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Abstract
Purpose: Hippocampal dysfunction happens across many neuropsychiatric disorders and is the hallmark
of Alzheimer’s disease with evidenced metabolic alterations. However, while metabolic changes are a key
aspect of Alzheimer’s disease, hippocampal metabolic networks, as de�ned by metabolic covariance,
haven’t been identi�ed in healthy populations. As the hippocampus portrays cytoarchitectural,
connectional, and functional heterogeneity, heterogeneous patterns of metabolic covariance could be
expected.

Methods: We �rst characterized this heterogeneity with a data-driven approach by identifying the spatial
pattern of hippocampus differentiation based on metabolic covariance with the rest of the brain in FDG-
PET data of large healthy elderly cohort (n=362). Then, we characterized the metabolic networks of the
robustly de�ned subregions. In the following, we characterized the disentangled hippocampal metabolic
networks with regards to behavioral and neurotransmitter systems using quantitative decoding. Finally,
we examined how the local metabolism in the hippocampal subregions is in�uenced by Alzheimer’s
disease pathology in a cohort of ADNI participants (n = 580).

Results: Based on hippocampal-brain metabolic covariance in a healthy elderly cohort, we found a
differentiation into primarily anterior vs. posterior and secondarily Cornu Ammonis (CA) vs. subiculum
subregions. Characterizing the associated metabolic networks revealed that the anterior-subiculum
network including temporal-pole and orbitofrontal regions relates to self, motivation and mentalizing
behavior and is in�uenced by dopaminergic systems. In contrast, the posterior-subiculum shows a wide
cortical network engaged in action- and world-oriented cognition targeted by serotoninergic systems. The
anterior- and posterior-CA, connected respectively to amygdala and broader subcortical networks, are
associated to several transporters release. Local metabolism comparison between Alzheimer’s disease-
related diagnosis groups revealed early CA’s alterations while posterior subicular alterations appear at
advanced stages in line with broader cortical atrophy and behavioral dysfunctions.

Conclusion: Future studies should delineate patients’ individual pro�les according to hippocampal
subregions and networks.

1. Introduction
The hippocampus is a core region in the study and understanding of brain diseases, in particular, in
Alzheimer’s related pathology. Previous studies have evidenced that the accumulation of amyloid-beta
and tau pathologies in the hippocampus is associated with metabolic and structural changes of the
hippocampus itself, but also of other brain regions in healthy aging and dementia[1, 2], hence suggesting
a role of hippocampal networks in Alzheimer’s disease pathology. Understanding the neurobiological
properties of the hippocampus is therefore a crucial step to understand pathophysiological processes in
Alzheimer’s disease. In that perspective, it has been pointed out that the disruption of its’ white matter
�ber bundles, the spatiotemporal patterns of alteration of metabolism in spatially remote brain regions
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and the pattern of macrostructural atrophy in the hippocampus in the early stages of Alzheimer’s disease
were related events occurring as the neuropathology of Alzheimer’s disease spreads [3–7].

In view of the fact that the hippocampus shows heterogeneous patterns of microstructural features, as
well as heterogeneous anatomical connectivity, the pathophysiological processes could be better
understood by considering different subregions rather than looking at the hippocampus as a whole.
However, this perspective is currently limited by the fact that cytoarchitecture studies and structural and
functional neuroimaging studies of the hippocampus resulted in divergent parcellation maps. Based on
cyto- and receptor-architecture features, a pattern of differentiation within the hippocampus (Fig. 1A) can
mainly be identi�ed along the medio-lateral and ventro–dorsal axes [8, 9]. While structural covariance
patterns to a large extent follow this differentiation, structural covariance also mainly changes along the
longitudinal axis, that is, between anterior (head) and posterior (body-tail) regions (Fig. 1B) [10].
Furthermore, differentiation based on functional connectivity (functional coupling during a task or at rest)
appears primarily along this longitudinal axis, a differentiation pattern that converges with the different
behavioral involvement of the anterior and posterior hippocampal regions [11–14]. Thus, heterogeneity
within the hippocampus has been evidenced both based on local microstructure, connectivity pro�les,
and behavioral engagement, but how this heterogeneity in�uences metabolic patterns remains an open
question.

Our recent examination of hippocampal structural covariance networks in healthy populations, including
older populations, revealed three hippocampal subregions with speci�c structural covariance networks
(Fig. 1B) [15] the hippocampal head as part of an anterior network, the lateral posterior hippocampus
(corresponding to the body and tail of Cornu Ammonis (CA) �elds) as part of a subcortical network and
the medial posterior hippocampus (corresponding to the body and tail of the subiculum) showing a very
vast cortical structural covariance pattern. As illustrated in Fig. 1 (C and D), these structural covariance
networks appear, to a great extent, to follow white matter tracts which connect the medial temporal lobe
to subcortical and cortical regions suggesting that morphological covariance across the brain in a
healthy population is, to a great extent, in�uenced by anatomical connection [16, 17]. Nevertheless and
importantly, our previous study also suggested that in patients with dementia, the posterior regions
differentiate together from the more anterior regions in their co-atrophy patterns suggesting that the
complex pathophysiological process in Alzheimer’s disease would not result in atrophy patterns following
speci�cally structural covariance networks seen in the healthy population (such as a speci�c alteration
within the cortical network), but rather, would affect several subregions [15]. Because atrophy patterns
that can be observed at the macroscale in dementia are the ultimate consequences of a long and
complex pathological process, a �rst step towards understanding how this process �nally leads to
complex macrostructural atrophy patterns is to identify the metabolic changes that affect the
hippocampal metabolic networks. However, a better understanding of pathological processes in
Alzheimer’s disease �rst requires a robust identi�cation and understanding of the hippocampal subregion
and their metabolic networks in healthy older populations.
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To address these questions in the current study, we �rst performed a hippocampus parcellation based on
a molecular pro�le computed from 18FDG-PET in a large cohort of healthy elderly participants pooled
from two independent databases. We hence computed a data-driven parcellation of the hippocampus
based on co-metabolism pro�les. Then, capitalizing on the robustly de�ned subregions, we characterized
their metabolic networks. Furthermore, to help therapeutic actions and advance our understanding of
behavioral phenotype in hippocampal disorders, we characterized the disentangled hippocampal
metabolic networks with regards to behavioral and neurotransmitter systems using quantitative
decoding. We �nally examined how the local metabolism in the hippocampal subregions is in�uenced by
Alzheimer’s disease pathology in a cohort of ADNI participants (n = 580).

2. Material And Methods

2.1. Dataset
Structural MRI and 18FDG-PET scans of 362 elderly healthy participants was obtained from two openly
accessible neuroimaging cohorts: the ADNI (http://adni.loni.usc.edu/) and OASIS3 (https://www.oasis-
brains.org/), while structural MRI and 18FDG-PET scans of 580 mild cognitive impairment (MCI) and
dementia participants including early/late MCI and Alzheimer’s disease was obtained from ADNI. The
demographic data of these datasets are reported in Supplementary-Table 1 (for information about
scanning parameters, see the above-mentioned ADNI and OASIS3 websites). All subjects from ADNI
cohort were also further categorized into Aβ-positive/negative based on �orbetapir PET status [18]. In
Supplementary-Table 2, we reported global cognition (e.g. MMSE) as well as information on biomarkers
for Alzheimer’s disease pathology (e.g. CSF Amyloid-b42 (Aβ42), total (T)-tau, phosphorylated (P)-tau and
Global �orbetapir PET uptake).

2.2. Imaging data preprocessing
For OASIS3 18FDG-PET data, we downloaded raw 18FDG-PET images and for all ADNI 18FDG-PET data,
we downloaded the preprocessed 18FDG-PET images labeled as “CO-REGISTERED, AVERAGED”. We did
not used fully preprocessed 18FDG-PET images from ADNI as the used preprocessing steps could not be
applied on OASIS3 data. The details of preprocessed 18FDG-PET image data available in ADNI can be
found at http://adni.loni.usc.edu/methods/pet-analysis. Then, similar to preprocessed ADNI 18FDG-PET
data, we co-registered the OASIS3 raw 18FDG-PET frames and averaged the co-registered frames. All
18FDG-PET and structural MRI images used in this research were further preprocessed using the pet-
volume pipeline and the t1-volume pipeline of Clinica respectively [19, 20]. The t1-volume pipeline is a
wrapper of the segmentation and normalization to the Montreal Neurological Institute space [21] routines
implemented in SPM12. The normalized 18FDG-PET images were smoothed with an isotropic Gaussian
kernel (FWHM = 8 mm) (see Supplementary material for detail of Clinica pipelines and preprocessing).

2.3. Hippocampus parcellation based on metabolic
covariance in the healthy older cohort
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2.3.1. Metabolic covariance computation
Right and left human hippocampal masks (as seed voxels) were created by combining macro-anatomical
and cytoarchitecture maps [11]. Metabolic covariance was computed for grey matter voxels (group
average grey matter maps thresholded at 0.1) by correlating seed voxels with all target voxels across all
subjects in the healthy older cohort using z-transformed Pearson correlation. The �nal hippocampus
parcellations were created by assigning each hippocampus voxels to its most frequent cluster’s label (i.e.,
by using the mode) across bootstrapping samples [22].

2.3.2. Metabolic covariance based parcellation
To identify hippocampal subregion based on the similarity/dissimilarity of their metabolic covariance
pattern, we used k-means clustering implemented in MATLAB in line with previous studies [11, 23–25].
Based on the spatial resolution of 18FDG-PET data, we examined 5 levels of clustering, k = 2:6, and set the
repetition number to 500, and the iteration number to 255, with random initialization in each iteration [11].
A robust clustering solution was obtained by averaging the result of clustering across bootstrap samples.
The stability of the different levels of hippocampal partition (i.e. a number of the clusters) was evaluated
by a split-half approach (10 000 splits) and by calculating the similarity between the two halves using the
adjusted Rand Index with chance level correction.

2.3.3. Metabolic networks of hippocampal metabolic
subregion
To determine the pattern of metabolic covariance that have driven the differentiation of hippocampal
metabolic subregions, we explored the whole-brain metabolic network for each metabolic subregion. We
examined both the main effect of metabolic covariance across the whole-brain of each metabolic
subregion, as well as the speci�c pattern for each subregion. To do so, we used the general linear model
applied at the voxel level to investigate the linear relationship between the average glucose uptake value
of the metabolic subregion of interest and every voxel in the whole-brain grey matter mask. The metabolic
covariance pattern of each subregion across the whole-brain was computed with correction for family-
wise error (FWE) rate at the signi�cance level of P < 0.05. As the clustering was driven by the overall
multivariate whole-brain covariance pattern similarity/dissimilarity between seed voxels, it could be
expected that signi�cant differences between the subregions using a voxel-wise general linear model
could not be observed. Accordingly, when no brain patterns survived at this strict statistical threshold for
a given subregion, we reported the map of metabolic covariance of that subregion across the whole-brain
at an uncorrected level of P < 0.001 with a threshold of T = 3.11.

2.4. Behavioral and neurotransmitter pro�les of
hippocampal metabolic networks

2.4.1. Metabolic subregion’s metabolic covariance network
and their behavioral associations
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We characterized metabolic networks of bilateral hippocampal metabolic with regards to behavioral
systems using NeuroSynth database (https://neurosynth.org/, see Supplementary material). To visualize
these results, we created a word cloud summarizing both the spatial map of metabolic networks and
behavioral terms associated with each metabolic network (see Supplementary material for details). The
�nal image represents the spatial map of whole-brain metabolic network of metabolic subregions, and
the behavioral pro�ling of these networks. Of note, the size of the terms is relative to the spatial extension
of the metabolic network.

2.4.2. Metabolic subregion’s metabolic covariance network
and their spatial correlation with receptor/transporter maps
We also evaluated the topographical relationship between whole-brain hippocampal metabolic networks
and all neurotransmitter whole-brain maps available in the JuSpace toolbox [26] (see Supplementary
material for details). Signi�cant spatial association between metabolic network subregions and each
neurotransmitter map were examined by comparing the distribution of z-transformed correlations
(Adjusted for spatial autocorrelation using the gray matter probability map TPM.nii from SPM12) against
null distribution using one-sample t-tests while correcting for multiple comparisons using false discovery
rate (FDR) correction (PFDR < 0.05).

2.5. Alzheimer’s Disease-related pathology effect on local
metabolism in hippocampal metabolic subregions
To investigate differences between local metabolism across hippocampal metabolic subregions in
healthy older populations and to explore how local metabolism is affected by Alzheimer’s disease
pathology, one-way and two-way ANOVA with post-hoc comparison with correction for multiple testing
were performed to identify statistical differences respectively. We also compared them with the result of
hippocampal structurally-de�ned and widely used FreeSurfer segments. To do so, we identi�ed
hippocampal segments using automated pipeline in FreeSurfer v.6.0 [27] in mean structural MRI image of
all healthy older subjects. Then, we computed mean normalized glucose uptake value for each main
subregion/segment (see Supplementary material) for each subject in healthy elderly and patient cohorts.
We also repeated this analysis while focusing speci�cally on grouping subjects in each diagnostic group
based on Amyloid-β statues [18] as one indicator of Alzheimer’s pathology (see Supplementary-Table 2).

3. Results

3.1. Stable hippocampal metabolic subregions
We evaluated the stability of each partition level by using split-half cross-validation. Overall, in both the
left and right hippocampi, parcellations into 2 and 5 subregions were the most stable solutions with a
marginal difference between the stability of the 2 and 5 partition levels (Fig. 2A and Supplementary-
Table 3). Here, we focused on the �ner partitions (5-subregion) as providing the greater insight into the
metabolic covariance variation between the hippocampal voxels and the rest of the brain.
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The partition into 2-subregions initially differentiated anterior (in red) vs. posterior (in green) hippocampal
regions (Fig. 2B) while further partitions subdivided these regions mainly along the medial lateral axis on
the dorsal part and along the longitudinal axis on the ventral part. Comparison of the yielded 5-subregion
partition with the sub�elds traditionally known from mictrostructural mapping suggested a CA �eld
versus subiculum subdivision (Fig. 1A) spanning the head and body-tail subdivision. In particular, the
posterior medial blue region that extends ventrally closely resembles the posterior part of the subiculum
while the posterior lateral green subregion overlaps with the posterior portion of the CA �eld. Accordingly,
and for the reader’s convenience, in the next sections, the subregion will be labeled based on their
correspondence with hippocampal sub�elds, their position on the longitudinal axis, and their color code:
Anterior-subiculum(Red), Posterior-subiculum(Blue), Intermediate-subregion(Pink), Anterior-CA(Yellow)
and Posterior-CA(Green).

3.2. Whole-brain metabolic covariance pattern (networks)
of each hippocampal subregion
We examined the metabolic covariance pattern of each derived metabolic subregion by using a univariate
general linear model approach looking at both, the main effect pattern and the speci�c pattern when
contrasted against the pattern of other subregions. The results are presented in Fig. 3 and
Supplementary-Fig. 1 respectively. We also demonstrated brain decoding for main effect and speci�c
patterns of metabolic covariance of each hippocampal subregion in elderly healthy subjects based on
Harvard-oxford atlas in Supplementary-Figs. 2 and 3. Overall, both the right and left Anterior-
subiculum(Red) show primarily metabolic covariance with the orbitofrontal regions and temporal regions
suggesting a network corresponding to input information from anterior regions into the hippocampal
head. In contrast, the Posterior-subiculum(Blue) in the bilateral hippocampus showed the widest brain
metabolic covariance pattern including most cortical regions, both on the medial wall and lateral surface
(Fig. 3). Overall, the posterior-subiculum(Blue) seems to be part of an extended cortical system including
several regions of the default mode network and the visuospatial networks. The Intermediate-
subregion(Pink) in the left hippocampus was only associated with the left temporal fusiform cortex. No
brain patterns survived strict statistical correction for multiple comparisons at the signi�cance level of
PFWE < 0.05 for this region in the right hippocampus. The Anterior-CA(Yellow) was mainly bilaterally
associated with the amygdala, (Fig. 3, Supplementary-Fig. 2) while the Posterior-CA(Green) in the bilateral
hippocampus was mainly associated with a more extended subcortical network including the thalamus
and caudate, but also the cerebellum (Fig. 3, Supplementary-Fig. 2). Thus, overall, while the Anterior-
CA(Yellow) appeared to be directly coupled with the amygdala, the Posterior-CA(Green) appears to be
engaged in a metabolic network of subcortical regions, around the ventricles.

3.3. Behavioral characterization of hippocampal metabolic
networks
When examining how the pattern of metabolic covariance of each hippocampal subregion relate to
functional maps associated to speci�c behavioral concepts, only three metabolic networks (those of the
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Anterior-subiculum(Red), Posterior-subiculum(Blue), and Anterior-CA(Yellow) show some resemblance
with functional patterns associated to speci�c behavior. The spatial pattern of Anterior-subiculum(Red)
was primarily associated with terms pertaining to self, motivation and mentalizing behavioral systems,
including person, mental states, conditioning, theory of mind, face recognition, construction and semantic
memory (Fig. 4A). In contrast, the extended cortical network of the Posterior-subiculum(Blue) subregion
appeared to be engaged in action and world-oriented cognition including terms such as action, motion,
reading, listening, language processing (lexical, syntactic, sentences, words, comprehension) and
perception-related terms (sound, spoken) (Fig. 4A). Finally, as could be expected the metabolic network of
the Anterior-CA(Yellow) was only associated with emotional terms such as fear, happy, unpleasant,
neutral, pain and limbic (Fig. 4A).

3.4. Neurotransmitter pro�le of hippocampal metabolic
networks
The metabolic networks of both left subiculum subregions (Anterior-subiculum(Red) and Posterior-
subiculum(Blue)) interact with the serotonergic system, but with different receptors: while the 5HT1a
serotonergic receptor is expressed in the Anterior-subiculum(Red) metabolic network, 5HT1b and 5HT2a
receptors (in addition to GABAA receptor (Fig. 4B)) are highly expressed in the Posterior-subiculum(Blue)
metabolic network. In contrast, the metabolic networks of both the anterior and posterior left CA
subregions (Anterior-CA(Yellow) and Posterior-CA(Green)) are engaged in dopaminergic and serotonergic
transporters (Fig. 4B). These signi�cant associations were only similarly found for the Posterior-
subiculum(Blue) and Anterior-CA(Yellow) subregions in the right hemisphere. Finally, the metabolic
network of the Intermediate-subregion(Pink) showed an heterogeneous pro�le (interacting with
serotonergic and GABAergic receptors for the left subregion’s network and with dopaminergic
receptors/transporters and serotonergic transporters for the right’s subregion) (Fig. 4B).

3.5. Local metabolism in metabolic subregions versus
FreeSurfer-segments in the healthy older cohort
Both ANOVA results in metabolic subregions (Fig. 5A) and FreeSurfer-segments (Supplementary-Fig. 4)
showed signi�cant differences in their local metabolism (see Supplementary material for details).

However, the pro�le of local metabolism in the metabolic networks-based parcellation strikingly shows a
clear differentiation between subicular and CA subregions in which metabolism is typically higher in the
former than the latter while the intermediate subregion (pink) stands between the two. Furthermore
signi�cant differences were found for all pairs of regions except between the Anterior-subiculum(Red)
and Posterior-subiculum(Blue) in the right hippocampus (Fig. 5A). In contrast, a post-hoc analysis in
FreeSurfer-segments revealed many non-signi�cant pair-wise differences in bilateral hippocampus such
as between subiculum and CA4 + DG and between CA1 and HP-tail (Supplementary-Fig. 4B). Moreover, in
the left hippocampus there was no signi�cant differences between CA1 and CA3 segments
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(Supplementary-Fig. 4B). Overall, these results suggest that metabolic subregions offer a more sensitive
model than FreeSurfer-segments to study hippocampal subregional local metabolism.

3.6. Alzheimer’s Disease-related pathology affects local
metabolism in Hippocampal subregions/segments
We examined the local metabolism differences in metabolic subregions/FreeSurfer-segments across
clinical diagnosis groups including healthy older, early MCI, late MCI and Alzheimer’s disease. Both maps
suggest that a decrease in local metabolism in early MCI (relative to healthy older subjects) can be
observed more particularly in the CA subregions, all along the anterior-posterior axis in the left
hemisphere, but more speci�cally in posterior CA (in case of metabolic subregions) and HP-tail (in case of
FreeSurfer-segments) in the right hippocampus (Fig. 5B and Supplementary-Fig. 5, see Supplementary
material for details). Additionally, our parcellation map revealed that the global decrease between late
and early MCI is less signi�cant in the bilateral Anterior-subiculum(Red), a pattern that was also observed
when focusing speci�cally on Aβ +  patients (Supplementary-Figs. 6 and 7, see Supplementary material
for details). Hence, our metabolic map speci�cally disentangling anterior from posterior subregions
revealed that posterior metabolism might be more particularly affected across the development of
Alzheimer’s disease pathology.

4. Discussion

4.1. Metabolic pro�les differ across the longitudinal axis
and sub�elds
Our data-driven parcellation approach revealed a robust differentiation pattern along the anterior-
posterior and medio-lateral hippocampal dimensions. The �rst dimension of differentiation, along the
anterior-posterior axis, is in line with previous studies in animals and human [11–13, 28–30]. The medio-
lateral differentiation in the body and tail regions then strikingly follow the cytoarchitectonic
differentiation between the CA and subiculum sub�elds. Interestingly, the obtained metabolic
differentiation pattern within the hippocampus in this study closely resembles the hippocampus
parcellation based on structural covariance [15, 31] suggesting a close interplay between metabolic
features and macrostructural changes. In the next paragraphs, we �rst discuss the metabolic networks
driving this differentiation with their related physiological and behavioral engagement. Finally, in an
integrative view, we discuss how behavioral and physiological dysfunctions across Alzheimer’s pathology
could re�ect the pattern of changes in hippocampal local metabolism evidenced here.

4.2. Different hippocampal metabolic networks
corresponding to different behavioral and
neurophysiological systems
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4.2.1. Anterior-subiculum(Red) vs. Posterior-
Subiculum(Blue) networks
Despite the local metabolism in the Anterior-subiculum(Red) and Posterior-subiculum(Blue) was similar
(with no signi�cant difference in the right hippocampus), these two regions show relatively different
metabolic networks corresponding to different behavioral systems. Hence, the Anterior-Subiculum is
particularly related to the orbitofrontal cortex, the inferior temporal cortex, and the adjacent
parahippocampal cortex. This network appears to overlap with the anterior temporal subsystem, which is
associated with semantic and familiarity memory, object perception, social cognition including person
and knowledge [32]. Neurobiological studies have evidenced that the entorhinal cortex, located at the
anterior portion of the hippocampus, is the most important source of input of the hippocampus [33].
Animal studies have further revealed that to the lateral entorhinal cortex receives projections mostly from
the inferior temporal cortex areas through the perirhinal cortex [34]. Thus, the hippocampal-subicular
head is a speci�c subregion in which the entorhinal cortex’s inputs converged. Structural connectivity
studies have shown that the anterior end of the temporal lobe is connected to the frontal lobe, in
particular, to the orbitofrontal cortex through the uncinate fasciculus white matter tract (Supplementary-
Fig. 8A, 8B and 8C). Thus, altogether, the Anterior-subiculum(Red) network appears to corresponds to a
“self-oriented” behavioral system [11, 35] supporting self, motivation and mentalizing behavior and
in�uenced by dopaminergic systems.

In contrast, the Posterior-subiculum(Blue) was related to a broad cortical network including lateral and
midline parieto-occipital and frontal regions which is consistent with previous studies highlighting that
the output pathways from the hippocampus mainly originated directly from the subiculum to the ventral
retrosplenial cortex, cingulate cortices, prelimbic, infralimbic, and frontal areas through the cingulum
bundle (Supplementary-Fig. 8A, 8B and 8C) [36, 37]. Hence, the metabolic covariance pattern of Posterior-
subiculum(Blue) with a very extended cortical network is congruent with its central role in the
hippocampal output pathways. We have recently shown that the medial posterior subregion (similarly
corresponding to Posterior-subiculum(Blue)) in healthy elderly subjects has a very broad pattern of
structural covariance [15], especially with the posterior brain regions, but also with frontal regions
(Supplementary-Fig. 8D). Altogether, these recent �ndings suggest that Posterior-subiculum(Blue), as the
main output pathway of the hippocampus, is part of an extended network of cortical regions sharing
covariance in their neurobiological features with the Posterior-subiculum(Blue). This network appears to
include the posterior medial subsystem [32], which is particularly engaged in episodic and recollection
memory, scene perception, and social cognition including theory of mind. This subsystem seems to
belong to a general “goal-oriented” or “word-oriented” behavioural system [11, 35], which can be targeted
by serotoninergic systems. Thus, the Posterior-Subiculum(Blue), despite being coupled with its anterior
counterpart, appears to be part of a larger whole-brain network associated to different behavioral systems
and that could be in�uenced by different neurotransmitters systems. Finally, the Intermediate-
subregion(Pink) appears as a transitional subregion in this differentiation.
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4.2.2. Anterior-CA(Yellow) relates to the amygdala while
Posterior-CA(Green) relates to other subcortical structures
The Anterior-CA(Yellow) in the bilateral hippocampus was speci�cally associated with the amygdala and
thereby would be engaged in emotional/limbic behavioral systems. This relationship seems to follow the
anterior commissure, a narrow yet dense pathway between the anterior hippocampi and amygdala [38].
The Posterior-CA(Green) in the bilateral hippocampus was, in turn, mainly associated with other
subcortical structures such as the thalamus and the caudate but also with the lingual gyrus
(Supplementary-Figs. 1 and 3) which is also consistent with the structural covariation pattern of the
lateral posterior subregion (similarly corresponding to Posterior-CA(Green)) previously demonstrated in
healthy elderly (Supplementary-Fig. 8D) [15]. This pattern seems to be related to the fornix path which
plays a signi�cant role in interconnecting the hippocampal formation with the subcortical structures. For
example, the postcommissural columns part of the fornix principally connects the hippocampal
formation with the thalamus and hypothalamic nuclei [39]. Altogether, these �ndings suggest that the
metabolic pattern of Posterior-CA(Green) mainly overlaps with the central autonomic network. This
network is involved in the baseline and modulation of the autonomic nervous system in response to
environmental changes [40]. Accordingly, this Posterior-CA(Green)’s network does not portray particular
associations with psychological functions, but, as an important physiological system, may play a crucial
role in several neurotransmitters’ release.

4.3. Alterations of hippocampal metabolic subregions in
Alzheimer’s disease pathology and implications
Examining changes in local metabolism across early MCI, late MCI and Alzheimer’s disease patients’
groups suggests that the CA subregions are particularly affected at early stages while at later stages, a
relatively global metabolism decrease can be evidenced, but that concerns more speci�cally posterior
regions, relatively sparing the Anterior-Subiculum(Red) subregion. This �nding is in line with the fact that
the posterior hippocampus is more strongly affected by amyloid/tau pathologies than is the rostral
hippocampus [41, 42]. Based on our large-scale extensive decoding, these changes could be expected to
have different consequences at the behavioral and physiological level across the disease progression.
Hence, the early alterations of the CA subregion would result in emotional/limbic perturbations that can
be observed at the behavioral level, but also to modi�cations in broad physiological systems and
neurotransmitters release (through alteration of the Posterior-CA(green) subregion). Perturbations in
circadian rhythms and sleep that have been shown to appear earlier than cognitive dysfunction
associated with the pathology may be early manifestations of these metabolic perturbations [43]. At later
stages, observable behavioral dysfunctions (characterizing late MCI and Alzheimer’s disease diagnoses)
in high-level cognition and complex behavior such as episodic memory and navigation appear to be
concomitant with metabolic changes in the posterior subiculum.

Importantly, the here highlighted different hippocampal metabolic networks show correspondence with
the factors of brain atrophy evidenced in dementia. Recently, using a Bayesian data-driven approach,
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Zhang et al. [44] have revealed three different factors of atrophy expressed, to a certain extent, in all
patients (Supplementary-Fig. 8E). These factors included a subcortical atrophy factor (striatum,
thalamus, and cerebellum), and a cortical atrophy factor (frontal, parietal, lateral temporal, and lateral
occipital cortices) and a temporal atrophy factor (medial temporal cortex, hippocampus, and amygdala)
seemingly mirroring the Posterior-CA(Green)’s metabolic network, the Posterior-subiculum(Blue)’s
metabolic network and the Anterior-subiculum(Red)’s metabolic network’s respectively (Supplementary-
Fig. 8C). Along the same line, our results suggesting a global alteration of hippocampal posterior regions
at more advanced stage of Alzheimer’s disease pathology is in line with our previous observation of
common co-atrophy pattern for posterior hippocampal subregions in dementia [15]. Hence, the main
atrophy patterns that can be disentangled from macrostructural measurements in Alzheimer’s disease
appear to be closely related to alterations in hippocampal metabolic subregion and their associated
networks. Finally, from a clinical perspective, the resulting dramatic behavioral functions that can be
observed in advanced stages of the pathology in line with the subicular alterations and extended cortical
degeneration could interact with serotoninergic and dopaminergic systems’ dysfunction.

4.4. Conclusions and perspectives
In this study, for the �rst time, we robustly demonstrated the heterogeneity in the brain metabolic
covariance across the hippocampus in a healthy older cohort. Using a data-driven clustering approach,
we identi�ed �ve subregions: Anterior-subiculum(Red), Posterior-subiculum(Blue), Intermediate-
subregion(Pink), Anterior-CA(Yellow) and Posterior-CA(Green). We characterized the metabolic networks
of these subregions in the brain in healthy older subjects and demonstrated their relevance to study local
metabolic changes and associated physiological and behavioral dysfunction in pathological aging. It
should be noted that we here considered the different patients’ diagnosis group as homogeneous groups
in order to delineate general neurobiological patters. However, interindividual variability could be expected
in the expression of these neurobiological patterns and thereby could be related to individual speci�c
behavioral phenotype and potential personalized intervention [45, 46]. This precise medicine perspective
should be addressed in future studies.
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Figure 1

Overview of hippocampal cytoarchitectural, structural connectivity, and structural covariance patterns. (A)
hippocampal cytoarchitectural mapping, (B) structural covariance-based parcellation of the hippocampus
in the healthy older cohort, (C) structural connectivity pattern of the hippocampus, and (D) structural
covariance networks of hippocampal subregions illustrated in B in the healthy older cohort.
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Figure 2

Stability and consistency of hippocampal parcellations based on metabolic covariance. (A) Stable
metabolic differentiation patterns were found for the right and left hippocampus for 2 and 5-cluster
solutions estimated with split-half cross-validation. All cluster solutions in bilateral hippocampus reached
very high stability > 0.95 of mean adjusted rand index, except 4-cluster solution in the left hippocampus
(For more detailed information see Supplementary-Table 3). (B) 3D-view of different levels of parcellation
(k = 2-6) form superior and inferior view.
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Figure 3

Main effect patterns of metabolic covariance of each hippocampal subregion in healthy elderly
participants. All patterns were corrected for multiple comparisons at the signi�cance level of PFWE <
0.05, except the pattern related to Intermediate-subregion(Pink) in both left and right hippocampus. The
pattern reported for these two subregions was at an uncorrected level (P < 0.001), thresholded T = 3.11.
(Detail of involved brain regions in each pattern are available in Supplementary-Fig. 2).
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Figure 4

Behavioral and molecular characterization of hippocampal metabolic subregions’ networks in healthy
elderly participants. (A) A word cloud summarizing the regions and topics most associated with the
metabolic covariance pattern of Anterior-subiculum(red), Posterior-subiculum(blue), and Anterior-
CA(yellow) in the left hippocampus and right hippocampus. Larger words are more associated with
networks (The associated value is based on the calculated r-value in NeuroSynth represented the spatial
correlation); however, words size is also relative to the network size. (B) Topographical relationship
between a whole-brain metabolic network of bilateral hippocampal metabolic subregions and several
neurotransmitter maps explored to assess for highly expressed receptors/ transporters in each metabolic
network relative to the whole-brain by using JuSpace toolbox [26]. The radial values are r-values
representing the spatial correlations. We used the dotted line to make overlap patterns clear.
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Figure 5

Local metabolism difference in hippocampal metabolic subregions in healthy elderly participants and
Alzheimer’s disease-related diagnosis groups. (A) Local metabolism difference between hippocampal
metabolic subregions in healthy older subjects. The difference between the mean normalized glucose
uptake values of all hippocampal metabolic subregions across healthy older subjects evaluated. ANOVA
showed signi�cant differences between metabolic subregions in their mean normalized glucose uptake
value. For both hippocampi, a post-hoc analysis revealed signi�cant differences (corrected for multiple
comparisons, PFWE < 0.05) between all pairs of subregions except in the right hippocampus between the
Anterior-subiculum(Red) and Posterior-subiculum(blue). Overall, the pro�le of local metabolism in the
metabolic networks-based parcellation strikingly shows a clear differentiation between subicular and CA
subregions in which metabolism is typically higher in the former than the latter while the intermediate
subregion (pink) stands between the two. (B) We compared the local metabolism in each metabolic
subregion across healthy older, early MCI, late MCI, and Alzheimer’s disease groups. Results suggest that
comparing early MCI vs. health older subjects showed a decrease in local metabolism of CA subregions,
all along the anterior-posterior axis in the left hemisphere, but more speci�cally in posterior CA in the right
hippocampus. Additionally, comparing late MCI vs. early MCI revealed a global decrease across all
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bilateral subregions except Anterior-subiculum(Red). Finally, comparing Alzheimer’s disease vs. late MCI
vs. early MCI revealed a global decrease across all bilateral subregions (see Supplementary-Fig. 5, and
Supplementary material for details). n.s: not signi�cant.
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