluate the effects of these two neuropeptides in combi-
nation versus individually for treating AD-like pathologies in this
mouse model. This effort led to a major finding, that is, OXT-GnRH
combinational therapy had a robust effect against the severe symp-
toms in an aged 5×FAD mouse model, showing significantly greater
efficacy than individual peptide treatments. This finding can suggest a
clinical strategy of using OXT-GnRH combinational therapy to target
AD, which would call for clinical research down the road. In the lit-
erature, OXT has recently gained some attention mostly for reducing
Aβ deposition49–54, while it remains unknown if GnRH could be used to
treat AD. It is likely that individual peptides, especially when dose and
treatment conditions are stronger, can each have a better effect onAD-

like disorders, but strategy of developing combinational treatments
should have advantages, for instance, low dose of each peptide helps
minimize off-target effects, and some therapeutic effects are expected
to require interactions and synergy of the two neuropeptide pathways
which might not be achievable by individual peptides.

Our study still has limitations, mostly due to practical constraints
during developing this project. For the computational study, we have
not compared the hypothalamus with other limbic system compo-
nents or other brain regions; to do so will be valuable to solidify the
model on hypothalamic DNA methylation modeling of aging. Techni-
cally, we recognize a limitation that we employed 3 replicates of ani-
mals per group in our computational assays although it was often
similarly used in the literature65–67, hence, to includemore samples will
likely lead to more information. Moreover, while our computational
work was based on an aging model, it would be more informative to
include samples from aging-related diseases such as AD. For the
therapeutic study, while our workwas to initially establish the proof of
principle for using OXT-GnRH combination to target AD-like pathol-
ogies, future research is still needed to optimize dosage and duration,
to assess additional ages and AD conditions, and to profile any off-
target effects. In particular, we acknowledge a limitation due to the
absence of studies on female model, which needs future research to
address. Last but not least, while our therapeutics was based on an AD-
like model as an example of aging-related disease, it will be very
valuable to assess if this strategy could apply to other aging-related
diseases, for example, Parkinson’s disease.

Methods
This study was conducted in compliance with all relevant ethical reg-
ulations. The animal research protocol was reviewed and approved by
the Institutional Animal Care andUse Committee of the Albert Einstein
College of Medicine (Protocols #00001111, #00001385, #00001397,
#00001398, #00001399 and their previously approved versions).

Animal models
C57BL/6mice and 5×FADmicewere obtained from Jackson Laboratory
and housed under standard conditions in a 12-h light/12-h dark cycle
with free access to food andwater. All mice in this study weremale. All
micewere kept under standard, infection-free housingwith 3 to 5mice
per cage. Pathogen-free quality of mouse colonies was ensured
through quarterly serology, quarterly histopathologic exams and daily
veterinarian monitoring of animal health and care. All mice were fed a
standard chow from Lab Diet. Perfusion-induced euthanasia was used
for tissue sampling and carbon dioxide inhalation euthanasia was used
for all other mice which were generated during the study according to
the IACUC approved protocols.

Bisulfite oligonucleotide-captured sequencing (BOCS)
The hypothalamus, hippocampus, and OB were obtained from stan-
dard, chow-fedmaleC57BL/6mice at 2 vs. 12months of age (n = 3mice
per group). DNA was extracted from these tissues using a Qiagen kit
(Cat# 69506). The extracted DNA samples were then sheared into
fragments of 150–200 base pairs using sonication, and the fragment
sizes were verified using the Agilent TapeStation with D1000 Screen-
Tape. The fragmented DNA underwent library preparation using the
SureSelectXT Methyl-Seq Library Prep Kit, following the manu-
facturer’s instructions. The generated libraries were subsequently
hybridized with the SureSelectXT Mouse Methyl-Seq capture set for
16 h at 65 °C, specifically targeting all CG regions including all anno-
tated promoters, CG islands and shore regions (±2 kb from islands) as
well as shelf regions (±2 kb from shores and ±4 kb from islands). The
hybridized libraries were captured using DynaBeads MyOne Strepta-
vidin T1 magnetic beads. The captured libraries were eluted from
magnetic beads using 0.1M NaOH. Unmethylated cytosine residues in
the captured DNA libraries were then converted to uracil through
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bisulfite conversion using the EZDNAMethylation-GoldKit fromZymo
Research. Following bisulfite conversion, DNA was desulfonated and
amplified via PCR. The amplified libraries were purified using AMPure
XP beads. The purified libraries were indexed, allowing for the multi-
plexing of samples in a single sequencing run. Quantification of DNA
libraries was performed using the TapeStation with D1000 Screen-
Tape. The librarieswere normalized to a concentrationof 4 nM,pooled
together, and further diluted to a final concentration of 12 pM. The
DNA libraries were sequenced on an Illumina MiSeq PE75 for quality
control and sequenced on NextSeq500 High PE75 to obtain DNA
methylation profiles.

DNA methylation analysis
FASTQ files were accessed from bisulfite sequencing for quality con-
trol with FastQC and paired-end reads were trimmed for quality with
Illumina’s BaseSpace sequence hub having MethylSeq v2.0.0. Trim-
ming involved removing 3 nucleotides at the 5′ end and 4 nucleotides
at the 3′ end, aswell as adapter removal using FASTQToolkit v2.2. Only
reads with a Q-score >30 were used for mapping, reads which did not
meet criteria after trimming were discarded. Alignment of trimmed
bisulfite converted sequences was carried out using Bismark Bisulfite
Mapper v0.14.4/Bowtie 2 v2.2.2 against the mouse reference genome
(GRCm38/mm10)68,69. Each sample yielded over 25 million aligned
reads, resulting in an average target sequence coverage ranging from
18 to 20×. The aligned BAM files were processed using SAMtools v1.270.
After read mapping, methylation calling was carried out using the
Bismark methylation extractor. The percentage of methylation was
determined by calculating the ratio of methylated cytosines to the
total number of cytosines covered in the genome for each specific
cytosine position. Differential methylation analysis was primarily
conducted in R v4.1.2, using MethylKit v1.20.071. Differentially methy-
lated cytosines were determined from sites passing coverage criteria
of minimum 10. Logistic regression was employed to determine dif-
ferentially methylated sites between tissues, and p-values were adjus-
ted using a false-discovery rate (q-value). Sites with q-value < 0.05 and
methylation difference of ≥25% were considered statistically sig-
nificant. For computing DMRs, criteria were set at a length of 500 bp
showing >10% average methylation difference. Gene annotation files
for the mouse (GRCm38) were downloaded from Gencode and map-
ped with DMRs using BEDTools v2.30.071,72. Deconvolution analysis, a
method for analyzing cellular heterogeneity based on methylation
sequencing data36,73–75, was used to computationally assess tissue het-
erogeneity of cell populations. The computation was based on using
DXM (Deconvolution of Subpopulations Existing inMethylation Data),
a reference-free approach offering versatility across various Bisulfite
Sequencing (BS) methodologies39 which was established in the litera-
ture to accurately infer cell-type proportions40. DXM’s initial module
“dxm_estimateFracs”was usedwithin the Python environment. Enrichr
was used to perform KEGG pathway analysis, allowing the identifica-
tion and enrichment analysis of genes within specific biological
pathways76. Cytoscape, in conjunction with the String module, with
confidence >0.4 as the cut-off criteria, was employed to construct
protein-protein interaction network, visualization and analysis of
interconnections between pathway components77,78. Data were pro-
cessed and visualized in Python, and computational analyses were
conducted using custom scripts or published tools in UNIX, R and
Python environments.

Animal treatment and behavioral assays
Male 5xFADmice under standard housing and feeding were randomly
assigned into various treatment groups to receive 50ng OXT (Cat #
04375-1000IU, Sigma Aldrich) and 5 ng GnRH (Cat # PEP-168, Invitro-
gen) treatment through daily nasal administration. Following 2-month
treatment, animals were sequentially examined with a panel of non-
invasive behavioral assays with adequate recovery time between

different assays. All behavioral tests were performed in an isolated and
designated mouse behavioral room. An anymaze video-tracking sys-
tem (version 4.99m, Stoelting) connected with a digital camera and
computer was used to record the activities of mice during behavioral
procedures. Grip test: Each mouse was positioned on a square grid
with a 1-cm mesh, which was then inverted 30 cm above a protective
pad. The mouse was then allowed to hang by its paws for a specified
period, and the duration for which the mouse remained suspended
was recorded. Three repeats were performed for each animal with
30min rest time between trials. Open field test: Amouse was placed in
the lower right corner of a spacious, empty white plastic chamber
(40 cm length × 40 width and × 40 cm height) and was allowed to
freely move in the chamber while movement and behavior were
recorded by the camera for 10min. Y-maze test: Amousewas placed in
the center of Y-maze apparatus and allowed to freely explore for
10min. The time spent in each armand thenumber of armentrieswere
recorded and analyzed. An entry was considered a success when all
four limbs entered an arm. Novel object recognition: A mouse was
allowed to freely explore an open-field box (40 cm in length, 40 cm in
width, and 40 cm in height) for 10min prior to experimental sessions.
During the familiarization session, the mouse was then allowed to
freely explore two similar objects for 10min. During the test session,
one of the two objects was replaced by a novel object for 10min. The
amount of time that the mouse spent exploring each object was
recorded. A preference index was calculated using the ratio of the
amount of time exploring each object over the total time exploring
both objects. Morris water maze (MWM): The test was performed
using a round water tank (90 cm in diameter) containing water at
temperature of 22 to 23 °C and a non-toxic paint which was added to
make opaque and white background. A circular, background color-
matched platformwith a diameter of 10 cmwas placed 25 cm from the
wall of the tank and about 1 cmbelow thewater surfacewhichwas thus
invisible. Animals were trained for 5 days, 4 training sessions each day,
and the beginning positions for each training day were randomly
chosen. At each training session, mice were placed in a beginning
position in the maze and were trained to find the platform within 60 s.
Latency to reach the platform of each trial was recorded. On the next
day following 5-day training sessions, probe trials were performed by
removing the platform and the animal was allowed to swim for 60 s
and measured for swimming speed and the latency that the mouse
swam to cross the location where the platformwas previously located.
Sociality: Social interaction was tested in a gray 3-chamber neutral box
cage (60 cm in length, 40 cm in width, and 22 cm in height). For
adaptation phase, animals were allowed to explore freely for 10min in
the neutral cage for habituating the testing conditions. For social
affiliationphase, a newmouse (stranger) inawire containment cupwas
placed in a side chamber. The subject mouse was allowed free access
to explore each of three chambers for 10min. For preference testing
phase, a second new mouse (new stranger) in a wire containment cup
was placed in the opposite side chamber. The subject mouse was
allowed to freely explore each of three chambers for 10min. The time
spent in social interaction by sniffing was recorded.

Brain sections and immunostaining
The mice from the above therapeutic experiment were used for brain
Aβ immunostaining (subgroup of brain samples from thesemice used
for DNA promoter target sequencing). To obtain brain samples, mice
were anesthetized with 3–5% isoflurane inhalation and were transcar-
dially perfused with saline over 5min before brains were collected.
Brain hemispheres were post-fixed with 4% PFA and then infiltrated
with 20–30% sucrose for immunostaining. Brain sections were gener-
ated with a thickness of 20μm using a cryostat. To facilitate Aβ
immunostaining, sectionswere treatedwith 88% formic acid to expose
the antigen, followed by blocking with a buffer solution containing 5%
BSA, 5% goat serum, and 0.1% Triton X-100 in PBS. Subsequently, brain
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sections were incubated overnight at 4 °C with mouse anti-Aβ primary
antibody (anti-β-Αmyloid, BioLegend, #803003, 1:500) in a blocking
buffer. Technical controls included appropriate species-matchednaive
IgGs. Following three washes, the sections were incubated with sec-
ondary antibody (Goat anti-mouse IgG antibody Alexa Fluor 555,
Thermo Fisher, #A21422, 1:500), and after three washes, sections were
covered with a mounting medium containing DAPI for visualizing the
nuclei of cells in the sections.

Image capture and quantification
Brain sections were imaged for a target region using the LAS X
software-equipped Leica Stellaris 8 confocal microscope. The same
confocal setting andparameterswereused for all samples in this study.
Confocal scanning was set at 600Hz scan speed, 4 lines average, and 2
frame average. 20×/0.75 dry objective was used for imaging hippo-
campal subregions, and 10×/0.40 dry objective used for imaging other
brain regions. Aβplaque signalswere imagedwith anALEXA channel at
excitation wavelength of 553nm and emission light collected with a
wavelength of 558 to 730 nm. DAPI staining signal was imaged at
excitation wavelength of 405 nm and emission light collected with a
wavelength of 430 to 558nm. The pinhole size was set at 56.7μm for
both channels. Images were exported as scaled viewer tiff files with
lossless compression. ImageJ 1.54 f was used to quantitate image signal
of interest. The same settingsof ImageJwere used toprocess all images
in this study. RGB images were converted into 8-bit grayscale format
for each channel by ImageJ, and the entire region of interest (ROI) was
delineated according to the anatomic structure. Aβ plaques in an ROI
were subsequently identified using a threshold signal of 122 to
255 scale, and theplaquedensity of a target brain regionwas calculated
as Aβ signal per area of ROI.

Quantitative RT-PCR
The hypothalamus and hippocampus samples were obtained from
standard male C57BL/6 mice at the age of 2 vs. 15 months and from
male 5xFAD mice and littermate male WT controls at the age of
8months for extraction of total RNAusing TRIzol reagent (Invitrogen),
followedby reverse transcription usingHigh-Capacity RNA to cDNAkit
(Thermo Fisher) according to the manufacturer’s instructions. Quan-
titative real-time PCR was conducted using Power SYBR Green PCR
Master Mix (Thermo Fisher) with specific primer sets (see below). β-
actin was used as a reference and changes were calculated using 2-ΔΔCt

method.
Oxt: 5ʹ-GCTGCCAGGAGGAGAACTAC-3ʹ; 5ʹ-GGCAGCCATCTGCAA

GAGAA-3ʹ
Gnrh1: 5ʹ-GCATTCTACTGCTGACTGTGTGTT-3ʹ; 5ʹ-GTTCTGCCA-

TTTGATCCACCT-3ʹ
Adcy3: 5ʹ-TCTTTGACTGCTACGTGGTAGT-3ʹ; 5ʹ-GGCCCGTGAAA

AGTTCAGG-3ʹ
Adcy5: 5ʹ-AAGATCCTCGGGGATTGTTACT-3ʹ; 5ʹ-CTCCCGGACCAA-

CGAGATG-3ʹ
Adcy7: 5ʹ-AAGGGGCGCTACTTCCTAAAT-3ʹ; 5ʹ-GTGTCTGCGGAGA-

TCCTCA-3ʹ
Adcy9: 5ʹ-CAACAGCGTGAGGGTCAAGAT-3ʹ; 5ʹ-CATGGAGTCGAA-

TTTGGGGTC-3ʹ
β-actin: 5ʹ-CCTCTATGCCAACACAGTGC-3ʹ; 5ʹ-GCTAGGAGCCAGA-

GCAGTAA-3ʹ

Statistics and reproducibility
Sample sizes were designed considering the relevant literature for
physiological, biochemical and histological experiments12,14,15,79,80,
relevant literature for DNA bisulfite sequencing65–67, and relevant lit-
erature for target bisulfite sequencing67,81. Neurobehavioral tests were
performed making group information blind to experimental perfor-
mers when collecting the data. All physiological and histological
results represented repeated observations independently and through

complimentary approaches. All data with biological replicates were
presented as mean± S.E.M. The number of biological replicates and
applied statistical methods are detailed in figure legends. Data were
analyzed for parametric or non-parametric distributions with statis-
tical tools such as Shapiro-Wilk test, D’Agostino-Pearson test,
Anderson-Darling test, and Kolmogorov-Smirnov test. Data that fol-
lowed parametric distribution were analyzed using ANOVA with
Tukey’s multiple comparisons when involving more than two groups
and two-tailed unpaired Student’s t-test when involving only two
groups. Data that did not followparametric distributionwere analyzed
including Kruskal-Wallis test and Dunn’s multiple comparisons when
having more than two groups and two-tailed Mann-Whitney test when
having only two groups. Additional statistics included logistic regres-
sion and Fisher’s Exact test contained in applied computational pro-
grams. Statistical significance of all data was determined at p < 0.05.
For computing differential methylation sites and regions, logistic
regression-based modeling was applied in R-based MethylKit v1.20.0,
with a false discovery rate set at q <0.05.

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

Data availability
BOCS datasets for all biological samples generated in this study are
available in the NCBI Gene Expression Omnibus (GEO) repository with
accession number GSE276875. Target promoter subregional data and
raw immunofluorescence images are deposited in publicly accessible
platform Figshare (https://figshare.com/s/c2ed30d10acfa8a43f56).
Source data are provided with this paper. There is no restriction on
data availability in this manuscript, and research materials developed
from this study are freely available to research upon request. Source
data are provided with this paper.

Code availability
Code/scripts for computational analysis are deposited in the publicly
accessible GitHub repository (https://github.com/DongshengCai/
Brain-subregional-DNA-methylation-aging).
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