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Key questions for understanding hippocampal function in memory and navigation in humans are the type and source of visual 
information that reaches the human hippocampus. We measured bidirectional pairwise effective connectivity with functional magnetic 
resonance imaging between 360 cortical regions while 956 Human Connectome Project participants viewed scenes, faces, tools, or 
body parts. We developed a method using deterministic dynamical graphs to define whole cortical networks and the flow in both 
directions between their cortical regions over timesteps after signal is applied to V1. We revealed that a ventromedial cortical visual 
“Where” network from V1 via the retrosplenial and medial parahippocampal scene areas reaches the hippocampus when scenes are 
viewed. A ventrolateral “What” visual cortical network reaches the hippocampus from V1 via V2–V4, the fusiform face cortex, and 
lateral parahippocampal region TF when faces/objects are viewed. There are major implications for understanding the computations 
of the human vs rodent hippocampus in memory and navigation: primates with their fovea and highly developed cortical visual 
processing networks process information about the location of faces, objects, and landmarks in viewed scenes, whereas in rodents 
the representations in the hippocampal system are mainly about the place where the individual is located and self-motion between 
places. 
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Introduction 
This research utilizes deterministic dynamical graphs to analyze 
new effective connectivity measurements between 360 cortical 
regions in the Human Connectome Project Multimodal Parcella-
tion atlas in 956 HCP participants when viewing spatial scenes, 
faces, tools, and body parts. Two separate networks are revealed. 
One is a ventromedial cortical visual “Where” network from V1 
to the hippocampus via ventromedial, retrosplenial, and medial 
parahippocampal scene areas. This network is revealed as sep-
arate from the well-known ventrolateral visual cortical “What” 
network via the fusiform face cortex (FFC) and lateral parahip-
pocampal cortex TF to the hippocampus. These two cortical net-
works allow separate “Where” and “What” information to be 
used within the hippocampus for episodic memory and naviga-
tion. The specialized cortical ventromedial scene “Where” net-
work for what is encoded about locations “out there” in viewed 
scenes using spatial view cells is fundamental for understand-
ing primate including human hippocampal function in mem-
ory and navigation, for the hippocampal system representations 
in rodents are primarily about the place where the rodent is 
located. 

The aim of the research described here is to make advances 
in understanding how whole networks of human visual cortical 
regions may be linked together and provide inputs to the hip-
pocampal memory system, and how the flow of signal between 
the visual cortical regions may be different depending on what 
types of visual stimuli are being viewed. In this research, we start 

by measuring effective connectivity with functional magnetic 
resonancce imaging (fMRI) between 180 cortical regions in each 
hemisphere both during the resting state and when faces, scenes, 
tools, or body parts are being viewed in 956 Human Connectome 
Project participants. We then apply graph theory tohelp define the 
flow of signal between whole networks of cortical regions. In the 
deterministic dynamical graph theory approach implemented for 
this research, the cortical regions are the nodes in the graph, and 
the effective connectivities are used to define the structure of the 
directed graph. The graph is directed in that the connectivity in 
both directions between every pair of nodes defines the edges 
or connectivity in the directed graph. We show that there is a 
separate human ventromedial visual cortical network for scenes 
from the ventrolateral visual cortical network for objects and 
faces, with both reaching the hippocampal memory system. These 
“Where” and “What” pathways to the human hippocampus are 
key to understanding how the human hippocampus operates for 
episodic memory (Rolls 2023b; Rolls and Treves 2024). 

There has been much recent research on the effective con-
nectivity of visual cortical and related regions in humans (Rolls 
et al. 2023c, 2023e; Rolls 2024b, 2024c) en route to the hippocam-
pal memory system (Rolls 2022, 2023b; Rolls and Treves 2024; 
Rolls et al. 2025), and on the selective activation of these same 
regions by different visual stimuli (Rolls et al. 2024e). Effective 
connectivity measures the effect of each pair of brain regions on 
each other, using in these investigations the functional connec-
tivity and the lagged functional connectivity measured with fMRI
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or magnetoencephalography in humans. The pairwise effective 
connectivities do not however show how whole networks of cor-
tical regions may be linked together, and how the flow of signal 
between the cortical regions may be different depending on what 
types of visual stimuli are being viewed. The research described 
takes, we believe, a conceptually important step forward by build-
ing on the foundation of the pairwise measurement of effective 
connectivity between each pair of 360 cortical regions in the 
Human Connectome Project Multimodal Parcellation (HCP-MMP 
(Glasser 2016a)) that we have analyzed using whole cortex effec-
tive connectivity with 360 cortical regions (Rolls et al. 2022a–c; 
2023a–g), to the analysis of whole networks of connected cortical 
regions. 

We note that the effective connectivity between the cortical 
regions does differ depending on what type of visual stimulus is 
being shown (Rolls et al. 2024e). We make use of this to analyze the 
flow of signal through the whole networks when different types 
of visual stimuli are being viewed, including scenes, faces, tools, 
and body parts. 

In the research described here, the cortical regions are defined 
by the HCP-MMP of the cerebral cortex (Glasser 2016a). The HCP-
MMP is a well-founded parcellation of the human cerebral cortex 
into 360 cortical regions that utilizes evidence from anatomy (cor-
tical thickness and cortical myelin), functional connectivity, and 
task-related fMRI (Glasser 2016a). This atlas provides a reference 
system that can be used in many investigations of human cortical 
function, to provide a reference standard to enable findings from 
different investigations to be compared. The HCP-MMP (Glasser 
2016a) has been extended to include 66 subcortical areas (Huang 
et al. 2022). The HCP-MMP is the best cortical atlas we know for 
delineating the smallest functional cortical regions that can be 
reliably identified with multimodal evidence in humans, which 
may be building blocks of cortical function and provide a basis for 
advancing our understanding of cortical function (Rolls 2023a). All 
the data analyzed were in the surface-based version of the HCP-
MMP atlas, as that provides the most accurate identification of 
each cortical region (Glasser 2016a). It contrasts with many earlier 
parcellations of the cerebral cortex that are less computationally 
useful as they are based on gross topology (Rolls et al. 2015, 
2020), or on cortical regions categorized primarily by functional 
connectivity (Power 2011; Schaefer 2018). For example, in contrast 
to the HCP-MMP, one study (Schaefer 2018) used only functional 
connectivity to parcellate the human cerebral cortex into 400, 600, 
800, or 1,000 cortical regions, each parcel did not have a clear 
description of its boundaries or label that can be related easily 
to an anatomically and functionally defined cortical region, and 
the parcellation is stated to be less good for visual cortical areas 
(Schaefer 2018) than the HCP-MMP (Glasser 2016a). For these 
reasons, the surface-based HCP-MMP parcellation (Glasser 2016a) 
was used here. 

The effective connectivity matrices used here were measured 
between all 360 regions in the HCP-MMP atlas, in either the resting 
state in 171 HCP participants imaged at 7T as used in previous 
research (Rolls et al. 2022a, 2023c) (with very similar results in 956 
HCP participants imaged at 3T), or when faces, scenes, tools, or 
body parts were being viewed in 956 HCP participants at 3T (Rolls 
et al. 2024e). The resting-state effective connectivity matrices 
were used from this previous research (Rolls et al. 2022a; 2023c) 
because they use the HCP-MMP parcellation, and because the 
effective connectivity algorithm used in that research can show 
the effective connectivities between all 360 cortical regions. The 
Hopf effective connectivity algorithm used here is described in 
Sections Methods and Supplementary Material. No other research 

we know provides similar analyses of effective connectivity, 
functional connectivity, and diffusion tractography between these 
360 cortical regions, which help to make the present research 
unique and beyond what has been possible before. For example, 
another approach to measuring effective connectivity, dynamic 
causal modeling (Stephan et al. 2007b; Marreiros et al. 2008; 
Friston 2009; Razi 2017), is typically applied to only a very few, 
often 3 or 4, brain areas in task-related fMRI (Stephan et al. 2007a; 
Heim 2009; Schurz 2014). 

As an introduction to the cortical systems investigated here, 
Fig. 1 shows the human brain with the cortical regions defined 
in the HCP-MMP parcellation atlas (Glasser 2016a), for reference 
while considering the flows between the visual cortical regions 
analyzed here. Figure 1 shows a summary of the effective 
connectivity in the two main visual cortical pathways investigated 
here, based on previous research which measured effective 
connectivity and activations in a ventromedial visual cortical 
pathway for scenes and a ventrolateral cortical visual pathway 
for objects and faces (Rolls et al. 2022a, 2023c, 2023e, 2024b; 
Rolls 2024b, 2024c). An aim of the present research is to go 
beyond what can be demonstrated with effective connectivity by 
using graph theory to help define separate whole visual cortical 
networks, and how these whole networks are reshaped depending 
on the stimuli being shown and therefore the computations 
being performed (Rolls 2023a). More details of these cortical 
regions in the HCP-MMP parcellation are provided in Fig. S1 and 
Table S1. 

We note that of course there has been much previous research 
on human brain activations to faces (Kanwisher et al. 1997; 
Spiridon et al. 2006; Vul et al. 2012; Weiner and Grill-Spector 
2015), scenes (Epstein and Kanwisher 1998; Epstein and Julian 
2013; Epstein and Baker 2019; Tsitsiklis 2020), body parts (Pitcher 
et al. 2011; Vul et al. 2012; Weiner and Grill-Spector 2013; 
Deen et al. 2015; Orban et al. 2021; Urgen and Orban 2021; 
Kosakowski 2022; Rolls 2023b, 2024b), and tools (Kastner et al. 
2017; Maravita and Romano 2018) etc, but that the aim of the 
present research here is different, to produce a network graph of 
the flow of signal between visual cortical regions in the resting 
state and when different visual stimuli are being shown, and 
with the HCP-MMP atlas because this atlas provides a well-
founded framework for specifying cortical regions and comparing 
results between investigations. This aim of the present research 
is important for building a framework for better understanding 
human cerebral cortex function in health and in disease 
(Rolls 2023a). 

Previous graph-based approaches to understanding cortical 
connectivity (Fornito et al. 2016; Faskowitz et al. 2022; Betzel 
et al. 2023; Seguin et al. 2023) have not analyzed bidirectional 
networks and the flows between their nodes across the whole 
brain, for directed effective connectivity measures across all 360 
cortical regions that can now be identified (Glasser 2016a) have  
only recently become available (Rolls et al. 2022b, c, 2023a; Rolls 
2023a; Rolls et al. 2023b–g; 2024a; Rolls 2024c). 

Materials and methods 
Measurement of the effective connectivity 
Effective connectivity measures the effect of one brain region on 
another, and utilizes differences detected at different times in the 
signals in each connected pair of brain regions to infer effects of 
one brain region on another. One such approach is dynamic causal 
modeling, but it applies most easily to activation studies, and is 
typically limited to measuring the effective connectivity between
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Fig. 1. The 2 visual cortical pathways analyzed here. Effective connectivity has revealed a ventromedial visual cortical pathway for scenes (green arrows), 
and a ventrolateral visual cortical pathway for objects and faces (blue arrows) (see text and Rolls 2024b). The pathways are shown on the parcellation 
of the human cortex in the HCP-MMP atlas (Glasser et al. 2016a, 2016b), and in its extended version HCPex (Huang et al. 2022). The regions are shown 
on images of the human brain in inflated form with the sulci expanded sufficiently to allow the regions within the sulci to be shown. The abbreviations 
for each cortical region are provided in Table S1, and the cortical regions are illustrated in Fig. S1. 

just a few brain areas ( Friston 2009; Valdes-Sosa et al. 2011; Bajaj 
et al. 2016), though there have been moves to extend it to resting 
state studies and more brain areas (Frassle 2017; Razi 2017). The 
method used here (Rolls et al. 2022a,c) was developed from a 
Hopf algorithm to enable measurement of effective connectivity 
between many brain areas, described by Deco (2019). A principle 
is that the functional connectivity is measured at time t and time 
t+τ , where  τ was set to 2 s for the relatively slow fMRI BOLD signal. 
To infer the effective connectivity, we use a whole-brain model 
that allows us to analyze the fMRI signal across all brain regions 
and time. We use the so-called Hopf computational model, which 
integrates the dynamics of Stuart-Landau oscillators, expressing 

the activity of each brain region, by the underlying connectiv-
ity (Deco et al. 2017b). As mentioned above, we include in the 
model 360 cortical regions in the HCP-MMP parcellation (Glasser 
2016a). The local dynamics of each brain area (node) is given by 
Stuart-Landau oscillators, which expresses the normal form of 
a supercritical Hopf bifurcation, describing the transition from 
noisy to oscillatory dynamics (Kuznetsov 2013). During the last 
years, numerous studies were able to show how the Hopf whole-
brain model successfully simulates empirical electrophysiology 
(Freyer 2011; Freyer et al. 2012), MEG (Deco 2017a), and fMRI 
(Kringelbach et al. 2015; Deco et al. 2017b; Kringelbach and Deco 
2020; Kringelbach et al. 2023).
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The Hopf whole-brain model can be expressed mathematically 
as follows: 

(dxi)/dt = 

LocalDynamics︷ ︸︸ ︷
[ai − x2 

i − y2 
i ]xi − ωiyi + 

Coupling︷ ︸︸ ︷
G 

N∑
j=1 

Cij(xj − xi) + 

GaussianNoise︷ ︸︸ ︷
βηi(t) (1) 

(dyi)/dt = [ai − x2 
i − y2 

i ]yi + ωixi + G 
N∑

j=1 

Cij(yj − yi) + βηi(t) (2) 

Equations 1 and 2 describe the coupling of Stuart-Landau 
oscillators through an effective connectivity matrix C. The  xi(t) 
term represents the simulated BOLD signal data of brain region i. 
The values of yi(t) are relevant to the dynamics of the system but 
are not part of the information read out from the system. In these 
equations, ηi(t) provides additive Gaussian noise with standard 
deviation β. The Stuart-Landau oscillators for each brain region 
i express a Hopf normal form that has a supercritical bifurcation 
at ai = 0, so  that  if  ai > 0 the system has a stable limit cycle 
with frequency fi = ωi/2π (where ωi is the angular velocity); and 
when ai < 0 the system has a stable fixed point representing a low 
activity noisy state. The intrinsic frequencies are fitted from the 
data, as given by the averaged peak frequency of the narrowband 
BOLD signals of each brain region. The intrinsic frequency fi of 
each Stuart-Landau oscillator corresponding to a brain region i 
was in the 0.008–0.08 Hz band (i = 1, . . ., 360) for the HCP fMRI 
data used here, which was sampled at TR = 0.72 s. The coupling 
term representing the input received in node i from every other 
node j, is weighted by the corresponding effective connectivity Cij. 
The coupling is the canonical diffusive coupling, which approx-
imates the simplest (linear) part of a general coupling function. 
G denotes the global coupling weight, scaling equally the total 
input received in each brain region. While the oscillators are 
weakly coupled, the periodic orbit of the uncoupled oscillators is 
preserved. 

The effective connectivity (C) matrix is derived by optimizing 
the conductivity of each connection in the matrix in order to fit 
the empirical functional connectivity (FCempirical ) pairs and the 
lagged normalized covariance, the FSempirical pairs. By this, we are 
able to infer a nonsymmetric effective connectivity matrix (see 
Gilson et al. (2016)). We refer to this as a generative effective con-
nectivity model approach because the C matrix is used to generate 
the functional connectivity and lagged normalized covariance 
matrices, and the C matrix is optimized so that the simulated 
matrices match the empirically measured matrices. Note that 
FSempirical , ie the normalized lagged covariance of the functional 
connectivity between pairs, lagged at τ , breaks the symmetry and 
thus is fundamental for our purpose. Specifically, we compute 
the distance between the model functional connectivity FCmodel 

calculated analytically from the current estimate of the effec-
tive connectivity and the empirical data FCempirical ,  as well as  
the calculated model FSmodel and empirical data FSempirical and 
adjust each effective connection (entry in the effective connec-
tivity matrix) separately with a gradient-descent approach. The 
model is run repeatedly with the updated effective connectivity 
until the fit converges towards a stable value. 

The effective connectivity matrix Cij can be initialized with the 
anatomical connectivity obtained with probabilistic tractography 
from diffusion MRI, or the matrix can be initialized to zero. For 
all the research described by the senior author, the effective 
connectivity matrices shown were initialized to 0, because use of 
the structural connectivity matrix could limit the connectivity to 

fewer links than are otherwise found with these fMRI data, proba-
bly because the tractography analysis missed some connections; 
and the algorithm converges well when the effective connectivity 
matrix Cij is initialized to 0. However, the correlation between the 
matrices produced with these different methods was reasonable 
(0.80). In addition, the directions of all the effective connectivities 
in all of this fMRI research were reversed, because this aligns the 
results with what is found with the much faster neuroimaging 
method magnetoencephalography (Rolls et al. 2023e; Rolls 2024c). 
The necessity for this reversal of direction with slow fMRI data 
is that for most of the τ = 2 s period used with fMRI, the input 
has progressed from early cortical regions within 200–300 ms, 
and so for most of the 2 s period the signal is backprojecting 
top-down from higher cortical regions where short-term memory 
may be implemented to early cortical regions (Rolls et al. 2023e; 
Rolls 2024c). Another point is that the effective connectivity can 
alternatively be calculated analytically, with the analytic method 
described in Supplementary material and elsewhere (Rolls 2024c). 

This effective connectivity approach has been used extensively, 
and indeed the resting-state effective connectivity matrix utilized 
here was from 171 HCP participants at 7T (Smith 2013; Van Essen 
2013) and was the same as that utilized in the analysis of the 
effective connectivity of most cortical systems in humans (Rolls 
et al. 2022a–c; 2023a–d, 2023f, 2023g; 2024a). For the task-related 
effective connectivity matrices utilized here for the analysis of 
connectivities associated with viewing faces, scenes, tools, and 
body parts, the data used to compute the new effective connec-
tivities utilized here were from 956 HCP participants imaged at 3T 
in the 0-back memory task (Barch 2013) that were extracted and 
utilized in the analysis of activations and functional connectiv-
ities in these participants that are described in detail elsewhere 
(Rolls et al. 2024b). In more detail, the data with visual stimuli 
are from 956 participants in the Human Connectome Project 
Working Memory Task (Barch 2013), in which runs consisted of 10 
presentations of scenes or faces or body parts or tools presented 
for 2 s each and separated by a 0.5 s gap (Rolls et al. 2024b). The 
preparation of the data has been described elsewhere (Rolls et al. 
2024b). As shown in Fig. 1 of Rolls et al. (2024b), each run for 10 
presentations of 1 type of stimulus (eg scenes) lasted for 25 s, 
and that provided the data for each run. Data only for the 0-back 
memory condition were used, to minimize the memory load but 
to ensure that the participants were viewing and processing the 
visual stimuli. The effective connectivity was measured from the 
3 runs available from each participant for each of the 4 types of 
visual stimuli, using the same Hopf algorithm as used previously 
(Rolls et al. 2022a, 2023e; Rolls 2024c) and that is also described 
for the analytic version in Supplementary material. An example 
of an effective connectivity matrix is shown for completeness in 
Fig. S2. 

Overview of the dynamical graph approach 
The effective connectivity provides bidirectional asymmetric con-
nectivity between every pair of the 180 nodes in each hemisphere. 
Taking the effective connectivity matrices for all 360 cortical 
regions in the HCP-MMP atlas referred to above, the approach 
taken here was to measure the flow of signal in a graph of the 
visual cortical regions, which are the nodes in the network. To 
measure the flow of signal, we first define a propagation matrix 
P using the effective connectivity matrix. The propagation matrix 
measures the proportion of signal from any one node in the sys-
tem that can flow to all other nodes in the system, and provides 
that for all nodes in the system. In the formulation described here 
for the brain, the signal that reaches a node does not diminish
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with time. An input of value 1 is then applied at every timestep to 
1 (or more) nodes in the network (in this case the primary visual 
cortex, which therefore becomes the source for the network), and 
at subsequent timesteps the activation (or signal S below) that 
is produced in each node is calculated by the activation in the 
previous timestep of the nodes from which it receives multiplied by 
the propagation matrix. The flow of signal out of the nodes in the 
network at each timestep can then be calculated by multiplying 
the activations in the nodes at each timestep by the propagation 
matrix. 

We note that there has been much previous research on the 
application of graph theory to understanding brain networks 
(Sporns et al. 2005; Fornito et al. 2016; Seguin et al. 2023), but 
that much has focussed on the properties of the adjacency matrix 
which defines whether nodes are connected, such as in-degree, 
out-degree of nodes, centrality, hub nodes, etc., reflecting mostly 
the static characteristics of these networks (Fornito et al. 2016), 
though diffusion processes are considered in Chapter 7 of Fornito 
et al. (2016). In contrast, here we focus on a measure of flow that is 
deterministic and in a system where once a node is activated, its 
activation continues and reflects the activations at the previous 
timestep in the nodes from which it receives input weighted by 
the propagation matrix. Further, we go beyond these properties 
of adjacency matrices to investigate how particular nodes are 
related to each other, in order in particular to study the flow of 
signal from node to node through a whole network of brain nodes. 
We also emphasize that the approach here is deterministic in 
how the signal propagates through the graph over time, and that 
is different from random walk approaches that model diffusion 
processes (Doyle and Snell 1984; Fornito et al. 2016). 

In the research described here, the main interest was in the 
flow of signal after sufficient time for the signal to reach and 
equilibrate in the last node defined in the network, the hip-
pocampus. This was typically 40 timesteps for the task-related 
flows, and up to 100 timesteps for the resting state flows. The 
cortical regions included in the graph from the HCP-MMP atlas 
were chosen based on known cortical visual regions and their 
activations found to visual stimuli (Rolls et al. 2024e) and  on  
previously measured effective connectivities from V1 onwards 
towards the hippocampus (Rolls et al. 2022a; 2023c, 2023e; Rolls 
2024b). The cortical regions en route to the hippocampus chosen 
for this investigation were V1, early cortical visual regions V2, 
V3, V4; ventrolateral visual cortical stream regions V8, PIT, and 
FFC, and the lateral parahippocampal gyrus TF; ventromedial 
visual cortical stream regions ProStriate cortex ProS, VMV1, VMV2, 
VMV3, VVC, and the medial hippocampal gyrus PHA1, PHA2, and 
PHA3; and the perirhinal cortex, entorhinal cortex, and hippocam-
pus (see Fig. 1). However, it should be noted that when calculating 
these graphs, all 180 regions in the left hemisphere were included 
in the calculations, so the flow between some of the nodes in the 
graphs shown here could reflect signals in other connected nodes. 

In the following, we provide the details of how the signal 
flow graphs between nodes were calculated and how the whole 
network was thereby revealed. 

The main focus of our study is a description of the pathways of 
signal through a network of N nodes with a given strength of the 
directed connections, measured by the effective connectivity (EC) 
between every pair of nodes. As the size N of the network is rather 
large (it is 90–180), a list of all the pathways becomes too vast to be 
tractable. We suggest a straightforward simple procedure (based 
on the linear dynamics in RN+) to get the major effective pathways. 
We apply this method to describe the graphs of the flow of signals 
in the visual cortical regions defined above. 

It can be noted that although 180 nodes is too high a number 
to draw and to visualize all the paths in a network, it is still too 
small to apply (indeed, commonly used but without estimating 
an actual error) results of random graph theory. Furthermore, 
given that each connection in the matrix that we treat here has 
a particular meaning, a randomization would be inappropriate in 
this setting. Instead we suggest a simple method of considering 
networks with graded connections for increasing complexity and 
precision of the underlying graphs. When we calculate the flow 
between the nodes shown in the figures, the algorithm calculates 
the flows based on all 180 nodes in the network. 

Model of propagation of signals in a network. 
The network is composed of N brain regions. Each node 1 ≤ i ≤ N 
of a network represents a brain region i. 

The connections between all nodes are given by the EC matrix, 
introduced above and described in Supplementary material. We  
denote this matrix 

E = (Eij)1≤i,j≤N. 

Note that the elements Eij of this matrix are non-negative num-
bers, and each Eij represents a strength of a connection from node 
j to node i, which is consistent with what we use for effective con-
nectivity (Rolls et al. 2022b, 2022c; 2023a–g; 2024a; Rolls 2024c). 

Given matrix E let us introduce the flow of an external signal 
through a network from the input. We consider a discrete time 
dynamics, t = 1, 2, . . . . The strength of signal at node i at time t is 
denoted by Si(t), which takes non-negative values. The dynamics 
of the state of network S(t) = (Si(t), i = 1, . . . , N) is defined as 
follows. Let matrix C denote E transposed, that is Cij = Eji. 

At time t = 1 a subset I ⊂ {1, . . .  N} of nodes receives an external 
input X > 0, which means that 

Si(1) = X i  ∈ I, 
Si(1) = 0 otherwise. 

(3) 

Then the dynamics of S(t) describes the flow of a signal from 
the initial input set I. If Si(t) >  0 then the signal from node i to node 
j propagates through the out-coming edge ij (if Cij > 0) increasing 
the value of Sj(t + 1). The direction and the strength of this flow 
through the edges of matrix C are determined by a propagation 
matrix P defined as follows: 

Pij = 
Cij∑
j Cij 

. (4)  

This is a natural definition for a propagation matrix used to set 
up the dynamics that specifies the proportion of the output of 
a signal from a node that propagates to each output edge or 
link from that node, which preserves the amount of signal in 
the system. As a transposed of P has properties of a stochastic 
matrix (in terms of definition in algebra), that is

∑
j Pij = 1 vector 

(1, . . . , 1) is invariant for our system, the system converges to an 
equilibrium of (1, . . . , 1) as is seen in Fig. 9. 

The external signal I(t), t ≥ 1, into a network comes through 
nodes in I. Typically I(t) is given by a step function 

I(t) =
{

X, t ≤ T, 
0, t > T, 

(5) 

where T is a duration of a constant input X.
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In the analyses described here, X was typically set to 1 in node 
1 the primary visual cortex V1 (ie I = {1}) for the whole duration 
of each run. Further, the value of signal S1(t) for node V1 was 
clamped to 1, to reflect strong visual input to it and to prevent 
its activation being built up by flows back to it which would 
lead to increasing flows throughout the system as a function 
of the number of timesteps. Because there is some flow in the 
backprojection direction to V1, the activation of V1 might over 
time build up, so clamping this at 1 prevents any positive feedback 
runaway effects of this type. In the cortex, it is proposed that 
this function is implemented by strong feedback inhibition by 
inhibitory neurons, and also by processes such as neuronal and 
synaptic adaptation (Rolls et al. 2024d). 

Given the state S(t) = (Si(t), i = 1, . . .  , N), ie, the vector of 
amount of signal in each node for t ≥ 1, the state of the network in 
the next moment of time is defined by the following linear system 

⎧⎪⎨ 

⎪⎩ 

S1(t + 1) = 1, 

Sj(t + 1) = ∑
i Si(t)Pij, if  j �= 1. 

(6) 

Typically in the analyses described D is set to be the node for 
the hippocampus, and it is treated as any other node, allowing 
activation to build up in node D, and to potentially be reflected 
backwards through the network (depending on the propagation 
matrix derived from the effective connectivity matrix). 

The focus of our study is the flow of signal in the network. The 
amount of signal passing from node i to node j at time t in system 
(6) is defined by 

Fi,j(t) = Si(t)Pij. (7)  

Correspondingly, we can visualize the matrix of flow F(t) = 
(Fij(t))1≤i,j≤N as a graph with edges with a width that reflects 
the flow, ie where the width of edge (ij) is related to the value 
Fij(t). Observe that although F(t) is derived from the connectivity 
matrix, analysis of its dynamics in time as a function of the input 
enhances the information derived solely from the connectivity 
matrix. It is emphasized that Fij(t) depends polynomially on the 
effective connectivity matrix E. 

Selection of nodes for the flow graph 
In the analyses described here, we are especially interested in 
analyzing the subgraphs (pathways, or separate cortical streams) 
from the primary visual cortex V1 via, which signal can reach the 
hippocampal memory system. We therefore chose the key nodes 
in the ventrolateral visual cortical pathways and the ventromedial 
visual cortical path for the analyses (Rolls 2024b). These nodes 
as set out above were V1, early cortical visual regions V2, V3, V4; 
ventrolateral visual cortical stream regions V8, PIT, and FFC, and 
the lateral parahippocampal gyrus TF; ventromedial visual cor-
tical stream regions ProStriate cortex ProS, VMV1, VMV2, VMV3, 
VVC, and the medial hippocampal gyrus PHA1, PHA2, and PHA3; 
and the perirhinal cortex, entorhinal cortex, and hippocampus 
(see Fig. 1). We are also interested in analyzing how the signal 
flows develop over time in the network, and accordingly we 
also investigate the flows after different numbers of timesteps 
t. The flow graphs were visualized with the Matlab function 
plot(). In the flow graphs in the figures, small flows are not 
shown, in order to keep clear the structure of the flow graph. 
The threshold for this display simplification is shown in the figure 
legends. 

Assessment of the differences of the flows for 
different visual stimuli 
To provide a guide to the flows that were different when different 
visual stimuli were being performed, a 4-way data split was 
performed across the 956 participants, to produce four randomly 
selected groups each with 239 different participants. The effective 
connectivities were calculated for each of these data splits, and 
for each split the flows for each stimulus type (faces, places, tools, 
body parts) were then calculated. Then t-tests were performed to 
test for which pairs of brain regions had different flows between 
them when for example faces were compared with scenes. The 
means across the right and left hemispheres are reported. The 
results are presented after FDR correction for multiple compar-
isons, using P ≤ 0.01 after the FDR correction has been applied. 
Six preplanned statistical comparisons were performed for the 
flows in the ventromedial cortical “Where” stream VMV1-3 and 
VVC, and in the ventrolateral “Where” stream FFC. To limit the 
number of regions listed in the reports, differences of flow are 
only reported where the difference was ≤ 0.01 (with the maximum 
flow  ∼ 0.1). 

Results 
First the flow is shown in both directions between all the selected 
nodes from V1 to the hippocampus based on the effective con-
nectivity measured in the resting state. Then the flow is analyzed 
when the effective connectivity was measured while participants 
were performing a visual 0-back memory task for scenes, faces, 
tools, or body parts, to show how the flow in the network was dif-
ferent when different types of visual stimuli are being processed. 

The visual cortical network in the resting state 
Figure 2 shows the flow between V1 and the hippocampus based 
on the resting state connectivity, which was measured with fMRI 
in 171 participants at 7T as previously described (Rolls et al. 2022a; 
2023c) with HCP data (Smith 2013; Glasser 2016b). The resting-
state effective connectivity is sometimes thought to reveal the 
basic connectivity of the cerebral cortex when it is not having 
to respond to external stimuli. The effective connectivity matrix 
obtained was reliable in that it was correlated 0.935 with the 
effective connectivity matrix that we calculated from 956 HCP 
participants at 3T. The time delay used in the calculation of effec-
tive connectivity was τ= 2 s, so there was plenty of time for the 
signal to have freely circulated between all the nodes analyzed, 
given the speed of processing of ∼15 ms from region to region 
based on research in macaques (Rolls 2023a), and on imaging 
with the much faster method of magnetoencephalography (Rolls 
et al. 2023e). As described in Section Methods, the graph of flow 
was constructed using the 7T effective connectivity matrix, and 
a signal of 1 was applied to V1 at every timestep of the flow 
algorithm described in Section Methods and the activation of V1 
was clamped at 1. The flows shown in Fig. 2 were calculated after 
100 timesteps, which allowed ample time with this resting state 
data for the signal to reach the hippocampus. The activations S in 
each of the nodes are indicated by color as described in the figure 
legend. 

Figure 2 shows the flow as stronge r from V1 to its closely 
connected regions than vice versa, including V2 (forward flow = 
149, reverse flow = 23), V3 (forward flow = 117, reverse flow = 
12), V4 (forward flow = 60, reverse flow = 4), and V8. Similarly, 
the flow is stronger from V2 to V3 and V4, etc. than vice versa. 
Similarly, the flow is in general stronger from these cortical visual
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Fig. 2. Visual cortical networks in the resting state with 171 HCP participants at 7T. The flows F measured at time = 100 are indicated by arrows with 
numbers close to the arrows, and the width of the arrows represents the strength of the flow. Because the flows are lower for these visual cortical 
regions in the resting state than when visual stimuli are being shown, for this figure only, the Flows F were measured at time = 100, and the flows were 
thresholded at 2 to clarify the figure by not showing small flows. The flows were multiplied by 1,000 for ease of reading. The flows in each direction 
are indicated by the numbers close to the curved edges, and if one of the flows is <2, a single straight arrow is shown between a pair of nodes. The 
activations S in each of the nodes are indicated by color from yellow as the highest to dark blue as the lowest. The ventrolateral cortical visual “What” 
stream is on the left, and the ventromedial cortical visual “Where” stream is on the right. 

regions to V8, PIT (posterior inferior temporal cortex), and FFC. 
(To help appreciate these flows, the visual cortical regions in 
Fig. 2 are set out in an order that may correspond to the order 
of regions in the hierarchy based on their location in the human 
brain, their pairwise effective connectivity, and neuroanatomical 
evidence from macaques (Felleman and Van Essen 1991; Markov 
2014; Van Essen and Glasser 2018), with V1 at the top, V2 at a 
step down on the vertical axis, V3 at the next step, followed by 
V4, V8, PIT, FFC, TF, Pe [perirhinal cortex], EC [entorhinal cortex], 
and then the hippocampus [Hipp].) From FFC to the hippocampus, 
the flows are more equal in both directions or indeed reversed 
from the hippocampus backwards, which may be consistent with 
the backprojections from the hippocampus being important in 
memory retrieval (Treves and Rolls 1994; Rolls and Treves 2024). 
This corresponds to a ventrolateral visual cortical “What” stream 
to the hippocampus (Rolls 2023b; 2024b). 

There is also stronger flow from V1 to the ProStriate cortex 
(ProS) than vice versa (forward flow = 67, reverse flow = 2), 
and to ventromedial cortical visual region VMV1 (forward flow = 
46, reverse flow = 0), which it is proposed are the start of the 
ventromedial cortical visual “Where” stream for visual scene 
information to reach the hippocampus (Rolls 2023b; 2024b). 

An important point from Fig. 2 is that the flows in the stream 
or network just described on the left in Fig. 2 (sometimes termed 
a “What” network (Mishkin et al. 1983; Rolls and Treves 2024; Rolls 
2024b)), are generally separate from those in what is to some 
extent the separate network on the right of Fig. 2, the “Where” 
network. More evidence that these streams are somewhat sep-
arate in provided in Figs. 3–6 when different flows are found in 
these streams when faces, scenes, tools or body parts are being 
viewed. 

The network on the right of Fig. 2 shows what has been 
described as a ventromedial visual cortical stream for information 
about visual scenes represented by spatial view cells in the 
medial parahippocampal gyrus PHA1–PHA3 and hippocampus 
in primates including humans, and has accordingly been termed 
a “Where” pathway (Rolls 2023b; Rolls and Treves 2024). In this 
pathway there is strong flow directed to the ProStriate cortex 
ProS, a region just anterior to V1, and a region that is activated 
by viewing scenes and is approximately where the retrosplenial 
place area PPA is found (or better retrosplenial scene area, for 
it represents the location being looked at in a scene in primates 
including humans, not the place where the individual is located 
(Sulpizio et al. 2020; Rolls 2023b; Rolls et al. 2024b; Rolls 2024b)). 
There is also moderate flow from V2 to ProS (forward flow = 10, 
reverse flow = 0). ProS in turn has moderate flow with the most 
medial regions, ventromedial VMV1 and medial parahippocampal 
PHA1 (see Figs. 1 and 2). VMV1–VMV3 have strong flow with 
each other, essentially providing for flow from medial to lateral 
(VMV1, then VMV2, then VMV3), with then moderate flow to 
the more lateral VVC (Fig. 2) which is adjacent to FFC and a 
somewhat intermediate region between the ventrolateral “What” 
and Ventromedial “Where” streams (see Fig. 1). 

The visual cortical network when viewing scenes 
Figure 3 shows the flow from V1 measured from the effective 
connectivity matrix when scenes are being viewed, and should 
be compared with the flow matrix for faces in Fig. 4, for tools in 
Fig. 5, and for body parts in Fig. 6. The flows in these figures can be 
directly compared with each other as they were computed from 
HCP data obtained in the same set of 956 participants at the same 
time, and were calculated with the same flow algorithm and the
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Fig. 3. Visual cortical networks for spatial scenes with 956 HCP participants. The conventions are as in Fig. 2, except that the flows were measured at 
time = 40. The activations S in each of the nodes are indicated by color from yellow as the highest to dark blue as the lowest. The ventrolateral cortical 
visual “What” stream is on the left, and the ventromedial cortical visual “Where” stream is on the right. 

same number of timesteps, which were sufficient for the flows to 
be evident in the hippocampal system. 

The flows for scenes in Fig. 3 show a ventromedial visual corti-
cal network that is activated, with flows evident in a network from 
V1 and V2 to the ProStriate cortex (ProS), then to ventromedial 
cortical region 1 (VMV1) (which also receives flow from V2). VMV1 
then has flows to medial parahippocampal PHA1, and VMV2 that 
has flows with PHA3. VMV2 also has flows with VMV3 that also 
has flow with PHA3, and with VVC which is strongly coupled 
to this ventromedial stream when viewing scenes. The ventro-
medial cortical visual stream then has flow to the hippocampal 
system in part directly from VMV1 and PHA2 to the hippocam-
pus; and also via entorhinal cortex (EC) from VVC; and also via 
perirhinal cortex (then entorhinal cortex) from PHA1, PHA2, and 
PHA3 (Fig. 3). 

It is very noticeable that when viewing scenes (Fig. 3) there is 
much less flow than when viewing faces (Fig. 4) in the “What” 
ventrolateral visual cortical stream to the hippocampus in key 
nodes such as V8, PIT, FFC, TF, Pe, and EC to the hippocampus. 
Moreover, when viewing faces (Fig. 4), VVC has stronger flows 
with the “What” stream, whereas when viewing scenes VVC has 
stronger flows with the ventromedial “Where” stream (Fig. 3). This 
is consistent with the intermediate topological location of VVC 
between the “What” stream laterally and the “Where” stream 
medially (Fig. 1). 

For comparison, the flows between the corresponding cortical 
regions in the right hemisphere are shown in Fig. S3. In  the  
right hemisphere, there is for example more flow in parts of the 
“Where” ventromedial cortical visual network in the right hemi-
sphere, for example in the flow from medial parahippocampal 
region PHA2 to the hippocampus (Fig. S3). The left–right hemi-
sphere differences in effective connectivity for scenes, faces, tools, 
and body parts are of considerable interest, and will be considered 
in detail in future. 

The visual cortical network when viewing faces 
Figure 4 shows the flows from V1 towards the hippocampus using 
the effective connectivity matrix when faces are being viewed. The 
flows are substantial in the ventrolateral “What” cortical stream 
from V4 in part via V8 and PIT to the FFC; then from FFC via TF 
(lateral parahippocampal gyrus) to perirhinal (Pe) to entorhinal 
cortex and thereby to the hippocampus. 

Very interestingly, when viewing faces compared to viewing 
scenes, V4 now has flow almost exclusively with the ventrolateral 
“What” system with little flow to the ventromedial “Where” sys-
tem, helping to reveal that the “What” and “Where” systems can 
operate considerably independently. Also interestingly, VVC now 
has more flow associated with the ventrolateral “What” network 
than the ventromedial “Where” network, and indeed for faces 
provides a route to FFC and TF and even to perirhinal cortex 
that is additional to the route from V4 via V8 and FFC to TF. 
Thus, VVC is an interesting region, that can take part in the 
ventrolateral “What” system or the ventromedial “Where” system 
depending on the stimuli being viewed, faces in Fig. 4 or scenes in 
Fig. 3. This fits with the intermediate topological location of VVC 
in the cortical hierarchies, for VVC is between the ventromedial 
visual cortical regions VMV1-3 plus PHA1-3, and the ventrolateral 
cortical stream region FFC (see Fig. 1). These flows also relate 
interestingly to the activations of VVC, which can be activated by 
either faces or scenes depending on whether faces or scenes are 
being viewed (see Fig. 3 of Rolls et al. (2024b)). 

Thus a key difference when comparing flows for faces (Fig. 4) 
compared to scenes (Fig. 3), is that for faces the “What” network is 
relatively disconnected from the “Where” visual cortical stream, 
especially by weaker flows from V4 and VVC to the ventromedial 
“Where” network. Another key difference is that the flows are 
stronger for faces than for scenes in key nodes in the ventrolateral 
visual cortical stream such as V8, PIT, FFC, TF, Pe, and EC to the 
hippocampus.
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Fig. 4. Visual cortical networks for faces with 956 HCP participants. The conventions are as in Fig. 3. 

Fig. 5. Visual cortical networks for tools with 956 HCP participants. The conventions are as in Fig. 3. 

The visual cortical network when viewing tools 
Figure 5 shows the flow from V1 towards the hippocampus using 
the effective connectivity matrix when tools are being viewed. For 
tools (compared to scenes in Fig. 3) there is relatively little flow 
from V1 and V2 to the the ProStriate Cortex (ProS), the start of 
the ventromedial cortical “Where” stream. Instead, the flows for 
tools are more via V3, V4 > V8 > PIT and VVC > FFC and VVC and 
then > perirhinal cortex > entorhinal cortex > hippocampus. VVC 
for tools provides flows between the ventrolateral “What” and 

ventromedial “Where” cortical visual streams to the hippocam-
pus; and another route to the lateral parts of the ventromedial 
stream is V1 > VMV3 > PHA3. (Here “>” signifies a flow from one 
brain region to another, though this is not necessarily a unique 
route.) 

When viewing tools, the flows are thus primarily in the ventro-
lateral “What” network. This relates well to the activations found 
when tools are being viewed (Rolls et al. 2024b), which are high 
in VVC, then in VMV3 and PHA3 (which are relatively lateral for
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the VMV and PHA regions, see Fig. 1), and then in FFC and TE2p, 
which is part of the ventrolateral “What” cortical visual stream. 

The visual cortical network when viewing body 
parts 
Figure 6 shows the flow from V1 towards the hippocampus using 
the effective connectivity matrix when body parts are being 
viewed. The ventrolateral “What” network has strong flows when 
viewing body parts, with pathways involving V2, V3, V4, V8, PIT. 
and FFC having high flows, and thereby flows to the hippocampus 
via TF, perirhinal cortex, and entorhinal cortex (Fig. 6). This is 
consistent with the activations to body parts, which are high 
for FFC, TF. and TE2p in the ventrolateral cortical visual “What” 
stream (Rolls et al. 2024b). 

It is also interesting that associated with these strong flows 
towards the hippocampus from the ventrolateral “What” regions 
there is some flow back from the hippocampus to regions in the 
ventromedial “Where” stream such as medial parahippocampal 
PHA3, then PHA2 then PHA1; and via these regions to ventrome-
dial visual cortical regions VMV1–3 and VVC. Further, there is flow 
back to ProS, which in turn has flow back to V1. However, these 
flows in the ventromedial visual cortical stream are not sufficient 
for this “Where” stream to be activated by body parts (Rolls et al. 
2024b). 

The flows when there is a short-term memory 
near the top of the hierarchy 
When measuring effective connectivity with fMRI, the connec-
tivities may be in the reverse direction to those measured with 
magnetoencephalography (Rolls et al. 2023e; Rolls 2024c), and to 
those expected given that the main input to the primate visual 
cortical visual system is received in V1. A possible reason for this 
is the low temporal resolution used with fMRI which is in the order 
of 2 s to measure a difference in the BOLD signal (Rolls et al. 2023e; 
Rolls 2024c). It is likely that the signal reaches higher cortical 
visual areas and the hippocampal system from V1 in less than 200 
ms in humans (Rolls et al. 2023e). If after the signal has reached 
higher cortical visual regions the signal tends to remain high 
for further processing (using local recurrent collateral attractor 
networks (Rolls 2023a) and partly perhaps through connectivity 
with prefrontal short-term memory regions (Rolls et al. 2023d)), 
then high signal at the top of the hierarchy may tend to have 
top-down backprojection effects for the rest of the 2 s period 
(Rolls 2023a) while the effective connectivity is being measured 
with fMRI. This could result in the effective connectivity being 
measured by slow fMRI being in the reverse direction (Rolls et al. 
2023e; Rolls 2024c). 

To investigate how this might affect the flow of signals in 
the networks described here, a signal of 1 was added to the 
hippocampus node for every timestep of the simulation for 
the scene illustrated in Fig. 3. Adding 1 to the hippocampal 
node simulates a memory recall condition, with activity being 
recalled in the hippocampal memory system when an incomplete 
recall cue is completed to a whole memory, and recall of the 
memory back to the neocortex then occurs (Rolls and Treves 
2024; Rolls et al. 2024d). The result is shown in Fig. 7. It  can  be  
seen that many of the flows are now in the reverse direction, 
including PHA3 to VMV3, VMV3 to V4, VMV1 to ProS, and 
ProS to V1. 

This finding is consistent with the hypothesis set out above that 
a short-term memory high in the hierarchy produces effective 
connectivities in the reverse direction with fMRI, in the context 

of the effective connectivities that were actually measured. It 
should be noted that in all of our papers with fMRI and the 
Hopf effective connectivity algorithm, this necessary correction 
to the effective connectivities was made (Rolls et al. 2022b, 2022c; 
2023a–d, 2023f, 2023g; 2024a), and that this was of course not 
required when the effective connectivities were measured with 
magnetoencephalography and a τ of 20 ms (Rolls et al. 2023e; Rolls 
2024c). 

The development of the flows over time 
At each timestep of the graph flow algorithm, the flow moves 
from node to node, as shown in Section Methods. Given that the 
source node is V1, after a few timesteps, and depending on which 
nodes have effective connectivity with each other and its strength, 
the flow should have reached part of the way through the graph 
of connectivity away from V1. This is investigated by showing in 
Fig. 8 the flows after 5 timesteps when scenes are being viewed. 
It is evident that the flows have reached only as far as FFC in 
the ventrolateral “What” stream, and PHA1-3 in the ventromedial 
“Where” stream, that all of the flows are stronger away from V1, 
and that the flow has not reached the entorhinal cortex and the 
hippocampus. This helps to make it clear how the graph-based 
approach can be useful in understanding networks in the brain, 
for the order in which the nodes are activated, and the strength of 
their activation, is governed by the empirically measured effective 
connectivities. This can be used to help define which is the 
“forward” direction of flow, away from V1, by analyzing the graph 
after different numbers of timesteps. 

If the graph is investigated after a large number of timesteps, 
the flow will have reached the end of the graph (the destina-
tion node, in this case the hippocampus), and at each stage of 
the connectivity, after a node has become active, it can by the 
empirically measured backward effective connectivity, produce 
some flows backwards through the network, back towards the 
source node, V1. This is investigated by showing in Fig. 9 the 
flows after 1,000 timesteps when scenes are being viewed. The 
activations and flows are now much higher, as expected, but the 
direction of the mean flow between some nodes has changed. For 
example, for spatial scenes, at timestep 40 the forward flow from 
V1 to ProStriate Cortex is 26, and in the backward direction is 11 
(Fig. 3). However, after 1,000 timesteps the forward flow from V1 to 
ProStriate cortex is 26, and in the backward direction is 57 (Fig. 9). 
In another example, at timestep 40 the forward flow from V1 to 
V2 is 180, and in the backward direction is 73 (Fig. 3). However, 
after 1,000 timesteps the forward flow from V1 to V2 is 180, and 
in the backward direction is 185 (Fig. 9). This graph approach 
thus shows how because some of the edges in the graph have 
effective connectivity in both directions, then after the activations 
have built up in nodes further from V1, the net flow will start to 
flow backwards. The exact effects will of course depend on the 
connectivities throughout the whole 180 nodes in the graph in the 
left hemisphere that are used to calculate the flows. This is a very 
useful feature of this graph-based approach to the flow between 
brain regions, and helps to elucidate the points made above about 
the reverse effective connectivities that appear to be measured 
with fMRI with its relatively large τ of  2 s (Rolls et al. 2023e; Rolls 
2024c). 

It is evident from Fig. 8 that the flows are mainly in the forward 
direction, away from V1, during the first 5 timesteps, and that 
some of the flows such as those between V1 and the ProStri-
ate cortex are in the backward direction towards V1 after 1,000 
timesteps (Fig. 9). To investigate when and how the flow can
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Fig. 6. Visual cortical networks for body parts with 956 HCP participants. The conventions are as in Fig. 3. 

Fig. 7. Reverse flows in the network when a short-term memory operates at the top of the hierarchy. In this case a short-term memory was implemented 
at the level of the hippocampus by adding an input of 1 at each timestep to the hippocampal node in the network. The conventions are as in Fig. 3, with  
the flow measured at time = 200. 

change direction as a function of time since a signal is applied 
to V1, Fig. 10 shows the flows in the forward direction from V1 
to ProStriate cortex (forward), the flow in the backward direction 
from ProStriate cortex to V1 (backward), and the forward—the 
Backward Flow, as a function of the number of timesteps, when 
the 956 participants were viewing scenes. It is evident that net 
results of all the effective connectivities between all the 180 nodes 
in the graph that the net flow of signal reverses between this pair 
of nodes at about timestep = 165. This clearly demonstrates how 

the net direction of signal flow can change after some time in a 
whole network, and has interesting implications for understand-
ing effective connectivity measurements with the relatively slow 
timecourse method of fMRI, as shown above in Section Discussion. 

Other edges in which the flow changed to be more in the 
backward direction after 1,000 timesteps include V1 and V2, for 
which at 40 timesteps the forward vs backward connectivity was 
180 vs 73; whereas after 1,000 timesteps it was 180 vs 183 (Figs. 3 
and FlowScenes1000).
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Fig. 8. Visual cortical networks for spatial scenes with 956 HCP participants. The conventions are as in Fig. 3. The flow is now shown at timestep 5. The 
ventrolateral cortical visual “What” stream is on the left, and the ventromedial cortical visual “Where” stream is on the right. 

Fig. 9. Visual cortical networks for spatial scenes with 956 HCP participants. The conventions are as in Fig. 3. The flow is now shown at timestep 1,000. 
The ventrolateral cortical visual “What” stream is on the left, and the ventromedial cortical visual “Where” stream is on the right. 

A video to illustrate the development of the flows with the 
number of timesteps is provided in Supplementary material as file 
RollsVisualCortexDynamicalGraphs.mp4, in which the 956 HCP 
participants were viewing scenes. Use of the pause facility may 
be helpful when playing this video. This video emphasizes what 
is in the title of this paper: that we are investigating dynamical 
graphs, which change as a function of the number of timesteps 
since a stimulus was applied. 

Differences of the flows for different visual 
stimuli 
Statistical tests were performed for the differences in the flows 
between pairs of cortical regions as described in Section Methods, 
“Assessment of the differences of the Flows for different visual 
stimuli”. Examples of these statistical analyses follow, to show 
that the flows were statistically significantly different when 
different visual stimuli were being shown. The most useful
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Fig. 10. The flow in the forward direction from V1 to ProStriate cortex 
(forward), the flow in the backward direction from ProStriate cortex to 
V1 (backward), and the forward–the backward flow, as a function of the 
number of timesteps, when the 956 participants were viewing scenes. The 
flows are multiplied by 1,000 times as in the flow graphs. The horizontal 
black line shows zero flow, to make it clear when the flow between this 
pair of nodes reverses direction, at timestep 165. 

comparisons are those between scenes and faces, for these 
are the stimuli that help to define the ventromedial “Where” 
cortical visual network vs the ventrolateral face/object “What” 
cortical visual network. Only flows in the direction forward up 
the hierarchy beyond V4 are reported, as these relate to how 
information is passed from V4 towards the hippocampal system. 
The means across the right and left hemispheres are reported. 
All values are reported that are significant beyond P ≤ 0.01 after 
FDR correction and that involve key regions in the ventromedial 
cortical “Where” stream VMV1-3 and VVC; and that involve a key 
region in the ventrolateral “Where” stream FFC. 

For scenes compared to faces, the flows were greater as follows, 
where the negative sign for the t values indicates a higher flow to 
scenes than faces: V4 to VMV2 (t = –4.2, df=6, FDR P = 0.0072); V4 
to VMV3 (t = –13.3, FDR P = 0.0001); V8 to VMV2 (t = –5.8, FDR P = 
0.002); V8 to VMV3 (t = –6.7, FDR P = 0.0015); VMV2 to VVC (t = –3.9, 
FDR P = 0.01). Thus, the flows in several parts of the ventromedial 
visual cortical pathway described here for scenes were greater to 
scenes than to faces for several links in that system, that included 
all the regions VMV1, VMV2, VMV3, and VVC that are part of this 
network, as illustrated in Fig. 3. 

For faces compared to scenes, the flows were greater as follows, 
where the positive sign for the t values indicate a higher flow to 
faces than scenes: V4 to FFC (t = 4.2, df = 6, P = 0.006), FFC to 
PIT (t = 6.1, FDR P = 0.0072). Thus, the flows involving the FFC in 
the ventrolateral visual cortical pathway described here for faces 
were greater to faces than to scenes for some links in that system, 
as illustrated in Fig. 4. 

It is emphasized that both sets of statistical tests included 
any links with P≤ 0.01 after FDR correction for VMV1, VMV2, 
VMV3, VVC, and FFC. For the “Where” scene stream, many Flows 
involving VMV1, VMV2, VMV3, or VVC were significantly higher 
for scenes than faces, and none for FFC. For the “What” ven-
trolateral face / object stream, no Flows involving VMV1, VMV2, 
VMV3, or VVC were significantly higher for faces than scenes, 
and two involving FFC were significantly higher for faces than 
scenes. Thus, these statistical analyses provide evidence that 

the differences of flow illustrated in for example Figs. 3 and 4 
are significantly different. These differences of flow for scenes 
vs faces are part of the way in which the different dynamical 
graphs for whole cortical networks related to scenes vs faces are 
delineated in the approach described here. 

Discussion 
Key findings are the separation between the “What” ventrolateral 
visual cortical stream and the “Where” ventromedial cortical 
stream; the way in which when viewing scenes the flows tended 
to move more towards the “Where” ventromedial cortical stream 
and when viewing faces more towards the “What” ventrolateral 
visual cortical stream; that the flow analyzed over the first 3–30 
timesteps can provide evidence about the order in which nodes in 
the system respond based on the empirically measured effective 
connectivities; and the finding that the flow can change direction 
between nodes after long timeperiods. 

The graphs that were identified using data from effective con-
nectivity show separate streams (Figs. 2–9). The stream on the left 
of these figures via FFC, TF, Perirhinal cortex that reaches the 
hippocampus via the entorhinal cortex can be termed a ventrolat-
eral cortical “What” stream (Rolls 2024b), with information about 
faces and objects represented in these regions, as shown by an 
activation study performed in the same 956 participants when 
they were viewing faces (Rolls et al. 2024b) and using the same 
HCP-MMP atlas. That identification is supported by the present 
finding that the flows via this stream were strong when the 956 
HCP participants were viewing faces (Fig. 4). 

The stream on the right of Figs. 2–9 via the ProStriate cor-
tex, ventromedial cortical regions VMV1–3, and medial parahip-
pocampal regions PHA1–3 that reaches the hippocampus can be 
termed a ventromedial cortical “Where” stream, with informa-
tion about scenes represented in these regions, as shown by an 
activation study performed in the same 956 participants when 
they were viewing scenes (Rolls et al. 2024b) and using the same 
HCP-MMP atlas. That identification is supported by the present 
finding that the flows via this stream were strong when the 956 
HCP participants were viewing scenes (Fig. 4). 

It is interesting that when tools are being viewed (Fig. 5), the 
somewhat intermediate region topologically, VVC (see Fig. 1) links 
together the “What” and “Where” streams by flows between them 
(and does this more than when faces are being viewed, Fig. 4). 
Tools also activate the VVC region strongly in these same 956 
participants (Rolls et al. 2024b). It was suggested that the acti-
vation of VVC by tools may reflect the fact that tools are not 
only objects, but also have attributes such as where they are and 
movements that they make, that are likely to be represented in 
the ventromedial “Where” and visual dorsal stream regions (Rolls 
et al. 2024b; Rolls 2024b), and the flows in Fig. 5 support this. 

It is further interesting that when body parts are being viewed 
(Fig. 6), there are flows involving “What” stream regions such as 
FFC, TF, and perirhinal cortex, consistent with the activations 
(Rolls et al. 2024b). However, there are reverse flows from the 
hippocampus back into the ventromedial cortical visual stream 
regions VMV1–3 and VVC, and medial parahippocampal PHA1– 
3. These reverse flows are associated with no activation of these 
ventromedial cortical visual stream regions produced by body 
parts (Rolls et al. 2024b). 

The dynamical approach described here is a natural step 
beyond (static) description and analysis of only a connectivity 
matrix. Assigning different source (input) nodes by applying to 
them external stimuli we can highlight the pathways of the
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signal precisely from the nodes to which we apply input (V1 
in our case). The propagation of signal designed in a natural 
classical way (eg see related treatment for electrical networks, 
including random graphs (Doyle and Snell 1984; Bollobás 2013)). 
Observe that we trace the propagation of signal in time and 
measure the activity at each node also as a function of time. 
This allows us to produce a detailed picture of the development 
of the corresponding directed graphs of the pathways from the 
source to the destination (hippocampus in our case). We assign 
to each revealed edge an amount of signal transmitted through 
it as a function of time. Hence, we end up with a dynamical 
weighted graph which provides evidence on the relative strength 
of different possible pathways from one brain region to another 
for different times. 

In the graph analysis, at each timestep the signal moves from 
a given node to the next nodes with direct connections in the 
system. The timesteps thus represent the number of successive 
steps from one node to the connected nodes that have elapsed. 
This allows analysis of how information may flow through the 
system, spread from node to node, and how feedback effects from 
higher nodes in the system can have feedback effects on earlier 
nodes in the system. Each timestep in the graph-theoretical anal-
ysis will not correspond to an exact time in the brain’s dynamical 
system, but an approximate relationship is that it takes ∼17.5 ms 
for information to propagate from one cortical region to the next 
as shown by the time delay from cortical region to cortical region 
in the ventral visual system. For example, in macaques, the visual 
response latencies are ∼30 ms in V1, and then via V2, V4, and 
posterior inferior temporal cortex are ∼100 ms in anterior inferior 
temporal cortex (Rolls 2023a). The times are somewhat longer in 
the human brain (Rolls et al. 2023e; Rolls 2024c), due in part to the 
greater connection distances involved. Another type of evidence 
is that an integrate-and-fire model of the signal flow from V1 
to inferior temporal visual cortex shows that with realistic time 
constants for AMPA, NMDA, and GABA receptors, it takes about 
15 ms per stage for the signals to propagate from region to region 
even allowing for the local recurrent collateral connections within 
each stage to perform an attractor computation (Panzeri et al. 
2001). 

It should be noted that as the propagation matrix is derived 
from the connectivity matrix, the corresponding adjacency matri-
ces (ie without information on the strength of the links) coincide. 
However, the graphs that describe the flow of signals in the net-
work depend also on the input, ie which nodes I the initial signal 
is applied to and the strength X of these inputs. Analyzing and 
visualizing the dynamical flow graphs we highlight the strength 
of the flow through the edges. It is important to realize that the 
flow between a pair of nodes is also a function of time and of the 
input, unlike the strength of connection between these two nodes 
in a connectivity matrix. 

In the computations here we find that the shortest path from 
V1 to the hippocampus node is via 5–8 nodes. Assuming that 
a propagation through an edge takes one time step, the graph 
distance is equivalent to the time for the signal applied to V1 to 
reach the target at the hippocampus node. Continuing applying 
the input for a longer time results in the spread of the signal 
through the network. This leads to the creation of longer paths 
through different nodes to the destination, and might also build 
cycles of the flow which contribute to the accumulation of signal. 
Furthermore, the destination node can also become a node of 
a cycle which includes even the input node. The cycles in the 
dynamical graph play an important role of preserving input in 
certain nodes which could well contribute to memory function. 

The findings here are very helpful in going beyond what can be 
measured with effective connectivity, the strength of the connec-
tivity in each direction between every pair of brain regions. The 
graph theory based approach described here goes beyond that 
by considering the direction and strength of the flow between 
a whole network of cortical regions, so that whole networks 
connecting distant brain regions can be analyzed, with the flow 
between different nodes of the network being measured to provide 
evidence on the relative strength of different possible pathways 
from one brain region to another. In interpreting these graphs, 
we should take into account that the flows measured do reflect 
the effective connectivities, which are based on the functional 
connectivity and the delayed functional connectivity. Because the 
effective connectivity could reflect more than direct connections 
between cortical regions, but could reflect an effect that is felt 
after a relay in an intermediate cortical area, some of the flows 
measured extend beyond what might be realized by direct con-
nectivity. For example, in Fig. 4, flow is shown between V1 and V4, 
but that could  reflect in part anatomical connectivity from V1 to  
V2 or V3 and then to V4. But the flow is very useful, for it provides 
an indication of the physiological flows of effects between cortical 
regions, which is helpful for understanding function. It must 
be remembered that although the net flow of influence can be 
measured with the methods described here, the actual trans-
mission of information is more forward in a cortical hierarchy, 
and the backprojections do not send the representation that has 
reached the top of a hierarchy back to early visual cortical regions 
(Rolls 2016; 2023a). For example, face neurons are found in the 
inferior temporal visual cortex but not in V1 (Perrett et al. 1982; 
Rolls 1984; 2016; 2023a; 2025a). So top-down influences may be 
useful for top-down attention, and memory recall, but do not 
simply transmit representations backwards (Rolls 2016; 2023a; 
Rolls and Treves 2024; Rolls 2025a). Another factor to be taken 
into account is that the effective connectivity matrix used here 
was measured with fMRI, and so reflects relatively long-term 
states that would be present with time delays of 2 s. It will be of 
interest to measure the flows when the effective connectivity is 
measured with magnetoencephalography in say 20 ms steps after 
a stimulus is shown. But despite this point, the graph theory-based 
analyses of cortical connectivity in humans can provide very 
useful insight into how different cortical regions interact both 
in the resting state and when visual stimuli are being delivered 
in a task. 

The finding that the flow can change direction between nodes 
after long timeperiods is relevant to measuring effective connec-
tivity with fMRI vs magnetoencephalography (Rolls et al. 2023e; 
Rolls 2024c). With magnetoencephalography, the time delay used 
to measure the direction of the effective connectivity can be short, 
for example 20 ms or less, which is close to the propagation time 
of signal between cortical regions (Panzeri et al. 2001; Rolls 2023a; 
Rolls et al. 2023e), and the direction of the effective connectivity 
is away from V1 towards temporal lobe cortical regions (Rolls 
et al. 2023e; Rolls 2024c), as expected. However, with fMRI, in 
which the time delay τ for the delayed functional connectivity 
measure has to be much slower, typically 2,000 ms because of 
the slow time course of the fMRI BOLD signal, the direction of 
the effective connectivity appears to be towards V1, and a sign 
reversal to correct the directionality is applied to the fMRI data 
(Rolls et al. 2022b; 2022c; 2023a–d, 2023f, 2023g; 2024a). A possible 
reason for this that has been suggested is that in 2,000 ms the 
signal produced in V1 by visual stimuli has had plenty of time to 
reach through the network and for the backprojections between 
adjacent cortical regions to produce some signal in the backward
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direction, which is what is measured with fMRI. That process 
may be facilitated by short term memory cortical processes in 
the temporal cortical visual areas and beyond, which is what 
is illustrated in Fig. 7. But the results shown in Figs. 9 and 10 
show that due to the empirically measured effective connectivity 
effects in both directions between many cortical regions, the net 
flow can become in the backward direction, due to interactions 
between cortical regions throughout the network, which includes 
in this case all 180 regions in the left hemisphere. Thus this graph 
theory-based approach to understanding the flow of signal in 
whole connected networks in the brain is helpful in understand-
ing the effective connectivity that is measured empirically with 
fMRI (Rolls et al. 2022b, 2022c; 2023a–d; 2023f, 2023g; 2024a), and 
more generally in understanding cortical dynamics across time 
(Rolls et al. 2023e; Rolls 2024c). 

The research described here has wide implications, for here 
we have new evidence for a human ventromedial visual cortical 
“Where” network for scenes that is separate from a ventrolateral 
visual cortical “What” network for faces and objects (Rolls 2023b; 
Rolls and Treves 2024; Rolls 2024b; 2025a). This advance has 
as a foundation the discovery of spatial view cells in primates 
(Cahusac et al. 1989; Rolls 1989; Feigenbaum and Rolls 1991; Rolls 
and O’Mara 1995; Rolls et al. 1997; Robertson et al. 1998; Rolls 
et al. 1998; Georges-François et al. 1999; Rolls and Xiang 2005; 
Rolls et al. 2005; Rolls and Xiang 2006; Rolls 2025a) which is 
revolutionizing our understanding of hippocampal functioning in 
primates including humans (Rolls 2023a, b, c; Rolls and Treves 
2024). Part of the importance of this revolution is that human 
episodic memory typically involves remembering where people, 
objects and rewards or goals are in viewed scenes on particular 
occasions. We have shown that hippocampal spatial view cells are 
involved in the rapid association learning and then recall required 
for this type of episodic memory for objects and their locations 
in viewed scenes (Rolls et al. 2005; Rolls and Xiang 2006), and 
rewards and their locations in viewed scenes (Rolls and Xiang 
2005). In contrast, in rodents the focus has been on the represen-
tation of the place in which the rodent is located, and on path 
integration between places for navigation that takes into account 
the head direction and distance moved (O’Keefe and Dostrovsky 
1971; O’Keefe 1979; Morris et al. 1982; McNaughton et al. 1983; 
Burgess and O’Keefe 1996; McNaughton 1996; Samsonovich and 
McNaughton 1997; McNaughton et al. 2006; Moser et al. 2014; 
Kropff et al. 2015; Moser et al. 2017; Rolls 2023a; 2025a, 2025b). The 
rodent findings are consistent with their much poorer visual sys-
tems, no fovea, and very wide field of view (De Araujo et al. 2001), 
and greater reliance on local cues such as touching and exploring 
local cues with the vibrissae, and olfaction. For primates, spatial 
view cells are naturally suited to the representations of locations 
being viewed, and the importance of vision in representing the 
identity of objects, people, and rewards such as fruit or food, so 
that the “What,” the “Where,” and the reward value can be associ-
ated together where they are combined, in the single attractor net-
work in hippocampal CA3 (Rolls and Treves 2024). This provides 
enormous adaptive value in finding rewards, people, and objects 
in the future, by recalling particular memories of where they have 
been seen (Schobert et al. 2018; Rolls and Treves 2024; Rolls 2024a; 
Rolls et al. 2024d). The ability of the primate hippocampus to 
associate viewed locations with reward value (Rolls and Xiang 
2005) also has great importance in enabling the emotional or 
affective value to become a key part of a typical human episodic 
memory, and in navigation towards goals in viewed locations 
“out there” (Rolls and Treves 2024; Rolls 2025a). A theory and 
model for the computations that enable spatial view cells to be 

formed along this ventromedial cortical “Where” network to the 
hippocampus shows how the computations are different from 
those for faces and objects in the ventrolateral “What” cortical 
network, highlighting the need for separate cortical networks for 
the computations for “Where” and “What” representations (Rolls 
2025a, 2025c). 

The dynamical graph theory approach introduced here has 
interesting potential for many applications. For example, based on 
the response properties of neurons in the macaque in the cortex 
in the superior temporal sulcus (STS) in which neurons respond 
to combinations of object including face and motion selectivity 
(Baylis et al. 1985; Perrett 1985; Baylis et al. 1987; Hasselmo et al. 
1989a, 1989b; Rolls et al. 2024b) that often have social significance, 
we proposed (Hasselmo et al. 1989a) that the STS system is a 
separate system from the ventral cortical visual stream for face 
and object selectivity, and from the dorsal cortical visual stream, 
but receives from both of those two streams (Rolls 2024b). This 
third visual stream to the cortex in the STS has more recently been 
accepted (Pitcher and Ungerleider 2021). It would be of interest to 
apply the present graph theory approach to this STS third visual 
cortical stream, to investigate its connectivity as a network, and 
how this third network or stream relates to the ventrolateral cor-
tical “What” network and ventromedial cortical “Where” network 
described here. It would also be of interest to investigate how 
plasticity in the backprojections in this STS pathway that can 
influence the ability to perceive face expressions associated with 
emotions (Borgomaneri 2023) influences this third visual cortical 
whole network. Another potential application is to understanding 
the differences between individuals in their whole network con-
nectivity. For example, we have shown that with the same set of 
visual stimuli described here in the same HCP participants, there 
are differences between females and males in the activations 
of visual cortical regions to faces, scenes, body parts, and tools 
(Zhang et al. 2025). It would be very interesting to use the approach 
described here to analyze how the whole networks described here 
differ between females and males. 

We emphasize that this approach to analyzing the forward 
and backward flow of signals in whole networks identified in 
the approach using directed effective connectivity data for the 
whole brain is new and unique, as are the results obtained with it, 
for no other approach in use including dynamic causal modeling 
(Marreiros et al. 2008; Friston 2009; Stephan 2010; Valdes-Sosa 
et al. 2011; Friston et al. 2014; Frassle 2017; Razi 2017) can measure 
effective connectivity across 180 or 360 cortical regions in tasks. 
Also, Granger causality measures time-related effects between 
pairs of brain regions (Ge et al. 2012; Shojaie and Fox 2022), 
whereas for our Hopf effective connectivity the whole matrix of 
effective connectivities between all nodes in the network that 
optimally simulates the functional connectivity and delayed func-
tional connectivity across the whole network of nodes (cortical 
regions) is computed in a whole brain analysis (Deco 2019). In 
particular, by measuring pairwise effective connectivity over 360 
cortical regions when scenes, faces, tools or body parts are being 
viewed in 956 participants, and by using these new effective 
connectivity analyses to define whole cortical networks and the 
flows between the cortical regions in these networks, the present 
research makes important conceptual contributions to our under-
standing about what is computed by the human hippocampus 
for memory and navigation. The research also shows how this 
is different in key ways from the representations of the place in 
which the individual is located that provides the present corner-
stone for understanding hippocampal system function in rats and 
mice (Rolls 2023a, 2023b; 2025a), for example by elucidating as
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described here a primate including human ventromedial cortical 
“Where” visual pathway for scenes implemented by spatial view 
cells (Rolls 2025c). 

The networks analyzed here have backprojections from higher 
regions such as the hippocampus all the way back via multiple 
cortical regions to early cortical visual processing regions such 
as V1. Does that fit with deep convolutional network learning 
approaches to visual information processing in the brain (Yamins 
and DiCarlo 2016; Zhuang 2021; Celeghin 2023)? There are major 
issues that arise in those approaches, because so far it is not clear 
how the local error signals at synapses at every stage of the deep 
network required for backpropagation of error learning could be 
generated throughout the network in a biologically plausible way 
(Rolls 2023a). Another potential problem with this deep learning 
approach is that if new learning is required when new stimuli 
become present, the new learning can impair for some time the 
mappings already learned in the network, and that could be a real 
problem in a biological system (Song 2024). Another issue is that 
the cortico-cortical backprojections that connect adjacent stages 
in the hierarchy are needed for top-down attentional effects (Deco 
and Rolls 2004; 2005a, b) and memory recall (Rolls and Treves 
2024; Rolls et al. 2024d), both of which operate well with associa-
tively modifiable backprojection synapses (Rolls 2023a). An alter-
native approach to understanding the computations in the visual 
cortical regions uses biologically plausible competitive networks 
that utilize local synaptic modification rules, and a short term 
memory trace to help build transform invariant representations 
of objects and faces (Rolls 1992; Wallis and Rolls 1997; Wiskott and 
Sejnowski 2002; Rolls 2012; 2021; 2023a; 2025b). 

The conceptual advances provided by the dynamical graph 
theory approach described here include the following. The 
approach introduced here allows whole networks of connected 
brain regions to be investigated, rather than the pairwise node 
connectivities that are measured by diffusion tractography, 
functional connectivity, and effective connectivity. This in turn 
enables analysis of the type described here of whether separate 
whole cortical networks and pathways or streams are activated by 
for example viewing scenes compared to faces. Another advance 
is that the approach described here allows the impact of top-
down feedback effects from higher cortical regions, and how 
these develop over time, to be investigated. For example, the 
investigation in section “The development of the flows over time” 
shows that after a long time, the flows will be dominated by 
top-down flow from the top of the hierarchy to earlier cortical 
stages, that is, the flows will be in the reverse direction to 
those of the flow soon after the stimulus is applied. This is very 
helpful in understanding the effective connectivity measured 
with the slow neuroimaging method fMRI, in which the effective 
connectivity can appear to be in the reverse direction of that up 
the visual hierarchies from early cortical areas that are measured 
with the fast neuroimaging method of magnetoencephalography 
(Rolls et al. 2023e; Rolls 2024c). These “reverse flows” are 
computationally relevant to cognitive functions such as top-down 
attention (Deco and Rolls 2004; 2005a, 2005b) and memory recall 
(Rolls and Treves 2024; Rolls et al. 2024d). Another conceptual 
advance is that the method we introduce here is deterministic, 
beyond the probabilistic approach sometimes used previously 
(Fornito et al. 2016; Seguin et al. 2023). Another conceptual 
advance is that instead of using graph theory to analyze simple 
features of networks such as the in-degree and out-degree of 
nodes (Fornito et al. 2016), we show how graph theory can help to 
understand the dynamical interactions between cortical regions 
that have effective connectivity between each pair of nodes in 

both directions. Another conceptual advance is that because 
we have been able to measure the effective connectivity in 
both directions between each pair of 360 cortical regions, we 
have been able for the first time to investigate as described 
here some of the bidirectional effects in cortical networks with 
a relatively large number of nodes in both the ventrolateral 
“What” and ventromedial “Where” cortical visual pathways to 
the hippocampal memory system. 

In conclusion , the specialized and separate cortical ventrome-
dial scene “Where” network revealed here for what is encoded 
about locations “out there” in viewed scenes using spatial view 
cells is fundamental for understanding primate including human 
hippocampal function in memory and navigation, for the hip-
pocampal system representations in rodents without a fovea and 
this highly developed visual cortical scene network are primarily 
about the place where the rodent is located. 
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collaboration. 
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were collected in this investigation, and the data analyzed from 
the Human Connectome Project are available as described above. 
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