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eLife Assessment

This valuable study compares hippocampal-cortical functional connectivity to various
other brain measures and examines their development across youth. It uses sophisticated
analyses replicated in multiple datasets, but provides incomplete evidence to support the
primary claim that hippocampal-cortical connectivity relates to cognitive maturation. The
manuscript would benefit from a more nuanced consideration of the biological basis of
some of the derived imaging measures and the limitations of the cross-sectional design.
This work will be of interest to neuroimaging specialists and cognitive neuroscientists.

https://doi.org/10.7554/eLife.111745.1.sa2

Abstract

Understanding hippocampal-cortical integration is critical for cognitive development, yet the
hippocampus’ multidimensional organization and its developmental coupling with cortical
systems during youth remain unclear. Here, across three large-scale developmental cohorts, we
conducted a multiscale association study that revealed reproducible triple-gradient organizations
of the hippocampus and their distinct maturational trajectories, which uniquely shape cortical
hierarchy, most prominently within the frontoparietal and ventral-attention or action-mode
systems. These gradients differentially support episodic memory and specific aspects of executive
function. Mechanistically, the hippocampus exhibits a progressive relaxation of geometric
constraints on its function over development. Furthermore, the maturation of hippocampal
gradients mirrors regional myelination patterns, while transcriptome analyses link gradient
reorganization to molecular pathways of neurodevelopment, stress-hormone regulation, and
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neuroactive signaling. These findings demonstrate a developmental landscape of the triple
gradients in human hippocampus to orchestrate cortical hierarchy and cognitive maturation,
offering a parsimonious framework for developmental neuroscience.

Introduction

The hippocampus carries notable significance concerning its phylogenetic origins’™ and its
engagement in a broad range of cognitive functions and behaviors beyond its initial implication in
memory and spatial navigation=-'Z. It was traditionally assumed that the hippocampus undergoes
its most significant development in infancy and early childhood and achieves full maturity by the
end of this periodl?.. Yet, the advances in high-quality magnetic resonance imaging (MRI) data in
recent years have allowed researchers to discern that the hippocampus undergoes protracted
growth beyond early childhood, which may play an important role in the maturation of
sophisticated cognitive functions during youth!%. Notably, this development was primarily
characterized by changes affecting subregions along the cytoarchitectural and anterior-posterior
(i.e. long-axis) gradients of hippocampus’>2, highlighting the importance of understanding the
organizational principles of the hippocampus to map its structural and functional development,
and its role in cognitive maturation.

Despite such progress, theories centered solely on the hippocampus fail to fully explain its

extensive functions 22!, highlighting the need for a systems-level perspective that embeds the

hippocampus within brain-wide networks?%~2>. Previous findings have illuminated the complex,
multidimensional organizational principles of hippocampal-cortical connectivity gradients, which
underpin key hippocampal functions in local information processing, large-scale neural network
integration and the mapping of behavioral phenotypes.z.ﬁ’gZ. Accumulating research has further
revealed the potential of the hippocampal-cortical connectivity and its gradients in accounting for
the protracted developmental profile of cognition during youth?%32. Nevertheless, a
comprehensive elucidation of this developmental process still requires integrating the intricate,
multidimensional organizational architecture of the hippocampus itself.

Moreover, these organizational principles are likely sculpted by multiscale factors—from
macroscopic geometric constraints to molecular genetic mechanisms—that collectively modulate
hippocampal structure and function, and ultimately drive the reorganization of its connectivity
gradients. At the macroscopic level, geometric constraints play a crucial role in organizing
hippocampal activity?’.%, fundamentally influencing its functional topography. Moving to the
mesoscopic scale, myelin content has been found to exhibit a significant medial-lateral gradient

along the hippocampus.z..q. Myelination during nurturing process is identified as a key factor in

neural plasticity and circuit refinement, affecting neural activity synchronization>*=%, Finally, at
the molecular level, emerging evidence reveals systematic variations in gene expression along the
anatomical long-axis of the hippocampus>>*?, underscoring the importance of genetic factors in
determining both its structural organization and functional properties. Importantly, the
prominence of cortical hierarchical gradient was found to be established during adolescence®»%2
and may support the maturation of varies higher-order cognitions, including executive
functions?%%>. However, the mechanisms underlying the association between hippocampal
gradient organization and cortical functional maturation, as well as how multiscale factors relate

to their developmental trajectories, remain largely unknown.

We hypothesized that the hippocampus’s multidimensional gradient organization undergoes
significant reorganization during youth, shaped by multiscale factors including geometry,
myelination, and gene expression, and that this reorganization is associated with the concurrent
maturation of cortical functional organization and the development of high-order cognition. To
the hippocampus through analysis of hippocampal-cortical connectomes and geometric modes.
We then projected the hippocampal gradients onto the cortex to elucidate their roles in cortical
functional processing. Subsequently, we examined the developmental trajectories of this gradient
organization and their impact on cortical hierarchy maturation, episodic memory, and executive
function. Furthermore, we identified the key drivers of hippocampal gradient reorganization,
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including myelination and transcriptomic factors. Our findings were replicated across two
independent datasets, ensuring the robustness of our results. This comprehensive study integrates
molecular, cellular, geometric, and functional analyses to shed light on the hippocampal triple
gradient organization, its development, and its role in cortical hierarchy maturation and high-
order cognitive development in youth.

Results

Our primary findings were obtained from a large-scale MRI dataset sourced from the Human
Connectome Project Development (HCP-D)%, encompassing 652 typically developing participants
aged 5-21 years (351 females). The validation results were obtained from two longitudinal
multimodal MRI datasets (Enhanced Nathan Kline Institute - Rockland Sample (NKI-RS) and
Children School Functions and Brain Development Project (CBD, Beijing Cohort)) (Supplementary
Fig. 1@). Structural and resting-state functional MRI (fMRI) underwent HCP minimal

partial volume effect and adapt to the diverse variants of hippocampal folding observed among
individuals?%“%, we employed an innovative deep learning technique integrated with a topological
constraint approach (HippUnfold?/) to segment the hippocampus and generate its mid-thickness
surfaces (483 vertices) featuring coordinates of two intrinsic orthogonal geodesic axes (posterior-
anterior (P-A) and proximal-distal (P-D) axes)(Figure 2a @ ; Supplementary Fig. 2(7; see

Methods(@).

Triple gradient organization of the hippocampus

We first derived the group-level hippocampal-cortical functional topography in youth. We
constructed hippocampal-cortical FCs between each hippocampal vertex and each cortical region
(defined by the Glasser atlas®®), and then applied a nonlinear dimension reduction algorithm to
obtain the hippocampal functional gradient (See Methods & and Figure 2a @). The group-level
hippocampal gradient was initially derived from the averaged FCs across all participants in the

HCP-D dataset (Figure 2b(#).

The elbow point in the explained variance plot (Extended data Fig. 1a @) indicates that the first
five gradients collectively account for a substantial portion of the variance in hippocampal FCs
(72.9% and 71.5% for the left and right hemispheres, respectively. The first principal gradient (G1)
accounts for 39.5% (left hippocampus) and 38.6% (right) of the variance and is strongly linearly
correlated with P-A coordinates (left: r? =0.823, right: r2=0.784, p<0.001, corrected for spatial
autocorrelation, as were all subsequent analyses; see Methods ). These findings are illustrated in

gradient (G2) explains 16.6% (left) and 15.5% (right) of the variance, showing a significant
quadratic relationship with P-A coordinates (left: 7% =0.524, right: r? =0.474, p<0.001, Fic
This gradient hence was named the quadratic long-axis gradient (qLG). The third gradi
explains 7.7% and 8.3% of the variance for the left and right hemispheres, respectively, displaying

a significant cubic association with P-D coordinates (left: r? =0.210, right: % =0.320, p<0.001, Figure

w1th1n the hippocampusf.‘.’.?.z. We hence termed it the cubic iso-allocortical gradient (cIG). Noted

that no significant evidence shows the relationship between the triple hippocampal gradients and
the alternative anatomical axis (Extended Data Fig. 2 ). We refrained from analyzing G4 and G5
due to the lack of clarity regarding their biological significance (Extended data Fig. 1b3®).

To investigate the age-related changes of this triple gradient organization, we derived the averaged
functional gradients within four age-specific groups (5-9, 10-13, 14-17, 18-21 years, Extended Data

range of qLG consistently expanded through these stages, while the cIG remained relatively stable.

Additionally, we examined the developmental trajectories of explained variance and distribution
characteristics (including standard deviation, range, skewness, and kurtosis) for the triple
principal gradients using generalized additive models (GAMs) (Figure 1e, {2 and Extended Data
Fig. 4%). We fit the model with a smooth term for age as a fixed effect; sex, scanning site, and in-

Zeng et al., 2026 eLife 15:RP111745. https://doi.org/10.7554/eLife.111745.1 30f42


https://doi.org/10.7554/eLife.111745.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience

s eLife

Cascading from Neurobioloy to Cognition

Geometry

Micro- iﬁ g * *

Gene expression Youth devel

Hippocampal Hippocampal Cortical Codiition
multiscale factors functional organization functional organization 9
LD =-\®
Macro- Cortical hierarchy
‘ o Episodic memory Cognitive flexibility

Maturation of
cognitive functions
(episodic memroy and
executive function)

Figure 1. Conceptional overview: Youth development of the hippocampal triple gradient organization,

underpinned by multiscale traits including gene expression, myelination and geometry.

This reorganization during youth actively contributes to cortical hierarchy maturation and facilitates the development of

episodic memory and executive functions.
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Figure 2. Triple gradient organization of the hippocampus.

a, Methodological overview for identifying hippocampal functional gradients. The two intrinsic orthogonal geodesic axes,
namely posterior-anterior (P-A) and proximal-distal (P-D) are displayed on this panel. The coordinates on the P-D axis indicate
the geodesic distance to the neocortex (isocortex), thus reflecting the iso-allocortical axis. b, ¢, and d, Topography of the first
three hippocampal functional gradients at the overall group level and their associations with anatomical positions denoted by
P-A and P-D coordinates. e and f, Development of explained variance and standard deviation of the triple gradients (i.e. ILG,
qLG, and clG). ILG, linear long-axis gradient; gLG, quadratic long-axis gradient; c/G, cubic iso-allocortical gradient.
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Our results revealed a progressive dominance of the, as indicated by an increase in explained
variance (A Adjusted R% = 0.0192, p = 1.15 x 107°). Furthermore, the standard deviation of ILG
changed significantly, with an increase during childhood (5-11 years), a decrease during
adolescence (12-17 years), and subsequent stability in adulthood (18-21 years) (A Adjusted R? =
0.0127, p = 2.04 x 10™%). The qLG demonstrated increasing differentiation as evidenced by the
standard deviation (A Adjusted R?=0.0062, p=0.003), without significant variation in its explained
variance (A Adjusted R?%=0.0005, p=0.583). The cIG displayed a decrease of dominance as indicated
by the explained variance (A Adjusted R?=0.0047, p=0.011) and a relatively stable differentiation
(A Adjusted R? = 0.0011, p=0.144). Analysis of the other characteristics of the triple functional
gradients are presented in Extended Data Fig. 4(7.

Reorganization of hippocampal triple gradients in youth is linked
to cortical hierarchy maturation and cognitive functions

Due to the profound developmental changes in the cortex during youth, we further investigated
the link between the triple functional organization of the hippocampus and cortical functional
organization. We initially constructed whole-brain maps of cortical contributions to each
hippocampal gradient by projecting them to the cortex (Figure 2a & b(2; see Methods @), forming
group-averaged projection maps (Figure 3c(@, and Extended Data Fig. 5a(?). The Extended Data
Fig. 5b & d [ illustrate how projection values differentiate distinct cortical-hippocampal
functional connectivity (FC) profiles. Specifically, cortical regions with the highest (top 5%) and
lowest (bottom 5%) projection exhibited markedly segregated FC patterns along the corresponding
hippocampal gradients, underscoring that projection strength serves as a key dimension
segregating hippocampal-cortical interaction modes.

Intriguingly, when we tested the associations between the hippocampal projection patterns and
the first ten corticocortical functional gradientsf.l.?, we found that these projection maps showed a
striking correspondence with distinct cortical intrinsic functional organization (Extended Data Fig.
5c & e[®). We found a significant correlation between the projection patterns of ILG and cortical
modulation-representation (MR) gradient corresponding to the 3™ corticocortical functional
gradient (r =-0.760, p<0.001). RMG differentiates attention and frontoparietal systems
(modulation) from the sensorimotor and default mode systems (representation); The qLG
significantly correlated with cortical functional hierarchy (FH) that corresponds to the 15
corticocortical functional gradient (r =0.775, p<0.001). FH denotes the cortex organization where
information flows from simpler low-level to complex high-level processing; While the reflects the
internal-external gradient (IEG) that corresponds to the 5t corticocortical functional gradient
(r=0.469, p=0.007). IEG differentiates limbic, default mode, and ventral attention systems
(internally oriented processing) from visual, dorsal attention, and frontoparietal systems
(externally oriented, goal-directed processing). The associations between hippocampal projection

maps and other cortical functional gradients can be seen in Supplementary Fig. 3.

Given the observation that hippocampal gradients closely correlated with the cortical hierarchy in
youth, we further investigated whether the development of hippocampal gradient is linked to the
maturation of the cortical hierarchy. We calculated the correlations between individual gradient
projections and the adult cortical FH map and examined the developmental pattern of this
association using GAMs. Significantly, we observed a strengthening link between triple gradient
projections and the cortical FH map as individuals aged (ILG: A Adjusted R? = 0.008, p=0.003; qLG:
A Adjusted R? = 0.020, p= 3.75 x 10" 7; cIG: A Adjusted R? = 0.026, p= 4.51 x 10™". See Figure 3d(3).

We also characterized the maturational changes in the hippocampal gradient projections in
individual cortical regions. The developmental trajectories of the ILG projection and
corresponding significant age effects (FDR-corrected p<0.05) are depicted in Extended Data Fig.
5f(2. Consistent with the development of the ILG shown in Figu fZ, the development of ILG
projection also presents two inflection points, which coincided with the transition into
adolescence (around age 12) and into adulthood (around age 18). Moreover, changes in ILG

projection were particularly prominent in regions associated with the frontoparietal and ventral
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Figure 3. Reorganization of the hippocampal triple gradients in youth is linked to the cortical hierarchy
maturation and cognitive functions.

a, Methodological overview for projecting the hippocampal gradient to the cortex and analyzing its development. b, The
cortical functional hierarchy map derived from the corticocortical connectome gradient.‘!?.. ¢, Group-averaged cortical
projection of the triple hippocampal gradients for left hippocampus. d, development of the coupling between the
hippocampal gradient projections and the cortical functional hierarchy (FH). e, f, and g, Region-specific developmental effects
on cortical projections of the triple hippocampal gradients, showing only regions that remained significant after FDR
correction. Left, cortical distribution of significant effects (FDR-corrected p<0.05) for ILG, qLG, and cIG, respectively. Right,
distribution of these effects across seven intrinsic functional systems defined by Yeo et a/.2%. h, Scatter plots showing the
relationship between predicted and actual cognitive performance. Predictions for episodic memory and three executive
function components were derived from cortical projections of the triple hippocampal gradients. The dashed box in each
column highlights the strongest significant correlation (FDR-corrected p < 0.05) for that cognitive measure. The magnitude of

the correlation coefficient (r) is represented by a consistent color scheme applied to the scatter points and the circle in the
lower-left corner of each panel.
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correction), indicating significant changes in their FC differentiation pattern along the
hippocampal ILG. Furthermore, the range of qLG projection exhibited a consistent increase
throughout the entire period (see the middle panel in Extended Data Fig. 5f2), in line with the
findings from the gLG range shown in Extended Data Fig. 42. We observed significant
developmental changes in gLG projection predominantly within the ventral attention system

This reorganization of triple hippocampal gradients, which correlates with increasingly complex
hierarchical cortical processing, may link to the maturation of episodic memory and executive
function (EF)—a set of top-down mental processes potentially associated with cortical hierarchical
organizationfl.%. We conducted 10-fold cross-validated LASSO-PCR model (the penalty parameter
was selected via nested 5-fold cross-validation to identify the optimal value) using hippocampal
gradient projections to predict the cognitions, while correcting for potential confounding variables
including age, sex, scanning site, and in-scanner head motion, and applied FDR correction to all
resulting p-values (12 gradient-cognition pairs) (Figure 3h%). Interestingly, episodic memory is
best predicted by ILG (r = 0.2259, FDR-corrected p < 0.001), followed by qLG (r = 0.119, FDR-
corrected p = 0.019) and cIG (r = 0.139, FDR-corrected p = 0.008). In contrast, cognitive flexibility is
most strongly linked to gLG (r = 0.447, p < 0.001), with ILG (r = 0.430, FDR-corrected p < 0.001) and
cIG (r=0.251, FDR-corrected p < 0.001) also contributing. While working memory is primarily
associated with cIG (r = 0.197, FDR-corrected p = 0.004) over ILG (r = 0.081, FDR-corrected p = 0.127)
and gLG (r = 0.049, FDR-corrected p = 0.354). Inhibitory control is similarly best predicted by cIG (r
=0.218, FDR-corrected p < 0.001), followed by ILG (r = 0.137, FDR-corrected p = 0.013) and qLG (r =
0.074, FDR-corrected p = 0.169).

Collectively, these results underscore the important and distinct role that the reorganization of
hippocampal triple gradients during youth plays in the maturation of cortical hierarchy—
particularly within frontoparietal and ventral attention systems—and in the development of
cognitive functions, including episodic memory and executive function.

Progressive relaxation of geometric constraints on hippocampal
gradients in youth

We aimed to investigate whether geometric constraints characterized by Laplace eigenmodes
shape the triple dominant functional organization of the hippocampus. We derived the geometric
eigenmodes of the hippocampus for each participant using the Laplace-Beltrami operator. Figure 4
a, b, and c @ showcase the group-averaged first three eigenmodes are significantly correlated with

the triple principal functional gradients (ILG : left, r =0.90, right, r =0.89, p<0.001; qLG: left, r =0.72,
right, r =0.67, p<0.001; cIG: left, r =0.48, p=0.002, right, r =0.38, p=0.014).

Building on the above findings of significant geometry-function associations, we further employed
GAMs to fit the age-related trajectory of coupling between hippocampal geometric modes and
their closely correlated hippocampal gradients (Figure 4d, e, and f&@). The magnitude and
direction of age effects were also derived. Interestingly, the geometry-function coupling of the A
and cIG display a continuous decrease during this period (ILG: A Adjusted R% =0.055, p<1 x10716;
cIG: A Adjusted R?=0.003, p=0.020), whereas the coupling of the qLG display a decline with a slight
fluctuation (A Adjusted R? =0.007, p=0.026).

Development of hippocampal triple gradients parallel myelin
maturation

We first aimed to investigate whether regional myelin content, as measured by T1w/T2w

intensity.5..1.., is associated with the organization of the hippocampal triple gradients. Our analysis

revealed that the group average T1w/T2w intensities exhibited a significantly stronger correlation
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Figure 4. Geometric constraints on hippocampal triple gradient development in youth.

a, b, and ¢, Group-averaged first three geometric eigenmodes obtained through the Laplace-Beltrami operator and their
associations with hippocampal principal gradients. d, e, and f, Developmental trajectories of structure-function coupling

(Pearson correlation) between geometric eigenmodes and the corresponding hippocampal functional gradients.
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with cIG than with ILG and qLG (cIG: left, re =0.155, p=0.039, right, re =0.161, p=0.042; ILG: left, rt
=0.008, p=0.017, right, r* =0.031, p=0.007; qLG: r =0.013, p=0.063. Figure 5a, b ).
Considering the pivotal role of myelination in regulating and restraining neural plasticity?.?e?..%,
investigation sought to elucidate the potential relationship between the maturation of myelin
content and the development of hippocampal triple gradient profiles. We initially partitioned the

group-averaged T1w/T2w intensity (a structural MRI measure sensitive to myelin content; Figure

our

developmental trajectories of mean myelin content and mean gradient values for each of the triple
gradients. Consistent with our expectations, myelin content in all bins increases continuously
throughout childhood and adolescence, reaching a relatively stable level when individuals enter
adulthood. Furthermore, the age effect demonstrates a gradient along the myelin axis, i.e.,
hippocampal regions with higher myelin content exhibited more pronounced age-related changes
in myelin content. To distinguish between positive and negative age effects, the A Adjusted R? of
GAM fits that decreased with age were assigned a negative sign for visualization (Figure 5¢(2;
Extended Data Table 1 provides the A Adjusted R? and FDR-corrected p value for each bin).
(Figure 5¢ 2, Extended Data Table 1@ provides the A Adjusted R? and FDR-corrected p value for
each bin). Interestingly, the developmental variability of the hippocampal triple gradients also
displayed a prominent pattern aligned with the myelin axis (see Figure 5d @ as well as Extended

between the refinement of myelin content and the hippocampal triple functional gradients.
Notably, these findings remained consistent regardless of the number of bins used (see Extended
Data Fig. 62 and Supplementary Tables 13-4 ).

Transcriptomic substrates of the hippocampal triple gradients
across development

We initially conducted a transcriptomic association analysis to explore the presence of gene
expression variations along the triple hippocampal functional organization. We obtained
normalized gene expression data from 58,692 probes, extracted from 173 hippocampal samples of
six deceased human donors provided by the Allen Human Brain Atlas. We then employed a

through 10 repeated ten-fold cross-validation (CV). We found a significant association between
gene expression and the ILG (ILG: left, re =0.580, p=0.001, right, re =0.239, p=0.002; qLG: left, rt
=0.068, p=0.179, right, % =0.033, p=0.252; cIG: left, r* =0.011, p=0.334, right, r% =0.012, p=0.346.
Figure 6a ).

The left panels within Figure 6b, c and d 2 show the most significant enrichment term clusters
derived from the identified important genes, with FDR-corrected p values below 0.01. We adopted
enrichment networks by connecting enriched terms with Kappa similarities exceeding 0.3 to
depict similarities between term clusters and redundancies within clusters. The most significant
gene set linked to the ILG prediction exhibits enrichment in terms associated with neuroactive
signaling (e.g. neuroactive ligand-receptor interaction, chemical synaptic transmission, calcium
ion binding, and behaviors elicited by internal or external stimuli), regulation of anatomical
structure morphogenesis and neural development, and regulation of stress hormones (i.e., positive
regulation of cortisol secretion). Furthermore, the most significant gene set linked to gLG displays
enrichment in terms correlated with neurodevelopment and synaptic plasticity (e.g. synapse
organization, brain development, neuron projection development, synaptic signaling, and
neurotrophins signaling pathway), homeostatic mechanisms (regulation of cellular response to
stress), and protein localization. We did not obtain significant enrichment terms correlated with
cIG. Detailed information on gene annotation and enrichment for the triple gradients can be found
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Figure 5. Development of hippocampal triple gradients parallel myelin maturation.

a and b, Group-averaged T1w/T2w intensity map and its association with the triple functional gradients. ¢, Developmental
trajectories and age effects (A Adjusted R?) of the average T1w/T2w intensity within each of the nine uniform bins along the
group-averaged T1w/T2w intensity. Similarly, d depicts the corresponding developmental patterns for triple hippocampal
functional gradients within the same nine bins, respectively. All the developmental trajectories are zero-centered to facilitate
comparison between them. To distinguish the direction of age effects, A Adjusted R? values for trajectories that decreased

with age are shown as negative. Note: * p<0.05, ** p<0.01, *** p<0.001, FDR corrected.
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Figure 6. Transcriptomic association analysis of the hippocampal triple gradients.

a, The hippocampal triple gradients were predicted using ten separate 10-fold cross-validated LASSO-PCR models based on
transcriptomic data from the Allen Human Brain Atlas. The relationship between these predicted and the actual gradients
was then evaluated. b, c and d, Left, an enrichment network was generated from the enriched biological pathways and Gene
Ontology terms identified for the key gene sets predicting hippocampal gradients. Each term is represented as a node, and
edges were drawn between nodes with Kappa similarity above 0.3. Node colors denote cluster memberships, which
correspond to the same-colored bars in the adjacent plot. The length of each bar indicates the statistical significance
(-logqg[FDR-corrected p-value]) of the associated enriched terms; Right, developmental enrichment analysis for the above
identified important gene sets, illustrating the FDR-corrected p values for the hippocampus within specific developmental
stages.
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To ascertain whether the noteworthy gene set related to the triple gradients exhibits enrichment
specifically during the developmental period under investigation within the hippocampus, the
identified important gene sets were compared against developmental expression profiles from the
BrainSpan dataset (http.//www.brainspan.org/ @) by employing the developmental-specific
expression analysis (SEA) tool>+. The results underscored that the important gene expression for
ILG exhibited enrichment within the hippocampus during mid/late childhood, adolescence, and
young adulthood. This enrichment was notably accentuated in the mid/late childhood period

(depicted in the right panel of Figure 6b %), which aligned with the fastest developmental period

obtained from the developmental enrichment analysis of the important gene list for gLG (right
panel of Figure 6¢c @). We did not obtain significant enrichment developmental periods correlated

These results suggest that the molecular processes —encompassing neurodevelopment,
neuroactive signaling, and stress hormone regulation—likely contribute to the development of
hippocampal dual long-axis gradients in youth.

Replications of hippocampal triple gradients and development

Thus far we have demonstrated the fundamental role and developmental significance of the
hippocampal triple gradient organization, we aimed to further investigate whether these
organizational principles generalize to two independent datasets: the CBD and NKI-RS. The CBD
dataset includes 300 healthy children (140 females, aged 6-13 years, 478 total scans), while the
NKI-RS dataset comprises 240 healthy youth (109 females, aged 6-21 years, 363 scans). Our
findings confirm that the functional gradients and geometric modes observed in the HCP-D dataset
are well replicated in both datasets (Extended Data Fig. 7a & b (@2).

We further assessed the generalizability of the developmental trajectories of the hippocampal
triple gradients and their cortical projections across independent datasets. Our primary focus was
the NKI-RS dataset, given its broader age range compared to the CBD dataset, which also
encompasses the age range of the HCP-D dataset. The results showed that the developmental
trajectories of the hippocampal triple gradients were largely replicated in the NKI-RS dataset
(Extended Data Fig. 7c, d @). Specifically, while not reaching statistical significance, the ILG
exhibited a similar trend to that observed in the HCP-D dataset (A Adjusted R? = 0.007, p = 0.07 for
standard deviation). Consistent with our findings, the gLG demonstrated relatively stable
explained variance (A Adjusted R%=0.001, p = 0.47), while the cIG showed a significant decline in
explained variance (A Adjusted R%=0.022, p =0.0007) and a relatively stable standard deviation (A
Adjusted R?=0.001, p =0.61). For the age range in the CBD dataset, we observed a significantly
increasing trajectory (A Adjusted R? = 0.001, p = 0.02) in the standard deviation of the qLG,
consistent with the findings from the HCP-D dataset within the corresponding age range
(Supplementary Fig. 4@).

Notably, we observed an increasing association between hippocampal triple gradient projections
and the cortical functional hierarchy with age in NKI-RS dataset (ILG : A Adjusted R? = 0.004, p =
0.06; gLG: A Adjusted R? = 0.014, p = 0.008; cIG: A Adjusted R? = 0.016, p = 0.006), which aligns with
the findings from the HCP-D dataset, confirming the consistency of this developmental
relationship across independent samples (Extended Data Fig. 7e (3).

Together, these results show that the hippocampal triple gradients, their developmental
trajectories, and increasing alignment with the cortical functional hierarchy are robustly
replicated in the CBD and NKI-RS datasets, confirming the generalizability of these organizational
principles in youth.

Discussion

The human hippocampus and cortex depend on a set of fundamental organizing principles to
process information, regulate behavior, and facilitate various intricate functions. Our findings
enrich the comprehension of the hippocampal organizational principles in terms of hippocampal-
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cortical connectivity, hippocampal geometric eigenmodes, myelin pattern, gene expression, as well
as their distinct relationships with cortical functional processing in youth and their relevance to
the maturation of cortical functional hierarchy and cognition. Specifically, the hippocampal
geometric modes significantly constraints the triple hippocampal functional gradients,
underscoring the fundamental role of geometry in shaping hippocampal spontaneous functional
activity, and potentially by influencing wave dynamics>>>2%. Additionally, we found that the gene
expression pattern can predict linear long-axis gradient best compared to the other two gradients
while the myelin content predicts cubic iso-allocortical gradient best (Figure 5b ™ and Figure

may depend more on shared gene expression pattern’:>2. While cIG reflects the part of
hippocampal-cortical connectome influenced by cytoarchitectonic differentiation®2”. In contrast,
hippocampal quadratic long-axis gradient showed a prominent association with cortical
functional hierarchy (Figure 3c(Z and Extended Data Fig. 5a, c and e 2). Given the greater

dominance of hierarchical processing in humans~.. and macaques>’.in contrast to other species

such as marmosets>% or rodents>?, quadratic long-axis gradient is probably not as evolutionarily
conserved as the linear long-axis gradient. This intriguing finding also calls into question the
understanding of the hippocampus as an evolutionarily conserved structure with respect to its

structural and functional organization.

Hippocampal gradients sculpt cortical function and cognition

Additionally, we demonstrated that the maturation of hippocampal triple gradients is closely
linked to the refinement of the cortical hierarchy, primarily through the reorganization of its
connectivity with the frontoparietal and ventral attention systems. In line with our observations,
recent evidence indicates that the cortical functional organizations that our hippocampal
gradients interface with—specifically the sensory-association (SA, closely related with cortical
functional hierarchy) and modulation-representation (MR) gradients—undergo profound
reorganization during youth, shifting from a sensory-dominated architecture in infancy to a
highly differentiated associative and controlled system in early adulthood®’. Additionally, these
developmental shifts are primarily driven by changes in the ventral attention system§.1... Moreover,
attention and frontoparietal control systems play a crucial role in coordinating bottom-up and top-
down information flow>222%%, Furthermore, the triple hippocampal-cortical gradients take
distinct contributions to episodic memory and executive functions, thereby highlighting their
differential influence on cognitive processes. Specifically, the hippocampal long-axis gradient
(aligned with cortical MR) predominantly correlates with episodic memory, consistent with a
model in which the integration of sensory and default-mode representations alongside
frontoparietal and attentional modulation relates to memory encoding and retrieval
processesj.?.’.@f’.'zp... Additionally, cubic iso-allocortical gradient (mapped to cortical internal-external
processing) relates more to working memory and inhibitory control, reflecting coordination
between internal limbic/ventral attention and external frontoparietal/dorsal attention systems..”
/2. Finally, the quadratic long-axis gradient (associated with cortical functional hierarchy) best
predicts the cognitive flexibility, suggesting frontoparietal-attention specialization and cross-
hierarchy communication support task shifting.%>/%. This role of hippocampal-cortical gradients in
scaffolding executive control is further underscored by lifespan evidence showing that the
maturation of these cortical gradients—particularly the differentiation of the MR and SA axes—
peaks during adolescence and is strongly associated with the emergence of high-level cognitive

performance®’.

Developmental decoupling of hippocampal geometry and function

The geometric eigenmodes derived from both neocortical and non-neocortical structures have
recently been demonstrated to be a more concise and precise representation of their macroscale
functional activity compared to the connectome-based method=>. Furthermore, multiple recent
studies have demonstrated that wave dynamics constrained by geometry and distance-dependent
horizontal connectivity (i.e. dense short-range connections that decreases approximately

exponentially with distance’’) may have a dominant influence on spatiotemporal brain
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activity§§’.’.§.5.’..5.§.. Therefore, the reduction trajectories in geometry-function coupling between
hippocampal geometry and dual long-axis functional gradient suggest the development of long-
range and non-horizontal connectivity and that the dominance of wave dynamics within the
hippocampus may decrease during its maturation process. We inferred that this decoupling
process may enable efficient communication both within and outside the hippocampus.

Myelination regulates developmental plasticity in hippocampal
gradients

We found that developmental changes in the hippocampal triple functional gradients closely align
with spatial patterns of myelination during youth, and the molecular process related to
neurodevelopment, stress hormone regulation, and neuroactive signaling. Myelination—a key
regulator of neural plasticity%.‘?.’..3 /8 exhibits spatial variations that parallel the
neurodevelopmental axis of hippocampal gradients during this sensitive period. Notably, recent
studies have suggested the potential existence of critical periods with heightened plasticity for
hippocampus-dependent learning and memory, which have been proposed to be fundamental to
cognitive development’>-%Z. In the primary sensory cortex, myelin formation and associated
signaling via neurite outgrowth inhibitor (Nogo) receptors have been identified as pivotal
mechanisms that may contribute to constraining or terminating these critical periods>%>2. In line
with these findings, our results suggest that myelin not only regulates the developmental plasticity
of hippocampal functional gradients but may also represent a candidate factor in orchestrating
the timing and regulation of critical period plasticity during hippocampal maturation in youth.
Future studies could consider combining pharmacological or chemogenetic approaches with
neuroimaging techniques to establish connections between cellular- or molecular-level plasticity-
regulating mechanisms and noninvasive human neuroimaging®>%>. This integrated approach can
provide further insights into specific neurobiological mechanisms that may underlie putative

critical periods in the development of the human hippocampus.

Molecular processes underpin development of hippocampal
gradients

We demonstrated the potential role of distinct neurodevelopment process in forming the
hippocampal dual long-axis gradient (i.e., linear and quadratic long-axis gradient) in youth.
Specifically, gene expression related to the macroscopic patterning and structural formation (i.e.,
tissue morphogenesis) of the hippocampus shows a graded pattern along the linear long — axis
gradient. Furthermore, processes governing the precise circuit wiring within this structure—
namely, neuron projection development and synapse organization (including formation and
pruning)—are most prominently enriched in the genes that define the quadratic long-axis
gradient. This gradient may therefore emerge as a consequence of a transcriptional gradient
optimized for experience-dependent circuit refinement. This fine-grained plasticity underlies
complex cognition and may offer evolutionary advantages, consistent with the integration role of
quadratic long-axis gradient within the cortical functional hierarchy and its protracted
developmental trajectory. Notably, we found that the regulation of stress hormones also displayed
variations along the linear long-axis gradient. This finding suggests a potential association
between cortisol regulation and this hippocampal gradient, shedding light on the hippocampus’s

88-90
and neurodevelopment-.." == —as well as its relevance to disorders like depression’>2>—future
research could focus on how stress-related conditions or early-life adversity disrupt hippocampal
gradient organization. Furthermore, mental training programs, known to reduce stress?%2, could
be investigated for their effects on the hippocampal gradient. In contrast, our linear modeling
approach did not yield a robust genetic signature underlying the hippocampal cubic iso-
allocortical gradient, suggesting that its organizational principle may be governed by more
complex, nonlinear patterns of gene regulation.

Zeng et al., 2026 eLife 15:RP111745. https://doi.org/10.7554/eLife.111745.1 15 of 42


https://doi.org/10.7554/eLife.111745.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience

::"0.:‘ eLife Neuroscience

Limitations and future directions

We replicated the main findings in hippocampal triple gradient organization, its cortical
projections, development and the association with the maturation of cortical functional hierarchy
on two independent longitudinal datasets. This replication underscores the robustness and
generalizability of these findings across diverse populations and methodologies. We noted that the
absence of pubertal hormone measures in the HCP-D dataset limits our ability to assess their
impact on hippocampal triple gradients, highlighting the need for future studies incorporating
hormonal assessments. By showing that the hippocampus is already organized into a distinctive
triple-gradient architecture in youth and continues to undergo developmental refinement, this
study provides a critical framework for tracing the emergence of hippocampal organization in
early life and elucidating its role in shaping cognition and behavior.

Materials and methods

Participants and brain imaging dataset
HCP-D dataset (discovery)

For the primary scientific objectives of this study, we acquired multimodal MR images (T1w, T2w,
and rs-fMRI) from 652 typically developing participants in the latest release of the Human
Connectome Project (HCP) Development dataset. Following rigorous quality control procedures.??.,
601 participants (330 female; age range = 5.58-21.92 years) were retained for final analysis.
Participants were scanned at four sites using 3 Tesla Siemens Prisma platforms. Structural scans
encompassed high-resolution MPRAGE T1-weighted images (TR/TI = 2,500/1,000 ms, TE =
1.8/3.6/5.4/7.2 ms, flip angle = 8°) at a resolution of 0.8 mm isotropic. A variable-flip-angle turbo-
spin-echo T2-weighted sequence (TR/TI = 3,200/564 ms, turbo factor = 314) was also conducted with
the same resolution. The incorporation of multiband acquisitions facilitated a subsecond temporal
resolution for all functional images, characterized by a voxel size of 2.0 mm isotropic, TR/TE of
800/37 ms, and a flip angle of 52°. The participants were instructed to view a small white fixation
crosshair on a black background during fMRI scanning.

Cognitive function test

We employed episodic memory and multiple cognitive measures related to EF, including cognitive
flexibility, inhibitory control, and working memory, in the latest release of the HCP-D dataset. All
these performance tests were conducted using NIH Toolbox
(https://www.nihtoolbox.org/domain/cognition/ ). Specifically, episodic memory was estimated by
Picture Sequence Memory Test in 472 participants by having participants recall sequences of
illustrated objects and activities presented. Scoring was based on the number of correctly ordered
adjacent picture pairs. Cognitive flexibility was measured by the Dimensional Change Card Sort
Test, involving 463 participants. In this test, participants engaged in a bivalent matching task,
wherein they matched test pictures (e.g., yellow balls and blue trucks) to target pictures. Initially,
matching was based on one dimension (e.g., color), followed by a shift to the other dimension (e.g.,
shape) after several trials. The final score combined accuracy and reaction time. Accuracy (<80%)
alone determined the score; higher accuracy (>80%) added a speed component based on median
reaction time, with faster responses earning more points. Additionally, inhibitory control
performance was assessed with the Flanker Inhibitory Control and Attention Test in 462
participants. Here, participants focused on a target stimulus while ignoring flanking stimuli. It was
scored identically to the cognitive flexibility test. Finally, working memory performance was
measured using the List Sorting Working Memory Test, which evaluates both information storage
and processing (manipulation) and included 473 participants. This test necessitated the rapid
recall and arrangement of various visually and orally presented stimuli. The total score was the
sum of items correctly recalled and sequenced. The detailed task description and scoring
interpretation can be found in the documentation for the HCP-Aging Lifespan 2.0 Release and NIH
Toolbox website.
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CBD and NKI-RS dataset (replication)

The CBD dataset includes 300 children aged 6-14 years (140 females, 478 total scans, 165 children
with one scan, 92 children with two scans, and 43 children with three scans; the scan interval was
approximately one year) This data were collected by the Children School Functions and Brain
Development Project (CBD, Beijing Cohort). Study procedures were approved by the Ethics
Committee of Beijing Normal University, and written informed consent was obtained from all
participants or their parents/guardians. The NKI-RS dataset comprises 240 typically developing
children and adolescents aged 6-21 years (109 females; 363 total scans). All participants in these
two datasets were cognitively normal, with no history of neurological disorders, mental health
conditions, head injuries, or chronic physical illnesses. Imaging modalities included T1w images
and rs-fMRI. For the CBD dataset, structural scans were acquired using a T1-weighted sequence on
a Siemens Prisma scanner (TR/TE/TI = 2530/2.98/1100 ms, flip angle = 7°) with 1 mm isotropic
resolution. Resting-state fMRI data were obtained with an echo-planar imaging sequence (TR/TE =
2000/30 ms, flip angle = 90°, slice thickness/gap = 3.5/0.7 mm) over an 8-minute scan duration,
yielding 240 volumes in total. For the NKI-RS dataset, structural images were acquired using a T1-
weighted MPRAGE sequence on a Siemens Tim Trio 3T scanner (TR/TE/TI = 2500/3.5/1200 ms, flip
angle = 8°) with 1 mm isotropic voxel size. Resting-state fMRI data were collected with a multiband
echo-planar imaging sequence (TR/TE = 645/30 ms, flip angle = 90°) at 3 mm isotropic resolution,
comprising 900 time points. All scans underwent the same stringent quality-assurance
procedures?.?. Due to the limited spatial resolution and the relatively short duration of fMRI scans,
as well as the short age range, we employed these data to validate our results at the group level.

Image preprocessing

Images from all three datasets underwent HCP minimum preprocessingff.s. with several

modifications to adapt to the specific developmental dataset.

1) Structural MRI

Images underwent gradient distortion correction and anterior commissure-posterior commissure
(AC-PC) alignment, followed by brain extraction. Subsequently, a rigid body transformation with a
boundary-based registration cost function.°? was employed to coregister the T1w and T2w images.
To correct for bias fields, the square root of the product of T1w and T2w images was used, with
nonbrain tissues thresholded out. The preprocessed images were subjected to nonlinear

registration onto a standard template (MNI). Cortical surfaces were extracted in native space using

from T1w images. The individual native cortical surfaces were registered first to standard
template space, then to FreeSurfer’s standard surface atlas (fsaverage), and finally to the Conte69

templatel(.).?.. Additionally, a T1w/T2w cortical myelin map was computed.

2) rs-fMRI

Images were registered to standard template space in a one-step spline resampling by
concatenating a set of relevant transformations, including gradient distortion correction,
distortion correction in the phase encoding direction, rigid body motion correction, two-step
registration to the native T1w space with a combination of rigid body and boundary-based
registrations, and nonlinear T1w-to-MNI registration. Following this, the processing steps involved
the removal of the bias field calculated from the structural image, brain extraction, and
normalization of whole-brain intensity. Thereafter, the volume time series in standard template
space were mapped onto native cortical surfaces using a partial volume-weighted ribbon-
constrained mapping algorithm?2, and then the signals on the surface were resampled and

registered to the fsaverage and Conte69 template.

The subsequent preprocessing steps aimed at reducing structured noise, head motion artifacts,
and physiological confounds. This included linear detrending, nuisance regression (incorporating
motion parameters, white matter, cerebrospinal fluid, and global signals), and band-pass temporal

to further address residual motion and spatial noise.
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Hippocampus segmentation and mid-thickness surface generation

learning method with a topological constraint strategy. This tool enabled the creation of mid-
thickness surfaces featuring coordinates of two geodesic axes. Specifically, for each of the three
geodesic axes—namely, inner-outer (I-O), posterior-anterior (P-A), and proximal-distal (P-D) axes—
a Laplace field was calculated by solving Laplace’s equation across the hippocampal gray matter,
spanning from source boundary tissue (representing one axis end) to the opposite sink boundary
(the other end of this axis). Take the P-A axis as an example, considering the hippocampus as
having cool and warm spots at the posterior and anterior ends, respectively. Solving the Laplace
equation is like predicting how heat would evenly spread across the hippocampus, creating a
smooth gradient from posterior to anterior, which topologically and intuitively maps the P-A
coordinates.

In this framework, the outer boundary mirrors the cortical pial surface, and the inner boundary
mirrors the white matter surface, thereby enabling the derivation of the mid-thickness surface of
the hippocampus through the application of I-O coordinates (see Supplementary Fig. 2 2 for
sagittal and coronal views of the three generated surfaces). This extracted surface also
encompassed the P-A and P-D coordinates, allowing for the reasonable positioning of vertices
along these two geodesic axes. Importantly, this mesh surface maintained a one-to-one
correspondence of vertices across the hippocampi of distinct individuals. The vertex spacing was
set at 2 mm, a choice that aligns well with the requirements for future fMRI signal sampling.
Furthermore, due to its distinctive topology, the DG was delineated as a separate surface using a
method analogous to the one employed for the remainder of the hippocampus, as elucidated
above. The amalgamation of these procedures resulted in the creation of two separate mid-
thickness surfaces corresponding to each hippocampus in native space. The two surfaces were
composed of 483 vertices, with a specific allotment of 64 vertices dedicated to the DG. Notably,
segmentations and surfaces were visually quality controlled for all participants.

To guarantee the segmentation accuracy and reliability in our study, we undertook rigorous
quality control procedures with two steps derived from the recommendation of the HippUnfold
and a further step of hippocampus volume analysis:

(1). We automatically evaluated hippocampus segmentation accuracy by computing the dice
coefficient between HippUnfold-generated hippocampal masks and those obtained through
diffeomorphic registration to a standard template. All Dice coefficient values exceeded 0.7,
confirming the high sensitivity of the HippUnfold method to detect detailed hippocampal
structures.

(2). We conducted visual quality control checks for the volumetric outputs of hippocampal
segmentations and the topology or integrity of hippocampal surfaces across all participants.
Snapshot images from individual participants’ segmentations were meticulously reviewed to
ensure that no segmentation anomalies remained and that all segmentations met our standards of
quality

Hippocampal feature mapping and gradient computation

Blood oxygen level-dependent (BOLD) time series and T1w/T2w intensities were mapped to each
of the 483 vertices on the mid-thickness surfaces. Before the mapping of BOLD signals, fMRI
images underwent a transformation into their native space. For optimal precision, we employed a
same time series mapping approach akin to the method used for the cortical surface, known as the
partial volume-weighted ribbon-constrained mapping algorithm. This approach leveraged both
the outer and inner boundary surfaces to define the fMRI voxels situated within the hippocampal
gray matter ribbon. The signal value attributed to each surface vertex represented the weighted
mean of voxels entirely or partially contained within the hippocampal gray matter ribbon. In
cases of partial voxels, their weighting was determined based on their fractional volume within
the ribbon. These feature mapping procedures were performed utilizing the Workbench
Command tool (v1.5.0). It is important to highlight that utilizing mid-thickness surfaces for feature
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sampling offers several advantages: 1) it can reduce the influence of the partial volume effects on
the hippocampal boundaries. 2) it ensures heightened sensitivity and spatial precision in
localizing BOLD signal sources within the hippocampus compared to volume-based methods. This
advantage stems from the ability of mid-thickness surface to accommodate diverse variants in
hippocampal folding?*®, leading to improved localization accuracy. 3) This technique can increase

statistical power due to the demonstrated superior alignment across distinct individuals resulting

The cortical surface was parcellated into 360 regions according to the Glasser atlas%, and we

computed the averaged time series within each region. We identified the hippocampal-cortical
functional connectome gradients by performing the following steps. First, we correlated
hippocampal and cortical time series and transformed them with Fisher’s z-transformation to
obtain approximately normally distributed correlation coefficients. Then, we obtained the group-
averaged z-transformed connectivity and inversely transformed it to correlation values. Diffusion
embedding was performed to obtain the intrinsic connectome gradients based on the connectivity

Left/right hippocampal gradients underwent Procrustes alignment. We also derived individual
gradients for each hippocampus based on the individual connectivity matrix.

Cortical projections of hippocampal gradients

The cortical projections for specific hippocampal gradients were computed by matrix production
between cortical-hippocampal FCs and gradient values,

p' = FC x G 3)
) 483
p'(r)=) FC(rk) xG;(k) (€]
k=1

where P! € g360<1 represents the cortical projection corresponding to i-th order hippocampal
gradient, Gt € R*3*1 and FC € R369*483 denotes the cortical-hippocampal FC. To clarify, the
projection value for a particular cortical region r can be represented as the weighted sum of the
gradient across all hippocampal vertices (equation (4) 3), where these weights were determined
by the cortical-hippocampal FCs. Consequently, the cortical projection indicated the extent of
similarity or alignment between the cortical-hippocampal FCs and the corresponding hippocampal

gradient.

Derivation of hippocampal geometric eigenmodes

We derived the geometric eigenmodes for each hippocampus through the following process, which
is adapted from Pang, et al. 34 constructing a Laplace-Beltrami operator (LBO) based on the
individual hippocampal mesh and subsequently solving the associated eigenvalue problem. To
provide a more unified representation, a tetrahedral mesh was utilized to account for the
complete three spatial dimensions of the hippocampus. Specifically, we first employed
FreeSurfer’s mri_mc function, which implemented a marching-cubes algorithm, to generate a 2D
surface of hippocampal boundary. This was achieved by tessellating the volumetric hippocampal
mask at a resolution of 2 mm. Subsequently, we utilized Gmsh software (https:/gmsh.info/%) to
transform the 2D boundary surface into a 3D tetrahedral mesh.

Subsequently, we formulated the Laplace-Beltrami operator (LBO) using this 3D tetrahedral mesh
as a foundation. The LBO adeptly captures the spatial relationships and curvature between
adjacent vertices in a localized manner. With the LBO established, we proceeded to solve the
eigenvalue problem associated with it,

Ap = —A¢ ©)
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0

where A is the LBO and @ = {®4, ®,, ...} is the set of orthogonal geometric eigenmodes with a
corresponding set of eigenvalues A = [A;, Ay, ...]. These eigenvalues were sequentially organized
based on the spatial frequency inherent to the spatial patterns of each respective mode, such that
@, represents the mode characterized by the lowest frequency. Note that the first eigenmode is a
constant function as A4 is approximately equal to zero, and we discarded this mode for subsequent

= (&, le1> denotes the component of the Riemannian metric tensor and x; denotes the local

coordinates on the surface. This tensor underpins the local geometric properties and distance
measurements intrinsic to the manifold. We utilized the LaPy Python library (v0.6.0).%/1% to
extract the hippocampus’s geometric eigenmodes. Finally, we interpolated the eigenmodes from
the tetrahedral mesh onto the mid-thickness surface, facilitating the comparison with
hippocampal functional gradients.

Transcriptomic association analysis of the hippocampal gradients

1) Preparation of the human gene expression data

We collected post-mortem gene expression data from the Allen Human Brain Atlas. In summary, a
total of 3702 tissue samples were gathered, including samples extracted from both hemispheres of
two human brain donors and the left hemisphere of four additional donors. Microarray analysis
and preprocessing were performed on each sample, leading to the quantification of gene
expression across 58,692 probes. In line with preceding studies employing this dataset, the
emphasis lies in discerning common patterns of human gene expression. Through the
combination of samples from six donors, donor-specific characteristics including age and sex were
regressed using linear models. Subsequently, standardized residuals were derived to remove
individual variance from each probe. For the identification of hippocampal samples, we
specifically chose those labeled as CA1 field, CA2 field, CA3 field, CA4 field, Subiculum, and Dentate
Gyrus, encompassing both hemispheres. This selection constituted a total of 188 samples.
Following this, the native hippocampal mid-thickness surfaces for all individuals underwent
transformation into MNI space and were subsequently averaged to generate the population’s
template mid-thickness surfaces. Upon contrasting the positions of the selected samples with the
template surfaces, 15 samples were found to have MNI coordinates with a minimum distance from
the hippocampal mid-thickness surface exceeding 6 mm and were excluded, leaving a total of 173
hippocampal samples. We obtained the nearest vertex on the template mid-thickness surfaces for
each of the 173 hippocampal samples. The group-averaged gradient value was then associated
with each sample.

2) Model fitting to predict hippocampal gradients

We employed a LASSO-PCR approach here using the scikit-learn package (version 0.21.3) in Python
(version 3.8.16). This method effectively decreased the data dimensions and maintained gene co-
expression networks while permitting sparse feature selection. We performed principal
component analysis on the normalized gene expression data X, which was a matrix of dimensions
173(sample) x 58692(probe). The outcome of this process was the transformed data T, which then
took the form of a 173(sample)x173(component score) matrix.

XTX=PAPT )

T =XPy ®
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Then, we fit the Lasso linear regression model to predict the hippocampal gradient values based
on the transformed data T. Then, we used the equation

Gi=Ta+e=XPr+e=XB+c¢ )

~

B=P.a (10)

where G; is the i-th order hippocampal gradient, a = [a4, a,, L a; is the regression coefficient of
component score i, 8 = [B4, By, 1T, and Biis the impact of probe i. The estimated impact of

that the penalty parameter was selected via nested 5-fold cross-validation t01dent1fythe "(").IIJtimal
value. We employed ten repeated 10-fold CV to estimate the model generalizability.

3) Model feature deconstruction to identify important genes

Regarding the unreliability of interpreting global feature weights derived from a Lasso model, due
to the potential for significant reshuffling of feature importance resulting from feature inclusion
or exclusion!??, we systematically eliminated the top 50 probes (positive-associated) and the
bottom 50 probes (negative-associated) with the highest weights. Following this, we retrained the
model and evaluated the CV accuracy of the updated model. This process was iterated until all
58,692 probes were removed. As a control, we repeated this same process iteratively removing 100
random probes instead of the 100 most important probes. To ensure methodological parity, we
conducted this control procedure in parallel with the primary process. We visually examined the
change in CV accuracy throughout successive rounds of probe removal. Inflection points were
pinpointed at rounds where the CV accuracy experienced a decline and did not subsequently
rebound. Notably for A prediction, removing the initial set of 200 probes resulted in a distinct and
unrecoverable decline in CV accuracy, underscoring the significance of this gene set for the
model’s performance. Conversely, the stepwise removal of sets of 100 random probes resulted in a
gradual and intermittent decline in accuracy, culminating at its lowest point solely upon the
exclusion of a substantial majority of probes. Furthermore, because the feature deconstruction
process for predicting qLG and cIG failed to robustly identify significant genes, we employed
univariate correlation analysis between each probe and these two gradient components. This
approach identified 600 probes associated with gLG and 70 probes associated with cIG.

4) Enrichment analysis

Gene annotation, biological pathway, and gene ontology enrichment analysis were conducted
using the Metascape webtool> (www.metascape.org@). The input species were specified as Homo
sapiens, and the standard parameters were employed. This analytical process centered around the
gene sets significantly linked to the triple gradients. Gene sets that exhibited a statistically
significant overrepresentation among the members of the input gene list were identified. These
highlighted gene sets were considered potential sources of neurobiological insights into
hippocampal functional gradients. Additionally, to determine whether the identified gene set
demonstrated enrichment within the hippocampus during the specified developmental phase, we
conducted a developmental expression analysis. The genes pinpointed through the preceding
analysis were cross-referenced with developmental expression profiles sourced from the
BrainSpan Atlas of the Developing Human Brain (http:/www.brainspan.org/@ ), which contains
transcriptomic data from 29 developing brain samples spanning from 8 post-conceptual weeks
(PCW) to 40 years of age. The SEA (Specific Expression Analysis) tool, developed by the Dougherty
Lab>?, was employed to perform comparative quantitative analysis, identifying candidate genes
that were enriched in specific developmental stages or brain regions across multiple profiles from
the given gene list. The significance of the overlap between the identified gene list and lists of
transcripts enriched in a particular developmental stage or brain region was then quantified using
Fisher’s exact test with Benjamini-Hochberg correction.
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Statistical testing of spatial alignment

When testing the statistical significance of the spatial alignment between different hippocampal or
cortical maps, it is inappropriate to employ a standard correlation significance test due to the
potential bias introduced by spatial auto-correlation within MRI data-..--... In this context, we
employed the variogram matching approach introduced in Burt et al....~. This methodology
generates new surrogate hippocampal or cortical maps with spatial autocorrelation resembling
that of the input data. The algorithm conceptually involves two main steps: first, the values within
a target hippocampal or cortical map are randomly permuted, and then the permuted map
undergoes smoothing and rescaling to recover the original spatial autocorrelation structure.
Specifically, the smoothing procedures were executed using a distance-dependent kernel,
enhancing the similarity of brain features in closely situated regions. Following the application of
smoothing to the permuted map, the brain map underwent rescaling to align with the variogram
of the target brain map. The variogram, serving as a concise assessment of autocorrelation within
spatial data, was used to quantify pairwise feature variation relative to distance. To implement
this method, we computed the geodesic distances between all vertex pairs on the hippocampal
mid-thickness surface, or between pairs of regions on the cortical mid-thickness surface. Then we
utilized the BrainSpace tool-.- to generate surrogate brain maps. In all instances of statistical
testing for spatial alignment within our study, we produced 1000 surrogate brain maps and then
refitted the model to generate the null distribution.

Analysis of developmental effects

All developmental effects on HCP-D dataset were studied using GAMs with penalized regression
splines to capture nonlinear trends in the data while mitigating the risk of complex over-fitting
estimates. This model was implemented using the mgcv package (v1.8-42) in R (version 4.2.3). The
GAM is a generalized linear model (GLM) in which the linear predictor is a combination of smooth
functions of covariates and conventional linear terms. Our specific model configuration
incorporated a smooth term for age as a fixed effect. Linear covariates included sex, scanning site,
and in-scanner head motion (mean framewise displacement, mFD). Furthermore, the model
incorporated the hemisphere as a random effect. To maintain a balanced trade-off between
flexibility and computational efficiency, four basis-functions were selected as the upper
permissible limit for flexibility within the age smooth term across all models. The optimization
process for smoothing parameters was executed through the utilization of restricted maximum
likelihood. To quantify the age effect, we computed the change in adjusted R%(A Adjusted R?, or
AAdj. R?) between the full GAM model and the reduced model excluding the age term. Finally, the
confidence band displayed in all figures of developmental trajectories is associated with a 95%
confidence level. Noted that developmental effects in the CBD and NKI-RS datasets were analyzed
using generalized additive mixed models (GAMMs), which incorporated both individual
participants and hemisphere as random effects.

Data availability

Segmentations and mid-thickness surfaces of the hippocampus, the sampled BOLD time series on
the generated mid-thickness surfaces, and cortical parcels for the HCP-D, CBD, and NKI-RS datasets
are available upon request. The HCP-D data, after meeting eligibility requirements, are accessible
at https://humanconnectome.org/study/hcp-lifespan-development 7. The NKI-RS data are accessible
at https://fcon_1000.projects.nitrc.org/indi/pro/nki.html 2. All codes are available at
https.//github.com/debinz/hippocampus_cortex_gradient_youth @ .
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Supplementary Table 1.A Adjusted R? and FDR-corrected p value for three bins along the group-

averaged T1w/T2w axis

Tiw/T2w G1 (ILG) G2 (qLG) G3 (IAG)

B A Adj. R2 pvalue , Adj. R2 pvalue , Adj. R2 pvalue , Adj. R2 pvalue
1 0.1596 <1E-16 0.0076 0.0008 -0.0066 0.0029 3.09E-6 0.8818
2 0.1979 <1E-16 -1.6E-04 0.2739 -1.04E-7 0.4773 3.01E-6 0.8818
3 0.2377 <1E-16 -0.0158 8.43E-6 0.0207 <1E-16 2.10E-5 0.8818

Supplementary Table 2.A Adjusted R? and FDR-corrected p value for six bins along the group-

averaged T1w/T2w axis

Tiw/T2w G1 (ILG) G2 (qLG) G3 (IAG)

B A Adj. R2 pvalue , Adj. R2 pvalue , Adj. R2 pvalue , Adj. R2 pvalue
1 0.1507 <1E-16 0.0084 0.0010 -0.0028 0.0617 -0.0009 0.4072
2 0.1628 <1E-16 0.0009 0.1365 -0.0019 0.0935  -6.39E-8  0.9801
3 0.1858 <1E-16 1.45E-6 0.9168 -0.0003 0.2811 2.25E-6 0.9909
4 0.2172 <1E-16 -0.0034 0.0414 -1.64E-6 0.7249 3.26E-6 0.9909
5 0.2335 <1E-16 -0.0133 0.0001 0.0135 4.75E-5  -1.87E-6 0.9909
6 0.2366 <1E-16  -0.0097  0.0002 0.0158  2.05E-5 0.0017 0.4072

Supplementary Table 3. A Adjusted R? and FDR-corrected p value for twelve bins along the group-

averaged T1w/T2w axis

Tiw/T2w G1 (LG) G2 (qLG) G3 (IAG)

Bin A Adj. R P value A Adj. R P value A Adj. R P value Adj. R P value
1 0.1282 <1E-16 0.0247 <1E-16  -0.0029 0.0702 -0.0009 0.6610
2 0.1540 <1E-16 0.0003 0.2891 -0.0003 0.3988 -0.0005 0.6819
3 0.1565 <1E-16 0.0005 0.2622 -0.0020 0.0949 5.11E-5 0.7720
4 0.1706 <1E-16  1.28E-7 0.4351  -2.15E-6  0.9862 1.53E-6 0.9583
5 0.1772 <1E-16  3.79E-5 0.3861  -1.60E-5  0.4233 2.19E-6 0.9583
6 0.1991 <1E-16  -0.0010 0.2244  -4.39E-5  0.4233 8.87E-7 0.7865
7 0.2134 <1E-16  -3.51E-6  0.3899 1.20E-6 0.8249  -2.67E-6  0.7784
8 0.2215 <1E-16  -0.0075 0.0040 6.39E-6 0.4325 0.0004 0.6819
9 0.2322 <1E-16  -0.0096 0.0007 0.0023 0.0949 9.68E-7 0.8043
10 0.2316 <1E-16  -0.0109 0.0004 0.0218 <1E-16  -7.33E-7  0.7865
11 0.2391 <1E-16  -0.0149  1.50E-5 0.0177 8.92E-6 0.0027 0.4340
12 0.2229 <1E-16  -0.0011 0.1928 0.0056 0.0162  -1.18E-7  0.7865
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Supplementary Table 4. A Adjusted R? and FDR-corrected p value for fifteen bins along the group-

averaged T1w/T2w axis

) Tiw/T2w G1 (ILG) G2 (qLG) G3 (IAG)

Bin A Adj. R2 pvalue , Adj. R2 pvalue , Adj. R2 Dpvalue , Adj. R2 pvalue
1 0.1199 <1E-16 0.0232 <1E-16  -0.0029 0.0682 -0.0004 0.4881
2 0.1524 <1E-16 0.0024 0.0510 -0.0030 0.0682 -0.0002 0.4881
3 0.1568 <1E-16 0.0007 0.2421 9.98E-7 0.6996 3.00E-6 0.7896
4 0.1564 <1E-16  -1.36E-6  0.7956 -0.0015 0.1452 0.0003 0.4881
5 0.1723 <1E-16  7.75E-6 0.4625 2.56E-6 0.9859 1.39E-6 0.7896
6 0.1795 <1E-16  4.73E-7 0.5380  -1.31E-7  0.5927  -2.80E-7  0.6933
7 0.1908 <1E-16 -2.90E-10 0.7956  -1.02E-5  0.5927 -0.0015 0.4661
8 0.2041 <1E-16  -0.0009 0.2421  -2.93E-6  0.5927 -1.91E-6  0.7896
9 0.2126 <1E-16  -5.16E-6 04866  -551E-7  0.9859 -0.0004 0.4881
10 0.2192 <1E-16  -0.0069 0.0059 4.96E-7 0.5927 0.0014 0.4661
11 0.2320 <1E-16  -0.0078 0.0020 0.0005 0.3771  -1.82E-6  0.6373
12 0.2329 <1E-16  -0.0094 0.0003 0.0165 1.62E-5  2.40E-6 0.6373
13 0.2279 <1E-16  -0.0100 0.0002 0.0216 <1E-16 0.0011 0.4661
14 0.2420 <1E-16  -0.0137  9.25E-5 0.0139 6.38E-5 0.0014 0.4661
15 0.2177 <1E-16  -0.0007 0.2421 0.0064 0.0085  -7.19E-7  0.7513
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Extended Data Fig. 1. a, the explained variance plot of the top 20 hippocampal functional gradients for left and

right hemisphere, respectively. b, Topography of the 4rd and 5th hippocampal functional gradient.

Extended Data Table 1. A Adjusted R? and FDR-corrected p value for nine bins along the group-

averaged T1w/T2w axis

Tiw/T2w

G1 (ILG)

G2 (qLG)

G3 (cIG)

Bin

A Adj. R2 pvalue , Adj. R2 pvalue , Adj. R2 Dpvalue

A Adj. R2 pvalue

1 0.1409 <1E-16 0.0131 0.0001 -0.0046 0.0169 -0.0008 0.6378
2 0.1549 <1E-16 0.0015 0.1059 -0.0026 0.0650  2.88E-06  0.8819
3 0.1662 <1E-16 0.0002 0.3013 3.0E-7 0.8673  -5.38E-07  0.8819
4 0.1800 <1E-16 -8.1E-7 0.5489 7.8E-8 0.5518  1.35E-06  0.8819
5 0.2092 <1E-16 -0.0017 0.1059 -7.2E-6 0.5493  2.33E-06  0.8819
6 0.2197 <1E-16 -0.0070 0.0077 -1.1E-6 0.7359 0.0001 0.8508
7 0.2313 <1E-16 -0.0102 0.0005 0.0076 0.0030 -1.93E-06  0.9729
8 0.2390 <1E-16 -0.0174 1.6E-5 0.0228 <1E-16 0.0009 0.6378
9 0.2298 <1E-16 -0.0037 0.0154 0.0106 0.0005  -2.39E-07  0.8819
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Extended Data Fig. 2. The relationship between the triple hippocampal gradients and the alternative
anatomical axis.
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Extended Data Fig. 3. Topographic pattern (a) and the density estimation (b) of first three gradients
presented within four age-specific groups defined by equal intervals (5-9, 10-13, 14-17, and 18-21 years, with
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Extended Data Fig. 4. Development of the range, skewness, and kurtosis of the hippocampal triple

gradients.
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Extended Data Fig. 5. Group-averaged cortical projection of the hippocampal gradients in youth.

a, Group-averaged cortical projection of the triple hippocampal gradients for right hippocampus. b & d, Relationship between
triple hippocampal gradients and the cortical-hippocampal FCs for cortical regions with the top and bottom 5% projection
values for left and right hippocampus, respectively. c & e, Correlation between projection patterns and cortical functional
topographies for left and right hippocampus, respectively. RMG denotes representation-mediation gradient, FH denotes
functional hierarchy, and IEG denotes internal-external gradient. f, Region-specific trajectories of hippocampal projections,
with each line representing a cortical region defined by the Glasser atlas. The color of these trajectories was assigned based
on the absolute age effect.
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Extended Data Fig. 6. Spatial and temporal correspondence between the refinement of myelin content and
the maturation of hippocampal functional gradients is replicated with various bins (3, 6, 12 and 15) used
for partitioning the hippocampal mid-thickness surface.

Zeng et al., 2026 eLife 15:RP111745. https://doi.org/10.7554/eLife.111745.1 29 of 42


https://doi.org/10.7554/eLife.111745.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience

. X 0.1
-0. 17—& 0.08

0.05]

-0.05

-0.15]
017l 0.08 02 01 0 o1

HCP-D
r=0.999

0.02
I p<0.001
CBD 0
-0.02

CBDII

Geometric mode 1 002 _0_ 002
-0.030 e 0.020

HCP D

r=0.999
p<0.001

NKI II

0.04} p<0
of .
cBD

i -0.04

008l
qLG -0.05 0.05
0.0 s HCP-D

r=0.671, p=0.001
0.04 e iyl _“ E
NKI O * &
‘ -0.04} g
-0.08)2F
qLG -0.05 005
-0.08 st 0.06 HCP-D
F 1=0.999
0.02} p<0.001
I CBD 0,
‘ 0.02)
Geometric mode 2 -002 0 002 Geometric mode 3 -O-UﬁCFQ b 0.02
-0.032 s 0.027 HCP-D -0.028 mm mm 0.030 g
1=0.997
0.02} p<0.001
NKI 0]
0.02 002

-0.02 0 002

Age (years)

Geometric mode 1 002 0 002  Geometric mode 2 002 0 002  Geometric mode 3 HeP-D
-0.029 mmm=——mm 0.020 HCP-D -0.030 mm—mm 0.026 CP-D -0.028 mmm s 0.029
c Explained variance d Standard deviation
AAdj. R? = 0.003 AAdj. R*=0.001 AAdj. R? = 0.022 AAdj. R? = 0.007 AAdj. R? = 0.003 AAdj. R?=0.001
p=021 p=047 p = 0.0007 0.10] p=0.07 p=097
oal - 0.18 0.12] \u 14+ It \ )
“l.'.\ { i a Al Sy
Q SRRk G 0.15], _géag#“‘ Qo.10 Qo008 “m LJ,
02 S B o2 W&gw 0.08 i ™y 5
VR R \ -
8 12 16 20 8 12 16 20 8 12 16 20 8 12 16 20 8 12 16 20 8 12 16 20
Age (years) Age (years) Age (years) Age (years) Age (years) Age (years)
e r(Gradient-Projection, FH)
AAdj. R2=0.004 AAdj R2=0.014 AAdj. R*=0.016
0.8{P=006 0.8{P=0.006
©04
o
y 0.0
8 12 16 20 8 12 16 20 8 12 16 20

Age (years) Age (years)

Extended Data Fig. 7. Replication results of the hippocampal triple gradient organization.

a, Topography of the first three hippocampal gradients on CBD and NKI datasets respectively, and their associations with the
HCP-D dataset. b, First three geometric eigenmodes obtained from CBD and NKI datasets respectively, and their associations
with HCP-D dataset. c & d, Development of explained variance and standard deviation of the triple gradients in NKI dataset,
respectively. e, Development of the association between the hippocampal gradient projections and the cortical functional

hierarchy (FH) in NKI dataset.
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Supplementary Fig. 1. Demographic information of the CBD and NKI-RS samples: age information for each
scan of all participants.
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Coronal view Sagital view

Supplementary Fig. 2. Sagittal and coronal view of the inner, outer, and mid-thickness surface (I-O axis).
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Supplementary Fig. 3. The associations between hippocampal projection maps and cortical functional

gradients.
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Supplementary Fig. 4. Replication results for the development of explained variance and standard
deviation of hippocampal triple gradients on CBD dataset, respectively.

a Explained variance b Standard deviation
AAdj. R? = 0.004 AAdj. R? = -4.3x10°5 AAdj. R? = 0.001 A%_\tg.ss’ =-0.0006 Af_\dj, R?=0.01 AAd). R?=0.02
0.35(P=0.16 p=042 p=068 0.10P =93 0.08|P =002 0.06]P = 00003
\ 0.175! 0.12 ) I . {

2 s Y 0.06 EA X
©0.25 ©0.150( -/ © 0.10 9 ©o004] gk
= i ©0.125( © Coos 7004 M °© “ :

0.15| 7 7R 07460 R o6 . o) I 0.02| TS
6 8 10 12 14 6 8 10 12 14 6 8 10 12 14 6 8 10 12 14 6 8 10 12 14 6 8 10 12 14
Age (years) Age (years) Age (years) Age (years) Age (years) Age (years)

Zeng et al., 2026 eLife 15:RP111745. https://doi.org/10.7554/eLife.111745.1 33 0f42


https://doi.org/10.7554/eLife.111745.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience

9 eLife

Neuroscience

Acknowledgements

The work is supported by the STI 2030 - the major projects of the Brain Science and Brain-Inspired
Intelligence Technology (2021ZD0200500). Shuyu Li is supported by NSFC (32271146) and the
Startup Funds for Top-notch Talents at Beijing Normal University. Yong He is supported by NSFC
(82021004). Qiongling Li is supported by NSFC (82202245). Qi Dong is supported by NSFC
(31521063). Sha Tao, Yanpei Wang, Daoyang Wang, Mingming Hu, and Zhiying Pan are supported
by NSFC (31521063) & Beijing Municipal Science & Technology Commission (Z15110000391512). Xi-
Nian Zuo receives the Start-up Funds for Leading Talents at Beijing Normal University. Debin Zeng
is supported by the China Postdoctoral Science Foundation (2025M772874).

Additional information

Author contributions

Shuyu L., X.N. Z,, Yong H., and D. L. conceptualized the work. Shuyu L. and X.N. Z. supervised the
study. D. Z. contributed to hippocampal segmentation and mid-thickness surface generation.
Yirong H. and X. D. conducted the quality control of segmentations and surfaces of the
hippocampus for HCP-D data. Shaoxian L. and S. B. conducted this quality control for CBD data. Z.
Y. and Y. Z. conducted this quality control for NKI-RS data. D. Z. and Q. L. performed MR image
preprocessing for CBD data. D. Z. and Q. L. conducted structural and functional feature mapping
and data analysis. D. Z., X.N. Z., Shuyu L., and Q. L. conducted data interpretation. D. Z. and Q. L.
performed data visualization. L. S., and D. Z. performed quality control of MR images for HCP-D
data. T. X, L. S., and D. Z. conducted this quality control for NKI-RS data. W. M., Y. W,, Shuping. T, J.
G, S.Q., Sha T, Q. D. and Yong H. contributed to MR images acquisition of CBD data. Sha T., D. W,, Y.
W.,, M. H,, and Z. P. ran the cohort and conducted all arrangements of CBD data. Y. X. and L. S.
organized these data. X. L., T. Z,, X. C. and T. L. performed the quality control of MR images for CBD
data. D. Z., X.N. Z., Yong H., Shuyu L., Q. L. and Yirong H. wrote the paper.

Funding

Funder Grant reference number Author

Ministry of Science and Technology of the

. . 2021ZD0200500 Qi Dong
People's Republic of China (MOST)
MOST | National Natural Science Foundation
. 32271146 Shuyu Li
of China (NSFC)
. . the Startup Funds for Top-notch )
Beijing Normal University (BNU) Shuyu Li
Talents
MOST | National Natural Science Foundation
. 82021004 Yong He
of China (NSFC)
Qiongling Li
Yanpei Wang
Qi Dong
MOST | National Natural Science Foundation . K
31521063 Mingming Hu
of China (NSFC)
Daoyang Wang
Sha Tao
Zhiying Pan
Sha Tao
Beijing Municipal Science and Technology . .
Mingming Hu
Commission, Adminitrative Commission of .
. o __ Z15110000391512 Zhiying Pan
Zhongguancun Science Park (L RHRIZHAE .
= Yanpei Wang
RER)
Daoyang Wang
Beijing Normal University (BNU) Start-up Funds for Leading Talents Xi-Nian Zuo

Zeng et al., 2026 eLife 15:RP111745. https://doi.org/10.7554/eLife.111745.1 34 of 42


https://doi.org/10.7554/eLife.111745.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience

s eLife

10

11

12

Neuroscience

China Postdoctoral Science Foundation (FE/1{#

2025M772874 Debin Zen,
TERSES AR &

Author ORCID iDs

Qiongling Li: © https://orcid.org/0000-0001-6989-2981
Jia-Hong Gao: @ https://orcid.org/0000-0002-9311-0297
Shaozheng Qin: ® https://orcid.org/0000-0002-1859-2150
Yong He: © https://orcid.org/0000-0002-7039-2850
Xi-Nian Zuo: © https://orcid.org/0000-0001-9110-585X
Shuyu Li: ® https://orcid.org/0000-0002-3459-6821

Additional files

Supplementary Data 1. @
Supplementary Data 2. @
Supplementary Data 3. &

References

Pandya D, Seltzer B, Petrides M, Cipolloni PB (2015) Cerebral Cortex: Architecture, Connections, and the
Dual Origin Concept Oxford University Press.

Clark RE, Squire LR (2013) Similarity in form and function of the hippocampus in rodents, monkeys,
and humans. Proceedings of the National Academy of Sciences 110:10365-10370
https://doi.org/10.1073/pnas.1301225110 | PubMed

Bellmund JLS, Gardenfors P, Moser EI, Doeller CF (2018) Navigating cognition: Spatial codes for
human thinking. Science 362:eaat6766 https://doi.org/10.1126/science.aat6766 | PubMed

Strange BA, Witter MP, Lein ES, Moser EI (2014) Functional organization of the hippocampal
longitudinal axis. Nature Reviews Neuroscience 15:655-669 https://doi.org/10.1038/nrn3785 |
PubMed

Burgess N, Maguire EA, O'Keefe | (2002) The Human Hippocampus and Spatial and Episodic Memory.
Neuron 35:625-641 https://doi.org/10.1016/S0896-6273(02)00830-9 | PubMed

Sawangjit A, et al. (2018) The hippocampus is crucial for forming non-hippocampal long-term
memory during sleep. Nature 564:109-113 https://doi.org/10.1038/s41586-018-0716-8 | PubMed

Zheng J, et al. (2017) Amygdala-hippocampal dynamics during salient information processing.
Nature communications 8:1-11 https://doi.org/10.1038/ncomms14413 | PubMed

Moscovitch M, Cabeza R, Winocur G, Nadel L (2016) Episodic Memory and Beyond: The Hippocampus
and Neocortex in Transformation. Annual Review of Psychology 67:105-134
https://doi.org/10.1146/annurev-psych-113011-143733 | PubMed

Laurita AC, Nathan Spreng R (2017) The Hippocampus from Cells to Systems Springer International
Publishing. pp. 537-558

Bangasser DA, Shors TJ (2007) The hippocampus is necessary for enhancements and impairments of
learning following stress. Nature neuroscience 10:1401-1403 https://doi.org/10.1038/nn1973 |
PubMed

Thakral PP, Madore KP, Kalinowski SE, Schacter DL (2020) Modulation of hippocampal brain networks
produces changes in episodic simulation and divergent thinking. Proceedings of the National
Academy of Sciences 117:12729-12740 https://doi.org/10.1073/pnas.2003535117 | PubMed

Murty VP, Calabro F, Luna B (2016) The role of experience in adolescent cognitive development:
Integration of executive, memory, and mesolimbic systems. Neuroscience & Biobehavioral Reviews
70:46-58 https://doi.org/10.1016/j.neubiorev.2016.07.034 | PubMed

Zeng et al., 2026 eLife 15:RP111745. https://doi.org/10.7554/eLife.111745.1 350f 42


https://doi.org/10.7554/eLife.111745.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://orcid.org/0000-0001-6989-2981
https://orcid.org/0000-0001-6989-2981
https://orcid.org/0000-0001-6989-2981
https://orcid.org/0000-0002-9311-0297
https://orcid.org/0000-0002-9311-0297
https://orcid.org/0000-0002-9311-0297
https://orcid.org/0000-0002-1859-2150
https://orcid.org/0000-0002-1859-2150
https://orcid.org/0000-0002-1859-2150
https://orcid.org/0000-0002-7039-2850
https://orcid.org/0000-0002-7039-2850
https://orcid.org/0000-0002-7039-2850
https://orcid.org/0000-0001-9110-585X
https://orcid.org/0000-0001-9110-585X
https://orcid.org/0000-0001-9110-585X
https://orcid.org/0000-0002-3459-6821
https://orcid.org/0000-0002-3459-6821
https://orcid.org/0000-0002-3459-6821
https://prod--epp.elifesciences.org/api/files/111745/v1/content/Supplementary_Data1.xlsx
https://prod--epp.elifesciences.org/api/files/111745/v1/content/Supplementary_Data2.xlsx
https://prod--epp.elifesciences.org/api/files/111745/v1/content/Supplementary_Data3.xlsx
https://doi.org/10.1073/pnas.1301225110
https://pubmed.ncbi.nlm.nih.gov/23754372
https://pubmed.ncbi.nlm.nih.gov/23754372
https://doi.org/10.1126/science.aat6766
https://pubmed.ncbi.nlm.nih.gov/30409861
https://pubmed.ncbi.nlm.nih.gov/30409861
https://doi.org/10.1038/nrn3785
https://pubmed.ncbi.nlm.nih.gov/25234264
https://pubmed.ncbi.nlm.nih.gov/25234264
https://doi.org/10.1016/S0896-6273(02)00830-9
https://pubmed.ncbi.nlm.nih.gov/12194864
https://pubmed.ncbi.nlm.nih.gov/12194864
https://doi.org/10.1038/s41586-018-0716-8
https://pubmed.ncbi.nlm.nih.gov/30429612
https://pubmed.ncbi.nlm.nih.gov/30429612
https://doi.org/10.1038/ncomms14413
https://pubmed.ncbi.nlm.nih.gov/28176756
https://pubmed.ncbi.nlm.nih.gov/28176756
https://doi.org/10.1146/annurev-psych-113011-143733
https://pubmed.ncbi.nlm.nih.gov/26726963
https://pubmed.ncbi.nlm.nih.gov/26726963
https://doi.org/10.1038/nn1973
https://pubmed.ncbi.nlm.nih.gov/17906620
https://pubmed.ncbi.nlm.nih.gov/17906620
https://doi.org/10.1073/pnas.2003535117
https://pubmed.ncbi.nlm.nih.gov/32457143
https://pubmed.ncbi.nlm.nih.gov/32457143
https://doi.org/10.1016/j.neubiorev.2016.07.034
https://pubmed.ncbi.nlm.nih.gov/27477444
https://pubmed.ncbi.nlm.nih.gov/27477444
https://elifesciences.org/subjects/neuroscience

s eLife

13

14

15
16
17
18
19
20

21

22

23

24

25

26
27
28

29

Neuroscience

Shohamy D, Turk-Browne N (2013) Mechanisms for widespread hippocampal involvement in
cognition. Journal of Experimental Psychology: General 142:1159-1170
https://doi.org/10.1037/a0034461 | PubMed

Lee JK, Johnson EG, Ghetti S (2017) Hippocampal Development: Structure, Function and Implications.
In: Hannula Deborah E, Duff Melissa C (Eds). The Hippocampus from Cells to Systems: Structure,
Connectivity, and Functional Contributions to Memory and Flexible Cognition Springer International
Publishing. pp. 141-166 https://doi.org/10.1007/978-3-319-50406-3_6

DeMaster D, Pathman T, Lee JK, Ghetti S (2014) Structural development of the hippocampus and
episodic memory: developmental differences along the anterior/posterior axis. Cerebral cortex
24:3036-3045 https://doi.org/10.1093/cercor/bht160 | PubMed

Canada KL, Hancock GR, Riggins T (2021) Modeling longitudinal changes in hippocampal subfields
and relations with memory from early-to mid-childhood. Developmental Cognitive Neuroscience
48:100947 https://doi.org/10.1016/j.dcn.2021.100947 | PubMed

Giiler OE, Thomas KM (2013) Developmental differences in the neural correlates of relational
encoding and recall in children: an event-related fMRI study. Developmental cognitive neuroscience
3:106-116 https://doi.org/10.1016/j.dcn.2012.07.001 | PubMed

Ghetti S, DeMaster DM, Yonelinas AP, Bunge SA (2010) Developmental Differences in Medial Temporal
Lobe Function during Memory Encoding. The Journal of Neuroscience 30:9548-9556
https://doi.org/10.1523/jneurosci.3500-09.2010 | PubMed

Tamnes CK, Bos MG, van de Kamp FC, Peters S, Crone EA (2018) Longitudinal development of
hippocampal subregions from childhood to adulthood. Dev Cogn Neurosci 30:212-222
https://doi.org/10.1016/j.dcn.2018.03.009 | PubMed

Keresztes A, et al. (2017) Hippocampal maturity promotes memory distinctiveness in childhood and
adolescence. Proceedings of the National Academy of Sciences 114:9212-9217
https://doi.org/10.1073/pnas.1710654114 | PubMed

Genon S, Reid A, Langner R, Amunts K, Eickhoff SB (2018) How to Characterize the Function of a Brain
Region. Trends in Cognitive Sciences 22:350-364 https://doi.org/10.1016/].tics.2018.01.010 | PubMed

Moscovitch M, Cabeza R, Winocur G, Nadel L (2016) Episodic memory and beyond: the hippocampus
and neocortex in transformation. Annual review of psychology 67:105-134
https://doi.org/10.1146/annurev-psych-113011-143733 | PubMed

Ranganath C, Ritchey M (2012) Two cortical systems for memory-guided behaviour. Nature reviews
neuroscience 13:713-726 https://doi.org/10.1038/nrn3338 | PubMed

Barnett AJ, et al. (2024) Hippocampal-cortical interactions during event boundaries support
retention of complex narrative events. Neuron 112:319-330.e317
https://doi.org/10.1016/j.neuron.2023.10.010 | PubMed

Eichenbaum H (2000) A cortical-hippocampal system for declarative memory. Nature Reviews
Neuroscience 1:41-50 https://doi.org/10.1038/35036213 | PubMed

Vos de Wael R, et al. (2018) Anatomical and microstructural determinants of hippocampal subfield
functional connectome embedding. Proc Natl Acad Sci 115:10154-10159
https://doi.org/10.1073/pnas.1803667115 | PubMed

Genon S, Bernhardt BC, La Joie R, Amunts K, Eickhoff SB (2021) The many dimensions of human
hippocampal organization and (dys)function. Trends in Neurosciences 44:977-989
https://doi.org/10.1016/].tins.2021.10.003 | PubMed

Geng F, Botdorf M, Riggins T (2021) How behavior shapes the brain and the brain shapes behavior:
insights from memory development. Journal of Neuroscience 41:981-990
https://doi.org/10.1523/jneurosci.2611-19.2020 | PubMed

Tang L, et al. (2020) Differential Functional Connectivity in Anterior and Posterior Hippocampus
Supporting the Development of Memory Formation. Frontiers in Human Neuroscience 14
https://doi.org/10.3389/fnhum.2020.00204 | PubMed

Zeng et al., 2026 eLife 15:RP111745. https://doi.org/10.7554/eLife.111745.1 36 of 42


https://doi.org/10.7554/eLife.111745.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.1037/a0034461
https://pubmed.ncbi.nlm.nih.gov/24246058
https://pubmed.ncbi.nlm.nih.gov/24246058
https://doi.org/10.1007/978-3-319-50406-3_6
https://doi.org/10.1093/cercor/bht160
https://pubmed.ncbi.nlm.nih.gov/23800722
https://pubmed.ncbi.nlm.nih.gov/23800722
https://doi.org/10.1016/j.dcn.2021.100947
https://pubmed.ncbi.nlm.nih.gov/33774332
https://pubmed.ncbi.nlm.nih.gov/33774332
https://doi.org/10.1016/j.dcn.2012.07.001
https://pubmed.ncbi.nlm.nih.gov/22884992
https://pubmed.ncbi.nlm.nih.gov/22884992
https://doi.org/10.1523/jneurosci.3500-09.2010
https://pubmed.ncbi.nlm.nih.gov/20631183
https://pubmed.ncbi.nlm.nih.gov/20631183
https://doi.org/10.1016/j.dcn.2018.03.009
https://pubmed.ncbi.nlm.nih.gov/29597156
https://pubmed.ncbi.nlm.nih.gov/29597156
https://doi.org/10.1073/pnas.1710654114
https://pubmed.ncbi.nlm.nih.gov/28784801
https://pubmed.ncbi.nlm.nih.gov/28784801
https://doi.org/10.1016/j.tics.2018.01.010
https://pubmed.ncbi.nlm.nih.gov/29501326
https://pubmed.ncbi.nlm.nih.gov/29501326
https://doi.org/10.1146/annurev-psych-113011-143733
https://pubmed.ncbi.nlm.nih.gov/26726963
https://pubmed.ncbi.nlm.nih.gov/26726963
https://doi.org/10.1038/nrn3338
https://pubmed.ncbi.nlm.nih.gov/22992647
https://pubmed.ncbi.nlm.nih.gov/22992647
https://doi.org/10.1016/j.neuron.2023.10.010
https://pubmed.ncbi.nlm.nih.gov/37944517
https://pubmed.ncbi.nlm.nih.gov/37944517
https://doi.org/10.1038/35036213
https://pubmed.ncbi.nlm.nih.gov/11252767
https://pubmed.ncbi.nlm.nih.gov/11252767
https://doi.org/10.1073/pnas.1803667115
https://pubmed.ncbi.nlm.nih.gov/30249658
https://pubmed.ncbi.nlm.nih.gov/30249658
https://doi.org/10.1016/j.tins.2021.10.003
https://pubmed.ncbi.nlm.nih.gov/34756460
https://pubmed.ncbi.nlm.nih.gov/34756460
https://doi.org/10.1523/jneurosci.2611-19.2020
https://pubmed.ncbi.nlm.nih.gov/33318054
https://pubmed.ncbi.nlm.nih.gov/33318054
https://doi.org/10.3389/fnhum.2020.00204
https://pubmed.ncbi.nlm.nih.gov/32581749
https://pubmed.ncbi.nlm.nih.gov/32581749
https://elifesciences.org/subjects/neuroscience

s eLife
30

31
32

33
34

35
36

37
38

39
40
41

42
43

44

45
46
47

48

Neuroscience

Qin S, et al. (2014) Hippocampal-neocortical functional reorganization underlies children’s cognitive
development. Nature Neuroscience 17:1263-1269 https://doi.org/10.1038/nn.3788 | PubMed

Calabro FJ, Murty VP, Jalbrzikowski M, Tervo-Clemmens B, Luna B (2019) Development of
Hippocampal-Prefrontal Cortex Interactions through Adolescence. Cerebral Cortex 30:1548-1558
https://doi.org/10.1093/cercor/bhz186 | PubMed

Xie H, et al. (2024) Longitudinal hippocampal axis in large-scale cortical systems underlying
development and episodic memory. Proceedings of the National Academy of Sciences
121:e2403015121 https://doi.org/10.1073/pnas.2403015121 | PubMed

Pang JC, et al. (2023) Geometric constraints on human brain function. Nature 618:566-574
https://doi.org/10.1038/s41586-023-06098-1 | PubMed

Bonetto G, Belin D, Karadottir RT (2021) Myelin: A gatekeeper of activity-dependent circuit plasticity?.
Science 374:eaba6905 https://doi.org/10.1126/science.aba6905 | PubMed

Pease-Raissi SE, Chan JR (2021) Building a (w)rapport between neurons and oligodendroglia:
Reciprocal interactions underlying adaptive myelination. Neuron 109:1258-1273
https://doi.org/10.1016/j.neuron.2021.02.003 | PubMed

McGee AW, Yang Y, Fischer QS, Daw NW, Strittmatter SM (2005) Experience-Driven Plasticity of Visual
Cortex Limited by Myelin and Nogo Receptor. Science 309:2222-2226
https://doi.org/10.1126/science.1114362 | PubMed

de Faria O, et al. (2021) Periods of synchronized myelin changes shape brain function and plasticity.
Nature Neuroscience 24:1508-1521 https://doi.org/10.1038/s41593-021-00917-2 | PubMed

Fields RD (2015) A new mechanism of nervous system plasticity: activity-dependent myelination.
Nature Reviews Neuroscience 16:756-767 https://doi.org/10.1038/nrn4023 | PubMed

Vogel JW, et al. (2020) A molecular gradient along the longitudinal axis of the human hippocampus
informs large-scale behavioral systems. Nature Communications 11:960
https://doi.org/10.1038/s41467-020-14518-3 | PubMed

Ayhan F, et al. (2021) Resolving cellular and molecular diversity along the hippocampal anterior-to-
posterior axis in humans. Neuron 109:2091-2105.e2096
https://doi.org/10.1016/j.neuron.2021.05.003 | PubMed

Dong H.-M, Margulies DS, Zuo X.-N, Holmes AJ (2021) Shifting gradients of macroscale cortical
organization mark the transition from childhood to adolescence. Proceedings of the National
Academy of Sciences 118:€2024448118 https://doi.org/10.1073/pnas.2024448118 | PubMed

Xia Y, et al. (2022) Development of functional connectome gradients during childhood and
adolescence. Science Bulletin. https://doi.org/10.1016/].scib.2022.01.002 | PubMed

Keller AS, et al. (2023) Hierarchical functional system development supports executive function.
Trends in Cognitive Sciences 27:160-174 https://doi.org/10.1016/].tics.2022.11.005 | PubMed

Somerville LH, et al. (2018) The Lifespan Human Connectome Project in Development: A large-scale
study of brain connectivity development in 5-21 year olds. NeuroImage 183:456-468
https://doi.org/10.1016/j.neuroimage.2018.08.050 | PubMed

Glasser MF, et al. (2013) The minimal preprocessing pipelines for the Human Connectome Project.
Neuroimage 80:105-124 https://doi.org/10.1016/j.neuroimage.2013.04.127 | PubMed

DeKraker J, Kohler S, Khan AR (2021) Surface-based hippocampal subfield segmentation. Trends in
neurosciences 44:856-863 https://doi.org/10.1016/].tins.2021.06.005 | PubMed

DeKraker J, et al. (2022) Automated hippocampal unfolding for morphometry and subfield
segmentation with HippUnfold. eLife 11:€77945 https://doi.org/10.7554/eLife.77945 | PubMed

Glasser MF, et al. (2016) A multi-modal parcellation of human cerebral cortex. Nature 536:171-178
https://doi.org/10.1038/nature18933 | PubMed

Zeng et al., 2026 eLife 15:RP111745. https://doi.org/10.7554/eLife.111745.1 37 of 42


https://doi.org/10.7554/eLife.111745.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.1038/nn.3788
https://pubmed.ncbi.nlm.nih.gov/25129076
https://pubmed.ncbi.nlm.nih.gov/25129076
https://doi.org/10.1093/cercor/bhz186
https://pubmed.ncbi.nlm.nih.gov/31670797
https://pubmed.ncbi.nlm.nih.gov/31670797
https://doi.org/10.1073/pnas.2403015121
https://pubmed.ncbi.nlm.nih.gov/39436664
https://pubmed.ncbi.nlm.nih.gov/39436664
https://doi.org/10.1038/s41586-023-06098-1
https://pubmed.ncbi.nlm.nih.gov/37258669
https://pubmed.ncbi.nlm.nih.gov/37258669
https://doi.org/10.1126/science.aba6905
https://pubmed.ncbi.nlm.nih.gov/34618550
https://pubmed.ncbi.nlm.nih.gov/34618550
https://doi.org/10.1016/j.neuron.2021.02.003
https://pubmed.ncbi.nlm.nih.gov/33621477
https://pubmed.ncbi.nlm.nih.gov/33621477
https://doi.org/10.1126/science.1114362
https://pubmed.ncbi.nlm.nih.gov/16195464
https://pubmed.ncbi.nlm.nih.gov/16195464
https://doi.org/10.1038/s41593-021-00917-2
https://pubmed.ncbi.nlm.nih.gov/34711959
https://pubmed.ncbi.nlm.nih.gov/34711959
https://doi.org/10.1038/nrn4023
https://pubmed.ncbi.nlm.nih.gov/26585800
https://pubmed.ncbi.nlm.nih.gov/26585800
https://doi.org/10.1038/s41467-020-14518-3
https://pubmed.ncbi.nlm.nih.gov/32075960
https://pubmed.ncbi.nlm.nih.gov/32075960
https://doi.org/10.1016/j.neuron.2021.05.003
https://pubmed.ncbi.nlm.nih.gov/34051145
https://pubmed.ncbi.nlm.nih.gov/34051145
https://doi.org/10.1073/pnas.2024448118
https://pubmed.ncbi.nlm.nih.gov/34260385
https://pubmed.ncbi.nlm.nih.gov/34260385
https://doi.org/10.1016/j.scib.2022.01.002
https://pubmed.ncbi.nlm.nih.gov/36546249
https://pubmed.ncbi.nlm.nih.gov/36546249
https://doi.org/10.1016/j.tics.2022.11.005
https://pubmed.ncbi.nlm.nih.gov/36437189
https://pubmed.ncbi.nlm.nih.gov/36437189
https://doi.org/10.1016/j.neuroimage.2018.08.050
https://pubmed.ncbi.nlm.nih.gov/30142446
https://pubmed.ncbi.nlm.nih.gov/30142446
https://doi.org/10.1016/j.neuroimage.2013.04.127
https://pubmed.ncbi.nlm.nih.gov/23668970
https://pubmed.ncbi.nlm.nih.gov/23668970
https://doi.org/10.1016/j.tins.2021.06.005
https://pubmed.ncbi.nlm.nih.gov/34304910
https://pubmed.ncbi.nlm.nih.gov/34304910
https://doi.org/10.7554/eLife.77945
https://pubmed.ncbi.nlm.nih.gov/36519725
https://pubmed.ncbi.nlm.nih.gov/36519725
https://doi.org/10.1038/nature18933
https://pubmed.ncbi.nlm.nih.gov/27437579
https://pubmed.ncbi.nlm.nih.gov/27437579
https://elifesciences.org/subjects/neuroscience

s eLife

49
50
51
52
53
54
55

56
57

58
59

60

61

62

63
64
65

66

Neuroscience

Margulies DS, et al. (2016) Situating the default-mode network along a principal gradient of
macroscale cortical organization. Proceedings of the National Academy of Sciences 113:12574-12579
https://doi.org/10.1073/pnas.1608282113 | PubMed

Thomas Yeo B, et al. (2011) The organization of the human cerebral cortex estimated by intrinsic
functional connectivity. Journal of neurophysiology 106:1125-1165
https://doi.org/10.1152/jn.00338.2011 | PubMed

Glasser MF, Van Essen DC (2011) Mapping human cortical areas in vivo based on myelin content as
revealed by T1-and T2-weighted MRI. Journal of Neuroscience 31:11597-11616
https://doi.org/10.1523/jneurosci.2180-11.2011 | PubMed

Kalish BT, et al. (2020) Single-nucleus RNA sequencing of mouse auditory cortex reveals critical
period triggers and brakes. Proceedings of the National Academy of Sciences 117:11744-11752
https://doi.org/10.1073/pnas.1920433117 | PubMed

Zhou Y, et al. (2019) Metascape provides a biologist-oriented resource for the analysis of systems-
level datasets. Nature Communications 10:1523 https://doi.org/10.1038/s41467-019-09234-6 |
PubMed

Dougherty JD, Schmidt EF, Nakajima M, Heintz N (2010) Analytical approaches to RNA profiling data
for the identification of genes enriched in specific cells. Nucleic Acids Research 38:4218-4230
https://doi.org/10.1093/nar/gkq130 | PubMed

Yousefi B, Keilholz S (2021) Propagating patterns of intrinsic activity along macroscale gradients
coordinate functional connections across the whole brain. NeuroImage 231:117827
https://doi.org/10.1016/j.neuroimage.2021.117827 | PubMed

Raut RV, et al. (2021) Global waves synchronize the brain’s functional systems with fluctuating
arousal. Science Advances 7:eabf2709 https://doi.org/10.1126/sciadv.abf2709 | PubMed

Xu T, et al. (2020) Cross-species functional alignment reveals evolutionary hierarchy within the
connectome. NeuroImage 223:117346 https://doi.org/10.1016/j.neuroimage.2020.117346 | PubMed

Tong C, et al. (2022) Multimodal analysis demonstrating the shaping of functional gradients in the
marmoset brain. Nature Communications 13:6584 https://doi.org/10.1038/s41467-022-34371-w |
PubMed

Huntenburg JM, Yeow LY, Mandino F, Grandjean J (2021) Gradients of functional connectivity in the
mouse cortex reflect neocortical evolution. NeuroImage 225:117528
https://doi.org/10.1016/j.neuroimage.2020.117528 | PubMed

Taylor HP, et al. (2026) Functional hierarchy of the human neocortex across the lifespan. Nature.
https://doi.org/10.1038/s41586-026-10219-x | PubMed

Dong H.-M, et al. (2024) Ventral attention network connectivity is linked to cortical maturation and
cognitive ability in childhood. Nature Neuroscience 27:2009-2020 https://doi.org/10.1038/s41593-
024-01736-x | PubMed

Vézquez-Rodriguez B, Liu Z.-Q, Hagmann P, Misic B (2020) Signal propagation via cortical hierarchies.
Network Neuroscience 4:1072-1090 https://doi.org/10.1162/netn_a_00153 | PubMed

Tooley UA, Bassett DS, Mackey AP (2022) Functional brain network community structure in childhood:
Unfinished territories and fuzzy boundaries. NeuroImage 247:118843
https://doi.org/10.1016/j.neuroimage.2021.118843 | PubMed

Rawls E, Kummerfeld E, Mueller BA, Ma S, Zilverstand A (2022) The resting-state causal human
connectome is characterized by hub connectivity of executive and attentional networks. NeuroImage
255:119211 https://doi.org/10.1016/j.neuroimage.2022.119211 | PubMed

Borne L, et al. (2023) Functional re-organization of hippocampal-cortical gradients during
naturalistic memory processes. NeuroImage 271:119996
https://doi.org/10.1016/j.neuroimage.2023.119996 | PubMed

Shi Q, et al. (2025) Hybrid neural networks for continual learning inspired by corticohippocampal
circuits. Nature Communications 16:1272 https://doi.org/10.1038/s41467-025-56405-9 | PubMed

Zeng et al., 2026 eLife 15:RP111745. https://doi.org/10.7554/eLife.111745.1 38 of 42


https://doi.org/10.7554/eLife.111745.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.1073/pnas.1608282113
https://pubmed.ncbi.nlm.nih.gov/27791099
https://pubmed.ncbi.nlm.nih.gov/27791099
https://doi.org/10.1152/jn.00338.2011
https://pubmed.ncbi.nlm.nih.gov/21653723
https://pubmed.ncbi.nlm.nih.gov/21653723
https://doi.org/10.1523/jneurosci.2180-11.2011
https://pubmed.ncbi.nlm.nih.gov/21832190
https://pubmed.ncbi.nlm.nih.gov/21832190
https://doi.org/10.1073/pnas.1920433117
https://pubmed.ncbi.nlm.nih.gov/32404418
https://pubmed.ncbi.nlm.nih.gov/32404418
https://doi.org/10.1038/s41467-019-09234-6
https://pubmed.ncbi.nlm.nih.gov/30944313
https://pubmed.ncbi.nlm.nih.gov/30944313
https://doi.org/10.1093/nar/gkq130
https://pubmed.ncbi.nlm.nih.gov/20308160
https://pubmed.ncbi.nlm.nih.gov/20308160
https://doi.org/10.1016/j.neuroimage.2021.117827
https://pubmed.ncbi.nlm.nih.gov/33549755
https://pubmed.ncbi.nlm.nih.gov/33549755
https://doi.org/10.1126/sciadv.abf2709
https://pubmed.ncbi.nlm.nih.gov/34290088
https://pubmed.ncbi.nlm.nih.gov/34290088
https://doi.org/10.1016/j.neuroimage.2020.117346
https://pubmed.ncbi.nlm.nih.gov/32916286
https://pubmed.ncbi.nlm.nih.gov/32916286
https://doi.org/10.1038/s41467-022-34371-w
https://pubmed.ncbi.nlm.nih.gov/36329036
https://pubmed.ncbi.nlm.nih.gov/36329036
https://doi.org/10.1016/j.neuroimage.2020.117528
https://pubmed.ncbi.nlm.nih.gov/33157264
https://pubmed.ncbi.nlm.nih.gov/33157264
https://doi.org/10.1038/s41586-026-10219-x
https://pubmed.ncbi.nlm.nih.gov/41882352
https://pubmed.ncbi.nlm.nih.gov/41882352
https://doi.org/10.1038/s41593-024-01736-x
https://doi.org/10.1038/s41593-024-01736-x
https://pubmed.ncbi.nlm.nih.gov/39179884
https://pubmed.ncbi.nlm.nih.gov/39179884
https://doi.org/10.1162/netn_a_00153
https://pubmed.ncbi.nlm.nih.gov/33195949
https://pubmed.ncbi.nlm.nih.gov/33195949
https://doi.org/10.1016/j.neuroimage.2021.118843
https://pubmed.ncbi.nlm.nih.gov/34952233
https://pubmed.ncbi.nlm.nih.gov/34952233
https://doi.org/10.1016/j.neuroimage.2022.119211
https://pubmed.ncbi.nlm.nih.gov/35430360
https://pubmed.ncbi.nlm.nih.gov/35430360
https://doi.org/10.1016/j.neuroimage.2023.119996
https://pubmed.ncbi.nlm.nih.gov/36863548
https://pubmed.ncbi.nlm.nih.gov/36863548
https://doi.org/10.1038/s41467-025-56405-9
https://pubmed.ncbi.nlm.nih.gov/39894851
https://pubmed.ncbi.nlm.nih.gov/39894851
https://elifesciences.org/subjects/neuroscience

s eLife
67

68
69

70
71
72
73

74
75

76

77

78

79
80
81
82
83

84

Neuroscience

DeMaster D, Coughlin C, Ghetti S (2016) Retrieval flexibility and reinstatement in the developing
hippocampus. Hippocampus 26:492-501 https://doi.org/10.1002/hipo.22538 | PubMed

Sastre M, Wendelken C, Lee JK, Bunge SA, Ghetti S (2016) Age- and performance-related differences in
hippocampal contributions to episodic retrieval. Developmental Cognitive Neuroscience 19:42-50
https://doi.org/10.1016/j.dcn.2016.01.003 | PubMed

DeMaster D, Pathman T, Ghetti S (2013) Development of memory for spatial context: Hippocampal
and cortical contributions. Neuropsychologia 51:2415-2426
https://doi.org/10.1016/j.neuropsychologia.2013.05.026 | PubMed

DeMaster DM, Ghetti S (2013) Developmental differences in hippocampal and cortical contributions
to episodic retrieval. Cortex 49:1482-1493 https://doi.org/10.1016/j.cortex.2012.08.004 | PubMed

Menon V, D'Esposito M (2021) The role of PFC networks in cognitive control and executive function.
Neuropsychopharmacology 47:90-103 https://doi.org/10.1038/s41386-021-01152-w | PubMed

Corbetta M, Shulman GL (2002) Control of goal-directed and stimulus-driven attention in the brain.
Nat. Rev. Neurosci 3:201-215 https://doi.org/10.1038/nrn755 | PubMed

Vossel S, Geng J), Fink GR (2013) Dorsal and Ventral Attention Systems. Neuroscientist 20:150-159
https://doi.org/10.1177/1073858413494269

Yun RJ, Krystal JH, Mathalon DH (2010) Working Memory Overload: Fronto-Limbic Interactions and
Effects on Subsequent Working Memory Function. Brain Imaging Behav 4:96-108
https://doi.org/10.1007/s11682-010-9089-9 | PubMed

Qiu Z, Wang ] (2021) Altered neural activities during response inhibition in adults with addiction: a
voxel-wise meta-analysis. Psychol. Med 51:387-399 https://doi.org/10.1017/s0033291721000362 |
PubMed

Schwarze SA, Fandakova Y, Lindenberger U (2024) Cognitive flexibility across the lifespan:
developmental differences in the neural basis of sustained and transient control processes during
task switching. Current Opinion in Behavioral Sciences 58:101395
https://doi.org/10.1016/j.cobeha.2024.101395

Horvat s, et al. (2016) Spatial Embedding and Wiring Cost Constrain the Functional Layout of the
Cortical Network of Rodents and Primates. PLoS Biol 14:€1002512
https://doi.org/10.1371/journal.pbio.1002512 | PubMed

Nave K.-A (2010) Myelination and the trophic support of long axons. Nature Reviews Neuroscience
11:275-283 https://doi.org/10.1038/nrn2797 | PubMed

Alberini CM, Travaglia A (2017) Infantile Amnesia: A Critical Period of Learning to Learn and
Remember. The Journal of Neuroscience 37:5783-5795 https://doi.org/10.1523/jneurosci.0324-
17.2017 | PubMed

Gao X, et al. (2018) Arc/Arg3.1 mediates a critical period for spatial learning and hippocampal
networks. Proceedings of the National Academy of Sciences 115:12531-12536
https://doi.org/10.1073/pnas.1810125115 | PubMed

Ramsaran AI, Schlichting ML, Frankland PW (2019) The ontogeny of memory persistence and
specificity. Developmental Cognitive Neuroscience 36:100591
https://doi.org/10.1016/j.dcn.2018.09.002 | PubMed

Andrade-Talavera Y, Pérez-Rodriguez M, Prius-Mengual J, Rodriguez-Moreno A (2023) Neuronal and
astrocyte determinants of critical periods of plasticity. Trends in Neurosciences 46:566-580
https://doi.org/10.1016/j.tins.2023.04.005 | PubMed

Larsen B, et al. (2022) A developmental reduction of the excitation:inhibition ratio in association
cortex during adolescence. Science Advances 8:eabj8750 https://doi.org/10.1126/sciadv.abjg8750 |
PubMed

Peeters LM, Missault S, Keliris AJ, Keliris GA (2020) Combining designer receptors exclusively activated
by designer drugs and neuroimaging in experimental models: A powerful approach towards
neurotheranostic applications. British Journal of Pharmacology 177:992-1002

Zeng et al., 2026 eLife 15:RP111745. https://doi.org/10.7554/eLife.111745.1 39 of 42


https://doi.org/10.7554/eLife.111745.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.1002/hipo.22538
https://pubmed.ncbi.nlm.nih.gov/26418510
https://pubmed.ncbi.nlm.nih.gov/26418510
https://doi.org/10.1016/j.dcn.2016.01.003
https://pubmed.ncbi.nlm.nih.gov/26875927
https://pubmed.ncbi.nlm.nih.gov/26875927
https://doi.org/10.1016/j.neuropsychologia.2013.05.026
https://pubmed.ncbi.nlm.nih.gov/23770536
https://pubmed.ncbi.nlm.nih.gov/23770536
https://doi.org/10.1016/j.cortex.2012.08.004
https://pubmed.ncbi.nlm.nih.gov/22981810
https://pubmed.ncbi.nlm.nih.gov/22981810
https://doi.org/10.1038/s41386-021-01152-w
https://pubmed.ncbi.nlm.nih.gov/34408276
https://pubmed.ncbi.nlm.nih.gov/34408276
https://doi.org/10.1038/nrn755
https://pubmed.ncbi.nlm.nih.gov/11994752
https://pubmed.ncbi.nlm.nih.gov/11994752
https://doi.org/10.1177/1073858413494269
https://doi.org/10.1007/s11682-010-9089-9
https://pubmed.ncbi.nlm.nih.gov/20503117
https://pubmed.ncbi.nlm.nih.gov/20503117
https://doi.org/10.1017/s0033291721000362
https://pubmed.ncbi.nlm.nih.gov/33612127
https://pubmed.ncbi.nlm.nih.gov/33612127
https://doi.org/10.1016/j.cobeha.2024.101395
https://doi.org/10.1371/journal.pbio.1002512
https://pubmed.ncbi.nlm.nih.gov/27441598
https://pubmed.ncbi.nlm.nih.gov/27441598
https://doi.org/10.1038/nrn2797
https://pubmed.ncbi.nlm.nih.gov/20216548
https://pubmed.ncbi.nlm.nih.gov/20216548
https://doi.org/10.1523/jneurosci.0324-17.2017
https://doi.org/10.1523/jneurosci.0324-17.2017
https://pubmed.ncbi.nlm.nih.gov/28615475
https://pubmed.ncbi.nlm.nih.gov/28615475
https://doi.org/10.1073/pnas.1810125115
https://pubmed.ncbi.nlm.nih.gov/30442670
https://pubmed.ncbi.nlm.nih.gov/30442670
https://doi.org/10.1016/j.dcn.2018.09.002
https://pubmed.ncbi.nlm.nih.gov/30316637
https://pubmed.ncbi.nlm.nih.gov/30316637
https://doi.org/10.1016/j.tins.2023.04.005
https://pubmed.ncbi.nlm.nih.gov/37202300
https://pubmed.ncbi.nlm.nih.gov/37202300
https://doi.org/10.1126/sciadv.abj8750
https://pubmed.ncbi.nlm.nih.gov/35119918
https://pubmed.ncbi.nlm.nih.gov/35119918
https://elifesciences.org/subjects/neuroscience

s eLife

85

86

87
88

89
90
91
92
93
94
95
96
97

98
99
100
101

102

Neuroscience

https://doi.org/10.1111/bph.14885 | PubMed

Giorgi A, et al. (2017) Brain-wide Mapping of Endogenous Serotonergic Transmission via
Chemogenetic fMRI. Cell Reports 21:910-918 https://doi.org/10.1016/j.celrep.2017.09.087 | PubMed

McEwen BS, Nasca C, Gray JD (2016) Stress effects on neuronal structure: hippocampus, amygdala,
and prefrontal cortex. Neuropsychopharmacology 41:3-23 https://doi.org/10.1038/npp.2015.171 |
PubMed

McEwen BS (1999) Stress and hippocampal plasticity. Annual review of neuroscience 22:105-122
https://doi.org/10.1146/annurev.neuro.22.1.105 | PubMed

Lupien SJ, et al. (1998) Cortisol levels during human aging predict hippocampal atrophy and memory
deficits. Nature neuroscience 1:69-73 https://doi.org/10.1038/271 | PubMed

McEwen BS (2001) Plasticity of the hippocampus: adaptation to chronic stress and allostatic load.
Annals of the New York Academy of Sciences 933:265-277 https://doi.org/10.1111/j.1749-
6632.2001.tb05830.x | PubMed

Duman RS, Sanacora G, Krystal JH (2019) Altered Connectivity in Depression: GABA and Glutamate
Neurotransmitter Deficits and Reversal by Novel Treatments. Neuron 102:75-90
https://doi.org/10.1016/j.neuron.2019.03.013 | PubMed

McLaughlin KA, Weissman D, Bitran D (2019) Childhood Adversity and Neural Development: A
Systematic Review. Annual Review of Developmental Psychology 1:277-312
https://doi.org/10.1146/annurev-devpsych-121318-084950 | PubMed

Teicher MH, Samson JA, Anderson CM, Ohashi K (2016) The effects of childhood maltreatment on
brain structure, function and connectivity. Nature reviews neuroscience 17:652-666
https://doi.org/10.1038/nrn.2016.111 | PubMed

Nelson CA, Gabard-Durnam LJ (2020) Early Adversity and Critical Periods: Neurodevelopmental
Consequences of Violating the Expectable Environment. Trends in Neurosciences 43:133-143
https://doi.org/10.1016/j.tins.2020.01.002 | PubMed

Vythilingam M, et al. (2004) Hippocampal volume, memory, and cortisol status in major depressive
disorder: effects of treatment. Biological psychiatry 56:101-112
https://doi.org/10.1016/j.biopsych.2004.04.002 | PubMed

Barch DM, Harms MP, Tillman R, Hawkey E, Luby JL (2019) Early childhood depression, emotion
regulation, episodic memory, and hippocampal development. Journal of abnormal psychology
128:81 https://doi.org/10.1037/abn0000392 | PubMed

Khoury B, Sharma M, Rush SE, Fournier C (2015) Mindfulness-based stress reduction for healthy
individuals: A meta-analysis. Journal of Psychosomatic Research 78:519-528
https://doi.org/10.1016/j.jpsychores.2015.03.009 | PubMed

Engert V, Kok BE, Papassotiriou I, Chrousos GP, Singer T (2017) Specific reduction in cortisol stress
reactivity after social but not attention-based mental training. Science Advances 3:e1700495
https://doi.org/10.1126/sciadv.1700495 | PubMed

Sun L, et al. (2025) Human lifespan changes in the brain’s functional connectome. Nature
Neuroscience 28:891-901 https://doi.org/10.1038/s41593-025-01907-4 | PubMed

Lei T, et al. (2021) Progressive Stabilization of Brain Network Dynamics during Childhood and
Adolescence. Cerebral Cortex 32:1024-1039 https://doi.org/10.1093/cercor/bhab263 | PubMed

Greve DN, Fischl B (2009) Accurate and robust brain image alignment using boundary-based
registration. NeuroImage 48:63-72 https://doi.org/10.1016/j.neuroimage.2009.06.060 | PubMed

Fischl B (2012) FreeSurfer. Neuroimage 62:774-781
https://doi.org/10.1016/j.neuroimage.2012.01.021 | PubMed

Van Essen DC, Glasser MF, Dierker DL, Harwell J, Coalson T (2012) Parcellations and hemispheric
asymmetries of human cerebral cortex analyzed on surface-based atlases. Cerebral cortex
22:2241-2262 https://doi.org/10.1093/cercor/bhr291 | PubMed

Zeng et al., 2026 eLife 15:RP111745. https://doi.org/10.7554/eLife.111745.1 40 of 42


https://doi.org/10.7554/eLife.111745.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.1111/bph.14885
https://doi.org/10.1111/bph.14885
https://pubmed.ncbi.nlm.nih.gov/31658365
https://pubmed.ncbi.nlm.nih.gov/31658365
https://doi.org/10.1016/j.celrep.2017.09.087
https://pubmed.ncbi.nlm.nih.gov/29069598
https://pubmed.ncbi.nlm.nih.gov/29069598
https://doi.org/10.1038/npp.2015.171
https://pubmed.ncbi.nlm.nih.gov/26076834
https://pubmed.ncbi.nlm.nih.gov/26076834
https://doi.org/10.1146/annurev.neuro.22.1.105
https://pubmed.ncbi.nlm.nih.gov/10202533
https://pubmed.ncbi.nlm.nih.gov/10202533
https://doi.org/10.1038/271
https://pubmed.ncbi.nlm.nih.gov/10195112
https://pubmed.ncbi.nlm.nih.gov/10195112
https://doi.org/10.1111/j.1749-6632.2001.tb05830.x
https://doi.org/10.1111/j.1749-6632.2001.tb05830.x
https://pubmed.ncbi.nlm.nih.gov/12000027
https://pubmed.ncbi.nlm.nih.gov/12000027
https://doi.org/10.1016/j.neuron.2019.03.013
https://pubmed.ncbi.nlm.nih.gov/30946828
https://pubmed.ncbi.nlm.nih.gov/30946828
https://doi.org/10.1146/annurev-devpsych-121318-084950
https://pubmed.ncbi.nlm.nih.gov/32455344
https://pubmed.ncbi.nlm.nih.gov/32455344
https://doi.org/10.1038/nrn.2016.111
https://pubmed.ncbi.nlm.nih.gov/27640984
https://pubmed.ncbi.nlm.nih.gov/27640984
https://doi.org/10.1016/j.tins.2020.01.002
https://pubmed.ncbi.nlm.nih.gov/32101708
https://pubmed.ncbi.nlm.nih.gov/32101708
https://doi.org/10.1016/j.biopsych.2004.04.002
https://pubmed.ncbi.nlm.nih.gov/15231442
https://pubmed.ncbi.nlm.nih.gov/15231442
https://doi.org/10.1037/abn0000392
https://pubmed.ncbi.nlm.nih.gov/30628810
https://pubmed.ncbi.nlm.nih.gov/30628810
https://doi.org/10.1016/j.jpsychores.2015.03.009
https://pubmed.ncbi.nlm.nih.gov/25818837
https://pubmed.ncbi.nlm.nih.gov/25818837
https://doi.org/10.1126/sciadv.1700495
https://pubmed.ncbi.nlm.nih.gov/28983508
https://pubmed.ncbi.nlm.nih.gov/28983508
https://doi.org/10.1038/s41593-025-01907-4
https://pubmed.ncbi.nlm.nih.gov/40181189
https://pubmed.ncbi.nlm.nih.gov/40181189
https://doi.org/10.1093/cercor/bhab263
https://pubmed.ncbi.nlm.nih.gov/34378030
https://pubmed.ncbi.nlm.nih.gov/34378030
https://doi.org/10.1016/j.neuroimage.2009.06.060
https://pubmed.ncbi.nlm.nih.gov/19573611
https://pubmed.ncbi.nlm.nih.gov/19573611
https://doi.org/10.1016/j.neuroimage.2012.01.021
https://pubmed.ncbi.nlm.nih.gov/22248573
https://pubmed.ncbi.nlm.nih.gov/22248573
https://doi.org/10.1093/cercor/bhr291
https://pubmed.ncbi.nlm.nih.gov/22047963
https://pubmed.ncbi.nlm.nih.gov/22047963
https://elifesciences.org/subjects/neuroscience

s eLife

103
104

105

106

107

108

109

110
111

112

Neuroscience

Pruim RHR, et al. (2015) ICA-AROMA: A robust ICA-based strategy for removing motion artifacts
from fMRI data. NeuroImage 112:267-277 https://doi.org/10.1016/j.neuroimage.2015.02.064 |
PubMed

Anticevic A, et al. (2008) Comparing surface-based and volume-based analyses of functional
neuroimaging data in patients with schizophrenia. NeuroImage 41:835-848
https://doi.org/10.1016/j.neuroimage.2008.02.052 | PubMed

DeKraker J, et al. (2023) Evaluation of surface-based hippocampal registration using ground-truth
subfield definitions. bioRxiv https://doi.org/10.1101/2023.03.30.534978

de Wael RV, et al. (2020) BrainSpace: a toolbox for the analysis of macroscale gradients in
neuroimaging and connectomics datasets. Communications biology 3:1-10
https://doi.org/10.1038/s42003-020-0794-7 | PubMed

Reuter M, Wolter F.-E, Peinecke N (2006) Laplace-Beltrami spectra as ‘Shape-DNA’ of surfaces and
solids. Computer-Aided Design 38:342-366 https://doi.org/10.1016/j.cad.2005.10.011

Wachinger C, Golland P, Kremen W, Fischl B, Reuter M (2015) BrainPrint: A discriminative
characterization of brain morphology. NeuroImage 109:232-248
https://doi.org/10.1016/j.neuroimage.2015.01.032 | PubMed

Haufe S, et al. (2014) On the interpretation of weight vectors of linear models in multivariate
neuroimaging. NeuroImage 87:96-110 https://doi.org/10.1016/j.neuroimage.2013.10.067 | PubMed

Alexander-Bloch AF, et al. (2018) On testing for spatial correspondence between maps of human
brain structure and function. NeuroImage 178:540-551
https://doi.org/10.1016/j.neuroimage.2018.05.070 | PubMed

Burt JB, et al. (2018) Hierarchy of transcriptomic specialization across human cortex captured by
structural neuroimaging topography. Nature Neuroscience 21:1251-1259
https://doi.org/10.1038/s41593-018-0195-0 | PubMed

Burt JB, Helmer M, Shinn M, Anticevic A, Murray JD (2020) Generative modeling of brain maps with
spatial autocorrelation. NeuroImage 220:117038 https://doi.org/10.1016/j.neuroimage.2020.117038
| PubMed

Somerville et al (2018) Human Connectome Project - Development (HCP-D). Human Connectome
Project. https://humanconnectome.org/study/hcp-lifespan-development

Nooner et al (2012) NKI-Rockland Sample (NKI-RS). NITRC IR.
https://fcon_1000.projects.nitrc.org/indi/pro/nki.html

Peer reviews
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Summary:

The authors studied the development of hippocampal connectivity gradients based on open
datasets and performed correlation analyses with other MRI features as well as gene
expression information from other datasets. Although the main findings are correlational
and cross-sectional, the analyses are overall sophisticated and replicated in several datasets.

Strengths:

The hippocampus is a key region in understanding large-scale brain organization and
cognition, and the authors applied advanced and suitable analytics to study its development.
The paper is overall well-organized and well-written, and the findings are relevant for
studying large-scale brain development.

Weaknesses:
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While sophisticated, several of the analyses appear mainly correlational, cross-sectional, and
rely on cross-dataset contextualization, which should also be stated as a limitation of the
current work.

https://doi.org/10.7554/eLife.111745.1.sa1

Reviewer #2 (Public review):

Summary:

In this manuscript, the authors aim to assess how the functional organisation of the
hippocampus is related to the geometry and neurobiological differences of the hippocampus.
In particular, the authors focus on the first three eigenvectors of hippocampal-cortical
functional connectivity, based on non-linear dimensionality reduction on resting-state
functional MRI data. Furthermore, the work aims to describe changes in these functional
axes and their relation to other factors throughout youth and evaluate whether they are
predictive of individual variations in cognition.

Strengths:

A major strength of this study is the attempt to replicate key findings across multiple
developmental cohorts.

Weaknesses:

The major weaknesses of the manuscript center on gaps in technical transparency and
several conceptual inaccuracies. The machine learning methodology used for cognitive
prediction is scarce, leaving little means to evaluate whether the behavioral results suffer
from data leakage or overfitting. The introduction sets up an oversimplified historical
premise regarding the field's understanding and appreciation of hippocampal connectivity,
and contains several incorrect references that throw doubt on the argumentation.
Additionally, T1w/T2w signal intensity is incorrectly used as synonymous with myelin,
despite gold-standard histological validation showing a non-significant correlation between
T1w/T2w and myelin staining (Sandrone et al., 2013).

Appraisal of Aims and Conclusions:

The authors partially achieve their aims by illustrating certain age-related changes in
hippocampal function; however, the correlative study design is not equipped to examine how
these changes are "shaped" by geometry, myelination, or gene expression (especially the
latter two). Furthermore, conclusions were often overstated based on small effect sizes.

Context and Field Impact:

This work adds to a growing body of literature focused on gradient-based representations of
hippocampal topology. By applying these methods across a wide developmental age bracket,
it provides a useful reference point for how the hippocampus and wider cortex interact
during maturation. To improve utility to the neuroimaging and cognitive neuroscience
communities, the nesting of subfields within the eigenvector topology should be addressed,
too.
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