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a  b  s  t  r  a  c  t

A  variety  of node-level  centrality  measures,  including  purely  structural  measures  (such  as  degree  and
closeness  centrality)  and  measures  incorporating  characteristics  of actors  (such  as  the  Blau’s  measure
of heterogeneity)  have  been  developed  to  measure  a person’s  access  to resources  held  by  others.  Each
of these  node-level  measures  can  be  placed  on  a  continuum  depending  on  whether  they  focus  only
on  ego’s  direct  contacts  (e.g.  degree  centrality  and  Blau’s  measure  of  heterogeneity),  or  whether  they
also incorporate  connections  to others  at longer  distances  in the  network  (e.g.  closeness  centrality  or
betweenness  centrality).  In this  paper  we  propose  generalized  measures,  where  a tuning  parameter
!  regulates  the  relative  impact  of resources  held  by more  close  versus  more  distant  others.  We  first
show  how,  when  a specific  ! is  chosen  degree-centrality  and reciprocal  closeness  centrality  are  two
specific  instances  of  this  more  general  measure.  We then  demonstrate  how  a  similar  approach  can  be
applied  to node-level  measures  that incorporate  attributes.  When  more  or  less  weight  is  given  to other
nodes  at longer  distances  with  specific  characteristics,  a generalized  measure  of resource-richness  and
a generalized  measure  for diversity  among  one’s  connections  can  be  obtained  (following  Blau’s  measure
of heterogeneity).  Finally,  we  show  how  this  approach  can  also  be applied  to  betweenness  centrality  to
focus  on  more  local  (ego)  betweenness  or global  (Freeman)  betweenness.  The  importance  of  the choice
of  !  is illustrated  on  some  classic  network  datasets.

© 2016  Published  by  Elsevier  B.V.

1. Introduction

A fundamental perspective in social network research is that,
through social ties, individuals get access to information (Sparrowe
et al., 2001), social support (Vaux, 1988; Marsden, 1987), and other
resources. The more social access to resources, the greater the per-
son’s social capital. Thus measures of centrality such as degree and
closeness (Freeman, 1979) speak directly to this form of social capi-
tal. Other types of centrality, such as betweenness (Freeman, 1977),
speak to other forms of social capital. For example, Burt (1992) elo-
quently makes the case for the advantages that accrue to those in
a position to broker between others. Accordingly, nodes high in
betweenness centrality have the potential to control, filter or alter
the flow of resources between parts of the network (Brass, 1984).
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E-mail addresses: f.agneessens@surrey.ac.uk (F. Agneessens), sborgatti@uky.edu

(S.P. Borgatti), martin.everett@manchester.ac.uk (M.G. Everett).

A wide variety of measures of centrality have been proposed
(see Borgatti and Everett (2006) for reviews).1 Some measures –
such as degree centrality – focus on the local position in the net-
work, while other measures – such as closeness centrality – also
incorporate indirect connections. Hence, one important aspect to
consider when choosing a measure for a specific research context
(e.g. Marsden, 1990; Borgatti et al., 1998; Borgatti, 2005; Borgatti
and Everett, 2006) relates to the question to what extent these
flow processes are largely restricted to direct contacts or can travel
through intermediaries to nodes further away. In the first case, the
preferred measure should focus primarily or even exclusively on
the flow of resources between people who are directly connected
to ego. In the second case, the measure should (to some extent) also
incorporate access to others that are indirectly reachable.

1 Moreover, centrality has been related with a person’s ability to influence the
views and behavior of others more easily (Brass and Burkhardt, 1993; Brass, 1984;
Friedkin, 1991). However such measures often incorporate dependent effects (A
influences B, and B subsequently influences A). We focus here purely on measures
that focus on the geodesic distance, and thus will not focus on measures that involve
eigenvectors (cf. Bonacich, 1972, 1987; Borgatti, 2005).

http://dx.doi.org/10.1016/j.socnet.2016.09.005
0378-8733/© 2016 Published by Elsevier B.V.



F. Agneessens et al. / Social Networks 49 (2017) 12–26 13

In this paper we propose a generalized approach, where a tuning
parameter ı regulates the relative impact of resources held by more
proximal versus more distal others. We show that two  well-known
centrality measures (degree centrality and reciprocal closeness cen-
trality) are obtained as special cases of our measure by choosing ı
appropriately. We  also discuss how the choice of ı can be made a
priori or determined empirically, based on maximizing the corre-
lation with an outcome variable. We  then show how our approach
can be applied to other well-known measures of position. We  illus-
trate this by focusing on three well known measures. First, focusing
on betweenness centrality we yield a family of measures that vary
along the local to global continuum.

In addition, following Everett and Borgatti (2012), we extend our
approach to take into account the attributes of alters (cf. Agneessens
and Koskinen, 2016). For example, numerous authors have con-
structed social capital measures by assessing the resource-richness
of a node’s direct contacts, as in looking at the total potential fund-
ing available to an entrepreneur through her rich contacts (e.g., Lin
et al., 1981a,b; Hurlbert, 1991; cf. Lin, 2001). We  generalize these
types of measure by adding the ı parameter to take into account
both direct and indirect access to resources. We  similarly generalize
measures of ego net heterogeneity by taking into account indirect
contacts. The ı parameter allows us to tune the extent that contacts
several links away impact the calculation of heterogeneity.

2. A generalization of measures of centrality

From a theoretical point of view, a large part of the social net-
work literature takes for granted that indirect relations are relevant
for obtaining resources (Borgatti and Halgin, 2011). For example,
Granovetter has argued for the importance of weak ties in the trans-
ferring information about a potential new job among people at
longer distances (Granovetter, 1973). Indirect relations are partic-
ularly applicable when considering easily transferable information
and other types of resources or influence processes which require
little energy from the persons involved (cf. Borgatti, 2005). In such
cases, it makes sense to use centrality measures that incorporate
both direct and indirect connections.

In other cases, however, contacts at longer distance might have
less impact. For example, transferring complex, tacit procedural
knowledge (“how to” knowledge) requires considerable effort and
time (Hansen, 1999), and may  not flow across long distances. Sim-
ilarly, a considerable proportion of research on social support has
focused almost exclusively on the importance of direct ties to others
(e.g., Vaux, 1988; Thoits, 1982). Since most social support (and in
particular emotional support) requires substantial investment from
others and frequent contact, social support studies often use mea-
sures that exclusively focuses on the amount of support directly
accessible to a person to predict well-being and buffer stress (e.g.
Thoits, 1982; Lin, 1986; Marsden, 1987). This is largely because the
contribution of persons indirectly reachable through third parties
can be neglected and therefore the focus is on personal networks
(e.g., Fischer, 1982; Campbell and Lee, 1991).

Hence, when deciding which measure to use to capture a per-
son’s access or influence in a specific context, one should question
whether the flow-processes for the specific research is largely
restricted to directly connected others, or whether it can also
involve others who are indirectly reachable. The centrality measure
used should reflect this decision.

2.1. Closeness centrality

In general, closeness centrality is based on the distance of a
person to all others in the network. Closeness centrality is for exam-
ple used to consider the time it would take for a person to access

resources which are distributed over the actors in a network (Brass,
1984), or alternatively the total number of steps needed for a per-
son to access everyone in a network (cf. the key player problem
discussed in Borgatti, 2006). Distance is generally based on the
shortest distance between ego and all its others (i.e., the geodesic
distance, gij).

In the classic version of closeness centrality, shorter distances
between two actors (high closeness) are preferred over longer
distances as a shorter distance might imply “fewer message trans-
missions, shorter times and lower costs” (Freeman, 1979: 225).
Hence, for closeness centrality, others close by are weighted as
more important (i.e., more easy to access or more easy to influence)
than those at longer distance, because they involve less interme-
diary third parties. While people at shorter distances are more
important, longer distances may  still matter.

One version of closeness centrality is reciprocal closeness
(cf. Borgatti, 2006) which uses reciprocal distance (Latora and
Marchiori, 2001; Newman, 2003). Reciprocal closeness centrality
is based on the sum of the closeness from an actor i to all other
actors j, where the closeness between two actors i and j is obtained
by taking the geodesic distance from actor i to all others j (gij) and
transforming this distance into a closeness score by taking its recip-
rocal (1/gij).2 As a result, the closeness between i and j (1/gij) is 1
if the geodesic distance (gij) is equal to 1 (a geodesic distance of 1
being the minimal distance between two  nodes), and the value for
1/gij becomes smaller as the shortest path from i to j is longer. In
the limit, the closeness-score goes to 0 as distance goes to infin-
ity. Conveniently, we can use this to deal with disconnected graphs
by declaring the distance between nodes in different components
to be infinite, thus yielding a closeness score of zero (cf. Latora and
Marchiori, 2001; Newman, 2003). The resulting normalized version
of reciprocal closeness centrality is:

C ′
C (i) =

!
j /=  i

"
gij−1

#

N − 1
(1)

This normalization involves dividing by the total number of oth-
ers (N-1, the total number of nodes in the network besides ego), as
the maximum closeness a person can reach is obtained when he
or she is directly connected to all (N-1) other actors (i.e. a geodesic
distance of 1, so that 1/gij equals 1), and the sum over all others
is then (N-1).3 The normalized measure is also known as average
reciprocal distance or ARD (Borgatti et al., 2002).

2.2. Generalized measure of centrality based on closeness

The measure described by Eq. (1) assumes that a node at dis-
tance 4 from ego contributes only 1/4 while a node at distance 2
contributes 1/2. As discussed before, the importance of connections
at longer distances might be high or low, depending on the type of
process, and therefore different weight should be allowed to actors
at different geodesic distances depending on the relevance of dif-
ferent distances. Following this logic, we propose a generalization
of Eq. (1) that weights nodes at different distances depending on the

2 While we focus in this paper on undirected networks, one can easily extent this
to  either outgoing ties from actor i to all other actors, or incoming ties from all others
to  actor i.

3 An alternative approach, Freeman’s closeness centrality (Freeman, 1979), takes
the  sum of the number of steps needed to reach all other actors. It subsequently
takes 1 over this farness and normalizes the measure by multiplying by N-1: C ′

C (i) =
N−1!
j /=  i

g
ij

. However, whenever at least one actor is not reachable from another actor

in  the network, farness is more difficult to define, and as Freeman (1979: 225) states
the  measure above generally only makes sense for a connected graph – i.e. a network
which consists of a single component.
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value of a gradient parameter ı. More specifically, g−1
ij is replaced

by g−ı
ij , as follows:

C ′ı
C (i) =

!
j /=  igij

−ı

N − 1
,  where ı ≥ 0 (2)

Note that both degree and reciprocal closeness are special cases
of this measure, as they can be obtained by setting ı to infinity or
1, respectively. In addition, we can choose other values of ı. For
example, we can choose values between infinity and 1 to construct
measures intermediate between degree and closeness.4 The greater
the ı, the more the measure favors short distances, and therefore
the greater the similarity to degree. On the other hand, we can
choose values below 1 (and close to 0) to reflect a situation where
nodes at all distances are (almost) weighted equally. It should be
noted that for all positive ıs, the maximum value of the numerator
cannot be greater than N-1.

The choice of the gradient ı could follow from a theoretical
idea about the relative impact of the longer distances, compared
to shorter distances. Alternatively one might be interested in the
centrality of a person when different ıs are considered and empir-
ically try to find the ı that optimizes a specific outcome and hence
provide an empirical answer to this question. In what follows we
will use an example to consider the impact of different values for
ı. In Section 2.4 we then provide an example where we search for
the optimal value for the gradient ı. We  will also provide theoreti-
cal criteria that might guide us when we want to make an a priori
specific choice of ı.

2.3. Example

To illustrate the impact of different choices of ı, we  use the lon-
gitudinal friendship network among 32 students collected by van
de Bunt (Van de Bunt et al., 1999). We  focus on the fourth wave
and we consider two students to be friends if either (or both) of
them named the other as a friend or best friend. A graphical repre-
sentation of the resulting friendship network can be found in Fig. 1.
Table 1 shows the centrality scores for each student, given different
values for ı.
ı equal to 1. When ı is 1, the connection between two  actors is

given by 1/gij1, and therefore the results are exactly the same as
those for the reciprocal closeness (Equation 1). In that case student
27 is the most central (with a value of 0.470), and student 3 is a
close second (with a value of 0.469), while student 24 follows as
3rd (0.430), and student 10 as 4th (0.415). As can be seen more
clearly in Fig. 2, student 27 has a high number of direct contacts (8)
as well as a good proportion of people at distance 2 and 3. Student 3
has a good amount of direct contacts (5) together with a high level
of close-by indirect contacts (13 at distance 2).

High positive ı values. When we increase the value for ı to 2, 3 or
higher, people at a longer geodesic distance become less important,
since their value for 1/gij! becomes relatively small. For example,
when ı is set to 2, a geodesic distance of 3 generates a value 32 = 9,
and therefore the contribution of the person at distance 3 is now
1/9, compared to a contribution of 1/3 when ı is 1 for the same
geodesic distance. In the limit as ı increases further, any node who
is indirectly connected to ego will generate a value for gij! that tends
to infinity, so that 1/gij! approximates 0. As a result only direct rela-
tions (with geodesic 1) still have an impact on ego. Hence, degree

4 Note that many other transformations are possible. However, we  focus on this
transformation because it generates degree and reciprocal closeness as two  out-
comes, which are established measures.

Fig. 1. Symmetrized friendship network among 32 Dutch students (Van de Bunt,
1999).

centrality5 can be seen as a special case of the general formula with
a high ı (e.g. 100), resulting in Eq. (3):

C ′
D (i) =

!
j /=  ixij
N − 1

(3)

In the example dataset, the centrality of student 10 increases
from 4th to 3rd place from the moment that ı is 2 (0.269), over-
taking student 24 (with a value of 0.252). Student 27 remains most
central (0.335) followed by student 3 (0.296). Student 10 even gets
to a 2nd place when ı is 5 or higher, leaving student 3 at place 3
(0.199 compared to 0.175 for student 3). Clearly, compared to stu-
dents 24 and 3, student 10 benefits more from its direct connections
and has less (close) indirect connections, while students 3 and 24
have a lower number of direct connections, but have a high level of
people two  and three steps away (see their respective degree dis-
tributions in Fig. 2). In all these cases student 27 remains the most
central, benefiting especially from a high number of direct ties and
people at distance 2. When ı goes to infinity student 27 gets a value
0.258 (8/31), student 10 gets a value 0.194 (6/31), student 3 gets a
value 0.161 (5/31) and student 24 gets a value 0.129 (4/31), similar
to a number of other nodes in the network. This ordering matches
the ordering based on node degree (see Fig. 2).

Small positive ı values. On the other hand, as the value for ı
approaches 0, the importance of the differences in geodesic dis-
tances to other nodes become far less important, provided the
person can at least be reached indirectly. When a ı close to 0 is
used, the contribution of all directly and indirectly connected oth-
ers will be relatively similar, irrespective of their geodesic distance
from ego, as long as the node can be reached at all. For ı close
to 0, the value gij! will be close to 1, irrespective of the distance,
and therefore 1/gij! will also be close to 1. The only exception is a
geodesic distance equal to infinity, which by definition we assign a
value of 0.

5 Degree centrality can be defined as the number of other nodes a person is directly
connected with, i.e. the number of nodes reached through a single step and without
the  need of any intermediary.
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Table  1
Results of generalized closeness centrality with different ı’s (van de Bunt friendship data) (normalized values reported).

!
-10 -2 -1 -0.5 -0.1 0 0.1 0.25 0.5 1 2 3 5 100

1  0.000000032 0.030 0.177 0.413 0.778 0.903 0.814 0.698 0.548 0.354 0.186 0.130 0.103 0.097
2  0.000000363 0.066 0.268 0.511 0.813 0.903 0.779 0.625 0.439 0.227 0.081 0.046 0.034 0.032
3  0.000000004 0.017 0.131 0.355 0.755 0.903 0.838 0.753 0.635 0.469 0.296 0.223 0.175 0.161
4  0.000000171 0.041 0.200 0.433 0.784 0.903 0.809 0.690 0.539 0.355 0.206 0.159 0.135 0.129
5  0.000000000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
6  0.000000170 0.039 0.196 0.430 0.784 0.903 0.809 0.688 0.534 0.339 0.170 0.110 0.074 0.065
7  0.000000008 0.026 0.163 0.395 0.771 0.903 0.822 0.716 0.578 0.396 0.231 0.172 0.138 0.129
8  0.000000067 0.045 0.214 0.451 0.791 0.903 0.802 0.675 0.516 0.327 0.186 0.148 0.132 0.129
9  0.000000176 0.050 0.232 0.476 0.801 0.903 0.790 0.647 0.469 0.257 0.096 0.053 0.035 0.032
10  0.000000008 0.027 0.165 0.396 0.770 0.903 0.823 0.720 0.586 0.415 0.269 0.222 0.199 0.194
11  0.000000176 0.050 0.232 0.476 0.801 0.903 0.790 0.647 0.469 0.257 0.096 0.053 0.035 0.032
12  0.000000000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
13  0.000000753 0.062 0.252 0.491 0.805 0.903 0.787 0.645 0.469 0.267 0.122 0.083 0.067 0.065
14  0.000000063 0.042 0.210 0.449 0.791 0.903 0.801 0.671 0.506 0.305 0.143 0.094 0.070 0.065
15  0.000000032 0.030 0.173 0.407 0.775 0.903 0.817 0.706 0.561 0.376 0.215 0.161 0.135 0.129
16  0.000000063 0.043 0.214 0.454 0.793 0.903 0.798 0.667 0.500 0.297 0.137 0.090 0.069 0.065
17  0.000000067 0.045 0.214 0.451 0.791 0.903 0.802 0.675 0.516 0.327 0.186 0.148 0.132 0.129
18  0.000000000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
19  0.000000171 0.042 0.206 0.443 0.789 0.903 0.803 0.677 0.516 0.317 0.153 0.100 0.072 0.065
20  0.000000171 0.041 0.202 0.437 0.786 0.903 0.807 0.685 0.530 0.339 0.182 0.131 0.104 0.097
21  0.000000359 0.064 0.260 0.501 0.809 0.903 0.784 0.636 0.456 0.253 0.112 0.078 0.066 0.065
22  0.000000067 0.045 0.214 0.451 0.791 0.903 0.802 0.675 0.516 0.327 0.186 0.148 0.132 0.129
23  0.000000005 0.024 0.161 0.397 0.773 0.903 0.818 0.707 0.558 0.359 0.173 0.107 0.072 0.065
24  0.000000001 0.018 0.139 0.368 0.761 0.903 0.832 0.737 0.609 0.430 0.252 0.182 0.140 0.129
25  0.000000176 0.048 0.228 0.471 0.800 0.903 0.792 0.652 0.476 0.265 0.103 0.056 0.036 0.032
26  0.000001617 0.091 0.315 0.553 0.826 0.903 0.767 0.603 0.408 0.199 0.069 0.042 0.034 0.032
27  0.000000032 0.025 0.153 0.377 0.762 0.903 0.832 0.741 0.623 0.470 0.335 0.289 0.264 0.258
28  0.000000171 0.042 0.204 0.439 0.787 0.903 0.805 0.682 0.526 0.334 0.177 0.128 0.103 0.097
29  0.000000171 0.042 0.206 0.443 0.789 0.903 0.803 0.677 0.516 0.317 0.153 0.100 0.072 0.065
30  0.000000171 0.041 0.200 0.433 0.784 0.903 0.809 0.690 0.539 0.355 0.206 0.159 0.135 0.129
31  0.000000067 0.045 0.214 0.451 0.791 0.903 0.802 0.675 0.516 0.327 0.186 0.148 0.132 0.129
32  0.000000176 0.048 0.228 0.471 0.800 0.903 0.792 0.652 0.476 0.265 0.103 0.056 0.036 0.032

In our data, as more importance is given to a longer distances
(i.e., the ı is positive, but close to 0), the centrality of student 3
overtakes that of student 27. For example when ı is set to 0.25,
student 3 obtains a value of 0.753 compared to only 0.741 for stu-
dent 27 (with student 24 approaching very closely in third position
with 0.737). Hence, when more (equal) importance is given to both
close and far away connections, student 3 seems to reach more oth-
ers rather than 27. A close look at the picture reveals that student
27 occupies a more peripheral position than 3, and benefits from
a larger number of close connections (cf. Fig. 2). When ı is set to
0.25, the 5 direct connections for student 3, compared to 8 direct
connections for student 27, is outweighed by a higher number of
close yet indirect connections (especially the 13 nodes that are 2
steps away from student 3).
ı set to 0. In the extreme case – when ı is set to 0–the importance

of other nodes will be equal as long as the person can be reached
by some path, as 1/gij! will be 1 whatever the distance. When a
node j is not reachable, the geodesic distance gij can be declared
infinite, and in this case 1/gijı is assigned the value 0. Hence the
sum reflects the number of nodes that ego can reach by some path,
no matter how long it is. Equivalently, the sum equals the number
of other nodes in ego’s component. For a strongly connected graph,
the maximum value is N–1.

In the example, when ı further approaches 0, all actors in the
largest component become equally well positioned, while the three
isolated students (students 5, 12 and 18), who are not part of the
main component, are in a worse situation since they have no access
to resources from the main component.

Negative ı. It is also interesting to note that, when a negative ı
is chosen, connections at a longer distance receive a higher value
than others at shorter distances and hence further away (but still

connected) nodes are preferred over shorter distance others.6 Such
a choice of ı could make sense when it is important to be (indi-
rectly) connected to as many people as possible, but at the same
time to keep them as much as possible at a long distance. For exam-
ple, in the case of a criminal network, to avoid being uncovered, it
might be important for the “leader” of a criminal organisation not to
be directly associated with other important criminals, but to nev-
ertheless be connected at some distance (e.g., Duijn et al., 2014).
Similarly, when direct connections require a lot of social invest-
ment (e.g., with respect to time or returning of favors), it may be
advantageous to have just a few direct connections, but to nodes
that ultimately connect ego indirectly to a large number of distant
connections.

Note that when ı is negative, the maximum value occurs when
distances from ego are as large as possible. This occurs when the
entire network is arranged as a path, with ego at one endpoint. As a
result, the maximum score for ı = –1 is N(N-1)/2. As the negative ı
increases in magnitude, the maximum score continues to increase.
In general, for any negative ı, the maximum is:

Max = !
k

k−ıwhere k goes from 1 to N − 1 (4)

We can use this maximum to normalize the measure for nega-
tive ıs:

C ′ı
C (i) =

!
j /=  igij

−ı

!
kk

−ı where ı <0 (5)

In the example, student 26 is clearly the furthest away from all
others (but still connected), hence generating the highest centrality

6 Again we  have to assume that the contribution of an actor is 0 if the distance to
that actor is infinity.
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Fig. 2. Degree distributions of the 4 most central students when ı is positive.

when ı is negative (see Fig. 3). However the second most important
node changes depending on the value of ı. The positions of student
2 and 21 are preferred over student 13 when there is a moderate

preference for nodes at longer distance (0.268 and 0.260 when ı
is −1). However, when the importance of really long distances is
given more importance, student 13 is more important than 2 or 21
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Fig. 3. Degree distributions of the 4 most central students when ı is negative.
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(.7.53 * 10−7 over 3.63 * 10−7 or 3.59 * 10−7 when ı is set to −10).
This is largely due to two  nodes at distance 7 (rather than 1) and
1 person at distance 8 for student 13. Fig. 3 gives an overview of
these nodes degree distribution.

Centrality scores for different ıs. To explore this further, we
ordered the nodes according to their centrality score when ı is
set to different values (see Fig. 4). The figure reiterates the point
made before: the relative centrality of quite a number of nodes can
change considerably in the network when a different choice for ı
is made.

We  also correlated the centrality scores for different ıs (Table 2).
Not surprisingly the centrality scores for nodes are highly corre-
lated when similar ıs are used. However, for rather different ıs
the correlation is considerably lower. For example, the correlations
between the centrality scores when ı is set to 0.1 and when it is set
to 5 is only 0.54. These results are in line with earlier research (e.g.,
Valente et al., 2008) that found that in many real networks different
centrality measures (such as degree and closeness centrality) “are
distinct, yet conceptually related” (p. 24). Moreover, when ı is set
to a relatively high positive value (e.g., ı = 2) versus a relatively high
negative value (e.g., ı = −2) we even obtain a negative correlation
(−0.05). Both the correlations and the rank order results reiterate
the importance of the choice of ı.

2.4. The choice of ı: empirical and theoretical approach

The previous section illustrates the impact of the choice of ı. We
now focus on addressing the reasoning for choosing a specific ı. Two
approaches can be taken: one is based on an a priori choice guided
by theory, while the second is based on an empirical search for the
ı that maximizes the correlation between the centrality measure
and an outcome variable.

Using an a priori approach the focus is on identification of the
questions that help guide us in the decision which ı to use. We
identify at least three relevant criteria that help guide this the-
oretical choice: (1) the willingness of the intermediary actors to
transmit the resource between two nodes, (2) the ability to forward
the resource, and (3) the usefulness of the resources themselves for
nodes at longer distance.

One first crucial criterion relates to the willingness (and moti-
vational strength) of intermediary actors to transmit the resource
further. As we discussed briefly before, indirect relations might be
particularly relevant when considering resources and information
with a low costs to transmit these on to others (such as where to
get a new job (Granovetter, 1973)), as this would make it likely that
the intermediary actor is willing to take on this intermediary role.
For more complex (tacit) information and other resources which
require considerable investment and costs to transmit to the next
person (Hansen, 1999) the willingness of an intermediary is likely
to be low and therefor the contribution of the indirect ties is likely
to be limited. Hence, one of the crucial reasons guiding the choice of
ı might be the energy that it requires from the person(s) in between
the sender and the receiver.

However, there might be a second reason why indirect
ties might have limited relevance. When considering complex
resources, such as learning a new skill, it might simply be very
difficult for an intermediary to transfer this complex information.
Even when intermediary actors might be willing to make time
and energy available to play the role of broker, the resource might
be too difficult to be passed on through indirect relations. Hence,
they might be (largely) limited to direct interaction, whereas for
easily transferable knowledge the ability to forward is likely to
be a lot higher. In a somewhat analogue way, a virus might be
prevented from reaching longer distant contacts because the peo-
ple in-between are immune to the virus (or at least less likely to

develop it). Note that we require both willingness and ability from
people for them to take on the role of intermediary.

Another important aspect is the relevance of a resource as it
flows through the network and reaches people at longer distances.
Gossip for example is generally not very useful for people at longer
distances, since gossip is more interesting if it is about people
one knows (e.g. Ellwardt et al., 2012). In a similar way, one can
argue that emotional support is not transmittable to other peo-
ple because it is very person-specific and therefore not relevant to
those third parties. Emotional support is generally directly focused
on the target and it is hard to provide emotional support through
an intermediary (e.g., Vaux, 1988; Thoits, 1982). Resources are also
potentially vaporous as they move through a network, especially
when they are to be split over different others (cf. parallel duplica-
tion; Borgatti, 2005). On the other hand, innovation and fashion
is relevant to longer distances and – provided the intermediary
people are willing and able to transmit – will be impacting all
its contacts at longer distances (serial duplication, Borgatti, 2005).
Similarly, viruses can easily remain relevant at very long distances.

Hence, when the choice of the gradient ı is based on an a priori
choice, ı should reflect answers to such questions as:

• How willing are intermediary actors to transmit resources (taking
into account their limited energy and time)?

• How able are intermediary actors to transmit resources (taking
into account their limited ability and the “complexity” of the
resource)?

• How relevant is the resource to longer distance others in the net-
work (taking into account the potential local “nature”/relevance
of the resource)?

Alternatively, when there is no clear a priori choice, one can
empirically “search” for the optimal choice for gradient ı based on
how the centrality for specific values for ! “maximize” a specific
objective. To illustrate this we consider two networks.

The first example is the classic marriage network among Floren-
tine families (Padgett and Ansell, 1993, see Fig. 5), with the attribute
wealth as a measure of the richness of a family. Suppose we are
interested in knowing whether the centrality in this network is
related to the wealth of those families.

Fig. 6a provides the explanatory power (R squared) of the vari-
able wealth based on reciprocal closeness centrality with different
values for the gradient ı. We  removed the isolate from the analy-
sis. Clearly in this case the maximal explanatory power is obtained
when ı is high (R2 = 25% when ı >5). This indicates that the rela-
tion between the position of the family in the marriage network
and their wealth is largely based on the direct number of marriage
ties (degree), and that the indirect contacts can be neglected.

In Fig. 6b we  consider the EIES friendship network (Freeman and
Freeman, 1979). The network data consist of friends or good friends,
symmetrized, among early network researchers. In addition, we
have the number of citations amassed by each researcher. We  used
the natural log transformation (log (x + 1)) due to the skewness of
the citations variable. Again we removed any isolates. There seems
to be a clear relationship between the (log) number of citations and
centrality when using a gradient value for ı that is approximately
0.65. This is much smaller than in the Padgett dataset, where the
optimal ı was  above 5. In contrast to the Padgett case, the results
here indicate that the outcome variable is best predicted by a mea-
sure that places considerable weight on distant contacts (even more
than the reciprocal closeness, when ı = 1). Comparing the results in
the two  datasets, we  note that searching for the optimal ı has a nice
benefit of telling us something about the processes being studied
in each. That is, we can use the empirically optimal ı as an indica-
tor of the relative importance of long paths for a given process. For
example, we previously speculated that gossip was something that
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Fig. 4. Rank order for generalized closeness for 32 students (based on results in Table 1).

Table 2
Correlations between generalized closeness centrality with different ı’s for main component (in Table 1).

Note: When ! = 0, all nodes in the main component have the same value and therefore was excluded from the table above.
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Fig. 5. Marriage network among 16 Florentine families (values reflect wealth).

Fig. 6. Predictive power under different choice of !s.
a) Florentine families’ centrality (marriage network) on wealth (excluding isolates)
b) Centrality in Freeman’s EIES network (time 1 friendship symmetrized) on natural
log  of number of publications plus 1 (excluding isolates)

did not travel far. Hence, across multiple gossip datasets, we  should
find that, on average, it is the higher ıs that will be associated with
outcomes that depend on gossip.

3. Extending the generalization to measures with attributes

Besides purely structural measures – such as degree and close-
ness centrality – other node-level measures (cf. Agneessens and
Koskinen, 2016) have incorporated characteristics of ego’s connec-
tions in order to reflect the idea that some of these connections
might be more relevant for ego than others (even when they are at
a similar distance from ego).

In this part we  show how the approach used before can eas-
ily be extended to measures that incorporate attributes. While this
can be applied to a range of measures, to illustrate how this works,
we will focus on two  major types of measures that incorporate
characteristics of the other nodes in the network: resource-richness
and diversity. Generally the measures developed to capture the
resource-richness (e.g., Lin et al., 1981a,b; Hurlbert, 1991) and
diversity of ego’s surrounding (Burt, 1983; Marsden, 1987; Reagans
and McEvily, 2003; Campbell et al., 1986) focus exclusively on direct
contacts. However, following the logic proposed before, one can
easily think of more global variants of such measures, where the
measure not only takes into account the direct contacts, but also
those at longer distance, and where these contacts are weighted in
one way or another by the amount of steps needed to reach a person
(the distance) (cf. Everett and Borgatti, 2012). We  will first focus
on measures that explicitly focus on the resource-richness of the
other nodes, by incorporating attributes that reflect differences in
resources, power or status of these nodes (Lin, 1999). We  will then
discuss measures that incorporate attributes to reflect the diversity
or range in characteristics of the nodes around ego, as this diversity
might indicate access to (more) unique properties or resources that
are different from the resources of the other existing connections
of ego (cf. Granovetter, 1973).

3.1. Resource-richness

A central argument in Social Resource Theory is that connec-
tions are of little relevance if these others do not possess resources
that are useful for ego (Lin, 1999). In other words, being con-
nected to people with more money, more power or higher status
is better than being connected with people with less money, less
power or low status. This approach focuses on incorporating the
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resource-richness of the others explicitly by measuring the extent
to which others around an actor possess more or less useful charac-
teristics, resources, power or status (e.g., Lin et al., 1981a,b; Brass,
1984; Hurlbert, 1991; cf. Lin, 2001; van der Gaag and Snijders,
2005; O’Connor, 2013). For example, Hurlbert (1991) investigated
whether having direct access to highly educated persons makes
people more satisfied with their life, than being linked to lower
educated others. Similarly, Lin et al. (1981a,b) focused on the occu-
pational prestige of one’s connections to explain a person obtaining
a high status job.

Most studies that explicitly incorporate the resource-richness
of others (using a specific “resource-richness”-scale) focus on a
local variant (Hurlbert, 1991; Lin et al., 1981a,b), i.e. where ego
is directly connected to these other nodes. In the resourceful degree
measure the impact of the other nodes (j) is weighted by the specific
resources (rj) that these nodes possess:

C′
R (i) =

!
j  /=  i(xijrj)!
j /=  irj

(6)

This measure is then normalized by dividing by the total amount
of resources that all the others in the network have available, and
hence could be reached if ego would be directly connected to all
the other nodes.7 However, since indirect relations might be impor-
tant, resources from indirect connections should potentially also be
taken into account. To incorporate the resources of actors at longer
geodesic distance, but weighting by their distance, we  can use the
following formula:

C′ı
R(i) =

!
j /= i(gij

−ı · rj)!
j /=  irj

where ı ≥ 0 (7)

In parallel with the generalization proposed before, a node’s (j)
resources is given more or less weight based on the geodesic dis-
tance to ego i (1/gij) and depending on the value ı. As before, the
measure captures how much the level of ‘indirect connectedness’
between ego and the other node (i.e., the number of steps) has an
impact on ego. In this generalized equation the same ı is used as
before to regulate the importance of distance. Similar to the mea-
sure before, a high ı would assign more weight to the resources of
other nodes that are very close by, while a ı close to 0 would focus
on the total resources available in a component. A negative value
would indicate that it is important to have resourceful people at a
large distance, but still reachable.

In a similar way as before, when ı is positive, standardization
is possible by dividing by the total resources available from other
nodes. However, when ı is negative the best situation is obtained
when nodes with the highest resources are at the longest distance
from ego, i.e. where the resource is still available but at a long dis-
tance from ego. In other words, in order to normalize the measure
the value in the denominator consists of a path, with ego at one end
and in which the other node with the least resources is put closest
to ego, the node with the second least resources is put as second
and so forth, until the last (most resourceful other) who  is put last
on the path. In the equation below this is represented by C’ıR (i). The
sum of these resources (r+ being the resources ordered in ascending

7 Alternatively the sum could be divided by the number of other nodes reached.
In  that case the mean resourcefulness of the other nodes is captured. However, in
most cases we  are interested in the total amount of resources that are accessible
(i.e., the richness) rather than the average amount of resources as these resources
from different sources all contribute (i.e. accumulate) and therefore we  focus here
on  the sum of resources.

order excluding the resource for i) is therefore weighted by their
respective distances (and the choice of ı):

C ′ı
R(i) =

!
j /=  i(gij

−ı · rj)!
k /=  i(k

−ı · r+k )
where ı < 0 (8)

Returning to the example of the classic marriage network among
Florentine families (Padgett and Ansell, 1993, see Fig. 5), with the
attribute wealth now being used to measure the resource-richness
of a person, we see (Table 3) that while the Peruzzi clearly have a lot
of resources in their direct environment (a non-normalized value
of 20+146+44=210, when ı = 100), the Guadagni become more
resource-rich when indirect connected are given importance (a
non-normalized value of 501.29 when ı = 0.5, compared to a value
of only 453.32 for the Peruzzi). The reason being that the Peruzzi
are directly connected to the wealthy Strozzi, while the Guadagni
are two steps away from both the wealthy Strozzi and the wealthy
Medici. Hence when longer distances are also given importance
(i.e. a lower, but still positive ı is chosen) the indirect resource-
richness of these two  families increases. Hence, while the Peruzzi
might be better at marrying with wealthy others, this will be bene-
ficial if wealth is only impacting the direct neighbours. However, if
there are reasons to believe that the impact of wealth might spread
beyond those directly connected to others in the network (with a
certain decay function), then we  might find that the Guadagni are
better connected. If connection to resource-rich nodes at long dis-
tances are preferred over short distances, then negative values for
ı should be chosen. This might indicate an opportunity to acquire
resources from a longer distance without having the disadvantages
of having to be under their direct influence of local contacts. Hence
the Ginori and the Lamberteschi are still able to benefit from the
resources in their component through their indirect contacts, while
remaining (relatively) far away from either wealthy families (see
Fig. 5). Note that the Pucci are completely unconnected to the main
component, and therefore are unable to benefit from the resources
of the main component, while also not being under their pressure.

More generally, if only the resources of direct contacts matter,
then it would suffice to use the resourceful degree measure (or
in other words use a ı set to 100). However, if there is any rea-
son to assume that resources at a longer distance from ego matter,
and in other words resources are transmittable through interme-
diary nodes in a network, the general measure proposed in this
paper is appropriate with a lower or higher (positive) value for ı.
Moreover, if being part of a resourceful component is important,
but the precise distance is not, then a ı equal to 0 might be more
appropriate.

3.2. Diversity

Another approach to incorporate attributes has been to cap-
ture the diversity or heterogeneity in resources of nodes in ego’s
surrounding (Marsden, 1987; Burt, 1983). The diversity in charac-
teristics of alters (Burt, 1983) might indicate one’s access to more
diverse or unique sets of information or other resources, as the
attributes used to capture diversity can indicate access to different
social circles (cf. Granovetter, 1973; Reagans and McEvily, 2003).
Measures of diversity, such as Blau’s measure of heterogeneity
(Blau, 1977), generally consider the diversity among ego’s direct
contacts. Hence, such a measure does not focus on the amount of
access to a specific characteristic (like the resourceful approach),
but rather focuses on the diversity of the other nodes in ego’s
surrounding with respect to some characteristics which represent
specific social circles or categories of people with unique benefits
(Marsden, 1987; Campbell et al., 1986). Often these measures focus
on characteristics of nodes which could (implicitly) indicate the
type of resources and other benefits that they might provide for
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Table 3
Results of (non-normalized) generalized resource-richness measure with different ı’s (ordered from most to least resource-richness).

ego, for example by focusing on the (type of) job they do. For exam-
ple, in a recent study, Shipilov et al. (2014) have argued how being
connected to different units in the organisation might be important
because of the boundary spanning possibilities, such as translating
ideas from other units to their own unit (Seibert et al., 2001), glu-
ing the organisation together (Reagans and McEvily, 2003), and be
more innovative (Burt, 2004).

At a local level (i.e., where ego is directly connected with other
nodes) the heterogeneity has been captured by Blau’s measure of
heterogeneity (Blau, 1977):

CV (i) = 1 −
$

v

(

!
j /=  i(xij · [Vj = v])

!
j /=  ixij

)
2

(9)

With " the number of distinct categories for the attribute and Vj
the attribute-category for actor j. Taking into account the hetero-
geneity among the indirect reachable nodes, a generalized version
of heterogeneity can be built (cf. Everett and Borgatti, 2012), so
that a person might be more heterogeneous if the person is also
connected to more diverse others at distance 2, 3 or more. Hence
this measure focuses on being connected directly or indirectly with
diverse people, where the diversity is weighted according to the
geodesic distance between ego and other nodes and with ı indicat-
ing the impact that one wants to give to different distances:

CıV (i) = 1 −
$

v

(

!
j /=  i(gij

−ı[Vj = v])
!

j /=  igij
−ı )

2

where ı ≥ 0 (10)

Considering the example of the friendship among students
again, if we include their grade (3 levels), we can see in Fig. 7 that
both node 4 and node 8 are primarily directly connected with blue
(circle) others (3 out of 4), but if we consider indirect contacts we
can see that node 4 has quite some diversity at distance 2 and 3
(with a high proportion of red (square) and green (triangle) con-
tacts at distance 2), while node 8 remains quite homogeneous in
its contacts (as most contacts are blue (circle)).

Like the measures before, when ı is positive, but close to 0,
diversity among nodes at a longer distances from ego are also incor-

porated in the measure. At zero, the heterogeneity score for an ego
is equal to the heterogeneity in ego’s component. For connected
graphs, this is not particularly useful, since every node will receive
approximately the same score. In contrast, for higher values of ı, the
impact of heterogeneity among more distant nodes becomes less
important relative to the impact of diversity among those close by.

In the case of Fig. 7 when ı is 0, nodes from the same component
will have approximately the same value. Finally, a negative value
for ı focuses on the diversity among the more distant nodes within
a component, while (largely) ignoring any variation among nodes
who are more close to ego.

Although we have focused on two  widely used measures that
incorporate attributes, we do want to emphasize that the approach
is more general and can be used to many of the attribute-based
measures, such as the Gini coefficient and even the standard devi-
ation (for continuous alter attributes).

4. Ego-betweenness, Freeman’s betweenness and
generalized betweenness centrality

The approach above can also be applied to many other mea-
sure that make use of the geodesic distance or only incorporate
direct relations, by replacing these with gjk−1. An interesting fur-
ther extension incorporates Freeman’s betweenness and local or
ego betweenness (Everett and Borgatti, 2005).

Betweenness centrality focuses less on access to information for
a focal actor, but rather concentrates on the power resulting from
being on the shortest path among others. Having a high between-
ness centrality can generate power and influence because one is
a broker between others in the network (Brass, 1984; Burt, 1992).
Hence, this involves three actors, with the focus on actor i being
on the shortest path between actors j and k. Let tjk denote the total
number of shortest paths connecting j to k and tjik be the num-
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Fig. 7. Symmetrized friendship network among 32 Dutch students (Van de Bunt, 1999) with attribute grade (focus on students 4 and 8).

ber of shortest paths connecting j to k that pass through i then the
betweenness of i, CB(i) is given by:

CB(i) =
$

j<k

(
tjik
tjk

) (11)

We can then make the contribution of people (j and k) at specific
distances from i, dependent on the tuning factor ı, so that the most
local version is obtained when j is directly connected to i and i
directly connected to k. Denote by gjk the geodesic distance from j
to k, then our generalized measure is given by:

CıB(i) =
$

j<k

(
tjik
tjk

)(gjk − 1)−ı (12)

When ı is high this reduces to a form of ego betweenness
(Everett and Borgatti, 2005), as only direct relations between i and
k, and i and j are now counted (i.e., when gjk equals 2).8 On the other
hand when ı is set to 0, then this reduces to the standard Freeman
betweenness as all j and k dyads now count irrespective of distances
(as long as they can be reached eventually). When ı equals 1 then
we obtain length scaled betweenness first proposed by Borgatti
(2005) and available in the UCINET program (Borgatti et al., 2002). It
should be noted that Brandes (2008) coined the term length scaled
betweenness and gave an algorithm for its computation. His imple-

8 In this case we  include paths of length two, connecting two alters that do not go
through ego. Everett and Borgatti (2005) do not include these paths.

mentation differs from the one proposed here as he uses gjk in place
of our gjk-1. We suggest that our formulation better reflects the
original concept as it means that in graphs of diameter 2 length
scaled betweenness is exactly the same as ordinary betweenness.
In the Brandes formulation geodesics of minimum length that con-
tribute to betweenness must have length 2 and so contribute 0.5 to
the betweenness score. The original Freeman betweenness formu-
lation gives a contribution of 1 and we suggest that in order to be
comparable length scale betweenness should equally give a score
of 1 for geodesics of length 2.

Consider the friendship network among 32 students again
(Fig. 1), we find that different nodes become important depending
on whether we consider more local or global betweenness (Table 4).
Consider the betweenness (Fig. 8) we find that student 27 has the
highest betweenness when focusing on local (ego) betweenness
(ı=100), while 3 becomes more central if we also consider pairs of
dyads at longer distance (ı=1 or lower). The high value for student
27 at a local level is not surprising given the amount of local con-
tacts. Similarly the global betweenness of student 3 is not surprising
given the closeness at longer distance.

5. Discussion and conclusion

A central theme in network theorizing is the notion that certain
individuals are better positioned than others to access resources
possessed by others or that are flowing through the network. A
variety of node-level measures capture relative quality of a node’s
location in the network. Some measures focus solely on direct ties,
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Table 4
Results of generalized betweenness centrality with different ı’s (van de Bunt friendship data).

!

0 0.1 0.25 0.5 1 1.5 2 3 5 100
1  53.00 47.44 40.30 30.97 18.97 12.31 8.54 5.08 3.36 3.00
2  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
3  243.00 216.08 181.73 137.34 81.26 50.74 33.69 18.14 10.27 8.50
4  13.00 11.54 9.70 7.36 4.51 3.01 2.20 1.47 1.09 1.00
5  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
6  12.00 10.93 9.51 7.58 4.92 3.29 2.29 1.26 0.66 0.50
7  121.00 106.65 88.58 65.69 37.80 23.33 15.60 8.89 5.70 5.00
8  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
9  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
10  96.00 86.04 73.27 56.65 35.47 23.87 17.38 11.53 8.63 8.00
11  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
12  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
13  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
14  52.00 45.17 36.68 26.14 13.78 7.71 4.65 2.20 1.18 1.00
15  61.50 55.22 47.17 36.68 23.25 15.84 11.65 7.82 5.91 5.50
16  27.00 23.76 19.67 14.49 8.20 4.96 3.25 1.79 1.13 1.00
17  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
18  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
19  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
20  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
21  27.00 23.29 18.72 13.15 6.83 3.88 2.47 1.43 1.06 1.00
22  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
23  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
24  187.00 164.46 135.96 99.68 55.18 32.05 19.76 9.38 4.83 4.00
25  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
26  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
27  168.17 151.54 130.30 102.83 68.03 48.99 38.29 28.43 23.35 22.17
28  0.34 0.34 0.34 0.34 0.34 0.34 0.34 0.34 0.34 0.34
29  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
30  13.00 11.54 9.70 7.36 4.51 3.01 2.20 1.47 1.09 1.00
31  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
32  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Table 5
A typology of node-level measures of access to resources.

Utilize Node Attributes

No Yes

Utilize indirect
connections

No A. Degree B. Resource richness & heterogeneity
Yes  C. Closeness, Betweenness D. E-I/G-F Centrality

Fig. 8. Rank order for generalized betweenness for 32 students (based on results in
Table 4).

while other take account of indirect connections to others. For
example, degree centrality counts only direct ties, whereas close-
ness and betweenness centrality include longer paths. At the same
time, some measures are purely topological in the sense that they
do not make use of any information about the actors represented
by the nodes, whereas others take node attributes into account.
Degree, closeness and betweenness, as normally formulated, are
purely topological. In contrast, measures of ego network composi-
tion, such as resource richness or heterogeneity, are explicitly based
on node attributes such as wealth or power. Table 5 organizes these
measures in a two-by-two table.

In this paper we accomplish two things. First, we  convert the
binary distinction between utilizing direct ties versus utilizing
indirect connections into a continuous gradient. We  do this by con-
structing a parameterized measure where the parameter ı controls
the relative weighting of near and far connections. The measure
yields both degree and closeness as special cases generated by dif-
ferent choices of ı. We  also show that when a node outcome is
available, we can empirically fit ı by choosing the value that maxi-
mizes the correlation between the centrality measure and the node
outcome. The fitted value then tells us about the flow processes in
our research setting because large values of ı indicate rapid decay
of flows such that only short paths matter, whereas small (includ-
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ing negative) values of ı indicate that what is flowing continues to
give benefit even when it travels via long paths.

As a further extension, we showed how this approach can also be
applied to measures that focus on a node being a broker between
other nodes, and more specifically provide an example based on
betweenness centrality. The extent to which a pair of nodes with
a specific geodesic distance will contribute to the node’s between-
ness value will depend on the choice of ı. We  showed how local
(ego) betweenness and global (Freeman) betweenness centrality
can be considered specific outcomes of a more general between-
ness measure, when a specific ı is chosen. Again, while we focus on
betweenness, one could also apply these principles in order to, for
example, generalize Burt’s constraint index (Burt, 1992) or Gould
and Fernandez’ brokerage roles (Gould and Fernandez, 1989).

The second contribution of this paper is to similarly generalize
node-level measures of ego net composition, including resource
richness and heterogeneity. Thus, instead of measuring resource
richness by summing the wealth only of ego’s direct contacts, we
allow for the possibility of benefiting from resources two  steps
away, three steps away, and so on. The parameter ı again controls
the relative weight we place on near or far resources. The general-
ization of resource heterogeneity is accomplished in the same way.
Substantively, the result is that our measure of resource hetero-
geneity is not limited to just those controlled by a node’s direct
contacts, but also those controlled by friends of friends, and so
on. And, of course, our method is perfectly general: we can gen-
eralize any measure of ego net composition, including measures of
homophily. It is not difficult to imagine research settings where we
would want to take account of the depth of homophily, in the sense
that not only are the friends similar to ego, but also the friends of
friends.

While we have focused on shortest paths, the principle pro-
posed here is not restricted to the geodesic distance. We  could
consider measures that incorporate paths of different length and
even consider random walks or trails (Borgatti, 2005; Newman,
2005; Bonacich, 1972, 1987). In this way, the general approach here
can be extended further. We  can also extend the measures to deal
with valued or weighted networks (e.g, Opsahl et al., 2010) or mea-
sures that incorporate positive and negative relations (Marineau
et al., 2016). All these are potential avenues for further research.
One of the fruitful benefits of this approach is that it fosters dis-
cussion about the importance of shorter and longer distances for
specific cases as well as allow more empirical research on exploring
how direct and more indirect distances contribute to an outcome in
specific situations, leading to a volume of studies which help under-
stand when distances are important and when direct relations are
sufficient.
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