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Abstract

Social network data are prone to errors regardless their source. This paper focuses on missing

data due to actor non-response in valued networks. If actors refuse to provide information, all

values for outgoing ties are missing. Partially observed incoming ties to non-respondents and

all other patterns for ties between members of the network can be used to impute missing

outgoing ties. Many centrality measures are used to determine the most prominent actors

inside the network. Using treatments for actor non-response enables us to estimate better the

centrality scores of all actors regarding their popularity or prominence. Simulations using

initial known blockmodel structures based on three most frequently occurring macro-network

structures: cohesive subgroups, core-periphery models, and hierarchical structures were used to

evaluate the relative merits of the treatments for non-response. The results indicate that

the amount of non-respondents, the type of underlying macro-structure, and the employed

treatment have an impact on centrality scores. Regardless of the underlying network structure,

the median of the 3-nearest neighbors based on incoming ties performs the best. The adequacy

(or not) of the other non-response treatments is contingent on the network macro-structure.

Keywords: valued network, actor non-response, missing data, actor non-response treatments,

blockmodeling structure, weighted centrality measures

1 Introduction

Among the most frequently used social network data analytic techniques is the

computation of centrality indices. It may even be the case that these measures are

computed for all collected social network data as a first step. As argued below,

this initial step may be premature. Far more important is to ask: given the overall

network structure, which centrality indices are most appropriate and which are

inappropriate? Answering this question is complicated greatly by the quality of the

data being analyzed.
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2 A. Žnidaršič et al.

Data on social networks are mostly gathered by surveys and questionnaires

(Marsden, 2005). Most often, non-response by actors is a source of errors in the

obtained data. This problem can be very severe. The reported actor response rates in

the literature vary greatly. Stork and Richards (1992) reported response rates varying

from 65% to 90%, Costenbader and Valente (2003) based on set of 59 networks

reported a wider range between 51% and 100%, while Markantonatou et al. (2016)

and Potter et al. (2015) reported 82% and 81% response rates, respectively.

Here, we consider only valued networks for which both the presence or absence of

ties and their magnitudes are recorded. Our concerns in the paper are twofold. First,

how severe is the impact of non-response effects on investigating prominence when

calculating weighted centrality measures? Second, which non-response treatments

for estimating missing valued ties due to non-respondents are the most appropriate?

The second question cannot be answered without considering the macro-structure

of the network.

The paper is organized as follows: Section 2 considers briefly non-response in

valued networks, with an emphasis on possible non-response treatments (Section 3).

Section 4 presents the network characteristics (centrality measures) under study,

and Section 5 describes the basic scheme of our simulations with the construction

of networks under three well-known macro-structures. Our results, in terms of

stability of centrality measures are presented in Section 6 graphically and through

an analyses of covariance (ANCOVAs). Separate results are presented for three types

of networks having different macro-structures. As these are best described in terms of

blockmodels, we call them blockmodel structures. However, this paper is not about

blockmodeling. The paper ends with a summary of the results, recommendations

for the researchers and some ideas for further work (Section 7).

2 Non-respondents in valued networks

For valued networks, instead of the simple presence and absence of ties their strength,

intensity, frequency or weight is recorded (Wasserman & Faust, 1998; Scott, 2013).

One of the possible sources of errors in social networks, regardless the level of

measurement of relations, is actor non-response (Žnidaršič et al., 2012b). Each non-

respondent in a network with n actors creates (n−1) missing ties.1 While all outgoing

ties values of non-respondents are missing, the incoming ties are available. The most

frequent broad strategy is to throw away these ties in order to focus on the available

ties between respondents (complete case approach). It seems foolish to discard such

useful information when studying prominence in social networks. We show this is

the case.

Figure 1 presents a constructed network with 12 actors to illustrate the problem

of non-response. Suppose A2 and A12 refused to respond (their ties are denoted by

NA in the gray rectangles). The actor response rate is 83%, exactly the same as the

overall empirical relational response rate (Stork & Richards, 1992).

1 If actors do not provide data only on some specific ties, this type of error is called “tie non-response”

(Rumsey, 1993; Borgatti et al., 2006; Huisman & Steglich, 2008; Huisman, 2009; Žnidaršič et al.,

2012b; Žnidaršič et al., 2012a). Investigation of its stability regarding non-response treatments in
valued networks for tie non-response is outside of the scope of the paper.
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Actor non-response in valued networks 3

Fig. 1. Constructed network with 12 actors and 2 non-respondents.

The effects of actor non-response in binary networks on network properties such

as network density, average vertex degree, out-degree or in-degree, mean degree,

clustering coefficients, transitivity, assortativity, size of largest component, geodesic

distances, closeness, betweenness, and eigenvector centrality have been examined by

several authors (Stork & Richards, 1992; Costenbader & Valente, 2003; Borgatti

et al., 2006; Kossinets, 2006; Huisman, 2009; Žnidaršič et al., 2012b; Smith &

Moody, 2013; Niu et al., 2015). In contrast, the investigation of sensitivity of

network properties in valued networks with introduced errors is rare. Among the

examples is the impact of random errors on regular blockmodels (Žiberna, 2009) and

a study of parameter bias due to missing ties when using network autocorrelation

models of social influence (Páez et al., 2008).

3 Actor non-response treatments

Given the problem of actor non-response, the data have to be treated in some

fashion as a first step prior to the any analyses of the data. Here, we examine the

impacts of these treatments with regard to the impacts on centrality measures.

Stork and Richards (1992), Huisman (2009), and Žnidaršič et al. (2012b) tested

and reported on non-response treatments for binary networks. Here, these treatments

were modified and extended for valued networks, while use of the k -nearest neighbors

algorithm is a novelty in the SNA field. Seven different actor non-response data

treatments are presented in the following subsections: reconstruction; a combination

of reconstruction and imputation based on modal values; imputations based on

modal values; imputations of mean values of incoming ties; imputations of the total

mean; null tie imputations; and the median of the 3-nearest neighbors based on

incoming ties.

One treatment listed by Stork and Richards (1992) is the “complete case” method

which disregards non-respondents along with all of their incoming ties. We do not

regard this as a treatment for it ignores the problem. This alleged treatment was not

included in our study of the impact of non-response on estimates of prominence.
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4 A. Žnidaršič et al.

Fig. 2. Two (simulated) non-respondents of the constructed network and seven actor

non-response treatments.

Besides the single imputation procedures, where each tie is imputed once, there

exist other approaches for missing data in social networks, which are not considered

here (e.g., likelihood model-based treatments used ERGMs (Robins et al., 2004;

Handcock & Gile, 2010; Hipp et al., 2015)). We note that imputation by preferential

attachment where the probability of a tie depends on the indegree of an actor

(Huisman, 2009). It cannot be used when there are non-respondents.

The effects of applying the considered treatments to the constructed examples in

Figure 1 are shown in Figure 2. The top left panel shows the “real” values of the

outgoing ties for the non-respondents. The results of the seven treatments are shown

in separate panels. As different treatments are likely to make different imputations,

they all need to be considered closely.

3.1 Two reconstruction procedures

Under reconstruction, the missing outgoing ties of non-respondents are replaced

by the observed incoming ties to those actors (Stork & Richards, 1992; Huisman,

2009). More precisely, for all i not responding, vji is used to replace the missing

vij for all j. In the constructed network, the rows of non-respondents A2 and A12

are the corresponding columns from Figure 1. The ties involving respondents and

non-respondents are rendered as symmetric. A drawback is that ties between two

non-respondents could not be reconstructed without additional imputations. In this

simplest treatment, 0’s are imputed for the ties between non-respondents (second

panel on the left of Figure 2).

A modification of reconstruction is to combine it with using the modal values

of incoming ties (for details see Section 3.3). The imputed ties between two non-

respondents need not be symmetrical. In this example, the imputed value v2,12 for

A2 and A12 is 0, the mode of A12’s incoming ties. The imputed value for v12,2 is 3.

See Figure 2, third panel on the left.

3.2 Null tie imputations

For binary networks, Huisman (2009) emphasized that unconditional means can be

computed in two different ways2: (i) the average number of all ties in the network

2 His third proposed option, the average number of outgoing relations of an actor (person mean) is
inapplicable in case of non-respondents, since all outgoing ties were missing.
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Actor non-response in valued networks 5

(total mean), that is, the density of the network and (ii) the average number of

incoming ties of an actor (the “item mean”).

The null tie imputations imputes zeroes for all missing tie values. It is known as the

worst treatment (Žnidaršič et al., 2012b) for obtaining blockmodel structures of the

networks. It is unlikely to be a good treatment and in sparse binary networks coincide

with the total mean (Žnidaršič et al., 2012b), but it is included for comparisons with

other treatments (see the fourth panel on the left of Figure 2).

3.3 Imputations of modal values of incoming ties

Imputation based on values of incoming ties takes into account all values of incoming

ties, and their modal value is imputed: For each missing outgoing vij (i �= j), the

modal value of values of all available incoming ties to actor j is imputed. If more

than one modal value exists, the modal value closest to the mean value is imputed.

For the constructed network, the imputed ties to A1, A4, A5, and A8 are 2; to A2, A3,

A9 they are 3. The remaining imputations are all 0. See the first panel on the right

of Figure 2. The name of the treatment in case of binary networks was introduced

by Žnidaršič et al. (2012b), where they emphasized that imputations of mean values

of all available incoming ties correspond the modal values of those ties. In valued

networks it is more likely that modal and mean values of incoming ties differ,

therefore the imputation of the mean values of incoming ties is the fifth treatment

presented next.

3.4 Imputations of mean values of incoming ties

In this treatment, the (rounded) mean values of the incoming ties are used instead

of their modes: missing tie values vi,j are replaced by
∑

j vji/(n− k) (rounded) when

there are k non-respondents. For the ties to A1 through A5, the imputed value is 3.

The imputed ties to A6, A8 and A9 have the value 1 and value of the imputed ties

to A7 is 2. The remaining imputations are 0. See the second panel on the right of

Figure 2.

3.5 Imputations of the total mean

This treatment is generalized from the case of binary networks where the average

number of present ties (or network density) is calculated and 1 is imputed if the

network density is above some threshold, usually set to 0.5 (Huisman, 2009). For

valued networks this is the mean of all available tie values,
∑

i,j vji/ṅ(n−k) (rounded).

For the network in Figure 1, this is 1.7, which was rounded to 2. See Figure 2, third

panel on the right.

3.6 Imputations of the median of the 3-nearest neighbors based on indegree

The seventh treatment was developed based on the k -nearest algorithm, a well-

known treatment for missing data in ordinary social surveys. Its application to

network data in the case of non-respondents is a novel use of this method, one

we regard as particularly useful. Each non-respondent is treated separately by
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6 A. Žnidaršič et al.

considering their closest neighbors based on incoming tie patterns.3 One way of

doing this is to identify, for each non-respondent i, the three most similar actors

(labeled p, r, and q). For this, Euclidean distances between their vectors of incoming

tie values are useful. The imputation for vij is the median of the tie values vpj , vrj ,

and vqj . These are shown in the last panel on the right of Figure 2.

In the results that follow, this method for imputing missing data turns out to be

the one performing better than others overall.

4 Characteristics of valued networks

There are many ways in which summary indices can be constructed for valued

networks. There is no space here to consider more than a selected subset of these

indices. We focus attention on weighted indegree and outdegree centrality, weighted

betweenness centrality, weighted closeness centrality, and weighted eigenvector

centrality as they are, by tradition, the most used. Attention to more recent measures

is reserved for future work.

4.1 Reciprocity in valued networks

In a binary network, when i → j and j → i both exist the tie between i and

j is reciprocated. If M is the number reciprocated ties and A is the number of

unreciprocated ties, a measure of reciprocity is 2M/(2M + A) (Huisman, 2009). In

valued networks, patterns on dyadic level are far more complicated. In the extended

reciprocity, not only reciprocation of tie values, but also the distribution of strengths

has to be taken into account. Here, we use weighted reciprocity (recW ) as defined

by Squartini et al. (2013)

recW =

∑
i

∑
j �=i min (vij , vji)∑
i

∑
j �=i vij

(1)

where vij is the tie value between actors i and j. The upper bound of recW is 1

when all tie values are symmetrical in their values.

4.2 Weighted outdegree and indegree centrality

The degree centralities (total, incident from, and incident to) are simple measures

(Wasserman & Faust, 1998). When the ties are valued, these measures are less

simple. As noted by Opshal et al. (2010), degree in valued networks has generally

been extended to the sum of weights and labeled as node strengths. For a valued

3 In one of the treatments for binary networks, Huisman (2009) also used partially observed data on
incoming ties in combination with the categorical attribute of alcohol consumption. In the so-called
“hot deck” imputations, which is an example of imputations from unconditional distributions, “actors
were matched on a completely observed, categorical attribute and on their indegrees by minimizing the
absolute differences between the incomplete and donor actors on the two properties” (Huisman, 2009,
p. 6). The results of that treatment were not satisfactory. He emphasized that hot deck imputations
generally result in more bias than the reconstruction procedure and that for medium (or high)
proportions of missing actors the hot deck approach breaks down because no suitable donors can be
found.
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network, we will define the weighted outdegree and indegree of actor i as the total

weight attached to the outgoing and incoming ties, respectively:

CDout
(i) =

n∑
j=1

vij and CDin
(i) =

n∑
j=1

vji (2)

More sophisticated measures take into account both the number and strength

of ties along with a tuning parameter determining the relative importance of the

number of ties compared to tie values. See Opshal et al. (2010) for further details.

We do not consider them here for weighted degree centrality.

4.3 Weighted betweenness centrality

The key idea of betweenness centrality is that a vertex is central to the extent

it is on geodesics (shortest paths) between pairs of other vertices (Wasserman &

Faust, 1998). Measuring this entails identifying geodesics and their length. Several

algorithms were proposed for identifying shortest paths in the valued networks (see

Opshal et al. (2010) for detailed review). Opshal et al. (2010) extended the shortest

path algorithm by taking into consideration not only the tie values but also the

number of intermediary vertices. They defined the length of the shortest paths by

using tuning parameter α as

dα(i, j) = min

(
1

(vih)
α + · · · +

1(
vhj

)α
)

(3)

and therefore the betweenness centrality of actor i as

Cα
B(i) =

n∑
j<k

gαjk(i)

gαjk
(4)

where gαjk is the number of weighted shortest paths between actors j and k, and

gαjk(i) is the number of those paths that go through actor i.

In our simulations we set α to 1, where the outcome is the same as the one

obtained with Dijkstra’s (1959) algorithm with inverted tie values (Newman, 2001)

for shortest paths. The length of these paths relies simply on the tie weights and

disregards the number of nodes on the paths.

The weighted betweenness centrality can be calculated also by Brandes’s (2001)

algorithm. He was the first to extend an algorithm (and optimize it according time

and space consumption) from binary networks to valued networks.

4.4 Weighted closeness centrality

Closeness centrality relies on the length of the paths from a node to all other nodes

in the network, and is defined as the inverse total length (Freeman, 1978). Using

the definition of shortest paths (Equation (3)), the weighted closeness is defined as

(Opsahl et al., 2010):

Cα
C (i) =

⎡
⎣ n∑
j=1, j �=i

dα(i, j)

⎤
⎦

−1

(5)
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8 A. Žnidaršič et al.

As for weighted betweenness, we set α to 1 to take into account only tie values

and not the number of intermediary nodes. For disconnected networks, the closeness

scores were computed only on their main component. Two nodes belonging to

different components do not have a finite distance between them. That limitation

could be overcome by calculating the sum of the inverse distances instead of the

inverse sum of distances (Opsahl et al., 2010).

4.5 Weighted eigenvector centrality

Eigenvector centrality (Bonacich, 1987) can be presented from different viewpoints

(Borgatti et al., 2013) and is often referred to as an extension to degree centralities.

Its scores correspond to the values of the first left eigenvector of the graph adjacency

matrix, where not only a presence or an absence of ties could be taken into account,

but also the tie values4 (as for example in R-package sna by Butts et al. (2015)).

Stated differently, an eigenvector centrality score of each vertex is proportional to

the sum of the (eigenvector) centralities of those actors to whom it is connected.

The eigenvector centrality of an actor i is defined as (Bonacich, 1987)

ei =
1

λ

n∑
j=1, j �=i

vijej (6)

where vij it the value of the arc from actor i to actor j and λ is the largest eigenvalue.

5 The design of the simulation study

To investigate the stability of different centrality measures in valued networks in

the presence of varying numbers of non-respondents and all of the described actor

non-response treatments, we performed an extensive simulation study. We recognize

that we had a choice between using real networks and using a simulation approach.

There are advantages to both options. We decided that using simulated data was

the most useful for the following reasons. First, as emphasized in our introduction,

social network data have errors. Most commonly, some actors do not participate in

studies. Therefore, the resulting network data is affected non-respondents because

the most common response is to discard all non-respondents. This implies that

many real world networks are already compromised by the type of missing data we

study. Even so, when the response rates are high enough, we can get a clearer idea

of extant real world network structures. Second, if follows that some fundamental

broad social structures have been identified. The most frequent are the cohesive

subgroups, the core periphery model and hierarchies. Third, our simulations feature

these three given their empirical frequency. Fourth, we have complete control over

the structures as “known” structures.

The terms used in the following sections are: a whole network is a known starting

network; a measured network is one obtained from the whole network by removing

all outgoing ties for a selected number of non-respondents; and a treated network

4 Since in our simulations (Section 5) we used networks with valued ties and in concordance with naming
of other centrality measures, here the term “weighted” when referring to eigenvector centrality is used.
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Actor non-response in valued networks 9

is obtained by employing one of the treatments of actor non-response to substitute

missing data due to non-respondents.

In Section 5.1, the overall design of the simulations is presented. Section 5.2

describes our strategy for simulating whole valued networks using three well known

macro network structures that occur frequently in empirical studies. Section 5.2

highlights the macro-structures in more detail, and Section 5.3 provides a numerical

overview of the simulation design. A more in-depth description and documentation

of the design of simulations can be found in Žnidaršič et al. (2017).

5.1 The basic scheme of simulations

Below is presented schematic overview of the simulation procedure.

1. Generate a whole valued network under one of the known starting macro-

structures (cohesive subgroups (CS), core-periphery (CP), and hierarchy (H))

with different number of clusters (from three to five) and varying levels of

weighted reciprocity.

2. Compute the following network characteristic of each whole network:

a. weighted outdegree scores;

b. weighted indegree scores;

c. weighted closeness centrality scores;

d. weighted betweenness centrality scores; and

e. weighted eigenvector centrality scores.

3. For each simulated whole network do the following:

a. Construct the data with non-respondents (the measured networks) by

random selection of some number of actors to become non-respondents

and delete their outgoing ties.

b. Treat the measured network to substitute the missing data by using each of

the seven non-response data treatments (presented in Section 3) separately.

c. Compute the five centrality measures for each treated network.

4. Comparisons for the results of the whole original and treated network was

done by calculating Pearson correlation coefficients denoted by mCorr to assess

the correspondence between vectors of the five centrality measures for each

pair of treated and whole networks.5

5. Investigate the impact of actor non-response and various non-response data

treatments in terms of the mean of the correlation coefficients for the centrality

measures visually and by performing ANCOVAs.

5.2 Simulation of whole valued networks

Whole starting valued networks were generated by three parameters: (i) a known

starting macro-structure, (ii) the number of clusters, and (iii) the level of weighted

reciprocity. Each parameter is described below.

Three well known (and most often cited in SNA reference books (Wasserman &

Faust, 1998; Doreian et al., 2005)) macro-structures were used to generate whole

5 Note that some other measures can be used to compare two obtained vectors.
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10 A. Žnidaršič et al.

Fig. 3. Three starting blockmodel structures for networks with 75 actors and 4 clusters.

starting networks due to their empirical frequency: a CS model, a CP model, and

an H model with three to five clusters. For example, cohesive subgroups consisting

of actors interacting frequently more than with others outside their subgroups were

found to characterize professional discussions among teachers (Frank, 1995). Core-

periphery structures in network data were revealed in urban movements (Ernstson

et al., 2008), knowledge sharing (Giuliani, 2005), exports between European countries

(Rašković et al., 2015), a world-political network (Beckfield, 2008), among key

stakeholders on marine conservation planning (Markantonatou et al., 2016), and in

collaboration structures in scientific communities (Kronegger et al., 2011; Chinchilla-

Rodrı́guez et al., 2012). Hierarchy often reflects structure inside formal and informal

organizations, e.g., e-mail communications inside organizations (Guimerà et al.,

2003; Kolli & Narayanaswamy, 2013) and terrorist networks (Memon et al., 2008).

All simulated networks had 75 actors. The sizes of the clusters were as follows:

(35, 25, 15), (30, 20, 15, 10), and (25, 20, 15, 10, 5). Figure 3 presents examples

of the simulated whole networks with four clusters for each of the three types

of macro-structures. Cohesive subgroups in binary networks have subgroups with

far more intraposition ties and many fewer ties between positions (Doreian et al.,

2005). We extended this definition to valued networks by specifying blocks on the

diagonal to have higher tie values than in off-diagonal blocks. An example of four

cohesive subgroups is presented in left panel in Figure 3. As empirical structures

never conform perfectly with “ideal” blockmodels, we included ties between cohesive

subgroups.

A simple core-periphery structure consist of one core that is highly intraconnected

and connected with all other positions with the peripheral positions being connected

to the core and much less or not internally cohesive (Doreian et al., 2005). An

example of a core-periphery model of valued network with one core and three

peripheral positions is presented in middle panel in Figure 3. The three peripheral

clusters are connected to the core but the magnitude of tie values vary. The first

peripheral position is tightly connected with core and the third peripheral position

has the weakest ties to the core.

In binary networks, a hierarchical model has ties on a single path from the lowest

position to the highest position (Doreian et al., 2005). Based on this, we simulated

one main path from the first to the third position in the right panel of Figure 3 with

a mean tie value around 4 (according to the distribution of tie values presented in

Figure 4). As pure hierarchies seldom exist we allowed also ties coming “down” the

hierarchy but with much lower tie values.
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Fig. 4. Parameters of normal distribution used in simulations of values in whole networks

with four clusters.

Tie values inside blocks (for all blockmodels) were generated randomly based on

predetermined parameters of the normal distribution of values on ties with some

variation in the lower and upper triangular part of the matrix. The three examples

of networks in Figure 3 were generated based on parameters of normal distribution

presented in Figure 4 where the mean values are in the first row with the standard

deviations below them in parentheses.

More specifically, tie values were simulated in several steps. First, tie values in the

lower triangular part of the matrix (for CS and CP models) were generated randomly

following the normal distribution with selected means and standard deviations. In

the second step, values on ties were simulated in upper part of the matrix with

slightly moderated means and standard deviations6 used as parameters of normal

distribution in order to disturb reciprocity of tie values.7 More precisely, with that

disturbance parameter the variation in values of weighted reciprocity was increased.

Although tie values were generated randomly according to the normal distributions

as described above, we rounded values to be integers between 0 and 5 because a

5-point scale is used often in social science research with 0 indicating absent ties.

5.3 Numerical overview of the simulations

As described in the basic scheme of the simulations (Section 5.1), whole networks

were generated first. We simulated 11 networks with different distributions of tie

values according to level of weighted reciprocity for CS and CP model and 10 for

hierarchical model since complete reciprocity of tie values is not possible. For each

selected level of reciprocity 5 repetitions were performed implying 160 analyses. The

described strategy was performed for three to five clusters generating 480 whole

networks. The number of non-respondents ranged from 1 to 40. For each whole

network 2, 275 different scenarios8 of non-respondents were generated. As described

in Section 3, seven different actor non-response treatments were employed. As a

6 The mean values from the normal distribution used in lower triangular part were multiplied by a
factor sR lower than 1 and standard deviation was increased by multiplying it by (2 − sR).

7 For the CS and CP models also the networks with symmetrical lower and upper triangular part were
generated representing a set of undirected networks. Weighted reciprocity of those networks is equal
to 1.

8 The generation of missing data was repeated 75 times for one missing actor and 100 times for
combinations of two or more non-respondents.
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result, the total number of treated networks was 7,644,000. Our results are based on

close to eight million networks and are likely to be highly stable.

6 Results of the simulation study

For all 7,644,000 treated networks, 5 centrality measures were calculated: weighted

outdegree, indegree, betweenness, closeness scores, and eigenvector centrality. There-

fore, results section is divided into five subsections. Inside each subsection the results

of analysis of covariances (ANCOVA) are presented, following by detailed results

for each of the macro-structures. The overall results reveal that using information

from nearest neighbors to impute missing ties worked very well when calculating

measures of weighted centralities. Some other treatments also worked well for

some measures. Given the rather complex simulation scheme with several design

parameters, ANCOVA was used to investigate further their effects. The labeling for

these effects in the following ANCOVAs is: (i) the number of non-respondents, nA;

(ii) the treatment of non-response data, T ; (iii) the number of clusters, nClu; (iv)

the type of macro-structure of the network, S; and (v) weighted reciprocity, recW .

The main effects and all interactions (two, three-way, four-way, and five-way) in

ANCOVA tables are ordered according to their η2 values (Cohen, 1973; Levine &

Hullett, 2002), which represent a proportion of variance associated with each of

the effects (main or interaction). More precisely, it is defined as sum of squares of

effect (or interaction) of interest divided by the total sums of squares of all effects,

interactions and errors. Also included are partial η2 values defined as the sum of

squares of effect (or interaction) of interest divided by sum of sum of squares of

effects, and sum of squares of errors.

In the second part of each subsection, separate results for CS, CP, and H

macro-structure are provided. They confirm that, for computing scores related

to prominence, the macro-structures are affected differently by non-response and

different treatments have different outcomes depending on the macro-structure of

the network. Each figure is divided into three panels. The upper panel presents results

for CS model, the middle for CP model, and the bottom for H model. The x-axis in

the graphical representation of each panel has the percentage of the non-respondents

and the y-axis has the mean values of the Pearson correlation coefficients (mCorr)

between the measures obtained for the whole and treated networks. As correlation

coefficients above 0.7 usually are interpreted as indicating a strong relationship

between two variables, the dashed horizontal line at 0.7 is included to facilitate

interpretations. However, stronger correlations may be preferable.

6.1 Weighted outdegree scores

6.1.1 ANCOVA for outdegree scores

Table 1 reports the ANCOVA results for the degree scores with the first panel

containing those for weighted outdegrees. Weighted indegree results are in the right

panel. The main effects and all interactions (two, three-way, four-way, and five-

way) are ordered according to their η2 values. The model accounts for almost 91%

of the variance of mCorrOut. As expected, the number of non-respondents in a
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Table 1. Results of ANCOVA for the weighted outdegree and indegree scores.

Weighted outdegree Weighted indegree

Effect Df1 F Partial η2 η2 Effect Df1 F Partial η2 η2

nA 1 2,896,960 0.27484 0.24507 T * nA 6 1,26,553 0.09036 0.07780

T * nA 6 86,022 0.06325 0.04366 nA 1 4,83,513 0.05949 0.04954

S * T * nA 12 16,782 0.02567 0.01704 S * T * nA 12 14,346 0.02203 0.01764

T 6 16,678 0.01292 0.00847 S * recW * nA 2 60,379 0.01555 0.01237

T * recW * nA 6 11,126 0.00866 0.00565 S * nA 2 50,316 0.01299 0.01031

S * T * recW * nA 12 5,530 0.00861 0.00561 recW * nA 1 91,930 0.01188 0.00942

S * T 12 4,521 0.00705 0.00459 S * T * recW * nA 12 6,500 0.01010 0.00799

S * T * recW 12 3,028 0.00473 0.00307 T 6 12,077 0.00939 0.00742

S 2 14,536 0.00379 0.00246 S * nClu * nA 4 11,207 0.00583 0.00459

S * recW * nA 2 13,619 0.00355 0.00230 T * recW * nA 6 7,416 0.00579 0.00456

S * recW 2 12,854 0.00335 0.00217 S * nClu * T * nA 24 1,499 0.00468 0.00369

nClu * T * nA 12 2,133 0.00334 0.00217 S * T 12 1,495 0.00234 0.00184

S * nClu * T * recW * nA 24 836 0.00262 0.00170 nClu * recW * nA 2 8,715 0.00227 0.00179

S * nClu * T * nA 24 792 0.00248 0.00161 S * nClu * recW * nA 4 4,343 0.00227 0.00178

T * recW 6 2,758 0.00216 0.00140 S * nClu * T * recW * nA 24 457 0.00143 0.00112

recW * nA 1 13,142 0.00172 0.00111 nClu * T * recW * nA 12 666 0.00104 0.00082

nClu * T * recW * nA 12 918 0.00144 0.00093 nClu * T * nA 12 662 0.00104 0.00081
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Table 1. Continued.

Weighted outdegree Weighted indegree

Effect Df1 F Partial η2 η2 Effect Df1 F Partial η2 η2

nClu * T 12 592 0.00093 0.00060 S 2 3,153 0.00082 0.00065

S * nClu * T 24 280 0.00088 0.00057 nClu * nA 2 2,369 0.00062 0.00049

S * nClu * nA 4 1,364 0.00071 0.00046 S * T * recW 12 318 0.00050 0.00039

S * nClu * recW * nA 4 1,323 0.00069 0.00045 S * nClu * T 24 136 0.00043 0.00033

S * nClu * T * recW 24 204 0.00064 0.00041 S * nClu 4 786 0.00041 0.00032

nClu 2 2,039 0.00053 0.00034 S * recW 2 1,229 0.00032 0.00025

S * nA 2 1,966 0.00051 0.00033 T * recW 6 408 0.00032 0.00025

nClu * nA 2 1,926 0.00050 0.00033 recW 1 1,895 0.00025 0.00019

nClu * T * recW 12 272 0.00043 0.00028 S * nClu * T * recW 24 39 0.00012 0.00010

S * nClu 4 595 0.00031 0.00020 S * nClu * recW 4 180 0.00009 0.00007

nClu * recW * nA 2 1,154 0.00030 0.00020 nClu * recW 2 357 0.00009 0.00007

S * nClu * recW 4 528 0.00028 0.00018 nClu * T * recW 12 53 0.00008 0.00007

recW 1 59 0.00001 0.00001 nClu * T 12 52 0.00008 0.00006

nClu * recW 2 18 0.00000 0.00000 nClu 2 95 0.00002 0.00002

Residuals degrees of freedom: Df2 = 7, 643, 748 Residuals degrees of freedom: Df2 = 7, 643, 748

R2 = 0.908 R2 = 0.799

nA, number of non-respondents recW, weighted reciprocity

T, treatment nClu, number of clusters in network

S, structure of a network (CS, CP, H)
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network has the highest effect on mCorrOut (η2 = 0.24507). Increasing numbers

of non-respondents (Figure 5) decreases mCorrOut values. The interaction of the

type of non-response treatment and number of non-respondents has the second

highest effect (η2 = 0.04366) where the null tie imputations perform the worst and

the median of the 3-nearest neighbors based on incoming ties is the best overall

treatment. The third largest effect on mCorrOut is the interaction between macro-

structure of networks, treatments, and numbers of non-respondents (η2 = 0.01704).

The importance of treatment alone is the fourth largest effect (η2 = 0.00847), while

the main effect of the structure (η2 = 0.00246) is ninth.

6.1.2 The stability of weighted outdegree scores across three blockmodel structures

Since the underlying network structure was the third largest effect in the ANCOVA

model, below the separate graphical results for the three structures is presented.

The top panel in Figure 5 presents the plots of the mean values of the correlation

coefficients between weighted outdegree scores of the whole and treated networks

(mCorrOut) against the number of non-respondents for the cohesive subgroups

model. The median of the 3-nearest neighbors based on incoming ties is clearly the

best treatment across the entire range of non-response: the values of mCorrOut are

above 0.97, indicating an almost perfect linear relationship between the weighted

outdegree scores of the whole and treated networks. Both reconstruction treatments

are practically interchangeable for the whole range of non-response and are the

second best treatment option with mCorrOut being above 0.7 for the whole non-

response range.

The imputations of the total mean and the imputations of mean values of incoming

ties perform well (with trajectories above the selected 0.7 threshold) for up to 45% of

non-respondents. Both are unacceptable for larger percentages of non-respondents.

The imputations of the modal values of incoming ties are practically identical to

the null tie imputations. The CS both macro-structure implies the modal value of

incoming ties of each individual actor is almost always equal to zero. They are

the worst performing treatments. Although, the mCorrOut values are above 0.7 for

19% of non-respondents, they are not a preferred option. Their performance is

particularly bad for larger numbers of non-respondents.

The middle panel of Figure 5 presents the results for the mCorrOut across the

whole range of non-respondents for the core-periphery structure. Compared to the

results of CS models, the differentiation among treatments is larger. Again, the

median of the 3-nearest neighbors based on incoming ties is the best treatment:

the values of mCorrOut are above 0.96 for the whole range of non-response. Both

reconstruction procedures are practically the same for 19% of non-respondents

or less. For higher number of non-respondents, the combination of reconstruction

and imputations of modal values for ties between non-respondents performs better,

although both are acceptable (mCorrOut > 0.7) for the whole range of introduced

non-response.

Minimal differences exist between the imputations of the total mean and impu-

tations of mean values of incoming ties. Both have mCorrOut values above 0.7 for

up to 45% of non-respondents. In contrast to the CS model, the imputations of the

modal values of incoming ties performs much better than null tie imputations. Its
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16 A. Žnidaršič et al.

Fig. 5. Results of the simulation study for the weighted outdegree scores for three models.

performance is similar to imputations of the total mean and imputations of mean

values of incoming ties and is acceptable for 40% of non-respondents or less. Null

tie imputations perform the worst.
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The bottom panel in Figure 5 shows plots of mCorrOut across the whole

range of non-response for the hierarchy model. The differences between treatment

methods are even wider than for the CP model. Yet again, the median of the

3-nearest neighbors based on incoming ties is the best non-response treatment,

this time by a wider margin compared to the CS and CP models. The values

of mCorrOut values are about 0.92 for the whole non-response range. The sec-

ond acceptable treatment is imputations of mean values of incoming ties. The

values of mCorrOut are about 0.7 for 45% of non-respondents or less. The

worst two treatments are both reconstruction procedures being acceptable only

for 13% of non-respondents or less. They cannot be recommended for H models

because of the created symmetries the tie values, a property inconsistent with

hierarchy.

When considering weighted outdegrees, the median of the 3-nearest neighbors

based on incoming ties is insensitive to the underlying blockmodel structure. This

is an important result if researchers do not know the blockmodel structure of

the studied network in advance. All of the other treatments are affected by the

macro-structure of the network albeit to different extents.

6.2 Weighted indegree scores

6.2.1 ANCOVA for weighted indegree scores

The ANCOVA results for the mean values of the correlation coefficients between

weighted indegree scores (mCorrIn) are in the second panel of Table 1. The

model explains almost 80% of the variance of mCorrIn. The interaction between

types of non-response treatment and number of non-respondents has the highest

effect (η2 = 0.07780) with four treatments performing exceptionally well (see

Figure 6).

The second largest effect is the main effect of the number of non-respondents

(η2 = 0.04954). This low value of η2 is consistent with the results in Section 6.2.2.

The third largest effect, as for weighted outdegree, is the interaction between the

macro-structure of a network, treatments, and numbers of non-respondents (η2 =

0.01764). The interaction of the number of non-respondents, the macro-structure,

and weighted reciprocity of whole networks is fourth (η2 = 0.01237) indicating

network symmetry, network structure and reciprocity of tie values are relevant for

determining the best treatment(s).

6.2.2 Stability of weighted indegree scores across three macro-structures

Figure 6 presents the results for the mean values of the correlation coefficients

between weighted indegree scores (mCorrIn) for whole and treated networks across

the whole non-response range. The plots for the CS structure are in the top panel,

those for the CP structure are in the middle panel and the bottom panel has the

plots for the H structure.

The results for CS and CP are practically the same with all trajectories of mCorrIn

being above 0.7. Both reconstruction procedures perform the least well—but only

for higher levels of non-response. All of the other five treatments have mCorrIn

values above 0.93 for the whole range of non-response. They all perform very well.
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Fig. 6. Results of the simulation study for the weighted indegree scores for three models.

The results for the H structure are similar to the CS and CP. The only real difference

is that both reconstruction methods perform less well and cannot be recommended

given the superiority of the other treatment methods.
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Given the similarity across the three macro-structures, it is clear that for recovering

indegree scores when there is non-response, the methods are insensitive to the

structure of the network.

6.3 Weighted betweenness scores

6.3.1 ANCOVA for weighted betweenness scores

The left panel of Table 2 presents the results of ANCOVA for the mean values of

the correlation coefficients between the whole and treated networks for weighted

betweenness scores (mCorrB). The model explains 74% of the variance of mCorrB.

Again, the number of non-respondents has the highest effect on mCorrB (η2 =

0.04827). The second main effect is actor non-response treatment (η2 = 0.04571).

The interaction of network structure with treatment is the third highest effect (η2 =

0.03371) with the fourth highest effect being macro-structure (partial η2 = 0.02363).

The interaction of macro-network structure, treatment, and weighted reciprocity

(η2 = 0.01988) comes fifth.

6.3.2 Stability of weighted betweenness scores across three macro-structures

Figure 7 shows the corresponding plots for weighted betweenness. The trajectories

are dramatically different for all three macro-structures.

The upper panel has the mean values of the correlation coefficients between

weighted betweenness scores (mCorrB) for whole and treated networks for the

whole range of non-respondents for the cohesive subgroups model. The median

of the 3-nearest neighbors based on incoming ties is a slightly better treatment

than both reconstruction procedures. The values of mCorrB are above 0.7 only for

24% of non-respondents or less. Only these treatments can be recommended for

this type of structure. The imputations of the total mean and the imputations of

mean values of incoming ties performs well only for 11% and 8% non-respondents,

respectively. The null tie imputations perform slightly better than imputations of

the modal values of incoming ties, since mCorrB are above 0.7 for 21% and 19%

non-respondents, respectively.

The results for the core-periphery structures (middle panel of Figure 7) reveal

the median of the 3-nearest neighbors algorithm and imputations of the total mean

are acceptable treatments for all levels of non-response. Their performance declines

monotonically as non-response increases. Both the imputations of mean values and

modal values of incoming ties and null tie imputations also decrease monotonically

with increasing numbers of non-respondents. The imputations of modal values

of incoming ties is an acceptable treatment for estimated weighted betweenness

scores for 27% non-respondents or less, while the imputations of the mean values

of incoming ties is acceptable for % non-respondents or less. The corresponding

number for null tie imputations is 37%.

The trajectories for both reconstruction procedures behave in curvilinear fashion.

Of the two, the simple reconstruction treatment performs better. Among the other

treatments, imputations of modal values of incoming ties is the least good. It

is not surprising that combining it with modal values degrades its performance.

Surprisingly, its performance improves to match the two best treatments for between
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Table 2. Results of ANCOVA for the weighted betweenness and closeness scores.

Weighted betweenness Weighted closeness

Effect Df1 F Partial η2 η2 Effect Df1 F Partial η2 η2

nA 1 505,322 0.06201 0.04827 S 2 391,720 0.09297 0.07629

T 6 79,755 0.05892 0.04571 nA 1 537,135 0.06566 0.05231

S * T 12 29,412 0.04414 0.03371 S * recW 2 103,885 0.02646 0.02023

S 2 123,699 0.03135 0.02363 T 6 33,233 0.02542 0.01942

S * T * recW 12 17,340 0.02650 0.01988 S * T 12 15,416 0.02363 0.01801

T * recW 6 25,273 0.01945 0.01448 recW 1 174,611 0.02233 0.01700

S * recW 2 63,679 0.01639 0.01217 S * T * recW 12 9,186 0.01422 0.01073

S * nA 2 49,861 0.01288 0.00953 T * recW 6 16,095 0.01248 0.00940

T * nA 6 16,051 0.01244 0.00920 S * T * nA 12 6,272 0.00975 0.00733

recW 1 89,750 0.01161 0.00857 S * recW * nA 2 18,709 0.00487 0.00364

S * T * nA 12 5,973 0.00929 0.00685 T * nA 6 6,195 0.00484 0.00362

S * T * recW * nA 12 3,947 0.00616 0.00452 S * nClu 4 7,687 0.00401 0.00299

S * nClu * T * recW 24 1,683 0.00526 0.00386 recW * nA 1 30,431 0.00397 0.00296

nClu * T * recW 12 3,262 0.00510 0.00374 S * nClu * T * recW 24 728 0.00228 0.00170

S * recW * nA 2 18,358 0.00478 0.00351 S * T * recW * nA 12 1,165 0.00183 0.00136

S * nClu * T 24 1,467 0.00459 0.00336 S * nClu * T 24 563 0.00177 0.00132

recW * nA 1 20,439 0.00267 0.00195 S * nClu * T * nA 24 421 0.00132 0.00098
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Table 2. Continued.

Weighted betweenness Weighted closeness

Effect Df1 F Partial η2 η2 Effect Df1 F Partial η2 η2

T * recW * nA 6 3,189 0.00250 0.00183 nClu * T * recW 12 785 0.00123 0.00092

nClu * recW 2 8,497 0.00222 0.00162 S * nClu * T * recW * nA 24 348 0.00109 0.00081

S * nClu * recW 4 4,049 0.00211 0.00155 S * nA 2 3,361 0.00088 0.00065

nClu 2 8,010 0.00209 0.00153 T * recW * nA 6 1,094 0.00086 0.00064

nClu * T 12 1,271 0.00199 0.00146 S * nClu * recW 4 1,554 0.00081 0.00061

S * nClu * T * recW * nA 24 603 0.00189 0.00138 S * nClu * recW * nA 4 1,442 0.00075 0.00056

S * nClu * T * nA 24 532 0.00167 0.00122 nClu * recW 2 2,253 0.00059 0.00044

S * nClu * recW * nA 4 3,174 0.00166 0.00121 nClu * T 12 328 0.00051 0.00038

nClu * recW * nA 2 6,276 0.00164 0.00120 S * nClu * nA 4 962 0.00050 0.00037

S * nClu * nA 4 2,937 0.00153 0.00112 nClu * recW * nA 2 1,278 0.00033 0.00025

nClu * T * recW * nA 12 950 0.00149 0.00109 nClu 2 1,211 0.00032 0.00024

nClu * T * nA 12 771 0.00121 0.00088 nClu * T * nA 12 200 0.00031 0.00023

S * nClu 4 1,107 0.00058 0.00042 nClu * T * recW * nA 12 142 0.00022 0.00017

nClu * nA 2 2,041 0.00053 0.00039 nClu * nA 2 259 0.00007 0.00005

Residuals degrees of freedom: Df2 = 7643748 Residuals degrees of freedom: Df2 = 7643748

R2 = 0.741 R2 = 0.869

nA, number of non-respondents recW, weighted reciprocity

T, treatment nClu, number of clusters in network

S, structure of a network (cohesive subgroups, core-periphery or hierarchical model)
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Fig. 7. Results of the simulation study for the weighted betweenness scores for three models.

32% and 37% of non-respondents. It is acceptable for almost whole range of

introduced non-respondents (51% or less).

For the hierarchical structure (bottom panel in Figure 7), the performances of

both reconstruction treatments and imputation using the total mean are disastrous.
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In hierarchies, there is high non-symmetry and low weighted reciprocity. The logic

of these three treatments goes against these properties. As a result, they are poor for

networks characterized by a hierarchical structure. One consequence is the creation

of paths in the treated network when they do not exist in the original (whole)

network. This is devastating for computing weighted betweenness in hierarchies.

The best treatment is imputation using the median of the 3-nearest neighbors

although its performance becomes unacceptable for more than 27% of non-

respondents. Null tie imputation comes next in performance followed by imputation

using model values of incoming ties. These treatments are indistinguishable for up

to 5% of non-respondents. Imputations using the mean values of incoming ties fares

less well.

The simplest conclusion is sobering: If the network is hierarchical and there is a

concern for computing weighted betweenness, there is no reasonable recovery when

the response rate is above about 25%. For lower levels of non-response, the median

of 3-nearest neighbors is the best. For very low levels of non-response, the best three

methods described above are interchangeable.

6.4 Weighted closeness scores

6.4.1 ANCOVA for weighted closeness scores

The second panel of Table 2 contains the ANCOVA results for the mean values of

the corresponding correlation coefficients for weighted closeness scores (mCorrC).

The proposed model explains 87% of variances of mCorrC . The highest effect is

the macro-structure of the network (η2 = 0.07629), replacing the number of non-

respondents as the most important effect. The amount of non-response comes second

(η2 = 0.05231). The third effect is the interaction of macro-structure and weighted

reciprocity (η2 = 0.02023). The treatment of non-response comes next (η2 = 0.01942).

The fifth effect is the interaction of treatment and macro-structure (η2 = 0.01801).

For both weighted betweenness and weighted closeness, the macro-structure of the

network appears in three of the top five effects.

6.4.2 Stability of weighted closeness scores across three macro-structures

The upper panel in Figure 8 presents the results for the mean values of the

correlation coefficients between weighted closeness scores (mCorrC) across the whole

non-response range for the cohesive subgroups model. The median of the 3-nearest

neighbors based on incoming ties and both reconstruction procedures is practically

interchangeable. They are more than acceptable treatments for retrieving weighted

closeness scores across the entire range of non-response range with values of mCorrC

above 0.82. Imputations of the total mean and the imputations of mean values of

incoming ties perform well for 32% and 24% of non-respondents, respectively.

Imputations of the modal values of incoming ties are slightly better than null tie

imputations, but both are acceptable only for 3% of non-respondents.

The middle panel of Figure 8 presents the trajectories of mCorrC values for

core-periphery models. The differentiation among treatments is clearer than in the

CS case. Again, the median of the 3-nearest neighbors based on incoming ties is the

best treatment: mCorrOut is above 0.94 for the whole range of non-respondents.
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Fig. 8. Results of the simulation study for the weighted closeness scores for three models.

Both reconstruction procedures perform similarly but perform less well. Even so,

the mCorrC values are above 0.85 even for 53% of introduced non-respondents.

The fourth best treatment is imputations of mean values of incoming ties, which is
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acceptable for 45% of non-respondents or less. Values of mCorrC for imputations

of modal values of incoming ties are on average systematically lower (by 0.02) than

imputations of mean values of incoming ties. Imputations of the total mean have

mCorrC values above 0.7 for 29% of non-respondents, while null tie imputations are

unacceptable for 4% of non-respondents or more with mCorrC values decreasing

severely. It has no value for retrieving weighted closeness.

The results for stability of weighted centrality in hierarchical models are presented

in the bottom panel in Figure 8. The conclusion is stark: there is no recovery from

non-response for this type of model when weighted closeness is calculated. There

is no point in assessing the relative merits of the seven treatments for they are

all worthless in this context. The essential issue is that non-response in sparse

hierarchies, most likely, creates disconnected networks.

As emphasized in Section 4.4 on the definition of weighted closeness centrality,

the deficiency of the algorithm appears in the case of disconnected networks where

the closeness scores are computed only for the largest component, while scores for

disconnected vertices are set to zero. This is especially problematic in hierarchical

models where it is likely that even one non-respondent, regarding the treatment

used, will divide the network into two components.

6.5 Weighted eigenvector centrality scores

6.5.1 ANCOVA for weighted eigenvector centrality scores

Table 3 presents the results of ANCOVA for the mean values of the valued

eigenvector centrality scores as described in Section 4.5. The model accounts for

65% of the variance of mCorrE. The highest effect is the number of non-respondents

in a network (η2 = 0.04996). The second largest effect is the interaction of treatment

and number of non-respondents (η2 = 0.00758). The treatment alone is the third

largest effect (partial η2 = 0.00380), while its interaction with macro-structure is

fourth (partial η2 = 0.00332).

For all of the five ANCOVA models, the number of clusters is not among the

most important effects. This may be of some consolation. However, the results all

indicate the importance of the macro-structure of the network, regardless of the

number of positions. It follows that in discussing the effects of non-response as a

form of missing data, it is not enough to think in terms of “the network” without

qualification. Its macro-structure is important, a topic meriting further attention.

6.5.2 Stability of eigenvector centrality scores across three macro-structures

The upper panel in Figure 9 presents the trajectories for the mean values of the

eigenvector centrality scores (mCorrE) across the whole non-response range for the

cohesive subgroups structure. Values of mCorrE are close to one (they are equal

to 0.97 for 53% of non-respondents) for the whole range of non-respondents when

treated by median of 3-nearest neighbors based on incoming ties treatment. Both

reconstruction procedures are practically interchangeable across the whole range of

non-respondents and perform well. The values of mCorrE are equal to 0.86 even

for 53% of non-respondents and are therefore well above the threshold 0.7. Two

treatments which perform the worst are imputations of modal values of incoming
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Table 3. Results of ANCOVA for the weighted eigenvector centrality scores.

Effect Df1 F Partial η2 η2

nA 1 414357.9 0.05142 0.04996

T * nA 6 10478.1 0.00816 0.00758

T 6 5257.0 0.00411 0.00380

S * T 12 2297.6 0.00359 0.00332

S * T * nA 12 2031.9 0.00318 0.00294

S 2 7315.4 0.00191 0.00176

S * recW * nA 2 5669.0 0.00148 0.00137

S * T * recW * nA 12 650.4 0.00102 0.00094

S * nA 2 3386.9 0.00089 0.00082

recW * nA 1 6661.4 0.00087 0.00080

T * recW * nA 6 991.4 0.00078 0.00072

S * nClu * T * nA 24 205.6 0.00065 0.00059

S * T * recW 12 396.7 0.00062 0.00057

S * nClu * T * recW * nA 24 151.4 0.00048 0.00044

S * recW 2 1792.2 0.00047 0.00043

nClu * T * nA 12 205.6 0.00032 0.00030

nClu 2 1136.9 0.00030 0.00027

S * nClu * nA 4 543.6 0.00028 0.00026

S * nClu * T 24 78.8 0.00025 0.00023

S * nClu * recW * nA 4 439.9 0.00023 0.00021

nClu * T 12 145.4 0.00023 0.00021

nClu * T * recW * nA 12 123.8 0.00019 0.00018

S * nClu * T * recW 24 53.3 0.00017 0.00015

T * recW 6 178.5 0.00014 0.00013

nClu * recW * nA 2 530.9 0.00014 0.00013

nClu * T * recW 12 76.1 0.00012 0.00011

nClu * nA 2 302.0 0.00008 0.00007

S * nClu 4 128.5 0.00007 0.00006

recW 1 444.4 0.00006 0.00005

S * nClu * recW 4 64.1 0.00003 0.00003

nClu * recW 2 33.9 0.00001 0.00001

Residuals degrees of freedom: Df2 = 7643748

R2 = 0.650

nA, number of non-respondents

recW, weighted reciprocity

T, treatment

nClu, number of clusters in network

S, structure of a network (CS, CP, H)

ties and null tie imputations where the values of mCorrE declining in most severe

way and are below 0.7 for 32% of more.

For core periphery structures (middle panel Figure 9), the best treatment is medi-

ans of the 3-nearest neighbors of incoming ties. Five trajectories of mCorrE for both

reconstruction procedures, imputations of modal values of incoming ties, imputations

of mean values of incoming ties, and imputations of the total mean are interchange-

able for 8% non-respondents or less. For higher numbers of non-respondents, both

reconstruction procedures remain acceptable over the whole range of simulated
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Fig. 9. Results of the simulation study for the weighted eigenvector centrality for three

models.

non-respondents (up to 53% of non-respondents). Treatment that fails to reproduce

eigenvector centrality scores is the null tie imputations. Its trajectories decline the

fastest and the mCorrE values are below 0.7 for 10% of non-respondents or more.
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The lower panel in Figure 9 presents the trajectories for eigenvector centrality

scores in hierarchical structures. The best treatment for recovering eigenvector

centrality scores is the medians of the 3-nearest neighbors of incoming ties, which

is acceptable for the whole range of simulated non respondents. The second best

treatment is imputation using mean values of incoming ties, since the mCorrE

values are above 0.7 for up to 48% of non-respondents. Neither reconstruction

procedure nor its combination with imputation of modal values for ties between

non-respondents can be recommended for hierarchical models. Both reconstruction

treatments are the worst. Their mCorrE values are above 0.7 only for 4% or less.

7 Summary and recommendations

Given the diversity and complexity of these results, Table 4 provides a simplified

summary of the above results with a classification of the suitability of non-response

treatments across three macro-structural types for each of the presented weighted

centrality measures. The best treatment(s) for centrality measures is (are) determined

by the mean values of the correlation coefficients. In this table, the best treatments

are denoted by a plus (+); the worst treatments are denoted by a minus (−); and

moderate treatments are denoted by a circle (◦). Also, an asterisk (∗) denotes the

best overall treatment for each macro-structure for each measure. Note that for

hierarchical structures with both weighted betweenness and closeness measures, the

“best” treatment is unacceptable.

Based on this study, the results presented in Section 6.3.2 and summarized in

Table 4, the following recommendations are offered:

• Always report the percentage or number of non-respondents and actor

response rate together with the size of the network.

• Never discard the responses of respondents to non-respondents.

• Never replace missing ties with zeroes because there exist far better treatments.

• In terms of the overall performance of the seven treatment methods, regardless

of the starting (whole) macro-structure, the number of clusters9 and the level

of reciprocity, by far, the best treatment method is imputation by using the

k-nearest neighbors based on incoming ties10 for all of the centrality measures

under investigation here.

• We recommend strongly using the k-nearest neighbors based on incoming ties

be a standard for treatment of non-response.

• Weighted indegree scores are far more stable than weighted outdegree scores

in the presence of non-response.

• The macro-structure of the network matters and has to be considered before

computing measures of prominence.

9 It may be argued that the range from 3 to 5 clusters, as used in simulation study, was too tight to
make useful predictions, but our results suggest the number of clusters may not be that important.
First, the number of clusters was used only in simulations on valued networks and has limited impact
on calculation of centrality measures (except in case of closeness centrality in disconnected networks).
Second, the treatments used do not take into account clusters separately, but the whole network data.
Third, according to ANCOVAs, the impact of number of clusters together with interaction on some
other factor appears first in one third of all effects, and main effect of clusters is in most cases the
least important among all main effects.

10 Only the 3-nearest neighbors was used, and the performance was excellent or even superb. While more
nearest neighbors could be included, using three seems sufficient.

https://www.cambridge.org/core/terms. https://doi.org/10.1017/nws.2017.29
Downloaded from https://www.cambridge.org/core. Univ of Pittsburgh, on 12 Dec 2017 at 15:10:15, subject to the Cambridge Core terms of use, available at

https://www.cambridge.org/core/terms
https://doi.org/10.1017/nws.2017.29
https://www.cambridge.org/core


A
cto

r
n
o
n
-resp

o
n
se

in
va

lu
ed

n
etw

o
rk

s
2
9

Table 4. Summary of impact of actor non-response on centrality measures in valued networks.

Weighted Weighted Weighted Weighted Weighted
Model Treatment outdegree indegree betweenness closeness eigenvector

CS RE + + − + +
MO − + − − −
REMO + + − + +
NTI − + − − −
TM ◦ + − ◦ ◦
MEAN ◦ + − − ◦
MEDIAN 3-NN +∗ +∗ ◦∗ +∗ +∗

CP RE + + ◦ + +
MO ◦ + − ◦ ◦
REMO + + ◦ + +
NTI − +∗ ◦ − −
TM ◦ +∗ + ◦ ◦
MEAN ◦ + ◦ ◦ ◦
MEDIAN 3-NN +∗ +∗ +∗ +∗ +∗

H RE − ◦ − − −
MO − + − − ◦
REMO − ◦ − − −
NTI − +∗ − − ◦
TM ◦ +∗ − −∗ ◦
MEAN ◦ + − − +
MEDIAN 3-NN +∗ + −∗ − +∗

RE, Reconstruction MO, Imputations of modal values of incoming ties
REMO, Reconstruction and modal values NTI, Null tie imputations
TM, Imputations of total mean MEAN, Imputations of mean values of incoming ties
MEDIAN 3-NN, Median of 3-nearest neighbors based on incoming ties
Performance of treatments: + best; − worst; ◦ OK; ∗ best overall
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• For weighted betweenness and weighted closeness scores treatments for non-

response are possible for both the cohesive subgroups and core-periphery

models.

• For weighted betweenness and weighted closeness scores, there is no recovery

for non-response errors with hierarchical structures.

• For weighted eigenvector centrality, several treatments for non-response are

possible for all three underlying blockmodel structures. However, for each one,

the treatment using k -nearest neighbors is the best.

Although this study was quite extensive, its main limitation lies in the limited

selection of starting networks according to both their size and blockmodel structures.

Valued networks are complex due to both the patterns of ties and the values of

those ties. Clearly, further simulation studies are necessary to deal with these issues

including a broader range of tie magnitudes. While we considered the number of

clusters often associated with blockmodeling, this was a rather narrow range for

the number of clusters. Expanding this range is important, especially in conjunction

with a consideration of the overall structure of the data which can vary greatly. The

design of simulations was limited due to computational constraints since more than

seven and half millions of treated networks were generated. The simulations were

run using R in combination with blockmodeling package (Žiberna, 2010) and the

tnet package (Opsahl, 2012).

According to the definitions of weighted centrality measures (Opsahl et al., 2010)

where the tuning parameter α is used, the simulations could be extended in a way

that different values of α are taken into account. Equally important is a similar

examination of other centrality and related measures. This is part of an ongoing

research project. Another idea for further research is to extend the set of networks

to the signed ones, where typically the tie values indicate two opposite poles,

e.g., negative or positive attitude, trust or distrust, friendship or hostile relationship.

Simulations could be performed also on sets of specific empirical, well documented

and analyzed, real-world networks.

Regarding the differential performance of the non-response treatments we con-

sider, there remains an open problem. It is simple to state. Given both the substantive

concerns of an analyst and the nature of the data, what is the relation between the

effectiveness of the treatment regimens and the nature of the data? The results

reported herein were based on the presumption that the missing data need to be

imputed first before attempting any data analyses. While we think this is appropriate,

the open problem merits further attention. It may well be the case that knowledge

of the overall data structure can help select, or be used to design, a non-response

treatment. Understanding this relationship, most likely, is a non-trivial statistical

issue. It may also involve subtle mathematical issues regarding the link between

network data structures and the methods used to treat data.
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Markantonatou, V., Noguera-Méndez, P., Semitiel-Garcı́a, M., Hogg, K., & Sano, M. (2016).

Social networks and information flow: Building the ground for collaborative marine

conservation planning in Portofino Marine Protected Area (MPA). Ocean and Coastal

Management, 120, 29–38.

Marsden, P. V. (2005). Recent developments in network measurement. In P. J. Carrington,

J. Scott, & S. Wasserman (Eds.), Models and methods in social network analysis (pp. 8–30).

New York, NY: Cambridge University Press.

Memon, N., Larsen, H. L., Hicks, D. L., & Harkiolakis, N. (2008). Detecting hidden hierarchy

in terrorist networks: Some case studies. In C. C. Yang, H. Chen, M. Chau, K. Chang,

S. Lang, P. S. Chen, R. Hsieh, D. Zeng, F.-Y. Wang, K. Carley, W. Mao, & J. Zhan,

(Eds.), Intelligence and security informatics. Lecture notes in computer science, vol. 5075

(pp. 477–489). Berlin, Heidelberg: Springer.

Newman, M. E. J. (2001). Scientific collaboration networks. II. Shortest paths, weighted

networks, and centrality. Physical Review E, 64, 016132.

Niu, Q., Zeng, A., Fan, Y., & Di, Z. (2015). Robustness of centrality measures against network

manipulation. Physica A: Statistical Mechanics and its Applications, 438, 124–131.

Opsahl, T. (2012). tnet 3.0.11: Software for analysis of weighted, two-mode, and longitudinal

networks. Retrieved from https://CRAN.R-project.org/package=tnet

Opsahl, T., Agneessens, F., & Skvoretz, J. (2010). Node centrality in weighted networks:

Generalizing degree and shortest paths. Social Networks, 32, 245–251.
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Žnidaršič, A., Ferligoj, A., & Doreian, P. (2017). Actor non-response in valued social networks:

The impact of different non-response treatments on the stability of blockmodels. Social

Networks, 48, 46–56.

https://www.cambridge.org/core/terms. https://doi.org/10.1017/nws.2017.29
Downloaded from https://www.cambridge.org/core. Univ of Pittsburgh, on 12 Dec 2017 at 15:10:15, subject to the Cambridge Core terms of use, available at

https://www.cambridge.org/core/terms
https://doi.org/10.1017/nws.2017.29
https://www.cambridge.org/core

