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Understanding the key drivers of brain aging is essential for effective prevention
and treatment of neurodegenerative diseases. Here, we integrate human brain and
physiological data to investigate underlying mechanisms. Functional MRI analyses
across four large datasets (totaling 19,300 participants) show that brain networks not
only destabilize throughout the lifetime but do so along a nonlinear trajectory, with
consistent temporal “landmarks” of brain aging starting in midlife (40s). Comparison
of metabolic, vascular, and inflammatory biomarkers implicate dysregulated glucose
homeostasis as the driver mechanism for these transitions. Correlation between the
brain’s regionally heterogeneous patterns of aging and gene expression further supports
these findings, selectively implicating GLUT4 (insulin-dependent glucose transporter)
and APOE (lipid transport protein). Notably, MCT2 (a neuronal, but not glial, ketone
transporter) emerges as a potential counteracting factor by facilitating neurons’ energy
uptake independently of insulin. Consistent with these results, an interventional study
of 101 participants shows that ketones exhibit robust effects in restabilizing brain
networks, maximized from ages 40 to 60, suggesting a midlife “critical window” for
early metabolic intervention.
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Brain aging is associated with multiple degenerative processes, including glucose
hypometabolism, atrophy, cerebrovascular disease, and deposition of beta-amyloid and
tau proteins (1–5). However, these manifestations often become detectable only in the
later stages of aging, beyond the point where effective intervention may be possible.
In contrast, age-related neurological changes identified by functional MRI (fMRI)
and electroencephalography (EEG) can be detected decades earlier (6, 7). Therefore,
neuroimaging-based biomarkers hold the potential to identify mechanisms and evaluate
treatments even during the prodrome, particularly if they are sensitive enough to measure
response to intervention on short timescales.

Our previous research indicates that, at ages starting in the late 40s, both fMRI
and EEG-derived brain networks (a whole-brain measure of neural connectivity,
or signaling) undergo substantial reorganization, which can be characterized by
destabilization and desynchronization (8–11). This reorganization is similar to that
observed in individuals with Type 2 diabetes mellitus (T2DM), suggesting neuronal
insulin resistance as a candidate mechanism driving early stages of brain hypometabolism
and cognitive decline (1, 12). Mechanistically, we further showed that experimentally
inducing neuronal insulin resistance by blocking GLUT4, the insulin-dependent
glucose transporter (13–16), results in altered firing dynamics and slowed axonal
conduction velocity, thus disrupting neuronal signaling (17). Finally, using multiscale
computational modeling, we identified mechanistic pathways by which reduced ATP
availability in neurons can lead to diminished potassium gradients, reduced axonal
conduction velocity, and thus desynchronization of brain networks at the whole brain
scale (11, 18).

While glucose is the brain’s primary fuel, ketones provide an alternative that can be
metabolized by neurons without insulin and thus can bypass insulin resistance. Because
this alternative fuel can be utilized by insulin-resistant neurons, ketones have been
proposed as a potential therapeutic for age-related hypometabolism (19–22). Ketones,
whether produced endogenously through fasting or low-carbohydrate/high-fat diets or
administered exogenously as a supplement, have been shown to improve age-related
cognitive decline (23–25) and to restore insulin-resistance-induced deficits in axonal
conduction velocity (17). Moreover, ketones may improve neural functioning even at

Significance

Age-related cognitive decline is
associated with metabolic,
vascular, and inflammatory
changes, making it challenging to
distinguish primary causes from
secondary (downstream) effects.
This study demonstrates that
brain aging follows a specific
progression, with the first stage
occurring in middle age and
coinciding with increased insulin
resistance. Moreover, we show
that brain areas that age fastest
are also those most vulnerable
to neuronal insulin resistance.
Importantly, we find that
administering ketones, which can
fuel neurons while bypassing
insulin resistance, reverses brain
aging effects. However, this
intervention is only effective
when provided early enough for
neurons to remain viable. These
findings contribute to our
understanding of brain aging
mechanisms and suggest
neurometabolic strategies for
targeted early intervention in
preventing age-related cognitive
decline.

Copyright © 2025 the Author(s). Published by PNAS.
This open access article is distributed under Creative
Commons Attribution-NonCommercial-NoDerivatives
License 4.0 (CC BY-NC-ND).
1To whom correspondence may be addressed. Email:
dill@laufercenter.org or mujica@lcneuro.org.

This article contains supporting information online
at https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.
2416433122/-/DCSupplemental.

Published March 3, 2025.

PNAS 2025 Vol. 122 No. 10 e2416433122 https://doi.org/10.1073/pnas.2416433122 1 of 10

http://crossmark.crossref.org/dialog/?doi=10.1073/pnas.2416433122&domain=pdf&date_stamp=2025-03-01
https://orcid.org/0000-0002-4807-9833
https://orcid.org/0000-0002-2390-2002
https://orcid.org/0000-0002-3752-5519
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:dill@laufercenter.org
mailto:mujica@lcneuro.org
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2416433122/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2416433122/-/DCSupplemental


baseline, strengthening signaling for neurons without being
compromised by insulin resistance (17) and across the brain for
younger individuals in their 20s and 30s (8, 9). This increased
metabolic efficiency under ketosis is consistent with effects
reported for other organs, such as the heart (24, 26–28).

Here, we integrate our lifespan brain-aging trajectory, mech-
anistic, and interventional findings, with a specific focus on
distinguishing earlier catalyzing processes from later downstream
effects. First, we established the robustness of the nonlinear
(sigmoid) trajectory identified by our prior findings (8) by testing
the replication of brain network destabilization curves across four
independent large-scale fMRI datasets totaling 19,300 subjects.
Second, once the brain aging trajectory was confirmed, we
asked which physiological changes co-occurred with its nonlinear
transition points: the sigmoid’s base �, and its inflection point
I. Third, we asked which mechanistic factors were implicated by
the spatially heterogeneous nature of brain aging. Identifying
which brain regions were differentially affected earlier than
others, we compared age-related spatial heterogeneity with that
of gene expression to ask which mechanisms were consistent
with or excluded by the aging pattern. Both physiological
biomarker and gene expression analyses confirmed neuronal
insulin resistance as the driving mechanism for the brain aging
trajectory. Based on these results, we then extended the ketone
intervention beyond the aging trajectory’s baseline (ages 20 to
39 y) (8) to investigate the impact of ketosis on 101 subjects’
brains following the onset � of network destabilization (the
metabolic stress period, ages 40 to 59 y) and its inflection I (ages
60 to 79 y). As with our prior studies, ketones were fasting-
normalized, individually weight-dosed, and calorically matched
with glucose to isolate their differential effects with greater
precision than possible with dietary studies of ketosis. Our results
indicate the beneficial effects are maximized during the period
of most rapid network destabilization, during ages 40 to 59 y.
This suggests a critical window for intervention: a period of
neuronal metabolic stress, preceded by homeostasis and followed
by hypometabolism, during which the regulatory mechanisms
that maintain the brain’s optimal energy supply “bend” before
they “break.”

Results

Metabolic Changes Predominate during the Acceleration Phase
of Brain Aging, as Depicted by Nonlinear Lifespan Trends in
Brain Network Instability. Using four large-scale neuroimaging
datasets (HCP-A, UK Biobank [UKB], Mayo Clinic Study of
Aging, and Cam-CAN), we first reproduced our previously mea-
sured nonlinear trends in brain network instability (SI Appendix,
Fig. S1), focusing on the three subnetworks that were identified as
most sensitive to aging: auditory, visual, and cingulo-opercular
(SI Appendix, Fig. S2) (8). However, the neuroimaging field
lacks a neurobiological or methodological consensus regarding
the many ways one can parse and categorize resting-state sub-
networks (29–35). Therefore, to maximize generalizability, we
also extended network instability analyses to encompass all-to-all
(whole-brain) networks. We then maximized detection sensitivity
by focusing on those datasets with the highest (<1 s) temporal
resolution (36–40): HCP-A and UKB. In both datasets, whole-
brain networks exhibited a significant destabilization across the
lifespan (linear fit, HCP-A: t = 8.25, P < 1E-10, N = 712;
UKB dataset: t = 3.8, P = 0.0002, N = 16,435).

To quantify the observed nonlinear trajectory, we fitted a
sigmoid model to the data, which, for HCP-A, provided a
significantly better fit as compared to the linear trend (F-test,
F = 1.5, P = 1E-8) (Fig. 1A). From the parameters of the
sigmoid model, we identified three key transition points, or
landmarks: � = 43.7 y, marking the onset of destabilization;
I = 66.7 y, marking the age of most rapid destabilization (the
sigmoid’s inflection point); and �1 = 89.7 y, marking the age
at which destabilization has reached its plateau. For UKB, the
sigmoid model yielded a superior fit as compared to the null
model (F = 5.0, P < 1E-10); however, unlike HCP-A, UKB
did not show a significant improvement as compared to the
linear model (F = 0.29, P = 1). This is likely due to UKB’s
narrower age range, whose lower bounds coincided with the start
of the destabilization period (SI Appendix, Fig. S3). From the
fitted sigmoid parameters from the UKB dataset, the derived
age landmarks were � = 46.9 y, I = 61.5 y, and �1 = 76.1 y.
We confirmed that head motion was not a confounding variable
(r = −0.02, P = 0.7) (SI Appendix, Fig. S4).

n.s. n.s.n.s.
IA B

Fig. 1. Metabolic changes predominate during the acceleration phase of brain aging, as depicted by nonlinear lifespan trends in brain network instability. (A)
The HCP-A functional neuroimaging dataset revealed a sigmoidal trend in the destabilization of brain networks across the lifespan. Curve fitting was utilized to
derive landmark age points � (onset of destabilization), I (age of fastest destabilization), and �1 (age of destabilization plateau). (B) Mean changes for biomarkers
representing metabolic health (HbA1c), vascular health [systolic blood pressure (SysBP), diastolic blood pressure (DiaBP)], and inflammatory state [blood levels
of C-reactive protein (CRP)] were evaluated across age groups defined with respect to their relationship to the � and I landmarks (Nage<� = 111, N�≤age<I = 281,
NI≤age<�1 = 202). Error bars represent 95% CIs for the mean changes between consecutive age groups, normalized by the variance of each biomarker across
the entire age range. The � landmark was associated most strongly with an increase in HbA1c (t = 4.8, P = 4E-6), while the I landmark was associated most
strongly with an increase in systolic blood pressure (t = 5.7, P = 3E-8). In contrast, blood CRP, indicative of inflammation, showed no significant changes around
either landmark. n.s., not statistically significant, *P ≤ 0.05; **P ≤ 0.01; ***P ≤ 0.001; ****P ≤ 0.00001.
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Table 1. Summary of utilized neuroimaging datasets
Dataset Sample size (female) Age range (median) Field strength (fMRI) Acquisition length Repetition time

HCP-A 712 (396) 36 to 90 (58) 3T 25 min 30 s 0.8 s
UKB 16,435 (8,374) 50 to 80 (64) 3T 6 min 0.735 s
Metabolic 101 (48) 21 to 79 (44) 7T 9 min 53 s 0.802 s
Mayo Clinic 1,519 (692) 31 to 90 (70) 3T 7 min 50 s 2.925 s
Cam-CAN 634 (320) 18 to 88 (54) 3T 8 min 40 s 1.97 s

HCP-A: Human Connectome Project Aging Dataset, UKB: UK Biobank, Metabolic: Metabolic intervention dataset collected at Massachusetts General Hospital, Mayo: Mayo Clinic Study of
Aging Dataset, Cam-CAN: Cambridge Centre for Ageing and Neuroscience Dataset.

To investigate driving mechanisms underlying the observed
destabilization, we further narrowed down our analyses to focus
on the HCP-A dataset, due to its broader age range and inclusion
of biomarkers specific to each of three candidate mechanisms:
metabolic (blood HbA1c), vascular (systolic and diastolic blood
pressure), and inflammatory (blood c-reactive protein). These
measures were then used to identify whether any significant
physiological changes coincided with the inferred landmark
points. We divided the sample into subgroups bounded by
the age landmark points (Nage<� = 111, NA≤age<I = 281,
NI≤age<�1 = 202), with the group older than �1 = 89.7 y
omitted due to small sample size. Two-sample t tests revealed the
� landmark to be associated most consistently with a marked
increase in HbA1c (t = 4.8, P = 4E-6), accompanied by
less consistent elevations in systolic blood pressure (t = 4.0,
P = 0.0001) (Fig. 1B). In contrast, the I landmark was most
consistently associated with profound vascular changes, with
systolic blood pressure displaying the greatest effect size (t = 5.7,
P = 3E-8), followed by HbA1c (t = 3.9, P = 0.0001) and
then diastolic blood pressure (t = 2.6, P = 0.01) (Fig. 1B).
Notably, no significant changes were detected in blood C-reactive
protein levels around either landmark. These findings suggest
that changes in energy metabolism predominate at the onset
of brain network destabilization, while alterations in vascular
biomarkers become evident only later, during the rapid phase of
destabilization.

Gene Expression Brain Maps Highlight Neuronal Insulin Resis-
tance as a Driver of Brain Aging, Counteracted by Neuronal
Ketone Transport. To further understand how each of the
candidate mechanisms relates to the sigmoidal lifespan trajectory,
we considered the spatial heterogeneity of brain aging and its
correspondence to patterns of regional gene expression (Fig. 2A).
To identify age-related changes in brain activity, we first measured
each brain’s amplitude of low-frequency fluctuations (ALFF), a
voxel-based measure of brain activity (41) (ALFF was normalized
for each individual brain; thus, ALFF provided a measure
of relative, rather than absolute, activity across the brain).
Using these ALFF values, we then computed age-specific brain
activity maps, which were subsequently compared to mechanistic
gene expression maps provided by the Allen Human Brain
Atlas (42, 43). To compute spatial similarity, we corrected
for spatial autocorrelations and multiple comparisons. We first
interpreted the genes that significantly correlated with aging
effects in an unsupervised manner using gene set enrichment
analysis (44). This analysis highlighted pathways associated with
synaptic function and transmembrane transport (SI Appendix,
Fig. S7). Next, based on our lifespan findings suggesting
metabolic dysregulation as a potential driver mechanism, we
tested six genes encoding for glucose transporters (GLUT1,
GLUT3, GLUT4), ketone/lactate transporters (MCT1, MCT2),
and APOE. As control variables, we analyzed matched sets of

six genes each, representing vascular processes, inflammation,
and a set of genes with no known association to any of
the three candidate mechanisms (Table 2). Among these 24
genes, only three, all metabolism-related, exhibited significant
correlations with aging patterns in both the UKB and HCP-
A datasets (Fig. 2B). In contrast, the control genes associated
with vascular function, inflammation, and otherwise unrelated
mechanisms did not show replicable correlations across both
datasets (SI Appendix, Fig. S8), suggesting that the observed pat-
terns of functional brain aging were specific to energy metabolic
processes.

Three metabolic genes were significantly correlated (� = 0.05,
Bonferroni corrected) with age-related changes in brain activity.
These were the neuronal insulin-dependent glucose transporter
GLUT4 (UKB: r = 0.28, P = 0.0003; HCP-A: r = 0.3, P =
0.0007), the neuronal lactate/ketone transporter MCT2 (UKB:
r = −0.37, P = 0.00003; HCP-A: r = −0.35, P = 0.002),
and the lipid transporter APOE (UKB: r = 0.35, P = 0.0003;
HCP-A: r = 0.34, P = 0.001), whose �4 allele markedly
increases risk for Alzheimer’s disease (Fig. 2C ) (45–47). The
absence of significant correlations with glial (astrocyte) glucose
and ketone/lactate transporters GLUT1 and MCT1, as well as
the neuronal insulin-independent glucose transporter GLUT3,
further isolate mechanisms specific to neuron, insulin, and lipid-
related metabolism. The inverse correlation with MCT2 suggests
these aging effects may be potentially mitigated by neuronal
lactate/ketone transport.

D-�-Hydroxybutyrate Circumvents Insulin Resistance to Re-
verse Brain Network Destabilization during the Accelerated
Phase of Brain Aging. The gene expression results reported
above not only show that brain aging effects are consistent
with compromised GLUT4 but also identify ketone uptake
through MCT2 as a potential mitigating pathway (Fig. 3A).
Using ultrahigh field (7T) fMRI, we previously showed that
acute administration of individually weight-dosed exogenous
ketone monoester (hereafter referred to as D-�-hydroxybutyrate
[D-�HB], its hydrolysis product), but not calorically matched
glucose, stabilizes brain networks in premidlife adults (<50 y) (8).
Here, we conduct the same within-subjects protocol (Metabolic
Intervention Study; Fig. 3B), but extend it to include � (ages
40 to 59 y) and I (60 to 79 y) transition points along the
brain aging trajectory (Table 1). To normalize for test–retest
variance between each participant’s D-�HB and glucose testing
days (r = 0.44, SI Appendix, Fig. S5), all network stability values
were individually baseline-corrected to their own prebolus fasting
values on that day.

Our fMRI results indicated that, for the 20- to 39-y-old age
group (pre-�), D-�HB significantly stabilized brain networks
compared to fasting (t = −2.6, P = 0.01, N = 38). For the
40- to 59-y-old age group (post-�), the effect size of ketone
monoester was 84.62% larger than that of the youngest group
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Fig. 2. Gene expression brain maps highlight neuronal insulin resistance as a driver of brain aging, counteracted by neuronal ketone transport. (A) Diagram
illustrating the methodology for establishing similarity between the aging pattern in brain function and gene expression distribution. (B) Color-coded tiles
show Spearman correlations between the pattern of age-related changes in ALFF and the spatial distribution of gene expression associated with probable
key mechanisms underlying brain aging. Each shown point corresponds to a cortical functional region of interest. Labels indicate expressed proteins rather
than the underlying genes. Investigated mechanisms encompassed cellular glucose uptake (genes translated to GLUT1, GLUT3, GLUT4), ketone/lactate uptake
(MCT1, MCT2), lipid-transport (APOE), vascular function (NOS1, ACE, ET-1, VEGFA, VEGFB, VEGFR1), inflammation (TNF, TNF receptor 1, IL-1�, IL-6, IL-23A, P2RX7),
and housekeeping and cytoskeletal structure as unrelated controls (ACTB, NF-L, GAPDH, PGK1, EEF1A1, RPL13A). The spatial correlations were computed in
both UKB and HCP-A datasets. (C) Scatter plots depict associations between brain aging effects and gene expression (log-scaled) for genes that replicated in
both the UKB and HCP-A datasets. These included genes encoding for GLUT4, MCT2, and APOE. The functional data shown are from the UKB dataset.

(t = −4.8, P = 0.00003, N = 39). In contrast, for the 60- to
79-y-old age group (I ), the effect size of ketone monoester was
less than half that of the youngest group (t = −0.8, P = 0.4,
N = 24) (Fig. 3C ). Meanwhile, in agreement with our previous
results in young adults, the glucose bolus calorically matched to
each participant’s D-�HB dose did not show stabilizing effects
in any of the age groups (Fig. 3C ), indicating that the results
were specific to non-GLUT4 (and thus noninsulin) mediated
pathways.

Finally, we checked for evidence of potential confounding fac-
tors that might explain the age-related effects of the intervention
(critical window) in ways unrelated to energy utilization. Head
Motion: We previously established in the HCP-A dataset that
head motion did not correlate with brain network instability
(r = −0.02, P = 0.7) (SI Appendix, Fig. S4). For the Metabolic
Intervention Study dataset, we likewise confirmed that changes
in motion did not correlate with the observed effects (r = 0.09,
P = 0.4) (SI Appendix, Fig. S6) and, therefore, could not
explain the markedly diminished effect size in the oldest age
group. Variance: Bartlett’s test indicated no significant difference
between the variances of the 40- to 59-y-old and 60- to 79-y-old
age groups (B = 1.0, P = 0.3), suggesting that the absence of
significant findings in the oldest group was due to a smaller

mean effect rather than increased variance. Ketone Dosing:
Mean blood ketone levels following D-�HB administration were
3.9±1.1 mmol/L, reflecting a high physiological concentration,
and did not differ between the 40- to 59-y-old and 60- to
79-y-old age groups (t = −1.3, P = 0.2). Blood–Brain Barrier:
Finally, to test whether reduced effects in the oldest subjects
might reflect changes in D-�HB’s ability to cross the blood–
brain barrier, we scanned a representative subset (N = 41) of
our Intervention Study cohort with 7T proton (1H) magnetic
resonance spectroscopy (MRS). Our results confirmed a lack
of significant age-related differences, either absolute or relative,
in D-�HB within the brain (SI Appendix, Fig. S9). Thus, our
MRS results suggest that age-related changes in efficacy result
not from differences in the concentration of ketones within the
brain but rather from the degree to which the ketones can be
metabolized.

Discussion

In biological systems, “stress” occurs when the control mecha-
nisms that maintain homeostasis are challenged by deviations
beyond physiologically optimal ranges. While biological sys-
tems typically use negative feedback to compensate for small
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Table 2. List of genes with expression maps investigated for spatial associations with aging effects
Gene Protein product Full name Function Mechanism group

SLC2A1 GLUT1 Glucose Transporter 1 Astrocytic and endothelial glucose
transporter

Energy Metabolism

SLC2A3 GLUT3 Glucose Transporter 3 Neuronal insulin-independent
glucose transporter

Energy Metabolism

SLC2A4 GLUT4 Glucose Transporter 4 Neuronal insulin-dependent
glucose transporter

Energy Metabolism

SLC16A1 MCT1 Monocarboxylate Transporter 1 Astrocytic lactate and ketone
transporter

Energy Metabolism

SLC16A7 MCT2 Monocarboxylate Transporter 2 Neuronal lactate and ketone
transporter

Energy Metabolism

APOE APOE Apolipoprotein E Cholesterol transporter Energy Metabolism

NOS1 NOS1 Nitric Oxide Synthase 1 Catalyst for nitric oxide synthesis Vascular Function
ACE ACE Angiotensin-Converting Enzyme Vasoconstriction regulator Vascular Function
EDN1 ET-1 Endothelin 1 Vasoconstrictor Vascular Function
VEGFA VEGFA Vascular Endothelial Growth

Factor A
Vascular growth regulator Vascular Function

VEGFB VEGFB Vascular Endothelial Growth
Factor B

Vascular growth regulator Vascular Function

FLT1 VEGFR1 Vascular Endothelial Growth
Factor Receptor 1

VEGF receptor Vascular Function

TNF TNF Tumor Necrosis Factor Proinflammatory cytokine Inflammation
TNFRSF1A TNFRSF1A Tumor Necrosis Factor Receptor

Superfamily Member 1A
TNF receptor Inflammation

IL1B IL-1� Interleukin-1 Beta Proinflammatory cytokine Inflammation
IL6R IL-6R Interleukin-6 Receptor IL-6 receptor Inflammation
IL23A IL-23A Interleukin-23 Subunit Alpha Proinflammatory cytokine Inflammation
P2RX7 P2RX7 P2X Purinoceptor 7 Regulator of inflammatory signaling Inflammation

ACTB ACTB Beta-Actin Cytoskeletal protein Unrelated Control
NEFL NF-L Neurofilament Light Polypeptide Cytoskeletal protein Unrelated Control
GAPDH GAPDH Glyceraldehyde 3-phosphate

Dehydrogenase
Housekeeping glycolytic enzyme Unrelated Control

PGK1 PGK1 Phosphoglycerate Kinase 1 Housekeeping glycolytic enzyme Unrelated Control
EEF1A1 EEF1A1 Eukaryotic Translation

Elongation Factor 1 Alpha 1
Protein synthesis elongation factor Unrelated Control

RPL13A RPL13A Ribosomal Protein L13a Ribosomal assembly factor Unrelated Control

perturbations, more profound changes in the cellular milieu
that exceed the capacity of the control system to compen-
sate will eventually break the system. Insulin resistance is a
perturbation that directly impacts cells by impairing GLUT4-
mediated utilization of glucose (48). With glucose as brain
cells’ primary fuel source, insulin resistance, therefore, induces
hypometabolism, a state of metabolic stress. We previously
showed, using pharmacologically induced neuronal insulin re-
sistance with neuronal field recordings, that metabolic stress
slows axonal conduction velocity, reversed when neurons are
administered the same D-�HB provided to participants here
in our Metabolic Intervention study (17). This would result in
long-range desynchronization (18), consistent with the observed
network destabilization with age and its reversal by D-�HB.

Within control systems physiology, the canonical trajectory of
sigmoid and collapse (Fig. 3D) is consistent with a breakdown
in homeostatic regulation, in which the system bends before
it eventually breaks. Here, we show that the destabilization
of fMRI-derived functional networks does not follow a linear
pattern but instead exhibits distinct landmarks, with the earliest
transition point, �, co-occurring with a significant increase in
systemic insulin resistance, measured by HbA1c. Additionally,
our gene expression analyses suggest that the primary effect is

neuronal (MCT2) rather than glial (GLUT1, MCT1) and that
the effect is not only generally glucose hypometabolism but tied
specifically to insulin-dependent (GLUT4) rather than insulin-
independent (GLUT3) neuronal glucose transport. We further
show that brain networks can be restored by D-�HB. This
fuel bypasses insulin resistance, during a hypothesized critical
window when neurons are already beginning to be metabolically
stressed, but before sustained starvation causes them to be
irreversibly damaged (breaking point and subsequent cell death).
Although a recent positron emission tomography (PET) study
showed that neurons in elderly individuals, including those
with mild cognitive impairment and Alzheimer’s disease (22),
still demonstrate ketone uptake, the beginnings of irreversible
pathological changes at this stage may limit their therapeutic
impact. Consistent with this, we observed the effects of D-�HB
to diminish markedly during the 60- to 79-y range. The observed
landmarks of brain aging correspond with those identified using
systemic multiomics markers of aging in other studies (49, 50),
providing further links between molecular mechanisms and our
neurobiological results. Behaviorally, the attenuation of the ef-
fects of D-�HB coincides with the age at which cognitive decline
begins to accelerate (51, 52) and when clinical symptoms typically
manifest (53). Importantly, all of our neuroimaging analyses
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Fig. 3. D-�-hydroxybutyrate circumvents insulin resistance to reverse brain network destabilization during the accelerated phase of brain aging. (A) Oxidative
energy-providing pathways of the brain. Neurons can utilize glucose, ketones, or lactate (via astrocytes) for energy, with distinct transporters facilitating their
uptake. D-�HB is one of the primary ketones readily metabolized by neurons. The uptake of D-�HB, along with lactate, relies on insulin-signaling independent
monocarboxylate transporters (MCT). Graphics were created with BioRender.com. (B) Experiment design of the metabolic intervention dataset. Each participant
was scanned two separate times, time-locked to eliminate diurnal variability, with the D-�HB ketone monoester individually weight-dosed (395 mg/kg). Each
individual’s glucose dose was then calorie matched to their D-�HB ketone monoester dose. (C) Baseline (fasting) subtracted effects of the two metabolic
interventions involving glucose and D-�HB ketone monoester on brain network instability. D-�HB stabilizes brain networks in age groups 20 to 39 (P = 0.01)
and 40 to 59 (P = 0.00003) but not in 60 to 79 (P = 0.4). The administration of calorically matched glucose did not have significant effects. GLC: glucose vs.
fasting, D-�HB: D-�HB vs. fasting, Δ: glucose vs. D-�HB. (D) Neuronal metabolism “bends” before it “breaks?” Nonlinear threshold effects of functional network
destabilization, hypothesized to result from insulin resistance disruption of neuronal connectivity. n.s., not statistically significant, *P ≤ 0.05; **P ≤ 0.01;
***P ≤ 0.001; ****P ≤ 0.00001.

measured network stability at rest. Thus, one area for future
investigation is whether, under cognitive load with higher energy
demands, energy constraints may be evident at even younger
ages (51, 54).

Mechanistically, the transition in neurons’ functioning from
“bending” to “breaking” can reflect various pathological changes
before cell death, which become irreversible past critical thresh-
olds. The formation of stable protein aggregates, such as tau
and alpha-synuclein fibrils, can initiate self-perpetuating cycles
of aggregation that persist even after the initial trigger is
removed (55, 56). Mitochondrial DNA damage from oxidative
stress often proves irreparable, leading to permanent compromise
of cellular energy production (57). In the central nervous system,
axonal degeneration beyond certain points becomes irreversible,
particularly in the presence of inhibitory molecules and glial scar-
ring (58). Some stress-induced epigenetic modifications become
permanently “locked in,” altering gene expression patterns and
potentially maintaining inflammatory states (59). Additionally,
advanced cellular senescence represents a point of no return,
where neurons not only lose normal function but actively harm
surrounding tissue through the senescence-associated secretory
phenotype (60). However, many early pathological changes
remain potentially reversible if identified and treated promptly,

emphasizing the critical importance of early intervention in
neurological conditions.

One key conceptual challenge with devising a strategy for
early intervention in brain aging is that the process involves
many mutually interacting and reinforcing mechanisms. In
particular, clinical studies of brain aging have implicated complex
interactions between metabolic, immune, and vascular systems,
suggesting interconnected cycles of dysregulation that can accel-
erate aging processes. For example, mitochondrial dysfunction
can generate excessive reactive oxygen species that damage
vascular endothelium and activate inflammatory pathways (61).
This vascular damage is exacerbated by age-related reductions in
cerebral blood flow, which compromise the delivery of nutrients
and removal of metabolic waste products (62). The resulting tis-
sue stress triggers microglial activation and promotes chronic low-
grade inflammation or “inflammaging,” characterized by elevated
proinflammatory cytokines that further impair metabolic and
vascular function (63). Blood–brain barrier dysfunction emerges
as a critical nexus in this interaction, as it affects immune cell
trafficking, metabolic substrate availability, and overall brain
homeostasis (64). These changes are further complicated by
cellular senescence, which affects all three systems through the
senescence-associated secretory phenotype (SASP), promoting
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sustained inflammation and tissue dysfunction (65). This intri-
cate interplay creates self-reinforcing cycles where dysfunction
in one system can propagate through the others, potentially
accelerating cognitive decline and increasing susceptibility to age-
related neurological diseases. Thus, from a treatment perspective,
it is critical to determine whether brain aging, at its very earliest
stages, represents a “perfect storm,” in which many independent
mechanisms all converge to dysregulate simultaneously, or
whether there is a driving mechanism, the targeting of which
might then mitigate the catalysis of other mechanisms.

Our mechanistic findings replicated across three comple-
mentary study designs, a strategy that reflects the need to
compensate for some unavoidable limitations of each method.
First, we analyzed a large-scale group sampled over the preclinical
trajectory of brain aging, with the assumption that changes
seen earlier in the aging process are more likely to be driving
mechanisms, while changes seen later in the aging process are
more likely to be downstream effects. While suggestive, one
obvious caveat of this approach is that the minimally invasive
and clinically ubiquitous physiological biomarkers most likely to
be available in lifespan studies (e.g., HbA1c, BP, CRP) are not
the most sensitive mechanistically. Therefore, the order in which
we show those effects may reflect the sensitivity of the biomarkers
more than the order, mechanistically, in which the damage
occurs. For this reason, we provide additional confirmation of
the physiological biomarker results by testing the relationship
between patterns of brain activity and colocated gene expression.
However, the interpretation of gene expression analyses also
merits several important considerations. Given the challenges
of quantifying gene expression in the human brain, we utilized
microarray data from the open Allen Human Brain Atlas (42, 43),
independent of the neuroimaging datasets used in our study. The
Allen Atlas was derived from six adults, ages 24 to 57 y, without
known neuropathology and presents averaged data, thereby
missing differential changes in gene expression that may develop
in later stages of aging. However, the baseline characteristics
of this dataset capture predisposition, making it better suited
for identifying driving mechanisms in the early stages of brain
aging, which is the central focus of our work. With the complete
dataset including 16,826 genes, we selected a targeted subset of
drastically smaller size to allow highlighting individual genes and
their correspondence to specific mechanisms. This level of detail
is typically not achievable with unsupervised approaches, which
yield large functional groups of pathways instead (SI Appendix,
Fig. S7). Nevertheless, the gene set enrichment analysis, which
highlighted synaptic processes, can be considered consistent with
our supervised analysis. Given that synapses are the primary
sites of activity-dependent neuronal GLUT4 translocation (66),
genes with expression correlating with synaptic density are
likely to appear indirectly implicated through this relationship.
It is important to note, that while gene expression levels
are closely related to the abundance of their corresponding
protein products, significant deviations can occur within the
same tissue due to posttranscriptional and posttranslational
mechanisms (67–69). Future efforts that systematically assess
these deviations or provide more direct measures of the human
brain’s proteome could enhance the mechanistic insights gained
through these analyses. Further supporting the physiological
biomarker and gene expression results, we demonstrated that
an acute intervention that bypasses neuronal insulin resistance
was able to reverse the aging effects. In this case, the fact
that ketosis was induced within minutes was key in isolating
mechanisms. Nutritional ketosis is known to systemically affect
all three candidate mechanisms: metabolic, immune (70), and

vascular (71, 72). However, we have previously shown that the
acute intervention, at the timescales measured in our study (30
to 60 min postbolus), affects neuronal signaling (17), and thus
neuronal connectivity (18) and network stability (11), but not
biomarkers for neuroinflammation such as myo-inositol (73),
nor do they solely reflect hemodynamic changes that might
confound fMRI (11). A final note relates to the specificity
of neuronal insulin resistance as the driving mechanism for
metabolic stress. While our results implicate metabolic changes
as occurring prior to vascular and immune changes, it is also
important to consider that neuronal insulin resistance may itself
be caused by even earlier age-related changes in neuronal mito-
chondrial functioning (74, 75)—an important topic for future
research.

Most neuroimaging research on dementia has been carried
out on individuals presenting with the first signs and symp-
toms of the disease (76). However, the focus on an already-
impaired population may not be the most strategic choice
when probing disease etiology, for two reasons. First, by the
time patients become symptomatic, the disease has progressed
sufficiently so that it will be difficult to distinguish between
pathophysiological features that are driving factors versus those
that are secondary or interaction-based effects. Second, neurons
that are metabolically stressed due to their inability to utilize
glucose might still be capable of utilizing ketones as an alternate
fuel source (77). If so, any attempt to restore or normalize
neuronal function with ketones will only be feasible if the target
neurons remain viable. Thus, for both scientific and clinical
reasons, our primary focus here is the preclinical biomarkers
during which neuronal metabolic stress can be detected, but
before the onset of symptoms. By comparing neuro-energetics
before, during, and after these presumptive biomarkers, we
hope to provide a better understanding of the breakdown of
underlying regulatory processes that drive nonlinear threshold
effects in neurodegeneration and to use this understanding to
identify the most strategic period for intervention. Our results
motivate future larger-scale and longitudinal approaches, to
test whether treatments targeting neuronal insulin resistance
during the metabolic critical window can delay or prevent the
onset of later brain changes, including glucose hypometabolism,
atrophy, cerebrovascular disease, deposition of beta-amyloid and
tau proteins, and cognitive decline.

Methods
Lifespan Neuroimaging Datasets. To investigate lifespan trends, we utilized
resting-state fMRI data from four publicly available large neuroimaging datasets.
These were the UK Biobank (UKB) (78), the Human Connectome Project Aging
Lifespan 2.0 dataset (HCP-A) (79), Mayo Clinic study of Aging Dataset (80) and
the Cambridge Centre for Ageing and Neuroscience (Cam-CAN) dataset (81).
Corresponding characteristics are summarized in Table 1.

Metabolic Dataset. To investigate the impact of acute administration of D-
�HB ketone monoester and calorically matched glucose on the stability of
brain networks, resting-state fMRI data were collected from a cohort of healthy
adults aged between 21 and 79 y (Table 1). This study was registered as a
clinical trial on ClinicalTrials.gov (identifier NCT04106882) and was conducted
under the oversight of the Institutional Review Board (IRB) at Massachusetts
General Hospital (Boston, MA). Additionally, the IRB at State University of New
York at Stony Brook (Stony Brook, NY) reviewed and approved the protocol
to ensure compliance with institutional policies. Participants were recruited
from the Boston metropolitan area through advertisements. Exclusion criteria
included MRI contraindications, neurological or psychiatric disorders, history
of brain injury, insulin resistance, diabetes mellitus, recreational drug usage,
heavy alcohol usage, and recent adherence to low-carbohydrate diets. After
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obtaining informed consent, participants underwent a physical examination
and completed the Standardized Mini-Mental State Examination (SMMSE) to
confirm cognitive normalcy. Subsequently, on a separate occasion following an
overnight fast, participants underwent MRI scanning to establish a baseline,
received either D-�HB ketone monoester or glucose, and went through another
MRI scan 30 min postadministration, a time point previously identified to
yield stable concentrations of both D-�HB and glucose in the brain (8). This
procedure was replicated on a different day (time-locked), with participants
being administered the alternate metabolite, thus establishing a within-
subject experimental design. Both D-�HB ketone monoester and glucose
were administered in liquid format in unlabeled containers. The D-�HB
ketone monoester solution was prepared using pure (R)-3-hydroxybutyl-(R)-
3-hydroxybutyrate monoester (ΔG ketone monoester, HVMN Inc., Miami, FL)
dosed at 395 mg per kg of body weight and diluted with water (volume ratio
1:1.6). The glucose solution was a glucose tolerance test beverage in orange
flavor (Fisher Scientific Inc., Pittsburg, PA), matched in caloric content to the
D-�HB ketone monoester drink. We collected data from a total of 104 subjects.
Three subjects were excluded from all analyses due to excessive motion, as
indicated by a mean framewise displacement exceeding 0.5 mm during their
scans. The subjects included in the analyses were balanced for sex within each
of the three age groups (male/female, 20 to 39: 20/18, 40 to 59: 21/18, and 60
to 79: 12/12).

MRI Acquisition. The metabolic dataset was obtained using ultrahigh-field
(7T) MRI, which included whole-brain blood oxygen level–dependent (BOLD)
[echoplanar imaging (EPI)] and T1-weighted structural [multiecho magnetization
prepared rapid gradient echo (MEMPRAGE)] images. BOLD images were
captured using a quantitatively optimized protocol for detecting resting-state
networks. This optimization process was performed using a dynamic phantom
(BrainDancer; ALA Scientific Instruments) (82). The resulting protocol for BOLD
acquisition included a simultaneous multislice (SMS) slice acceleration factor of
5,R=2accelerationintheprimaryphaseencodingdirection(48referencelines),
and online generalized autocalibrating partially parallel acquisition (GRAPPA)
image reconstruction. Additional acquisition parameters comprised a repetition
time (TR) of 802 ms, echo time (TE) of 20 ms, flip angle of 33◦, voxel size of
2×2×1.5 mm, with a total acquisition time of 9 min 53 s (740 volumes). T1-
weighted structural volumes were acquired with 1 mm isotropic voxel size and
four echoes using a protocol with TE1 = 1.61 ms, TE2 = 3.47 ms, TE3 = 5.33
ms, TE4 = 7.19 ms, TR = 2,530 ms, flip angle of 7.0◦, R = 2 acceleration in
the primary phase encoding direction (32 reference lines), and online GRAPPA
image reconstruction, resulting in a total volume acquisition time of 6 min and
3 s. Information regarding 7T proton (1H) MRS methods can be found within
the SI Appendix.

Image Preprocessing. UKB and HCP-A data were accessed in an already
preprocessed format. Mayo, Cam-CAN, and the metabolic intervention datasets
were preprocessed with fMRIprep (83), combined with image processing
methods from SPM (SPM12, UCL) and the nilearn python library (84). The T1-
weighted anatomical images were bias-field corrected first, then skull-stripped,
and normalized to Montreal Neurological Institute (MNI) templates. BOLD
contrast functional images obtained from each participant were realigned to
account for head movement, slice-time corrected, and adjusted for geometric
distortions caused by the magnetic field inhomogeneity. The latter step was
carried out by coregistering the BOLD reference to the intensity-inverted T1-
reference (85). These steps were followed by coregistration with the anatomical
images and normalization to MNI space. Mean signals derived from white
matter and cerebrospinal fluid voxels were regressed out from all time-series to
mitigate physiological confounds, along with six motion regressors to minimize
motion-related artifacts. Last, spatial smoothing with full width at half maximum
of 5 mm was applied to the data before proceeding to further steps tailored to
the specific metrics described later.

Brain Network Instability. Brain network instability is a scalar measure of the
persistence of functional brain networks over time, which we utilized in prior
work (8, 11). It quantifies the similarity between subsequent time windows (or
snapshots) of functional connectivity across the entire time-series (SI Appendix,

Fig. S1). Larger values indicate more unstable brain networks. To compute brain
network instability, the preprocessed data underwent additional processing
steps. First, clean voxel-space BOLD time-series were band-pass filtered (0.04
to 0.1 Hz) where the high-pass filter was determined according to current
guidelines in relation to the size of the time windows (86). Next, the filtered
time-series were parceled into the Seitzman functional region of interest (ROI)
atlas (87), which defines 13 functional subnetworks. Subsequently, the parceled
time-series were then binned into nonoverlapping time windows, each with a
length of 24 s. For each snapshot, all-to-all signed correlations were computed
using the Ledoit–Wolf covariance estimator. Following this, difference matrices
were computed between subsequent snapshots and then compressed into one
scalar per snapshot pair using the L2 norm. Finally, averaging across every pair
of snapshots yielded a single scalar per acquisition, representing brain network
instability. In analyses focusing on specific subnetworks, these computations
were limited to correlations exclusively between nodes within the corresponding
subnetwork.

Sigmoid Curve Fitting. To characterize the nonlinear lifespan trend in brain
network destabilization, we fitted a sigmoid function with four parameters to
the dataset comprising age and brain network instability pairs:

y = ymin +
R

1 + exp(−k · (x − I))
. [1]

The variables x and y represented age and brain network instability,
respectively, while the four fitted parameters were defined as follows: ymin,
denoting the minimum brain network instability; R, indicating the difference
between the extremes; k, representing the rate of increase at the inflection
point; and I, specifying the location of the inflection point. We utilized
scipy.optimize (88). To ensure robust fitting, we conducted 20 independent
optimization runs with different initializations and selected the best-fitting
result. Subsequently, we conducted F-tests to evaluate the goodness of fit
of the sigmoid function against both linear and null models. Additionally, we
identified landmark age points along the sigmoid curve denoted as � and �1,
signifying the beginning and end of the nonlinear transition, respectively. These
landmark points were quantified using the parameters derived from the fitted
sigmoid function:

� = I− log
(

0.95
0.05

)
/k [2]

�1 = I + log
(

0.95
0.05

)
/k. [3]

Amplitude of Low-Frequency Fluctuations. The amplitude of low-frequency
fluctuations (ALFF) is a metric utilized in resting-state fMRI analysis to assess
regional spontaneous neuronal activity based on the BOLD signal (41). It involves
quantifying the integrated power within a specific frequency range (usually
0.01 to 0.1 Hz), which corresponds to fluctuations originating from neuronal
sources. In the temporal domain, this equates to the SD of the signal. We
quantified ALFF in the HCP-A and UKB datasets. The cleaned and spatially
smoothed voxel-space time-series were first band-pass filtered (0.01 to 0.1 Hz),
and then the SD was computed from the resulting signals to yield ALFF for every
voxel. Next, given the arbitrary scaling of the signal across different imaging
sessions, we normalized each ALFF with the mean ALFF value calculated from
all voxels within the brain mask for each subject individually. As a result,
the subsequent quantification of age-associated effects represented relative
reorganization rather than absolute increases or decreases across the lifespan.
To quantify these age-related effects, we first parceled the computed ALFF values
with the previously described Seitzman functional ROI atlas (87) to reduce
computational costs. Next, we fitted linear regression models independently
for each ROI with ALFF as the dependent variable and age as the independent
variable (89). We then extracted the regression coefficient corresponding to age
to quantify the effect size. Finally, for each ROI, we divided the computed effect
size with the mean ALFF value across all subjects.

Spatial Correlations with Gene Expression. We utilized gene expression
brain maps from the Allen Human Brain Atlas (42, 43), which represent log
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values of mRNA expression at the voxel level across the brain. We initially
filtered this dataset for genes included in brain-specific gene sets reported
in ref. 90. This filtering process preserved 87% of the original 16,826 genes.
Subsequently, we selected a subset of genes that encode proteins representative
of three mechanistic groups: metabolic, vascular, and inflammatory mechanisms
(Table 2). Next, we parceled the selected gene expression maps into the 300
ROIs to align them with the ALFF-derived statistical maps of age effects. We
then filtered for cortical ROIs by selecting those regions overlapping with
cortical structures outlined in the Automated Anatomical Labeling atlas (91).
To quantify the similarity between the parceled gene expression maps and the
fMRI statistical maps, we computed Spearman correlations while accounting for
spatial autocorrelation in line with current standards. We utilized neuromaps (92)
to generate spatial maps with similar autocorrelation structures. We generated
1,000 of these maps and computed Spearman correlations for each, resulting
in a distribution of correlation values across all permutations. These resulting
correlations were then combined and fitted with a normal distribution, from
which we quantified the statistical significance of the Spearman correlation
between the observed gene expression map and the statistical brain map from
fMRI. Finally, to account for multiple comparisons, the resulting P-values were
Bonferroni corrected.

Group Comparisons. We employed independent-sample t tests using
scipy.stats (88) to compare biomarkers around the identified landmark points.
To assess the effects of metabolic interventions on brain network instability,
we conducted paired sample t-tests, enabled by the within-subject experiment
design. Prior to all group comparisons, we removed statistical outliers using an
interquartile range (IQR)–based method, where IQR is calculated as the absolute
difference between the third quartile (Q3) and the first quartile (Q1). Data points
exceeding 1.5 times the IQR above Q3 or below Q1 were discarded.

Data, Materials, and Software Availability. Data for this study were sourced
from publicly available datasets, including the Human Connectome Project
Aging Dataset, UK Biobank, Mayo Clinic Study of Aging Dataset, and Cambridge
Centre for Ageing and Neuroscience Dataset. Additionally, we utilized an in-
house metabolic dataset [Protecting the Aging Brain (PAgB) Dataset], which

is accessible on openneuro.org via the following link: https://openneuro.org/
datasets/ds005405 (93). The code used for data processing and analysis is
available at https://www.lcneuro.org/analytic/networkstability (94).
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