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Abstract. In this paper, we briefly present a classification scheme of
information-based network complexity measures. We will see that existing as well as novel measures can be divided into four major categories: (i) partition-based measures, (ii) non partition-based measures,
(iii) non-parametric local measures and (iv) parametric local measures.
In particular, it turns out that (ii)-(iv) can be obtained in polynomial
time complexity because we use simple graph invariants, e.g., metrical
properties of graphs. Finally, we present a generalization of existing local
graph complexity measures to obtain parametric complexity measures.
Keywords: networks, network complexity, information measures.

1

Introduction

To ﬁnd quantitative measures for detecting the complexity of graph-based systems is a research topic with ongoing interest. Here, we are interested in such
systems which can be described as complex networks. For example, quantitative
approaches to measure network complexity have been developed by [5,13]. In
[5], the complexity of a network was deﬁned to be the number of its containing spanning trees. Minoli [13] deﬁned the so-called combinatorial complexity
of a network. The key feature of this complexity measure is that it increases
with the number of each factor which contributes to the complexity of a network structure. Further approaches to measure complexity of networks can be
found in [15]. In this paper, we deal with information-based complexity measures [2,3,14,16]. Classical measures are based on inducing vertex partitions of
a network to infer a ﬁnite probability distribution. Then, by using Shannon’s
entropy [17], information-based complexity measures for networks are obtained
[1,2,14,16].
The contribution of the paper is twofold: First, we present a classiﬁcation
scheme for information-based network complexity measures. By brieﬂy reviewing existing measures and deﬁning a class of parameterized local complexity
measures, we divide the measures into four major categories (see Figure (1)). In
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particular, we present general deﬁnitions to obtain so-called information functionals which are based on using eﬃciently computable graph invariants. We will
see that those information functionals [6] can be used for deﬁning both global
and local network complexity measures. Further, by applying this principle presented in [6], we obtain straightforward a generalization of existing local graph
complexity measures. Local complexity measures are here understood as measures for assigning a complexity score to each vertex of a network. As a ﬁnal
remark, we emphasize that for each category (see Figure (1)) we only give examples for such measures, especially in terms of the partition-based measures
[2,3,16,14].
The paper is organized as follows: In Section (2), we begin with introducing
basic mathematical preliminaries. Then, we present the classiﬁcation scheme
by starting with Section (3) that deals with classical partition-based network
complexity measures. In contrast, Section (4) outlines complexity measures for
networks which are not based on inducing vertex partitions. A generalization
of existing local complexity measures is introduced in Section (5). The paper
ﬁnishes with a summary and conclusion in Section (6).

2

Mathematical Preliminaries

We ﬁrst state some mathematical preliminaries. Especially, we repeat the definitions of some known metrical properties of graphs [9,10,18]. We deﬁne an
undirected,
  ﬁnite and connected network represented by G = (V, E), |V | < ∞,
E ⊆ V2 . G is called connected if for arbitrary vertices vi and vj there exists
an undirected path from vi to vj . Otherwise, we call G unconnected. GUC denotes the set of ﬁnite, undirected and connected graphs. The degree of a vertex
v ∈ V is denoted by δ(v) and equals the number of edges e ∈ E which are
incident with v. In order to measure distances between vertices in a graph, we
denote d(u, v) as distance between u ∈ V and v ∈ V expressed as the minimum length of a path between u, v. d(u, v) is a metric. We call the quantity
σ(v) = maxu∈V d(u, v) the eccentricity of v ∈ V . Further, ρ(G) = maxv∈V σ(v)
is called the diameter of G. The j-sphere of a vertex vi regarding G ∈ GUC is
deﬁned as Sj (vi , G) := {v ∈ V | d(vi , v) = j, j ≥ 1}. Further metrical properties
of graphs can be found in [18].

3

Partition-Based Complexity Measures

In this section, we give a short overview on classical partition-based information
measures for determining complexity of networks [2,3,16,14]. These measures
which are based on Shannon’s entropy formulas are graph entropy measures
which can be interpreted as so-called structural information contents. To understand how to apply Shannon’s entropy to networks, we start with a network
G = (V, E), an equivalence criterion α, and X denotes an arbitrary graph invariant. By applying α, we get the following scheme:
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(1)

The ﬁrst row represents the obtained equivalence classes whereas the second row
represents the cardinalities of the induced vertex partitions. Now, by deﬁning
i|
the quantities pi = |X
|X| , one obtains directly a ﬁnite probability distribution
PG = (p1 , . . . , pk ) indicated by the third row. If we now apply the well know
formulas for expressing the total and mean information content [3,4], we yield [3]
I(G, α) = |X| log(|X|) −

k


|Xi | log(|Xi |),

(2)

i=1

¯
I(G,
α) = −

k


pi log(pi ) = −

i=1

k

|Xi |
i=1

|X|

log

|Xi |
|X|

.

(3)

According to α, Equation (2) denotes the total structural information content of
G = (V, E) and Equation (3) denotes the mean structural information content
of G, respectively. As examples for such measures, we express, e.g.,
IV (G) = |V | log(|V |) −

k

|Ni |
i=1

I¯V (G) = −

k

|Ni |
i=1

|V |

Ic (G) = min −
V̂

log

|Ni |
|V |

h

ni (V̂ )
i=1

|V |

|V |

log

log

|Ni |
|V |

,

,

(4)

(5)
ni (V̂ )
|V |


;

V̂ = {Vi |1 ≤ i ≤ h}; |Vi | = ni (V̂ ); h = χ(G).

(6)

The ﬁrst equation (see Equation (4)) is often called the total topological information content [16] of G. Here, the equivalence criterion α corresponds to
determine the automorphism group (vertex orbits) of G. The second equation
(see Equation (5)) represents the mean topological information content [16] of G
by using the same equivalence criterion. |Ni | stands for the cardinality of the ith vertex orbit. The third equation (see Equation (6)) representing the so-called
chromatic information content was originally developed by Mowshowitz [14].
h = χ(G) denotes the chromatic number whereas ni (V̂ ) are the cardinalities of
the vertex partitions induced by the underlying chromatic decomposition. As an
important remark, we note that the time complexity of an algorithm to compute
those vertex partitions can be very costly. For example, the problem to calculate
the automorphism group of a graph is equivalent to decide wether to graphs are
isomorphic. But for arbitrary graphs, there is no eﬃcient algorithm to check if
there exists an isomorphism for two given graphs [12]. Similarly, the problem of
determining the chromatic number of an undirected graph is NP-complete [10].
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Non Partition-Based Complexity Measures

To avoid applying algorithms for inducing vertex partitions which are based on
algebraic principles (see Section (3)), we outline a method that results in non
partition-based complexity measures for networks [6]. We start with arbitrary
G = (V, E). If S represents a certain set, e.g., a set of vertices or paths etc.,
the monotonous and positive mapping f : S −→ IR+ is called an information
functional of G. f captures structural information of a network. If we now deﬁne
f
i)
, we infer a probability distribution PG
=
the quantities pf (vi ) :=  |Vf (v
|
j=1

f (vj )

(pf (v1 ), . . . , pf (v|V | )). Instead of determining a probability value for induced
vertex partitions, we now assign a probability to each vertex v ∈ V . As a result,
we obtain the complexity measure
I¯f (G) := −

|V |

i=1

f (vi )
log
|V |
j=1 f (vj )

f (vi )
.
|V |
j=1 f (vj )

(7)

Equation (7) represents a family of information-based network complexity measures. We now state a deﬁnition for expressing two possible types of novel information functionals.
Definition 1. We deﬁne two types of information functionals as
f = f (vi , X1 , . . . , Xμ , c1 , . . . , cμ ),

(8)

f = f (vi , X1 , . . . , Xμ ).

(9)

Xi represents a graph-theoretical quantity (generally speaking a graph invariant)
and ck positive coeﬃcients, respectively.
Example 1. We exemplary consider the information functionals
f1 (vi ) := ci δ(vi ), ci > 0, 1 ≤ i ≤ |V |,
ci δ(vi )

f2 (vi ) := α

, ci > 0, 1 ≤ i ≤ |V |, α > 0,

(10)
(11)

f3 (vi ) := αc1 |S1 (vi ,G)|+c2 |S2 (vi ,G)|+···+cρ(G) |Sρ(G) (vi ,G)| ,
ck > 0, 1 ≤ i ≤ |V |, α > 0,
f4 (vi ) := d(vi , v1 ) + d(vi , v2 ) + · · · + d(vi , v|V | ),

(12)
(13)

f5 (vi ) := σ(vi ).

(14)

The shown information functionals are deﬁned for G ∈ GUC . To simplify the
notation, we write, e.g., f1 (vi ) instead of f1 (vi , δ(vi ), ci ). Especially, it holds
μ = 1. Equation (10), Equation (11) and Equation (12) are parametric information functionals which lead to parametric graph complexity measures (using
Equation (7)). f1 (vi ) is a linear information functional whereas f2 (vi ), f3 (vi )
are exponential functionals. f3 (vi ) was originally deﬁned in [8] where here the
functional can be derived as special case (by setting certain parameters in Definition (1)). Equation (13) and Equation (14) are non-parametric information
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Fig. 1. Classification scheme for information-based network complexity measures

functionals based on metrical properties of graphs. As an important result, we
note that especially by using Equation (12) as information functional, the calculation of the resulting graph complexity measure requires polynomial time
complexity [7]. For the remaining information functionals, this result can be
similarly proven.

5

Local Complexity Measures

In Section (3) and Section (4), we discussed (global) information-based complexity measures for networks. These measures can be used for determining the
structural complexity of networks globally. In the following, we sketch a method
to obtain local complexity measures. This relates to measure the complexity on
local features or substructures of a graph. In particular, we now state a deﬁnition
to determine information-based complexity for the vertices in a network.
Definition 2. We deﬁne two types of information functionals as
g = g j (vi , Xj , cj ),
j

g = g (vi , Xj ).

(15)
(16)

Xj represents a graph-theoretical quantity (generally speaking a graph invariant)
and cj positive coeﬃcients, respectively.
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Definition 3. Let G be an arbitrary network. In general, we deﬁne the mean
local complexity of vertex vi by
I¯g (vi ) := −

|V |

j=1

g j (vi )
log
|V | j
j=1 g (vi )

g j (vi )
|V | j
j=1 g (vi )

.

(17)

Here, we also use the simpliﬁed notation for the local information functionals.
The index j (1 ≤ j ≤ |V |) indicates that starting from vi , a local information
functional g j (vi ) is calculated.
Example 2. We exemplarily consider the information functionals
g1j (vi ) := d(vi , vj ), 1 ≤ i ≤ |V |,

(18)

g2j (vi )
g3j (vi )

(19)

:= cj d(vi , vj ), 1 ≤ i ≤ |V |, ci > 0,
cj d(vi ,vj )

:= α

, 1 ≤ i ≤ |V |, ci > 0, α > 0.

(20)

The shown information functionals are deﬁned for G ∈ GUC . Again, we use the
simpliﬁed notation. Here, we see that the g j are based on metrical properties
of graphs. Applying Equation (17) and Equation (18) leads to an existing local information complexity measure [11]. Equation (19) and Equation (20) are
(possible) generalized versions which ﬁnally lead to parametric local complexity
measures. The proof to show that the ﬁnal local graph complexity measure can
be computed in polynomial time is very similar to the proof presented in [7].
The overall classiﬁcation scheme for the presented approaches is depicted in
Figure (1).

6

Summary and Conclusion

In this paper, we presented a classiﬁcation scheme of information-based network
complexity measures. We began with classical partition-based complexity measures which are mostly based on inducing vertex partitions of the graph in question. By using pure algebraic principles, this can be a diﬃcult problem. Then,
for obtaining measures with better time complexity, we outlined a recently contributed method that leads to families of information-based network complexity
measures. Based on Deﬁnition (1), we saw that novel information functionals
can be easily inferred (see, e.g., Equation (10), (11), (14)). Finally, we expressed
Deﬁnition (2) for obtaining local complexity measures (for vertices). By stating
this deﬁnition, we generalized existing local complexity measures to measure the
information distance for vertices of a graph. As result, local parametric measures
can be easily obtained. In general, these information measures can be used to detect structural complexity of graph-based systems, e.g., in biology and chemistry.
Especially in QSPR (quantitative structure property relationship) that is branch
of mathematical chemistry, a main problem is to characterize molecules by using
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information-theoretic complexity measures. The complexity measures presented
in Section (3) and Section (4) are suitable to characterize graphs (e.g., chemical structures) globally. That means starting from a graph, inferred structural
features and using Shannon’s entropy, we obtain a value for its information
content. In contrast, the measures given in Section (5) address the problem of
calculating entropies of local graph elements, e.g., vertices. In principle, this gives
us the possibility to study the importance of such graph elements among each
other or between diﬀerent graphs.
As future work, we will apply these measures (local and global) for analyzing
biological networks and combine them with statistical techniques. Moreover, we
are interested in comparing the measures presented in this paper numerically
(measures of the four major categories). From this, one can gain novel insights
regarding the problem of studying the interplay between the measures.
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