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Aerobic glycolysis (AG), that is, the nonoxidative metabolism of
glucose, contributes significantly to anabolic pathways, rapid
energy generation, task-induced activity, and neuroprotection;
yet high AG is also associated with pathological hallmarks such
as amyloid-β deposition. An important yet unresolved question
is whether and how the metabolic benefits and risks of brain AG
is structurally shaped by connectome wiring. Using positron emission tomography and magnetic resonance imaging techniques as
well as computational models, we investigate the relationship between brain AG and the macroscopic connectome. Specifically, we
propose a weighted regional distance-dependent model to estimate the total axonal projection length of a brain node. This
model has been validated in a macaque connectome derived from
tract-tracing data and shows a high correspondence between experimental and estimated axonal lengths. When applying this
model to the human connectome, we find significant associations
between the estimated total axonal projection length and AG
across brain nodes, with higher levels primarily located in the default-mode and prefrontal regions. Moreover, brain AG significantly mediates the relationship between the structural and
functional connectomes. Using a wiring optimization model, we find
that the estimated total axonal projection length in these high-AG
regions exhibits a high extent of wiring optimization. If these highAG regions are randomly rewired, their total axonal length and vulnerability risk would substantially increase. Together, our results
suggest that high-AG regions have expensive but still optimized wiring cost to fulfill metabolic requirements and simultaneously reduce
vulnerability risk, thus revealing a benefit–risk balancing mechanism
in the human brain.
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amyloid-β deposition (13). Thus, brain AG appears to have a dual
role, playing both a positive role in maintaining the metabolic requirements of normal function, while also at the same time presenting a risk of vulnerability. In the present study, we approach
brain AG from a mechanistic perspective, and investigate whether
there is a basis in the underlying structural connectome that can
account for the dual effects generated by AG in the brain.
At the microscopic level, AG plays a vital role in the anabolic
process (8). Specifically, AG produces acetyl CoA, a precursor
for both fatty acid synthesis in myelination (15, 16) and amino
acid synthesis in axonal elongation (17, 18). A metabolic transfer
from the glycolytic oligodendroglia to the axons is necessary for
long-term axonal integrity (9, 19–21). Moreover, AG alone is
sufficient to support the maintenance of myelin in adulthood (9,
22, 23). Based on experimental observations of neuropathy (24)
and animal models (25), researchers suggest that trophic support
through glycolysis is wiring distance dependent, with longer
axons associated with higher AG (26). These factors imply a tight
association between AG and microscopic axonal structure. At
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he human brain is a highly complex system that requires
energy metabolism as well as structural and functional connectivity to maintain normal function (1–5). Aerobic glycolysis
(AG) refers to the nonoxidative metabolism of glucose despite
the presence of adequate oxygen. In the resting adult human
brain, the topography of AG exhibits a large regional variation,
with significantly elevated levels in the medial and lateral parietal as well as the prefrontal cortices (6). Brain AG is particularly
crucial for biosynthesis (7, 8), rapid production of ATP (9), taskinduced activity (10), synaptic plasticity (e.g., synapse formation
and growth) (11), and neuroprotection against oxidative stress
(12). However, research suggests that higher levels of brain AG
could be associated with higher risk of pathological hallmarks
such as amyloid-β deposition (10, 13). Specifically, high-AG regions
in young adults correspond to those regions that are later most
vulnerable to amyloid-β deposition (14) and even subthreshold

PNAS 2021 Vol. 118 No. 1 e2013232118

Author contributions: Y.C., C.Z., and Y.H. designed research; Y.C., Q.L., and X.L. performed research; Y.C. and Y.H. contributed new reagents/analytic tools; Y.C., Q.L., and
X.L. analyzed data; and Y.C., C.Z., and Y.H. wrote the paper.
The authors declare no competing interest.
This article is a PNAS Direct Submission.
Published under the PNAS license.
1

To whom correspondence may be addressed. Email: cszhou@hkbu.edu.hk or yong.he@
bnu.edu.cn.

This article contains supporting information online at https://www.pnas.org/lookup/suppl/
doi:10.1073/pnas.2013232118/-/DCSupplemental.
Published December 21, 2020.

https://doi.org/10.1073/pnas.2013232118 | 1 of 8

NEUROSCIENCE

Edited by Marcus E. Raichle, Washington University in St. Louis, St. Louis, MO, and approved November 16, 2020 (received for review June 26, 2020)

Downloaded at Diane Sullenberger on December 22, 2020

the macroscopic level, high-AG regions tend to be highly centralized or part of the rich club in the structural network of the
human brain (1, 27). This provides initial evidence for establishing a connection between regional AG levels and network
topology. However, whether and how brain AG is structurally
shaped by connectome wiring remains largely unknown.
High-AG regions, which are primarily located in the defaultmode and prefrontal cortices, largely overlap with brain hubs
that are responsible for global communication (28–30). These
regions also contain rich structural connections with other brain
regions through axonal projections (31). From a supply–demand
perspective, such regions require high glycolysis metabolism to
support the large number of interregional axonal projections that
are important for functional integration. However, high AG in
the brain may carry a high risk of vulnerability. Specifically,
studies of animal models in Alzheimer’s disease (AD) suggest an
association between neuronal activity, lactate levels, and amyloid-β concentration in the brain (32, 33). During normal aging,
the human brain undergoes topographic changes and a global
loss of AG, with the greatest decline observed in areas corresponding to high-AG regions in young adult brains (34). As AG
protects the brain from reactive oxygen species to prevent oxidative stress (12, 35, 36), the reduced levels of AG in the aging
brain means a loss of neuroprotection, which may be one of
factors that consequently leads to a higher risk of amyloid-β
accumulation (37, 38). Meanwhile, as misfolded proteins are
toxic to neurons, this may lead to a further loss of AG. Increasing
evidence suggests that high-AG regions in healthy brains correspond to those regions that are highly vulnerable to amyloid-β
deposition (14) and that may even constitute the main sites for
early on-target subthreshold amyloid deposition (13). Therefore,
from a risk control perspective, AG levels in these high-AG regions should not be further increased. This poses an interesting
question in relation to the wiring mechanism in high-AG regions,
specifically, whether these regions have a wiring-optimized design that avoids the need for even higher AG (i.e., which would
otherwise be needed to support the longer axonal projections)
and creating the potential for higher vulnerability risk.
Based on these considerations, we hypothesized that high-AG
regions in the human brain have large total axonal projection
lengths to support functional integration between regions but
that their wiring costs are optimized to avoid potentially high-risk
situations created by excessive levels of AG. To address this
hypothesis, we gathered two principal brain imaging datasets, the
first set being positron emission tomography (PET) data (6), and
the second set being high angular-resolution diffusion imaging
(HARDI) and resting-state functional MRI (rsfMRI) data from
the Human Connectome Project (HCP) (39). Here, PET data
were applied to measure regional AG variations in the resting
human brain, while HARDI and rsfMRI data were used respectively to acquire the brain’s structural and functional connectomes.
Specifically, we proposed a computational model based on regional distance-dependent weights to estimate the structural wiring cost of a brain node by approximately capturing the total
length of its axonal projections in the connectome. Such an approach was validated in a macaque structural connectome derived
from tract-tracing data. Furthermore, we performed a mediation
analysis to explore whether brain AG significantly mediates the
relationship between the estimated regional total projection
length and functional integration. To determine whether structural wiring costs in high-AG regions are optimized to reduce the
risk of vulnerability, we compared the estimated regional total
projection lengths in the structural connectome with those derived
from either wiring-optimized or randomized network models.
Studying the structural wiring rules underlying brain AG topography has important implications for understanding how the human brain allocates metabolic resources to achieve a benefit–risk
balance.
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Results
Brain AG Is Significantly Correlated with Estimated Regional Axonal
Projection Lengths in the Connectome. To study the relationship

between brain AG and connectome wiring, we first divided the
human cerebral cortex into 1,024 nodes (512 for each hemisphere)
based on a randomized parcellation procedure (40). Using PET
data from normal young adults (n = 33) (6), we measured brain
AG levels in each of the 1,024 network nodes (for details, see SI
Appendix, section 1.1). As reported previously (6), brain AG varies
regionally in the resting state, with elevated levels primarily distributed bilaterally in the dorsolateral prefrontal cortex, superior
and medial frontal gyrus, precuneus and posterior cingulate cortex, and inferior parietal lobes (Fig. 1A). According to Yeo’s
functional parcellation atlases (41), these high-AG regions mostly
reside in the default-mode and cognitive control systems (Fig. 1B).
Furthermore, we proposed a computational model to estimate
the regional total axonal projection length (rTAPL) of each brain
node. In previous macroscopic human connectome studies, the
wiring cost of a given brain region is usually defined by measuring
the streamline number (42), streamline length (43), Euclidean
distance (44), and combinations thereof (45) based on in vivo
diffusion MRI tractography methods (SI Appendix, section 2).
These measures, however, are inappropriate for capturing the
total length of the axonal projections within a brain region (46,
47). To overcome this limitation, in the current study, we proposed
a weighted regional distance-dependent model to estimate the
total axonal projection length of each brain node within the
structural connectome at a macroscale. This model was inspired by
previous studies revealing that the interareal connection weights
within a single hemisphere follow an exponential decay rule with
Euclidean distance in primate species (48, 49). Briefly, in the
present study, for each hemisphere, we used high-quality HCP
HARDI data (39) and deterministic tractography approaches to
reconstruct a population-based, binarized structural connectome
“backbone” of the human brain with 512 nodes and 3.5% connectivity density (SI Appendix, section 1.2). For a given brain node
i, we estimated total length of its axonal projections using the
computational model rTAPLi = exp(−α〈d〉i ) × Di. In this model,
Di denotes the total Euclidean distance of the connections linking
node i to the rest of the network, exp(−α〈d〉i ) denotes the regional
(nodal) effective weight that characterizes the normalized number
of axonal projections associated with node i, 〈d〉i denotes the average Euclidean distance (〈d〉i = Di =Ki, where Ki is the nodal
degree) of the connections linking node i, and α is a tunable exponent parameter that represents the rate of decay of the regional
effective weight with respect to distance. Before applying this
model to the human connectome, we first performed a validation using the macroscopic macaque connectome derived from

Fig. 1. Aerobic glycolysis in the human brain. (A) Map of aerobic glycolysis
(AG) in the human brain. (B) Mean AG values within each functional brain
network. The network subdivisions (inner panel) were obtained based on
Yeo’s parcellations (41). Error bars indicate the SD within each network.
DAN, dorsal attention; DMN, default mode; FPN, frontoparietal; L, left
hemisphere; LIM, limbic; R, right hemisphere; SOM, somatomotor; VAN,
ventral attention; VIS, visual.
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functional integration in the human connectome. In brief, we
first utilized HCP multiband rsfMRI data to generate a grouplevel functional connectome with 512 nodes for each hemisphere
(SI Appendix, section 1.2). For each node, we then calculated its
participation coefficient (28, 29) to quantify the extent of its
functional integration in terms of its intermodule and intramodule connections (SI Appendix, section 4.1). Brain nodes with
high participation coefficients (network connectors or gateways
linking different functional modules, Fig. 3D) notably overlap
with those having high AG and estimated rTAPL values
(Fig. 3A). Scatterplots reveal that the participation coefficient of
the functional connectome significantly correlates with brain AG
(left: r = 0.39, P < 0.0001; right: r = 0.33, P < 0.001; spin tests)
(Fig. 3E) and with the estimated rTAPL (left: r = 0.25, P < 0.001;
right: r = 0.24, P = 0.004; spin tests).
Next, we performed a mediation analysis (52) to examine
whether brain AG mediates the relationship between structural
connectivity (measured by the estimated rTAPL) and functional
integration (measured by the participation coefficient) (SI Appendix, section 4.2). For the left hemispheric network, we examined the total effects of 1) estimated rTAPL on functional
integration (path c: β = 0.01; P = 0.0001); 2) estimated rTAPL on
brain AG (path a: β = 0.01; P < 0.0001); and 3) brain AG on
functional integration (path b: β = 1.18; P < 0.0001) (Fig. 3F).
After controlling for brain AG, the direct effects of estimated
rTAPL on functional integration became nonsignificant (path c′;
β = 0.003; P = 0.40). Finally, bootstrap simulations (n = 10,000)
also confirmed significant indirect effects of a × b for AG (95%
confidence interval = [0.009, 0.016], P < 0.0001; Fig. 3F). Likewise, the mediation analysis revealed similar findings in the right
hemispheric network (Fig. 3F and SI Appendix, Tables S2–S4).
These results indicate that the regional total projection length of
nodes in the structural connectome has an indirect effect on
functional integration, which is significantly mediated through
brain AG.

Brain AG Significantly Mediates the Relationship between the
Structural and Functional Connectomes. We further investigated

High-AG Regions Tend to Optimize Their Axonal Projection Lengths to
Reduce Risk of Vulnerability. To determine whether the estimated

the relationship between brain AG, estimated rTAPL, and

total axonal projection lengths of high-AG regions are optimized

Fig. 2. Macroscopic macaque structural connectome and the estimation of total regional axonal projection length based on our proposed model. (A) The
91 × 29 structural connectivity matrix of the macaque brain network derived using tract-tracing technique (50). The connection weight between nodes i and j,
i.e., the extrinsic fraction of labeled neurons (FLNe), was estimated as the ratio between the number of labeled neurons in node i and the total number of
extrinsically labeled neurons in other nodes with an injection into node j. The connection weight indicates the normalized axonal projection number. For details,
see ref. 50. (B) The macaque brain network was mapped on the cortical surface, with connections indicating axonal fiber density. (C, Upper) The experimental
regional axonal projection lengths in the macaque brain network using tract-tracing technique. (Bottom) The estimated regional axonal projection lengths in the
macaque brain network (connection density, 5%) based on our proposed weighted regional distance-dependent model. (D) Significant correlation was observed
between the experimental and estimated regional axonal projection lengths in the macaque network. The measures were resampled into Gaussian distributions.
This correlation was also significant without resampling (r = 0.78, P < 1.0310−14). (E) Correlations between the experimental and estimated regional axonal
projection lengths in the macaque brain networks under different connectivity density, ρ, and different exponential decay parameter, α, in the weighted distancedependent model. The correlation values are significant with P < 0.05 when α is less than the boundary values shown by the black line.
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tract-tracing data (Fig. 2 A and B) (50) (for details, see SI Appendix, section 3.1–3.3). We observed significant correlations (r =
0.80, P < 1.0 × 10−14) between the model-estimated and experimentally derived rTAPL values in the macaque backbone network
(density = 5%) (Fig. 2 C and D). Such a correlation was also
observed under different connectivity densities (e.g., < 50%) of
the macaque brain network across a range of α values [α ∈ (0.02,
0.18)] (Fig. 2E). These results support the validity of this model for
estimating the relative regional variation in the total axonal projection length of brain nodes in the primate structural connectome.
Using this weighted regional distance-dependent model, we
estimated the regional total axonal projection length, rTAPL, of
each brain node in the human backbone structural connectome
(density = 3.5% within each hemisphere) (Fig. 3A). Here, we
showed that the maximal correlation between estimated rTAPL
and brain AG had the following values: left: r = 0.42, P < 0.0001
at α = 0.34 and right: r = 0.41, P < 0.0001 at α = 0.34 (Fig. 3B).
Correlation significance was obtained using a spin test approach
in which spatial autocorrelation was corrected (51). Significant
correlations (all P < 0.001, spin tests) were also observed over a
broad range of the control parameter α ∈ (0.18, 0.5) (Fig. 3C).
Moreover, brain nodes with large estimated rTAPL values (top
30%) significantly overlapped with those having high AG (top
30%) (left: Z = 4.32, P < 1.0 × 10−5; right: Z = 7.5, P < 1.0 ×
10−13; 10,000 permutation tests) (SI Appendix, section 3.4).
These nodes are primarily distributed in the medial and lateral
frontal and parietal regions. We also compared brain AG with
traditionally defined wiring cost measures, including streamline
number, streamline length, Euclidean distance, and combinations thereof (SI Appendix, Fig. S1). None of these traditionally
defined wiring cost measures positively correlated with brain AG
(all P > 0.05, Bonferroni-corrected) (SI Appendix, Fig. S1 and
Table S1). These results suggest that brain AG as a metabolic
measure significantly associates with the properly estimated regional total axonal projection lengths of the structural connectome.
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Fig. 3. Relationship between brain AG, estimated axonal projection length, and functional networks in the human connectome. (A) Maps of brain AG and
estimated axonal projection length in the human brain. For each node, the total axonal projection length was estimated by applying our proposed weighted
regional distance-dependent model to the structural connectome of the human brain derived from HARDI data. (B) Scatterplots revealed significant correlations between brain AG and estimated axon projection lengths. (C) The correlation curves between brain AG and estimated axonal projection lengths
under different exponential decay parameter, α. The maximal correlation was marked with a red star for each hemispheric network, with scatterplots shown
in B. (D) Participation coefficient values in the functional brain networks derived from rsfMRI data were mapped on the cortical surface. (E) Scatterplots
revealed significant correlations between brain AG and participation coefficient values in the functional brain networks. (F) A mediation model of brain AG
and the structural and functional connectomes for each hemispheric network. Brain AG serves as a significant mediator of the effect of estimated axonal
projection lengths in the structural networks on the participation coefficient in the functional networks. *P < 0.05, **P < 0.01, ***P < 0.001, and ****P <
0.0001. For B and E, we resampled the measures into Gaussian distributions. Spin tests, correcting for spatial autocorrelations, were conducted to confirm
whether correlation significance was a result of chance. Pearson correlations and P values are shown in the figure. L, left hemisphere; R, right hemisphere.

to protect against the risk of vulnerability, we evaluated the extent of both wiring optimization and vulnerability risk in these
regions by comparing the brain’s structural connectome to optimized and randomized network models.
Using a simulated annealing algorithm, we first reconstructed
a wiring-optimized network model in which the sum of estimated
rTAPL values in the whole network was minimized while preserving the nodal degrees and nodal effective weights (which
reflects the estimated normalized number of axonal projections
of the node) in the actual brain network (SI Appendix, section 5.
1). In this reconstructed network, each node tends to link with its
short-range neighboring nodes to minimize their connection distance with the preservation of the heterogeneity of nodal degree.
Thus, the network model is wiring economical and optimized, and
simultaneously ensures an extent of network efficiency (53). For a
given brain node i, we defined the extent of structural wiring optimization as the ratio of the estimated rTAPL value in the
reconstructed optimized network to that in the actual brain netopt
brain
work, Ratioopt
. We found that the highest
i = rTAPLi =rTAPLi
levels of wiring optimization were primarily distributed in the
medial and lateral prefrontal and parietal cortices (Fig. 4A), which
corresponds very well to regions with elevated levels of AG
(Fig. 1). These regions show Ratioopt
i values closer to 1.0 (Fig. 4 A
and B), implying that estimated total axonal lengths for these regions in the actual brain network display a high extent of optimization. Moreover, cross-node scatterplots revealed significant
positive correlations between the level of wiring optimization,
Ratioopt
i , in the brain network and AG (left: r = 0.38, P < 0.0001;
right: r = 0.37, P < 0.0001; spin tests) (Fig. 4C). Together, these
results indicate that high-AG regions have almost fully optimized
total axonal lengths, which is achieved through the predominance
of short-range connections that link with neighboring nodes.
We also reconstructed two different randomized networks,
without any constraints on estimated axonal projection lengths,
4 of 8 | PNAS
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by either randomly rewiring the links while maintaining fixed
nodal degrees and nodal effective weights (link rewiring)
or shuffling nodal placement while maintaining the fixed topological links (placement shuffling) in the structural brain
network (SI Appendix, section 5.2). For each node i, we quantified the risk of increased rTAPL using two ratio values,
being the ratio of the estimated rTAPL values in each of
the random networks to those in the actual brain network:
Ratioilink−rand = rTAPLilink−rand =rTAPLbrain
(link rewiring) and
i
brain
Ratioiplace−rand = rTAPLplace−rand
=rTAPL
(placement shufi
i
fling). A high ratio value represents a hypothetically high risk of
vulnerability in the absence of wiring optimization. We found
that the highest risk of increased rTAPL occurred mainly in the
medial and lateral prefrontal and parietal cortices (Fig. 4 D and
E). Specifically, for high-AG regions (e.g., top 30%), the estimated rTAPL would increase more than fourfold if wiring or
network node placement were randomized (Fig. 4 F and G).
Cross-node scatterplots revealed that the hypothetical risk
quantified by the two ratio measures positively correlated with
brain AG (Ratiolink−rand
: left: r = 0.37, P < 0.0001; right: r = 0.36,
i
place−rand
P = 0.0001; Ratioi
: left: r = 0.37, P < 0.0001; right: r =
0.34, P < 0.001; spin tests) (Fig. 4 H and I). Together, in the
absence of wiring optimization, high-AG regions would tend to
have much longer axonal projection length than that observed in
the actual human brain, which would demand even higher AG and
potentially lead to higher risk of vulnerability. Thus, the topography of brain AG appears to manifest a benefit–risk mechanism
in which both the demand of high metabolic requirements and the
need to reduce risk of vulnerability are well balanced.
Discussion
In the present study, we reported the wiring mechanism behind
brain AG topography. Specifically, we proposed a weighted
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Fig. 4. The extent of wiring optimization and the risk of axonal length increase in the human structural connectome and their association with brain AG. (A)
Spatial maps of the extent of wiring optimization, Ratioopt, based on comparisons of the reconstructed optimized network and the human brain structural
network. (B) Mean Ratioopt values change with the proportion of top AG values. Notably, mean Ratioopt values are closer to 1 in high-AG regions (e.g., top
30%), suggesting optimized axonal projection lengths in these regions. (C) Scatterplots revealed significant correlations between brain AG and Ratioopt. (D
and E) Spatial maps of the risk of increased regional total axonal projection length, Ratiolink−rand and Ratioplace−rand , based on comparisons of the reconstructed random networks and the human brain structural network. (F and G) Mean Ratiolink−rand and Ratioplace−rand values change with the proportion of top
AG values. Notably, the estimated total axonal projection length in high-AG regions (e.g., top 30%) would increase more than fourfold in randomized
networks (i.e., without wiring optimization). (H and I) Scatterplots revealed significant correlations between brain AG and Ratiolink−rand and Ratioplace−rand . For
C, H, and I, we resampled the measures into Gaussian distributions. Pearson correlations and P values, following spin tests, are shown in the figure. L, left
hemisphere; R, right hemisphere.

regional distance-dependent model to approximately capture the
total axonal projection length of a given brain node. Our results
delineate a tight association between brain AG and the regional
wiring cost of the structural connectome. High-AG regions,
which are primarily distributed in the medial and lateral prefrontal and parietal cortices, exhibit a high extent of optimization
in their total axonal length, allowing the risk of vulnerability to
be reduced. These results reveal a benefit–risk balancing mechanism in the human brain and provide insights into understanding
the relationship between brain metabolism and connectome.
The normal functioning of the brain is supported not only by
structural wiring (53, 54) but also by metabolism such as AG (6,
8). However, the relationship between wiring cost and metabolism in the brain remains unclear. Here, we showed that AG
levels are associated with the estimated total axonal projection
length of brain nodes in the structural connectome. At a microscopic level, AG provides metabolic functions including biosynthesis

and ATP generation, which are critical for axons with myelin (9,
19–21). Specifically, glycolytic product is the precursor for biosynthesis in myelination (15, 16) and axonal elongation (17). High-AG
regions are enriched for genes involved in the regulation of axon
guidance and synaptic plasticity (11, 18). Moreover, oligodendroglia
glycolytic support is crucial for long-term axonal integrity (9, 19, 20).
Toxic molecules such as amyloid-β affect the oligodendroglia as a
transporter of glycolysis, degrading their ability to maintain axon
viability (9, 21, 26). In terms of energy metabolism, AG is an important pathway for the rapid supply of ATP. Several studies on
astrocyte–neuron lactate shuttles suggest that AG supplies the energy demands of Na+/K+ ATPase membrane pumps (26, 55). Given
that the number of Na+/K+ pumps is proportional to axon area (56)
and that axon diameter shows relatively little variation (57), the level
of ATP production-related brain AG is proportional to axonal
length. Together, the above microscale evidence provides strong
support for our finding of the tight relationship between AG levels

Chen et al.
Association of aerobic glycolysis with the structural connectome reveals a benefit–risk
balancing mechanism in the human brain

PNAS | 5 of 8
https://doi.org/10.1073/pnas.2013232118

Downloaded at Diane Sullenberger on December 22, 2020

and regional total axonal projection length. Notably, regions with
high AG and long axonal lengths are primarily distributed in the
transmodal areas. However, a recent study has suggested that these
areas do not contain heavy myelin content (58). This could be due to
the estimation of myelin content being performed in gray matter,
using the ratio of T1/T2-weighted MR images. Future studies are
needed to measure the true length of regional axonal projections
using novel experimental approaches, and to further elucidate the
relationship between axonal length and brain AG.
Several recent studies have demonstrated the association between brain AG and the network topology of the human connectome. Specifically, brain AG values are higher in densely
connected hubs and rich-club structures than in other regions (1,
27). In the present study, we highlighted the tight relationship
between brain AG as a running cost and estimated total axonal
projection length as a wiring cost in the human connectome.
Moreover, one advantage that our findings offer when compared
to the network topology approach is that it provides a unique
opportunity to understand how a balancing of the benefits and
risks of AG is achieved by the optimal organization of structural
wiring diagrams in the human brain. Importantly, the model that
we have proposed is a weighted regional distance-dependent
model, which estimates the total axonal length of each brain node
in the structural connectome. This model was developed primarily
considering the fact that connection weights (e.g., streamline
number) derived from noninvasive diffusion MRI data cannot
properly capture the number of axon projections (42, 46, 47).
Previous studies of macaque connectomes demonstrated that axon
projection number follows an exponential decay with connection
distance (Euclidean distance) statistically, suggesting delicately
tuned connectional weights between regions (48, 50). However,
there is a large variation in experimental weights for long-distance
connections, which may cause errors when the regional total axonal projection length is estimated by summing all products of
connection weight multiplied by Euclidean distance. If predicted
connection weights based on an exponential rule (48) are utilized
to estimate regional total axonal projection length of brain nodes,
the resultant values do not correlate with the experimental measurements (SI Appendix, Fig. S2). Thus, in this work, we proposed
a computational model based on two critical factors of the structural connectome, the binary interregional connections and their
Euclidean distances. For a given nodal region, its weight in the
model is acquired by estimating not the internode connectional
weights but the regional effective weight (i.e., normalized axonal
projection number) through exponentially fitting the average
Euclidean distance of the connections linking the node. In this
case, the model captures the statistical feature of exponential
decay of weight with connection distance and allows for large
fluctuations of individual connections within the distance bins.
Notably, this model provides appropriate estimations of the total
axonal length of brain nodes in a macaque network derived from
tract-tracing data (SI Appendix, Fig. S3). Using this model, we
reported that brain AG had significant positive correlations with
the estimated regional total axonal projection length, rather than
with traditionally defined wiring costs (e.g., the streamline number) derived from diffusion MRI data. Moreover, the range of the
control parameters in this model is similar between the human
and macaque networks, suggesting the feasibility of using the
proposed computational model in estimating the regional total
axonal projection length of the primate connectome. For validation, we also calculated regional total axonal projection length
under the same model using the geodesic distance in the human
connectome derived from diffusion MRI tractography in place of
Euclidean distance (SI Appendix, section 7). We found that the
newly estimated regional total axonal projection lengths were
highly correlated with those estimated based on Euclidean distance (left: r = 0.94, P < 1.0 × 10−15; right: r = 0.97, P < 1.0 × 10−15)
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and also highly correlated with brain AG (left: r = 0.47, P < 0.0001;
right: r = 0.42, P < 0.0001; SI Appendix, Fig. S8). Due to the lack of
geodesic distance data in the randomized and optimized networks
used as comparison sets against real brain data, we have used Euclidean distance in our model to maintain the consistency of
our work.
One interesting observation in the present study is that brain
AG mediates the relationship between structural wiring and
functional integration. Numerous works suggest that the functional network of the brain is anatomically constrained by the
underlying structural network (2, 59). However, the metabolic
role of brain AG in structural–functional coupling remains unclear. High-AG regions are mainly distributed in the defaultmode network that is associated with self-referential processing
and episodic memory processing (6), and the frontoparietal
network that is associated with task control processes (30). Some
of these regions play a central role in global communication as
brain hubs (29, 30) and have a high glucose metabolic rate (60,
61). These high-AG regions tend to project high weighted connections (SI Appendix, Fig. S4) and have a large number of interregional axon projections overall (SI Appendix, Fig. S7) to
support the large computational load of integrating multiple
functional systems. Moreover, AG can be linked with neuronal
firing activity (62). These studies provide support for our finding
that brain AG plays a role in mediating the structural–functional
relationship. Several studies have reported that brain AG declines with normal aging (34) and in AD (63). This reduction of
AG could mean that AG levels become insufficient to support
the axons, thus leading to reduced fiber integrity and thereby
impacting structural–functional coupling in patients (64). We
believe that elucidating the relationship between metabolism and
the structural and functional connectomes in the brain will boost
more studies to deepen our understanding of network dysfunctions in brain disorders in which metabolism levels are often
insufficient.
It is important to note that high-AG regions exhibit optimized
structural wiring to reduce the risk of vulnerability. As a networked biological system, the brain is likely to have evolved a
mechanism that balances the trade-off between benefits and
risks. On the one hand, functional integration of high-order regions (e.g., default-mode and frontoparietal systems) requires
high AG to support the metabolic demands of a large number of
axon projections. On the other hand, elevated levels of AG are
closely associated with higher risk of amyloid-β deposition (13,
14). Previous works suggest that AG is critical for task-induced
activity (10) and synaptic plasticity (11). However, mouse brain
studies also suggest an association between neuronal activity,
lactate levels, and amyloid-β content (32, 33). In the aging human brain, the topography of brain AG flattens with normal
aging (34) and in AD (63), with the greatest decline in regions
with high AG during young adulthood. Since AG protects the
brain from reactive oxygen species and prevents oxidative stress
(12, 35, 36), it would be more challenging for these originally
higher AG regions to maintain protection against reactive oxygen species in aging. At the same time, oxidative stress is closely
related to the accumulation of amyloid-β (35), which affects the
glycolytic oligodendrocytes (9, 21, 26). This vicious cycle exacerbates the pathogenic process, potentially leading to AD (36,
65). Furthermore, high-AG regions correspond to those that are
commonly attacked by various brain disorders (66–68). Using
reconstructed network models, we demonstrated that connectivity wiring in these high-AG regions are designed to balance
the benefit of functional integration with the mitigation of exposure to higher risk. Specifically, high-AG regions tend to
project connections to their nearest neighboring regions, so that
their total axonal projection lengths are nearly minimized. In
contrast, randomly rewiring the connections or randomly situating nodal locations would cause a greater increase in the total
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axonal projection length of high-AG regions than in others. Interestingly, we also found that the extent to which regional total
axonal projection length is optimized is significantly correlated
with AG (Fig. 4), and not with oxygen (P = 0.84). This corresponds with previous works showing that high AG, rather than
high oxygen, is closely associated with the critical vulnerability
factor to amyloid-β deposition (12, 36). In summary, high-AG
regions have rich axon projections to meet their functional requirements, and simultaneously reduce the risk of vulnerability
by projecting connections to neighboring regions, suggesting a
trade-off mechanism that balances benefit and risk in the human
brain.
Several issues need to be further addressed. First, there is
currently a lack of techniques for the collection of data on true interregional axonal projections in the human brain. Thus, we proposed
a computational model to estimate the total axonal projection length
of each brain node. This model has been validated in a macaque
connectome derived from tract-tracing data (Fig. 2). In this study, we
also validated the model against mouse connectome data derived
using two-photon tomography techniques (69). We observed a significant correlation (r = 0.76, P < 1.0 × 10−15) between the estimated
and experimental regional total axonal projection lengths in the
mouse connectome (connectivity density, 30%) (for details, see SI
Appendix, section 8). These results suggest that the proposed
model may be appropriate for estimating regional total axonal
projection length in the connectome of different species. However, it should be noted that this model is based on Euclidean
distance, which is only valid for intrahemispheric networks. Interhemispheric connections cannot be included in this model due
to the large deviation between the axonal projection length and
Euclidean distance between regions across the two hemispheres.
In the future, it will be important to precisely measure the length
of axon projections in the human brain by developing advanced
imaging techniques and computational modeling. Second, the
structural connectome of the human brain derived from diffusion
MRI data and deterministic tractography approaches does not
include direction information. As mentioned previously, brain AG
supports axonal growth and synapse activity (9, 19, 20, 26, 70). If
AG predominantly supports axonal growth and integrity, AG
levels would be expected to be high at regions that emit projections. If AG predominantly supports synapse activity, it would be
expected to be high at regions that receive a large number of input
projections, especially at regions with many multisynaptic connections. In the future, the directional structural brain networks
would be helpful for investigations exploring which of the two AG
plays a greater part in. Third, our results suggest that optimal
structural wiring in high-AG regions effectively reduces the potential risk of vulnerability. To verify this point, further studies
need to be conducted to explore whether less optimal wiring in the
high-AG regions induces higher risk of vulnerability, for example,
by testing whether the estimated total axonal length of these regions are higher in individuals who later develop brain disorders
(e.g., AD) than in those who remain healthy. Specifically, these
issues can be addressed by combining PET and connectome data
as well as computational modeling.
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