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1 Dimensionality of real networks

We focused on undirected real networks with less than 100K nodes with edge
clustering in the range C; € (0.25,0.8) from very different domains as described
below.

1.1

Data description

AstroPh-CA ': Collaboration network of Arxiv Astro Physics.

Bible-CO?: Network containing co-occurrences of nouns (places and names)
of the Bible.

Cargoships?: Network of global ports connected by commercial lines.
CElegans-C*: The nervous systems network of the Caenorhabditis elegans.
CondMat-CA': Collaboration network of Arxiv Condensed Matter.

Drosophila-G°: Genetic interactions for Drosophila Melanogaster. We
have converted the multiplex network into a single network taking into ac-
count the following relationship types: Direct interaction, Suppressive ge-
netic interaction defined by inequality, Additive genetic interaction defined
by inequality, Physical association, Colocalization, Association and Syn-
thetic genetic interaction defined by inequality.

EnronEmail®: The network of email communication within the Enron
company.

EUEmail’: The network of email communication in a large European re-
search institution.

Facebook-H®: A page-page graph of Facebook sites. Nodes represent
Facebook pages and links are mutual likes between sites.

Friends-OFF°: A network created from a survey in which each student was
asked to list his 5 best female and his 5 male friends. A node represents a
student and an edge a between two students shows friendship.

Friends-ON'°: A network containing friendships between users of the web-
site hamsterster.com.



Geom-CA!!: The authors collaboration network in computational geome-
try produced from the BibTeX bibliography. Two authors are linked with
an edge, iff they wrote a common work (paper, book, ...).

GrQc-CA': Collaboration network of Arxiv General Relativity.
HepTh-CA': Collaboration network of Arxiv High Energy Physics Theory.
HepTh-CIT '?: Arxiv High Energy Physics Theory paper citation network.

Human-M "*: One-mode projection onto metabolites of the human metabolic
network at the cell level.

Human1-C*: A connectome of the human brain including one hemisphere.

Human1-P'#: Network of physical protein-protein interaction networks for
human ileum tissue. Nodes represent human proteins and edges represent
tissue-specific physical interactions between proteins. Original dataset was
multi-layer, this network contains only the layer ileum.

Human2-C*: A connectome of the human brain including one hemisphere.

Human2-P'*: Network of physical protein-protein interaction networks for
human tooth tissue. Nodes represent human proteins and edges represent
tissue-specific physical interactions between proteins. Original dataset was
multi-layer, this network contains only the layer tooth.

Human3-C*: A connectome of the human brain including the two hemi-
spheres.

Human4-C*: A connectome of the human brain including the two hemi-
spheres.

Human5-C*: A connectome of the human brain including the two hemi-
spheres.

Human6-C': A connectome of the human brain including the two hemi-
spheres.

Internet'®: The network of the Internet at the Autonomous Systems level
corresponding to mid 2009.



Jazz-CA'7: A network of collaborations among jazz musicians and bands
that performed between 1912 and 1940.

Macaque-C '®: A connectome of the macaque cortex.
Mouse-C'": A connectome of the mouse brain.

Music-CO?: In this network, nodes are chords and connections represent
observed transitions among them in a set of songs.

PGP-Trust?': Interaction network of users of the Pretty Good Privacy
(PGP) algorithm.

URVEmail?*?: Network of e-mail interchanges between members of the
Univeristy Rovira i Virgili (Tarragona).

USCommute?*: This network is based on surveys conducted during the
2000 census, and reflects the daily commuter traffic between US counties.
We used the backbone generated in*.

Wiki-H?: The network of Wikipedia pages on editorial norms, in 2015.
Nodes are wikipedia entries, and two entries are linked if exists a hyperlink
between each other.



1.2 Estimation of the range of inverse temperatures
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Figure S1: Scaling relation of edge clustering for different dimensions. Re-
lation between C;/C} e, and /D for a set of networks with the same ~ and
different values of § and D.

1.3 Classifier selection

Decision Tree FNN

Figure S2: Decision boundaries using different classifiers. Examples of de-
cision boundaries when classifying the dimension of a network using a decision
tree, a neural network and the k-nearest neighbor model.



1.4 Network features and dimensionality

Table S1 shows the dimension obtained for each real network. In addition, we
include properties of every network such as number of nodes/links, average degree
and clustering coefficients.

Network Type V] |E] | av. deg. C | triang | squares | pentag Acc. | D
x1073
CElegans-C Biological - Brain 279 2287 | 16.3943 | 0.3371 | 0.3703 | 0.1253 | 2.8196 | 52.0% | 3
Human1-C Biological - Brain 493 7773 | 31.5335 | 0.4914 | 0.5443 | 0.1065 | 0.7965 | 100.0 % | 3
Human2-C Biological - Brain 496 8037 | 32.4073 | 0.4815 | 0.5378 | 0.1061 | 0.8712 | 100.0% | 3
Human3-C Biological - Brain 256 9103 | 71.1172 | 0.6839 | 0.7742 | 0.1899 | 0.4983 | 95.0% | 2
Human4-C Biological - Brain 360 | 12100 | 67.2222 | 0.6613 | 0.7427 | 0.1583 | 0.4630 | 100.0 % | 2
Human5-C Biological - Brain | 1024 | 36553 | 71.3926 | 0.6002 | 0.6590 | 0.1339 | 0.3695 | 100.0 % | 2
Human6-C Biological - Brain 989 | 17865 | 36.1274 | 0.4679 | 0.5194 | 0.1016 | 0.7190 | 100.0 % | 3
Macaque-C Biological - Brain 242 3054 | 25.2397 | 0.4501 | 0.5053 | 0.1949 | 1.9376 | 59.0% | 2
Mouse-C Biological - Brain 213 2969 | 27.8779 | 0.4498 | 0.5121 | 0.1930 | 1.8983 | 78.0% | 1
Drosophila-G Biological - Cell | 8114 | 38909 | 9.5906 | 0.1000 | 0.1963 | 0.0371 | 0.2907 | 66.0 % | 8
Human-M Biological - Cell | 1436 4718 | 6.5710 | 0.5112 | 0.5866 | 0.0770 | 1.1356 | 85.0% | 3
Humanl1-P Biological - Cell 913 7472 | 16.3680 | 0.3624 | 0.2956 | 0.0970 | 1.4879 | 51.0% | 3
Human2-P Biological - Cell | 1090 9369 | 17.1908 | 0.3356 | 0.2448 | 0.0827 | 1.3384 | 53.0% | 1
Facebook-H Citation - Hyperlinks | 22470 | 170823 | 15.2045 | 0.3633 | 0.4933 | 0.1083 | 0.6672 | 98.0% | 1
Wiki-H Citation - Hyperlinks | 1872 | 15367 | 16.4177 | 0.3828 | 0.4265 | 0.1016 | 0.7636 | 69.0% | 5
HepTh-CIT Citation - Scientific | 27400 | 352021 | 25.6950 | 0.2355 | 0.3558 | 0.0735 | 0.3389 | 96.0% | 4
Jazz-CA Collaboration - Music 199 2907 | 29.2161 | 0.6517 | 0.7472 | 0.1219 | 1.0064 | 100.0 % | 2
AstroPh-CA Collaboration - Scientific | 17903 | 196972 | 22.0044 | 0.6332 | 0.6284 | 0.0101 | 0.0769 | 100.0 % | 3
CondMat-CA Collaboration - Scientific | 21363 | 91286 | 8.5462 | 0.6420 | 0.6808 | 0.0045 | 0.0670 | 99.0% | 3
Geom-CA Collaboration - Scientific | 3621 9461 | 5.2256 | 0.5398 | 0.6830 | 0.0102 | 0.2827 | 100.0 % | 3
GrQc-CA Collaboration - Scientific | 4158 | 13422 | 6.4560 | 0.5572 | 0.7634 | 0.0053 | 0.1656 | 100.0 % | 1
HepTh-CA Collaboration - Scientific | 8638 | 24806 | 5.7435 | 0.4820 | 0.5721 | 0.0091 | 0.2753 | 100.0% | 4
Bible-CO Coocurrences - Language | 1707 9059 | 10.6139 | 0.7100 | 0.6259 | 0.0347 | 0.5353 | 98.0% | 5
Music-CO Coocurrences - Music | 2476 | 20624 | 16.6591 | 0.6756 | 0.7781 | 0.0659 | 0.2250 | 62.0% | 6
Friends-OFF Social Offline - Friends | 2539 | 10455 | 8.2355 | 0.1467 | 0.1785 | 0.0282 | 1.2503 | 69.0% | 9
EUEmail Social Online - Email 986 | 16064 | 32.5842 | 0.4071 | 0.4735 | 0.1363 | 0.8990 | 89.0% | 3
EnronEmail Social Online - Email | 33696 | 180811 | 10.7319 | 0.5092 | 0.5434 | 0.0401 | 0.1581 | 95.0% | 8
URVEmail Social Online - Email | 1133 5451 | 9.6222 | 0.2202 | 0.2836 | 0.0608 | 1.6337 | 69.0% | 6
Friends-ON Social Online - Friends | 2000 | 16098 | 16.0980 | 0.5401 | 0.5241 | 0.0543 | 0.6532 | 99.0% | 6
PGP-Trust Social Online - Trust | 10680 | 24316 | 4.5536 | 0.2659 | 0.6185 | 0.0765 | 0.8444 | 99.0% | 1
Internet Technological - peer2customer | 23748 | 58414 | 4.9195 | 0.3604 | 0.5784 | 0.0534 | 0.2150 | 66.0% | 7
USCommute Transport - Commute | 3025 6602 | 4.3650 | 0.3678 | 0.5018 | 0.0470 | 3.3138 | 99.0% | 4
Cargoships Transport - Ships 821 4342 | 10.5773 | 0.4236 | 0.5482 | 0.0873 | 1.4362 | 850% | 3

Table S1: Properties of real networks and their dimensionality as inferred by our
method. Notice that we always work with the giant connected component.

1.5 Phase space of edge cycles in real networks
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Figure S3: Relation between cycles and dimensions for real networks. In each
row, and from left to right, graphs show the projection of the phase space in the
subspaces (Cs, Ct), (Cp, Cy), and (C,, Cs). Each point represents an average over
10 network realizations. Standard errors are smaller than the symbols themselves.
Every row corresponds to a different real network as indicated in the label above
each graph.
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Figure S4: Relation between cycles and dimensions for real networks. In each
row, and from left to right, graphs show the projection of the phase space in the
subspaces (Cs, Ct), (Cp, Cy), and (C,, C5). Each point represents an average over
10 network realizations. Standard errors are smaller than the symbols themselves.
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each graph.
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