Properties of real networks: degree
distribution
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Nodes with small degrees are most frequent.
The fraction of highly connected nodes decreases, but is not zero.
Look closer: use a logarithmic plot.
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The in- and out-degree distribution of the
WWW are power-laws
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Power-law degree distributions were found in
diverse networks
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Networks of science collaborations also
have power-law degree distributions
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Metabolic networks have a power-law
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Cleaning up degree distributions

Often it is difficult to determine the best fit to the points that make up
a degree distribution.
Methods of data cleanup:
1. logarithmic binning: bin the k range; use bins of exponentially
increasing size
2. Display the cumulative degree distribution
K
P(k<K)= > P(k) or
K=Ky

P(k>K)=1-P(k<K) ;

Ex. Determine the degree distribution and
cumulative degree distribution of the graph
on the right.

If the
(noncumulative)
degree
distribution

is a power law
with exponent
a>1,

the cumulative
degree
distribution

will be a power
law with exponent
a-1.

Does not apply
for a=1!

Probability that a
node has a degree
bigger than x.
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Power grid has exponential degree distribution

nodes: generators,
power stations
edges: power lines
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Path length and order in real networks
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Apparent scaling with the network size and average degree - as though
these different networks were members of the same family.

Distribution of betweenness centrality
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Betweenness centrality (load) distribution of
the power grid
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Q: How does the
non-cumulative
distribution

look like in the region
where the cumulative
distribution is almost
horizontal?
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Mixing patterns in networks

Mixing in social networks
assortative: people prefer to associate with others who are like them

el ety disassortative: people prefer to associate with others who are different
k: Z
v
it 22 e . . Mixing with respect of node degree:
Food wibe o assortative: high degree nodes tend to be connected to high degree
nodes
N N . N disassortative: high degree nodes tend to be connected to low degree
= e A 0 nodes
SEi—_— Yot Focus on edge i, denote the excess in-degree of its starting point with j;
" and the excess out-degree of its endpoint with k;
e e T e | = e Mixing is quantified by the correlation between j, and k, over all i
pligital fractisnal multipiers| nede T ‘L e
Bredback . _ .
| W _ - ik ZJ.ZK/N
28 188 4 151 - 05 05
= = - (Zi-@ir ) (ze-@er )
World Wide Webs Fredhack X i i i i
il AN , . . . N .
ayte | 5 Positive correlation - assortative, Negative correlation - disassortative
ododd NS TH Lt | 118 0 Bt Sedsdel 15,000
netmork type size n | sssortativity v | errar o, | ref.
phyeics coanthoEhi T Trected TIaT 0363 T w 1 1 1 -
biology coauthorship undirected | 1520251 017 0.0004 a Unlversallty ln Iarge scale netWOl'kS
mathematics comithorship | undirected 253330 0120 0.002 b
social { film actor collaborations | undirected | 449913 0.208 0.0002 e o . X
company directors und irected 7673 0.276 0.004 d The degree distribution is a decreasing function, usually a power-law
student. relationships und irected 573 —0.022 0.037 e ) Lo . .
email address books directed 16881 0002 0.004 £ The betweenness centrality distribution is a power law as well
Fower grd T rected To1T S U013 3 - . R
; it ) Internet undirected | 10697 —a1s 0002 h Both indicate heterogeneity and the existence of hubs
teliac bgica World-Wide Web directed 26504 — 0067 0.0002 i
software dependen cies directed 3162 —0.016 0.020 j
protein imeractions undirected 2ITG —0.156 LIKu ) 3 . . . . .
metabalic netwark undirected 765 —02a0 0.007 i The distances scale logarithmically with the network size
biclagical neural netwaork directed ao7 —0.226 0.016 m I N
marine food web directed 13 —0.263 0.037 n . log
freshwater food web directed 2 —0.326 0.031 a ~ |Og<k>

Social networks tend to be assortative, technological and biological
networks tend to be disassortative.

Possible causes of assortativity: attraction of similars, group affiliation
Possible cause of disassortativity: service relationships (e.g. directories)

M. E. J. Newman, Phys. Rev. E (2003)

The clustering coefficient does not seem to depend on the network
size Co <k>

Frequent subgraphs — not universal but common to several networks




