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Abstract. In this paper, we analyze the local clustering coefficient
of preferential attachment models. A general approach to preferential
attachment was introduced in [19], where a wide class of models (PA-
class) was defined in terms of constraints that are sufficient for the study
of the degree distribution and the clustering coefficient. It was previously
shown that the degree distribution in all models of the PA-class follows
a power law. Also, the global clustering coefficient was analyzed and a
lower bound for the average local clustering coefficient was obtained. We
expand the results of [19] by analyzing the local clustering coefficient for
the PA-class of models. Namely, we analyze the behavior of C'(d) which
is the average local clustering for the vertices of degree d.

Keywords: Networks + Random graph models - Preferential attach-
ment - Clustering coefficient

1 Introduction

Nowadays there are a lot of practical problems connected with the analysis of
growing real-world networks, from Internet and society networks [1,6,9] to bio-
logical networks [2]. Models of real-world networks are used in physics, informa-
tion retrieval, data mining, bioinformatics, etc. An extensive review of real-world
networks and their applications can be found elsewhere (e.g., see [1,6,7,13]).

It turns out that many real-world networks of diverse nature have some typ-
ical properties: small diameter, power-law degree distribution, high clustering,
and others [15,17,18,24]. Probably the most extensively studied property of net-
works is their vertex degree distribution. For the majority of studied real-world
networks, the portion of vertices with degree d was observed to decrease as d™7,
usually with 2 < v < 3 [3-6,10,14].

Another important characteristic of a network is its clustering coefficient,
which has the following two most used versions: the global clustering coefficient
and the average local clustering coefficient (see Sect.2.3 for the definitions).
It is believed that for many real-world networks both the average local and the
global clustering coefficients tend to non-zero limit as the network becomes large.
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Indeed, in many observed networks the values of both clustering coefficients are
considerably high [18].

The most well-known approach to modeling complex networks is the prefer-
ential-attachment idea. Many different models are based on this idea: LCD [8],
Buckley-Osthus [11], Holme-Kim [16], RAN [25], and many others. A general
approach to preferential attachment was introduced in [19], where a wide class
of models was defined in terms of constraints that are sufficient for the study of
the degree distribution (PA-class) and the clustering coefficient (T-subclass of
PA-class).

In this paper, we analyze the behavior of C(d) — the average local clustering
coefficient for the vertices of degree d — in the T-subclass. It was previously
shown that in real-world networks C(d) usually decreases as d~¥ with some
parameter ¥ > 0 [12,21,23]. For some networks, C(d) scales as a power law
C(d) ~ d~' [13,20]. In the current paper, we prove that in all models of the T-
subclass the local clustering coefficient C(d) asymptotically behaves as C' - d~!,
where C' is some constant.

The remainder of the paper is organized as follows. In Sect. 2, we give a formal
definition of the PA-class and present some known results. Then, in Sect. 3, we
state new results on the behavior of local clustering C'(d). We prove the theorems
in Sect. 4. Section 5 concludes the paper.

2 Generalized Preferential Attachment

2.1 Definition of the PA-class

In this section, we define the PA-class of models which was first suggested in [19].
Let G, (n > ng) be a graph with n vertices {1,...,n} and mn edges obtained
as a result of the following process. We start at the time ng from an arbitrary
graph G7° with ng vertices and mng edges. On the (n + 1)-th step (n > ng),
we make the graph G from G by adding a new vertex n + 1 and m edges
connecting this vertex to some m vertices from the set {1,...,n,n+ 1}. Denote
by d! the degree of a vertex v in G},,. If for some constants A and B the following
conditions are satisfied

P(dgﬂzdgcfn)zl_Adv—B+O<(d“2) ) 1<v<n, (1)
n n n

P(dﬁ“:di}—s—HG%):Ad”—s—B+O<(dv2)>, 1<v<n, (2
n n n

(dn)?

P(dﬁ“dﬁﬂlGﬁl)O( ) 2<j<m, 1<v<n, (3)

1
Pzt =m+)=0(1), 1<j<m, (@
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then the random graph process G?, is a model from the PA-class. Here, as in [19],
we require 2mA + B =m and 0 < A < 1.

As it is explained in [19], even fixing values of parameters A and m does
not specify a concrete procedure for constructing a network. There are a lot of
models possessing very different properties and satisfying the conditions (1-4),
e.g., the LCD, the Buckley—Osthus, the Holme-Kim, and the RAN models.

2.2 Power Law Degree Distribution

Let N, (d) be the number of vertices of degree d in G¥,. The following theorems
on the expectation of N, (d) and its concentration were proved in [19].

Theorem 1. For every model in PA-class and for every d > m
EN,(d) = c(m, d) (n ) (d2+%)) :

where

(@ BT (ot BF) ol it B2) 0

d
,d) = ~
D A A EE) T+ 8) AT (m+ 5

and ' (z) is the gamma function.
Theorem 2. For every model from the PA-class and for every d = d(n) we have
P (|Ny(d) — EN,(d)| > dv/n logn) = O (n~1°8").

Therefore, for any 6 > 0 there exists a function o(n) € o(1) such that
n—oo

lim P <3d < niaFz ;[N (d) — EN,(d)| > ¢(n) ENn(d)) =0.

These two theorems mean that the degree distribution follows (asymptotically)
the power law with the parameter 1 + %.
2.3 Clustering Coefficient

A T-subclass of the PA-class was introduced in [19]. In this case, the following
additional condition is required:

mn n?

D dndr
P(d;”l:d?—l—l,d;-lﬂ:d?+1|6%):eij+O<l J). (5)

Here e;; is the number of edges between vertices 7 and j in G}, and D is a positive
constant. Note that this property still does not define the correlation between
edges completely, but it is sufficient for studying both global and average local
clustering coefficients.

Let us now define the clustering coeflicients. The global clustering coefficient
C1(G) is the ratio of three times the number of triangles to the number of pairs of
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adjacent edges in G. The average local clustering coefficient is defined as follows:
Cy(G) = 71L Z:L 1 C(i), where C(i) is the local clustering coefficient for a vertex

i: Ci) = P“
and P} is the number of pairs of neighbors. Note that both clustering coefficients
are defined for graphs without multiple edges.

The following theorem on the global clustering coefficient in the T-subclass
was proven in [19].

where T is the number of edges between neighbors of the vertex i

Theorem 3. Let G}, belong to the T-subclass with D > 0. Then, for any e > 0

6(1—2A)D n 6(1—2A)D+ .
(1) If2A <1, then whp Zre g rm < C1(Gh) < saas jrm—1)
— 6D 6D
(2) [f 24 = 1’ then ’LUhp m(4(A+B)+7§—1)logn < Cl(G") < m(4(A+B)+trEL 1) logn’

(3) If 2A > 1, then whp n'~24=% < C1(G™,) < n'—24+e,

Theorem 3 shows that in some cases (2A > 1) the global clustering coefficient
C1(G7,) tends to zero as the number of vertices grows.

The average local clustering coefficient C2(G},) was not fully analyzed pre-
viously, but it was shown in [19] that C2(G},) does not tend to zero for the
T-subclass with D > 0. In the next section, we fully analyze the behavior of the
average local clustering coefficient for the vertices of degree d.

3 The Average Local Clustering for the Vertices
of Degree d

In this section, we analyze the asymptotic behavior of C(d) — the average local
clustering for the vertices of degree d. Let T,,(d) be the number of triangles on
the vertices of degree d in GI, (i.e., the number of edges between the neighbors
of the vertices of degree d). Then, C(d) is defined in the following way:

T (d)
Na(d) (3)
In other words, C'(d) is the local clustering coefficient averaged over all vertices
of degree d. In order to estimate C'(d) we should first estimate T),(d). After that,

we can use Theorems 1 and 2 on the behavior of N, (d).
We prove the following result on the expectation of T),(d).

C(d) = (6)

Theorem 4. Let G}, belong to the T-subclass of the PA-class with D > 0. Then
K(d) (n+0 (2+));

K(d) (n +0 (dﬂ% -log(n )

K(d) (7’L+O <d2+% -TL2A 1

(1) if 2A < 1, then ET,,(d)
(2) if 2A =1, then ET,,(d)
(3) if 2A > 1, then ET,,(d)

vv

where K(d) = ¢(m, d) (D +L. Zj;; AiiB) d?voo% e ) d==.
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Second, we show that the number of triangles on the vertices of degree d is
highly concentrated around its expectation.

Theorem 5. Let G}, belong to the T-subclass of the PA-class with D > 0. Then
for every d = d(n)

(1) if 2A < 1: P (|T,,(d) — ET,(d)| > d? \/n logn) = O (n~1o&™);

(2) if 2A =1: P (|T.(d) — ET,(d)| = d* /n log? n) =0 (n~logn);

(3) if2A > 1:P (|Tn(d) — ET,(d)| > d? n24-3 logn) -0 (n—logn)'

Consequently, for any 6 > 0 there exists a function ¢(n) = o(1) such that

(1) if 2A < 1: limp,_.o0 P (Eld < A% ¢ T, (d) — ET(d)| > ¢(n) ETn(d)) —0;
(2) if 2A > 1:
A(3—4A)—5
limy,_ o P (Hd <n A | To(d) — ETW(d)] > ¢(n) ETn(d)) = 0.

As a consequence of Theorems 1, 2, 4, and 5, we get the following result on
the average local clustering coefficient C(d) for the vertices of degree d in GJ,.

Theorem 6. Let G}, belong to the T-subclass of the PA-class. Then for any
d > 0 there exists a function o(n) = o(1) such that

(1) if 2A < 1: lim,,_ oo P <3d < iz ’c(d) _ % > sa;)) —0:
(2) if 24> 1: limy, o0 P (ad <R ‘cu) RercriE *”;)) —0
7) e(m,
K(d) _ D d—1 i d—oo 2D _
Note that @ — d(dil)m <m+zi:m Ai+B) 22D g1,

It is important to note that Theorems 5 and 6 are informative only for A < %,
. . . A(B—44)-5
since only in this case the value n= #4+2 grows.

In the next section, we first prove Theorem 4. Then, using the Azuma-—
Hoeffding inequality, we prove Theorem 5. Theorem 6 is a corollary of Theo-
rems 1, 2, 4, and 5.

4 Proofs

In all the proofs we use the notation 6(-) for error terms. By 6(X) we denote an
arbitrary function such that |6(X)| < X.

4.1 Proof of Theorem 4

We need the following auxiliary theorem.

Theorem 7. Let W, be the sum of the squares of the degrees of all vertices in
a model from the PA-class. Then
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(1) if 2A < 1, then EW,, = O(n),
(2) if 2A =1, then EW,, = O(n - log(n)),
(3) if 2A > 1, then EW,, = O(n?4).

This statement is mentioned in [19] and it can be proved by induction. Also,
let S(n,d) be the sum of the degrees of all the neighbors of all vertices of degree
d. Note that S(n,d) is not greater than the sum of the degrees of the neighbors
of all vertices. The last is equal to W,,, because each vertex of degree d adds d?
to the sum of the degrees of the neighbors of all vertices. So, for any d we have

ES(n,d) < EW,. (7)

Now we can prove Theorem 4. Note that we do not take into account the mul-
tiplicities of edges when we calculate the number of triangles, since the clustering
coefficient is defined for graphs without multiple edges. This does not affect the
final result since the number of multiple edges is small for graphs constructed
according to the model [7].

We prove the statement of Theorem 4 by induction on d. Also, for each d we use

induction on n. First, consider the case d = m. The expected number of triangles
didt
=

on any vertex t of degree m is equal to E Z(i,j)eE(Gt ) (eij Dt +0 ) (see

t gt
(5)). As G, has exactly mt edges, we get E> Ger@r) (eij% +0 (dz§j>) =
D + o(1). The fact that E}; ycpgr ) O (dt#) = O(8¥) = o(1) can be
shown by induction using the conditions (1-4). We also know (see Theorem 1) that
EN,(m) = ¢(m,m)n + O (1). So, ET,(m) = (D + o(1)) (c(m,m)n+ 0O (1)) =
K(m) (n+ O (1)). This concludes the proof for the case d = m for all values of A
(24 < 1,24 =1and 24 > 1).

Consider the case d > m. Note that the number of triangles on a vertex of
degree d is O (d), since this number is O(1) when this vertex appears plus at
each step we get a triangle only if we hit both the vertex under consideration
and a neighbor of this vertex, and our vertex degree equals d, therefore we get

at most dm triangles. Also, EN,(d) = ¢(m,d) <n+ 0 <d2+%)). So we have

ET,.(d) = O(d) ¢(m,d) (n +0 (d”%)). In particular, for n < Q - d* (where
the constant @ depends only on A and m and will be defined later) we have
ET.(d) = O (C(m, d) d3+%) =0 (d*) = K(d)-0 (d2+%). This concludes the
proof for the case d > m, n < Qd? for all values of A.

Now, consider the case d > m, n > @Q d?. Once we add a vertex n + 1 and m
edges, we have the following possibilities.

1. At least one edge hits a vertex of degree d. Then T, (d) is decreased by the
number of triangles on this vertex (because this vertex is a vertex of degree

d + 1 now). The probability to hit a vertex of degree d is AdT*B + 0 (g—z)
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Summing over all vertices of degree d we obtain that ET},(d) is decreased by:

(Ad+B+0<ZZ)> CET,(d). (8)

n

2. Exactly one edge hits a vertex of degree d — 1. Then T,,(d) is increased by the
number of triangles on this vertex. The probability to hit a vertex of degree
AW-D+B | (&
n n?

d—1 once is equal to ) Summing over all vertices of degree

d — 1 we obtain that the value ET),(d) is increased by:

(A(d—nl)ﬂLB L0 (ZZ)) ET,(d - 1). (9)

3. Exactly one edge hits a vertex of degree d — 1 and another edge hits its
neighbor. Then, in addition to (9), T,,(d) is increased by 1. The probability
to hit a vertex of degree d — 1 and its neighbor is equal to % +0 ((d_n#),

where d; is the degree of this neighbor. Summing over the neighbors of a given
vertex of degree d — 1 and summing then over all vertices of degree d — 1 we
obtain that ET),(d) is increased by:

d-E Z i:1 is a neighbor di

d—1 ENndf]. o 0 of a vertex of degree d—1
(d— DEN,(@d—1) - + =

= (d—1)EN,(d — 1) % +0 <dE‘i(2”’d)> . (10)

4. Exactly 7 edges hit a vertex of degree d — i, where 7 is between 2 and m. If
no edges hit the neighbors of this vertex, then T}, (d) is increased only by the
number of triangles on this vertex. The probability to hit a vertex of degree

d — 1 exactly i times is equal to O (Z—z) If we also hit its neighbors, then

T,.(d) is additionally increased by 1 for each neighbor. The probability to hit
a vertex of degree d —i exactly i times and hit some its neighbor is, obviously,

O (2—2) Summing over all vertices of degree d — i and then summing over all

¢ from 2 to m, we obtain that ET;,(d) is increased by:

i: (ETn(d —i)-0 (ZZ) +0 (f;) (d—i)-EN,(d — i))
=0 (f;) ET,(d)+0 (f;) EN.(d). (1)

Finally, using (8)—(11) and the linearity of the expectation, we get
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ET,11(d) = ET (d) - (A‘” 5o (d))
(o) e
(55 o3 (2
— (1= 2B e+ A0 e
e <f;> (ET(d) + ET,(d - ))+0< 3) EN,(d)

+ o0 (@ DEN, (- 1)+ 0 (TED), (12)

Consider the case 24 < 1 (the cases 2A = 1 and 24 > 1 will be analyzed
similarly). We prove by induction on d and n that

ET,(d) = K(d) (n +0 (C : d2+%)) (13)

for some constant C' > 0. Let us assume that ET}(d) = K (d) (2 +0 (C’ . J2+%))
for d < d and all i and for d = d and i < n + 1.

Recall that K(d) = c¢(m,d) (D +L. Zf ,11 m) and EN,,(d) = c¢(m,d) -
(n—i— @) (d“i)). If 2A < 1, then from (7) and Theorem 7 we get ES(n,d) =

O(n) and we obtain:

ETni1(d) = (1 - Ad: B) K(d) (n+9 (Cd2+%))

+ w K(d—1) (n+9 (C(df 1)2+%))
+0 (Z—Z) (K@ (n+0(ca %))+ K@-1) (n+0(cld-1*%)))
+0 (%) ctmd) (n+ 0 (a74))

+%(d—1)0(m,d—1) (n+o(d2+%)) +o(§),

n

Note that K(d) = % K(d-1)+ % ¢(m,d — 1). Therefore,

we obtain:
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ET,1(d) = K(d) (n +1) + K(d) (1 - Ad; B> o ()

Ald—1)+B

Y K(d—1) o(c(d—l)‘”%)

n

+ Mc(m,d)O (dH%) +0 <Z) +0 (dZ) (K(d)n

mn n?
FE( O (CaBHH) 4+ K(d=1)n+K(d—1)0 (C(d—1)*%))
d3 1
+0 <n2) (c(m,d) n+c(m,d) O <d2+A)) .
In order to show (13), it remains to prove that for some large enough C":

K(d) (Ad+B A(d—nl)+B

_1)2t%
- C(d—1y"4

) Cd*t% > K(d-1)

d? d* d*
+0 () +0 (C 2) +0 <2> . (14)
n n n
First, we analyze the following difference:

Ad+ B

K@) (452
_Ad+B 5.1 (Ad-1)+B
Ad+B+1

A(d-1)+B
n

1

) d*t i — K(d-1) (d—1)**a

K(d—1)+ _Dbd-1) (m,d— 1))

n m(Ad—i—B—l—l)C

7A(d71)+BK(d71)(d71)2+% _ (Ad+ B)D(d — 1) C(m,dfl)der%
n mn(Ad+ B +1)
+K(d71)A(d71)+B< Ad+ B d2+%f(d71)2+%)
Ad+B+1

Ad+ B)D(d -1
2—( + B)D( )c(m,d—l)d2+%
mn(Ad+ B +1)
A(d—1)+ B 2A2d+2AB+ B

" Ad(Ad+ B +1)

+(d—-1)* T K(d—1)

. (Ad+B)D(d-1)

> c(m,d—1) 4> x.
mn(Ad+ B +1)

Therefore, Eq. (14) becomes:
(Ad+ B)D(d — 1) b1 &2 d d
1 >0 (& < ).
Cmn(Ad-i—B—i—l) e(m,d =1)d"* 2 0 n +0 On2 +0 n?2
In the case 24 = 1 this inequality will be:
(Ad + B)D(d — 1)
mn(Ad+ B +1)

ZO<(§>+O<CW>+O<£)+O<MC§W>.

ce(m,d—1) d>t log(n)
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In the case 2A > 1 this inequality will be:

(Ad+ B)D(d —1)
mn(Ad+ B + 1)

2 4. 2A-1 4 24
so(T)1o(c™ N io(L) o (2m2).
n n? n? n?

It is easy to see that for n > Q- d? (for some large @ which depends only on
the parameters of the model) these three inequalities are satisfied. This concludes
the proof of the theorem.

c(m,d —1) d>t A p2A-t

4.2 Proof of Theorem 5

This theorem is proved similarly to the concentration theorem from [19]. We also
need the following notation (introduced in [19]):

d d?
W(d) =Pt =d|d}=d)=1—A— — B-
Pl =P (@ =d|ai=a)=1-4% - 5L 10 (%),
2
pr(d) =P (diT =d+1|d) =d) = AZ+B:L+O<d>,
; m d? .
m(d)::P(dg+1:d+;|dv:d):o(nQ),2§y§m,

m

1
poi= YR =m0 =0 (1),

k=1
To prove Theorem 5 we also need the Azuma—Hoeffding inequality:
Theorem 8 (Azuma, Hoeffding). Let (X;)_, be a martingale such that | X;—
2

Xi—1| < ¢ forany 1 < i <mn. Then P (| X, — Xo| > z) < 2¢ 221 for any
x > 0.

Consider the random variables X;(d) = E(T,,(d) | G%,), i = 0,...,n. Note
that Xo(d) = ET,(d) and X,(d) = T,(d). It is easy to see that X, (d) is a
martingale.

We will prove below that for any ¢ =0,...,n—1

(1) if 2A < 1, then ‘X’LJrl(d) — Xz(d)| < Md2,
(2) if 24 = 1, then | X;41(d) — X;(d)| < Md?log(n),
(3) if 1 <2A < 3, then |X;41(d) — X;(d)| < Md*n*A~1,

where M > 0 is some constant. The theorem follows from this statement imme-
diately. Indeed, consider the case 24 < 1. Put ¢; = Md? for all i. Then from
Azuma—Hoeffding inequality it follows that

5 nd* log®n logn
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Therefore, for the case 2A < 1 the first statement of the theorem is satisfied.

Ifd < nﬁ, then the value nd~'/4 is considerably greater than d? logn\/n.

From this the second statement of the theorem follows. The cases 2A = 1 and

2A > 1 can be considered similarly. It remains to estimate |X;41(d) — X;(d)]|.
Fix 0 <i <n — 1 and some graph G, . Note that

E(Tu(d) | Gi}Y) —E(Tw(d) | G,)| < _ max {E(Tn(d) | é;‘;l)}

Gitoai,
~  min {E (Tn(d) | é;’,jl)} .
&itioes,

Put Gitl = argmax E(T,(d) | G5Y), Git! = argmin E(T,.(d) | GitY). Tt is
sufficient to estimate the difference E(T},(d) | Gl —E(T,(d) | GiHY).
Fori+1<t<nput

6i(d) = E(T(d) | G,F) — E(T(d) | G},

First, let us note that for n < W-d? (the value of constant W will be defined
later) we have d7,(d) < 22 . (W n dm) < 4m?n < Md® < Md?log(n) <
Md?n?*A=1 (since we have at most 227 vertices of degree d, and each vertex of

degree d has at most W triangles when this vertex appears plus at each
step we get a triangle only if we hit both the vertex under consideration and a
neighbor of this vertex, and our vertex degree is equal to d, therefore we get at
most dm triangles) for some constant M which depends only on W and m.

It remains to estimate 4% (d) for n > Wd?2. Consider the case 2A < 1. We want
to prove that &' (d) < Md? for n > Wd? by induction. Suppose that n =i + 1.
Fix G¢,. Graphs G’ﬁ,‘fl and Gt are obtained from the graph G?, by adding the
vertex i+ 1 and m edges. These m edges can affect the number of triangles on at
most m previous vertices. For example, they can be drown to at most m vertices
of degree d and decrease T;(d) by at most %. Such reasonings finally lead
to the estimate 6, | (d) < Md? for some M.

Now let us use the induction. Consider t: i +1 <t <n—1,t > W d> (note
that the smaller values of ¢ were already considered). Using similar reasonings
as in the proof of Theorem 4 we get:

Faalm) = 8im) (1= ) + 0 (1)

1 (d) = 35(d) (1~ pu() + 83— 1) pl(d — 1)
(@1 (BN~ 1) | 6,) ~E(N(d = 1) | G3,)) - =

o (d-ES(t,d—l)) +O(ETt(d)-d2> o (ENt(d)-d?’).

2 2 t2
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Note that E(Ny(d) | Gi1) —E(Ny(d) | GE) = O (d) (see [19]) and ES(t,d —
1) = O (t). From this recurrent relations it is easy to obtain by induction that
8t (d) < Md? for some M. Indeed,

Bts(m) < M (1= piom)) + S < Mm® (1 JAmb B, %) + 9 <
for sufficiently large M. By C;, i = 1,2, ..., we denote some positive constants.

For d > m we get

511 (d) < Md?(1 — pu(d)) + M(d— 1)*pl(d —1)+cgd +c4d4

Ad+ B d? 1)+ B d? d?
gMdQ(lf j +C—)+M(d )2(%+C—)+037

d* M d? d*
+C4t—2 gMd2+T (A( 3d% +3d — 1) + B(-2d + 1)+C7—+03— +C4M>

M Mt
+ (34 —2B) -d+ (B — A)) < Md>.

2
gMd2+¥(( 3A+C—+C—+C—) d?

for sufficiently large W and M.
In the case 2A = 1 we have ES(t,d—1) = O (tlog(t)) and we get the following
inequalities:

6§+1(m) < Mm? log(t) (1 — pe(m)) + < Mm? log(t + 1),

Cq log(t)
4
8 41(d) < Md*log(t)(1 — pe(d)) + M (d — 1)*log(t) p; (d — 1)

d? dlog(t d*log(t
ro % 40, 180 | o, I8

< Md?log(t + 1).

In the case 24 > 1 we have ES(t,d — 1) = O (¢t**) and we get the following
inequalities:

) CthAfl
St (m) < Mm*2471 (1 — py(m)) + — < Mm2(t+ 1)1

041 (d) < M7 (1 = pe(d)) + M(d — 1)* 47 py (d — 1)
d? d- tZAfl d4t2A71

+02*+C3 +Cy

- 5 < Md?(t +1)*471,

This concludes the proof of Theorem 5.
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5 Conclusion

In this paper, we study the local clustering coefficient C(d) for the vertices
of degree d in the T-subclass of the PA-class of models. Despite the fact that
the T-subclass generalizes many different models, we are able to analyze the
local clustering coefficient for all these models. Namely, we proved that C(d)
asymptotically decreases as % -d~!. In particular, this result implies that one
cannot change the exponent —1 by varying the parameters A, D, and m. This
basically means that preferential attachment models in general are not flexible
enough to model C(d) ~ d~% with 1 # 1.

We would also like to mention the connection between the obtained result
and the notion of weak and strong transitivity introduced in [21]. It was shown
in [22] that percolation properties of a network are defined by the type (weak or
strong) of its connectivity. Interestingly, a model from the T-subclass can belong
to either weak or strong transitivity class: if 2D < Am, then we obtain the weak
transitivity; if 2D > Am, then we obtain the strong transitivity.
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