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Recent neuroimaging evidence suggests that there might be an anterior-posterior functional differentiation of the 

hippocampus along the long-axis. The HERNET (hippocampal encoding/retrieval and network) model proposed 

an encoding/retrieval dichotomy with the anterior hippocampus more connected to the dorsal attention network 

(DAN) during memory encoding, and the posterior portions more connected to the default mode network (DMN) 

during retrieval. Evidence both for and against the HERNET model has been reported. In this study, we test the 

validity of the HERNET model non-invasively in humans by computing functional connectivity (FC) in layer- 

specific cortico-hippocampal microcircuits. This was achieved by acquiring sub-millimeter functional magnetic 

resonance imaging (fMRI) data during encoding/retrieval tasks at 7T. Specifically, FC between infra-granular out- 

put layers of DAN with hippocampus during encoding and FC between supra-granular input layers of DMN with 

hippocampus during retrieval were computed to test the predictions of the HERNET model. Our results support 

some predictions of the HERNET model including anterior-posterior gradient along the long axis of the hippocam- 

pus. While preferential relationships between the entire hippocampus and DAN/DMN during encoding/retrieval, 

respectively, were observed as predicted, anterior-posterior specificity in these network relationships could not be 

confirmed. The strength and clarity of evidence for/against the HERNET model were superior with layer-specific 

data compared to conventional volume data. 
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. Introduction 

The hippocampus, located in the medial temporal lobe (MTL),

lays important roles in many brain functions including episodic

emory and spatial navigation ( Das et al., 2011 ; Yushkevich et al.,

010 ; Heckemann et al., 2011 ). Investigation of functional special-

zation within the hippocampus has received increased attention in

euroimaging. The abnormalities of the hippocampus have been iden-

ified in many neuropsychiatric disorders, including Alzheimer’s dis-

ase ( Lukiw, 2007 ; Zhou et al., 2008 ; Scheff and Price, 2006 ), ma-

or depression ( Campbell and MacQueen, 2004 ; Stockmeier et al.,

004 ; Rosso et al., 2005 ; MacQueen and Frodl, 2011 ), post-traumatic

tress disorder ( Astur et al., 2006 ; Javidi and Yadollahie, 2012 ), and

chizophrenia ( Harrison, 2004 ; Heckers, 2001 ; Grace, 2012 ). Therefore
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 better understanding of the functional specialization within the hip-

ocampus has the potential to lead to a better understanding of these

isorders. 

Recently, many studies have posited that there may be a functional

ifferentiation along the long-axis of the hippocampus ( Robinson et al.,

015 ; de Wael et al., 2018 ). Lepage et al. (1998 ) performed a meta-

nalysis of positron emission tomography (PET) of episodic memory and

iscovered an orderly functional anatomic pattern in the hippocampus.

ore specifically, the anterior portions were primarily activated with

pisodic memory encoding, whereas the posterior portions were primar-

ly associated with episodic memory retrieval. This model is referred to

s HIPER (hippocampus encoding/retrieval) model. 

The HIPER model has received support from many recent studies.

paniol et al. (2009 ) conducted meta-analyses of event-related fMRI

tudies of episodic memory and revealed an anterior-posterior gradient
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n the hippocampal activations associated with encoding and retrieval.

adel et al. (2013 ) and his colleagues compared the anterior and poste-

ior hippocampal activations during retrieval of different types of spatial

nformation. They found that there is a functional differentiation along

he longitudinal axis of the hippocampus with the posterior hippocam-

us being crucial for precise spatial behavior, and the anterior hip-

ocampus being involved in context coding. Baumann and Mattingley

2013 ) examined retrieval-related activity in the taxi drivers’ hippocam-

us using fMRI data and found that taxi drivers with a small anterior

ippocampus had difficulty encoding new spatial associations. More-

ver, Kim (2015 ) conducted a meta-analysis and revealed that the en-

oding of sensory input involved mainly the anterior hippocampus and

he external attention network, whereas retrieval engaged mainly the

osterior hippocampus and the internal attention network. This model

as referred to as the HERNET (hippocampal encoding/retrieval and

etwork) model. 

Memory encoding is inherently linked with external atten-

ion, whereas retrieval is intrinsically related to internal attention

 Kim, 2010 ; Chun et al., 2011 ). Many studies have identified two brain

etworks, i.e., the dorsal attention network (DAN) and default mode

etwork (DMN), that are closely associated with external and inter-

al attention, respectively ( Buckner et al., 2008 ; Corbetta and Shul-

an, 2002 ). Therefore, the HERNET model predicts that the ante-

ior hippocampus and regions of the DAN co-activate during encoding

hile the posterior hippocampus and regions of the DMN co-activate

uring retrieval. In fact Kim (2015 ) meta-analysis confirms this pre-

iction. However, evidence conflicting the HERNET model also ex-

sts. This includes meta-analyses of imaging studies which contradict

im’s findings ( Schacter and Wagner, 1999 ), suggestions that the an-

erior hippocampus is activated by novelty (which is purportedly mis-

aken for encoding since encoding tasks typically use novel stimuli)

 Kumaran and Maguire, 2006 ; Poppenk et al., 2008 ; Zweynert et al.,

011 ; Poppenk et al., 2010 a 2010 b) and alternative models of functional

pecialization which attribute “hot ” processing (emotion/motivation) to

nterior hippocampus and “cold ” processing (cognition) to the posterior

art ( Murty et al., 2011 ; Robinson et al., 2015 ; Robinson et al., 2016 ).

iven this state of affairs, we set out to directly test the HERNET model

sing functional connectivity between the hippocampus and DAN/DMN

egions during memory encoding and retrieval tasks. Unlike previous

tudies which employed voxel-level analysis from data obtained at con-

entional field strengths ( ≤ 3T), we employed fMRI with ultra-high spa-

ial resolution (sub-millimeter) obtained at 7T. This allowed us to in-

estigate layer-specific microcircuits between DMN/DAN regions and

he hippocampus with the hypothesis that they would provide a finer

rained characterization of the connectivity between them, which in

urn may provide more definitive evidence for or against the HERNET

odel. By fine grained characterization, we mean that the connections

etween the hippocampus and cortical regions in the DMN and DAN

re anatomically layer-specific. Yet, the functional connectivity analy-

es of these circuits underlying the HIPER/HERNET models are carried

t the conventional volume level, which ignores this biological reality

nd accepts the loss of spatial specificity. Our point is that current tech-

ology allows us to overcome this limitation by acquiring data with

igher spatial specificity, which could provide evidence for or against

he HIPER/HERNET model which is closer to the biological reality of

hese layer-specific circuits. We would also like to note that while the

entral attention network (VAN) also contributes to the allocation of at-

entional resources to memory processing, we restrict ourselves to the

AN since we are interested in specifically testing the HERNET model

hich hypothesizes only the DAN. 

Previous invasive studies in animals have shown that the connec-

ions between the hippocampus and DAN/DMN primarily involve cor-

ical layers II and V, with layer V of the higher order cortex (frontal

nd parietal cortices) projecting to the hippocampus, whereas layer II

f higher order cortex receiving the signal back from the hippocampus

 Swanson and Cowan, 1977 ; Thomson and Bannister, 2003 ). This layer-
2 
pecific pathway between the hippocampus and DAN/DMN is not ex-

lusive since pathways which originate/terminate in other layers of the

ortex may also contribute to the hippocampal input or output. This is

ot surprising given the highly complex underlying microcircuitry and

iven that signals between any two brain regions can relay via multi-

le structures including the thalamus. However, the pathways between

he hippocampus and layers II and V of the DMN/DAN seem to be the

ominant ones based on prior invasive animal literature ( Shepard and

rillner, 2010 ; Thomson and Lamy, 2007 ). 

The present study sought to investigate the HIPER/HERNET model

sing the functional connectivity between the hippocampus and (1)

eeper layers of DAN/DMN during an encoding task, and (2) superfi-

ial layers of DAN/DMN during a retrieval task. Specifically, we hy-

othesized that during a memory encoding task, clustering hippocam-

al voxels based on their functional connectivity with layer V of the

AN must parcellate the hippocampus in an anterior-posterior gradi-

nt along the long axis. Similarly, during a memory retrieval task, clus-

ering hippocampal voxels based on their functional connectivity with

ayer II of the DMN must also show an anterior-posterior segmentation.

econd, during an encoding task, the hippocampal voxels must have

tronger connectivity with layer V of the DAN than with layer V of

he DMN. Contrarily, during a retrieval task, the hippocampal voxels

ust have stronger connectivity with layer II of the DMN than with

ayer II of the DAN. Third, considering the directionality of signal pro-

ection, during an encoding task, layer V of the DAN must show stronger

orrelation with anterior hippocampal regions than with posterior hip-

ocampal regions, whereas during retrieval task, layer II of the DMN

ust exhibit stronger correlation with posterior hippocampal regions

han with anterior hippocampal regions. Finally, we predicted that us-

ng layer-specific data would lead to more definitive results than using

onventional volume-level data while investigating the connection be-

ween the hippocampus and the DAN/DMN. All four hypotheses, based

n predictions from the HERNET model, are illustrated in Fig. 1 . Here

t is noteworthy that although we intend to test these hypotheses us-

ng fMRI data extracted from layers II and V of DAN/DMN regions,

ome partial volume effects are expected for the spatial resolution of

ur data. Therefore, signal from layer II broadly represents those from

upra-granular layers with dominant contribution from layer II. Like-

ise, signal from layer V broadly represents those from infra-granular

ayers with dominant contribution from layer V. 

In order to test these hypotheses, fMRI data was acquired from

ealthy subjects performing memory encoding and retrieval tasks

ith faces, pictures of scenes and words in the 7T scanner. Ultra-

igh resolution anatomical data was also acquired to resolve lay-

rs in the DAN/DMN. Unsupervised clustering methods were applied,

hich groups objects in a data driven way without using any labels

o guide the results, to parcellate the hippocampal voxels based on

heir connectivity with different layers in the DAN/DMN. Three clus-

ering methods were specifically chosen, i.e., hierarchical clustering

 Dasgupta and Long, 2005 ), ordering points to identify the clustering

tructure (OPTICS) ( Ankerst et al., 1999 ), and density peak clustering

DPC) ( Rodriguez and Laio, 2014 ), since they did not require a priori

pecification of the number of clusters. Since clustering accuracy is often

ower in high dimensional feature space, a genetic algorithm (GA) based

eature selection method was also employed, which is less prone to lo-

al optimum ( Dy and Brodley, 2004 ), comparing with other existing fea-

ure selection methods, e.g., sequential forward searching ( Dy and Brod-

ey, 2004 ), non-linear optimization ( Bradley and Mangasarian, 1998 ),

tc. 

. Materials and methods 

In this work the connectivity between the hippocampus and the

AN/DMN were investigated by clustering hippocampal voxels, in an

nsupervised way, based on their connectivity with (1) layer V of

AN/DMN during an encoding task, and (2) layer II of DAN/DMN dur-
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Fig. 1. Illustration of our hypotheses based on 

predictions from the HERNET model as well as 

known anatomical pathway between different 

layers of DAN/DMN and hippocampus. 
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ng a retrieval task. The identified functional clusters of the hippocam-

us were then compared with an anatomical anterior-posterior segmen-

ation ( Poppenk et al., 2013 ). The entire analysis pipeline is illustrated

n Fig. 2 and will be elaborated below. 

.1. Data acquisition 

Thirty-one healthy individuals (26 right-handed, 12 males, 19 fe-

ales, age = 21.1 ± 1.4) were recruited for the study. The Internal

eview Board (IRB) at Auburn University approved the study, subjects

rovided informed consent and the experimental procedures were per-

ormed in accordance with internationally accepted ethical standards.

cho-planar imaging (EPI) data were acquired on the Auburn Univer-

ity MRI Research Center (AUMRIRC) Siemens 7T MAGNETOM scanner

utfitted with a 32-channel head coil by Nova Medical (Wilmington,

A). The sequence was optimized for the hippocampus (37 slices ac-

uired parallel to the AC-PC line, 0.85 mm × 0.85 mm × 1.4 mm voxels,

R/TE: 3000/28 ms, 70° flip angle, base/phase resolution: 234/100,

 →P phase encode direction, iPAT GRAPPA acceleration factor = 3, in-

erleaved acquisition, 123 time points, total acquisition time 6 min).

uring encoding task, the participants were asked to view a series of

aces, pictures of scenes and words. Each trial lasted for 30 s in which

he subjects were presented 10 images of the same category for 3 s

ach. These trials were interspersed with a 6 s inter-trial interval. The

aradigm for the retrieval task was identical to the encoding task with

he exception that the subjects were provided with an MR-compatible

utton box to indicate, via button presses, whether they recognized the

mage as having seen during the encoding task or not. A whole-brain

igh-resolution 3D MPRAGE sequence was used to acquire anatomical

ata (256 slices, 0.63 mm x 0.63 mm x 0.60 mm, TR/TE: 2200/2.8, 7°

ip angle, base/phase resolution 384/100%, collected in an ascending

ashion, acquisition time = 14:06) for extracting different cortical layers

n the DAN/DMN ROIs and for registration purposes. 
3 
.2. Preprocessing 

a) Hippocampal data: Standard pre-processing steps were carried out us-

ing SPM8 ( Ashburner, 2012 ) including brain extraction, slice timing

correction, motion correction, regression of motion and physiologi-

cal artifacts (using CompCor ( Behzadi et al., 2007 )), registration to

anatomical space, and normalization to MNI standard space. 

The Harvard-Oxford Structural Probability Atlas distributed with the

FSL neuroimaging analysis software package ( http://www.fmrib.ox.

ac.uk/fsl/fslview/atlas-descriptions.html#ho ) was used to define

hippocampal ROIs. Our task did not explicitly involve spatial mem-

ory typically used in navigation, which is primarily associated with

the right hippocampus ( Burgess et al., 2002 ). Therefore, only the

left hippocampus was considered in this study. In order to deter-

mine a conservative anatomical representation, the hippocampal

ROI was thresholded at 75%. The mean probability for the vox-

els in the hippocampal ROIs belonging to the hippocampus ( M ± SD:

86.41% ± 7.10%) and the voxel centroid (MNI coordinates [ − 26,

− 18.8, − 17.2]) belonging to the hippocampus was > 86% and

97.1%, respectively. The identified hippocampal ROIs are illustrated

in Fig. 3 with a total volume of 1880 mm 

3 . 

b) Cortical layer-specific data of the DAN/DMN : Data extracted from the

whole brain was first preprocessed using SPM8. To preserve high

spatial resolution, no spatial filtering was applied. The cortical lay-

ers were then reconstructed using FreeSurfer ( Fischl, 2012 ). Specifi-

cally, two interfaces, i.e., the cortical gray matter and the underlying

white matter (white-gray interface) and the interface between the

cortical gray matter and the pial surface (gray-pial interface), were

automatically reconstructed from the anatomical image. Then, the

cortical thickness was calculated as the average of the distance from

the white-gray interface to the closest possible point on the gray-pial

interface, then from that point back to the closest point on the white-

gray interface again. To improve accuracy, surface smoothing and

http://www.fmrib.ox.ac.uk/fsl/fslview/atlas-descriptions.html\043ho
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Fig. 2. Illustration of proposed analysis pipeline for investigating hippocampal parcellation based on its layer-specific connectivity with DAN/DMN ROIs. The same 

process was repeated for encoding and retrieval tasks, separately, as well as with conventional volume data (as opposed to layer-specific data). 

4 
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Fig. 3. Hippocampal ROI used in this study. 

Only the left hippocampus was considered in 

this study. 
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Fig. 4. Cortical layer reconstruction with FreeSurfer. Six cortical layers were 

reconstructed within the cortical gray matter at fixed relative distances between 

the white and pial surfaces. 
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method was employed in this work. 
automatic topology correction were also applied ( Dale et al., 1999 ;

Fischl et al., 1999 ; Fischl and Dale, 2000 ; Han et al., 2006 ). From the

cortical thickness map, six cortical layers were then reconstructed

within the cortical gray matter at fixed relative distance between the

white and pial surfaces determined from the cortical thickness, i.e.,

the first layer was located at 96% of the cortical thickness away from

the white matter, the second layer at 80%, the third layer at 64%, the

fourth layer at 48%, the fifth layer at 32%, and the six layer at 16%

( Fig. 4 ). The laminar layers were derived from the anatomical image,

so it was necessary to align the EPI data to these layers. A boundary-

based registration method ( Greve and Fischl, 2009 ) was employed,

which aligns the EPI image to the anatomical image by maximizing

the intensity gradient across white-gray interface and gray-pial in-

terface. The entire cortical surface was automatically divided into

34 cortical ROIs in each of the individual hemispheres based on the

Desikan-Killany atlas in Freesurfer ( Desikan et al., 2006 ). The major

DAN regions, i.e., frontal eye field [FEF], inferior temporal cortex

[ITC], inferior frontal gyrus [IFG], and superior parietal lobe [SPL],

and major DMN regions, i.e., anterior cingulate cortex [ACC], me-

dial prefrontal cortex [mPFC], inferior parietal lobe [IPL], posterior

cingulate cortex [PCC], and precuneus, were identified from those

34 ROIs, and vertices (voxels in the volume become vertices on sur-

faces) in layer II and layer V of these regions were then identified. 

.3. Connectivity measures 

FC measures the functional interrelationship between pairs of brain

egions by estimating Pearson’s correlation between time series rep-

esenting those brain regions. Functional connectivity (FC) was esti-

ated between the hippocampal voxels and (1) vertices in layer V of

he DAN/DMN during the encoding task, and (2) vertices in layer II of

he DAN/DMN during the retrieval task. 

.4. Layer specific clustering 

The hippocampal voxels were parcellated using three clustering

ethods based on their FC with (1) vertices in layer V of the DAN/DMN

uring the encoding task, and (2) vertices in layer II of the DAN/DMN

uring the retrieval task. The same process was repeated on DAN

nd DMN volume ROIs, separately. Let 𝑌 = { 𝑌 1 , ⋯ , 𝑌 𝑖 , ⋯ , 𝑌 𝑁 

} rep-

esent a set of 𝑁 objects, i.e., number of hippocampal voxels. 𝒀 𝑖 =
 𝑌 𝑖 1 , 𝑌 𝑖 2 , ⋯ , 𝑌 𝑖𝑑 ) ∈ ℝ 

𝑑 , where d equals to the number of FC features. As-

ume the N objects are separated into k clusters. Each cluster is a set

f indexes from { 1 , ⋯ , 𝑁 } , and each object 𝑌 𝑖 belongs to exactly one

luster. 

(a) Hierarchical Clustering (Agglomerative) : As one of the most com-

only used connectivity-based clustering method, the hierarchical clus-

ering ( Liao et al., 2008 ; Cheng et al., 2006 ; Dasgupta and Long, 2005 )

roups objects into different clusters by building a hierarchical tree

tructure. The procedure of this method is illustrated below: 

1) Initially, each object 𝑌 is assigned to a cluster with only itself in it. 
𝑖 

5 
2) Distance between any two clusters is measured. Then, the closest

pair of clusters are merged. 

3) Step 2–3 are repeated until all 𝑌 𝑖 are in one big cluster. 

The resulting tree structure is usually referred to as the dendro-

gram ( Fig. 5 ). The root of the dendrogram represents the entire

data, each leaf node represents one single object, and the height

of the dendrogram represents the distance between each pair of

clusters. Different data partitions can be obtained by cutting the

dendrogram at different heights. Note that there are three linkage

criterions, single-linkage, complete linkage, and average-linkage,

which have been widely used in measuring distance between two

clusters. The single linkage ( Andreopoulos et al., 2008 ) calculates

the shortest distance between two clusters, the complete linkage

( Andreopoulos et al., 2008 ) calculates the longest distance, and the

average linkage ( Andreopoulos et al., 2008 ) calculates the mean dis-

tance. The single linkage method can handle non-elliptical shape of

clusters, but can be affected by noise and outliers. The complete link-

age method is less sensitive to noise and outliers but tends to break

large clusters. The average linkage is a compromise between single-

linkage and complete linkage methods. Thus, the average linkage
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Fig. 5. Illustration of hierarchical clustering. (a) Original simulated dataset, (b) Dendrogram derived from hierarchical clustering, and (c) Clustering results obtained 

with a specific cutting height. Two clusters that were identified are marked with different colors. 
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(b) Ordering Points to Identify the Clustering Structure : OPTICS

 Ankerst et al., 1999 ) is one of the most popular density-based clus-

ering methods ( Kriegel et al., 2011 ) Given a distance threshold ( 𝜀 ) and

he minimum number of objects required to form a cluster ( 𝑀𝑖𝑛𝑃 𝑡𝑠 ),

bjects in high-density areas are grouped together, whereas objects in

parse areas, which are required to separate clusters, are usually consid-

red to be noise or outliers. OPTICS can discover clusters with arbitrary

hapes and has the ability to identify outlier objects that do not belong

o any of the clusters. 

In OPTICS, two variables are computed for each object in the dataset:

ore-distance and reachability-distance . Let 𝑁 𝜀 ( 𝑌 𝑖 ) represent the num-

er of nearby objects within 𝜀 (called 𝜀 − 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑), and 𝑀𝑖𝑛𝑃 𝑡𝑠 −
𝑖𝑠𝑡𝑎𝑛𝑐𝑒 ( 𝑌 𝑖 ) represent the distance from 𝑌 𝑖 to its 𝑀𝑖𝑛𝑃 𝑡𝑠 ’ neighbor. An

bject 𝑌 𝑖 is a core object if at least 𝑀𝑖𝑛𝑃 𝑡𝑠 objects are found with its
 t  

6 
 − 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑. The core-distance of 𝑌 𝑖 is defined as: 

𝑜𝑟𝑒 − 𝑑 𝑖𝑠 𝑡 𝜀, 𝑀𝑖𝑛𝑃 𝑡𝑠 

(
𝑌 𝑖 
)
= 

{ 

𝑈𝑛𝑑 𝑒𝑓𝑖𝑛𝑒𝑑 𝑖𝑓 𝑁 𝜀 

(
𝑌 𝑖 
)
< 𝑀𝑖𝑛𝑃 𝑡𝑠 

𝑀𝑖𝑛𝑃 𝑡𝑠 − 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 
(
𝑌 𝑖 
)
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

(1)

hich is the smallest distance for 𝑌 𝑖 to have 𝑀𝑖𝑛𝑃 𝑡𝑠 in its 𝜀 −
𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑. 

The reachability-distance of object 𝑌 𝑗 with respect to object 𝑌 𝑖 is de-

ned as: 

𝑟𝑒𝑎𝑐ℎ𝑎𝑏𝑖𝑙𝑖𝑡𝑦 − 𝑑𝑖𝑠 𝑡 𝜀, 𝑀𝑖𝑛𝑃 𝑡𝑠 

(
𝑌 𝑗 , 𝑌 𝑖 

)
= 

{ 

𝑈𝑛𝑑𝑒𝑓𝑖𝑛𝑒𝑑 𝑖𝑓 𝑁 𝜀 

(
𝑌 𝑖 
)
< 𝑀𝑖𝑛𝑃 𝑡𝑠 

𝑚𝑎𝑥 
(
𝑐𝑜𝑟𝑒 − 𝑑 𝑖𝑠𝑡𝑎𝑛𝑐𝑒 

(
𝑌 𝑖 
)
, 𝑑 𝑖𝑠𝑡 

(
𝑌 𝑗 , 𝑌 𝑖 

))
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

(2) 

here 𝑑𝑖𝑠𝑡 ( 𝑌 𝑗 , 𝑌 𝑖 ) is the distance measure (e.g., Euclidean distance) be-

ween 𝑌 𝑗 and 𝑌 𝑖 . The complete procedure of OPTICS is described below:
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Fig. 6. Illustration of OPTICS clustering. (a) Original simulated dataset, (b) reachability plot obtained from OPTICS, and (c) clustering results. Two clusters were 

identified corresponding to valleys in the reachability plot. 
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1) Choose one object 𝑌 𝑖 arbitrarily. 

2) Retrieve the 𝜀 − 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑 of 𝑌 𝑖 , determine the core-distance

of 𝑌 𝑖 , and set the reachability-distance of each object 𝑌 𝑗 in the

𝜀 − 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑 of 𝑌 𝑖 to undefined. 

3) If 𝑌 𝑖 is not a core object, go to step 5. Otherwise, go to step 4. 

4) For each object 𝑌 𝑗 in the 𝜀 − 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑 of 𝑌 𝑖 , update its

reachability-distance from 𝑌 𝑖 and insert 𝑌 𝑗 into an OrderSeeds list

if it has not been processed yet. 

5) If the input dataset is fully consumed and the OrderSeeds list is

empty, go to step 6. Otherwise, move on to the next object in the

OrderSeeds list (or the input list, if the OrderSeeds list is empty) and

go to step 2. 

6) Output core-distance, reachability-distance of each object, and pro-

cessed order. 

The data objects are plotted in the processed order together with

heir respective reachability-distance (called reachability plot) depicting

he hierarchical structure of the clusters. Since objects belonging to a

luster have a low reachability-distance to their nearest neighbor, the

lusters show up as valleys in the reachability plot (see Fig. 6 ). The final
7 
ata partition can be obtained by using a threshold on the reachability

lot. 

(C) Density Peak Clustering : recently Rodriguez and Laio (2014 ) pro-

osed a novel density-based clustering method (referred to as DPC)

ased on the idea that the cluster centers are characterized by a higher

ensity than their neighbors and by a relatively large distance from ob-

ects with higher densities. Like other density-based clustering methods,

.g., OPTICS, it has ability to detect arbitrarily shaped clusters and spot

utlier objects. Moreover, DPC outperforms commonly used clustering

ethods, e.g., k-means and hierarchical clustering, when the dataset

ontains complicated features such as narrow bridges between clusters,

neven-sized clusters, clusters with high overlap, etc. 

For each object 𝒀 𝒊 , two quantities are computed: local density 𝝆( 𝒀 𝒊 )
nd minimum distance with higher density 𝜹( 𝒀 𝒊 ) . 𝝆( 𝒀 𝒊 ) is defined as: (
𝒀 𝒊 

)
= 

∑
𝒊 

𝝌
(
𝒅 𝒊 𝒔 𝒕 

(
𝒀 𝒊 , 𝒀 𝒋 

)
− 𝒅 𝒄 

)
(3) 

here 𝒅 𝒄 is a cutoff distance, and 𝝌( 𝒚 ) can be computed by, 

( 𝒚 ) = 

{ 

1 𝒊 𝒇 𝒚 < 0 
0 𝒐 𝒕 𝒉 𝒆 𝑟 𝒘 𝒊 𝒔 𝒆 

(4) 
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Fig. 7. Illustration of DPC clustering. (a) Original simulated dataset, (b) Plot of 𝛿 as a function of 𝜌 for each object. Objects with larger 𝜌 and 𝛿 are cluster centers 

and objects with smaller 𝜌, and larger 𝛿 are outliers. (c) Clustering results. Two clusters were identified corresponding to two cluster centers in the decision graph. 
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From Eqs. (3) to (4) , it can be seen that 𝝆( 𝒀 𝒊 ) equals to the number

f objects within 𝒅 𝒄 with respect to object 𝒀 𝒊 . 𝜹( 𝒀 𝒊 ) is measured by, (
𝒀 𝒊 

)
= min 
𝒊 ∶ 𝝆

(
𝒀 𝒋 

)
> 𝝆( 𝒀 𝒊 ) 

𝒅 𝒊 𝒔 𝒕 
(
𝒀 𝒊 , 𝒀 𝒋 

)
(5)

For the object with highest density, 𝜹( 𝒀 𝒊 ) is conventionally set to, (
𝒀 𝒊 

)
= max 

𝒊 
𝒅 𝒊 𝒔 𝒕 

(
𝒀 𝒊 , 𝒀 𝒋 

)
(6)

Note that if 𝒀 𝒊 is local or global maxima in the density, 𝜹( 𝒀 𝒊 ) will be

uch larger than its typical nearest neighbor. Thus, objects with larger

and 𝜹 are considered as cluster centers, whereas objects with smaller

and larger 𝜹 are considered as outliers. Other objects are assigned to

he same cluster as their nearest neighbor of higher density (see Fig. 7 ).

(d) Input Parameter Optimization : In each clustering method, there

re several user-specified input parameters, which can significantly af-

ect the shape of the cluster and the number of the cluster ( Fig. 8 ).
8 
or hierarchical method, the cutting height of the dendrogram needs

o be specified and the number of clusters varies with different cutting

eights. For OPTICS, 𝜺 can simply be set to the maximum possible value,

nd Ankerst et al. (1999 ) showed that for 𝑴 𝒊 𝒏 𝑷 𝒕 𝒔 using values between

0 and 20 would always lead to good results. However, the threshold for

he reachability plot, which is used to extract clusters, still needs to be

roperly determined. For DPC, 𝒅 𝒄 can be chosen based on the rule that

he average number of neighbors is around 1–2% of the total number

f objects in the data set ( Rodriguez and Laio, 2014 ). A threshold for

and 𝜹 needs to be defined to distinguish cluster centers, borders, and

utliers. In this study, the average silhouette index ( Rousseeuw, 1987 )

as employed to determine the optimal values of these parameters. As-

ume the data have been clustered via any clustering algorithm, such as

PTICS, into K clusters. For each object 𝒀 𝒊 , let 𝒂 ( 𝒀 𝒊 ) represent the av-

rage distance of 𝒀 𝒊 with all other object in the same cluster, and 𝒃 ( 𝒀 𝒊 )
epresent the smallest average distance of 𝒀 𝒊 to any other cluster, of
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Fig. 8. Illustration of dependency of clustering results on input parameters. Take hierarchical clustering as an example. With a relatively high cutting height (a), 

two clusters (red and blue) were identified (b). As cutting height was reduced (c), one big cluster (red) was separated into two smaller clusters (d). 
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hich 𝒀 𝒊 does not belong to. Then the silhouette index of 𝒀 𝒊 is defined

s: 

 

(
𝑿 𝒊 

)
= 

𝒃 
(
𝒀 𝒊 

)
− 𝒂 

(
𝒀 𝒊 

)
𝐦𝐚𝐱 

{
𝒂 
(
𝒀 𝒊 

)
, 𝒃 

(
𝒀 𝒊 

)} (7)

From Eq. (7) , it can be seen that 𝒔 ( 𝒀 𝒊 ) is bounded between − 1 and

. If 𝒀 𝒊 has been assigned to a “correct ” cluster, 𝒔 ( 𝒀 𝒊 ) will be close to

. Contrarily, if 𝒀 𝒊 has been assigned to a “wrong ” cluster, 𝒔 ( 𝒀 𝒊 ) will be

lose to − 1. 𝒔 ( 𝒀 𝒊 ) will be close to 0, if 𝒀 𝒊 is located on the border of two

atural clusters. By computing the average 𝒔 ( 𝒀 𝒊 ) over all objects in the

ntire dataset, the accuracy of the clustering results can be quantified. 

With the average silhouette index as the optimization criterion, a

grid search ” ( Bergstra and Bengio, 2012 ) method was applied on de-

ermining the optimal value of each parameter. The optimal number of

lusters can be determined simultaneously. For example, in OPTICS, we

tarted with a relatively high threshold for the reachability-plot. In each

teration, the threshold was reduced by a small amount and the aver-

ge 𝒔 ( 𝒀 𝒊 ) was computed and recorded based on the current partition.

he iteration continues until the threshold was smaller than a specified

aseline, e.g., the average reachability-distance of the reachability-plot.

he optimal threshold was then determined as the one with the largest

verage 𝒔 ( 𝒀 𝒊 ) . The same iterative procedure was applied to hierarchical

lustering to determine optimal cutting height of dendrogram, and to

PC to determine the optimal threshold of 𝝆 and 𝜹. 
T  

9 
.5. Feature selection and cluster identification 

The clustering accuracy is often lower in high dimensional feature

pace, which may be because most of features in the dataset may be

rrelevant, redundant, or sometimes may even misguide results. More-

ver, a large number of features make the clustering results difficult to

nterpret. Therefore, a feature selection method is required to improve

he clustering accuracy. For supervised learning, feature selection can

e trivial, i.e., only the features that are related to the given cluster la-

els are maintained. Nevertheless, for unsupervised learning, the cluster

abels are unknown. Thus, finding the relevant subset of features and

lustering the subset of the data must be accomplished simultaneously.

Assuming d to be the initial number of features, an exhaustive search

f 2 𝒅 possible subsets need to be examined, which is computationally ex-

ensive. Therefore, in this study an alternative GA based method was

pplied to determine the optimal subset of features, as well as the op-

imal clustering results. The average silhouette index was used as the

ptimization criteria. 

As one of the most popular search heuristic methods, GA has been

idely used in generating solutions to optimization and searching prob-

ems ( Yang and Honavar, 1997 ; Shahamat and Pouyan, 2015 ). Different

rom single-state methods (only one solution is evaluated at a time), e.g.,

imulated annealing, hill climbing, etc., GA is a “population ” method

hat maintains a set of solutions evolving toward an optimal solution.

he evolution usually starts from a population of randomly generated
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Fig. 9. Flowchart of GA for feature selection. In 

the 𝑴 -by- 𝒅 matrix, each row represents a can- 

didate solution, describing a subset of selected 

features. Each of the 𝒅 bits in a row represents 

whether a feature is selected (1) or discarded (0). 
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as the output. 
olutions. In each iteration (or so called “generation ”), “survivor solu-

ions ” with larger values of optimization criteria, i.e., the average sil-

ouette index, are selected to form a new generation of solutions. These

urvival solutions can be generated from the crossover, which produced

ew solutions by randomly combining two current solutions, mutations,

hich randomly changes new solutions with a small probability, or from

he initial population. The new generation of solutions is then used in

he next iteration of the algorithm. Conventionally, the algorithm ter-

inates when the best solution cannot be improved any further. 

In this study, an array of 𝒅 bits was used to represent the selected

ubset of features and the population size is represented using 𝑴 . Each

it in the array indicates the activation status of one specific feature: 1

ndicates selected and 0 indicated discarded. The complete procedure of

A is described below ( Fig. 9 ): 

1) Initialization: 400 candidate solutions were generated by randomly

setting 1 or 0 for each bit in vectors. 
10 
2) Crossover: two candidate solutions A and B were randomly selected

from the current population. A value v between 1 and 𝒅 was ran-

domly selected. Then a new solution was formed by combining the

feature bits 1 to v from A and feature bits v + 1 to 𝒅 from B. 

3) Mutation: for each new generated solution, a mutation was applied

by reversing bits in the vector with a probability of 0.1. 

4) Evaluation: the clustering method was applied on each candidate so-

lution (i.e., a subset of selected features), and the average silhouette

index was computed for each obtained partition. 

5) Selection: 280 solutions resulting in high average silhouette index

were selected along with 120 solutions randomly selected from the

rest of the solution (to increase the diversity of the population). 

6) If the result did converge, i.e., the average silhouette index of the best

solution in the population keep increases, we iterated back to step 2.

Otherwise, the clustering result with the largest average silhouette

index and the corresponding selected subset of features were saved
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Fig. 10. Anatomical anterior-posterior segmentation 

used in this study. (Coordinates are in MNI space). 
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.6. Volume level clustering 

In order to determine whether characterizing layer-specific mi-

rocircuits using ultra-high field fMRI provides any advantages over

onventionally computed voxel-level connectivity, the same cluster-

ng procedure enumerated above was also performed on the FC com-

uted between hippocampal and DAN/DMN voxels during encod-

ng/retrieval tasks. Specifically, let 𝒀 = { 𝒀 1 , ⋯ , 𝒀 𝒊 , ⋯ , 𝒀 𝑵 } repre-

ent a set of 𝑵 objects, i.e., number of hippocampal voxels. 𝒀 𝑖 =
 𝑌 𝑖 1 , 𝑌 𝑖 2 , ⋯ , 𝑌 𝑖𝑑 ) ∈ ℝ 

𝑑 , where 𝒅 equals to the number of FC features com-

uted between hippocampal voxels and voxels in the DAN/DMN, re-

pectively. Subsequently, the same clustering and feature selection pro-

ess was repeated on encoding and retrieval tasks, DAN and DMN ROIs,

eparately. 

.7. Comparison with anatomical anterior-posterior segmentation 

In this study, clusters were identified based on the DAN/DMN-

ippocampal FC during encoding/retrieval tasks, respectively. This pro-

ided a functional parcellation of the hippocampus, which was com-

ared with anatomically delineated anterior and posterior hippocampal

egments. 

The hippocampus can be anatomically separated into head, body,

nd tails, with the head and body being considered as anterior, and

he tail being considered as the posterior part. Various methods, such

s landmark-based segmentation ( Poppenk et al., 2013 ), percentile-

ased axis segmentation ( Hackert et al., 2002 ; Greicius et al., 2003 ), a

alairach/MNI coordinate-based segmentation ( Poppenk et al., 2013 ),

ave been used to define the anterior and posterior regions of the hip-

ocampus. We employed the Talairach/MNI coordinate-based segmen-

ation ( Poppenk et al., 2013 ) which chose y = − 21 in MNI space ( y = − 20

n Talairach space) as the border between anterior and posterior seg-

entations as shown in Fig. 10 . This coordinate corresponds to the un-

al apex, which is considered as the end of the posterior portion of the

ippocampus ( Destrieux et al., 2013 ). 

Let 𝑨 = { 𝑨 1 , 𝑨 2 , ⋯ , 𝑨 𝑴 

} represent m anatomical parcels, and 𝑭 =
 𝑭 1 , 𝑭 2 , ⋯ , 𝑭 𝑴 

} denote n functional parcels identified by applying

lustering methods on FC features. The similarity between these two

arcellations was then quantified using Torres’ method ( Torres et al.,

008 ). The similarity matrix for A and F is an 𝒎 × 𝒏 matrix defined as:
11 
 𝑨 , 𝑭 = 

⎡ ⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

𝑺 11 

𝑺 𝒊 1 

𝑺 𝒎 1 

…

…

…

𝑺 1 𝒋 
⋮ 
𝑺 𝒊 𝒋 
⋮ 
𝑺 𝒎 𝒋 

…

…

…

𝑺 1 𝒏 

𝑺 𝒊 𝒏 

𝑺 𝒎 𝒏 

⎤ ⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 
(8) 

here 𝑺 𝒊 𝒋 = 𝒊 ∕ 𝒖 , which is Jaccard’s Similarity Coefficient with 𝒊 being

he size of intersection and 𝒖 being the size of the union of cluster sets

 𝒊 and 𝑭 𝒋 . The similarity of parcellations 𝑨 and 𝑭 is then defined as: 

 𝒊 𝒎 ( 𝑨 , 𝑭 ) = 

∑
𝒊 ≤ 𝒎 , 𝒋 ≤ 𝒏 𝑺 𝒊 𝒋 

𝒎 𝒂 𝒙 ( 𝒎 , 𝒏 ) 
(9) 

From Eqs. (8) to (9) , it can be seen that 0 ≤ 𝑺 𝒊 𝒎 ( 𝑨 , 𝑭 ) ≤ 1 , and

 𝒊 𝒎 ( 𝑨 , 𝑭 ) = 1 when two parcellations are identical. 

The entire analysis pipeline proposed for investigating functional

ifferentiation of the hippocampus and layer-specific microcircuitry

etween the hippocampus and the DAN and DMN during encod-

ng/retrieval tasks are illustrated in Fig. 2 . 

. Results 

The optimal values of each input parameter determined for the three

lustering methods are presented Tables 1 and 2 for layer-level and

olume-level clustering, respectively. Using each clustering method, the

ippocampal voxels were clustered into two different functional parcels

ased on their FC with (1) layer V of the DAN/DMN during the encod-

ng task, and (2) layer II of the DAN/DMN during the retrieval task. This

as true across methods. The obtained clusters were then mapped back

o the image space and the resulting hippocampal parcels were overlaid

n the anatomical image for the visualization. 

Similar hippocampal parcellations were discovered using their FC

ith layer V of the DAN/DMN during the encoding task and layer II of

he DAN/DMN during the retrieval task, and the average cluster similar-

ty between DPC and hierarchical clustering, between DPC and OPTICS,

nd between hierarchical clustering and OPTICS, were 0.93, 0.95, and

.92, respectively. For illustration, the clustering results obtained using

he DPC method are shown in Fig. 11 . The clustering results obtained

sing hierarchical clustering and OPTICS are shown in Supplementary

nformation Figs. S.1 and S.2. From Fig. 11 , it can be seen that the hip-

ocampus showed an anterior-posterior gradient along the long-axis,
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Table 1 

Estimated optimal values of each input parameter in layer-specific clustering. h: cutting height, and s: 

reachability threshold. 

Method Name Parameter Left Hippocampus 

DAN DMN 

Encoding Layer V Retrieval Layer II Encoding Layer V Retrieval Layer II 

DPC 𝝆 9.03 7.13 8.29 8.50 

𝜹 3.15 2.82 3.14 3.04 

Hierarchical h 1.16 1.15 1.15 1.15 

OPTICS s 0.55 0.50 0.53 0.25 

Fig. 11. Clusters of hippocampal voxels determined (using the DPC method) based on their functional connectivity with (1) layer V of the DMN/DAN during the 

encoding task, and (2) layer II of the DMN/DAN during the retrieval task. (Coordinates are in MNI space). 

Table 2 

Estimated optimal values of each input parameter in volume-level clustering. h: 

cutting height, and s: reachability threshold. 

Method 

Name Parameter 

Left Hippocampus 

DAN DMN 

Encoding Retrieval Encoding Retrieval 

DPC 𝝆 7.59 6.38 5.61 7.93 

𝜹 0.09 0.13 0.18 0.12 

Hierarchical h 1.15 1.15 1.16 1.15 

OPTICS s 0.39 0.06 0.002 0.03 
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hich is consistent with the anatomical anterior-posterior segmentation

 Fig. 10 ). 

To quantitatively characterize the identified clusters, the cluster

imilarity between our functionally obtained hippocampal parcels and

natomically defined anterior-posterior parcels ( Fig. 10 ) was computed.

he mean correlation between hippocampal voxels and selected vertices

using GA-based feature selection method) in layer V of the DAN/DMN

during the encoding task) and the layer II of the DAN/DMN (during

he retrieval task) was also computed within anterior and posterior hip-

ocampal regions ( Table 3 ). 
12 
For the left hippocampus, during the encoding task, the average clus-

er similarity, over different clustering methods, between functional and

natomical parcellations for layer V of the DAN and DMN was 0.70 and

.70, respectively. The absolute correlation observed between layer V

f the DAN and the hippocampus was significantly larger than that be-

ween layer V of the DMN and the hippocampus as the p-values shown

n Table 4 , which is in line with our second hypothesis. A one-tailed

-sample t -test was conducted to test whether the correlation of layer

 of the DAN with the anterior hippocampal regions was significantly

arger than that with the posterior hippocampal regions. The p-values

btained for different clustering methods were all close to 1, which did

ot provide evidence to support our third hypothesis for DAN part. 

During the retrieval task, the average cluster similarity between func-

ional and anatomical parcellations for layer II of the DAN and DMN was

.70 and 0.77, respectively. The absolute correlation obtained between

ayer II of the DMN and the hippocampus was significantly larger than

hat between layer II of the DAN and the hippocampus as the p-values

hown in Table 5 , which was consistent with our second hypothesis. In

ddition, the correlation between layer II of the DMN and the posterior

ippocampal regions was significantly larger than that with the anterior

ippocampal regions (one-tailed 2-sample t -test; p < 0.001 for different

lustering methods), considering the sign of the correlation. This result

as in line with our third hypothesis for DMN part. 
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Table 3 

Cluster similarity between functional and anatomical anterior-posterior parcellations using different clustering methods and mean correlation obtained within each 

cluster on the left side of the hippocampus. 

Clustering 

Method 

Feature 

Type 

Task 

Name 

DAN DMN 

Correlation 

Sim. 

Correlation 

Sim. 
Anterior Posterior Anterior Posterior 

DPC Layer- 

specific 

Encoding Layer V) − 0.36 0.36 0.70 − 0.13 0.16 0.70 

Retrieval (Layer II) 0.09 − 0.06 0.73 − 0.39 0.31 0.77 

Volume- 

level 

Encoding 0.20 0.04 0.69 0.02 0.12 0.69 

Retrieval 0.30 0.33 0.74 − 0.01 − 0.02 0.74 

Hier. Layer- 

specific 

Encoding Layer V) − 0.36 0.35 0.70 − 0.13 0.16 0.70 

Retrieval (Layer II) − 0.14 0.11 0.63 − 0.41 0.34 0.77 

Volume- 

level 

Encoding 0.48 − 0.17 0.68 0.51 − 0.18 0.69 

Retrieval 0.08 − 0.05 0.72 0.01 0.02 0.74 

OPTICS Layer- 

specific 

Encoding Layer V) − 0.35 0.34 0.70 − 0.09 0.10 0.70 

Retrieval (Layer II) − 0.14 0.07 0.73 − 0.36 0.27 0.77 

Volume- 

level 

Encoding 0.51 − 0.18 0.69 0.02 0.03 0.71 

Retrieval − 0.33 0.41 0.57 0.21 − 0.09 0.74 

Table 4 

Comparison of the absolute correlations obtained between the DAN with the hippocampus and the DMN with the hippocampus during the encoding task by 

conducting one-tailed two-sample t -test ( 𝑯 0 : correlation of DAN and the hippocampus ≤ correlation of the DMN and the hippocampus). 

Feature 

Type 

Clustering 

Method 

Left Hippocampus 

Mean Absolute Correlation 

P-value 
DAN DMN 

Anterior Posterior Anterior Posterior Anterior Posterior 

Layer- 

specific 

(Layer V) 

DPC 0.39 0.39 0.34 0.35 < 0.001 0.005 

Hierarchical 0.38 0.39 0.34 0.35 0.004 0.009 

OPTICS 0.37 0.38 0.34 0.35 0.002 0.007 

Volume- 

level 

DPC 0.51 0.18 0.51 0.18 0.500 0.500 

Hierarchical 0.48 0.17 0.51 0.18 0.750 0.564 

OPTICS 0.51 0.18 0.45 0.19 0.170 0.507 

Table 5 

Comparison of the absolute correlations obtained between the DMN with the hippocampus and the DAN with the hippocampus during the retrieval task by 

conducting one-tailed two-sample t -test ( 𝑯 0 : correlation of the DMN with the hippocampus ≤ correlation of the DAN and the hippocampus). 

Feature 

Type 

Clustering 

Method 

Left Hippocampus 

Mean Absolute Correlation 

P-value 
DAN DMN 

Anterior Posterior Anterior Posterior Anterior Posterior 

Layer- 

specific 

(Layer II) 

DPC 0.37 0.37 0.51 0.41 < 0.001 0.002 

Hierarchical 0.34 0.38 0.51 0.41 < 0.001 0.023 

OPTICS 0.45 0.28 0.50 0.40 0.015 < 0.001 

Volume- 

level 

DPC 0.32 0.30 0.35 0.24 0.298 0.932 

Hierarchical 0.23 0.27 0.31 0.28 0.053 0.444 

OPTICS 0.33 0.41 0.32 0.26 0.540 0.973 
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For volume level analysis, i.e. clustering of hippocampal voxels based

n their FC with voxels in DAN/DMN volume (as opposed to layer II and

ayer V of the DAN/DMN as before), similar parcellations were discov-

red using different clustering methods, and the average cluster similar-

ty between DPC and hierarchical clustering, between DPC and OPTICS,

nd between hierarchical clustering and OPTICS, were 0.96, 0.88, and

.87, respectively. For illustration, the clustering results using DPC are

hown in Fig. 12 , and the clustering results using hierarchical cluster-

ng and OPTICS are shown in supplementary information (Figs. S.3 and

.4). 

As shown in Fig. 12 , an anterior-posterior gradient was obtained as

ell. The cluster similarity between functional and anatomical parcel-

ations, and the mean correlation within anterior and posterior regions

ere also computed for volume level clustering. As shown in Table 3 ,

he average cluster similarity for the DAN (during the encoding task)

nd the DMN (during the retrieval task) were 0.69 and 0.74, respec-
13 
ively, which were qualitatively less than the value obtained using the

ayer-specific data. During the encoding task, the correlation between

AN and the hippocampus was not significantly greater than the cor-

elation between DMN and the hippocampus ( p > 0.05) for all three

lustering methods ( Table 4 ), whereas during the retrieval task, the

orrelation between DMN and the hippocampus was not significantly

reater than the correlation between DAN and the hippocampus for all

hree methods ( Table 5 ). This result was different from the result ob-

ained using layer-specific data. It was also contradictory to our second

ypothesis. The correlations between anterior and posterior hippocam-

al regions with DAN/DMN for encoding/retrieval tasks were also com-

ared using one-tailed 2-sample t -test. During the encoding task, the p-

alues obtained for DPC, hierarchical, and OTPICS were 0.019, < 0.001,

nd 0.02, respectively, whereas during the retrieval task, the p-values

btained for these three methods were 1, 1, and 0.436, respectively.

his result provided evidence for our third hypothesis for only the
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Fig. 12. Clusters of hippocampal voxels determined (using the DPC method) based on their functional connectivity DMN/DAN volume during encoding and retrieval 

tasks. (Coordinates are in MNI space). 
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AN part considering the sign of the correlation, not for the DMN

art. 

. Discussion 

In this work, we investigated functional differentiation of the

ippocampus and the connectivity between the hippocampus and

AN/DMN regions during encoding/retrieval tasks. Given the predic-

ions obtained from the HIPER/HERNET model and known anatomical

athways between these networks and the hippocampus, we tested four

ypotheses as described in the Introduction section. In order to do so,

e investigated the connectivity between the hippocampus and layer V

f the DAN during the encoding task, and between the hippocampus and

ayer II of the DMN during the retrieval task. The proposed first, second

nd fourth hypotheses were confirmed, whereas the third hypothesis

as partially confirmed for DMN part (considering sign of the correla-

ion), not for DAN part. The discussion of results is organized as follows.

irst, we discuss the results obtained by the validation of the anterior-

osterior differentiation of the hippocampus using the FC between (1)

ippocampal voxels and layer V of the DAN during the encoding task,

nd (2) hippocampal voxels and layer II of the DMN during the retrieval

ask. Second, we discuss the connectivity between the hippocampus and

he DAN/DMN during encoding/retrieval tasks. Third, we discuss the

ayer-specific functional microcircuits between the layer V of the DAN

nd the hippocampus during the encoding task, and between the layer II

f the DMN and the hippocampus during the retrieval task. Fourth, we

iscuss the importance of ultra-high field functional neuroimaging in de-

eloping accurate and robust models of functional connectivity. Finally,

e discuss the functional differentiation of the hippocampus along the

ong-axis. 

.1. Anterior-Posterior functional differentiation of the hippocampus 

The idea that the anterior and posterior parts of the hippocampus

ay serve different functions emerged half a century ago ( Nadel, 1968 ).
14 
ore recently, Robinson et al. (2015 ) conducted meta-analyses and

ound an anterior-posterior long-axis segmentation on both the left and

ight hippocampi. Duarte et al. (2014 ) studied functional specializa-

ion of the hippocampus using fMRI and a virtual reality 3D paradigm.

hey found a functional dichotomy whereby the anterior/posterior hip-

ocampus shows antagonistic processing patterns for spatial encod-

ng and retrieval of 3D spatial information. Prince et al. (2005 ) also

rovided evidence for an anterior-posterior parcellation that corre-

ponded to encoding/retrieval processes. Not just in the hippocampus,

ut Wang et al. (2016 ) showed this to be true in other regions of the me-

ial temporal lobe, such as the perirhinal cortex (PRC) as well. Specif-

cally, they showed preferential functional connection of the anterior

RC with the DAN and the posterior PRC with the DMN. 

In this study, the functional specialization of the hippocampus has

een investigated by using unsupervised clustering of functional con-

ectivity between the hippocampus and layer II/V of the DAN/DMN

uring encoding/retrieval processes, respectively. Our results yielded a

onsistent anterior-posterior long-axis parcellation, which showed high

luster similarity across clustering methods based on completely differ-

nt principles. This result indicates that during the encoding/retrieval

rocesses, there is a robust anterior-posterior functional differentiation

long the long-axis of the hippocampus. 

.2. Layer-specific connectivity between the DAN/DMN and hippocampus 

The anatomical pathways between the hippocampus and DAN/DMN

ave been studied using invasive animal models by many researchers

 Sugar et al., 2011 ; Thomson and Bannister, 2003 ; Thomson and

amy, 2007 ). During an encoding task, deeper infra-granular lay-

rs (specifically, layer V) of the DAN project to the hippocampus,

hereas the hippocampal output reaches primarily more superficial

upra-granular layers (specifically, layer II) of the DMN. This layer-

pecific organization has also been reported by many anatomical stud-

es. However, it has never been directly investigated using connectivity

ased non-invasive methods in humans. 
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f  
This layer-specific pathway between the hippocampus and

AN/DMN is not exclusive since pathways which originate/terminate

n other layers of the cortex may also contribute to the hippocampal

nput or output. This is not surprising given the highly complex

nderlying microcircuitry and given that signals between any two

rain regions can relay via multiple structures including the thalamus.

owever, the pathways between the hippocampus and layers II and

 of the DMN/DAN seem to be the dominant ones based on prior

nvasive animal literature ( Shepard and Grillner, 2010 ; Thomson and

amy, 2007 ) and therefore we have chosen to test them in this study. 

We investigated the connectivity between the hippocampus and

he DAN/DMN using FC between layer V of the DAN/DMN and the

ippocampus during the encoding task, and between layer II of the

AN/DMN and the hippocampus during the retrieval task. During the

ncoding task, the correlation observed between layer V of the DAN and

he hippocampus was significantly larger than that between layer V of

he DMN and the hippocampus. Contrarily, during the retrieval task, the

orrelation obtained between layer II of the DMN and the hippocampus

as significantly larger than that between layer II of the DAN and the

ippocampus. Together, these findings provide evidence that the output

rom layer V of the DAN likely drives the hippocampus during encoding,

hereas during retrieval, the output from the hippocampus is likely re-

ayed as inputs to layer II of the DMN. Given that Pearson’s correlation

s a directionless quantity, our inference of directionality is indirect at

est, based on known directionality of the underlying anatomical pro-

ections. 

.3. Layer-specific functional pathway between the DAN/DMN and 

ippocampus 

Considering the directionality of signal projection during encod-

ng/retrieval processes and the HERNET model, the information flow

etween different layers of the DAN/DMN and different regions of the

ippocampus should follow the pattern: layer V of the DAN → anterior

ippocampus → posterior hippocampus → layer II of the DMN. Thus,

e hypothesized that during an encoding task, layer V of the DAN mush

how stronger correlation with anterior hippocampal regions than with

osterior hippocampal regions, whereas during retrieval task, layer II of

he DMN must exhibit stronger correlation with posterior hippocampal

egions than with anterior hippocampal regions. Our results provide par-

ial support for this hypothesis, i.e., only the DMN part was confirmed

uring retrieval task considering the sign of the correlation (negative in

nterior, positive in posterior), but not for DAN part during encoding

ask. However, if we only consider the magnitude of the correlation ig-

oring its sign, the third hypothesis was not true for both the DAN and

MN part. 

.4. High-resolution functional imaging: layer vs volume data 

Recent advances in ultra-high field fMRI have provided a non-

nvasive way of investigating cortical columns. This technique provides

everal advantages over conventional field strengths, e.g., improved spa-

ial resolution, increased signal to noise ratio, etc. More importantly,

his technique makes it feasible to examine layer-specific brain activa-

ion across different brain areas. Several recent studies have showed that

nvestigating changes in fMRI activation as a function of laminar depth

an lead to more precise results ( Olman et al., 2012 ; Kok et al., 2016 ). In

his study, we investigated functional differentiation of the hippocam-

us along the long-axis using unsupervised clustering of layer-specific

unctional connectivity between the hippocampus and the DAN/DMN

egions. The same clustering process was also applied on the func-

ional connectivity between the hippocampus and the DAN/DMN vol-

me. As we expected, the layer-specific data led to more definitive re-

ults, i.e., the proposed first, second and forth hypotheses were con-

rmed, whereas the third hypothesis was partially confirmed for DMN

art (considering sign of the correlation), not for DAN part. However,
15 
sing volume-level data, only the first hypothesis was confirmed and the

hird hypothesis (only for DAN part with sign of the correlation being

onsidered) was partially confirmed. Therefore, it is important to note

he relevance of high-resolution functional neuroimaging as the field

rogresses toward developing more accurate and robust network mod-

ls of brain function in general and hippocampal function in specific. 

.5. Long-axis differentiation of the hippocampus 

Recent evidence has suggested that there is an anterior-posterior

unctional differentiation of the hippocampus along the long-axis. In

epage’s HIPER model ( Lepage et al., 1998 ) and more recently Kim’s

ERNET mode ( Kim, 2015 ), the anterior and posterior hippocampus

re posited to be more associated with encoding and retrieval pro-

esses, respectively. This encoding/retrieval dichotomy faced conflict-

ng evidence from some meta-analyses and studies. Schacter and Wagner

1999 ) reviewed data from diverse fMRI studies and observed that both

he anterior and posterior hippocampal regions were associated with

he encoding activation. Kumaran and Maguire (2006 ), Poppenk et al.

2008 ), and Zweynert et al. (2011 ) found that most encoding studies

sed novel stimuli, which were associated with the anterior hippocam-

us. On the other hand, Poppenk et al., 2010 a 2010 b) observed that

amiliar stimuli were associated with the posterior hippocampus and

uperior source memory. Together, these studies suggest that the en-

oding/retrieval differentiation cannot rely on findings that link the an-

erior/posterior hippocampus to novel/familiar stimuli. 

Although the encoding/retrieval dichotomy is predominant in hu-

ans, many alternative specializations have also been proposed. A

otivational processing model has been proposed with the ante-

ior hippocampus being mainly engaged in “hot ” processing (emo-

ion/motivation), whereas the posterior hippocampus being mainly

ssociated with “cold ” processing (cognition) ( Murty et al., 2011 ).

obinson et al. (2015) (2016) . also found support for this hypothesis

ased on hippocampal parcellations obtained from meta-analyses, rest-

ng state fMRI connectivity and diffusion tensor imaging (). However,

olosin et al. (2012 ) found that the posterior hippocampus also con-

ributed to negative emotional memory. Some other studies have pro-

osed that the posterior hippocampus is especially important for spa-

ial processing, whereas the anterior hippocampus may be important for

pisodic memory or other functions ( Ryan et al., 2010 ; Hirshhorn et al.,

012 ). This model was undercut by evidence that the anterior hippocam-

us also plays a spatial role ( Woollett and Maguire, 2012 ). 

In this study, our results provided partial support for

IPER/HERNET model. The strength of evidence in favor of the

ERNET model was superior with layer-specific data compared to

onventional volume data. A consistent anterior to posterior long-axis

egmentation was found during encoding/retrieval tasks. We also found

hat during an encoding task, the hippocampus was more correlated

ith the layer V of the DAN, whereas during a retrieval task, the

ippocampus was more associated with layer II of the DMN. However,

e did not find support for stronger correlation of layer V of the DAN

nd the anterior portions during the encoding task. Our results also

id not support the prediction of stronger correlation of layer II of

he DMN and the posterior hippocampal segments during the retrieval

ask (ignoring the sign of the correlation). Together, these results

uggest that the underlying neurophysiology of the hippocampus

nd its interaction with the neocortex under various neurocognitive

ontexts is far more complex than relatively simplistic models currently

vailable. Our study demonstrates that it will take better quality data

n terms of spatial-temporal resolution in order to build better models

f hippocampal function and specialization. 

.6. Limitations 

The present study has a few limitations that may be addressed in

uture research. First, in this study, the cortical layers were delineated
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sing the equidistant model ( Khan et al., 2011 ), i.e., the cortical layers

ere reconstructed at a relatively fixed distance to the cortical interface.

n alternative way is to solve the Laplace equation within the interfaces

f the cortex and generate cortical profiles along the gradient of the so-

ution. This model is the so called “Laplace model ”, which was proposed

y Jones et al. (2000 ). Recently, Waehnert et al. (2014 ) proposed a novel

quivolume model, which was claimed to have better performance than

oth the equidistant model as well as the Laplace model. Future work

hould evaluate the performance of this equivolume model. If found to

e superior, the results presented in this work need to be replicated with

ore accurate reconstructions of cortical layers. 

Second, our results consistently showed an anterior-posterior gra-

ient in the left hippocampus by using the functional connectivity be-

ween the hippocampus and layer II/V of DAN/DMN ROIs during encod-

ng/retrieval processes, respectively. This pattern was consistent with

ncoding/retrieval dichotomy that was proposed by HIPER/HERNET

odel. However, this pattern faced conflicting evidence from other stud-

es ( Schacter and Wagner, 1999 ). In addition, many alternative special-

zations have also been proposed, explaining the anterior-posterior seg-

entation in different perspectives, e.g., motivational processing model

 Murty et al., 2011 ), etc. Given the complexity of underlying neuro-

hysiology of the hippocampus and its interaction with neocortex under

arious neurocognitive contexts, it might be beneficial to find a way to

econcile different hippocampal models. 

Third, in this study, all hypotheses were validated only on the left

ippocampus. Our task involved factual memories of objects, pictures of

cenes, and words, which likely preferentially recruits the left hippocam-

us ( Burgess et al., 2002 ; Glosser et al., 1995 ). However, it is necessary

o replicate the same on the right hippocampus, using tasks that prefer-

ntially activate the right hippocampus, to obtain more comprehensive

nd complete results. This should be done in future work. 

Fourth, we explore the hypotheses both by considering and ignoring

he sign of the correlation. This creates two different scenarios under

hich the hypotheses are considered. While this is not ideal, it is ne-

essitated because arguments in favor of both approaches exist in the

iterature. Those in favor of using the sign argue about the so called

ntagonistic relationship between DMN and DAN and its relevance for

rain function in health and disease ( Owens et al., 2020 ). However, this

elevance is neither straight-forward nor universal as the proponents

hemselves acknowledge in ( Owens et al., 2020 ): “These findings indi-

ate a complicated relationship between DMN/DAN anticorrelation and

emographics, neuropsychological function, and psychiatric problems ”.

hose against using the sign argue that linear association between sig-

als is important and we cannot over-emphasize the sign of the cor-

elation between signals given that two signals may have a strong lin-

ar relationship and yet may exhibit negative correlation due to phase

ifferences. Further, recent reports indicate a dissociation between glu-

ose metabolism and blood oxygenation in the DMN ( Stiernman et al.,

021 ), which makes it difficult to (over) interpret the sign. In fact, using

imultaneous PET/fMRI, Stiernman et al. (2021 ) convincingly demon-

trate that task-positive and -negative BOLD responses (especially in

he DMN/DAN system) do not reflect antagonistic patterns of synaptic

etabolism. Given this ambiguity in the literature, we have presented

esults both with and without the sign as we do not want to take sides in

his debate. Once the debate is settled in the literature, the correspond-

ng results in our manuscript automatically become more relevant. 

. Conclusion 

As one of the most important components in the brain of different

pecies, the hippocampus plays crucial role in episodic memory and

patial navigation. Recent neuroimaging evidence suggests that there

ay be an anterior-posterior functional specialization of the hippocam-

us along the long-axis. Moreover, Lepage’s HIPER model and Kim’s

ERNET model indicated that the anterior and posterior hippocampal

egions were associated with memory encoding and retrieval, respec-
16 
ively. This model received support from many meta-analyses studies,

ut it also faced conflicting evidence from the outset. 

In this study, we investigated the functional differentiation of the

ippocampus using their functional connectivity with layer II/V of

he DAN/DMN ROIs during encoding and retrieval processes. Given

IPER/HERNET model and anatomical layer-specific connection be-

ween the hippocampus and the DAN/DMN, four hypotheses were

lso proposed. Our results revealed a consistent anterior-posterior pat-

ern, which showed high cluster similarity with an anatomical anterior-

osterior segmentation. Meanwhile, the results demonstrated that dur-

ng an encoding task, the hippocampus was more correlated with the

ayer V of the DAN, whereas during a retrieval task, the hippocampus

as more associated with layer II of the DMN. However, we did not find

upport for stronger correlation of layer V of the DAN and the anterior

ortions during the encoding task, neither with stronger correlation of

ayer II of the DMN and the posterior portions during the retrieval task

ignoring the sign of the correlation). 

The same clustering process was also applied on volume-level data

n comparison with layer-specific data. As we expected, the results pro-

ided by layer-specific data were more definitive, which suggested that

t is necessary to use a better quality data, in terms of spatial-temporal

esolution, to build more precise and robust models of hippocampal

unction. 
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