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Abstract

The correlations of several fundamental properties of human brain connections
are investigated in a consensus connectome, constructed from 1064 braingraphs,
each on 1015 vertices, corresponding to 1015 anatomical brain areas. The
properties examined include the edge length, the fiber number, or edge width,
meaning the number of discovered axon bundles forming the edge and the oc-
currence number of the edge, meaning the number of individual braingraphs
where the edge exists. By using our previously published robust braingraphs at
https://braingraph.org, we have prepared a single consensus graph from the
data and compared the statistical similarity of the edge occurrence numbers,
edge lengths, and fiber counts of the edges. We have found a strong positive
Spearman correlation between the edge occurrence numbers and the fiber count
numbers, showing that statistically, the most frequent cerebral connections have
the largest widths, i.e., the fiber number. We have found a negative Spearman
correlation between the fiber lengths and fiber counts, showing that, typically,
the shortest edges are the widest or strongest by their fiber counts. We have
also found a negative Spearman correlation between the occurrence numbers
and the edge lengths: it shows that typically, the long edges are infrequent, and
the frequent edges are short.

Introduction

In the twentieth century only very sparse information was available on the
anatomical connections between the distinct areas of the human brain. Light-
and electron-microscopy staining methods, electrography and in some cases elec-
troencephalography (EEG) were the only available techniques for finding those
connections.

Because of this lack of connection-discovering techniques, anatomical brain
morphology studies mostly measured and compared the volumes and the thick-
ness of distinct cerebral regions (i.e., volumetric studies, e.g., [1]), and the study
of the human brain connections could not be developed.
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The study of the anatomical brain circuitry and connections was accelerated
dramatically by the application of diffusion magnetic resonance imaging (diffu-
sion MRI) techniques in brain science [2]. Publicly available data sources [3, 4]
and data processing tools (e.g., the Connectome Mapper Tool Kit, CMTK, [5])
made it possible to map the network of the connections of the human brain on
a macroscopic scale: a new discipline, the connectomics has appeared on the
stage of neuroscience.

Our research group has contributed numerous novel techniques for analyzing
these braingraphs or connectomes with strict mathematical methods on typi-
cally several hundred nodes (or, in other words, vertices). We have computed
more than one thousand braingraphs, each in five different resolutions, which
are publicly available at https://braingraph.org [6, 7]; developed a new data
augmenting method for artificial intelligence applications and used this method
for computing 126,000 human braingraphs, each in five resolutions, 630,000 con-
nectomes in total [8]; mapped the individual variability of the circuit connections
in [9, 10, 11] and created a public server at https://connectome.pitgroup.org
visualizing the variabilities of those connections. The“Budapest Reference Con-
nectome” computational tool led us to the discovery of the Consensus Connec-
tome Dynamics [12, 13, 14] and the new method of directing the edges of the
connectome [15, 14] (the diffusion MRI is not capable of assigning directions
to the axonal fibers). We have found that women have significantly better
graph-theoretical parameters in their braingraphs than men in [16, 17], which
is independent of the statistical difference of the brain volume of the sexes [18].
We have mapped the frequently appearing subgraphs in the human connectome
in general in the work [19], and, particularly, the frequently appearing complete
subgraphs in [20].

The human hippocampus is the most frequently studied cerebral area; we
have mapped its frequent neighbor sets in [21] and discovered its neighbor sets
related to high and low human intelligence test scores in [22].

The properties of single connections or edges (in contrast to the more com-
plex graph theoretical properties) in the braingraph are rarely examined.

One of the first studies of the single connections was the work of [23], where
we considered the fiber numbers in the connections of the braingraph and found
dozens of edges whose fiber numbers are characteristic of the sex of the subject:
that is, if the fiber number is larger than an edge-specific threshold in one of
those connections, then the subject is male, otherwise female, or vice versa,
with good accuracy. It is interesting that those edges, which with higher fiber
numbers, imply the male sex (the male implicator edges), are located mostly in
the anterior lobes, while the female-implying ones (the female implicator edges)
are in the posterior areas. Additionally, the inter-hemispheric implicator edges
are mostly male, while the intra-hemispheric implicator edges are mostly female.

In work [24], a consensus braingraph was prepared by averaging the edge
labels of 1064 subjects. Then, the averaged labels were ordered by seven fea-
tures, describing anticipated “vertex importance” measures. From the labels of
the edges features of the nodes were computed by applying the characteristics
of the incident graph edges, describing cerebral connections. It was assumed
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that an “important” vertex was connected to other vertices with “stronger” or
more “emphasized” edges. More exactly, the vertex features examined in [24]
were the following ones:

• the degree of the node, i.e., the number of the connected edges to the
node;

• the sum of the fiber numbers of the edges, which connect to the node;

• the maximum number of fibers in the incident edges;

• the average number of fibers in the incident edges;

• the sum of the fiber lengths in the incident edges;

• the maximum fiber length in the incident edges;

• the average fiber length in the incident edges.

It was demonstrated in work [24] that all the seven importance measures
above yield statistically similar orders of importance among the vertices of the
braingraph.

In the present work, we study a related question as in [24], but for the
edges instead of vertices. Here, we intend to compare the orders of importance
on edges instead of the vertices. We will study and compare the edge lengths
(described by average fiber lengths), edge widths or strengths (measured by
fiber numbers), and edge frequencies or occurrence numbers.

We need to add two notes at this point:
Remark 1: The function of our brain is fundamentally determined by the com-
plex system of connections between neurons. Mankind is unable to study the
neuronal level connections of the whole human brain with more than 3 bil-
lion neurons (the frontiers of our techniques allow us to study the connec-
tions of the fruit fly with 100 thousand neurons in the near future), but we
are able to study the connections of the human brain in a much coarser level
by magnetic resonance imaging. Here we concentrate on the characteristics
of the macroscopic, MRI-discovered single edges of the brain and not on the
more involved graph-theoretic properties, involving several edges, like in studies
[12, 13, 14, 21, 22, 9, 10, 11].
Remark 2: In the work of [24], we examined not the single edges but the “bun-
dles” of edges, which were incident to the same node. The characteristics of
those edges were inherited by the nodes, and this way, we have shown that the
seven orders of “node importance” listed above are all statistically similar. Here,
we make comparisons between the orders on the edges and not on the nodes. In
our consensus graph, we have 1015 vertices and 99,171 edges, and we compare
the orders on those 99,171 edges. Therefore, now we will have larger deviations
and not-so-strong correlations as in the case of the orders on 1015 nodes in
[24], but even in these much larger ordered sets, we will find statistically strong
correlations in the braingraph.
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Methods

Braingraph construction

In the present work, we use the data of the https://braingraph.org re-
source, where our research group has published thousands of human braingraphs
[6, 14, 7]. The present work applied the “1015 nodes set, 1064 brains, 1 000 000
streamlines, 10x repeated & averaged” set for constructing the consensus graph
“One single averaged consensus connectome with 1015 nodes”, freely available at
the site https://braingraph.org/cms/download-pit-group-connectomes/.
While the construction of the graphs is described in detail in [7] and [24], we
summarize here the construction steps succinctly for completeness:

(i) The data source for building the graphs is the diffusion MRI repository of
the 1200 Subjects Data Release of the Human Connectome Project (HCP)
[4]. For the graph constructions, the “re-preprocessed” 3T diffusion data
were used.

(ii) The Connectome Mapper Toolkit [5] was applied for graph computation,
with 10-times repetitions and averaging of the probabilistic tractography
step, with the Lausanne2008 atlas. The nodes of the resulting graphs
correspond to the anatomical regions of interest, and two nodes are con-
nected by an edge if the tractography step identified at least one streamline
between the regions. If more than one streamline is identified then we con-
nect the two regions by one edge, but the edge labels will depend on the
averaged attributes of the streamlines.

(iii) An edge connecting the vertices A and B carries three labels: the number
of fibers or streamlines connecting A and B (also called edge thickness),
the average length of the streamlines and the average fractional anisotropy
of the streamlines.

(iv) Steps (i)-(iii) were applied for the diffusion MRI data of 1064 human
brains, each with 1015 anatomically identified nodes, available at https:
//braingraph.org/cms/download-pit-group-connectomes/.

(v) From the 1064 braingraphs, one single consensus graph was computed
as follows: The nodes were the 1015 vertices of the graphs, and each
edge in the consensus graph carried the labels of average fiber number (or
thickness) and the average edge length of the 1064 braingraphs.

We have applied two averaging methods: the ordinary average computing
of the edge labels and the non-zero average computing. For a given edge e
in subject i, let ℓei denote the edge label, and let n = 1064 be the number of
braingraphs in the consensus graph. Then the ordinary average of the labels of
e is defined as

1

n

n∑
i=1

ℓei , (1)
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while the non-zero average is

1

ne

n∑
i=1

ℓei , (2)

where ne is the number of the non-zero ℓei labels for i = 1, 2, . . . , n. Since the
labels were not all-zero for any edge, which appear in at least one subject, the
division by ne is valid.

For the edge lengths, only the non-zero edge lengths were averaged (in or-
der to compute only the average length of the existing connections; otherwise,
the average length values were misleading because of the non-edges in some
subjects); i.e., we have applied formula (2).

For the fiber numbers, we have computed the ordinary average values by for-
mula (1), since it is a notable event if between two vertices there is no connection
in some of the subjects.

The resulting consensus graph is freely available at https://braingraph.
org/cms/download-pit-group-connectomes/. The graph contains 1015 ver-
tices, each labeled with the name of an anatomical gray matter area, and 99,171
edges corresponding to their connections.

Edge orderings by fiber number, length, and frequency

The main focus of the present contribution is the comparison of the edge
orderings of the consensus graph according to their three different weights: the
fiber number, the edge length, and the frequency or the occurrence number. In
point (v) above, we described the computation of the fiber number and the edge
length labels. The frequency (or the occurrence number) is simply the number
of appearances of the same edge in the 1064 graphs of the subjects: its value is
between 0 (meaning no occurrence) and 1064 (meaning that the edge appears
in all the braingraphs).

We have ordered all the 99,171 edges according to these three labels in de-
creasing order. When the orderings are by the occurrence number, then many
of these 99,171 edges carry the 1, 2, 3 and 4 labels as occurrences (we have
99,171 edges and 1064 possible occurrences), and by visualizing those orderings,
scattered or gapped figures would be the result. Therefore, we have chosen the
edges which are present in at least 5 subjects, and visualized only the relative
orderings of those edges. This way, there are no artifacts on the figures. With
this restriction, we have finally processed 67,281 edges.

Next, we compared the pairs from these orderings graphically (cf. Figures
1, 2, and 3) and statistically using Spearman’s rank coefficient. In the Figures
only those 67,281 edges are visualized which are present in at least 5 subjects.

Statistical analysis: the Spearman’s rank correlation coefficient

The Spearman correlation coefficient [25] is used for quantifying the corre-
lation of two random variables. The more frequently used Pearson correlation
is adequate for describing linear relations between random variables, while the
Spearman correlation can also quantify more general non-linear relations by de-
scribing their “joint monotonicity”: it compares two orderings of the values of
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two random variables and the positions in the orderings of the corresponding
values of the two random variables are quantified [24]. The Spearman coeffi-
cient is usually denoted by ϱ. Similarly to the Pearson correlation, |ϱ| ≤ 1 and
ϱ value around 1 means strong positive correlation, ϱ value around -1 means
strong negative correlation, while ϱ around zero means weak or no correlation.

As we remarked in [24], for large n values, the coefficients with smaller
absolute values can also be significant. Therefore, the p-values accompanying
the Spearman correlations also need to be observed. We note that we write p
value 0.0 (to be distinguished from 0) below if the computed p value is less than
10−300.

Results and Discussion

A very informative visualization of the relative positions of the same item in
two different orderings is given in a diagram, where on axis x the first decreasing
order (x1, x2, . . . , xn), on axis y the second decreasing order (y1, y2, . . . , yn) is
listed, and a point with coordinates (xi, yj) visualizes an item whose index is i
in the first and j in the second order.

In our case, the items are the edges of the consensus braingraph, n = 67, 281,
and the three orderings are defined as decreasing orders of fiber numbers, edge
lengths, and the number of occurrences.

Figures 1,2 and 3 compare these orderings.

Occurrence – fiber number comparison

Our Figure 1 depicts the relation between the order of edge occurrence num-
bers and fiber numbers.
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Figure 1: The comparison of edge indices in the orderings (in decreasing order) of occurrence
number and fiber number in the consensus graph. In the diagram, we have demonstrated the
relative positions of 67,281 connections, each of which are present in at least 5 subjects, in
the two orderings of the consensus braingraph. Every point corresponds to an edge (67,281 in
total), which has an x-coordinate equal to its index in the decreasing fiber number ordering,
and the y-coordinate equals to its index in the frequency-ordering. On the figure there is a
very strong Spearman correlation between the edge occurrence number and the fiber count
number (or thickness) of the edges: the Spearman coefficient is 0.97, and the p-value is 0.0.
In other words, the thickest edges are present in most braingraphs. It is important to notice
that there are only a very few frequent and thin (i.e., non-thick) edges in the graph, since
most of the lower right corner is empty.

Fiber length – fiber number comparison

Figure 2 shows the relative orders according to the fiber counts and fiber
lengths.
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Figure 2: The comparison of edge indices in the orderings of length and fiber number. The
fiber lengths were averaged by formula (2), while the fiber numbers were averaged by formula
(1). In the diagram, every point corresponds to an edge, which has x-coordinate equal to its
index in the thickness-ordering, and y-coordinate equal to its index in the length-ordering.
Clearly, a negative Spearman correlation can be observed between the orders: that is, the long
edges are typically thin, and the short edges are typically thick, but the correlation is not so
strong as in Figure 1. In the figure the lower left corner is empty; that is, there are no thick
and very long edges. The Spearman coefficient is −0.51, the p-value is 0.0.
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Occurrence – fiber length comparison

Figure 3: The comparison of edge indices in the orderings (in decreasing order) of occurrence
number and fiber length in the consensus graph. In the diagram, we have corresponded each
of the 67,281 connections to a point whose x coordinate is determined by its position in the
order of the edge-length, and the y coordinate to its position in the order of the occurrences.
A negative correlation is observable on the chart (the Spearman coefficient is −0.47, the p-
value is 0.0), meaning that typically frequent edges are usually short ones, and long edges are
typically not frequent. The virtually empty lower left corner indicates that very few long and
frequent edges exist.

Control experiment

As a control experiment, we have taken the consensus graph, removed the
measured edge labels, and substituted them by randomly generated labels for all
edges, comprising the fiber number, the edge length and the occurrence labels.
Next, we generated the edge orderings according to the random labels, and
computed the Spearman coefficients for comparing the occurrence number with
the fiber count (as in Figure 1), the fiber length with fiber count (as in Figure
2), and the occurrence number with fiber length (as in Figure 3). Then, we
repeated the random label generations 5000 times. From these 5000 random
labeling experiments, the largest absolute values of the Spearman coefficients
and the corresponding p-values are listed in Table 1.
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Spearman coefficient p-value
occurrence number - fiber count 0.0072 0.0232
fiber length - fiber count 0.0076 0.0167
occurrence number - fiber length 0.0062 0.0492

Table 1: The largest absolute values of the Spearman coefficients from the 5000 random label-
ings. In comparison with Figures 1, 2 and 3, the absolute values of the Spearman coefficients
here is a little more than the 1% of the values of the measured braingraph data. Consequently,
the random controls do not have the relations between those parameters, demonstrated in Fig-
ures 1, 2, and 3.

Clearly, even the largest absolute values of the Spearman coefficients of the
5000 random labellings are very small compared to those in the measured brain
data.

Conclusions

By using our previously published robust braingraphs [7] at https://

braingraph.org, we have prepared a single consensus graph from 1064
graphs of 1015 vertices resolution, available at https://braingraph.org/cms/
download-pit-group-connectomes/. Then, we compared the statistical sim-
ilarity of the edge occurrence numbers, fiber lengths, and fiber counts of the
edges. We have found a strong positive Spearman correlation between the edge
occurrence numbers and the fiber count numbers, showing that statistically, the
most frequent cerebral connections have the largest widths, i.e., the fiber num-
ber (Figure 1). We have found a negative Spearman correlation between the
fiber lengths and fiber counts (Figure 2), showing that typically, the shortest
edges are the widest or strongest by their fiber counts. We have also found a
negative Spearman correlation between the occurrence numbers and the edge
lengths in Figure 3: it shows that typically, the long edges are infrequent, and
the frequent edges are short. By our knowledge, this is the first statistical com-
parison of these fundamental characteristics of the cerebral connections in more
than 1000 braingraphs.

Data availability

All data are included in the text.
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