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Abstract. An important aspect governing the growth of complex networks is homophily, which is defined
as the tendency of sites to link with others which are similar to themselves. Here, we modify the preferential
attachment from Barabási-Albert model by including a homophilic term. Comparisons are made with the
Barabási-Albert model, fitness model and our present model considering its topological properties: degree
distribution, time dependence of the connectivity, shortest path length and clustering coefficient. We verify
the existence of a region where the characteristics of sites play an important role in the rate of gaining
links as well as in the number of links between sites with similar and dissimilar characteristics.

1 Introduction

Complex networks (CNs) play an important role in the un-
derstanding of many artificial and natural systems [1–6].
Moreover, they have a flexible definition (set of sites
and links, representing agents and the interactions among
them, respectively) which favors the association between
their theory with many fields, such as the internet, world
wide web (WWW) [1–4], road maps [4], gossip propa-
gation [5,6], and hidrographic basin [7]. Their inherent
wiring entanglement occurring during growth leads to
a high degree complexity which is evidenced by their
structural and dynamical properties. The most typical
structural properties studied in CNs are the degree dis-
tribution, the shortest path length, the clustering coeffi-
cient [8,9] and robustness [10,11] while dynamical prop-
erties are made generally by spreading models, such as
magnetic systems [12,13], synchronization process [14] and
epidemic models [15,16].

The first model of random growth networks displaying
power law distributed degree was introduced by Barabási
and Albert (BA) in 1999 [17]. It uses two mechanisms:
(i) growth (the system expands by adding new sites) and
(ii) preferential attachment (a new site links to more
connected one) which produces correlations such as an
asymmetry between younger and older sites, frequently
observed in real network [18]. In 2001, Bianconi and
Barabási [19] improved the original preferential attach-
ment chosen by BA, incorporating a new term in the
preferential attachment called “fitness” which is an in-
trinsic quality of sites, such as the content of a web page
in the WWW, skill in the sexual network or the impact
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factor in the citation network. The fitness [19–21] allows
new sites to become hubs (highly connected sites) and en-
larges the heterogeneity of connectivity in the network (to
know more about models with preferential attachments
see Ref. [22]). In 2009, Mendes and da Silva [23] assumed
a power law fitness distribution and analyzed the topolog-
ical properties of fitness model, showing that the fitness
distribution affects the degree distribution, the cluster-
ing coefficient, the shortest path length, and the dynamic
linkages. From BA, Bianconi-Barabási and other models,
and real networks can be observed that sites are identi-
fied not only by their connections but also by some other
characteristics that have their own rules in the preferen-
tial attachment [24,25]. For example, children of the same
ethnicity are more likely to become friends in school [26]
and proteins with similar functions have a higher chance
to connect to each other [27,28]. These examples share a
common phenomenon where the adjacent sites show sig-
nificant correlations in their characteristics, it is known
as “assortative mixing” [29]. In social networks [30], the
finding that we tend to be similar to our friends is known
as “homophily” [31]. It is one of the basic notions gov-
erning the structure of networks and the underlying idea
can be read even in ancient texts: (i) Plato’s “similar-
ity begets friendship”, (ii) Aristotle’s “people love those
who are like themselves” and (iii) the proverb “birds of a
feather flock together”. Supported by the existence of sim-
ilarity between characteristics of sites, here we modify the
preferential attachment in BA model to make a compara-
tive study between models of networks where homophily
is present. We first introduce the scale-free homophilic
model and then argue, using numerical simulations, that
homophily has a substantial effect on the behavior of net-
worked systems.

http://www.epj.org
http://dx.doi.org/10.1140/epjb/e2012-30802-x


Page 2 of 6 Eur. Phys. J. B (2013) 86: 38

Fig. 1. Illustration of how the scale-free homophilic model
grows. In (a) the initial number of sites, m0, is two. Following,
in (b), (c) and (d), each site makes only one new connection,
m = 1, with a pre-existing site. The values for intrinsic charac-
teristic of each site are: η1 = 0.5, η2 = 0.1, η3 = 0.6, η4 = 0.2,
η5 = 0.4.When deciding where to establish a new link (dot-
ted line), the new site prefers to connect with another that
has characteristics similar to his and many other connections,
jointly.

2 The scale-free homophilic model

The examples discussed above indicate that sites have dif-
ferent ability to compete for links. To account for these
differences, we introduce the term called similitude, Aij =
|ηi − ηj |, where ηi and ηj represent, respectively, the in-
trinsic characteristic of site i and site j. Note that the
similitude term is useful to increase the contact (link) be-
tween similar sites at a higher rate than among dissimilar
sites.

Our network model starts with m0 sites characterized
by ηi which is unchanged in time and assigns randomly
a value ranging from 0 to 1 [32]. At every time step, a
new site j with ηj attributed randomly attaches to other
m (≤ m0) pre-existing sites by undirected and unweighted
new link (multiples linking between two sites are not al-
lowed). The connections are established by considering the
linking probability which depends on the connectivity of
site i, ki, and the similitude, Aij , and is given by:

Πi =
(1 − Aij)ki∑

i

(1 − Aij)ki
. (1)

This procedure is used to include the (m0 + 1)th site,
the (m0 + 2)th site, and so on. The network growth pro-
cess is sequentially repeated up to the size desired for the
system (N = t + m0) where t is the time variable (see
Fig. 1). Note how the preferential attachment (Eq. (1)),
privileges the connection between new sites and those hav-
ing high number of nearest neighbors and high similitude
jointly.

3 Measuring homophily

Let us assume a network composed of sites that can as-
sume two states s with values, s = 1 or s = 0, for simplic-
ity. To compute the degree of homophily, consider n1 (n0),
the number of sites with s = 1 (0) so the total number of
sites N is given by N = n1 + n0 and the total number of
links, M , satisfying M = m11+m10+m00 where m11, m10

and m00 represent the three possible kinds of links in the

network, respectively, (1−1), (1−0) and (0−0). If s is dis-
tributed randomly among the N sites, the expected values
of m11 and m10 are [33–38]:

m11 =
(

n1

2

)

× p =
n1(n1 − 1)

2
p, (2)

m10 =
(

n1

1

)(
n0

1

)

× p = n1(N − n1)p, (3)

where p ≡ 2M/N(N − 1) is the connectance, meaning
the average probability that two sites are linked. If m11

and m10 which were calculated in a particular network
exhibit significant deviations of m11 and m10, it implies
that s = 1 is not distributed randomly. To quantify these
deviations, we use the definition introduced by Park and
Barabási in 2007 [28],

D ≡ m11

m11
and H ≡ m10

m10
, (4)

where D and H mean, respectively, the dyadicity and the
heterophilicity. The physical understanding of dyadicity is
easily interpreted when the product of D and p is done,
leading to the connection probability between a (1−1) site
pair; similarly, we have Hp connections between a (1− 0)
site pair. Quantitatively speaking, D > 1 (dyadic) leads to
sites with s = 1 tending to link more densely among them-
selves than expected for a random configuration, on the
other hand, D < 1 (antidyadic) leads to sites with s = 1
tending to link less densely among themselves. An anal-
ogous quantitative interpretation can be done to het-
erophilicity. If H > 1 (heterophilic), the sites with s = 1
have more links to sites with s = 0 than expected ran-
domly, while if H < 1 (heterophobic), the sites with s = 1
are less densely linked among sites with s = 0.

For the scale-free homophilic model, η assumes a con-
tinuous spectrum of values from 0 to 1, making neces-
sary an adaption to previous method of dyadicity and
heterophilicity measuring. To analyze how η affects the
correlation between sites, the sites were labeled in two
groups: 1 and 0 (see Fig. 2). The group 1 is composed
by all sites having η in the interval, Δη = ηmax − ηmin,
which is extracted from the full spectrum of the intrin-
sic parameters (ηmax and ηmin meaning, respectively, the
upper and lower limit of Δη in question). We used the
interval to define ηcenter , given by ηcenter = ηmin + Δη/2,
corresponding to the Δη analyzed. The group 0 includes
sites with η′s out Δη considered.

4 Results and discussion

Figure 3 shows that dyadicity and heterophilicity
are ηcenter-dependent and independent of network size
and m (the symbols which represent different N are over-
lapped and different values of m do not change H or D).
The only effect of m on dyadicity and heterophilicity is
the reduction of standard deviation as the value of m
increases, according to Monte Carlo method [39]. Note
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Fig. 2. (Color online) Illustrative example of a partial network
corresponding to the scale-free homophilic model for N = 50,
Δη = 0.1 and m = 3. The figure shows that sites with char-
acteristics, η’s, of same interval, Δη (similar characteristics or
same symbols in figure), are more tightly connected themselves
and more sparsely connected with sites of different intervals
(dissimilar characteristics or different symbols in figure). Note
that in the region where η ≈ 0.5, the sites with η’s from here,
are also densily liked sites having η’s outside this region. This
behavior is attributed to the preferential attachment and the
distribution of η which cause an asymmetry between sites with
different characteristics.

in Figure 3a, that the dyadicity, ηcenter-independent, is
dyadic (D > 1), indicating that sites with characteristics,
η’s, of a one same interval, Δη, are more densely linked
among themselves. In the region where ηcenter ≈ 0.5,
this effect is less intense (dyadicity has a minimum). The
minimum of dyadicity meaning that the sites with η’s,
around 0.5, besides being connected together, also con-
nect to many other sites having η’s outside this region
(see Fig. 2). Figure 3b shows that, for most Δη, the
network of the present model is heterophobic (H < 1).
This tells us that sites with η’s of different intervals, Δη,
avoid connecting to one another. Already in the region,
where ηcenter ≈ 0.5, the network is heterophilic (H > 1)
and has a maximum heterophilicity, revealing that even if
the sites have η’s of distinct intervals yet they are more
interconnected (see Fig. 2). This behavior confirms the
interpretation of the minimum dyadicity. Furthermore,
Figure 3b shows a transition of regime from heteropho-
bic (H < 1) to heterophilic (H > 1), according to mo-
bile chat service network which was studied by Park and
Barabási [28]. Therefore, the sites characteristics in our
model have a strong discriminating power.

From now on, we will discuss some properties that do
not depend directly on intrinsic characteristics of site, such
as the degree distribution, shortest path length, clustering
coefficient. Figure 4 shows that degree distribution follows
a power law distribution P (k) ∝ k−γ with γ = 2.84±0.01,
showing that our model is a scale-free network. It means
that few sites have high connectivity while many ones
have a small number of nearest neighbors (heterogeneity
of degree) such Apollonian net [40], BA model [17], fit-
ness model [19], the WWW, the web of man sexual con-
tacts [41], citation networks [42] and others [3]. This fea-
ture, heavy-tailed degree distribution, associated with the
finite size of our network leads to strong influences on size
dependent network properties [32]. It is the reason why we
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Fig. 3. (Color online) Site characteristics distributions on
scale-free homophilic model. We consider the following network
sizes: N = 104 (circles), N = 5×104 (squares) and N = 105 (di-
amonds). For each of them, Δη = 0.1 and m = 3. In (a) dyadic-
ity, D, plotted against different values ηcenter. Note that sites
with characteristics, η’s, of one same interval, Δη, are more
connected themselves (D > 1), although, in ηcenter ≈ 0.5, they
also connect to many other sites having η′s outside this re-
gion. In (b) we showed the behavior of the heterophilicity, H ,
plotted as a function of ηcenter . It reveals that sites with η’s
of different intervals avoid connecting to one another (H < 1).
But, in ηcenter ≈ 0.5, even if the sites have η’s of distinct inter-
vals, yet they are more interconnected (H > 1). The inset plots
(a) and (b) show, respectively, that neither D nor H change
for different values of m (N = 105 and ηcenter = 0.05).

used different size networks to analyze the shortest path
length (see Fig. 6 and Tab. 1) and clustering coefficient
(Fig. 7).

The dynamical of our model can be addressed to the
preferential attachment which privileges the connection
between new sites and those having high number of near-
est neighbors and high similarity jointly. The inset in Fig-
ure 5 shows the temporal dependence of number of links,
more precisely, it tells us how asymptotically it increases
with time t/t0 where t0 is the time at which the site i was
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Fig. 4. The degree distribution for scale-free homophilic model
(m0 = m = 1 and N = 105 averaged over 3000 independent
realizations), plotted in log-log scale. It follows a power law,
P (k) ∝ k−γ , with γ = 2.84 ± 0.01. This behavior reveals the
absence of a typical value for the connectivity of sites.

added, i.e.,

〈ki(t, t0)〉 ∝
(

t

t0

)β

, (5)

where β is the dynamic exponent, indicating the rate at
which sites get connections. Once equation (5) describes
the temporal dependence of number of links, sites which
share the same value of η follow the same power law in-
dependent of their aging. Note that if m = 1, the expo-
nent β > 0 because a site always increases the number of
connections with the time evolution, however β < 1 be-
cause the connectivity site, ki(t), cannot gain more than
one link by each time step, t, so the dynamic exponent β
is bounded.

Figure 5 shows a symmetric behavior of β in the range
from 0 to 1 and the existence of an ideal site characteristic,
0.5, which maximizes the rate of links that a specific site
acquires. It is due to the preferential attachment which
privileges sites with similar profile and the uniform distri-
bution of site characteristic, jointly. For example, in social
networks, friends are generally similar to each other along
ethnicity, age, occupations, interests, beliefs, and opinions,
so people who are most similar with another ones are bet-
ter in turning a random meeting into a social link than
others; in citation network, interdisciplinary papers at-
tract more citations than specialized papers; companies
realize a previous study of preference (affinity) of certain
products to have a good acceptance in the market.

The average path length, 〈l〉, of a network is defined as
the number of links in the shortest path between two sites
averaged over all pairs of sites as can be viewed in Fig-
ure 6 for different values of m. Note that the average path
length increases approximately logarithmically with N ,
indicating the small-world character of the scale-free ho-
mophilic model in accordance with empirical results on
real networks [3,22]. Another information extracted from
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Fig. 5. Dependence of dynamic exponent β with η. It is ob-
tained from the slope of 〈k(t, t0)〉 versus η (η is uniformly dis-
tributed, m = 1 and N = 105 averaged over 1000 independent
realizations). The maximum value of β is 0.55 at η = 0.5 and
our minimum value is 0.37 at η = 0.0 (or 1.0), indicating that
sites with η of about 0.5 acquire, on average, more connections.
This allows sites with intrinsic characteristic around 0.5 to en-
ter the network at a later time and overcome sites that have
been in the network for a much longer timeframe. The inset
plot shows the time dependence of the average connectivity,
for sites with η = 0.1, 0.5 and 0.7. Note that 〈k(t, t0)〉 follows
a power law in all cases and increases linearly η.

Table 1. Slope obtained from linear fit of shortest path length
versus network size. Note that the topology of models with γ
increasingly smaller is more efficient to approximate sites.

Model γ m = 1 m = 2 m = 3 m = 4 m = 5
BA 3.00 2.30 0.88 0.75 0.69 0.65
Present 2.84 2.26 0.85 0.72 0.66 0.62
Fitness 2.25 1.63 0.58 0.50 – –

Figure 6 is when m increases, the average path length de-
creases. It is attributed to addition of links which favors
the number of paths between two sites, shortening the 〈l〉
between them and decreasing the slope of linear-linear
plot of average path length versus log(N) (see Tab. 1).
Observe that in Table 1, the scale-free homophilic model,
BA model and fitness model present small values for 〈l〉,
according with the idea that the heterogeneous scale-free
topology (P (k) ∝ k−γ) is efficient in bringing the sites
close [2].

Finally, to measure other type of correlation on net-
works we used the clustering coefficient which indicates
the probability that two nearest neighbors of a site are
themselves nearest neighbors. Mathematically speaking,
this non-local characteristic is Cj(kj) = 2ej/(kj − 1)kj

where j is the site which contains kj nearest neighbors
and ej number links between them. Figure 7 exhibits the
average clustering coefficient, C, for different network sizes
and different values of m (the values of clustering co-
efficient range from 0 (tree-like network) to 1 (all sites
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Fig. 6. Numerical simulation of scale-free homophilic model
(80 runs): the linear-log plot exhibits the behavior of average
shortest path length as the size of the network changes for
different values of m. Table 1 shows the linear fit, 〈l(N)〉 =
A+B log(N), for distinct values of m, revealing that our model
behaves like a small-world network.

connected)). For m > 1, C ∝ N−0.746(2) which means that
the probability to find two nearest neighbors, of a given
site, connected themselves decreases as the network grows.
Therefore, in thermodynamic limit, the clustering coeffi-
cient vanishes and our model closes to tree-like network.

This behavior is different for exponential networks (C
depends only on the coordination number of the lattice
and independent of N [8]) and scale-free network model
with tunable clustering coefficient [43], but similar for BA
model, C ∝ N−0.79 [23], and its generalizations such as
fitness model [19], C ∝ N−0.49, geographical one [44], etc.
The result for scale-free homophilic model contrasts with
real networks which exhibit a high clustering coefficient
even for large one. It is attributed to clustering coefficient
which depends on its degree. We have also studied how
the clustering coefficient [8,29,45–47] depends on the de-
gree of site as will be presented in a forthcoming longer
paper. It can reveal a relation between the dyadicity and
the heterophilicity with the degree correlation due to pref-
erential attachment in scale-free homophilic model to be
a product of connectivity and similitude.

In 2009, Mendes and da Silva [23] studied in detail the
fitness model and showed that different distribution of fit-
ness affects the degree distribution, clustering coefficient,
shortest path length, and the dynamic of links. Therefore,
we expect different results to all measured properties in
this paper, once this work only assigned randomly values
to site characteristic.

5 Conclusions

Aiming to further contribute to the present understanding
of networks, we have described and analyzed a new model
called scale-free homophilic model which is a natural gen-
eralization of the much-studied graph of BA. We have
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Fig. 7. The size dependence of the average clustering coef-
ficient C for different values of m, plotted in log-log scale
(80 runs). The best fit for the clustering coefficient follows
a power law, C ∝ N−0.746(2) independent of values assigned
by m. Note that the probability to find two nearest neighbors,
of a given site, connected themselves decreases as the network
grows.

shown that the proposed model exhibits five common fea-
tures of networks which were studied in the present work:
homophily, heterogeneity in degree (P (k) ∝ k−γ), pref-
erential attachment, adding of sites and links and small-
world character. Our main finding is that when the value
of site characteristic is 0.5, interesting behaviors are ob-
served: dyadicity is minimum, the heterophilicity is max-
imum and the rate of links that a specific site acquires is
maximum. In particular, the dyadicity is dyadic (D > 1)
for all values of η. On the other hand, the heterophilicity
is η-dependent and shows a transition of regime from het-
erophilic (H > 1) to heterophobic (H < 1), according to
mobile chat service network [28].

The main difference between BA model, fitness model
and our model is the preferential attachment which affects
directly the site’s connectivity and the growth rate. The
first one depends only on the connectivity, the second one
depends on the connectivity and the fitness and the last
one depends on the connectivity and the similitude. There-
fore BA model neglects the complexity capacity of sites
acquire links (sites depends on its age alone). An example
to contrast with BA model is the WWW that some docu-
ments through a combination of good content and market-
ing attracts a large numbers of links in a very short time.
This example is better imitated when the fitness model
is considered. On the other hand, we can imagine in the
WWW that some documents attract new links if they are
similar with other one, in this case, our model is preferred
than fitness model or other in scientific literature.
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fully acknowledge the financial support from the Brazilian
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13. N.A.M. Araújo, R.F.S. Andrade, H.J. Herrmann, Phys.

Rev. E 82, 046109 (2010)
14. V.H.P. Louzada, N.A.M. Araújo, J.S. Andrade Jr., H.J.
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